Homework 01: Number of Possible Alignments

Let f(N,M) be equal to the number of possible alignments of sequences S
and T, where |S| = N, and |T| = M. Then we have:

f(i,00=f(0,)=1  for0<i<Nand0<j<M
fAN=fE-LD+fj-D+f-1j-1)

for1<i<Nand1<j<M

TL T2 T3 T4 15 T8 T7 T8 19

1 1 1 1 1 1 1 1 1 1
S1 1 3 5 7 9 11 13 15 17 13
52 1 5 13 25 41 61 85 113 145 181
53 1 7 25 63 129 231 377| 575 833 1159
54 1 9 41 129 321 631 1283 2241 3643 5641
55 1 11 61 231 631 1683 3653 7183 13073 22363
56 1 13 85 377| 1289 3653 8989 19825 40081 75517
57 1 15 113 575 2241 7183 19825 48639 108545 224143
58 1 17, 145 833 3648 13073 40081 108545 265729 558417
59 1 13 131 1158 5641 22363 75517| 224143| 588417| 1462563
510 1 21 221 1561 8361 36365| 134245 433905 1256465 3317445

A. Torres, A. Cabada, J.J. Nieto, An Exact Formula for the Number of Alignments Between
Two DNA Sequences. International Journal of Biomathematics, Vol. 09, No. 04, 1650053

1
(2016) Research Articles. (Also in DNA Sequence, 2003.)

Homework 01: Number of Possible Alignments

https://en.wikipedia.org/wiki/Delannoy_number
Delannoy Numbers S T Ay

D(N,M) D P E R
Definition: Delannoy number D describes it a ety ivd
the number of paths from the southwest A A B

corner (0, 0) of a rectangular grid to the F 2R o BH F EE R P
northeast corner (m, n), using only single RS R HEEEHTE
steps north, northeast, or east. S AT A
F(N,M) = D(N+1,M+1) D(3,3)=63
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HW 01: Speed Optimal Global Alignment |S|=|T|=10°

