Introduction to Bioinformatics for
Computer Scientists

Lecture 5



Plan for next lectures

* Today:
* Multiple Sequence Alignment
* Introduction to phylogenetics
* Next time:
 |Introduction to phylogenetics (continued)
* Phylogenetic search algorithms



Multiple Sequence Alignment

 What are we trying to reconstruct?



Insertions, Deletions & Substitutions

CTTGCG
ATTGCG

ATGCG ATTGCG  CTTGCG CTTGCAAG




Insertions, Deletions & Substitutions

A - C: substitution

CTTGCG
ATTGCG

ATGCG ATTGCG  CTTGCG CTTGCAAG




Insertions, Deletions & Substitutions

A - C: substitution

CTTGCG
ATTGCG

VOID - AA: insertion

ATGCG ATTGCG  CTTGCG CTTGCAAG




Insertions, Deletions & Substitutions

A - C: substitution

CTTGCG
ATTGCG

S

/ /’*“\\
VOID a\AAiinsertion

ATGCG ATTGCG  CTTGCG CTTGCAAG

We call this: “an indel”

¢ From insertion-deletion
The indel length here

Is 2, longer indel

lengths are not uncommon!



Indel size distribution

* Why are indels of size 3 rather frequent?

Indel size (bp)

Indel size distribution in coding regions of cattle genomes



Insertions, Deletions & Substitutions

A - C: substitution

CTTGCG
ATTGCG

VOID - AA: insertion

S

T - VOID: deletion

AT-GCG ATTGCG CTTGCG CTTGCAAG




Insertions, Deletions & Substitutions

A - C: substitution

CTTGCG
ATTGCG

|

T_; VOID: deletion VOID - AA: insertion

AT-GCG ATTGCG CTTGCG CTTGCAAG
¢ AT-GC--G
Aligned data: ATTGC- -G
CTTGC- -G
CTTGCAAG
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Insertions, Deletions & Substitutions

A - C: substitution

CTTGCG
ATTGCG

|

T - VOID: deletion Compute which characters share a

common evolutionary history!
This is also called: inferring homology

.

AT-GCG ATTGCG CTTGCG CTTGCAAG
‘ AT-GC--G
Aligned data: ATTGC- -G
CTTGC- -G
CTTGCAAG
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Multiple Sequence Alignment

e So far

* Comparing two sequences (Lukas’ lecture)
* Mapping a sequence/read to a reference genome (Alexey’s lecture)

 What do we do when we want to compare more than two
sequences at a time?

— Multiple Sequence Alignment (MSA)

* Open guestion: How do we assess the quality/accuracy of
MSA algorithms?

— nice review paper: “Who watches the watchmen?”
http://arxiv.org/abs/1211.2160
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http://arxiv.org/abs/1211.2160

Why do we need MSAS?

* |nput for phylogenetic reconstruction

* Discover important (e.g., conserved) parts of a
protein family

* Protein family — group of evolutionary related
genes/proteins In different species with similar
function/structure

* Family has a different meaning than in
taxonomy!

13



MSA

* Generalization of pair-wise seguence alignment problem

e Given n orthologous sequences sy,...,Sp of different

14

lengths, insert gaps “-” such that:

* All sequences have the same length
e Some criterion is optimized

 Corresponding (homologous) characters in s; and s;

are aligned to each other (in the same alignment
column/site)

* Columns/sites that entirely consist of gaps are not
allowed



15

sl
S2
s3
s4

MSA Terminology

MQ P I|LI|L L

ML R -|LI|L -

MK - I|L|L L

MP P VL[|l L
A

Alignment site/Alignment column

Orthologous sequences:
Sequences in different species
that have evolved from the same
ancestral gene

- seguences that share a common
evolutionary history
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sl
S2
s3
s4

MSA Terminology

MQ P I L L|L

ML R - L LJ-

MK - | L L|L

MP P VLI|L
A

Alignment site/Alignment column

Homologous characters:
Characters that share a common
evolutionary history
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sl
S2
s3
s4

MSA Terminology

MQ P I L L|L

ML R - L LJ-

MK - | L L|L

MP P VLI|L
A

Alignment site/Alignment column

Homologous characters:
Characters that share a common
evolutionary history

Note that, in this column the characters
are similar (analogous), but this does
not automatically induce homology!

They could be similar by chance or via
convergent evolution (see slides later-on)



Gene lineage

Species tree

speciation
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Orthology

~_— speciation

Gene duplication



Gene lineage

Species tree

speciation
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Orthology

~_— speciation

Gene duplication



Gene lineage

Species tree

speciation
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Orthology

ﬁ

~_— speciation

Gene duplication

W\Y/

paralogous



Gene lineage

Species tree

speciation
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Orthology

~_— speciation

Gene duplication

homologous

paralogous



Homology

* High sequence similarity does not automatically
induce homology

 Same seguence (gene function) can have evolved
Independently twice — convergent evolution

* For short sequences: similar by chance

Similar due 1o Stmilar due 1o,
inheritance wl.other factors

offspring  offspring
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Convergent Evolution

Bat wing

| Hvrniss Abmwany o the saimes
calar g hamoloogins

Bird wing

[ Thus supports far fnsect wings
abi et hoimolodgious with the
| o of bat and bid wings

Insect wing

e
e,

G

| = powered flight

Common
ancestral
population

Bats

Mice

Birds



Orthology Assignment

 Numerous methods available
* WIll not be covered here - difficult problem

* Henceforth let us assume that we are given a
set of n orthologous sequences sjy,...,Sp and

want to align them
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Alignment Criteria

* How do we define alignment quality?

e There are different criteria

25

The SP (sum of pairs) measure

Real data benchmarks

Curated alignments (based on protein structure)
Evolutionary measures

Simulations



Alignment Criteria

* How do we define alignment quality?

e There are different criteria

26

The SP (sum of pairs) measure

Real data benchmarks

Curated alignments (based on protein structure)
Evolutionary measures

Simulations



The SP measure

 SP: sum-of-pairs score

* Score each MSA site and then add up the
scores over all sites

* Penalize mismatches and gaps
* Favor matches

* The per-site score Is defined as the sum over all
pairwise scores between characters of a site

27



SP an example

» SP-score(l, -, I, V) =
p(l,-) +p(l, I) +p(l, V) +p(-7 I) +p('7 V) +p(l, V)
* Where p() is the penalty function and p(-,-) .= 0

* Given a MSA with n sequences and m sites we
can thus compute the overall score as:

sp = 0;
for(1 =0; 1 < m; 1++)

sp += SP-score(sites[i]);
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An example

sl A A G A A - A
s2 A T - A A T G
s3 C T G - G - G

Using the edit distance for p() the score is:
2+2+2+2+2+2+2=14

Note that, we can also compute this as the sum of pair-wise edit distances
between the aligned sequences:

e(sl,s2) + e(s1,s3) +e(s2,s3) =4+5+5

Keep in mind that, p(-,-) .= 0



The SP measure

* Note that, this is only one way to quantify the
guality of an alignment

e One can build alignment algorithms that
optimize the SP measure

* However, alignments (MSAs) with larger SP
scores may better represent the true
evolutionary history of the characters!

30



How can we extend pair-wise
alignment to triple-wise alignment?

* Any ideas?
 What is the time and space complexity?

31



SP-based optimization

We can extend the dynamic programming approach
for pair-wise sequence alignment to n sequences for

calculating an SP-optimal MSA
Assume that all n sequences have equal length m

* Storing the dynamic programming matrix requires O(m")
space

* And the lower bound for time is also O(m") because all m"

entries need to be computed — consider an example with
n:=3
* As you can imagine, computing the SP-optimal MSA
IS NP-complete
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http://online.liebertpub.com/doi/abs/10.1089/cmb.1994.1.337

SP-based MSA

* NP-complete

* Not granted that SP Is the correct (biologically
most plausible) criterion!

* Depends on -arbitrary- choice of scoring
function p()

* We need heuristics or approximation algorithms!

