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Phylogenetic Comparative Methods

Callithrix jacchus
Callithrix penicillata
Callithrix kuhlii
Callithrix aurita
Mico humeralifer
Mico chrysoleucus
Mico argentatus
Cebuella pygmaea
Callimico goeldii
Leontopithecus chrysomelas
Leontopithecus rosalia
Saguinus bicolor
Saguinus midas
Saguinus mystax
Saguinus fuscicollis
Aotus azarae
Aotus nigriceps
Cebus apella
Cebus robustus
Cebus albifrons
Cebus capucinus
Saimiri sciureus
Saimiri boliviensis
Ateles geoffroyi
Ateles marginatus
Ateles paniscus
Ateles chamek
Brachyteles hypoxanthus
Brachyteles arachnoides
Lagothrix lagotricha
Alouatta macconnelli
Alouatta seniculus
Alouatta caraya
Alouatta belzebul
Alouatta guariba
Alouatta palliata
Alouatta pigra
Cacajao calvus
Cacajao melanocephalus
Chiropotes satanas
Chiropotes chiropotes
Pithecia monachus
Pithecia irrorata
Pithecia pithecia
Callicebus moloch
Callicebus brunneus
Callicebus donacophilus
Callicebus personatus

Cranial size (log CS)

t1/2 = 19.9% t1/2 = 19.9% t1/2 = 131.6% t1/2 = 28.6%

Aristide et al. (2018)

Dellicour et al. (2017)

Vrancken et al. (2015)

• Various time scales: Myr – decade.

• Various traits: morpho, geo, viral.

Question: Trait dynamics for an evolving organism ?
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

BM on a Tree
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SDE: dXt = ‡ dBt

Variance: Cov [Y4;Y5] = ‡2 ◊ V45 shared evolution time

Expectation: E [Yi ] = µ ancestral root value
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Distribution: Normal

Y ≥ N (µ1n, ‡2V)
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate BM

2000 2002 2004 2006
0.5 0.5

Data: Vectors of p traits

YT
i = (Yi1, . . . ,Yip)

Tree: Influenza H3N2 (Lemey et al., 2014)
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate BM

2000 2002 2004 2006
0.5 0.5

Data: Vectors of p traits

YT
i = (Yi1, . . . ,Yip)

SDE: dXt = ⌃ dBt R = ⌃T⌃

Variance: Cov [Yik ;Yjl ] = Rkl ◊ Vij shared evolution time

Expectation: E [Y·k ] = µk ancestral root value

Tree: Influenza H3N2 (Lemey et al., 2014)
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate BM

2000 2002 2004 2006
0.5 0.5

Data: Vectors of p traits

YT
i = (Yi1, . . . ,Yip)

Distribution: Matrix Normal

Y ≥ MN (1nµT ,V,R) Var [vec(Y)] = R ¢ V

Tree: Influenza H3N2 (Lemey et al., 2014)
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Ornstein-Uhlenbeck Modeling (Hansen, 1997)
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(1 − e−αt)βt1 2 = ln(2) α dXt = –[— ≠ Xt ] d t + ‡ dBt

Deterministic part:

• —: primary optimum (mechanistically defined).

• ln(2)/–: phylogenetic half live.

Stochastic part:

• Xt : trait value (actual optimum).

• ‡dB(t): Brownian fluctuations.

Paul Bastide Viral Trait Evolution 6/23



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

OU on a Tree

2004 2005 2006 2007 2008

Y5

Y4

Y3

Y2

Y1

−1
.5

−0
.5

0.
5

1.
5

time

ph
en
ot
yp
e

−200 −150 −100 −50 0

Y5 Y4

Y3

Y2

Y1

Paul Bastide Viral Trait Evolution 7/23



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

Multivariate Brownian Motion
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SDE: dXt = –[— ≠ Xt ] d t + ‡ dBt

Variance: Cov [Y4;Y5] =
‡2

2–e
≠–(V4+V5)(e2–V45 ≠ 1)

