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Case Study
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Introduction

LR e e Vaccinium myrtilloides

Ericaceae dataset.

e How can we explain the diversity, while accounting for the
phylogenetic correlations ?
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Stochastic Processes on Trees Principle of the Modeling

Case Study Shifts
Implementation Tools Multivariate
Stochastic Process on a Tree (Felsenstein, 1985)
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Stochastic Processes on Trees Principle of the Modeling
Case Study Shifts
Implementation Tools Multivariate

OU Modeling

phenotype
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time

Deterministic part:

e [(t): primary optimum, mechanistically defined.

¢ In(2)/a: phylogenetic half live.
Stochastic part:

o W(t): actual optimum (trait value).

e 0dB(t) Brownian fluctuations.
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(Hansen, 1997)

dW(t) = o[B(t)— W(t)]dt+odB(t)
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Stochastic Processes on Trees Principle of the Modeling

Case Study Shifts
Implementation Tools Multivariate
BM vs OU
Equation Stationary State Variance
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BM Shifts in the mean: OU Shifts in the optimal value:
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Stochastic Processes on Trees Principle of the Modeling
Case Study Shifts
Implementation Tools Multivariate
Multivariate BM vs OU
Equation Cov[Yi; Y]]
dW(t) = £dB; t;R, with R=xx’

dW(t) = —A(W(t) — B(t))dt
+ X dB;
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— All the characters shift at the same time
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Multivariate BM vs scOU

We use the scalar OU (scOU).

Principle of the Modeling
Shifts
Multivariate

Equation

(COV [Y,'; Yj]

dW(t) = XdB,

dW(t) = —a(W(t) — B(t))dt
+ XdB;

t;R, with R=xx’

iefn(tﬁ»tj) <62(»t,'j o 1) R
200

— All the traits shift at the same time.

> All the traits shift have the same selection strength.
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library (PhylogeneticEM)

set.seed(17920902)

ntaxa = 80

tree <- TreeSim::sim.bd.taxa.age(n = ntaxa, numbsim = 1, lambda = 0.1, mu = 0,
age = 1, mrca = TRUE) [[1]]

params <- params_process("0U", ## Process
p=2, ## Dimension
variance = diag(0.5, 2, 2) + 0.5, ## Rate matrizc
selection.strength = 3, ## Selection Strength
random = TRUE, ## Root is random
stationary.root = TRUE, ## Root is stationary
edges = c(29, 25, 127), ## Positions of the shifts
values = cbind(c( 2, 1), ## Values of the shifts
ey, D)y
cC 2, -1))
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Simulation: Parameters

plot(params, phylo = tree, traits = 1, value_in_box = TRUE, shifts_bg = "white")
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sim <- simul_process(params, tree)

data <- extract(sim, ## The simul_process object
what = "states", ## We want the actual wvalues
where = "tips") ## Only at the tips of the tree

rownames (data) <- c("A", "B")

nMiss <- floor(ntaxa * 2 * 0.1) ## 10% of missing data

miss <- sample(1:(2 * ntaxa), nMiss, replace = FALSE) ## sample missing randomly
chars <- (miss - 1) %% 2 + 1 ## Trace back rows and columns

tips <- (miss - 1) %/% 2 + 1

for (i in 1:nMiss){

datalchars[i], tips[i]] <- NA ## Forget some values
}



Simulated Data
Case Study

Simulation: Data

plot (params_BM(p=2), = tree, = data, =2)

-184 2.65 -2.17 3.1
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## Grid on alpha
alpha_grid <- c(2, 2.5, 3, 3.5)

## Run algorithm

res <- PhyloEM(phylo = tree,
Y_data = data,
process = "scOU",
random.root = TRUE,
stationary.root = TRUE,
alpha = alpha_grid,
K_max = 10,
parallel_alpha = TRUE,
Ncores = 2)

## scalar OU model
## Root is stationary (true model)

## On a grid of alpha

## Mazimal number of shifts
## This can be set to TRUE for
## parallel computations



params_process (res)

##

## 2 dimensional scOU process with a random stationary root.
##

## Root expectatiomns:

## [1] 0.02048531 0.14878724

##
## Root variance:
## [,1] [,2]

## [1,]1 0.1704274 0.1178765
## [2,] 0.1178765 0.1694839

##
## Process variance:
## [,11 [,2]

## [1,]1 1.022564 0.707259
## [2,]1 0.707259 1.016904

##
## Process selection strength:
## 0,11 [,2]

## [1,] 3 0

## [2,] 0 3

##

## Process root optimal values:

## [1] 0.02048531 0.14878724

##

## Shifts positions on branches: 127, 25, 29
## Shifts values:

#
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: Monkey Dataset
EDERTSEISUCHICER Identifiability Problems

Analysis

plot(res)
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Penalized LL
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Model Selection: Penalized Likelihood
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New World Monkeys (Aristide et al., 2016)
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Monkey Dataset

data(monkeys)

plot(params_BM(p=2), data = monkeys$dat, phylo

Simulated Data
Model Selection
Monkey Dataset
Identifiability Problems

(Aristide

monkeys$phy, show.tip.label = TRUE)

