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Overview

Basic concepts in phylogenomics
The start: DNA sequence alignment

Distance-based phylogenetic methods
o Neighbour-Joining: Mega
Character-based phylogenetic methods

o Maximum Parsimony method
o Probabilistic phylogenetic methods
m  Maximum Likelihood: raxML

m Bayesian methods: BEAST?2
Outlook

[ == 4.0
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Where would you find the data for this session?

e The datais in this path: “/vol/volume/5b-phylogenomics”

o An alignment: snpAlignment_session5.fasta

o A txt file with the ages of the samples: sample.ages.txt

e Use this location to also store the trees and other results during this
session

e Load the environment:

conda activate phylogenomics-functional

=
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Basic concepts in phylogenomics
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What is a phylogenetic tree?

e Phylogenetics: “The branch of biology that deals with
phylogeny, especially with the deduction of the historical
relationships between groups of organisms.” oxford dictionary

D

e The relationships between organisms are inferred based on
sets of homologous characters (i.e. which were inherited from a 7"’

B
C
common ancestor): these can be morphological or molecular
characters (like DNA sequences)
e Evolutionary relationships are usually represented in a A

phylogenetic tree

)
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Parts of phylogenetic tree: Nodes and Branches

o Tips/Leaves: represent the sampled

(7~

“individuals”

Node: represent the ancestor shared
by one or more tips

Branch: it connects each node to
each other and to the leaves
(represent evolutionary path between
nodes/leaves)

—
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Parts of phylogenetic tree: Nodes and Branches

o Tips/Leaves: represent the sampled

“individuals”

Node: represent the ancestor shared by
one or more tips

Branch: it connects each node to each
other and to the leaves (represent
evolutionary path between
nodes/leaves)

Branch length: represents the number of

changes, genetic/evolutionary distance,
or time between two taxa or nodes

O

—
>
—

)
Branch length
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Types of trees: Ultrametric vs. nhon-ultrametric trees
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ULTRAMETRIC-TREE NON-ULTRAMETRIC-TREE

Ultrametric tree: the distance from the root to any leaf is the same (typically, tree with branch
length in time, and all tips sampled at present)
Non-ultrametric tree: the distance from the root to the leaves differs from leaf to leaf

(typically, tree with branch lengths representing genetic distances)
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The start: DNA sequence alignment
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DNA sequence alignment

e For phylogenetic analyses, we should compare homologous genomic
positions

e DNA sequences need to be “aligned”

e How can the sequence alignment be generated? This depends on

your data:
o Multi Sequence Alignment (MSA) of complete genomes
m MAFFT

m Clustel Omega
o Reference based alignment: covered in the Practical 4B: Genome mapping

Note: for large genomic datasets, we often use single nucleotide polymorphism (SNP)
alignments, i.e. alignments containing only variable genomic positions

%

O
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DNA sequence alignment

e Learned how to produce a SNP alignment in the Practical 4B: Genome

mapping
e Let’s explore the alignment in MEGA

,:h» Application Finder

IX] e

,‘.;',% All Applications M mega

* Bookmarks s
P MIME Type Editor

Associate application...

e Workspaces

)
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DNA sequence alignment

e File -> Open A File/Session -> Select

“/vol/volume/5b-phylogenomics/snpAlignment_session5.fasta”

Molecular Evolutionary Genetics Analysis

Analysis Help

Open a Recently Used File 3 ; - Z: : l" @

+
o/ Nt

Edit a Text File CE  DIVERSITY PHYLOGENY USERTREE ANCESTORS SELECTION RATES CLOCKS DISEASE

Convert File Format to MEGA

Printer Setup...

TIMETREE

€

DATAMONKEY

Quit MEGA

RECENT PUBLICATIONS

N (&) - » & @ G Y &
HELP DOCS EXAMPLES CITATION REPORT BUG UPDATES MEGA LINKS TOOLBAR

- PREFERENCES
(]
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DNA sequence alignment

e Analyze -> Select “Nucleotide Sequences” change “Missing Data” by “N”

-> Click OK -> Select “No” since it is not a protein encoding sequence

I~
File Analysis Help

ALIGN DATA MODELS  DISTANCE  DIVERSITY PHYLOGENY USER TREE ANCESTORS SELECTION RATES CLOCKS DISEASE
Input Data Options A X E
Nucleotide Sequences Missing Data N VIMBTRER
Protein Sequences Alignment Gap |2
.
Pairwise Distance Identical Symbol | . '@
L | T DATAMONKEY
?) Help X ) Cancel

file:///home/ubuntu/.config/MEGAX/MEGA11 1122020...