Expectation: E [Yi ] = µe≠–Vi + —(1 ≠ e≠–Vi )
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate OU Modeling

dXt = A[— ≠ Xt ] d t +⌃ dBt
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dXt = A[— ≠ Xt ] d t +⌃ dBt
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate OU Modeling

dXt = A[— ≠ Xt ] d t +⌃ dBt
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate OU Modeling
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate OU Modeling

dXt = A[— ≠ Xt ] d t +⌃ dBt

Diagonalizable in R: A =
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Multivariate Brownian Motion
Multivariate Ornstein-Uhlenbeck

Multivariate OU

dXt = A[— ≠ Xt ] d t +⌃ dBt

Diagonalizable: A = P⇤P≠1 ⁄k > 0

Expectation: E [Yi ] = µe≠AVi + —(1 ≠ e≠AVi )

Variance: Cov [Yi ;Yj ] = P
#
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$
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Distribution: Still Gaussian.

No nice Kronecker product.
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MCMC Sampling
Using the Tree

Bayesian Phylogenetics

Goal:

p (◊, T , Â | Y,S)

Ã p (Y,S | ◊, T , Â ) p (◊, T , Â)

Ã p (Y | ◊, T ) p (S | T , Â ) p (◊, T , Â)

Ã p (Y | ◊, T ) p (◊) p (S | T , Â ) p (T , Â)

Assumption: Y and S independent conditionally on T .

This talk: T fixed.
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Likelihood:
Y|R, µ ≥ MN (1nµT ,V,R)

Conjugate Priors:
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µ|R ≥ N (µ0, Ÿ≠1
0 R)

Gibbs: +

R|Y, µ ≥ IW(Rn, ‹n) with Rn = f (Y, µ,V)

Òæ Automatic sampling in the space of variance matrices.
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BM: Gibbs with Conjugate Priors

Goal: sample from the posterior p(R, µ|Y)

Likelihood:
Y|R, µ ≥ MN (1nµT ,V,R)

Conjugate Priors:

R ≥ IW(R0, ‹)

µ|R ≥ N (µ0, Ÿ≠1
0 R)
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Òæ Automatic sampling in the space of variance matrices. :-)

Paul Bastide Viral Trait Evolution 11/23



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

MCMC Sampling
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OU: No Gibbs

Likelihood:
Y|A,R, µ ”≥ MN
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MCMC Sampling
Using the Tree

OU: No Gibbs

Likelihood:
Y|A,R, µ ”≥ MN

Conjugate Priors: ???

Gibbs: Not possible.

Metropolis - Hasting: +

Need to sample in constrained spaces (A, R).

Òæ Find a transformation f : Cq æ Rq
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MCMC Sampling
Using the Tree

OU: MH in constrained space

Goal: sample from the posterior p(R,A, µ|Y)

Transformations:
R = ‡C‡: Correlation / Variance decomposition +

C: LKJ transformation
A = P⇤P≠1 positive, real eigenvalues +

P: Unitary eigen-vectors
⇤, ‡: Positive (ordered) vectors

Priors:
C: LKJ distribution +

P: Spherical beta
⇤, ‡: half-normal

Òæ We have a running random walk MCMC.

Question: Can we use the tree ?
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MCMC Sampling
Using the Tree

General Model

BM, OU: Instance of a general Gaussian propagation model.

BM: qj = Ip, rj = 0p, ⌃j = ¸jR.

OU: qj = e≠A¸j , rj = (Ip ≠ e≠A¸j )—j , ⌃j = S ≠ e≠A¸jSe≠AT ¸j .

Drift, shifts, Integrated OU...

Error Model, ”Heritability”.

Paul Bastide Viral Trait Evolution 14/23



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

MCMC Sampling
Using the Tree

General Model

BM, OU: Instance of a general Gaussian propagation model.

Z5

Z4

Z3

Z2

Z1

Z6

Z7

Z8

Z9
Zr ≥ N (µ,�) root

Zj
--- Zpa(j) ≥ N

1
qjZ

pa(j) + rj , ⌃j

2
nodes

BM: qj = Ip, rj = 0p, ⌃j = ¸jR.

OU: qj = e≠A¸j , rj = (Ip ≠ e≠A¸j )—j , ⌃j = S ≠ e≠A¸jSe≠AT ¸j .

