Quick MCMC Check-In

MCMC Robot applet

Markov chain Monte Carlo (MCMC) is a form of computer simulation that can be used to create a
"topographical map” of a probability density surface. This applet allows you to create your own two-
dimensional “landscape” composed of a mixture of bivariate normal "hills”. A metaphorical "MCMC
robot” walks around on this surface, and the rules that it follows about where to step next end up
causing it to spend an amount of time in any one spot that is proportional to the probability density of

that spot.

https://plewis.github.io/applets/mcmc-robot/



%@ What is CloudForest?

CloudForest is a portable, easy-to-deploy, and reproducible computational platform for phylogenomics.

The goal of CloudForest is to serve as a bridge that allows researchers to span all steps of a

phylogenomic analysis, in order to explore and better understand variation and structure in sets of
Quick Links: phylogenetic trees. While the tools available in CloudForest have many applications, some use cases

Getting Started include:

e e Comparing the results of different phylogenomic analyses

CIPRES REST API

Exploring gene tree variation

|ldentifying outlier genes

|dentifying species of hybrid origin
e Community phylogenetics and biogeography

e Sensitivity analyses (particularly for Bayesian inference)



Visualizations of Networks of Networks of
Tree Space Trees Bipartitions
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VWhat iIs a model”

Math Biology

(something observed)

dx
— = ax — px
g By,
dy 5
— = 0y — ,
dt y—7Y
A Linearized version — prey

—— predator

\_/\_/\/

time

population

Equations and plot: https://en.wikipedia.org/wiki/Lotka—\Volterra_equations Lynx photo: Wikipedia (NPS Photo/Jacob W. Frank)  Snowshoe Hare photo: Wikipedia (D. Gordon E. Robertson)

Jeremy M. Brown




VWhat iIs a model”

Vathematical models try to explain important features
of (biological) systems using (relatively simple)
mathematical principles.

dx
— = axr — px
pr Bzy,
dy 5
— T CU —
A Linearized version — prey

—— predator

INN

time

population

Equations and plot: https://en.wikipedia.org/wiki/Lotka-\olterra_equations Lynx photo: Wikipedia (NPS Photo/Jacob W. Frank)  Snowshoe Hare photo: Wikipedia (D. Gordon E. Robertson)
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Deterministic and Stochastic Models

— = az — fay,
dy 5

— = 0 —

d y—7Yy
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Jeremy M. Brown



Deterministic and Stochastic Models

dx

— = ax — pxy,
dt fry
dy 5
— = 0y — ,
dt y—Y
A Linearized version — prey
—— predator

INN

time

population

NO randomness
(NO stochasticity)
(NO probabllity statements)

Jeremy M. Brown



Deterministic and Stochastic Models

i \

dz
— = ar — pry,
dt Py
dy 5
_— €T — ,
dt y—7Yy
A Linearized version — prey

—— predator

INN

time

population

|
NO randomness R?S?C?Cﬁgﬂréﬁs'
(no stochasticity) (probabllit Stateri/wents)
(NO probabllity statements) \PIOLELILY S
(variation in possible outcomes)

Jeremy M. Brown
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Stochastic Models

Probabilit @s

robability

Statements ClT)X %
—>

Variable
Qutcomes

Randomness!
(stochasticity)
(probability statements)
(variation in possible outcomes)



A simple stochastic model

1.0

0.5

P

Probability

0.0

Heads alls

Bernoull
Describes the outcome of a single coin flip
(or other binary O/1 trial)

Jeremy M. Brown



A simple stochastic model

1.0 Probabllity Mass
Function (PMF)

0.5

P

Probability

0.0

Heads alls

Bernoulli
One type of discrete distribution

Jeremy M. Brown



A simple stochastic model

1.0

2
% 0.5 p=0.5
O
al \
00 oarameter
Heads alls
FP(Heads) = p

P(Tails) = 1-p

Jeremy M. Brown
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| et’'s bulld this model!

1.0

P

Probability

0.0

Heads alls

0.5
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| et’'s bulld this stochastic model

1.0

0.5

P

Probability

0.0

Heads alls

z ~ dnBernoulli(0.5)
Z

Jeremy M. Brown



| et’'s bulld this stochastic model

1.0

Probability

0.0

mandom s 7 ~ dn

\Variable /‘

Heads alls

0.5

P

Rev language

, iNtended to feel a
3ernouli0-9) 5t jike R, but you
VA can't create random

variables in R.

‘distributed ag”

Jeremy M. Brown



dnBernoulli(9.

dnBernoulli(9.

dnBernoulli(0.

dnBernoulli(9.

dnBernoulli(9.

dnBernoulli(0.

dnBernoulli(9.
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5

5)

5)

5)

5)

5)

>
-
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0.0
Heads Talls

When you create a random variable
IN RevBayes, it automatically
initializes that variable by drawing a
value from the corresponding
probability distribution.



The Role of Models

(1) Can we explain the important features of the real world using
relatively simple mathematical principles (prediction)”

(2) Within this mathematical framework, can we learn about the
orocesses that generated our data (inference)”?