Rank Time | Language
—
1 15.02 .cpp
2 34.00 .cpp
3 63.82 .cpp
4 70.16 .cpp
5 83.00 .Cpp
6 86.00| .java —
7 115.00) .py Length 10000
8 118.02 .cC
9 118.96 .cpp
10 119.05 java
11 157.29 java
12 280.20 java
13 303.68 .cpp
14 2700.00 .py —
15 3000.00 .cpp
16 4129,23 oy
17 13975.00| .py
18 18761.96 -py
15 15460.27 Py 3
T I I I I I I I I N O I I O I I T T
220 230 240 250 260 270 280 290 300 310
EfMucor JMCWFKGWHKE TKA- GSKT GKTLLEA IDAIEP PYRE SDKPLRLPL QDVYKIGELGTVPVGRVET 6T IRAGHVVRFAPAAVT TEVESVEMHHE TL TEGLE GDHV GF]
FEfYeast MAFTYKGWEKE TKA-GUVKGKTLLEATDATE()F SRE TDKPLRLPL )DVYKI G I GTVFPVGRVYET GV IKF GHYVTFAPA GV T TEVKSYEMHHE(LEQGVF GDHVGF]
Heorassa HCPHYKGWEKETKA-GEAT GKTLLEATDATEF PKRFE TDKPLRLPL )DVYKI GG I GTVPVGRIET GVLEF GHYYTFAP SRV T TEVKSYEMHHE(LAQGVF GDHVGF]
candida HCPHYKGWEKETKS —GEVT GKTLLEATDATEP P TRE TDKPLRLPL )DVYKI GBI GTVPVGRVET 6T TRAGHYVY TFAPA GV T TEVKSYEMHHE(LAEGVF GDHVGF]
Ich irreyg MMPWYKGWICERKE-GHTSGETLLEALDHIQAPKRY TDKPLRLPLQDVYRIGGIGIVIVGRVET GLIRY GMVVSEFAL GSVS TEVKSVEMHHE SIPEALLN GDHVGE]
EfHuma HMEWEKGWEV TRKD - GHASGTTLLEALDCILP P TRETDKPLRLPL QDVYKIGGIGIVPVGRVET GVLEE GHYVV TEAPVRV T TEVESVEMHHEAL SEAL Y GDHVGE]
artemia RLEWYKGWHIERKE -GRAD GKTLLDALDAILP P SRETEKPLRLPL QDVYKIGGIGIVPVGRVET GIIKD GHIVTFAPANI TTEVESVEMHHE SLEQASY GDHVGE]
drosophila M WEKGWEY GRKE-GHAD GKTLVDALDATILF PARF TDKALRLPL QDVYKIGGIGTVEVGRVET GVLES GTVVVFANANT TTEVKSVEMHHEAL QEAVE GDHV GF]
[Efluviatil L PWYKGF)TERKE-GHAS GYTLFDALDCTVEP PARFP TDKPLRLPL DV -QIGGTIGTVPVGRVETGTLKF GMTVTIAPAGT T TEVKSVEMHHEAL TEALP GDHVGF]
EfArahb HI.D —GP TLLEALDQTHEPKRF SDKPLRLPL QDVYKIGGTGTVPVGRVE T GMTKF GMVVTFAP T 6L T TEVEKSVEMHHE SLLEALYP GDHVGF]
EfGlyc ~GPTLLDALDQISEPKRP SDKPLRLPL QDVYRIGGIGTVPVGRVET GVLED GMVVTFAP T GL T TEVESVEMHHE SL TEAHP GDHVGF]
daucus —GPTLLEALDQISEPKRP SDKPLRLPL QDWYKIGEIGTVPVGRVE T GVIKD GMVVTE GP S GLTTEVKSVEMHHEAL QEALY GDHVGF]
tomato —GP TLLEALDQIHEPKRP SDKPLRLPL QDVYKIGEIGTVPVGRVE T GV IKD GMVVTEGP T GLTTEVKSVEMHHEAL QEALY GDHVGF]
Zea =GP TLLEALDLTHEPKRP SDKPLRLPL QDVYKIGGIGTVPVGRVET GV IKP GMYVTF GP TGL T TEVEKSYEMHHEAL QEALP GDHVGF]
Pisum —GP TLLDALDHTHEFKRP SDKPLRLPL QDVYKIGGT GTVPVGRVE TEYVKP GMLYTFAP T 6L T TEVEKSVEMHHEALT! GDHVRF]
Hordeum —GP TLLEALDQTHEPKRF SEKPLRLPL QDVYKIGGTGTVPVGRVE T GV TKP GMVVTE GP T 6L T TEVEKSVEMHHE SLLEALYP GDHVGF]