Drift, shifts, Integrated OU...

Error Model, ”Heritability”.

Paul Bastide Viral Trait Evolution 14/23



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

MCMC Sampling
Using the Tree

General Model

BM, OU: Instance of a general Gaussian propagation model.

Z5

Z4

Z3

Z2

Z1

Z6

Z7

Z8

Z9
Zr ≥ N (µ,�) root

Zj
--- Zpa(j) ≥ N

1
qjZ

pa(j) + rj , ⌃j

2
nodes

BM: qj = Ip, rj = 0p, ⌃j = ¸jR.

OU: qj = e≠A¸j , rj = (Ip ≠ e≠A¸j )—j , ⌃j = S ≠ e≠A¸jSe≠AT ¸j .

Drift, shifts, Integrated OU...

Error Model, ”Heritability”.

Paul Bastide Viral Trait Evolution 14/23



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

MCMC Sampling
Using the Tree

General Model

BM, OU: Instance of a general Gaussian propagation model.

Z5

Z4

Z3

Z2

Z1

Z6

Z7

Z8

Z9
Zr ≥ N (µ,�) root

Zj
--- Zpa(j) ≥ N

1
qjZ

pa(j) + rj , ⌃j

2
nodes

BM: qj = Ip, rj = 0p, ⌃j = ¸jR.

OU: qj = e≠A¸j , rj = (Ip ≠ e≠A¸j )—j , ⌃j = S ≠ e≠A¸jSe≠AT ¸j .

Drift, shifts, Integrated OU...

Error Model, ”Heritability”.

Paul Bastide Viral Trait Evolution 14/23



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

MCMC Sampling
Using the Tree

General Model

BM, OU: Instance of a general Gaussian propagation model.
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E�cient Computations: Likelihood
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Likelihood: log p(Y) in one post-order traversal.

Òæ O(N).

Òæ “Pruning”, “Gaussian elimination”, “Phylogenetic Kalman filter”, ...

Di�culty: Numerical robustness.
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E�cient Computations: Gradient
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Implementation (Suchard et al., 2018)

• MCMC for tree estimation

• Comprehensive set of tools:

• Factor model
• Marginal Likelihood
• ...

• Developed in Java since 2002.

• This is BEAST 1.10.

What’s new:

• Flexible sampling of variance

• E�cient HMC

Limitations:

• Diagonal OU
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HIV Virulence Heritability (Alizon et al., 2010; Blanquart et al., 2017)
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CD4: T cells decline rate
GSVL: Set point viral load
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REVIEW SUMMARY

Virulence and Pathogenesis 

of HIV-1 Infection: 

An Evolutionary Perspective

Christophe Fraser,* Katrina Lythgoe, Gabriel E. Leventhal, George Shirreff, 

T. Déirdre Hollingsworth, Samuel Alizon, Sebastian Bonhoeffer

Background: Why some individuals develop AIDS rapidly whereas 
others remain healthy without treatment for many years remains a cen-
tral question of HIV research. Of the quantities that predict how quickly 
an untreated infection progresses, the most widely used is set-point 
viral load. This measure varies by orders of magnitude between infected 
individuals and is predictive of infectiousness and time to onset of AIDS. 
Host factors, predominantly linked to the immune system, are known to 
infl uence the set point, but 
much variation remains 
unexplained.

Advances: We review recent 
evidence showing that HIV 
genotype infl uences the set 
point viral load far more than 
anticipated. Our summary 
of published estimates sug-
gests that 33% (95% con-
fi dence interval, 20 to 46%) 
of the variation is attribut-
able to the virus. Because 
set-point viral load is heri-
table (partially controlled 
by virus genotype) and is 
linked to transmissibility, it 
is likely to have evolved to 
maintain transmission fit-
ness and may continue to 
evolve in response to diverse 
selection pressures. These 
fi ndings are unexpected and 
paradoxical because rapid 
and error-prone viral repli-
cation should favor within-
host adaptation and rapidly 
scramble signals of viral 
genotype as infection pro-
gresses, rather than leaving 
a lasting footprint that is preserved throughout an infection and from one 
infection to the next in transmission chains.