Useful stochastic models can answer ‘yes’ to both.

z ~ dnBernoulli(0.5) (1) \/

Z (2) X 0=0.5

Jeremy M. Brown



1.0

0.5

0.0

Differen

[ paranm

eter values imply different

orobabllities tor outcomes
(different PMFs)
p =0.25 p=0.5 p=0.75
Heads Talls Heads Talls Heads Talls

Jeremy M. Brown



1.0

0.5

0.0

|

Different parameter values imply different

probabillities for outcomes
(different PMFs)

Let's "compute” the p =0.75
probability of Heads

for each of these
values of p.

I

Heads Talls Heads Talls Heads

Jeremy M. Brown

lalls



Computing Likelihoods

I—ere IS where we attach our
o <- 0.5 |
ata (i.e., Heads) to our modael.
z ~ dnBernoulli(p

z.clamp(1) / Tms s known as “clamping”
Z.probability() -

T~ Here we compute:
P(Heads|p = 0.5)
L(p = 0.5; Heads)

Jeremy M. Brown



1.0

0.5

0.0

p <— 0.25
z ~ dnBernoulli(p)

p <— 0.5
z ~ dnBernoulli(p)

p <—- 0.75

z ~ dnBernoulli(p)

z.clamp(1) z.clamp(1) z.clamp(1)
z.probability() Z.probability() z.probability()
0.25 0.5 0.75

p=0.25 p=0.5 p=0.75
eads Tails eads Tails Heads Tails

Jeremy M. Brown




p <— 0.25 > Db <= 9.5 > p <—- 0.75
z ~ dnBernoulli(p) > z ~ dnBernoulli(p) > z ~ dnBernoulli(p)

z.clamp(1) > z.clamp(1) > z.clamp(1)
Z.probab” ality()

— Being able to attach data to the
model allows us to compare the
ikelihoods for ditferent values of p!

1.0 Of course, we don’t want to manually
do this for all possible values of p.
0.5
But before we talk about how to infer
‘ D, let’s take a step back. I
0.0 _ -
Heads Tails Heads Tails Heads Tails

Jeremy M. Brown



Graphical Models

Graphical models provide a means of
depicting the dependencies among
parameters In probabillistic models.

R The "graphical” part of the name graphical
models has to do with therr basis on graphs,

O O O and not anything to do with drawing.

But it is convenient that graphical models
can also be drawn, to clearly depict the
structure of the model.

Jeremy M. Brown



Building a Graphical Model

0 1s fixed at 0.25

z depends on p
7 1S a Bermoulli r.v.

Ve “observed” a
value of 1 for z.

Jeremy M. Brown

0=0.25

0=0.25

> p <— 0.25

> z ~ dnBernoulli(p)

> z.clamp(1)



0=0.25

p <—- 0.25

z ~ dnBernoulli(p)
z.clamp(1)
Z.probability()
0.25

Jeremy M. Brown

<= 0.5
~ dnBernoulli(p)
.clamp(1)
.probability()
0.5

Bernoulll

0=0./5

v

@

p <—- 0.75

z ~ dnBernoulli(p)
z.clamp(1)
Z.probability()
0.75



What are the possible building blocks
for graphical models?

Jeremy M. Brown



RevBayes Syntax

sart(16) functions Choose(6,3)

and )

aps(-11)
arguments  max([2.1,5.5,7.8])
test <- v(5,9,12) teS}; N g
foat vectors estle) <-
test[3] <- 12
test|2]
test

for (iin 1:5){ for (iin 1:3){

orint() for loops orint(test(i])
J j

https://revbayes.github.io/tutorials/intro/rev.html

https://revibayes.github.io/documentation/

Jeremy M. Brown



Graphical Model Syntax

Symbol

X

Type
Constant Node

Description

Constant nodes are like standard variables in a programming
language. They are assigned fixed values.