* We will have a look at some basic approaches
now ...
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Star Alignment Approximation

Pick a center sequence s¢

Align all remaining sequences to s¢ using a pairwise

seguence alignment algorithm
*Once a gap, always a gap” strategy

— gaps inserted into s; can not be removed

again
Sc can be picked by computing all O(n2)
precisely: (n2/2) - n] optimal pair-wise a
and selecting the sequence that has the
similarity to all other sequences

'more
ignments

argest
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sl:
S2:
S3:
s4:
S5:

Star Alignment

ATTGCCATT
ATGGCCATT
ATCCAATTTT
ATCTTCTT
ACTGACC
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sl:
S2:
S3:
s4:
S5:

Star Alignment

ATTGCCATT < center sequence
ATGGCCATT

ATCCAATTTT

ATCTTCTT

ACTGACC
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Star Alignment
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sl:
S2:

sl:
Ss3:

sl:
s4:

sl:
s5:

Star Alignment

ATTGCCATT
ATGGCCATT

ATTGCCATT - -
ATC-CAATTTT

ATTGCCATT
ATCTTC-TT

ATTGCCATT
ACTGACC- -



39

sl:
S2:

sl:
Ss3:

sl:
s4:

sl:
s5:

ATTGCCATT
ATGGCCATT

ATTGCCATT

ATTGCCATT

ATCTTC-TT

ATTGCCATT
ACTGACC- -

Star Alignment

-- - Gaps inserted

ATC-CAATTTT

N
@/

“Once a gap, always a gap”
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sl:
S2:
S3:
s4:
S5:

The Star Alignment

ATTGCCATT- -
ATGGCCATT- -
ATC-CAATTTT
ATCTTC-TT- -
ACTGACC- - - -
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Another Example

s1:ATTGCCATT
s2:ATGGCCATT
s3:ATCCAATTTT
s4:ATCTTCTT
sS5:ATTGCCGATT



Another Example

s1:ATTGCCATT
s2:ATGGCCATT

S1:ATTGCCATT- -
s3:AT-CCAATTTT

s1:ATTGCCATT
s4:ATCTTC-TT

S1:ATTGCC-ATT
s5:ATTGCCGATT

42 pajrwise alignment step



sl
S2

sl
s3

sl

s4:

sl
s5

Another Example

: ATTGCCATT
: ATGGCCATT

: ATTGCCATT - -
:AT-CCAATTTT

: ATTGCCATT

ATCTTC-TT

:ATTGCC-ATT
: ATTGCCGATT

43 paijrwise alignment step

s1:ATTGCCATT
s2:ATGGCCATT



sl
S2

sl
s3

sl

s4:

sl
s5

Another Example

: ATTGCCATT
: ATGGCCATT

: ATTGCCATT - -
:AT-CCAATTTT

: ATTGCCATT

ATCTTC-TT

:ATTGCC-ATT
: ATTGCCGATT

44 pairwise alignment step

s1:ATTGCCATT
s2:ATGGCCATT

S1:ATTGCCATT - -
S2:ATGGCCATT - -
s3:AT-CCAATTTT



sl
S2

sl

sl

s4:

sl:

s5

Another Example

: ATTGCCATT
: ATGGCCATT

: ATTGCCATT - -
S3:

AT-CCAATTTT

: ATTGCCATT

ATCTTC-TT

ATTGCC-ATT
ATTGCCGATT

45 pairwise alignment step

sl:
: ATGGCCATT

S2

sl:
: ATGGCCATT - -
AT -CCAATTTT

S2
S3

sl:
: ATGGCCATT - -
: AT -CCAATTTT
:ATCTTC-TT- -

S2
S3
s4

ATTGCCATT

ATTGCCATT - -

ATTGCCATT - -



sl
S2

sl

S3:

sl

s4:

sl:
s5:

Another Example

: ATTGCCATT
: ATGGCCATT

: ATTGCCATT - -

AT-CCAATTTT

: ATTGCCATT

ATCTTC-TT

ATTGCC-ATT
ATTGCCGATT

46 pajrwise alignment step

s1:ATTGCCATT
52 :ATGGCCATT

S1:ATTGCCATT- -
52 :ATGGCCATT - -
S3:AT-CCAATTTT

s1:ATTGCCATT- -
S2:ATGGCCATT- -
S3:AT-CCAATTTT
s4:ATCTTC-TT--
——» Shift right!
s1:ATTGCCEATT- -
S2:ATGGCC-
S3:AT-CCA-
s4:ATCTTC-
S5:ATTGCCGATT - -

Merging step



Star Alignment Approximation

* Produces an MSA whose SP score Is
< 2 * optimum

* Proof omitted

* Reference: D. Gusfield “Efficient methods for
multiple sequence alignment with guaranteed

error bounds”, Bulletin of Mathematical Biology,
1993.
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Tree Alignment

* |f an evolutionary tree for the sequences Is
available

C> < )
GT G

48



Tree Alignment

* FInd an assignment of sequences to the inner
nodes such that the sum over the similarity
scores on all branches iIs maximized

CAT
> < )
GT G

49
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Tree Alignment

p(ab):=1ifa=>b
p(a,b) :=0ifa#b
p(a,-) =-1

CAT
CTG
GT G
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p(ab):=1ifa=>b
p(a,b) :=0ifa#b

p(a, ') =-1
CAT CAT
C-T -
CT CG CG
CT
GT
GT

CG

CG

Tree Alignment

CTG



Tree Alignment

pab) =1ifa=>b What is the score of
) this tree?
p(a,b) :=0ifa#b
p(a, ') =-1
CAT  caT C-G CTG
C-T - CTG
CT CG CG
CT CG
GT CG
CG

GT
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Tree Alignment

p(ab):=1ifa=>b
p(a,b) :=0ifa#b
p(a,-) =-1

CAT
CTG
1 1
cT G
1
2
1
GT G
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Tree Alignment

p(ab):=1ifa=>b
p(a,b) :=0ifa#b
p(a,-) =-1

AT
C CTG
1 1
cT G
1
2
1
GT G

Overall score: 6 — now, maximize this score
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Tree Alignment

p(a,b) =1lifa=Db
p(a,b) :=0ifa#b
p(a,-) :=-1

CAT

CTG

1 1
cT G
1
2
1
GT <0

Overall score: 6 — maximize this score
This problem is NP-hard because we don't have the ancestral states




Tree-Based Alignment

* Hen and egg problem

- we need an MSA to build a tree

— we need a tree to compute a MSA

- If the
- If the

alignment is wrong, the tree might be wrong
tree is wrong, the MSA might be wrong

e One idea

- sSimu
- very

taneous inference of tree & alignment
nard problem: trying to solve two generally

NP-harc

56

or NP-complete problems simultaneously



Practical approaches

Build a pair-wise

distance matrix
sl sn

sl

sn

S7



Practical approaches

Build a pair-wise
distance matrix

sl sn

sl
Computation of pair-wise distance matrix
Using pair-wise alignment scores can be
time and memory-intensive due to

O(n°) complexity

One may use approximate distance
methods based on k-mers

(remember last lecture!)

sn

58



Practical approaches

sl sn
s1 root
<n s6 s44 s33
_ s23 SN
Guide tree

59
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Practical approaches

sl sn

sl root

sl S6 544 s33

sn
s23 sn

Post-order traversal to build

\ an alignment bottom-up



Practical approaches

sl sn

sl root

sl S6 s44 s33

sn
s23 sn

Pair-wise profile

\4/ alignment

Pair-wise sequence I
alignment /

61 N
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Practical Approaches

Guide-tree approach

Compute all (n2/2)-n pair-wise distances (alignments) between the n
seguences

Use these distances for hierarchical clustering

* e.g. with the Neighbor Joining (NJ) algorithm — we will see this later-on for
tree building/phylogenetic inference

Use the distance-based tree to calculate pair-wise
e Sequence-sequence

e Sequence-profile

 Profile-profile

... alignments bottom up toward the root via a post-order tree traversal

Many widely-used MSA programs rely on this idea: e.g., Clustal family
of tools, T-COFFEE, MUSCLE
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AC

ATG

Progressive MSA

TCG TCC
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ATG

AC

ATG

Progressive MSA

TCG TCC
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ATG

AC

ATG

Progressive MSA

TCC
TCG TCC
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Progressive MSA

-TCC

AC

ATG

TCG TCC
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ATG

AC

ATG

Progressive MSA

Align alignments of
the two descendant nodes

TCC
TCG

TCG TCC
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GC

CC

1T

Profile Alignment

/

/

AA T-

GC

-TCC
-TCG
ATG-
A-C-



» Generalization of pair-wise sequence alignment to pair-wise

Profile Alignment

profile alignment

* Average over all possibilities

69

S1:
S2:
S3:
S4:

S5:
S6:

0123456789
PEEKSAVTAL

GEEKAAVLAL

PADKTNVKAA
AADKTNVKAA

0123456789

EGEWGLVLHV

AAEKTKIRSA

S1

S2 S3

S4



Profile Alignment

» Generalization of pair-wise sequence alignment to pair-wise

profile alignment

* Average over all possibilities

S1:
S2:
S3:
S4:

S5:
S6:

0123456
PEEKSAV
GEEKAAV
PADKTNV
AADKTNV

0123456789
EGEWGLVILHV
AAEKTKIRSA

>>rrr o

S5 6

S1 5253 354

Compute score between position 6 of x and position 7 of y

70



Profile Alignment

» Generalization of pair-wise sequence alignment to pair-wise

profile alignment

* Average over all possibilities

S1:
S2:
S3:
S4:

S5:
S6:

Weighted average over all 8 (2 * 4) possibilities:

0123456
PEEKSAV
GEEKAAV
PADKTNV
AADKTNV

0123456789
EGEWGLVILHV
AAEKTKIRSA

>>rrr o

S5 6

S1 5253 354

Score: 1/8 * [p(T,V) + p(T,1) + p(L, V) + p(L, 1) + p(K,V) + p(K,l) + p(K,V) + p(K,1)]

71



Problems with progressive MSA

* |Initial pair-wise alignments are “frozen”

* Can't be corrected when new evidence emerges

72

< X

: GAAGTT
: GAC-TT - frozen by initial alignment

y
\sixulfl be flipped Z
GAACTG

. GTACTG }y: GA-CTT \



lterative Progressive MSA

+ e.g. MUSCLE, PRRP, MAFFT

* Execute progressive MSA several times to re-
fine the alignment

73
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MUSCLE Re-Finement
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MUSCLE Re-Finement

o



MUSCLE Re-Finement

I
:é_—
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MUSCLE Re-Finement



MUSCLE Detalls

1.1 k-mer 1.2 I3 progressive
counting [ [ [ | UPGMA akgriment
o D B ———— | MSA
unalignead . i o
SEqLENDRS Jner distance
rrealree O & T compute
eidls from M3A 1
——— . | T Kimura distance
S it 1 2 | vt D2
2 3 progressive =
. 22 UPGMA
e afignment  TREE;
— — Mo
——— — ————  delors
i —— 33 rm-algn MSA — — Yes
/P/:'-' 32 compute | profiles JA4SP — ——  save:
\ﬁ\ sublres profies Scoreoener?  icin
A7 déade
d
sdge fram TREE? ok

giving 2 sirhirees

78From: “MUSCLE: multiple sequence alignment with high accuracy and high throughput”



MUSCLE Detalls

These trees are

1.1 K-mer 1.2 I3 progressive —— rooted!

counting [ [ | UPGMA - Eigmment

- fts A
unalignead
SE{UEnNDeS kaner distance TREE?
imealree 01 & 1 compute
ids from M3A41
e —— : |7 Kimura gistance
— 1 = { rriatriog 032
2.3 progressive 3 -
: 22 UPGEMA
KEHe afignment  TpEE;
— — Ng
— — —  d&ipts
—— 3.3 re-align " — = Y&
/?F 32 complfe | profies MSA 3.4 5P . ——— &zave
\}\ sublrea profiles score-hefter? MSAT
J0 aevads

t
adge fram TREE? b

giving 2 subirees

79From: “MUSCLE: multiple sequence alignment with high accuracy and high throughput”



MUSCLE Refinement

1. TREEZ is divided into two subtrees by deleting the edge.
The profile of the multiple alignment in each subtree is
computed.

2. A new multiple alignment is produced by re-aligning the two
profiles.

3. An edge/branch is chosen from TREEZ (edges are visited
In order of decreasing distance from the root)

4. If the SP score is improved, the new alignment is kept,
otherwise it is discarded.

5. Steps 1. - 4. are repeated until convergence or until a user-
defined limit is reached.

80
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Alignment Uncertrainty

The MSA depends heavily on the guide tree

The MSA depends heavily on the penalty matrix
used

Instead of using a single MSA better use an
ensemble of MSAs for downstream analyses
that captures these two sources of uncertainty

A recent preprint by the MUSCLE guy:

Mew Resulis A Follow this preprimnt

MUSCLE v5 enables improved estimates of phylogenetic tree confidence by
ensemble bootstrapping

Robert C. Edgar
doi: https://doi.org/10.1101/2021.06.20.449169

evizw [what does this mean?]



What Is an ensemble?

* Ensemble forecasting is a numerical weather prediction method.
Instead of making a single forecast of the most likely weather, a set (or
ensemble) of forecasts is produced. This set of forecasts aims to give
an indication of the range of possible future states of the atmosphere.

* Multiple simulations are conducted to account for uncertainty sources in
forecast models:

(1) errors due to imperfect initial conditions
(2) errors introduced because of imperfect models

* In general, this approach can be used for probabilistic forecasts of any
dynamical system, not just for weather prediction.

* See: https://en.wikipedia.org/wiki/Ensemble forecasting
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https://en.wikipedia.org/wiki/Ensemble_forecasting

Temperature Forecast Ensemble

— | ippar Qissabile 095
= Lower Creaiia 0,95
== Actegl Obssnafion

20

15

Temperature

10

10 20 30 40 50
Farecast Time- hours

[ - =S



Benchmarking MSASs

« MSA benchmarks - mostly structural protein
data that has been manually aligned to reflect
the protein structure

e Databases: BALIBASE 2.0, OXBench, PREFAB, etc
e Simulation

— focus on alignment
- focus on phylogeny

84



85

N

d

o
N\

Simulation

simulate

—

true MSA
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N

d

o
N\

Simulation

simulate

—

true MSA

disalign

\J

ACGTTTT
ACGGGTTT
ACGTTTG
GCAATTTTTT
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N
N\

Simulation

Inferred MSA

simulate
—> true MSA
disalign
\J
ACGTTTT
ACGGGTTT
ACGTTTG
. GCAATTTTTT
align
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N
N\

Simulation

simulate

Inferred MSA

—

true MSA

Count correct sites
Compare SP scores

disalign

\J

ACGTTTT
ACGGGTTT
ACGTTTG
GCAATTTTTT
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N
RN
NS
71\

‘ Infer tree

Simulation

Inferred MSA

simulate
—> true MSA
disalign
\J
ACGTTTT
ACGGGTTT
ACGTTTG
. GCAATTTTTT
align



Simulation

simulate

NS R

/ A \ true MSA
\

/

Compare trees

\ disalign

\ \
‘ Infer tree ACGTTTT
ACGGGTTT

/ ACGTTTG
. GCAATTTTTT
align

Inferred MSA

90
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Summary

MSA is generally difficult due to lack of objective criteria

MSA as defined per SP-score is NP-complete

Tree-alignment MSA is also NP-complete

There exist approximation algorithms with performance guarantees

However, practical approaches use ad hoc heuristics that typically
perform better

Classes of algorithms
Progressive MSA

Progressive iterative MSA

Statistical MSA (not covered)

Phylogeny-aware MSA (not covered)
Simultaneous MSA & tree inference (not covered)



Time for a break :-)

* Up next: Introdutcion to Phylogenetics
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The story so far

* Biological Terminology: RNA, DNA, genes,
genomes, etc

* Pair-wise Sequence Alignment
* Segquence Comparison

* Genome Assembly

* Multiple Sequence Alighment
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The story so far

* Biological Terminology: RNA, DNA, genes,
genomes, etc

* Pair-wise Sequence Alignment
* Segquence Comparison

* Genome Assembly

* Multiple Sequence Alighment

* Phylogenetic Inference
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A Taxonomy
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A-Eﬁm_lﬁ_a_m_\l

First systematic classification of living beings by Aristotele 384 -382 BC
Some terms still in use today, e.g., classification of animals into
Vertebrates versus Invertebrates

Order Camivora

¥ 4 &* 1
Turtle & [ W
(outgroup) | Horse '
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Wirbeltiere

A-Eo_\_l_a_la_am_\l

First systematic classification of living beings by Aristotele 384 -382 BC

Some terms still in use today, e.g., classification of animals into
Vertebrates versus Invertebrates

Order Camivora

4 ’I‘“ e
Turtle 4 r : = ; \
(outgroup) Horse Wolf Leopard Domesticcal




Taxonomy

* Group biological organisms (species) into groups with similar
characteristics

* Define characteristics of groups at different hierarchy levels, e.g.,
animals > mammals > great apes

 Taxonomic ranks

 Domain - three domains of life
* Kingdom

* Phylum

* Class

* Order

* Family

 Genus

* Species

98



A Phylogeny or Phylogenetic Tree
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A Phylogeny or Phylogenetic Tree
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In Phylogenetics
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Phylogeny

* An unrooted strictly binary tree

* Leafs are labeled by extant (currently living) organisms represented
by their DNA/Protein sequences

— Wwe can also sequence ancient DNA, see, for instance, the
neandertal genome: “The complete genome sequence of a
Neanderthal from the Altai Mountains”, Nature 2013

- depends on temperature, time, and other environmental conditions
- up to 300,000 years back, see
http://www.pnas.org/content/110/39/15758.abstract
* Inner nodes represent hypothetical common ancestors

* Outgroup: one or more closely related, but different species — allows
to root the tree
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http://www.pnas.org/content/110/39/15758.abstract

Taxon

Used to denote clades/subtrees in phylogenies or taxonomies

* A group of one or more species that form a biological unit

As defined by taxonomists
— subject of controversial debates
— part of the culture/fuzziness of Biology
In phylogenetics we often refer to a single leaf as taxon

- the plural of taxon is taxa

— we often say that a tree with n leaves (sequences) has n
taxa
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Some more terminology

~ This phylogeny has a root!

