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Statistical Phylogenetics seeks to infer genealogies

from molecular data
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In Bayesian phylogenetics, many possible genealogies
can explain the data

Which tree is representative of the sample?

Singapore Human Influenza A H3N2
Questions:
New York How different are the evolutionary

processes of influenza across different
regions? across temporal seasons?

What is a typical evolutionary history of
Chile influenza?

2014 2016 2019
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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. = i

* It can lead to negative branch =
lengths

Figure: MCCT from Ne inference tutorial
H3N2 Human influenza in New York
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Other tree distances

Phylogenetic trees (labeled and unranked)

» Robinson-Foulds, Nearest Neighbor Interchange,
Subree-Prune-and-Regraft, Tree Bisection and
Reconnection.

» Geodesic distance between phylogenetic trees (Billera,
Holmes and Vogtmann, 2001; Owen and Provan, 2009)

» Kendall-Colijn (2018)
Tree Shapes (unlabeled and unranked)
» Colijn-Plazzotta (2017)
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How different are the evolutionary
processes across genes?
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Why a metric on the space of unlabeled trees?

d(m,&) ?

Motivation for defining a metric:
» Construct a decision theoretic statistical inference.
» Summarize unlabeled tree distributions.
» Compare different prior distributions on unlabeled trees.

» Compare different empirical distributions on unlabeled
trees and model comparison.

» Develop approximate inference methods.
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Tree resolutions

Ranked Tree Shape Labeled and Ranked Labeled Unranked Tree Shape
(©) (D)
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Ranked tree shapes are rooted binary trees with unlabeled
leaves with an increasing ordering of internal nodes (root to
leaves).

Tajima tree Kingman'’s tree Phylogeny
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Ranked tree shapes as matrices

There is a unique encoding of a ranked tree shapes as lower
triangular integer-valued matrix.
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F; j indicates the number of branches extant at time (u;;, u;)

that do not bifurcate during (w1, u;)
Kim et al., PNAS (2020)
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Unique encoding of a ranked tree
shape
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Unique encoding of a ranked tree
shape
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Unique encoding of a ranked tree
shape

F; ; indicates the number of branches extant at time (u;;1, u;)
that do not bifurcate during (ui41, u;)
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Unique encoding of a ranked tree
shape
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F; ; indicates the number of branches extant at time (u;;1, u;)
that do not bifurcate during (ui41, u;)

Julia Palacios



Unique encoding of a ranked tree
shape
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F; ; indicates the number of branches extant at time (u;;1, u;)
that do not bifurcate during (ui41, u;)
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Unique encoding of a ranked tree
shape

F; ; indicates the number of branches extant at time (u;;1, u;)
that do not bifurcate during (ui41, u;)
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Unique encoding of a ranked tree
shape

F; ; indicates the number of branches extant at time (u;;1, u;)
that do not bifurcate during (ui41, u;)
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Unique encoding of a ranked tree
shape
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F; ; indicates the number of branches extant at time (u;;1, u;)
that do not bifurcate during (ui41, u;)
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Metrics on ranked tree shapes
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Testing distance on ranked tree shapes...

Beta-splitting model

PDA AB Yule
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MDS Visualization for comparing
tree distributions

MDS Axis 2

MDS Axis 1
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Simulations from Beta-splitting on ranked tree shapes
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Comparing separation of different Beta-splitting
distributed ranked tree shapes with other metrics
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A distance between unlabeled
genealogies
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Coalescent models on genealogies

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

Plg = (F,u) | No(t)] = P(F)] | Plux | 1, Ne(t)]
k=2

Plug | ugy1, Ne(t)] =

C'y, oxn | Yk Cdt
No(ug) N (%)

Uk+1

where C}, = (S) is the coalescent factor that depends on the number of lineages
k=2,...,n.

Julia Palacios




Simulations with different Ne(t)

trajectories
Constant Exponential Seasonal logistic
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Simulation of genealogies with different branch

distributions
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Adapting the distances to heterochronous ranked tree

shapes
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Southeast Asia

New York

Human influenza A/H3N2
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New York
Southeast Asia
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MDS Axis 1 (56.9 %)
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Convergence diagnostic

(A) New York, df (B) New York, d3
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Fig. 9. Assessment of convergence of MCMC BEAST chains. Each curve corre-
sponds to the distance between the running posterior L2-medoid ranked genealogy
and the global posterior L,-medoid ranked genealogy after every 10° iterations

for each chain. (A) New York, d}’; (B) New York, d5'; (C) Southeast Asia, d7’; (D)
- Southeast Asia, d’. Julia Palacios



Genealogical signatures of natural selection in the

Human genome
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Genealogical signatures of natural selection in the
Human genome
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Yang et al, Genetics 2019
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Simulation at a single locus: Neutral vs Selection
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Finding a representative tree

Current approaches for labeled trees:

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

Current approaches for unlabeled ranked trees:

-~ =i,
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Finding a representative tree

The tree shape that minimizes the expected
squared distance

T € argmin Z d(z, y)?u(y).
z€Tn y€Tn

The genealogy that minimizes the expected
squared distance

G € argmin/ d(G,H)*dv(H).
Gegn JHeG,

Fréchet Mean

@ o
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Finding the Frechet mean as MIP

In particular, using d: Optimization with Gurobi

300 1
' . 2 —
F5 € argmin E E (Frg — Hypy)*pu(H) £ 100-
Fern Her, ki 8
. 2 E 301 //
= argmin E E (Fjyp — 2F Hig)p(H) 2
F€Fn HeF, ki g 1]
. 2 8
= argmmi {F{, — 2F My}
Fefn k l ! ! |
’ 10 15 20
n
Figure 3: Running time for exact computation for Fréchet mean using Gurobi, plotted against dimension of
F-matrices. B = 1000 trees were generated for each n. Computations done on personal laptop, with Intel i7
W h ere: Processor. # P P ptop

Hyy - u(H) Cardinality of search space

T ~2(2/7)" " nl

Julia Palacios




Finding the Frechet mean with combinatorial
optimization

Simulated Annealing:
Minimize E(z) = >0, d(z, y:)?

Maximize exp{—FE(z)/R}

at any given temperature R > 0

In particular, at the temperature schedule:

Ri = aFRy for some high initial temperature Ry,

Construct a Markov chain with symmetric proposal distribution and MH acceptance:
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Other summaries

Population Fréchet Variance

V = Z d(y,T)2 - u(y), where T = argmin Z d(z, y)2 - p(y)

Sample Fréchet Variance
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Tutorial and Reference

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

Distance metrics for ranked evolutionary trees.

Kim J, Rosenberg NA, Palacios JA

PNAS (2020) in press.

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

Statistical summaries of unlabelled evolutionary trees and ranked hierarchical clustering trees.

—_— Samyak R, Palacios JA

arXiv:2106.02724.
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