Bombyx KMOWEKGW VERKE-GKAD GKSLIEALDAILP PARC TDKPLRLPL QDVYKIGGIGTVIVEGRVET GVLED GT IVWFAPANI TTEVESVEMHHEAL QEAVY GDHVGF]
Danio HMGHWEKGWEIERKE -GHAS GTTLLDALDAILP P SR TDKPLRLPL QDVYKIGGIGIVPVGRVET GVLEE GHVVTEAP ARV T TEVESVEMHHE SL TEATE GDHVGE]
Xenopus HMEWEKGWEIERKE -GHASGITLLEALDCIIPE QR THKPLRLPL QDVYKIGGIGIVPVGRVET GVLEL GHIVTEAP SRV T TEVE! GDHVGF]
Caenorhahd HM TFKGHAVERKE -GHAS GRKTLLEALDSTTIP P QRP TDRPLRLPL DY YRIGGIGTVIVGRVET GT TKY GHYY TFAP RV T TEVESVEMHHE ST PEAVY GDHVGF]
Onchocerca BMPWFKGY SVERKE -GTHT GKTLLEALD SYV PP QRE TDKPLRLPL ) DVYKT GG TGTVIVGERVET GTLEN GH TV TFAF QHL TTEVE: GDHYGF]
Hydra HMSHYKGWEVEYKD TGKHT GKTLLEALDHIPLPARF SSKPLRLPL )DVYKI GG IGTVPVGRVET GTLEF GHYVYTF CPANL STEVKSYEMHHE ST PEALF GDHVGF]
Filobasidi MM WYKGWIKETKS-GVSKGKTLLEAIDASRY P TR TDKPLRLPL QDVYKIGGIGTVIVERVET GVIRAGHVVKEAL THV T TEVESVEMHHEQ IV EGLY GDHVGF]
Schizophyl MW YKGH IRETRA-GVVKGKTLLDAIDAIEN PYVRY SDKPLRLPL (DVYRIGGIG IV VGRVET 6 LIRAGHVV TFAL SHUT TEVKSVEMHHE )LAE GK GDHV GE]
Monohleph MHMUHYKGHWEKETKS-GRATGKTLVDAIDAIEr D TRETDKILRLILODVYRIGGIGIVIVERVET GUVIKE GHVV TEAL SRV T TEVESVEMHHE SLAEGL Y GDHV GF]
Harpochyt MHMUHEKSYQKETKG-GKFTGKTLLEAIDSIEr D SRUTDKYLRLPL ODVYRIGGIGIVIVGRVET GLIKY GMVV TEAL T GV T TEVESVEMHHEAL GDHVGF]
Rhizophlyc HTCWFKGH TKETKA-GALKGT TLLQATDAIDLE TRE TDKELRLE L DDV YKIGGIGTV I VERVET GT ITRAGH IVHE SE ARV T TEVKSVEMHHE TLEAGLF GDHVGF]
Rhizophydi BMSHFKGH TKETKG-GVL T GKTLLHATIDAIDLE SRETDKELRLI L DDV YEIGGIGTV I VERVE T GV IRAGHVY TEAN ARV T TEVKSVEMHHE TLE (G IF GDHVGF]
Rhizomucox BH-WFKGWHKE TKA-GSKT GKTLLEATDATEF PVRP SDKPLRLPL DV YKIGET GTVFVGRVET 6T TRAGHVVHF AP AAYT TEVKSVEMHHE TL. TEGL Y GDHVGF]
AhsidiaglaMMCTYKGYHKE TRA-GAKS GKTLLDAIDAIDE Y QR SDKILRLIL DDV YRIGGIGTV I VERVE T GV IRAGHVY TEANARY T TEVESVEMHHE QLVEGL Y GDHV GF]
HypocreajeHC T YKGVERKE TRA-GKF TGKTLLEAIDSIEN VKR TDKYLRLI L DDV YRIGGIGTV I VERIET GVLKY GHVV TEAL SHY T TEVESVEMHHE JLAEG () GDHV GF]
PodosporacHC WYKGWEKEVKG GRATGKTLLEAIDSIEP PKRP TDKPLRLPL QDVYKIGGIGIVPVGRIET GILED GHYVTEAP SRV T TEVESVEMHHE L SEGVE GDHVGE]
Physarum —GP TLLEALDQITEFPKRF TDKPLRVPL QDVYKIGGTGTVPVGRVET G TLKF GMTVTFAPANL STEVEKSVEMHHUYAL PEAVE GDHVGF]
Planoprota —GP TLLEALDSTTEPKRF SDKPLRVPL QDVYKIGGTGTVPVGRVET G TLKP GV SYTFAPAGYT TEVEKSVEMHHV (L PEARF GDHVGF]
Porphyra —GPCLLEALDACDP PKRPYDKPLRLPL QDVYKIGGTGTVPVGRVE T GV TKP GMVVTFAP S 6L STEVKSVEMHHEAL T QA GF GDHVGF]