B and C are a monophyletic group; they are sister species
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Some more terminology

(A,B,C) is a monophyletic group; it is sister to (D, E)
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Some more terminology

(A,B,C,D) is paraphyletic — E is excluded
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Some more terminology

(A,D) is a polyphyletic group — their most recent common ancestor (MRCA) is excluded
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Some more terminology

Tree-based or patristic distance between two taxa:
Sum over branch lengths along the path in the tree, e.q.:

107



Some more terminology

Tree-based or patristic distance between two taxa:
Sum over branch lengths along the path in the tree, e.q.:
A - B:0.2
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Some more terminology

Tree-based or patristic distance between two taxa:

Sum over branch lengths along the path in the tree, e.q.:
A - B:0.2

A - D:0.35
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Tree Rooting

Outgroup species 1

Ingroup species 3

Outgroup species 2

Ingroup species 2 Ingroup species 1
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Tree Rooting

Pull up
Outgroup species 1 - v
e
e .
B Ingroup species 3
Outgroup species 2
Ingroup species 2 Ingroup species 1
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Tree Rooting

root

/

Ingroup species 3
Outgroup species 1

Ingroup species 2

Ingroup species 1
Outgroup species 2
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Outgroup species 1

113

Tree Rooting

/

Ingroup species 2

Outgroup species 2

root

This is just a drawing option!
Tree inference algorithms treat
ingroup and outgroup sequences
mathematically in the same way!

Ingroup species 3

Ingroup species 1



Outgroup Choice

Ingroup species 4 Ingroup species 3

Ingroup species 2 Ingroup species 1

Clear signal

Close Outgroup

ﬁy
Distant Outgroup
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Tree Inference

Taxon 1:ACGTTT Taxon 1:ACGTTT-
Taxon 2:ACGTT 5, MSA » 1axon 2:ACGTT- - Tree inference
Taxon 3:ACCCT Program Taxon 3:ACCCT- - program
Taxon 4:AGGGTTT Taxon 4:AGGGTTT
A
\/

Taxon 1 Taxon 3
Obtain homologous sequences from the same gene \ /
(e.g., 16S RNA) of different species from a sequence database
(e.g., GenBank) \

Taxon 2 Taxon 4
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Tree Inference

Taxon 1:ACGTTT Taxon 1:ACGTTT-
Taxon 2:ACGTT 5, MSA » 1axon 2:ACGTT- - Tree inference
Taxon 3:ACCCT Program Taxon 3:ACCCT- - program

Taxon 4:AGGGTTT Taxon 4:AGGGTTT

Taxon 1

Taxon 3
Most widely-used alignment formats: \ /

*PHYLIP
*NEXUS
*FASTA

Taxon 2 Taxon 4
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Taxon
Taxon
Taxon
Taxon

117

Tree Inference

1:ACGTTT Taxon
2:ACGTT I MSA » 1axon
3:ACCCT Program Taxon
4 : AGGGTTT Taxon

1:ACGTTT-
2:ACGTT-- Tree inference
3:ACCCT- - program
4:AGGGTTT
\J
Taxon 1

Most widely-used tree formats:
*NEWICK
‘NEXUS

—

\\\\\ Tiigp 3
\

Taxon 2 Taxon 4



Tree Inference

Taxon 1:ACGTTT Taxon 1:ACGTTT-

Taxon 2:ACGTT 5, MSA » 1axon 2:ACGTT- - Tree inference
Taxon 3:ACCCT Program Taxon 3:ACCCT- - program
Taxon 4:AGGGTTT Taxon 4:AGGGTTT

Taxon 1

Taxon 3
Newick example: Remember that this is an >\ /

unrooted tree!

(Taxonl, Taxon2, (Taxon3,Taxon4)):;
or

((Taxonl, Taxon2), Taxon3,Taxon4);

Taxon 2 Taxon 4

N
118 Top level trifurcation



Tree Inference

Taxon 1:ACGTTT Taxon 1:ACGTTT-
Taxon 2:ACGTT 5, MSA » 1axon 2:ACGTT- - Tree inference
Taxon 3:ACCCT Program Taxon 3:ACCCT- - program
Taxon 4:AGGGTTT Taxon 4:AGGGTTT
\/
Taxon 1

((Taxonl, Taxon2), (Taxon3,Taxon4)):

Taxon 3
\ root /
(N
< \\\
Taxon 2 Taxon 4
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Tree Inference

Taxon 1:ACGTTT Taxon 1:ACGTTT-
Taxon 2:ACGTT 5, MSA » 1axon 2:ACGTT- - Tree inference
Taxon 3:ACCCT Program Taxon 3:ACCCT- - program
Taxon 4:AGGGTTT Taxon 4:AGGGTTT
\4
Taxon 1 Taxon 3
0.1
Trees may have relative | \ % 1>
branch lengths, depending - 0.3 \
on the tree inference method 0.15
that was used
Taxon 2 Taxon 4
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Taxon
Taxon
Taxon
Taxon

121

Tree Inference

1:ACGTTT Taxon 1:ACGTTT-

2:ACGTT I MSA » 1axon 2:ACGTT- - Tree inference
3:ACCCT Program Taxon 3:ACCCT- - program
4: AGGGTTT Taxon 4:AGGGTTT

\J
Taxon 1 Taxon 3
0.1
Trees may have relative | \ % 1>
branch lengths, depending 0o/ O3 \
on the tree inference method 0.15
that was used
Taxon 2 Taxon 4

Newick format with branch lengths:
(Taxonl:0.1,Taxon2:0.2, (Taxon3:0.15,Taxon4:0.15):0.3);



Problems with Newick tree format

* Except for branch length values: no way to
associate meta-data to branch lengths

* However, there Is Iimportant meta-data, e.g.,
branch support: how well is a branch in the tree

supported?

— ad hoc solution: represent branch support
values as node meta-data!

- this causes problems
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Problems with Newick tree format

(a)

R

L

Branch support values represented as node
meta-data can be assigned incorrectly to
branches after re-rooting.

About 50% of the tools we checked had this
Problem. For details see:
https://academic.oup.com/mbe/article/34/6/1535/3077051

< Which representation is
correct?


https://academic.oup.com/mbe/article/34/6/1535/3077051
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A real example

_thermophilus HB27 NrdA@YP_ 006145
“thermophilus_HBS_NrdA@YP_145448
T_aquaticusYSIMC23 NrdA@2P_03497649

S _ruber 13855 NMA@YP 444285

@

D_nodosus_VCS1703A | NrﬂA@VP 001209517

ychromonas_CNPT3_NrdA2@2ZP_01215780

P_irgensil_23P_NrdA@ZP_01117179

L blandensisMED217_NrdA@EAQ51287

uid_eubacteriumSCBA9 NrdA@ZP_01889446
“F_johnsoniae UW101_NrdAl@YP_001196392

C_sputigena_Capno_NrdA@ZP_03392007

phage_31_NrdA@YP 238837
£_novicldaGA993548_NrdA@YP 002170840

Gmuper iridovirus NrﬂA@M\/QlOGO
iridov_NrdA@YP_1641:

Singapore g i
) SoftshelTurtleVirus NrdA@YP nozssazn

X

R_rubrum_ATCC 11170 _NrdA@YP 426532
8 japoniciim_110, NrdA@NP 766647
8_elkanii_NrdA@CAQS7558
Pbermuden_HTCC2503_NrdA@ZP 01017181

0.536000

Caulobacter_sp_K31_NrdA@YP_001686279
C crescentus CB15 NrdAGNP 422286
C crescentusNA1000_NrdA@YP ( onzsxsgao
H_neptunium 15444 NrdA@YP
OalexandriiHTCC2633 NrdA@ZP ( 00953193
M_maris_ MCS10_NrdA@YP_755630
A cryptum JF5_NrdA@YP 001233878
G bethesdensis_CGDNI_NrdA@YP_744708
G_oxydans_621H NrdA@YP_192385
G_diazotrophicusPAI5_NrdA@YP 001602068
P lavamentivorans DS NrdA@YP 001411784
pe!agmactermcuzu mA@EDZsouz
C_Pelagib_HTCC1062_NrdA@YP_266566
CP_ubique HTCC1002 NrdA@ZP_01265081
= N_sennefsu_Miyayama_NrdA@YP_506298
Wolbachia sp Dm_NrdA@AAS13943
W_pipientis ! NmA@v 001975889
Walbachia_sp_Bm TRS_NrdA@YP 198525
WOnchocerca_ Whmlus NrdA@CKLZ 9480

A_phagocytop.

