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Phylogeny and GLS

Comparative studies
A comparative study is when you look at dataA comparative study is when you look at data 
across many species
A subclass of observational (not 
experimental)
Useful for many evolutionary and ecological 
questions
Harvey & Pagel

“The comparative method in evolutionary biology” 
1991 Oxford University Press

Are these points independent?
BMR 400 283 912 445 327
Mass 10 15 18 27 13

Non-independent – how many 
points do I really have?

BMR

Carnivores

Lagomorphs

Mass

Rodents
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Independent – how many 
points do I really have?

BMR

Carnivores

Lagomorphs

Rodents

Mass

Enormous controversy
Was a period you couldn’t publish comparative 

l ith t ti f h lanalyses without correcting for phylogeny
Very heated debate in pages of Ecology, elsewhere

Some said this was wrong
Ecology trumps evolution

In some cases PIC is just a fancy way to lose power, 
but other times it is important

Importance of phylogeny
Multiple reasons for non independenceMultiple reasons for non independence

Varying degrees of time of evolution apart
Genetic/phenotypic constraints
Ecological syndromes (once a grassland species, 
always a grassland species)

Depends on:
How rapidly traits evolve relative to taxonomic 
levels studied
Only one trait is phylogenetically derived (e.g. 
other is environmental)
Emphasis on ecological or evolutionary questions

Methods of correcting
Use taxonomy in nested analysis:Use taxonomy in nested analysis:

Family/genus/species

Phylogenetically independent contrasts (PIC)
Felsenstein 1985 AmNat

GLS
G li ti f GLM t ll tGeneralization of GLM to allow εi to covary

Garland and Ives show two methods identical
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Assume independence 
=polytomy?

BMR 400 283 912 445 327
Mass 10 15 18 27 13

PIC on continuous
BMR 400 283 912 445 327
Mass 10 15 18 27 13

-629=283-912
-3=15-18

-117=400-(-629)=1029
118=445-327
14=27-13117=400 ( 629)=1029

-5=10-(-3)=13
14 27 13

-235=-1029-118=911
-19=-13-14=-1

PIC continued
N tips produces n 1 pointsN tips produces n-1 points
These points can be plugged into a 
regression (with no intercept – zero 
forced)
Can’t use to predict (no intercept), butCan t use to predict (no intercept), but 
get correlation, slopes (same as w/o 
PIC) & significance

PIC and discrete data

NoLek Lek
NoDi 5 0
Dimor 4 8

NoLek Lek
NoDi 3 0
Dimor 2 3
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Discrete continued
Called Ridley’s methodCalled Ridley s method
Maddison’s method allows imputation of 
directionality (a causes b)
Pagel & Harvey have a more general 
method that also includes branchmethod that also includes branch 
lengths

Road map
Path
A l i

OLS GLM

1 Linear

Coding/
Discrete GLIM

1: Linear->Link
3: Normal->Exp Family

3: exp
φ exp

4, 5: σ2I Σ
3: exp fam

0+exp fam

Analysis
Multiple y 
(simultaneous)

14

1. Linear
2. Error in Y only
3. Errors normal
4. Errors independent
5. Errors homoscedastic

GLS Quasi
likelihood

GEE

Zero
Inflation

Survivorship
Analysis

Covariance matrices
Recall σ =cov(x y)=Σ(x -x )(y -y )Recall σxy=cov(x,y)=Σ(xi xmean)(yi ymean)

cov(x,y)=var(x)=σx
2

cor(x,y)=σxy/σxσy

In matrices ρ=(V1/2)-1S(V1/2)-1

What if x1,x2,x3,x4,…?
Covariance matrix Correlation matrix

σ11=σ1
2 σ12 σ13 σ14 σ15

σ21 σ22=σ2
2 σ23 σ24 σ25

σ31 σ32 σ33=σ3
2 σ34 σ35

σ41 σ42 σ43 σ44=σ4
2 σ45

σ51 σ52 σ53 σ54 σ55=σ5
2

1 ρ12 ρ13 ρ14 ρ15

ρ21 1 ρ23 ρ24 ρ25

ρ31 ρ32 1 ρ34 ρ35

ρ41 ρ42 ρ43 1 ρ45

ρ51 ρ52 ρ53 ρ54 1

The GLM/GLIM assumption
1. Linear
2. Error in Y only

#4 - cov(εi,εj)=0 if ij
#5 - cov(εi,εi)=σ2 independent of i
or covariance matrix of errors= σ2I
i.e. #3-#5 boils down to εi~N(0, σ2I)