Multiple Sequence Alignment

Shows multiple similarities:

« Common structure of protein product
« Common function

« Common evolutionary process

e Protein Structure Prediction
 Protein Family Identification

 Protein Characterization: signatures of
protein families

» Phylogeny estimation

Many Different Alignment Methods

Aligning a String to a Profile (HMMs)

Iterative Pair-wise Alignment

Progressive Multiple Alignment

— Feng-Doolittle (1987)[2]

— CLUSTALW, CLUSTALX, and other versions

— State of the Art Parallel MSA (2018) [15]
 Coffee, MAFT, MSAProbs, M2Align

PAGAN Phylogeny Aware MSA (2015) [13]
* Eftc.




Example: Signature Profiles

Helicases

A protein to unwound DNA for further read for
duplication, transcription, recombination or repair.

* Werner’s syndrome an aging disease is believed to
be due to a gene WRN that codes for a helicase
protein.

A Signature Profile for Helicases
« Conserved sequence signatures or motifs

« Some of these motifs are unique identifiers for
helicases

» Maybe functional units

Multiple Alignment Profile

| ~

Col 1 Col2 | Col 3
aba a | 50% |25% |50%
ab - b 0% |75% [0 %
— b a ¢ |25% |0 % |0 %
C g — - |25% |09 |50%

Multiple Alignment Profile:

» Character frequencies given per column

* pi(a) is the fraction of a’s in column i

* p(a) is the fraction of a’s overall

* Log likelihood ratio log( p;(a)/p(a) ) can be used.




Aligning a String to a Profile

Definition 4.16 For an alignment S’ of length I, a profile is an [ x XU {—} | matrix, whose

columns are probability vectors denoting the frequencies of each symbol in the corresponding

alignment column. /

Z

Average Profile Score (total) = -5

bverage Profile Score (no gaps) = -6

Cons| A& E C I E F =) H I il E L M N o P Q2 R
E |-z o -8 -0 -8 -5 -B 0 -7 -3 -t o -5 -2
v |-z o -9 1 T -0 -z -4 -3 0 =T -i0 =5 =1 oo~ T -3
E |-z 0 -15 3 11 -1 ~-10 -5 ~-14 0 1 =13 -8 -z o o-z 3 -3
G |-z -z -3 -1 o -8 -1 -3 -8 0 -4 -8 -5 -1 o -3 -z -8
E |-3 7 -26 13 26 -24 -15 -4 -25 0 7 -24 -15 0 o -4 a -3
E |-8 3 -z4 7 23 -z0 -1z -1 -24 0 3 -zz -13 0 Do-10 12 o
E |-7 -5 -17 -2 & -8 ~15 =7 -5 0 -5 -10 -6 -8 oo-1z -1 -11
¥ b15 -18 -15 -17 -11 18 -20 6 -10 0 -11 -8 -6 =-13 0 o-20 -6 -12
v |2z -11 -0 -8 1-1z7 -14 -11 2 0 -6 -4 -2 -11 D o-10 -4 -11
v | a -2 -8 -20 -21 -11 -27 -27 25 o -z0 =1 & -20 0D -15 -20 -2B
E 16 16 -5z 28 75 -43 -z8 0 -48 0 15 -45 -30 0 Do-13 30 o
K -2 -4 -14 -9 3 -20 =12 -5 =21 o 19 =15 -8 -2 a -9 4 14
T -9 -3f —1n  -37  -31 —3  —41 -3n 4z n -an 29 1N -a1 n —2R -3an -3z
L |-8 -28 -5 -25 -20 -3 -23 -20 17 0 -16 21 11 -z1 oD o-21 -15 -1
b |-a2 13 -13 21 8 ~-zz -8 -9 -22 0 -4 -26 -17 0 o -5 0 -11
H\|-3 -z -7 -a 0 -8 -8 4 -11 0 2 -10 -6 0 o -7 0 1
r\|l-7 -8 -18 -1z 1 -17 -18 -3 -18 0 13 -1z -5 -3 oo-13 5 18

Profile for Classical Chromo Domains [10]. 9

Hidden Markov Models (HMM) profile alignment (no gaps)

begin — —> M4 — —| end

No gaps
transition probabilities: 1
trivial alignment HMM to sequence

Assume a given
profile set:

profile HMM 7 ‘dedicated topology’
X = r1Lo...TJ,

Let ej(b) be equal to the probability of
observing symbol b at pos i, then:

L
P(X|P) = [] ei(z:)
i=1
=> Emission probability distribution function at state 4

10




HMMs profile alignment with gaps

Given profile
sequences:

VGA--HAGEY
VNA--NVDEV
VEA--DVAGH
VKG--NYDED
VYS--TYETS
FNA--NIPKH
TAGADNGAGV
123__45678

insert state

M; M, match states

Emission probability distribution based on:
- background probabilities: e,(b) = p(b)
- or based on alignment (match)

affine model
tarr s trm 'th_l
gty M UL

open gap extension

HMMs profile alignment with gaps and deletes

Given profile
Sequences:
VGA--HAGEY

-NVDEV
VEA--DVAGH
VKG------ D
VYS--TYETS
FNA--NIPKH
TAGADNGAGV
123__45678

insert state

M, Misq match states

delete state
(silent)