0_tsut: sugﬂl’l’\uﬁhl NrdA@’llS 001248104
Q_tsutsuglkeda NrdA@YP ¢ 001933143
R_bellii_RML369C_NrdA@YP
R_belli_OSU_85389 NmA@YP 001495325
R _prowazekil Madrid NrdA@NP 220889
R_typhi_Wilmington_NrdA@YP_067452
R_canadensis_McKiel NMA@VP 001492319

R africaeESF5. Nrdh@YP DOZMSNS

a) original tree

(b)

0.993000

_phage_31_NrdA@YP_238837
[ Fiohnsoniae UWIOL NidALGYP 001196352
C_sputigena_Capno_NrdA@2ZP_033920(

Psychi dAZ@ZP 01215780
1117179

9 NrdAGZP 01889446

3A Nr&A@YP 001209517

S ruber 13855 NrdAGYP_444285

H_lacusprofundi49239 NFdA@YP 002564381
Halophage_AAJ2005_NrdA@ABB77922

T thermophilus HB8_NrdA@YP_145448
£ novicidaGA993548 NmA@YP 002170840

F novicida U112 NrdA@YP 898623
F_tularensisWY963418_NrdAGYP_ 001121958
F_tula_t SCHUS4_NrdA@YP_169563
FllerehsislVs HidAGY?. 513604
) Grouper_iridovirus_NrdA@AAV91060
Singapore_g_iridoy_NrdA@YP_164159
SoftshelTurtleVirus NrdA@YP 002854273

A_taeniorhynchus_IV_NrdAGYP_654637
S_alaskensis RB2256_NrdA@YP_616819
S wittichii RW1_NrdA@YP 001262005

N_aromat_DSM12444 NrdA@YP_495556

\@;

R_rubrum_ ATCC 11170 NrdA@YP 426532
§_japonicum_110_NrdA@NP_766847
8 elkanii NrdA@CAQ57558
P_bermuden HTCC2503 NrdA@ZP 01017181

= BrevundinionasBAL3 NrdA@YP 002587322
P_zucineumHLK1 Nnﬂ@w 002129184
Caulobacter sp K31 NrdA@YP 001686279
C crescentus CB15 NrﬂA@NP 322286
C_crescentusNA1000_ NrdA@YP_002518980

YP

a_NrdA@YP 001938148

AML365C NrdA@YP 537903
85389 NmA@YP 001496328

R_akari_Hartford_NrdA@YP_0014
R_massfliaeMTUS NrdA@YP | 00“99367
R_felis URRWXCal2_NrdA@YP_246725
R_conorii_Malish_7 _NrdA@NP 360284
R rickettsii NrdA@ZP_00153685
R_africaeESFS_NrdA@YP_002845245

b) re-rooted tree with shifted support values
Cc) re-rooted tree with correct support values

(c)

0.987000

_phage_31_NrdA@YP 238837
F_johnsoniae_UW101 NrdA1@YP_001196392
—_— :C_spu!ignna_Capno_NrdA@ZP 03392007
Psychiromonas CNPT: NdAZ@ZP 01215780
i 117175

uid enhmenumscu NrdA@ZP_01889446
429000 p nodosus VCS1703A_NrdAGYP 001209517
s ruber_13855_NrdA@YP_444285
H_lacusprofundid9239_NrdA@YP_002564381
Halqphaga AAJ2005_NrdA@ABB77922
nv_halophage_1_NrdA@ABB77922
N pharaonls DSM 216 NrdA@YP 327711
mukahatamlzzaé NrdA@2ZP 03875490
aquan:usvsmc} NrdA@ZP_03497649
T ~_thermophilus_HBZ7_NrdA@YP_006145
T thermophilus_HB8_NrdA@YP_145448

0.348000

Grouper_iridovirus_NrdAGAAVI1060
Singapore_g_iridov_NrdA@YP_164159
SoftshelTurtleVirus NrdA@YP 002854273

Invert_irid_v_6 NrdA@NP 149548

aemnmynchus V- /_NrdA@YP_654637
S_alaskensis RB2256 NMA@VP 616819
S_\ mm(hﬂ RW1 NMA@VP 001262005

at DSMI2444_NrdA@YP < 495536

R_rubrum ATCC 11170 NrdA@YP 426532

8 japonicum 110 NrdA@NP_766647

B_elkanii_ NrdA@CAQ57558

P_bermuden HTCC2503 NrdA@ZP_ 01017181
8revundimonasBAL3 NrdA@YP 002587322

P_zucineumHLK1_NrdA@YP_002129184

Caulobacter sp K31 NrdA@YP_ 001686279

C crescentus CB15_NrdA@NP 422286

C crescentusNAL000_NrdA@YP_ 002518980

H_neptunium_15444”NrdA@YP 759596

OalexandthTCCZGH NrdA@ZP 00953193
M_maris_MCS10_NrdA@YP_75563

A cn/pmeFS NrdAGYP. 001233873

G_bethesdensis CGDNI_NrdA@YP_744708

g oxydans_621H NM@YP 192595

AI5_NrdA@YP.
P lavamentivorans DS NmA@YP 001411784
Pe|aq?ba:te;ﬂg€c7fll NMA@EDZGDMZ

5889
TRS, NrﬂA@YP 198525
WOnchocerca_ vulvulus _NrdA@CAL29480

E_chaffarnsls_SanuI_NmA@ZP_DOSdSOSD

A_marginale_Maries_NrdA@YP 154030

A_phagocytop_ HZ NrGA@YP 504939
0_:sursugamusn|_NmA@vP_numawn

tsutsuglkeda NrdA@YP ( 001938148

R . bellii_RML369C NrdA@ 537903

R Cbelli_0OSU 853§ NrdA@YP_ 001496328
pmwaz&kll adrid NrdA@NP_ 220889

R_typhi Wilmington NrdA@YP_06

R africaeESFS, NmA@YP 002545245



Tree Shapes

root
root

Ultrametric tree
Non-ultrametric tree
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Tree Shapes

r
root oot

Ultrametric tree

Non-ultrametric tree
Most tree inference

models/algorithms/programs
produce non-ultrametric trees
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Tree Shapes

root

root

N\

This is still relative time, for instance
the mean substitution rate per site

Ultrametric tree

Non-ultrametric tree
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Tree Shapes

root

root

N\

How do we get real times?

Ultrametric tree
Non-ultrametric tree
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Dating Trees

root

dated fossil

Ultrametric tree
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Dating Trees

root

dated fossil 2 million years

Ultrametric tree
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Dating Trees

Root: 3 million years

1 million years

dated fossil 2 million years

2 million years

Ultrametric tree
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Dating Trees

Root: 3 million years

A

1 million years

dated fossil 2 million years

2 million years

t1 t_2 t3 t4

Ultrametric tree

We need a rooted &

ultrametric tree!

- rooting with outgroups

- ultrametricity with programs

for divergence time estimation

- active research area

— most codes rely on the phylogenetic
likelihood function and Bayesian
Statistics (MCMC methods)




Dating Trees

But how do we place the fossil?

- typically no DNA data available
Root: 3 million years
‘ Fossil placement:

- - ad hoc using empirical knowledge
1 million years — computationally using
morphological data

dated fossil 2 million years

The input for a phylogenetic analysis
2 million years need not be molecular data!

We can also use sequences of
\ morphological traits (“Merkmale”)!

e.g. for trees of natural languages

Ultrametric tree
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Remember that we deal with extant
species!

Ultrametric tree
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Morphological Traits

tl: 1000
t2: 0100
t3: 0010
T4: 0001

or:

tl:
t2:
t3:
t4:

WN RO

Mone of the above
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tl:
t2:
t3:
T4:

or:

tl:
t2:
t3:
t4:

Morphological Traits

1000
0100
0010
0001

= -
=] 3
@& ZF
o =~
-~ @
F 5
D @
o
o
=
@
-

What image best matches the extent of your natural brow line

{without hair removal)?

—
-

-

Traits need not be discrete,
they can also be continuous, e.g., bone ratios




Language Evolution

* Phylogenetic methods can also be
used to infer trees of natural
languages

* |nput types
 Lexical data

* Morphosyntactic data

 Sound data
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Alignment-Free Tree Inference

Taxon 1:ACGTTT

) Pair-wise distances Tree inference
$axon g ﬁggl? ™ eg., pair-wise sequence > program
axon >5: alignment scores

Taxon 4:AGGGTTT

Taxon 1

\\\\\ Tiigp 3
\

Taxon 2 Taxon 4
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Alignment-Free Tree Inference

Taxon 1:ACGTTT Pair-wise distances f
_ i Tree inference
Taxon 2 :ACGTT ~ Pe.g., pair-wise sequence > program
Taxon 3:ACCCT alignment scores
Taxon 4:AGGGTTT
\4

Taxon 1

Alignment-free

Taxon 3
tree inference \\ /
IS typically less \

accurate — we have
not established homology
via a MSA Taxon 2 Taxon 4

139



How many unrooted 4-taxon trees
exist?