Rev Example

X <- 2.3

Jeremy M. Brown



Graphical Model Syntax

¢¢¢¢

~~~~

Type
Deterministic Node

Description

Deterministic nodes depend on the values of other nodes, but in a deterministic
(fixed) way. They have no probabllity distribution intrinsically associated with them.

Rev Example
y = 27X

Jeremy M. Brown



Graphical Model Syntax

Symbol

©

Type
Stochastic Node

Description
Stochastic nodes represent random variables and take on values according to
some propability distribution. These distributions may have parameters defined in
other nodes In the model graph. The type of distribution associated with a node is
often not written explicitly when a model is drawn, but it must be specified.

Rev Example
z ~ dnBernoulli(0.5)

Jeremy M. Brown



Graphical Model Syntax

Symbol

©

Type
Clamped Stochastic Node

Description

Data can be viewed as the observed outcome of a stochastic node. Clamping
iNvolves assigning a set of observations to an associated stochastic node.
Clamping data allows the values of other parameters in the model to be inferred.

Rev Example

z ~ dnBernoulli(0.5)
Z.clamp(1)

Jeremy M. Brown



Graphical Model Syntax

Symbol
—>

Type
Conditional Dependency

Description

Arrows indicate conditional dependencies and are directional. The node (variable)
that the arrow points to depends on the value of the node at the other end of the
arrow. For instance, if p points to Z, then we say that /£ is dependent on p.

Rev Example
P <- 0.5 e
z ~ dnBernoulli(p) 0.5|— — i 5]
S :=2"3

Jeremy M. Brown



Graphical Model Syntax

Description
Plates simply represent repetition and make it easier to depict graphical models

with a repetitive structure. For instance, the example above shows N instances of
the clamped variable, z, with each instance indexed by /. Plates can be used with
any type of node, but are commonly used with clamped nodes representing data.

Rev Example

N <-10

for (i in 1:N){
z[i] ~ dnBernoulli(0.5)
z[i].clamp(1)

Jeremy M. Brown }



Single

Unitorm 0 1

Prior \ /

Sermnoulll Trial (

sayesian)

Bermoulll

®

VWhat's the structure of this model?
What can we infer about this model”?
How much information will we have”

Jeremy M. Brown



Single Bermoulli Trial (Bayesian)

Uniform 0 1
Prior \ /

| } Bernoulll

®

o0 ~ dnUnif(O,1)
X ~ dnBernoulli(p)
X.clamp(O)

Jeremy M. Brown



Single Bermoulli Trial (Bayesian)

P(p) Uniform 0 1
Prior ~ Prior \ /

C’? }B P(D|p)
ernoull
@ Likelihood

o0 ~ dnUnif(O, 1)
X ~ dnBernoulli(p)
X.clamp(O)

Jeremy M. Brown



Single Binomial (Bayesian)

Uniform 0 1
Prior \ /

CID\ /n }Bnoma

How does this model relate to the Bermoulll models”?

Jeremy M. Brown



Single Binomial (Bayesian)

Uniform 0 1
Prior \ /

QD\ /n }Bnoma

o ~ dnUnif(O, 1)
n<-95
kK ~ dnBinomial(n,p)
K.clamp(3)

Jeremy M. Brown



Setting up MCMO In

Unitorm 0 1

Prior \ /

@/

Rev

3ayes

Binomial

First, create a model object. You can pass any
of the nodes 1o the constructor as a “handle”

myModel = model(n)

NOTE: We use the = assignment operator for “workspace” variables.

Jeremy M. Brown



Setting up MCMO In

Uniform
Prior

RevBayes

Binomial

First, create a model object. You can pass any
of the nodes 1o the constructor as a “handle”

myModel = model(n)

NOTE: We use the = assignment operator for “workspace” variables.

Jeremy M. Brown



Setting up MCMO In
Uniform 0 1
Prior
Slide n

Move /
()

Rev

3ayes

Binomial

Next, we need to define a proposal distribution
(move) for any parameters we are trying 1o infer.

moves = VectorMoves|()
moves.append( mvSlide(p,delta=0.1,weight=1) )

Many different move types are available in RevBayes.

Jeremy M. Brown



Setting up MCMO In

As our MCMC runs, we need to keep track of our progress
and sampled parameter values. 1o do that we use monitors.

Rev

monitors = VectorMonitors()

monitors.append( mnScreen(printgen=1000,p) )
monitors.append( mnModel(filename="myMCMC.log", printgen=10) )

Running MCMC simulation

This simulation runs 1 independent replicate.
The simulator uses 1 different moves in a random move schedule with 1 moves per iteration

3ayes

Iter | Posterior | Likelihood | Prior | p | elapsed | ETA |
0 | =10.2115 | =10.2115 | 0 | 0.08309243 | ©00:00:00 | —i—i— |
1000 | -4.8278 | -4.8278 | 0 | 0.5133643 | 00:00:00 | == |
2000 | -4.,97547 | —-4.,97547 | 0 | 0.453571 | ©00:00:00 | 00:00:00 |
3000 | -4.78164 | -4.78164 | 0 | 0.5619349 | 00:00:00 | 00:00:00 |
4000 | —5 1l l7 ) | —5)- 2T | 0 | 0.7290954 | 00:00:00 | 00:00:00 |
5000 | -5.98066 | -5.98066 | 0 | 0.2898232 | ©00:00:00 | 00:00:00 |
6000 | -4.78464 | -4.78464 | 0 | 0.5540578 | 00:00:00 | 00:00:00 |
7000 | -4.78044 | -4.78044 | 0 | 0.5690397 | ©00:00:00 | 00:00:00 |
8000 | -4.79273 | -4.79273 | 0 | 0.541859 | 00:00:00 | 00:00:00 |
9000 | -4.96352 | -4.96352 | 0 | 0.4572184 | 00:00:00 | 00:00:00 |
10000 | -4.80438 | -4.80438 | 0 | 0.6120314 | ©00:00:00 | 00:00:00 |

Jeremy M. Brown



Setting up MCMCO In RevBayes

Next we create an MCMC object.

MyMCMC = mcmc(myModel,moves,monitors)

Now, we start the MCMC!