M.q

adapt Viterbi => 12




HMMSs for profiles / multiple alignment

Viterbi

Deletion (D)

Insertion (1) Q‘

Match (M) begin

vi' (i) = ey, (x). max vi,(i-1)t,

i

V} (1) = p(x,). r:naIXDVj (i _1)'th,1|,- same level

V (')— max VJ 1(') tY 1D; same posilgion

Multiple Sequence Alignment: HMM known

Delétion states
Inseéion states
Multiple Sequence Alignment Problem:
Given sequence St,..., S", how can they be optimally aligned?

Assume a profile HMM P is known, then:

- Align each sequence S' to the profile separately

- Accumulate the obtained alignments to a multiple
alignment

- Hereby insert runs are not aligned. (Just left-justify insert |
regions.)




Multiple Sequence Alignment: HMM unknown
0'-0’-0 ()
RS ESRS

RN

Multiple Sequence Alignment Problem: Inseftion states
Given sequence S,..., S", how can they be optimally aligned?

Assume aProfiIe HMM P is not known, then obtain an HMM profile P
from S4,..., S" as follows:

- Choose a length L for the profile HMM and intialize the transition and
emission probabilities.

- Train the HMM using Baum- Welch on all sequences S%,..., S™

Now obtain the multiple alignment using this HMM P as in the previous
case:

- Align each sequence S' to the profile separately
- Accumulate the obtained alignments to a multiple alignment

- Hereby insert runs are not aligned. (Just left-justify insert regions.) .

Iterative Pair-wise Alignment

Algorithm

1. Align some pair
2. While (not done)

(a) Pick an unaligned string which is “near” some aligned
one(s).

(b) Align with the profile of the previously aligned group.
Resulting new spaces are inserted into all strings in
the group.

This approach uses pair-wise alignment scores to iteratively add one
additional string to a growing multiple alignment.
1. We start by aligning the two strings whose edit distance is the minimum
over all pairs of strings.
2. Then we iteratively consider the string with the smallest distance to any
of the strings already in the multiple alignment.
16




Progressive Multiple Alignment

 Again a heuristic => not guaranteed to be
optimal
 Progressive alignment of the sequences

Problems
« What are the initial sequences?

« What is the order in which the sequences
are aligned?

17

Progressive Multiple Alignment

Sketch

« Align all pairs of sequences

« Determine distance matrix

 Construct a guide tree from the distance matrix

 Progressive multiple alignment following the guide
tree.

For example:
CLUSTAL, ..., CLUSTALW, CLUSTALX, CLUSTALQ, CLUSTAL2

18




Progressive multiple alignment methods

Different alignment methods
/Progressive /l \

SBpima multal

o ()
multalign
pileup

SB - Sequential Branching
Different Guide Tree UPGMA - Unweighted Pair Grouping Method
Construction Methods: ML - Maximum Likelihood

NJ - Neighbor-Joining

From: O.Poch, Ecole Phylogénomique, Carry le Rouet 2006

Many many MSA methods: which one is the best?

Fast and inaccurate
« DIALIGN

— Distinction of alignable vs non-alignable

— Less accurate than ClustalW on some benchmarks
* MAFFT, MUSCLE

— Faster, more accurate than CLUSTALW, but still accuracy trade-off
Slow but accurate
« T-COFFEE

— High accuracy, uses heterogenous information

— Computational and space intensive (can be a limiting factor)
Slow and inaccurate
+ Clustalw

— Needs less memory

— s less accurate, and less scalable 20
— New improved versions: ClustalQ. Clustal?

10



ClustalWw __
Thompson et al. 1994 e disane masis

Lo J - -
Pairwise alignment SCOIeSs [y msen o
Distance matrix ]

scores => distances

Clustering by Neighbor- e
Joining Tree (UPGMA, =
NJ-Tree)

and sequence w:

Guide Tree: UPGMA,

NJ-Tree Frogrsive

Align

Progressive Alignment ~ l=e==

following the guide tree.

Hierarchical Clustering of Sequences

Unweighted Pair Group Method with Arithmetic
Averages (UPGMA)

« lteratively clustering the sequences

« Assume two clusters i and j with the shortest

distance d;;, then node u is formed between i and j.