A\ /C
\

B D

NS NS
\ \

C D D
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How many rooted 4-taxon trees
exist?
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Tree Counts

* Unrooted binary trees

e 4taxa — 3 distinct trees
e Atree with n taxa has n-2 inner nodes
e And 2n-3 branches

* Rooted binary trees

e 4taxa — 3 unrooted trees * 5 branches each
(rooting points) = 15 trees

e n-1 Inner nodes
e 2n-2 branches
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The number of trees

_<

3 taxa = 1 tree

143



The number of trees

—
<
>_/

4 taxa: 3 trees

u: #treesof size 4-1 =1

v: # branches in a tree of size 4-1 := 3

Number of unrooted binary trees with 4 taxa: u *v =3
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The number of trees

—
<
>_/

5 taxa: 15 trees

u=3

v=5

Number of unrooted trees with 5 taxa: 3*5 =15

LX XXX
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<
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The number of trees

LX XXX

6 taxa: 105 trees
u=15

v=7
u*v=105
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J
XX XXX

The number of trees explodes!




Some Numbers

Number of Organisms | Number of alternative Trees
3 1
4 3
5 15
b 105
I 945
10 2.027,025
15 7.905,853.580.625
20 2.21 + 10
50 284+ 10™

Table 2.1: Number of possible trees for phylogenies with 3-50 organisms
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Equation for the number of unrooted
trees

e Simple proof via induction
11[[3-! ==2)

* The number of rooted trees for n taxa simply Is
the number of unrooted trees for n+1 taxa

* The additional (n+1*) taxon represents all
possible rootings for all unrooted trees with n
taxa

149



# trees with 2000 tips

stamatak@exelixis:~/Desktop/GIT/TreeCounter$ ./treeCounter -n 2000

GNU GPL tree number calculator released June 2011 by Alexandros Stamatakis

Number of unrooted binary trees for 2000 taxa: 30049638174211656151632910065681814981377232074237013089504954043012636525258308210827685996688247000464352735214265634288295
8915023446000631493969130632970436056184861877465482277991223536809233455563199910834597693126756525012899867433187752811401960991631522367030609121735709762379847705467667
7795324797182614385273338226727784250737252849916669687584403510579587020686505817687044666318123742901021438506432471360934491667021135969756940300666252646479269124551031
4942366195542824118277625114848758254581227914289801132648902674033761294712745767036267579086843169660718609847941818865957214557044744572288661729053583520744253688123124
0106613156948861960941195646736200342575241335277575085829161096422575727699767991408283343210161327401652830993803904592327690690035972919709940739349563486203899010742687
2822975974655377102257672676842858011877224950106218117340523208265397342962227352536590515865631383272031119841987467599738646318290320383252308597997992216101227215780805
2481458312068440167606239306009711616729715504728487799634337531348994230372437347879131989085953764070134849446113877572576952408702461720107874297380462275052545706689372
3194182064407068918840038705902897721975164544959758216621306205064617761099485663734168183584989329076993382067801052437284614924034229611551826097782286191926720712951895
8936009959130974233072316382518428110330571017441156884305131865877544376308500311451110723837039707465182232040406154708273078629957549331031275208616700660791298014262230
0565123522718063819509335872651728623589020520016144361756075654286471422126613004434807084067501589247673166341539540575074474994909831496473031080411401891849735912811228
3787740498848340562102420566424463860093899650857429619472690543015281237526510965815284699797036792171129035568096180791695879516141592810495281798558472925344478644244359
9808531537204796814969465991768614533701051985928577157482455943377242369582576242663016946320482495182255939287403177623433881048604630975191556923871167513095213415098816
7154643078623526062377864068386804246902527491139319276802611515990582603886733172930713673903403618637463980605764836474670274446727880885337074254421922726677747003329403
3201038288035112689026255183096791948358678929370163768175304820633894387149793115235369822962511116307148294599211620803302684762013335690441089668145436150905155877581167
9770012563912151116237444170497371704604029481104114822286466131918821997571383368352072526055202769823974613218495249264897050790398360256255606289852288839561357874156576
6488999260873286612630642543260248979229113560071640573984516375245243376943755857384725545564397599604255914640112221144755235573176239973057747183956531217416532295986675
9012941161239240722093250369673124884491553759210650656015416720774159236240868667675348286512964888739059707578802473393463470848159011639772797747480417316268700916728735
6121642268468160683198959801260376485615312781611689587215123123308760063473381097253118423339640390937378395066835578735307886358646400563299499490631187424029092779272693
3003224453775957972248734568915114585570783850541681667667425811301958063621907500790295031088209097271748136436989473971079932777700676301730617566538739726037777173008441
3439405123669055544932486165082539957795036326704947844293498853172797348177797146567175151178876396434069332458076346110734214328195049909680874027397688914704517472055543
8969396668742601477241894693212902453317334188286773194653544113302100866575081713240342647580489218623663461607955943720516395154096949806486242309796947211169665961580041
7883992232264628498942352276926391124360767508997671789683459337890742346354557193530665615379900277916265636361861974048590938234062235459769733137213659343717585590664439
6461328300113672601934068706442339489199215304385281541659630118549423634863524585746642834609062916279564926584723003608555598989761916293248140094592489899468468862322586
0178551468905649837276003927487069550463788819741699429049102853180410776516007263384721638903782270013843599599730265727198804324664312359758555217196960513921010226596324
7887830977405333131551762978152880718652603176327264828094499370456258099938053058497699570080289379808014902901005293898472279947167804821689424159118284257696464786505731
5325178302336307298251692210346584265894447464916123854689718507968172909139032182834111184821384767728316548653212317382004131990510518967022201887049585687180509590730360
6930402937216038968917605587676955382318093705826257083898387409098468656634271397500013291835105943321729879825243707508272087959859437157667660155782699660343197752623308
8989962587800628009560944416932377944955441033696586261556256010669390303203876970983673786087056641433585106111656314520424513208508589994932364831689671194951671619567622
7070906973889586855579562466641536561723549301807394004760529801721771391686788000277851966173070061284517307582503735643102065112443730825229625040453160590741343881872563
4779138306605909318802522310085340176840261401539616989192075147108033757708849740141834599753972059876682064879116064969858177601153972058498222698907181349432691801821173
31880636539108936898117148913574566805428074851701758582666396335701893544498326697628350926579222017463721902731196417514858944010079636876017826747107019945473218887832742
6088966724371574713420600093704251309893630537459784279980403132989417266492290425730958368534416215640557290282066224003863237526380910233269897838860423759625601567975262
6950798639868104294832333160267216555178120899264677804935741326387137408423885546538336158643451305439624281397279559725995110706314305992615495622956320232708057681156690
4895866105220300573725298472118747827136713666058669271094875563974858489475910819727033878284439864486743456200958161930314727345961900499318424337975243662489363321244850
5971992523668529249305346252764137853413208943128901523738092556045987090912766662329678703328882059134949580074074473143388800724532321747309659741967114441453127132790205
1010047671014350638857953478447255389801541923317027519896180635152682543173193832925891931530164130548972311128666465492971930479296432829556719092681692091042334122007454
2420499008725850462080511048758830594959903111887366685094148821725734576355233964038481318213167408359006916400053262258184783765067804451177717328658189899215358309447765
350341796875

Approximately 3.00 times 1076328



A side-note
The treeCounter tool

* Evidently, the tree count can not be computed
using normal integers

— we need an arbitrary precision library

> | used the GNU GMP (Multiple Precision
Arithmetic) library

- treeCounter available as open-source
code at

https://github.com/stamatak
- Has anybody already used GNU GMP?
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https://github.com/stamatak

Scoring Trees

* Now we know how many unrooted candidate trees there exist
for n taxa

* How do we chose among them?
— we need some scoring criterion f() to evaluate them
- finding the optimal tree under most criteria is NP-Hard

ACGG
AGGG

ACGG
AGGG
GA-A B GA-A C

NELSONE S R R
f0 \D B f0 \ D 0 \c

ACGG
AGGG
GA-A
AAGG B

OO w>
OO wW>
OO wWwX>
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What can we do with Phylogenies?

Phylogenetic placement for
identifying anonymous

sequences
Unknown/anonymous sequence/species

/ | 7 \
1) / \
/ / \ \
/ / \ \
/ / \
/ L
/ ‘
/
/

Known Species 1 // o Known Species 3
_/ \ \
A N 4 |
Known Species 2 —  Known Species 4

reference phylogeny
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What can we do with Phylogenies?