RECENT PUBLICATIONS

= & m » B @ @  © e [>T

HELP DOCS EXAMPLES  CITATION REPORT BUG UPDATES MEGA LINKS TOOLBAR PREFERENCES PROTOTYPE
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DNA sequence alignment

e Open the Alignment by clicking on the TA box

1 Molecular Evolutionary Genetics Analysis

File Analysis Help

£||/ TA 5 fie T i 5 o N || O

o

DATA MODELS DISTANCE DIVERSITY PHYLOGENY USERTREE ANCESTORS SELECTION RATES CLOCKS DISEASE
P
TA Close
Data
TIMETREE

€

DATAMONKEY

RECENT PUBLICATIONS

& m » B @ @ 1 (o l‘x’l

@p HELP DOCS EXAMPLES CITATION REPORT BUG UPDATES MEGA LINKS TOOLBAR PREFERENCES PROTOTYPE
(-]
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DNA sequence alignment

. A | i g n m e n t Of Y p eS tis py M11: Sequence Data Explorer (snpAlignment_new_selection.fasta)
o

Data Display Search Groups Highlight Statistics Help
g &
M . @ Name
o Our samples of interest are: e
2. CHC004
3. KZL002
VLI092, CHCO04 and 4. MIKO0S A TS
5. GZL002.A0101 02.YP2.1
6. JK1548 UDG PE SE

KZL0O02 dating between T N——

9. Bolgar

5000 and 2000 years Before Ennymmeress

@12. 3.ANT1a 7b
@13. 3.ANT2b MGJZ7
Present 4 14. 4 ANT1a MGJZ12

15. 2.MED1b 2506

1 16. 2.MED2c K11973002

117. 2.MED3n SHAN12
e What do the dots and

19. 2.ANT2a 2

120. 2. ANT3b CMCC95001

@21. 1.ORI1 CO92

| ette rs re p rese nt? M22. 1.0RI2 F1991016

23. 1.0RI3 IP275

WiNA 1M1k TONAAT

e \What are the Ns?

N . N .
N N
N . N .
N 6 &
N i %
N G .
N 6 w
N . N .
N .G .
N 56 =
N . G

N #06 §
N "6 %
N B = .
A .G .
N .G .
N .G .
N 50
N =0
N 6 F
C 46 %
N B c
N 5 © I

1 * /14816 Highlighted: None 34 taxa selected

e How many sequences are

we analysing?
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Distance-based phylogenetic methods
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Distance-based phylogenetic methods

e Calculate the tree from a pairwise distance:

o Number (#) of differences

o p-distance: # differences/ total # of sites

e Substitution models:

o evolutionary models allowing to account for multiple
consecutive mutations
o Different substitution models exists in which different

types of mutations have different probabilities

> F81
Allow base Allow for
frequencies transition/
to vary transversion Allow different rates
bias between all six pairs
of nucleotide changes
JC69 HKY85 = GTR
Allow for Allow base
transition/ frequencies
transversion to vary
bias
> K2P

Egan A. N., Crandall K. A. (2006) Theory of Phylogenetic Estimation
Evolutionary Genetics: Concepts and Case Studies (pp.426-443)
Publisher: Oxford University Press

Editors: Charles W Fox, Jason B Wolf

T—G Te——G T—
Jukes-Cantor 1969 (JC69) Kimura 2-parameter(K80) Felsenstein 1981(F81)
Te——> T +—— T
Hasegawa-Kishino-Yano 1985  Tamura-Nei 1993 (TN93) General Time Reversible(GTR)|

(HKY85)
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Calculate a pairwise distance matrix

In MEGA:

Ix1
File Analysis Help

\__/

MODELS

RECENT PUBLICATIONS

Molecular Evolutionary Genetics Analysis

DISEASE

4.0

Compute Overall Mean Distance...

Compute Within Group Mean Distance
Compute Between Group Mean Distance...

Compute Net Between Group Mean Distances

TIMETREE

€

DATAMONKEY

(&) w

HELP DOCS EXAMPLES

»

CITATION

& G Y &

REPORT BUG UPDATES MEGA LINKS TOOLBAR PREFERENCES

o

ANALYZE

PROTOTYPE

B

=
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Calculating a Neighbour-Joining tree

TABLE 27.11. Neighbor-

joining example

Distance matrix

Step 1

S calculations

S,= fsum all DN - 2),
where N'is the ¥ of
QOTUs in the set.

Step 2

Calculate pair with
smallest (M}, where
My=Dy= 5=

Step 3
Create a node (U) that
joins pair with lowest
such that
S.u - D.,IZ + [S - S,VZ.

Step 4

Joan j and }accmdlnf oS
above and make all
other taxa in form of
a star. Branches in black
are of unknown length.
Branches in red are of
known length.

Step 5

Calculate new distance
matrix of all other taxa
to U with
Dy =Dy + Dy~ Dy,
where | and | are those
selected from above.

Cyde 1

mmonNnw

Sa=15+4+7+6+8114 =75

Sg = (5+7+10+9+11V4 = 10.5
Sc=(447+7+6+814 =B

Sp = (7+10+7+5+N4 =95
S5i = (6+9+6+5+8V4 = B.5

S5 = (B+1148+9484 = 11

Smallest are
Mup=5-75-105=-13
Mog=5-95-85=-13

Choose one of these (AB here).

U, joins A and B:
Sauy = Dagl2 +(Sy - Sal2 =1
Souy = Das/2 + (8 - S2 =4

Cyde 2 Cycle 3
Uy € D E u € L
C |3 C|3
Dle 7 u |3 4
ENIEN 6 5 i3 b a8 b
F 7 8 9 8

Suy = 34+645+7V3 =7
Sc=(3+7+6=B)/3 =8
So=(6+7+5+93=9
S = (5+6+5+B13 =8

S = (7+8+9+B13 = 10.6

Smallest is

Moy, =3-7-8=-12
Mpe=5-9-8=-12
Choose one of these (DE here).