« In general the distance between a cluster k and the
new node u is calculated as:

p clustersize(i) - dy; + clustersize(j) - dy;
ku =

clustersize(i) - clustersize(j)

22
(Sokal and Michener '58)

11



5 b = A = Example: Unweighted Pair Group Method

= 0 17 21 31 23 with Arithmetic Averages (UPMGA)
b 17 0 30 34 21 « Start with the distance matrix.
c 21 30 0 28 39 |+ Group the closest elements (a,b) => insert node u
d 31 34 28 0 43
e 23 21 39 43 0
(a,b) c d 3 Update the distance matrix.

Calculate average distance of the nodes to u = (a,b)

(a,b) 0 25.5 32,5 22 *
c e 7 P 9 « d(c,(a,b) = (21f30)/2 =255 _
= e - . p= *  Now d((a,b),e) is smallest => insert new node v
e 22 39 43 0
((ab)e) ¢ d » Update matrix, take into account the sizes of subtrees.

@me| o | s | s |+ d(cV)=(2%255+1*39)/(2+1) = 90/3 = 30

c = T .5 Nowd(c,d)is smallest => insert node w

25 a
d 36 28 0 u
55 v b
((a.;b).e) | (c,d) e
((ab)e)| 0 33 » Update matrix r
{c.d) 33 0 25 c
w
d
I Height
(Sokal and Michener '58; Wikipedia) 65 140 1O 8511 [
Clustalw mim % oa
[Pairwise alignment: Myg Phyca 5 77 77 75 75 -
Thompson et al. 1994 IE ] B S S I
‘Hba_Horse Myg-Fhyca
A Hba_Hui
|u..moud Neighbor.Joining .H Hbb_Horse s reem
. . - Hbb_Human:
Pairwise allgnment scores
Lgb2_Luply

Distance matrix
scores => distances '
Clustering by Neighbor- (i)
Joining Tree (NJ-Tree)
Guide Tree: NJ-Tree

Progressive Alignment Frge

Align

following the guide tree. [hoii®

£




Neighbor Joining Algorithm (NJ-Algorithm)

« lteratively building a NJ-Tree

 Let clusters i and j with the shortest modified distance
M;;, then a new node u is formed between them.

rit+r; . .
M;j=d;; — ﬁ , Where r; = ¥, d; (divergence of cluster i)

« The distance between a cluster k and the new node u
Is calculated as:

2 25

Neighbor Joining Algorithm (NJ-Algorithm)

k midpoint

A midpoint can be defined to give equal average
branch lengths on either sides => rooted NJ-tree
26

13



Neighbor Joining Algorithm (NJ-Algorithm)

— Kk
— P

k midpoint

A midpoint can be defined to give equal average
branch lengths on either sides => rooted NJ-tree

rooted NJ-tree

Homework 02 o

ClustalW ma sl B oa
[Pairwise alignment: Myg Phyea 5 75 75 .
Thompson et al. 1994 Cinimeaionemes] G Y 3B D302 &

v

|Unmol!d Neighbor.Joining RH

Pairwise alignment scores

Distance matrix
scores => distances '
Clustering by Neighbor- (]
Joining Tree (NJ-Tree)

§
R

+ba_He Myg Phyca
Hba_Hur

Hbb_Horse

Hbb_Human GIoS_Petma

Guide Tree: NJ-Tree

Progressive Alignment Frge

Align

following the guide tree. [hoii®

i

14



Clustal Omega: handling of large sequence datasets

» Progressive multiple alignment using all pairwise distances is not possible
for large numbers of sequences.

» Clustering of sequences by calculation of distances only to selected seed
sequences makes the procedure faster.

+ Clustal Omega algorithm can use both distances from pairwise alignments
(socalled Kimura distances) and k-mer distances (k-mers: next slide)

— constructs the profiles of subclusters, which define probabilities of substitutions,
deletions and insertions.
— profiles can be aligned to each other (also HMMs can be used here)

» Similar approaches are used in some other algorithms.