Phylogenetic placement for
identifying anonymous

sequences
Unknown/anonymous sequence/species Examples:
Y b | - Bird strike
Y, /O - Bacteria
oy known s © Viral strains

/ \\\
v -
—  Known Species 4

Known Species 2

reference phylogeny

2/0
A=Y

A
cm-a‘\‘b T TRIRUNE

(D20

154



What can we do with Phylogenies?

Note that, this is similar to
placing an outgroup into the
tree!

Unknown/anonymous sequence/species

Known Species 1 / Known Species 3
\“\

N, S
). N

N

Known Species 2 — "Known Species 4

reference phylogeny
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The Birdstrike Web-Game

* https://cme.h-its.org/exelixis/eseb/public/en/cor
e/title.html

Aerial Collisions

A research team found out, how birds around the world are related to each other.

Do you see, which hirds are closely realted to each other? That is fascinating, right? Click on the images to find cut more about the bird on the image.
‘ What s a phylogenetic tree? |
The molecular laboratory received a bird sample from a plane that should be identified. Can you help them?

\ Become a real bird researcher \

Where do the DNA samples come from? Watch this short movie!

| MpooKpoLOELS TOUALLDY gE _uspmt}.t'wa,’Bnd St D

/ Link kopier...
-

Anschenaul Eoilibe S B
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https://cme.h-its.org/exelixis/eseb/public/en/core/title.html
https://cme.h-its.org/exelixis/eseb/public/en/core/title.html

Diversification Rates

14

Cycas
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From: Charles C. Davis, Hanno Schaefer: “Plant Evolution: Pulses of Extinction
and Speciation in Gymnosperm Diversity”, Current Biology, 2011.
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Diversification Rates

* With former PostDoc Stephen Smith: “Understanding angiosperm
diversification using small and large phylogenetic trees”, American
Journal of Botany 98 (3), 404-414, 2011.

e Largest tree of angiosperms computed to date

55 000 taxa
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Diversification Rates

* With former PostDoc Stephen Smith: “Understanding angiosperm
diversification using small and large phylogenetic trees”, American
Journal of Botany 98 (3), 404-414, 2011.

e Largest tree of angiosperms computed to date
* 55,000 taxa

Visualizing big trees
also represents a
challenge - graph

drawing & layout
algorithms.
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Influenza Outbreaks

Host Taxa

@ Galliformes x

© Anseriformes \\\\
© Passeriformes F,
@ Charadriformes |

@ Human

@ Columbidae

O Artiodactyla
© Accipitriformes
@ Ardeidae
@ Carmivora
O Corvidae
O Arthropoda
@ Ambiguous

i 'I. v "\‘
] \
g o - )
o -'i“y. @207 TH
. G
_ S—— oogle
A 7 © 2007 Europa Technologles AT ‘
vl Image @ 2007 TerraMetrics .t



And of course SARS-CoV-

Phylogenetic analysis of SARS-CoV-2 data is
difficult

Benoll Morel' ', Plerre Barbera® ', Lucas Czech’, Ben Betfisworth', Lukas Hibner'~, Sarah Lutieropp ', Dora Serdarl',
EvangolisGeorgla Kostakl”, loannts Mamals", Alexey M Kozlov', Pavios Paviidie®, Dimitrios Paraskevis’, and Alexandros
Stamalakls -

A (103)
Al (393)
A.2 (60)
A.3 (68)
A (9)
A5 (28)
A6 (6)

B (15)

B.1 (3068)
B.2 (4486)
B.2(70)
B.4 (100}
B.6(76)
B.9 (5)
B.10 (1)
B.11 (344)
B.12 (2)
B.15 (6)
B.16 (23)
B.17(5)
B.18 (2)
B.21(2)
B.23 (21}
B.24 (5)
B.26 (8)
B.27 (3)

Asia

Oceania

Africa

Europe

South America
North America




Australia has more poisonous snakes
than any other continent, and many
people die from snakebites each year.
Developing effective antivenins is thus a
high priority, but little is known about the
venins of most species.
Phylogenetic analysis is helping with
this task because venin properties
correlate strongly with evolutionary
relationships.
Although the red-bellied black snake
looks very different from the king brown,
it is actually closely related and can be
treated with the same antivenin.
Conversely, the looks
very similar to the king brown, but it is
only distantly related and thus responds
best to different antivenin.
The phylogeny is also predictive: the
recent demonstration that the poorly-
known is closely related to the
(orange lineage) predicts
that the former is also highly dangerous
and _might respond to widely-available
deb@?adder antivenin.

Snakebites

Black whip snake

Talpan

Fierce snake
Common brown
Western brown
Dugie

Collait's snake
Spottad black
Butler's snake

King brown
Red-bellied black
Dieath adder
Barclick

Small-eyed snake
Ausiralian coppernead
Tiger snake
Rough-scaled snake

Broad-headed snake

Recommended Antivenene

1 18

Taipan
Brownsnake
Blacksnake
Death adder

Tiger snake



Australia has more poisonous snakes
than any other continent, and many
people die from snakebites each year.
Developing effective antivenins is thus a
high priority, but little is known about the
venins of most species.
Phylogenetic analysis is helping with
this task because venin properties
correlate strongly with evolutionary
relationships.
Although the red-bellied black snake
looks very different from the king brown,
it is actually closely related and can be
treated with the same antivenin.
Conversely, the looks
very similar to the king brown, but it j
only distantly related and thus resp
best to different antivenin.
The phylogeny is also predictive: the
recent demonstration that the poorly-
known is closely related to the
(orange lineage) predicts
that the former is also highly dangerous
and _might respond to widely-available
deb@Badder antivenin.

Snakebites

Black whip snake

Talpan

—

Common brown ‘

Ferce snake

Westermn brown

Dugie

b il

Potentially: convergent evolution

llied black

Death addsr

Barclick

Small-eyed snake
Ausiralian coppernead
Tiger snake
Rough-scaled snake

Broad-headed snake

1 18

Recommended Antivenene

Taipan
Brownsnake
Blacksnake
Death adder

Tiger snake



What can we do with phylogenetic
{rees?
* identifying unknown species
* divergence time estimates

e diversification rates
e viral outbreaks

 forensics - M.L. Metzker, D.P. Mindell, X.M.
Liu, R.G. Ptak, R.A. Gibbs, D.M. Hillis:
“Molecular evidence of HIV-1 transmission in a
criminal case” PNAS: 99(22):14292-7, 2002.
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“Nothing in Biology makes sense,
except in the light of evolution”

Number of 'Phylogen** Publications Per Year

Why this increase in 14000
Phylogenetics papers?
Advances in: 12000
*Sequencing technology
Hardware —
*Methods & Tools

000 PCR

- oM Wy W3 M~ DO

= I T = = == = = = = B B = A I T~ I R S R o Y R o SN o [ - R o N o |
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Building Trees

* We distinguish between
» Distance-based methods

- use MSA to compute a matrix of pair-wise distances

— build a tree using these distances

— Heuristics (essentially hierarchical clustering methods)
— Neighbor Joining: NJ
— Unweighted Pair Group Method with Arithmetic Mean: UPGMA

- least-squares method: explicit optimality criterion

* Character-based methods

— optimality criteria f() operate directly on the MSA & tree
- parsimony
— maximum likelihood
-~ Bayesian inference

— take the current tree topology & MSA to calculate a score
— the score tells us how well the MSA data fits the tree
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Building Trees

* We distinguish between )
* Distance-based methods
- use MSA to compute a matrix of pair-wise distances

Less accurate,
— build a tree using these distances > but faster

— Heuristics (essentially hierarchical clustering methods)
— Neighbor Joining: NJ
— Unweighted Pair Group Method with Arithmetic Mean: UPGMA
- least-squares method: explicit optimality criterion
* Character-based methods J
— optimality criteria f() operate directly on the MSA & tree
- parsimony
— maximum likelihood
. Bayesian inference >
— take the current tree topology & MSA to calculate a score

- the score tells us how well the MSA data fits the tree

Slow, but more
accurate
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Building Trees

* We distinguish between )
» Distance-based methods

- use MSA to compute a matrix of pair-wise distances Less accurate,
— build a tree using these distances > but faster

— Heuristics (essentially hierarchical clustering methods)
— Neighbor Joining: NJ
— Unweighted Pair Group Method with Arithmetic Mean: UPGMA
- least-squares method: explicit optimality criterion

* Character-based methods J
— optimality criteria f() operate directly on the MSA R

~ _par
— maximum likelihood Memory-intensive! Slow, but more
- Bayesian inference > accurate

— take the current tree topology & MSA to calculate a score
— the score tells us how well the MSA data fits the tree
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Building Trees

* We distinguish between )
» Distance-based methods

- use MSAto computeg a matrix of pair-wise distanceQ
— build a tree using these distan
— Heuristics (essentially hierarchic
— Neighbor Joining: NJ
— Unweighted Pair Group Method with Arith - UPGMA
- least-squares method: explicit optimality
* Character-based methods What could be the computational limitation