Pithecia pithecia

Erachytcles yporanius
Cagothicagancha
Siclas hambi
‘Aeles paniscus

Acies harginatus

— B - Aotus azhr

L Coomopinemus osaln
T Leomoblnecus chiysomelas
Calimico goslal

Cabiela ygmaca

Mco argentatus

Mico chysoleucus

Mo humeratr
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We use function PhyloEM:

res <- PhyloEM(Y_data = monkeys$dat, ## data
phylo = monkeys$phy, ## phylogeny
process = "scOU", ## scalar OU
K_max = 10, ## mazimal number of shifts
nbr_alpha = 4, ## number of alpha values
parallel_alpha = TRUE, ## parallelize on alpha values

Ncores = 2)

Then plot the solution selected by the default method:

plot(res, edge.width = 2)
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Result

«

P—

o«
[ —

Yiiaiil
Callithrix penicillata
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Solution with K = 5 seems to be a good solution too.
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plot(res, params = params_process(res, K = 5), edge.width = 2, show.tip.label = TRUE)

## Warning in params_process.PhyloEM(res, K = 5): There are several equivalent solutions for

this shift position.

Signtocoss
Sains s
SnE R
SpRRl.




e Number of shifts K fixed, several equivalent solutions.
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e Problem of over-parametrization: parsimonious configurations.
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Equivalencies

e Number of shifts K fixed, several equivalent solutions.

u 7 p+ 01 B+ 62

- - -
31

62 — (51 (51 52 52 - 51 51 - 52

po1 402 . w01 p+9d2

e Problem of over-parametrization: parsimonious configurations.

CA, PB, MM, SR PhylogeneticEM 25/34



Stochastic Processes on Trees Sl Dkt
Model Selection
Case Study
Implementation Tools Montfe_y D.?taset
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Parsimonious Solution: Definition

Definition (Parsimonious Allocation)

A coloring of the tips being given, a parsimonious allocation of the
shifts is such that it has a minimum number of shifts.
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Definition (Parsimonious Allocation)

A coloring of the tips being given, a parsimonious allocation of the
shifts is such that it has a minimum number of shifts.
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Parsimonious Solution: Definition

Definition (Parsimonious Allocation)

A coloring of the tips being given, a parsimonious allocation of the
shifts is such that it has a minimum number of shifts.
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Parsimonious Solution: Definition

Definition (Parsimonious Allocation)

A coloring of the tips being given, a parsimonious allocation of the
shifts is such that it has a minimum number of shifts.
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Parsimonious Solution: Definition

Definition (Parsimonious Allocation)

A coloring of the tips being given, a parsimonious allocation of the
shifts is such that it has a minimum number of shifts.
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Parsimonious Solution: Definition

Definition (Parsimonious Allocation)

A coloring of the tips being given, a parsimonious allocation of the
shifts is such that it has a minimum number of shifts.
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Equivalent Parsimonious Allocations

Definition (Equivalency)

Two allocations are said to be equivalent (noted ~) if they are
both parsimonious and give the same colors at the tips.

Find one solution Several existing Dynamic Programming
algorithms (Fitch, Sankoff, see Felsenstein, 2004).

Enumerate all solutions New recursive algorithm, adapted from
previous ones (and implemented in R).
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Solution for K =5

params_5 <- params_process(res, K = 5)
eq_shifts <- equivalent_shifts(monkeys$phy, params_5)

plot(eq_shifts)
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References

| used mainly these two books by Hadley Wickham:

e Advanced R: http://adv-r.had.co.nz/
e R Packages: http://r-pkgs.had.co.nz/

[The R Serios
Advanced R

IR Packé és

Hadley Wickham

Hadley Wickham

e Intensive use of devtools and Rstudio.
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Transparency

All the code is available on GitHub:
https://github.com/pbastide/PhylogeneticEM
e Package code with verision control.
e Works with the CRAN: tag versions.
Build status with Travis CI.

Simulations and test cases (reproducibility).

Automatic documentation with pkgdown.
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Stochastic Processes on Trees Transparency
Case Study Efficiency
Implementation Tools Robustness

Efficiency

e Profiling with 1ineprof.
¢ Botelneck: big matrix allocations.

e Solution: use RcppArmadillo to code an efficient
algorithm (upward-downward).

e Avoid memory leaks with valgrind.

e Life saver: the Armadillo library.

e Parrallel computations with doParallel and foreach.
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e Unitary tests with testthat.

e Coverage with covr and codecov.

e Automated tests with Travis CI.
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Conclusion and Perspectives

A general inference framework for trait evolution models.

Conclusions e
[ )

R Package e

Perspectives o

A complete maximum likelihood procedure
Taking identifiability problems into account
With model selection

Availble on the CRAN and on GitHub
Can scale up to big datasets ( ~ 1200 species)

Deal with uncertainty (data).
Phylogenetic networks: See julia package
PhyloNetworks.
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