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Posterior summary of trees

Intructor: Julia A. Palacios
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Which tree is representative of the sample? 
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Posterior summary of trees

• Tree space is a discrete-continuous high 
dimensional space.
• Multiple ways to define the center of a tree (Billera

et al., 2001).
• Densitree provides a visualization of a sample of 

trees from the posterior distribution.
• TreeAnnotator uses the Maximum Clade Credibility

(MCC) heuristic to summarize the posterior by a
single tree. 
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Maximum Clade Credibility (MCC)
• It picks a topology: it takes the 

posterior tree with the 
maximum product of posterior 
probabilities of its internal 
nodes.
• It then assigns heights for each

clade based on a point
estimate from posterior trees
containing that clade.
• It can lead to negative branch

lengths
Figure: MCCT from Ne inference tutorial
H3N2 Human influenza in New York
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Densitree
• You can visualize the whole 

posterior distribution.
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Related work

(labeled and unranked)

(unlabeled and unranked)
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Krammer, et al., 2018
Rambaut, et al., 2008

How different are the evolutionary 
processes across genes?

Influenza A/H3N2

2005

1993

HA PB1 NS1/2
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Tree resolutions
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Kim et al., PNAS (2020)
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Unique encoding of a ranked tree 
shape
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Metrics on ranked tree shapes
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MDS Axis 1

M
D

S 
Ax

is
 2

MDS Visualization for comparing 
tree distributions
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<latexit sha1_base64="nokaA7/B5KAxbtPyZAVK7OcB2Gg="></latexit>

W =

0

BBBBBBBB@

u1 � u2

u1 � u3 u2 � u3

u1 � u4 u2 � u4 u3 � u4

u1 � u5 u2 � u5 u3 � u5 u4 � u5

u1 � u6 u2 � u6 u3 � u6 u4 � u6 u5 � u6

u1 � u7 u2 � u7 u3 � u7 u4 � u7 u5 � u7 u6 � u7

u1 u2 u3 u4 u5 u5 u6

1

CCCCCCCCA

<latexit sha1_base64="6GWfwXCdtuoBf81irzUSLTlXBSA="></latexit>

d1(G1, G2) :=
X

i,j

|(F1)ij(W1)ij � (F2)ij(W2)ij |,

A distance between unlabeled 
genealogies

<latexit sha1_base64="Ap6dMW1rVIPSqsAsz+2wJ3WiPSQ="></latexit>

d2(G1, G2) :=

sX

i,j

((F1)ij(W1)ij � (F2)ij(W2)ij)2,
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Coalescent models on genealogies

<latexit sha1_base64="8DocVH8pIPCOHmLZg+Gqmb9SITA="></latexit>

P [g = (F,u) | Ne(t)] = P (F)
nY

k=2

P [uk | uk+1, Ne(t)]

Coalescent prior: (the pure death proc. and the discrete jump chain are independent)

<latexit sha1_base64="24vigcqoz4oVud1rV/QBtfhgbuI="></latexit>

P [uk | uk+1, Ne(t)] =
Ck

Ne(uk)
exp

"
�
Z uk

uk+1

Ckdt

Ne(t)

#

where Ck =
�k
2

�
is the coalescent factor that depends on the number of lineages

k = 2, . . . , n.
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Simulations with different Ne(t) 
trajectories

Constant Exponential Seasonal logistic
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Human influenza A/H3N2
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Distance metric differentiate evolutionary histories
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Convergence diagnostic
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Current approaches for labeled trees:

Finding a representative tree

• Majority-rule consensus tree (MRC)
• Maximum clade credibility (MCC)
• Median tree based on metrics on labeled trees

Current approaches for unlabeled ranked trees:
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Fréchet Mean

!"# !$#

!%#!&#
!'# !(#

Finding a representative tree

The tree shape that minimizes the expected 
squared distance

The genealogy that minimizes the expected 
squared distance
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Optimization with Gurobi

Finding the Fréchet mean as MIP

In particular, using d2

Where:

Cardinality of search space<latexit sha1_base64="QNn2oRHnL3/GQWexNlXqPmOairQ="></latexit>

Mkl =
P

H2Fn
Hkl · µ(H)
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Finding the Fréchet mean with combinatorial 
optimization

Simulated Annealing:

Minimize 

Maximize

In particular, at the temperature schedule:

Construct a Markov chain with symmetric proposal distribution and MH acceptance:
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Population Fréchet Variance

Other summaries

Sample Fréchet Variance
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Tutorial and Reference

• https://github.com/JuliaPalacios/phylodyn/blob/m 
aster/vignettes/Distance_RankedGenealogies.Rmd

• https://github.com/RSamyak/fmatrix/blob/main/R
EADME.md