Outlook: We propose that resolving the paradox of heritability of set-
point viral load will provide new insights into the mechanisms of HIV 
pathogenesis. To this end, we provide three parsimonious, testable, 
and nonexclusive explanatory mechanisms. The first states that HIV 
evolution in virulence genes is more functionally constrained than pre-
viously thought. The second proposes that virulence of HIV is mediated 
through the virus's capacity to systemically activate target cells in which it 

can effi ciently replicate. The 
capacity to activate would 
not be expected to evolve 
rapidly because it does not 
provide a specific selective 
advantage to virus strains 
that activate more cells; 
rather, it is an advantage 
shared by all viruses. The 
third mechanism implicates 
the preferential transmission 
of viruses that are stored in 
nonreplicating cells or dur-
ing early infection, and the 
disproportionate influence 
on long-term pathogenesis 
of these early viruses.

In addition to these 
insights into mechanisms 
of pathogenesis, we believe 
that this research highlights 
a major gap in our knowledge 
of HIV. The identifi cation of 
the genetic determinants of 
HIV virulence, which appear 
to vary between closely 
related strains of the virus, 
should be a major priority. 
Thus, whole-genome associa-
tion studies that are focused 
on the virus genome should 

be pursued and expanded, as well as more functional and mechanistic stud-
ies, which could be guided by hypotheses such as those presented here.

The list of author affi liations is available in the full article online.

*Corresponding author. E-mail: c.fraser@imperial.ac.uk

Cite this article as C. Fraser et al., Science 343, 1243727 (2014). DOI: 10.1126/science.1243727

READ THE FULL ARTICLE ONLINE
http://dx.doi.org/10.1126/science.1243727

HIV genetics and heritability of virulence 

likely contribute to disease severity despite 

intense within-host selection.

A transmission chain with heritable virulence. Individuals infected with HIV show differences 
in clinical progression. Untreated infections are characterized by viral loads (the viral particle 
density in the blood) that are relatively stable for years, but they can differ by orders of magnitude 
between individuals. Host factors clearly infl uence viral load, but viral loads have also recently 
been found to correlate among individuals in transmission pairs and chains. This indicates a 
moderate to strong infl uence of viral genotype on the viral load. Strikingly, this infl uence persists 
for years and across transmission events, despite intense within-host viral evolution.

Published by AAAS

on January 18, 2019
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Questions: Is virulence“heritable”? Which model of trait evolution?
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Phylogenetic Heritability
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Models (Alizon et al., 2010)

We use three di↵erent models:

BM no selection on the traits.

OU-BM selection on VL, not on CD4.

OU selection on both traits.

With independent or correlated errors.

• Each model is fitted using a HMC

• Estimated Marginal likelihood is used to compare them.
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Results
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BM OU−BM OU
Trait Evolution Model

lo
g 

M
LE

Observation Model
Independent Errors

Correlated Errors

Heritability (using OU-BM):

VL h2 = 0.35 [0.22, 0.51] (95% CI)

CD4 h2 = 0.21 [0.12, 0.32] (95% CI)

Consistent with previous estimates.
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OU-BM Simulations
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Conclusion and Perspectives

A general framework for trait evolution with dated tips.

Main Features:

• Flexible models and implementation

• E�cient algorithms

• Applicable to virology, ecology, paleontology. weasels

Perspectives:

• Identifiability full OU ?

• Shifting parameters

• Other questions: geographical spread, ...

Preprint: arxiv:2003.10336 (in print, AoAS)
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MCMC Sampling
Using the Tree

MCMC

Goal: Sample from p (◊ | Y ) Ã p (Y | ◊ ) p (◊)

Metropolis - Hasting: Iterate:

• Draw ◊ú in q
!

◊
-- ◊t

"
.

• Set ◊(t+1) = ◊ú with probability:

rt = min

I
1,

p (Y | ◊ú )

p
!
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-- ◊t
" p (◊ú)

p
!
◊t

" q(◊
(t)|◊ú)

q(◊ú|◊(t))

J
.

Gibbs:

• Split ◊ = (◊[1], . . . , ◊[K ]).