U; joins D and E:
Souy = Dpe2 + (Sp- 512 =3
Seuz = Dpel2 + (8 - SoV2 = 2

S50, =3+43+7)2=6.5
Sc=03+44802=75

Sy, =3+4+6)2 = 6.5
5 = (7+B+6)2 = 105

Smallest is
Moy, =3-65-75=~11

U; joins C and U:
Scus = Douy2 + (8¢ - Sy, V2 =2

Sulu, ~ Dcullz +{Su —S‘.HZ =1

S0, =12+6)1 =8
Sy =2+6)1 =8
S = (b+6V1 =12

Smallest is

Myr=6-B-12=-14
My =6-8-12=-14
My =2-8-8=-14
Choose one of these (M, bere).

U, joins Uy and Uy:
Susie = Dy + (S = Suah2 =1

Cyde 5

U,

els

Because N-2 =0,
we cannot do this
calculation.

For last pak, connect
U, and F with branch

Sost = Dusung2 + (85 - Su02 =1, length =5.

Note this is the same
tree we started with
{drawn in unrooted
form here).

From http:/iwww.icp.ucl.ac.be/~opperd/private/upgma.html.
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Let’s make our own NJ tree!

e In MEGA: Phylogeny -> Construct Neighbour Joining Tree ->
Model/Method: “p-distance” -> OK!

X Applications = B, figtre « j © Fire B mega ® 1 ) @ A Mon18jul, 07:15 Ubunty

M11: Analysis Preferences

~

File Analysis Help ANALYSIS

File System . = Scope All Selected Taxa

L TA %) fte T St . B
it v - / tatistical Method Neighbor-joininy

ALIGN DATA MODELS  DISTANCE  DIVERSITY PHYLOGENY USER TREE ERYIOGENNTRSY

Test of Phylogeny -> None
u [ P

SUBSTITUTION MODEL

Substitutions Type —> Nucleotide

Modeal

o
Substitutions to Include d: Transitions + Transversions _ |@ . . . . . . .
RATES AND PATTERNS R . . . . . ..
Rates among Sites - | Uniform Rates S

> NotApplicable [ -+ e e s

Pattern among Li -> Same (F
DATA SUBSET TO USE

Gaps/Missing Data Treatment -> Pairwise deletion
>

SYSTEM RESOURCEUSAGE  mC . . . . . ..
RECENT PUBLICATIONS >

(o] I~ » & O @ X cancer INOLSEEEEEC - - - - - - -

HELP DOCS EXAMPLES  CITATION REPORT BUG UPDATES MEGA LINKS TOOLBAR PREFERENCES

Highlighted: None

-
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Let’s make our own NJ tree!

e In MEGA: File > Export current tree (Newick) -> click on "branch lengths" and save as NJ_tree.nwk

% Applications tree-application-FigTr... ¥, Firefox By mega © Xfce Termina ¥ Applications () figt pplication-FigTr efox By mega fce Termina
>
File Search Image Subtree View Compute Caption Help

b M11: Tree E
Search Image Subtree View Compute Caption Help

Save Current Session Ctrl+S
~ M11: Text File Editor and Format Converter

£ Taxon Names Edit Search Display Utilities
Newick Export Options 1 > Layout New PN T B « » e |

Open Ctri+0
Reopen

x

v

Export Analysis Summary ~ General Subtree

-

B Branch Lengths

Close File

-

Export Pairwise Distances (% Statistics/Frequency/Info

Write Tree in a Table Format v 4 Distance Scale
Save As...

Export Group Names Line Width
— Print

Import Group Names » Gene Tree ,
Caption

Import Name Translations » Timetree Exit Editor

Show Info

Print Tree R

Print in a Sheet Scale Lengtl

Printer Setup... Tick Interva-

Quit Tre Explorer 5 Divergence Times
3 Time Scale

4 Time Scale

-

» Collapse/Expand Lineages Collapse/Expand Lineages

Compute

> Compute

W Display Caption

> M Display Caption

?) Help X) Cancel

Done Loading

SBL = 0.99688954
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Let’s make our own NJ tree!

e Explorein FigTree: type figtree in the terminal

e File -> Open -> select “NJ_tree.nwk”

)

4.0
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Let’s make our own NJ tree!

e Explore in FigTree: type figtree in the

e File -> Open -> select “NJ_tree.nwk”

e Which type of tree is this?