MyMCMC.run(20000)

Wait - what does this 20,000 mean®

Jeremy M. Brown



lracer

e0e® Tracer
Trace Files: [ | Estimates [ A Marginal Density | |# Joint-Marginal | ds Trace |
Trace File | States ‘ Burn-In | X
myMCMC.log | 20000 | 2000 a Display: |KDE v
25
Reload
Traces:
Statistic Mean ESS
Posterior -1.512  |235 R [« 21
Likelihood -1.512 235 R
Prior 0EO0 = *
p 0.539 R
1.5
2
Al
s
Y
a
14
0.5
= 05 [ 05 15
. myMCMC.log
Type: | (Real | ‘ (hnt | ‘ (C)at | * constant
[ ]

Marginal Distribution

Jeremy M. Brown
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Show Burn-in  [_| Sample only Draw line plot  Legend: Colour by:

Trace Plot



Assessing Convergence

) ® Tracer
Trace Files: I Estimates | 4 Marginal Density | [ Joint-Marginal | s} Trace | £ Traces:
Trace File States Burn-In :
myMCMC.log 20000 2000 A Display: Statistic Mean ESS
myMCMC2.log 20000 2000 =
IR e 2 G 2000 2s Posterior -1.512 235 R
Combined 54000 - . P
- Likelihood -1.512 235 R
Reload Prior OEO - *
i p 0.539 R
Traces:
Statistic Mean Ess ..
Posterior -1.512 235 R |« 21
Likelihood -1.512 235 R
Prior 0EO - *
p 0.539 R
Traces:
Statistic Mean ESS
b Posterior -1.427 282 R
Likelihood -1.427 282 R
L g Prior 0OEO -
8 p 0.551 94
1-
Traces:
Statistic Mean ESS
*e Posterior -1.437 |222 R
Likelihood -1.437 222 R
Prior OEO -
p 0.58
0 , .
— -0.5 0 05 1 1.5
p
g ea n ‘ al * constan
Type: ‘ il l ’ i l : - | A W\ Legend: Colour by: | Trace lvl
[ ]
|

Jeremy M. Brown



Assessing Convergence

) ® Tracer
Trace Files: ‘ Il Estimates | 4 Marginal Density | [ Joint-Marginal | A Trace | ﬁ Traces:
Trace File States Burn-In — :
CMC.| 20000 2000 A Display: KDE o icti
mmc:j:czjgg 23000 2900 | ke I+ Statistic Mean ESS
myMCMC3.log | 20000 2000 25 Posterior -1.512 235 R |-
Combined 54000 -
°e i Likelihood ~1.512 |235 R
- Prior 0EOQ z *
Reload
p 0.539 R
Traces:
Statistic Mean ESS
Posterior -1.512 235 R |~ 2
Likelihood -1.512 235 R
Prior 0EO - *
p 0.539 R
Traces:
Statistic Mean ESS
9] Posterior -1.427 282 R
Likelihood -1.427 282 R
5 Prior OEO = &
a p 0.551 94 R
1-
Traces:
Statistic Mean ESS
e Posterior -1.437 |222 R
Likelihood -1.437 222 R
Prior OEO *
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[
|

How many samples did we draw during our MCMC analyses”?

Jeremy M. Brown




95%
Highest
Posterior
Density
(HPD)
Intervals

Jeremy M. Brown

| I Estimates T/A Marginal Density rEJoint—Marginal I/ A Trace |

Summary Statistic myMCMC.logp myMCMC2.logp myMCMC3.logp
mean | 0.5389 0.5515 0.5805
stderr of mean|0.0175 0.0173 0.0171
stdev |[0.1828 0.1681 0.1745
variance | 0.0334 0.0283 0.0305
median | 0.5357 0.5512 0.5908
value range | [0.0543, 0.9669] |[0.0437, 0.9709] |[0.0958, 0.9501]

geometric mean

0.5024

0.5219

0.5495

95% HPD interval

[0.1984, 0.878]

[0.2426, 0.8685]

[0.2526, 0.8996]

[ »

auto-correlation time (ACT) | 164.7238 190.594 173.4795
effective sample size (ESS) | 109.3 94.5 103.8 L
number of samples | 1801 1801 1801 A
<] 1]
1.E0-
Y]
=
©
>
-1.E-41
1 2
Setup...| Show: |violin v




~hylogenetic
Graphical Models
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Jeremy M. Brown

—volution that You'd Like to Try!



Jukes-Cantor

04 1 Ay
Compound N\ /o 7
Tree- and @ N |} Uniform Prior on
Branch-length R / Unrooted
Prior AN -
bl @ Topologies
eaN-da S
I 0, }Jukes—@antor

PhyvioCTMC

Jeremy M. Brown



Jukes-Cantor

a 1 Xp;
Compouna N\ /ol
Tree- and @ ; N |} Uniform Prior on

Branch-length T / Unrooted
Prior E Abl i @ TODO|OgieS

: \\ L,/

N3N S
\I’ O }Jukes—@antor

PhyloCTMGC

Jeremy M. Brown



Jukes-Cantor

data = readDiscreteCharacterData(*myData.nex”)
taxa <- data.taxal()
n_taxa <- data.ntaxal)

94 ﬁ ay; n_branches <- 2 * n_taxa - 3

...... ‘/ - - topology ~ dnUniformTopology(taxa)

N alpha <- 2

beta <- 4

e
™

TL ~ dnGamma(alpha,beta)

@ alpha_bl <- 1.0

-------- X g rel_branch_lengths ~ dnDirichlet( rep(alpha_bl,n_tranches) )

L4
4
H OE O N N O N/ N N N E .
L4
L4
|4
I m = m =" ===~

A

PR RS
S

or_lens :=rel_branch_lengths * TL

\ Q <- nJCA)
psi .= treeAssembly(topology, br_lens)

seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)

Jeremy M. Brown



Jukes-Cantor

data = readDiscreteCharacterData(“myData.nex”)
taxa <- data.taxa()

n_taxa <- data.ntaxa()

00 ﬁ ay n_branches <- 2 * n_taxa - 3

...... f - - topology ~ dnUniformTopology(taxa)

N alpha <- 2

beta <- 4

e
N

TL ~ dnGamma(alpha,beta)

@ alpha_bl <- 1.0

........ 5 5 rel_branch_lengths ~ dnDirichlet( rep(alpha_bl,n_branches) )

L4
4
H OE O N N O N/ N N N E .
L4
L4
|4
I m = m =" ===~

A

PR RS
S
S
-’

' or_lens :=rel_branch_lengths * TL

\ Q <- nJCA)
psi .= treeAssembly(topology, br_lens)

seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)

Jeremy M. Brown



Jukes-Cantor

(Compound Dirichlet tree- and branch-length prior)

N Tree Length
@ ; Gamma(a, )

Jeremy M. Brown



Jukes-Cantor

(Compound Dirichlet tree- and branch-length prior)

S
=
5

Jeremy M. Brown

: N Tree Length

: Gamma(a, f§)

: RN : / rels

L Yl 0.215 -

: “s~ . 'l(" : re|2 Cle

UEANZ3 Y S 0.194 0.075
PanY 0, Relative Branch Lengths
\P Dir(ay,)




Jeremy M. Brown