• Draw ◊ú in p(◊[k]|◊
(t)
[≠k],Y) so that rt = 1.
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MH in constrained space

Transformation:

f :

I
Cq æ Rq

◊ ‘æ ‹ = f (◊)
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Variance: LKJ transformation (Lewandowski, Kurowicka, and Joe, 2009)

Decomposition: Use correlation matrix C

R =

Q

ca
‡1 0

. . .
0 ‡p

R

db

Q

ca
1 Ckl

. . .
Ckl 1

R

db

Q

ca
‡1 0

. . .
0 ‡p

R

db

‡: Real positive :-)

C: Correlation matrix :-(

LKJ: Transformation on the space of correlation matrices.
Òæ Use“vine” theory.
Òæ Easier and more e�cient: Cholesky representation.
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Òæ Use“vine” theory.
Òæ Easier and more e�cient: Cholesky representation.
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Attenuation matrix

Assumptions: A = P⇤P≠1

⁄k œ R ⁄k > 0

⁄1 < ⁄2 < · · · < ⁄p

Identifiability: P·k œ Sh
p (R)

ÎP·kÎ = 1 Ppk > 0

Òæ Decomposition is unique.

Sampling:
P·k : Same as W·k

⇤: Use log(⁄i ) ≠ log(⁄i≠1)
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LKJ and Spherical Beta Distributions

LKJ distribution:

LKJ(C | ÷ ) = cp(÷) |C|÷≠1

÷ = 1: Uniform.
÷ > 1: Peak around identity matrix.
0 < ÷ < 1: Trough around identity matrix.

Spherical Beta distribution:

SBeta(V|—) Ã (1 ≠ ÎVÎ2)—

Òæ LKJ ≈∆ spherical beta on each of the V·k = W≠k
·k

(with —k = ÷ + (p ≠ k)/2).

back

Paul Bastide Viral Trait Evolution 10/14



Models of Trait Evolution
E�cient Bayesian Inference

HIV Virulence Heritability Study

MCMC Sampling
Using the Tree

Hamiltonian Monte Carlo (Betancourt, 2017)

Idea: Introduce the“momentum”p of the parameters q.

Hamiltonian H(q,p) = Potential energy + Kinetic energy

= U(q) + K (p)

= ≠ log p(Y|q)p(q)¸ ˚˙ ˝
posterior

≠ log „(p)¸˚˙˝
Gaussian

H total energy invariant by Hamiltonian dynamic:

Y
_]

_[

dp
dt

= ÒqU(q)

dq
dt

= ≠ÒpK (p)

1 Draw random moments p.

2 Propose a new q from the dynamic.
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q

p

(a)

q

p

(b)

Fig 22. (a) Each Hamiltonian Markov transition lifts the initial state onto a random level set of the
Hamiltonian, which can then be explored with a Hamiltonian trajectory before projecting back down to the
target parameter space. (b) If we consider the projection and random lift steps as a single momentum
resampling step, then the Hamiltonian Markov chain alternates between deterministic trajectories along
these level sets (dark red) and a random walk across the level sets (light red).

(a) (b)

Fig 23. The momentum resampling in a Hamiltonian Markov transition randomly changes the energy, in-
ducing a random walk between level sets. (a) When the energy transition distribution, �(E | q) is narrow
relative to the marginal energy distribution, �(E), this random walk will explore the marginal energy dis-
tribution only very slowly, requiring many expensive transitions to survey all of the relevant energies. (b)
On the other hand, when the two distributions are well-matched the random walk will explore the marginal
energy distribution extremely e�ciently.

1 Draw random moments p.

2 Propose a new q from the dynamic.
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FIG 2. Maximum clade credibility tree with continuous traits plotted at the tips. The tree is reconstructed from
both the genetic data and the trait data, using an OU model with a diagonal selection strength. The time scale
for the tree is in million of years, with 0 indicating the present. Clades highlighted in blue are constrained to
be monophyletic. Grey bars at nodes and fossils show the dating uncertainty. Node colors indicate the posterior
support for each clade. Fossils are dotted, and highlighted in red.