terminal

File Edit Tree Help

Q

4.0

, Node Clade | Taxa ‘

‘

Cartoon | Collapse | Reroot | Rotate | Annotate | Colour | Hilight| Find Selection Mode Prev/Next
¥ Layout 3 ;: 1.0RI2_F1951016 A
T 1.0RI13_IP275
Zoom: (—r—— 1.IN3a_F1954001
Expansion: ([ }—r—— LNzhS
Fish Eye: C: 1.IN1b_720441
Hootiancth: L 1ANT1_Antiqua
gLl Bolgar
Curvature: .
ndon_EastSmithfie
X X London_EastSmithfield_8124_8291_11572
[_]Align Tip Labels |_ R T
0Bs137
> Current Tree: 1 /1 2 3ANT1a 7b
> Appearance 2 AANTR MOIZY
i e T 4.ANT1a_MG)Z12
Rlraes v 2.MED1b_2506
> Tlmg'SCa[e_ ~ 2.MED2¢_K11573002
» [v|Tip Labels 2 2.MED3n_SHAN12
— T 2.ANT3b_CMCC35001
> Tip Shapes o -
> [1Tp B - 2ANT1_Nepalsl6
» [ Node Labels 2 24NT20.2
» [ |Node Shapes 2 0.ANT3a_CMCC38001
'> D N;J'de“é"a‘rsA - 9 0.ANT2_B42003004
T T Ahenerding2018
_’ [_]Branch Labels 9 0.ANT1h_CMCC432032
> Scale Bar 2 |- 0.Pes_-2233
» []Scale Axis 2 MIMOIART
- AR — = ~ 0.PE4Cd_CMCC33014
» []Legend * 0.PE2_3067
0.PE7b_620024
vuos2
GZ002.A0101_02.YP2.1
CHCOO04
k2002
Y.peudo
0.09 =
=] [

Tree: 34 tips [height = 0.8247,

. length = 0EQ]
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Types of trees: Rooted vs. Unrooted trees

human

F

e
N\

gorilla

chimpanzee

Outgroup

Outgroup

human

_|_ chimpanzee

e Unrooted: represent the relationships but not the direction in time

e Rooted: represents the relationships and the direction in time

%
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Let’s make our own NJ tree!

e Explorein FigTree: type figtree in the

terminal

\R [ Node Clade | Taxa ‘ l_l_‘

Cartoon | Collapse | Reroot | Rotate | Annotate | Colour | Hilight | Find Selection Mode Prev/Next

1 { ” s

e File ->Open -> select “NJ_tree.nwk
. o . Fshl;yeiO:I

e Which type of tree is this? e

[_]Align Tip Labels

P> Current Tree: 1 /1

o Unrooted tree =

e We know Y. pseudo is the outgroup: e
o Root the tree by selecting VY. pseudo and > s

3353333333353

pressing reroot

vvvvvvvv

Tree: 34 tips [height = 0.8247, length = 0EQ]

)




SPAAM Summer School: Phylogenomics [ 2022 | Arthur Kocher & Aida Andrades Valtuefa | 4.0

Let’s make our own NJ tree!

FigTree v1.4.4 - NJ_tree.nwk

Py : Eile Edit Tree Help | | _ ‘
How many leaves/tips has our N 56 7ol

Cartoon | Collapse | Reroot | Rotate | Annotate | Colour | Hilight| Find Selection Mode Prev/Next

% | Node Clade I Taxa l l_l—J

7 ¥ Layout 3 i‘: 1.0RI2_F1991016 :l
tree: el || |

Zoom: : 1.IN3a_F1954001

Expansion: ([ }——— 1NZh 5

o ' ' ? i, - Lo
Is it an ultrametric tree cuiomgro— |

Bolgar
Curvature:
o : : London_EastSmithfield_8124_2291 11972
[_] Align Tip Labels 7 me—um—?g_s;

0BS137

e Where are our taxa of interest? |[pamimsn. e e
> Appearance 2 3.ANT2b_MGjZ7
P Trees 2 4.ANT1a MGJZ12
» Time Scale 2 [ e
2.MED2¢_K11573002
©) VLI092 GZL002 CHCOO4 and » [v|Tip Labels 2 2.MED3n_SHAN12
’ ] T 2.ANT3b_CMCCS5001
: S:Pds fp:sl : E 2.ANT1_NepalSi6
ode Labels X a
Kz L002 » [ INode Shapes 7 oz.AAn"TZ_-cznccascol
» [ |Node Bars 2 | 0.anT2 842003004
ST r—- e
e Do they form a clade? ey rr— B
ST L— o.Pe4cd_cMccazol4
Bl Jianand 7 ﬂ;L 0.PE2_3067
0.PE7h_620024

CHCO04
KZL002

e Which type of clade? S

¥.pseudo

0.09

L4

~ 4] [»]

Tree: 34 tips [height = 0.4614, length = 0EO]
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Types of Clades

Monophyletic clade Paraphyletic clade Polyphyletic clade
— [A — A A
— B —
o — \D ] — ] D
E E E

Monophyletic clade: group of taxa that contain all the taxa that share a common ancestor
Paraphyletic clade: group of taxa including all the taxa with a common recent ancestor
except one or more taxa. In the example A is missing from the clade to be considered
monophyletic

Polyphyletic clade: group of taxa from different monophyletic clades
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Let’s make our own NJ tree!

How many leaves/tips has our
tree?
Is it an ultrametric tree?

Where are our taxa of interest?

o VLIO92, GZLO02, CHCO04 and
KZLOOZ2

Do they form a clade?

Which type of clade?