_. optimality criteria f() operate directl{ N€"e?
— parsimony

— maximum likelihood Memory-intensive! Slow, but more
— Bayesian inference > accurate

— take the current tree topology & MSA to calculate a score
— the score tells us how well the MSA data fits the tree

Less accurate,
> but faster

tering methods)
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Building Trees

* We distinguish between
* Distance-based methods

— use MSA to compute a matrix of pair-wise distanceQ

— build a tree using these distances

— Heuristics (essentially hierarchical clu
— Neighbor Joining: NJ
— Unweighted Pair Group Method with Arithmetic
- least-squares method: explicit optimality criter

Less accurate,
> but faster

methods)

MA

e Character-based methods Storing this matrix can become
. . _ problematic memory-wise
— optimality criteria f() operate directly on1 ' _ 4 t.of-core/external memory algorithms
— parsimony — e.g.: NINJA tool for Neighbor joining
— maximum likelihood “Large-scale neighbor-joining with ninja”
_. Bayesian inference T Wheeler,

_ take the current tree topology & MSA to Algorithms in Bioinformatics, 2009

- the score tells us how well the MSA data fits the tree J
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Out-of-core Algorithms

Definition from Wikipedia:

Out-of-core or External memory algorithms are algorithms that are designed to process
data that is too large to fit into a computer's main memory at one time. Such algorithms
must be optimized to efficiently fetch and access data stored in slow bulk memory such as
hard drive or tape drives.

We do the data transfer RAM o disk explicitly from within the
application code by using application-specific knowledge (e.qg.,
about the data access patterns)

This Is to circumvent the paging procedure that would normally
be initiated by the OS

Out-of-core algorithms are typically much faster than the
application-agnostic paging procedure carried out by the OS

For an example from phylogenetics see:

Fernando lzquierdo-Carrasco, Alexandros Stamatakis: "Computing the
Phylogenetic Likelihood Function Out-of-Core", IEEE HICOMB 2011 workshop,
Anchorage, USA, May 2011.



NP-Hardness

* Because of the super-exponential increase in the number of
possible trees for n taxa ...

* all interesting criteria on trees are NP-hard:

* Least squares

 Parsimony - discrete criterion

* Likelihood - statistical criterion

 Bayesian - integrate likelihood over entire tree space
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Search Space

Best tree according to f()

ood
Search Space J A

\
bad — random trees
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Neighbor Joining — Principle

Given a kind of distance matrix D;;where i,j=1...4
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Neighbor Joining — Principle

min

Given a kind of distance matrix D;;where i,j=1...4
Find minimum and merge taxa
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Neighbor Joining — Principle

min

Given a kind of distance matrix D;;where i,j=1...4

Find minimum and merge taxa
Compute a new distance matrix of size n-1 =3
Find minimum
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Neighbor Joining — Principle

A B X
B
X Y X
A B C D

Given a kind of distance matrix D;;where i,j=1...4

Find minimum and merge taxa
Compute a new distance matrix of size n-1 =3
Find minimum and merge taxa
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Neighbor Joining — Principle

A B X
A N min
B
X Y X
A B C D

Given a kind of distance matrix D;;where i,j=1...4

Find minimum and merge taxa

Compute a new distance matrix of size n-1 =3

Find minimum and merge taxa

Etc.

Space complexity: O(n?)

Time complexity: O(n3)

Key question: how do we compute distance between X and A or X and B respectively
178, for progressive alignment we may align the profile of X with all remaining sequences



Neighbor Joining Algorithm

For each tip compute

u;=2;D;;/(n-2)
- this is in principle the average distance to all other tips
- the denominator is n-2 instead of n, see below why
Find the pair of tips, (i, j) for which Djj-uj-ujis minimal
Connect the tips (i,j) to build a new ancestral node X
The branch lengths from the ancestral node X to /i and j are:
b,‘ =0.5 D,‘j + 0.5 (U,"UI)
bj =05 D,‘j + 0.5 (Uj'U,‘)

Update the distance matrix:
— Compute distance between the new node X and each remaining tip as follows:

Dij,k = (D/k+Djk'D/)/2
Replace tips / and j by the new node X which is now treated as a tip

Repeat until only two nodes remain
— connect the remaining two nodes with each other



o o o >

Neighbor Joining Algorithm

A B C

- 17 21
- 12

D

27
18

- 14



Neighbor Joining Algorithm

A B C D u;
A - 17 21 27 (17+21+27)/2=32.5
B - 12 18

(17+12+18)/2=23.5 )
(21+12+14)/2=23.5

c - 14
/ 0 (27+18+14)/2=29.5

Distance matrix, usually denoted as D

o O W >» B

Average distance



Neighbor Joining Algorithm

A B C D i u;
A - 17 21 27 A (17+21+27)/2=32.5
B - 12 18 B (17+12+18)/2=23.5
c - 14 C (21+12+14)/2=23.5
5 D (27+18+14)/2=29.5

A B C D
A - -39 -35 -35
B - -35 -35
Cc - -39
D -

D;;-u;-u;

Usually denoted as Q matrix



Neighbor Joining Algorithm

B Cc D i u;
17 21 27 A (17+21+27)/2=32.5
12 18 B (17+12+18)/2=23.5
14 C (21+12+14)/2=23.5
D (27+18+14)/2=29.5
A B C D
-39 -35 -35
-35 -35

-39



Neighbor Joining Algorithm

B C D i u;
17 21 27 A (17+21+27)/2=32.5
12 18 B (17+12+18)/2=23.5
14 C (21+12+14)/2=23.5
D (27+18+14)/2=29.5
A B Cc D
-39 -35 -35 c 0
-35 -35 \\\»///
- 39 X



Neighbor Joining Algorithm

B C D
17 21 27
- 12 18
- 14
A B C
- -39 -35
- -35

-35
-35

-39

u;
(17+21+27)/2=32.5
(17+12+18)/2=23.5
(21+12+14)/2=23.5

(27+18+14)/2=29.5

o O W >» B

C D

N %

X

0.5 x 14 + 0.5 x (23.5-29.5)
0.5 x 14 + 0.5 x (29.5-23.5)

10



> o o W >

Neighbor Joining Algorithm

A B Cc D X

- 17 21 27
12 18
14

N %



Neighbor Joining Algorithm

A B Cc D X

17 21 27 DXA = (DCA + DDA - Dcn)/z
= (21 + 27 - 14)/2
12 18 = 17
14 Dye = (DCB + Dy - DCD)/Z
= (12 + 18 - 14)/2
= 8
C D

N %



Neighbor Joining Algorithm

17 21 27 17 DXA = (DCA + DDA - Dcn)/z
12 18 8 = (21 + 27 - 14)/2
= 17
14 Dye = (DCB + Dpp - DCD)/Z
= (12 + 18 - 14)/2
=8
C D



Neighbor Joining Algorithm

17 17 DXA = (DCA + DDA - Dcn)/z
8 = (21 + 27 - 14)/2
= 17

DXB = (DCB + DDB - Dcp)/2
= (12 + 18 - 14)/2
= 8

N



A -

X

Neighbor Joining Algorithm

A B X
17 17
8

1 u,

A (17+17)/1 = 34
B (17+8)/1 = 25
X (17+8)/1 = 25

N %



Neighbor Joining Algorithm

A B X
17 17
8

1 u,

A (17+17)/1 = 34
B (17+8)/1 = 25
X (17+8)/1 = 25

N %



Neighbor Joining Algorithm

A B X
17 17
8

1 u,

A (17+17)/1 = 34
B (17+8)/1 = 25
X (17+8)/1 = 25

N %



Neighbor Joining Algorithm

B X i u,
17 17 A (17+17)/1 = 34
8 B (17+8)/1 = 25
X (17+8)/1 = 25
A B X
42 -28
c D A B
-28 \/ \/
4 10 13 4
_ X Y
b, = 0.5 x 17 + 0.5 x (34-25) = 13
D;;-U;- U, b, = 0.5 x 17 + 0.5 x (25-34) = 4



~< b w >

Neighbor Joining Algorithm

A B X Y
- 17 17

- 8



~< b w >

Neighbor Joining Algorithm

A B X Y

- 17 17 Dyx = (Dax + Dg - Dyg)/2
= (17 + 8 - 17)/2
8 =4
4
C D A



X

X -

Y

Neighbor Joining Algorithm

Y

DYX = (DAX + DBX - DAB)/Z
= (17 + 8 - 17)/2
=4



Neighbor Joining Algorithm

X Y

X - 4 Dyx = (Dax + Dy - Dy)/2
= (17 + 8 - 17)/2
Y -
=4
C D A B

M M

4




o ) o >

Neighbor Joining Algorithm

A B C

- 17 21
12

D

27
18

14

N4 s/
S
VAN
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