Sequence Evolution and Dating. We use the same sequence evolution model as Schnitzler
et al. (2017) for all 27 partitions of the dataset, with estimated base frequencies and site rate
heterogeneity modeled using a discretized gamma distribution with 6 rate categories; an un-
correlated relaxed clock with an underlying gamma distribution; and an exponential growth
coalescent tree prior (Hasegawa, Kishino and Yano, 1985; Tavaré, 1986; Yang, 1994; Drum-
mond et al., 2006). Following Schnitzler et al. (2017), we constrain 5 clades to be mono-
phyletic, and each fossil is a priori assigned to one of these clades, except for Trocharion
albanense, which remains unconstrained (see Figure 2). We assume a normal prior on the
time of the most recent common ancestor for each of those clades, with means as in Schnit-
zler et al. (2017), and standard deviation 1. We assume a uniform prior on fossil dates, with
maximum ranges taken from Law, Slater and Mehta (2018) (Table S5), except for Teruelictis
riparius, for which dates were extracted from the Paleobiology Database, relying on Salesa

measured and in most cases the measurements were taken from the right hind limb. All
measurements were taken with digital calipers (Promat, Max Schön AG, Lübeck,
Germany). Three index ratios associated with locomotor habit and posture were calculated
from the osteological measurements (Fig. 1). The first ratio (R1, measurement 1/2), the
metatarsal III-to-femur ratio, is a measure of digitigrady and often associated with
cursoriality in mammals (Garland and Janis, 1993; Steudel and Beattie, 1993). Ratios R2 and R3 are gear
ratios related to the lever mechanics of the foot. Ratio R2 describes the ratio of the in-lever
to out-lever of the calcaneum and is calculated from the length of the distal to the proximal
calcaneum (measurement 3/4). The third ratio (R3) is calculated from the length of the
calcaneum to the position of the sustentacular facet (measurement 5/6). All three index
ratios are positively correlated with ‘digitigrady’ (Polly, 2010). The ratios were first calculated
for each specimen and then averaged across species (3013Appendix). We were able to
calculate ratio R1 for 58 species, and ratios R2 and R3 for 63 species. In addition, four fossil
specimens were integrated into the calculations. Measurements were taken of the extinct
otters Sivaonyx beyi (Peigne et al., 2008) and Teruelictis riparius (Salesa et al., 2013), as well as data for
two extinct members of the Mustelidae: Trocharion albanense from Spalte von Neudorf,
Slovakia (Zapfe, 1950) housed in the Naturhistorisches Museum Wien (Middle Miocene, MN
6, 12.2–15.2 Ma); and Pannonictis (CENIEH ATA02-TE9B-I-30-3) from the Sima del
Elefante site at Atapuerca, Spain (Early Pleistocene, 1.22 Ma) (García et al., 2008).

Phylogenetic analyses

Modes and rates of trait evolution were analysed using a Markov chain Monte Carlo
approach, which identifies the best-fit macroevolutionary model given a phylogeny and a
continuous trait, as implemented in the R package geiger (Slater et al., 2012; Slater, 2013). For each
trait (index ratios R1, R2, R3), we compared the fit of different macroevolutionary models,

Fig. 1. Osteological measurements. The following measurements were taken: 1, maximum proximo-
distal length of the femur, from ball to condyle; 2, maximum proximodistal length of metatarsal III;
3, length of the distal calcaneum, from centre of the calcaneoastragalar facet; 4, length of the
proximal part of the calcaneum, from medial tubercle to anteroposterior centre of the calcaneoastra-
galar facet; 5, maximum length of the calcaneum, from medial tubercle to cuboid facet; 6, position of
the sustentacular facet, from medial tubercle to distal margin of the sustentacular process where it
intersects the body of the calcaneum (see also Polly, 2010, fig. 13.1). Catalogue numbers of the specimen:
ZMB MAM 77871 (a), ZMB MAM 77039 (b) from the Museum für Naturkunde, Berlin.

Schnitzler et al.190

Schnitzler et al. (2017)

• Weasels and allies

• Total evidence approach

• Fossils provide a temporal signal

Raccoon and skunk in a Hollywood back yard feasting on cat food.
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Total evidence approach

Question: Does the continuous trait helps placing the fossils ?

Measure: Entropy of the branch attachment frequency vector.