O

Monophyletic

File Edit Tree Help

4.0

FigTree v1.4.4 - NJ_tree.nwk

'I-C | = o~ -
'%] 4 A @ % () g % | Node | clade | Taxa | |
Cartoon | Collapse | Reroot | Rotate | Annotate | Colour | Hilight| Find Selection Mode Prev/Next
¥ Layout 3 14: 1.0RIZ_F1991016 =
{ 1.0RIZ_IP275
I 3 l T I sk ’ : 1.0RIL_C092
Zoom: 1.IN2a_F1954001
Expansion: ([ }——— 1iN2h 5
Fish Eye: O:: 1.IN1b_780441
Root Length: L 1.ANTI Antiqua
Bolgar
Curvature:
) X London_EastSmithfield_8124_8291 11572
[_] Align Tip Labels Lposn_uno_?s_ss
oBs137
» Current Tree: 1 /1 2 [ 2ANT1a7h
> Appearance 2 3.ANT2b_MGjZ7
DiiTians = 4.ANT1a MOJZ12
2.MED1b_2506
P Time Scale 2 [ 2.MED2¢_K11973002
» [v|Tip Labels 2 2.MED3n_SHAN12
» [ Tip Shapes 2 E 2ANT3b_CMCC35001
2ANT1_NepalS16
» [ | Node Labels 2 T
» [ 1Node Shapes 2 0.ANT2a_CMCC22001
» [ |Node Bars 2 | oanT2 eaz003004
- Akenerding2018
» [ ]Branch Labels ~ L 0.ANT1h_ CMCCa3032
> Scale Bar 2 |— o.Pes 12238
» [ ]Scale Axis 2 MIKDOS.A_RTS
T —— '— o0.PE4Cd_CMCCI2014
» []Legend o 0.PE2_3067
0.PETh_620024
vuos2
62.002.A0101_02.YP2.1
CHCoos
KzL002
Y.pseudo
0.09 - |
=] [l ]

Tree: 34 tips [height = 0.4614, length = 0EO]
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Character-based phylogenetic methods

=
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Maximum parsimony method

1. look at all possible trees
2. reconstruct ancestral states and substitutions along the tree

3. select the tree that involves the least number of substitutions

Note: underlying assumption: the most likely tree is the one that involves the least
evolutionary changes

T T T T

N

Which tree is the most parsimonious?

=
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Maximum parsimony method

1. look at all possible trees
2. reconstruct ancestral states and substitutions along the tree

3. select the tree that involves the least number of substitutions

Note: underlying assumption: the most likely tree is the one that involves the least
evolutionary changes

N

/ this tree is the most parsimonious

2 changes 1 change

%
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Maximum parsimony method

Maximum parsimony algorithms/softwares:

e MEGA
e PAUP
e RAXML

4.0
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Probabilistic phylogenetic methods:
Maximum likelihood

o _ [0 data O parameters __, - probabilsti
Probabilistic model: stochastic model under fuhat we know et relationship
which data is generated following a probability
distribution depending on a set of parameters Data

*
P(Data|Parameters) = likelihood

Parameters
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Probabilistic phylogenetic methods:
Maximum likelihood

e i O data O Eﬂmiﬁf _-»  probabilstic
Probabilistic phylogenetic model: at wo ) bt rlationship
o whatis the data?
o what are the parameters? Data

+
P(Data|Parameters) = likelihood

Parameters
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Probabilistic phylogenetic methods:
Maximum likelihood

e Probabilistic phylogenetic model: D(whfv?etfnow) O Ev?rta:g:vegt)etrts T ‘?é%?%?'s'iﬁﬁ
o whatis the data? 1 AATCATACCCE
o what are the parameters? 2. AAACCTAGCCC Sequence alignment
3: AAACCGTACCGCC (S)
e continuous-time Markov chain (CTMC) 4 AAGCTAGGGC
model/Felsenstein model 5 ARACETAACCC

P(S|M,T) = likelihood

—— e ———— P

e good read: A road map for phylogenetic models of
species trees (Cornuault & Sanmartin 2022)

substitution

matrix

5 0 0 »
=
=
I
x
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Probabilistic phylogenetic methods:

Maximum likelihood

Maximum likelihood inference: most likely
parameters are those that maximise the
likelihood

maximum likelihood (ML)
estimate of parameters

likelihood

v

parameter values

S A

D data

(what we know)

AATCCTAGECC
AAACCTAGGCC
AAACCGTACCECC

AAGCTA C
AAACCTAAGCC

substitution
matrix

O Earameters __» probabilistic

what we want to ) )
estimate) relationship

Sequence alignment
(S)

*
P(SIM,T) = likelihood
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Probabilistic phylogenetic methods:
Maximum likelihood

maximum likelihood (ML)

A few words on bootstrapping: estimate of parameters

o ML estimate is a point estimate: doesn’t allow measuring
uncertainty

o bootstrapping is a method to do so, by looking at trees
estimated from subsampled sequence alignments

likelihood

o bootstrap support of a clade in the ML tree: percentage
of bootstrap trees that contain the clade

v

parameter values

[ TCCTAR-CC
CCTAg=CC

1 5
2: EE 1
3: CCTAQ:-CC —» 3
4 CTACRCC 2
5: CCT, CcC 4

© AATCGTAGGCC . aarffpecce 4
: AMACGTAGGCC

1
2 AAA| cc
3:  AAACCGTACGCC

4

5

AAA| ACCCC ——m»
AACET] C
[AACCC

a oA N 2

© AAGCTA C

: AAACCTAACCC © AATC 5

: AAACCT, 1
. . © AAACCT, 3

A Original alignment © AACCTA 5
€° 5. AAACCT 4

Bootstrap alignments Bootstrap trees

AW oN =
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Probabilistic phylogenetic methods:
Maximum likelihood