~~~~~

--------1
¢
¢
*
¢
=" s
. N
2N
1
-
v
. o U
i4 ’
B B B I = = = = = =N = = W

Jukes-Cantor

(Compound Dirichlet tree- and branch-length prior)
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Jukes-Cantor

data = readDiscreteCharacterData(*myData.nex”)
taxa <- data.taxal()

n_taxa <- data.ntaxal)

Nn_branches <- 2 * n_taxa - 3

S
=
5

topology ~ dnUniformTopology(taxa)

-
~
~

: N alpha <- 2
; : beta <-4
: v : / TL ~ dnGamma(alpha,beta)
VRS
"\b lz: ;o @ alpha_bl <- 1.0
LiedN—3 N .
........ 5 ’ rel_branch_lengths ~ dnDirichlet(rep(alpha_bl,n_branches))
\ ‘P ,': Q br_lens := rel_branch_lengths * TL

\ Q <- nJCA)
psi .= treeAssembly(topology, br_lens)

seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)

Jeremy M. Brown



Jukes-Cantor

data = readDiscreteCharacterData(*myData.nex”)
taxa <- data.taxal()

n_taxa <- data.ntaxal)

Nn_branches <- 2 * n_taxa - 3

S
=
5

topology ~ dnUniformTopology(taxa)

-
~
~

: E N alpha <- 2
' : beta <-4
E A : / TL ~ dnGamma(alpha,beta)
1 “A," . :
"\b lz:' : @ alpha_bl <- 1.0
LiedN—3 N y
........ 5 ’ rel_branch_lengths ~ dnDirichlet(rep(alpha_bl,n_branches)
\ \P '.: Q br_lens := rel_branch_lengths * TL

\ Q <- nJCA)
psi .= treeAssembly(topology, br_lens)

seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)

Jeremy M. Brown
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data = readDiscreteCharacterData(*myData.nex”)
taxa <- data.taxal()
n_taxa <- data.ntaxal)

94 ﬁ ay; n_branches <- 2 * n_taxa - 3

...... f - - topology ~ dnUniformTopology(taxa)

e
N

: E N alpha <- 2
: . beta <- 4
T — /
AR AU TL ~ dnGamma(alpha,beta)
| ~A," ‘\‘ :
'\b lz: o @ alpha_bl <- 1.0
tieoN-35 |
-------- —_ rel_branch_lengths ~ dnDirichlet(rep(alpha_bl,n_branches))
\ ‘P ,': Q ‘ br_lens := rel_branch_lengths * TL

\ Q <- nJCA)
psi .= treeAssembly(topology, br_lens)

seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)

Jeremy M. Brown



Jukes-Cantor

data = readDiscreteCharacterData(*“myData.nex’)
taxa <- data.taxa()

Nt/ At vl

¥ Alternative branch-length priors

Some studies, e.g. Brown et al. (2010), Rannala et al. (2012), have criticized the exponential prior distribution for branch
lengths because it induces a gamma-distributed tree-length and the mean of this gamma distribution grows with the
number of taxa. As an alternative, we can instead use a specific gamma prior distribution (or any other distribution
defined on a positive real variable) for the tree length, and then use a Dirichlet prior distribution to break the tree length
into the corresponding branch lengths (Zhang et al. 2012).