The smaller the better

Results:

14

estimated to lie at the root of the tree (see Supplementary Figure S3 Bastide et al., 2020).
Finally, the species Trocharion albanense is not assigned to any clade. Taking traits into ac-
count concentrates this fossil as a sister lineage either to Ailurus fulgens, or to the whole
Mephitidae clade, which, in the assumed time range, have the most similar traits.

Pannonictis Sivaonyx beyi Teruelictis riparius Trocharion albanense

No Traits 2.84 1.80 1.24 2.28
BM 2.81 1.22 1.22 2.01
OU 2.92 1.20 1.10 1.86

TABLE 1
Entropy of the fossil position for each fossil and inference method (over 1000 trees from the posterior). Entropy
should decrease if the fossils are better resolved. Maximal entropy (no information) is 5.02. OU models appear

to reduce entropy for three fossils out of four.

Model Comparisons. We find that the favored model, for all tested trees, with or without
fossils, is a simple BM for the first trait (R1), and an OU with diagonal selection strength but
full correlation for the two other traits (R2 and R3), with R1 evolving independently from R2
and R3 (see Supplementary Figure S4 Bastide et al., 2020). The parameter estimates are con-
sistent with those from Schnitzler et al. (2017) (see Supplementary Figure S5 Bastide et al.,
2020). Schnitzler et al. (2017) fitted the three traits independently and used a simple penalized
likelihood approach (using the Akaike Information Criterion, Akaike 1974) to demonstrate
that a “trend” model is favored to the simple BM model for R1 when fossils are included.
In contrast, our method is robust to the addition of these fossils that, given the missing data,
amounts to the addition of two data points in the analysis (see Figure 2). The selected model
has a log Bayes factor of at least 1.5 compared to the second best fitting model in all the
scenarios, providing “substantial evidence” (Kass and Raftery, 1995) against the simple BM
model.

4.4. Virulence Heritability in Human Immunodeficiency Viruses (HIV). New challenges
for PCMs have recently emerged in infectious disease research, more specifically on the
extent to which virulence is a heritable trait in HIV. Here, we employ our new modeling
framework to perform a fine-grained analysis to gain insight into this problem.

4.4.1. Dataset and Analyses.

Dataset. We revisit the most comprehensive dataset on HIV-1 heritability published in Blan-
quart et al. (2017) and further analysed in Hassler et al. (2020). We focus on subtype B and
the measurements available for male subjects who have sex with men (MSM), which com-
prises a dataset of 1171 viral samples. Two traits associated with HIV virulence (Alizon et al.,
2010; Blanquart et al., 2017) are measured for each sample: (i) the “gold standard viral load”
(GSVL) that is a standardized measure of the viral load, taken on a single sample between
6 and 24 months after infection and before initiation of antiretroviral therapy; and (ii) the
CD4 cell count slope decline (see Figure 3). A dated maximum likelihood phylogeny for this
dataset has recently been presented by Hassler et al. (2020). Following a similar methodol-
ogy, we use it as a fixed tree in our analyses, which focus on continuous trait model selection
and heritability estimations.

The signal is not strong.
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Model Selection (fixed tree)

Question: Does including fossils change the selected model ?

Schnitzler et al. (2017):
• Univariate analyses.
• OU or trend favored when fossils are included.

Results: The signal is not strong. back
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FIG S4. GSS log Marginal Likelihood Estimation (logMLE) for various models (x axis), on MCC trees obtained
with the models used during the complete evidence approach (line type). Fitted models are either the BM, the
“trend” model (i.e. a BM with drift) or the OU. The three traits are either all independent, all correlated, or
R2 and R3 correlated, but R1 independent (colors of the points). The model where R1 follows a BM and is
independent from R2 and R3 following an OU, with no error, seems to be favored in every setting. Including
measurement error does not seem to improve the fit in this setting (data not shown). The “trend” model, that
is favored for R1 when fossils are included in Schnitzler et al. (2017) comes second in this analysis, with a log
marginal likelihood difference of 1.97, i.e. a log Bayes factor of 1.97, which, according to the guidelines found in
Kass and Raftery (1995), can be considered as “substantial evidence” against the trend model.
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