Practical:

o Estimate a maximum likelihood tree from the SNP
alignment using RAxML:

raxmlHPC-PTHREADS -T 3 -m GTRGAMMA -f a -x 12345 -p 12345 -N autoMRE -s snpAlignment sessionb.fasta -n full dataset.tre

N/ | | |

Random seeds Criterium to determine the input output suffix

number of bootstraps
GTR (+GAMMA) ML estimation +

substitution model rapid bootstrapping
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Probabilistic phylogenetic methods:
Maximum likelihood

Results:

(@)

Open the tree using figtree (RAXML_bipartitions... file). Change “label” to “bootstrap support” at the prompt
The tree estimated using this model is a substitution tree (branch lengths represent genetic distances in subst./site)
Not oriented in time: unrooted tree (displayed with a random root in figtree)

Reroot the tree in figtree using Y. pseudotuberculosis as an outgroup (click on the branch leading to Y. pseudo and
then “Reroot”

Where do our genomes of interest from the LNBA period place compared to the rest of Yersinia pestis diversity:
VLI092, GZL002, CHCO04, KZL002?

m Do we observe the same topology than in the NJ tree?

Is that placement well supported? (look at the bootstrap support value: click on the “Node Labels” box and open the
drop-down menu, change “Node ages” to “bootstrap support”)
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Probabilistic phylogenetic methods:
Maximum likelihood

Practical: estimate an ML tree without the outgroup

o Go back to the alignment in mega
o Unclick Y.pseudo, and export in fasta format with the name snpAlignment_without_outgroup.fasta

o Run the same raxml analysis with this alignment

raxmlHPC-PTHREADS -T3 -m GTRGAMMA -f a -x 12345 -p 12345 -N autoMRE -s snpAlignment without outgroup.fasta -n without outgroup.tre

o Visualize in figtree and re-root based on the previous results: VLI0O92, GZL002, CHC004, KZL002 were placed
basal to the Y. pestis clade

o Export the rooted tree: file > export trees > "save as currently displayed" (you can name it
ML_tree_rerooted.nexus)
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Probabilistic phylogenetic methods:

Assessing “temporal signal”

e Sample ages can be used to estimate a phylogeny which is
calibrated in time: time tree (branch lengths in time units)

e Doing so requires to assume the “molecular clock hypothesis™:
substitutions occur at a rate that is (relatively) constant in time

e Itis good practice to assess whether the genetic sequences we
analyse behave like molecular clocks before trying to estimate a
time-tree

e Classic test: root-to-tip regression:

o oldest samples should be closer to the root of the
(substitution) tree because they had less time to
accumulate substitutions

o do the distance of the tips (sampled sequences) to the root
(most recent common ancestor) correlate with sample age?

O

%
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Probabilistic phylogenetic methods:

Assessing “temporal signal”

Practical: root-to-tip regression with tempest:

o open tempest and load the re-rooted ML tree that
we produced previously

o click on "import dates" in the "sample dates" tab,
select the sample_age.txt file, and then change
to "dates specified as years before the present”

o Look at the root-to-tip regression: is there a
positive correlation?

o Which points correspond to the genomes of
interest (VLIO92, GZL0O02, CHCO004, KZL002)?
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Bayesian inference:

D data O hyperparameters O parameters __,  probabilistic
(what we know) parametrs of thoprior fuhat w went o relationship
P(Parameters|Data) o< P(Data|Parameters) x P(Parameters)
Posterior oc Likelihood x Prior
Data
95% percentile interval T
- AN ~ . P(Data|Parameters) = likelihood
A
Parameters

|
|
|
|
| median estimate
|
|
|
|

P(Parameters) = prior distribution

|
parameter value

> Hyperparameters

probability of the parameter
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Bayesian phylogenetics:
D data O h(yperparameters O parameters __,  probabilistic

parameters of the prior (what we want to : :
(what we know) distributions) estimate) relationship

Sequence alignment
(S)

7y
1

P(S|M,T) = likelihood

substitution Molecular

matrix

clock

(1)
H

(M)

P(tree|{n,}) = tree prior

P(Mh,}) = prioron M | P(ulth,) £ prior on



SPAAM Summer School: Phylogenomics [ 2022 | Arthur Kocher & Aida Andrades Valtuefa | 4.0

Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Drastic “off the cliff”
downhill steps are aimost
+_ hever accepted

A Slightly downhill steps
are usually accepted -

Bayesian inference: -

posterior

With these rules, it is easy to
see that the robot tends to
stay near the tops of hills

o characterizing the complete posterior
distribution is impossible (computation for every — \\
possible combination of parameters) e oo >

parameter value

e we “sample” from it using MCMC (Monte Carlo
Markov Chain)

| if the robot walks long enough

posterior probability density (unknown)

/ histogram of sampled values

>

e the MCMC “robot” samples value along is walk
with a frequency proportional to the posterior

probability of the parameter

parameter value
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: run a Beast analysis

ACACACCC —
TCACACCT @
ACAGACTT Tracer TreeAnnotator
~Z
5 <
2 &
< & ° ® S g
le L e

BEAULi \_/ BEAST2

xml file
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4.0

Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: run a Beast analysis

P(M|th,}) = prioron M

substitution

matrix
(M)

!