First, specify a prior distribution on the tree length with your desired mean. For example, we use a gamma distribution
as our prior on the tree length.

TL ~ dnGamma(2,4)
moves.append( mvScale(TL) )

Now we create a random variable for the relative branch lengths.

rel_branch_lengths ~ dnDirichlet( rep(1.0,num_branches) )
moves.append( mvBetaSimplex(rel_branch_lengths, weight=num_branches) )
moves.append( mvDirichletSimplex(rel_branch_lengths, weight=num_branches/10.0) )

Finally, transform the relative branch lengths into actual branch lengths

br_lens := rel_branch_lengths x TL

[fanches))

Jeremy M.

N—"
seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)

Brown



Jukes-Cantor

Jeremy M. Brown

1

H I E E E N N/ N NN N .

data = readDiscreteCharacterData(*myData.nex”)
taxa <- data.taxa()

n_taxa <- data.ntaxal)

N_branches <- 2 * n_taxa - 3

topology ~ dnUniformTopology(taxa)

alpha <- 2
beta <- 4

TL ~ dnGamma(alpha,beta)
alpha_bl <- 1.0
rel_branch_lengths ~ dnDirichlet(rep(alpha_bl,n_branches))

or_lens :=rel_branch_lengths * TL

Q <- fnJC(4)

psi .= treeAssembly(topology, br_lens)
seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)



Jukes-Cantor

data = readDiscreteCharacterData(*myData.nex”)
taxa <- data.taxa()

n_taxa <- data.ntaxal)

94 ﬁ ay; n_branches <- 2 * n_taxa - 3

...... f - - topology ~ dnUniformTopology(taxa)

N alpha <- 2

beta <- 4

e
N

TL ~ dnGamma(alpha,beta)

@ alpha_bl <- 1.0

L4
4
H OE O N N O N/ N N N E .
L4
L4
|4
H OE O O N N N N N NN NN E .

: i€ 2N-3 N .
"""" P .. rel_branch_lengths ~ dnDirichlet(rep(alpha_bl,n_lbranches))
'\ \P ,': Q or_lens = rel_branch_lengths * TL
$~.-‘\

\ Q <- InJC(4)

psi := treeAssembly(topology, br_lens)

seq ~ dnPhyloCTMC(tree=psi,Q=Q,type="DNA")

seq.clamp(data)

Jeremy M. Brown



Jukes-Cantor

data = readDiscreteCharacterData(*“myData.nex’)
taxa <- data.taxa()
n_taxa <- data.ntaxal)

94 ﬁ ay; n_branches <- 2 * n_taxa - 3

...... f - - topology ~ dnUniformTopology(taxa)

N alpha <- 2

beta <- 4

e
N

TL ~ dnGamma(alpha,beta)

@ alpha_bl <- 1.0

-------- X g rel_branch_lengths ~ dnDirichlet(rep(alpha_bl,n_branches))

L4
4
H OE O N N O N/ N N N E .
L4
L4
|4
I m = m =" ===~

A

PR RS
S
S
-'

' or_lens = rel_branch_lengths * TL

\ Q <- fnJC(A)
I\
psi .= treeAssembly(topology, br_lens)

seq ~ dnPhyloCTMC(tree=psi,Q=Q,type=“DNA”)

seq.clamp(data)

Jeremy M. Brown



Jukes-Cantor

)

Inferring these parameters
@ under Jukes-Cantor.

Jeremy M. Brown



HKY85

How does HKY85 differ from JC7?

() | @i [N
; Log-normal

-------------

‘4’ ----- \P' ',"_-.’\‘
Yk
\ / Dirichlet

Jeremy M. Brown



HKY85

How does HKY85 differ from JC7?



HKY85

How does HKY85 differ from JC7?

Transition-Transversion Rate Ratio

mu <- 0 /’t 9

sigma <- 1 /
kappa ~ dnLognormal(mu,sigma) \

alpha_pi <- 1.0 @

oI ~ dnDirichlet( rep(alpha_pi,4) )