3. Errors normal
4. Errors independent
5. Errors homoscedastic

i
σ2 0 0 0 0

0 σ2 0 0 0

0 0 σ2 0 0

0 0 0 σ2 0

0 0 0 0 σ2
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Heteroscedastic
Constant CV big measurements have more variance (e.g. what is variance of mass for 
1kg organism vs. 100 kg organism)
Variances depend on the x-value (i.e. independent variable)

var(y)=σ2f(x)
f(x)=exp(δx)  #exponential
f(x)=|x|δ #power
F(x)=δi #by discrete variable

More generally WLS (weighted least squares)
Weight each point by 1/σi

2

compare with scaled regression
EG some points have more confidence in

Covariance:Covariance:
ε1 ε2 ε3 ε4 ε5

ε1 σ1
2=σ2f(x1) 0 0 0 0

ε2 0 σ2
2=σ2f(x2) 0 0 0

ε3 0 0 σ3
2=σ2f(x3) 0 0

ε4 0 0 0 σ4
2=σ2f(x4) 0

ε5 0 0 0 0 σ5
2=σ2f(x5)

Timeseries/repeated measures
Observe one variable over time (sayObserve one variable over time (say 
population size): y1,y2,y3,…yt

Want y~tempt+precipt but ε autocorrelated
Assume cov(εt, εs)=ρ|t-s|

AR1
Use correlation

ε1 ε2 ε3 ε4 ε5

ε1 1 ρ ρ2 ρ3 ρ4Use correlation
2 parameters: σ, ρ

1 ρ ρ ρ ρ

ε2 ρ 1 ρ ρ2 ρ3

ε3 ρ2 ρ 1 ρ ρ2

ε4 ρ3 ρ2 ρ 1 ρ

ε5 ρ4 ρ3 ρ2 ρ 1

Blocking – discrete spatial
Can treat as a factor
But can also treat as a source of correlation in errors
Let τ be within block correlation, σ be measurement 
standard deviation

ρ=τ2/(τ2+σ2)

EG – 2 sites, 2 measurements in 1st, 3 in 2nd

ε1,1 ε1,2 ε2,1 ε2,2 ε2,3

ε1,1 τ2+σ2 τ2 0 0 0

ε1,2 τ2 τ2+σ2 0 0 0

ε2,1 0 0 τ2+σ2 τ2 τ2

ε2,2 0 0 τ2 τ2+σ2 τ2

ε2,3 0 0 τ2 τ2 τ2+σ2

ε1,1 ε1,2 ε2,1 ε2,2 ε2,3

ε1,1 1 ρ 0 0 0

ε1,2 ρ 1 0 0 0

ε2,1 0 0 1 ρ ρ

ε2,2 0 0 ρ 1 ρ

ε2,3 0 0 ρ ρ 1

Continuous Spatial
Assume cov(ε ε )=d – only a function ofAssume cov(εi,εj)=dij – only a function of 
distance
Typically ρij=exp(-kdij)
So estimate σ, k

1 exp(-kd12) exp(-kd13) exp(-kd14) exp(-kd15)

exp(-kd21) 1 exp(-kd23) exp(-kd24) exp(-kd25)

exp(-kd31) exp(-kd32) 1 exp(-kd34) exp(-kd35)

exp(-kd41) exp(-kd42) exp(-kd43) 1 exp(-kd45)

exp(-kd51) exp(-kd52) exp(-kd53) exp(-kd54) 1



10/21/2009

6

Phylogenetic
Brownian motion (Felsenstein)Brownian motion (Felsenstein)

cov(x,y)=γta
ta is shared time (sum of branch lengths from root to most recent common 
ancestor)

Stabilizing selection (Martin)
cov(x,y)=γexp(−αta)
ta is shared time (sum of branch lengths from root to most recent common 
ancestor)

Two parameters: σ  γTwo parameters: σ, γ
Correlation matrix γt11 γt12 γt13 γt14 γt15