Sequence alignment
©S)

P(SIM,T) = likelihood

Molecular

clock

~
~
~
S<
~
S~
\ ﬁ
1

H P(treel{n,}) = tree prior

P(ulth,)) = prior on p

/

I

BEAULti \

X

o [ ) BEAULi 2: Standard

m Tip Dates  Site Model  Clock Model ~ Priors ~ MCMC

Link Site Models Unlink Site Models Link Clock Models Unlink Clock Models

Link Trees Unlink Trees

Name File Taxa Sites Data Type Site Model
primate-mtDNA 2 205 nucleotide noncoding

Clock Model Tree

Split

noncoding nonco

ding
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: run a Beast analysis

BEAUt \

X

Sequence alignment
©S)

4
1
P(S'M,T) = likelihood o0 e BEAUti 2: Standard
Partitions W Site Model ~ Clock Model  Priors  MCMC

substitution Molecular
matrix clock \
M) (M)
[} .
P(treel{n,}) = tree prior

P(Ul{ :F pI’IOI’ on U Use tip dates

© ® ©

PM]{h,}) = prioron M




SPAAM Summer School: Phylogenomics [ 2022 | Arthur Kocher & Aida Andrades Valtuefa | 4.0

Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: run a Beast analysis

PM]{h,}) = prioron M

®

substitution
matrix
(M)
H

Sequence alignment
©S)

1
I

P(SIM,T) = likelihood

!

-
-~

-
- |
-
-
- |
-
-

~
S<
~
~
~

A

P(ulth,)) = prior on p

Molecular
‘ ocC

BEAULti \

X

BEAULi 2: Standard

itions  Tip Dates Sl Clock Model — Priors  MCMC

Subst Model

10 estimate e
)
oo | estimate 7
v JC69 ]
HKY

TN93
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: run a Beast analysis

/

e 0
& Y’&o
BEAULti \
X
Sequence alignment
©S)
)
! ece BEAULi 2: Standard
h . .
: P(S|M)T) = |Ike|IhOOd 1 Partitions  Tip Dates  Site Model  Clock Model MCMC
,':~ - i D Tree.t:nonco ding Yule Model
1 ~<
. <

| P birthRate.t:noncoding
|

substitution
matrix
(M)

Molecular
clock

(1)

SS
~< | + Add Prior
\
1

P(M|th,}) = prioron M

e -

.
P(ulth)) = prioron - P(treelin}) = tree prior

Uniform n initial = [1.0] [-o0,00] Prior on Yule birth rate for partition s:noncodin
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: run a Beast analysis

A i

Slightly downhill steps L :Z )\ % N Drastic “off the cliff”

are usually accepted ol +_ downhill steps are almost
/ /\\ / \_ never accepted

With these rules, it is easy to
see that the robot tends to
stay near the tops of hills

Uphill steps are
always accepted

4.0

I

BEAULti \

X

Partitions

BEAULi 2: Standard
Tip Dates  Site Model  Clock Model Priors Y{e V(e

Chain Length

Store Every

Pre Burnin

Num Initialization Attempts

» tracelog
P screenlog

) treelog.t:noncoding

Sample From Prior

10000000
-1
0

10
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: prepare a BEAST analysis in beauti

load the alignment without outgroup (“Partitions” tab)

load sample ages (“Tip Dates” tab; don't forget to change to years before
present)

Use a GTR substitution matrix with a Gamma site model and 4 gamma
categories (“Site Model” tab)

Use) a relaxed clock lognormal model with an initial value of 1E-4 (“Clock Model”
tab

Use a Bayesian Skyline Coalescent tree prior (“Priors” tab)

Change the Mean clock prior to a uniform distribution between 1E-6 and 1E-3
subst/site/year (“Priors” tab)

Use 300M iterations for the MCMC chain, and log the parameters and trees
each 10,000 iterations (“MCMC” tab)

Leave everything else as default and save the setup (an xml file will be created)
Run the analysis:

beast input.xml
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Slightly downhill steps { R 1 Drastic “off the cliff”
are usually accepted S \ N downhill steps are almost
‘ /A +_ never accepted

How do we know that the robot has walked long enough? S
O
1%
Q (& i ese rules, it is easy to
e trace plot: shows sampled parameter/posterior along the MCMC chain e |C Z%éhtﬁimgﬁ r%boftefnsﬁtyot
; stay near the tops of hills
e the MCMC robot starts at a random place in the parameter space. It is going to take some time before sy
it finds the posterior “hill” and starts sampling values that make sense: this is the so called burn-in
phase parameter value

e we need to check that we have passed the burn-in phase and remove the corresponding samples

burn in phase: the MCMC
robot is climbing the

posterior hill \A

post-burn in phase: the
MCMC robot is oscillating
around the top of the
posterior hill

posterior probability

MCMC iterations
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Probabilistic phylogenetic methods:
Estimating a time tree using Bayesian phylogenetics