Q = NHKY (kappa, pi) Q 4@4— api

~~~~~

Jeremy M. Brown



HKY85

How does HKY85 differ from JC7?

alpha_pi <- 1.0
oI ~ dnDirichlet( rep(alpha_pi,4) )

Variable Base Frequencies Q N @ a...
\ ',' 4--1- — pl

Q = InHKY(kappa, pi) N

Jeremy M. Brown
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alpha_pi <- 1.0

me

ol ~ dnDirichlet( rep(alpha_pi,4) )

Q = InGTR(er,pi)

Jeremy M. Brown

Reversible (G

DI




hings to Remember

As we add more stochastic nodes, remember to assign moves to all of them!

Vectors modeled with a Dirichlet should have a joint proposal mechanism, since
they need to sum to 1. Here are a couple:

mvBetaSimplex
mvDirichletsSimplex

You'll often want to run analyses on the same dataset with multiple models. Start
by saving your simplest model into a text file (.rev). Then, copy and paste the
code Into a file for the next model and adjust as necessary. Keep going as you
WOrK your way to more complex models.

Jeremy M. Brown



{opology Moves

Nearest-Neighor
Interchange
| (NNI)

_______ [he most minor
K topological move.

b

Jeremy M. Brown https://en.wikipedia.org/wiki/Tree_rearrangement

e,



lopology Moves

1
2

N Y 9
)\ 7 N Subtree Prune and Regraft
(SPR)

|
>*X< {X/ Intermediate topological move.
I

Often a good balance between
exploring new tree space without
disrupting things too much.

A

Jeremy M. Brown 3 4 https://en.wikipedia.org/wiki/Tree_rearrangement



Probability Density

2.0

1.5

1.0

0.5

“./.----- -

0.0

Gamma Distribution

In phylogenetics, we often use a gamma
distribution with the shape and rate parameters
set to be equal to one another, so that the mean

IS always 1.

Values



Jukes-Cantor + T

Modeling Rate Variation Across Sites
\ / f Gamma Distribution

]
]
]
]
]
]
]
]
]
]
]
S ]
. ]
~ 1 I
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~ 1
-~ 1 1
~
1 .
]
]
]

------------

DY 0 LogNormal
I:‘\‘I’ "‘: /J;\
\ ..... Ha

Discretized Gamma

Jeremy M. Brown



Jukes-Cantor + T

Modeling Rate Variation Across Sites
Gamma Distribution

mu_a <- In(5.0)
sigma_a <- 0.537405

alpha ~ dnLognormal( mu_a, sigma_a )

sr .= fnDiscretizeGamma( alpha, alpha, 4, false )

seq ~ dnPhyloCTMC(tree=psi,Q=Q LogNormal
siteRates=sr,type="DNA’) /_/5_
@ """" 1 Ho
— 8§ i< ( : )
_____ . —_
\— | O

Discretized Gamma

Jeremy M. Brown



Jukes-Cantor + T

Modeling Rate Variation Across Sites
Gamma Distribution

mu_a <- In(5.0)
sigma_a <- 0.537405

alpha ~ dnLognormal( mu_a, sigma_a )

sr .= fnDiscretizeGamma( alpha, alpha, 4, false )

seq ~ dnPhyloCTMC(tree=psi,Q=Q, LogNormal
siteRates=sr,type="DNA") P Y
RO N //ta
@[
_____ o,

Discretized Gamma

Jeremy M. Brown



Jukes-Cantor + T

Modeling Rate Variation Across Sites
Gamma Distribution

mu_a <- In(5.0)
sigma_a <- 0.537405

alpha ~ dnLognormal( mu_a, sigma_a )

sr .= fnDiscretizeGamma( alpha, alpha, 4, false )

seq ~ dnPhyloCTMC(tree=psi,Q=Q, LogNormal
siteRates=sr,type="DNA") P Y
RO \ / //ta
@} @
_____ V\ Ga

Discretized Gamma

Jeremy M. Brown



Jukes-Cantor + T

Modeling Rate Variation Across Sites
Gamma Distribution

mu_a <- In(5.0)
sigma_a <- 0.537405

alpha ~ dnLognormal( mu_a, sigma_a )

sr .= fnDiscretizeGamma( alpha, alpha, 4, false )

seq ~ dnPhyloCTMC(tree=psi,Q=Q, LogNormal
siteRates=sr,type="DNA") P Y
RO \ / //ta
l— ST iareen @
_____ V\ Ga

Discretized Gamma

Jeremy M. Brown



Jukes-Cantor + T

Modeling Rate Variation Across Sites
Gamma Distribution

mu_a <- In(5.0)
sigma_a <- 0.537405

alpha ~ dnLognormal( mu_a, sigma_a )

sr .= fnDiscretizeGamma( alpha, alpha, 4, false )

seq ~ dnPhyloCTMC(tree=psi,Q=Q LogNormal
siteRates=sr,type="DNA") P Y
Ha

Can add + T to any lis,, _____ @/
AN K \ 0

‘standard” model of
seguence evolution. v

Discretized Gamma

Jeremy M. Brown



Modeling Rate Variation Across Sites
Proportion of Invariable Sites

O - Some proportion (l) of sites
are assumed to be unable to
e change at all, presumably
B S due to selective constraint.
A
£ s- +1
S | Discrete probability mass on 0.

| | | | | |
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Relative Rate of Evolution

Jeremy M. Brown



Jukes-Cantor +

04 p Up1 | Modeling Rate Variation Across Sit
\ / f Proportion of Invariable Sites
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Mixture Distribution