γt21 γt22 γt23 γt24 γt25

γt31 γt32 γt33 γt34 γt35

γt41 γt42 γt43 γt44 γt45

γt51 γt52 γt53 γt54 γt55

Mixed – e.g. Blocking +AR1
Gives block diagonal or toeplitz formg p

ε1,1 ε1,2 ε1,3 ε2,1 ε2,2 ε2,3 ε2,4

ε1,1 1 ρ ρ2 0 0 0 0

ε1,2 ρ 1 ρ 0 0 0 0
2ε1,3 ρ2 ρ 1 0 0 0 0

ε2,1 0 0 0 1 ρ ρ2 ρ3

ε2,2 0 0 0 ρ 1 ρ ρ2

ε2,3 0 0 0 ρ2 ρ 1 ρ

ε2,4 0 0 0 ρ3 ρ2 ρ 1

Fortin et al

))Ce(1Ay )D(tB iiji ε++

Where i=plot, j=time period/measurement
Correct covariance for

Repeated measures var(εij)var(εij’)ρ|t-t’|

Nearby times correlated errors

))Ce-(1A y iji
)(

iij
iiji ε+=

Where  var(εij)= σ2|f(xij,β)|θ 

Variance goes up monotonically with predicted y=f(x)

cov(εij, εij’)=σ2        |f(xij,β)|θ |f(xij’,β)|θρ|t-t’|

var heterosced repeated meas?

Fortin et al

Covariance matrix - Block diagonal
3 time periods/repeated measures/plot
2 plots

ε1 1 ε1 2 ε1 3 ε2 1 ε2 2 ε2 3ε1,1 ε1,2 ε1,3 ε2,1 ε2,2 ε2,3

ε1,1 σ2|f(x1,1)
f(x1,1)|θ

σ2ρ|f(x1,1)
f(x1,2)|θ

σ2ρ2|f(x1,1)
f(x1,3)|θ

0 0 0

ε1,2 σ2ρ|f(x1,2)
f(x1,1)|θ

σ2|f(x1,2)
f(x1,2)|θ

σ2ρ|f(x1,2)
f(x1,3)|θ

0 0 0

ε1,3 σ2ρ2|f(x1,3)
f(x1,1)|θ

σ2ρ|f(x1,2)
f(x1,3)|θ

σ2|f(x1,3)
f(x1,3)|θ

0 0 0

ε2,1 0 0 0 σ2|f(x2,1)
f(x2,1)|θ

σ2ρ|f(x2,1)
f(x2,2)|θ

σ2ρ2|f(x2,1)
f(x2,3)|θ

ε2,2 0 0 0 σ2ρ|f(x2,2)
f(x2,1)|θ

σ2|f(x2,2)
f(x2,2)|θ

σ2ρ|f(x2,2)
f(x2,3)|θ

ε2,3 0 0 0 σ2ρ2|f(x2,3)
f(x2,1)|θ

σ2ρ|f(x2,2)
f(x2,3)|θ

σ2|f(x2,3)
f(x2,3)|θ



10/21/2009

7

The solution: GLS

GLS OLS/GLM ith ifi ti f i t i ΣGLS=OLS/GLM with a specification of covariance matrix Σ
In practice, for n data points, Σ has nxn parameters.

Must specify a structure of Σ that has only a few parameters

Two main versions of GLS
σ2Σ where Σ must be constant (only estimate σ2)

Directly solvable

σ2Σ(θ) where Σ is a function of parameters (estimate σ2 and θ)
Requires an iterative solution
Estimate β with independence
Estimate Σ|β
Estimate β|Σ
Estimate Σ|β
….

GEE
GLS is great but don’t throw away theGLS is great but don t throw away the 
power of GLIM (link functions, 
nonnormal errors)
Generalized estimating equations

Combines GLS idea on errors + GLIM
Cannot be fit through MLE
Uses quasi-likelihood
To compare models use Wald test (not LR, 
F or χ2)

Variance components analysis
How much variance at each levelHow much variance at each level
E.g. within between genera
Treat genus like a blocking factor with 1 
measurement per species within
Variance at species=σ2 σ2/(σ2+τ2) as %
Variance at genus=τ2 τ2/(σ2+τ2) as %

ε1,1 ε1,2 ε2,1 ε2,2 ε2,3

ε1,1 τ2+σ2 τ2 0 0 0

ε1,2 τ2 τ2+σ2 0 0 0

ε2,1 0 0 τ2+σ2 τ2 τ2

ε2,2 0 0 τ2 τ2+σ2 τ2

ε2,3 0 0 τ2 τ2 τ2+σ2

Variance partitioning

McGill 2008, Gaston 1998
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Road map
Path
A l i