Slightly downhill steps (\T “ ¢ e, Drastic “off the cliff”
are usually accepted | | [~ downhil steps are almost

L /AN JA\_ . never accepted

How do we know that the robot has walked long enough?
o trace plot
« number of uncorrelated samples = effective sampling size (ESS) > 200

posterior

With these rules, it is easy to
see that the robot tends to
stay near the tops of hills

Uphill steps are
always accepted

parameter value

) A A
2 |
= .
> :
E
() !
E | !
© \
S " i dLIAN
a | . .
the hairy caterpillar!
>
MCMC iterations MCMC iterations

low ESS high ESS > 200

%



posterior
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

MCMC and marginal posterior

A g A R wmaer A |
N A, Neveracce pted /.
5 AHION
With these rules, it i t - == N S
selethaﬁﬁen:oek?otlt;zasstéo S 8 FHALTA, e >2 parameters
stay near the tops of hills N\ a 4 2 -
Uphill steps are S
always accepted > e
P >
parameter value parameter 1
value
frequenc
approximation of a
<«— parameter marginal
probability

single parameter value

v

)

MCMC iterations
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

Practical: look at the beast results with tracer

e open the log file (contains all the parameter values that have been
sampled by the MCMC robot, except the trees)

e how many samples should we burn?
e doit, and look at the ESS values of the parameters
e has the MCMC robot run long enough?

e how much longer do you think we should run it?
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

How to represent the posterior distribution of trees

Mutation rate Tree
1.9
15 4, 07 02 Th
05' 11 0.7
#1s 'os s || 9 A1 I

=
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics

How to represent the posterior distribution of trees

5]

node posterior probability

(proportion of the sampled trees
/ that contain this node)

0.9
T~ node age 95% HPD interval:
.. Posterior distribution of the node
age derived from the sample trees
Maximum clade credibility (MCC) tree: sampled tree that

maximises the product of node posterior probability
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Probabilistic phylogenetic methods:

Estimating a time tree using Bayesian phylogenetics
Practical: construct an MCC tree from the tree sample using treeannotator

treeannotator —-lowMem -burnin 10 input.trees output.MCC.tree

e open the treein figtree
e is the root of the tree consistent with what we found previously?
e is this placement well supported?

e whatis the age of the most recent common ancestor of all Y. pestis strains?

)
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Qutlook

How to deal with low coverage/noisy ancient DNA data?

m probabilistic methods should be able to handle missing data correctly
but

m potential biases with high levels of missing data difficult to predict: usual practice is to
remove alignment positions that contain high levels of missing data (i.e., positions for
which >X% of the sequences are not resolved; can be done in MEGA)

m highly incomplete sequences:
e will introduce uncertainty/noise in the trees

e are also usually low-coverage and therefore error-prone (sequencing errors, DNA
damage)

e good practice = exclude them when building the tree and trying to place them a
posteriori (phylogenetic placement softwares: EPA-ng, MGPlacer, pathPhynder)




)
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Qutlook

® accounting for genetic recombination in phylogenetic inference?

o identify recombinant genomes: RDP4
o build a phylogeny excluding recombinant regions: clonalFrame

o build an ancestral recombination graph: bacter/recomb packages (BEASTZ2)
® phylogenies can tell us more:
O phylogeography

O phylodynamics
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Resources/contact

J aida_andrades@eva.mpg.de/arthur_kocher@eva.mpg.de

e taming the BEAST website (BEASTZ tutorials): https://taming-the-beast.org

« the BEAST2 book: Drummond A. J. & Bouckaert R. R. (2015) Bayesian evolutionary analysis
with BEAST, Cambridge University Press.

o  Cornuault, J., & Sanmartin, |. (2022). A road map for phylogenetic models of species trees.

Molecular Phylogenetics and Evolution, 107483. doi: 10.1016/j.ympev.2022.107483

« Yang, Z. (2014). Molecular evolution: a statistical approach. Oxford University Press.

Bayesian
Evolutionary
Analysis
with BEAST

Alexri §. Drummond and



http://eva.mpg.de/arthur_kocher@eva.mpg.de
https://taming-the-beast.org/
https://doi.org/10.1016/j.ympev.2022.107483
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Extra slides
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Parts of phylogenetic tree: Leaves

e A B,C,D,E:the different taxa used to
build the tree

e They are the leaves of our tree

4.0

e Leaves can also be referred as tips or
terminal taxa

)
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4.0

Parts of phylogenetic tree: Outgroup & Clades

e Outgroup: taxa that is outside the
considered taxa to build the tree

e Clade: a group of leaves

=

Clade 1

Clade 2

E Outgroup
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Parts of phylogenetic tree: MRCA

(7~

Node: represent the ancestor
shared by one or more leaves

It can be referred as: Most Recent

4.0

—() MRCA

Common Ancestor (MRCA)
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Parts of phylogenetic tree: tMRCA

Node: represent the ancestor
shared by one or more leaves
It can be referred as: Most Recent

Common Ancestor (MRCA)

e The time to the MRCA is referred

)

as tMRCA

4.0

time

—¢

) MRCA