Jeremy M. Brown
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Modeling Rate Variation Across Sii

es-Cantor +

Proportion of Invariable Sites

alpha_p <- 1.0
beta_p <- 1.0

o_inv ~ dnBeta( alpha_p, beta_p )

seq ~ dnPhyloCTMC(tree=psi, Q=Q,
olnv=p_inv, type="DNA")

Mixture Distribution

Jeremy M. Brown

SN



alpha_p <- 1.0
beta_p <- 1.0

Jukes-Cantor +

Modeling Rate Variation Across Sii
Proportion of Invariable Sites

o_inv ~ dnBeta( alpha_p, beta_p )

seq ~ dnPhyloCTMC(tree=psi, Q=Q,

Jeremy M. Brown

olnv=p_inv, type="DNA") Beta

Mixture Distribution

SN



Jukes-Cantor +

Modeling Rate Variation Across Sii
Proportion of Invariable Sites

alpha_p <- 1.0
beta_p <- 1.0

o_inv ~ dnBeta( alpha_p, beta_p )

seq ~ dnPhyloCTMC(tree=psi, Q=Q,

| A Beta
olnv=p_inv, type="DNA")
—~
B
Py
\ﬁ,_J

Mixture Distribution

Jeremy M. Brown
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Jukes-Cantor +

Modeling Rate Variation Across Sit
Proportion of Invariable Sites

alpha_p <- 1.0
beta_p <- 1.0

o_inv ~ dnBeta( alpha_p, beta_p )

seq ~ dnPhyloCTMC(tree=psi, Q=Q,
plv=p_inv, type="DNA) Seta
@
\
Py

Mixture Distribution

Jeremy M. Brown



Jukes-Cantor +

Modeling Rate Variation Across Sit
Proportion of Invariable Sites

alpha_p <- 1.0
beta_p <- 1.0

o_inv ~ dnBeta( alpha_p, beta_p )

seq ~ dnPhyloCTMC(tree=psi, Q=Q,

. PN A Beta
olnv=p_inv, type="DNA")
o
Can also add + | 1o li/ P
any "standard” mode ™~ ﬁp
Of seguence evolution. \——

Mixture Distribution

Jeremy M. Brown



sSummarizing Phylogenetic MCMC Output

For scalar (numerical) parameters, we often report:
\Viean

Median

95% Highest Posterior Density Interval

int-Marginal | Al Trace

000000

rrrrr

eeeeeeeeeeeeeeeeee

Jeremy M. Brown



sSummarizing Phylogenetic MCMC Output

For trees, we often report:

Maximum A Posteriori (MAP) Tree
("Best” Tree)

mapTree(runiTrees)

Jeremy M. Brown



sSummarizing Phylogenetic MCMC Output

For trees, we often report:

Maximum A Posteriori (MAP) Tree
("Best” Tree)

Majority-Rule Consensus Tree
(Formed from all bipartitions with posterior > 0.9)

consensusTree(runiirees,0.5)

Jeremy M. Brown



sSummarizing Phylogenetic MCMC Output

For trees, we often report:

Maximum A Posteriori (MAP) Tree
("Best” Tree)

Majority-Rule Consensus Tree
(Formed from all bipartitions with posterior > 0.9)

Greedy Consensus Tree
(Formed by ranking bipartitions and adding them until tree is fully resolved)

consensusTree(runiTrees,0.0)

Jeremy M. Brown



sSummarizing Phylogenetic MCMC Output

For trees, we often report:

Maximum A Posteriori (MAP) Tree
("Best” Tree)

Majority-Rule Consensus Tree
(Formed from all bipartitions with posterior > 0.9)

Greedy Consensus Tree
(Formed by ranking bipartitions and adding them until tree is fully resolved)

Maximum Clade Credibility Tree

(Sampled tree whose product of bipartition probabilities is greatest)

mccTree(runiTrees)

Jeremy M. Brown



Assessing Topological Convergence
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Assessing Topological Convergence

Visualizations of
Tree Space

Finds the biggest ditference in
estimated marginal posterior
probabilities for all bipartitions
across different replicates.

runiTrees = readTrees(‘runi.trees”)
run2Trees = readTrees(“run2.trees”)
maxdiff([run1Trees,run2Trees])

Jeremy M. Brown



RevBayes Tutorial Setup

After logging on to your VM. ..

cd ~/moledata/revbayes/genetree

ro

Jeremy M. Brown



SevV

Sayes CTMC Tutorial

Nttps://revibayes.github.io/tutorials/ctmc/

| strongly encourage you to try building at least one Rev script
yourself for this tutorial, rather than simply running those that are

already avallable.

Also note that in the scripts that are already written, the default
number of replicate runs is 1. You should set nruns to be at least

2,

Jeremy M. Brown

SO that you can assess convergence.



SevV

Sayes CTMC Tutorial

Nttps://revibayes.github.io/tutorials/ctmc/

L ook at Taple 1 In the tutorial above.

Using the model descriptions in the table, use the same
orinciples we've been practicing to set up each of these

models In RevBayes.

Hill out Table 2 for as many models as you can.

Jeremy M. Brown

ro mcmc_JC.Rev