OLS GLM

1 Linear

Coding/
Discrete GLIM

1: Linear->Link
3: Normal->Exp Family

3: exp
φ exp

4, 5: σ2I Σ
3: exp fam

0+exp fam

Analysis
Multiple y 
(simultaneous)

29

1. Linear
2. Error in Y only
3. Errors normal
4. Errors independent
5. Errors homoscedastic

GLS Quasi
likelihood

GEE

Zero
Inflation

Survivorship
Analysis

In R
library(AED)library(AED)
data(Squid)
names(Squid)
Squid$MONTH<-factor(Squid$MONTH)
plot(Testisweight~DML,data=Squid)
plot(Testisweight~MONTH,data=Squid)
#heteroscedastic against DML & Month
library(nlme) #contains gls command
m_nc<-gls(Testisweight~DML*MONTH,data=Squid)
plot(m_nc) #still heteroscedastic
m_lm<-lm(Testisweight~DML*MONTH,data=Squid)
m_lm
m_nc #same as GLS with no variance/correlatin

In R II
vfix<-varFixed(~DML) #variance object prop to DML( ) j p p
vfix<-Initialize(vfix,Squid) #initialize with specific 

data
varWeights(vfix)
#varying s go in via weights option
m_fix<-

gls(Testisweight~DML*MONTH,data=Squid,weights=vfix)
m_fix #big improvement in likelihood!
#what about MONTH
vmo<-varIdent(form=~1|MONTH)
vmo<-Initialize(vmo,Squid)
varWeights(vmo)
m_mo<-

gls(Testisweight~DML*MONTH,data=Squid,weights=vmo)
anova(m_nc,m_fix,m_mo)

In R III
#var input directly# a put d ect y
m_exp<-

gls(Testisweight~DML*MONTH,data=Squid,weights=v
arExp(form=~DML))

#combine
m_com<-

gls(Testisweight~DML*MONTH,data=Squid,weights=v
arExp(form=~DML|MONTH))arExp(form DML|MONTH))

m_nc #estimates are different

anova(m_nc,m_fix,m_mo,m_exp,m_com) #which model
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In R IV - Block
library(AED)library(AED)
data(RiceFieldBirds)
d<-RiceFieldBirds
d$Rich=rowSums(d[,8:56]>0)
d$Field=factor(d$FIELD)
library(lattice)y
xyplot(Rich~Time|Field,data=d,type=c("p",
"smooth","grid"))

summary(m_ub<-lm(Rich~Time,data=d))
summary(m_bl<-lm(Rich~Time+Field,data=d))

In R V - GEE
library(AED)y( )
data(RiceFieldBirds)
d<-RiceFieldBirds
d$Rich=rowSums(d[,8:56]>0)
d$Field=factor(d$FIELD)
library(lattice)
xyplot(Rich~Time|Field,data=d,type=c("p","smooth","grid

"))
summary(m_ub<-lm(Rich~Time,data=d))
summary(m_bl<-lm(Rich~Time+Field,data=d))
library(geepack)
m_gee<-

geeglm(Rich~Time,data=d,family=poisson,id=Field,corst
r="ar1")

summary(m_gee)

In R – phylogenies (from Gene 
Hunt – see web link)
library(ape)
tree <- rtree(5)
tree$edge
tree$edge.length
tree$tip.label
plot(tree)
nodelabels(-1:-4) #internal nodes
size<-c(1,1,2,3,5) #continuous trait
larv<-c(0,0,1,1,1) #discrete traitlarv< c(0,0,1,1,1) #discrete trait
plot(tree,show.tip.label=F)
tiplabels(text=size) #put trait on tips
plot(tree, show.tip.label=F) #fancier
tiplabels(pch=19, cex=size)
plot(tree, show.tip.label=F)# two traits
tiplabels(pch=larv+21, bg=larv+1)

Phylogeny in R II
aa <- ace(size, tree) #calculateaa < ace(size, tree) #calculate 
ancestral values using MLE

aa
plot(tree, show.tip.label=F)
tiplabels(pch=21, cex=size)
nodelabels(pch=21, cex=aa$ace)
lm(size~larv)
m=gls(size~larv,cor=corBrownian(1,tree))