29

k-mers / k-tuples / k-words / n-mers / n-grams

AGCCGCTTAGTCAACT

Here, k=6 C
AGCCGC

sccoct o emenes et
cceCTT k-mers, not all of which
() are necessarily unique
TCAACT

There’s also a parallel world of patterns
Hohl, Rigoutsos & Ragan, Evol Bioinf 2:357-373 (2006)

15



1.1 k-mer 1.2

1.3 progressive

______ counting UPGMA alignment
N \ ;
— —  =——= MsAl
unaligned T
sequences k-mer distance TREE1
matrix D1 2.1 compute
%ids from MSAT
e Kimura distance
N :: matrix D2
2 3 progressive 2 2 UPGMA

MSAZ alignment TREE2

: = 3.3 re-align M
3.2 compute profiles
\5\ subtree profiles

3.1 delete T :

- iterat
edge from TREE2 T erate
giving 2 subtrees

No,
i delete

. Yes,
i save

MUSCLE (RC Edgar, 2004)

T-Coffee (Notredame et al. 2004)
(very rough sketch)

Clustal W Primary Library
(Global Pairwise Alignment)

» Lalign local: top 10 scoring

* non-intersecting local alignments T

* Monomers x(A) aligned to y(B): constraint.

W(constraint) = % similarity in the alignment Signal Addition

PRIMARY LIBRARY
Y
T EXTENSION | =s=ssssssssss

* W(xy) = W(x,y,global) + W(x,y,local)
W=0 if x and y are not aligned

» If x(A) is aligned to z(C) and y(B) is aligned
to z(C) as well:
+ xandy are aligned through sequence C,

Ed

A
)i R -}

A me—
o

w
ol
i

Lalign Primary Library (Local
Pairwise Alignment)

Weighting

thus additional constraint weight: XL
W(xy) = W(x,y) + min [W(x,z) + W(y,z)].

NDED LIBRARY ]

» Progressive alignment according to the NJ
tree from pairwise alignments.

» Dynamic programming is carried out with
account of weights.

PROGRESSIVE ALIGNMENT | ==w=ssms=uss

y

» No gap penalties (indirectly they are already A
taken into account).

—— —
C e m——

16



Selected slides from Mark Ragan’s presentation:

Phylogenetics without multiple sequence alignment

Mark Ragan
Institute for Molecular Bioscience
and
School of Information Technology & Electrical Engineering
The University of Queensland, Brisbane, Australia

IPAM Workshop on Multiple Sequence Alignment
UCLA, 13 January 2015

See a|SO http://www.ipam.ucla.edu/programs/workshops/multiple-sequence-alignment/?tab=schedule

THE UNIVERSITY
‘OF QUEENSLAND IMB

AUSTRALIA

An MSA* gives us (visual) access to...

* Patterns within columns
* Local adjacency relationships within rows (across columns): context

* Global architecture

[ L e g
= 220 230 240 250 260 270 280 290 300 310

Hfucor ik - LEATIDAIES *VRESDKPLRL PLODYYKIGGIGTY TR TEGLE GDRVGF]

Effeast N6 VKGUEKEIKA GUUKOKTILEAIDATEQDCR:IDKCLRLLODUYKIGETGTY T EQGVT GDAVGE]

CTeast e W TKCURIE TRA OKT CRNL LB TDATE TDKCLRLIL(DVYKIGGIGTVIVCRIET GYLE: AQGVEGDRVGE]

candi R SRE TS DK KT LA TDATEL - TR DK LRI |1 DUYKT 0010 TRA AEGVT GDRVGE]

Foh irreq WMKGETCERES GHTSGETLLEALDNTOACKRY IDKCLRL T ODUYKIGOIGTY IR TPEARCGDRVGE]

Ee M HFKGWKY TRED - GHAS GTTLLEALDCIL I TR TDKP LRLIL (DVYKIGG I BTV K EAL © GDRVGF]

a fa  RL mmmm GKADCKTTIDALDATL -0 SRETEKS LRL ©L gDUVKT GG LG IVoCRVE TG TK: G IV TR ANT I TEVE SUEMIIE ST EQAS > GDNVGE]

At osophila N HEKGEVG] TUDALDATL"ARP TDKALRL L {DVYKIGGIGTVIVGRVET GVLEKP GTVUVFACANT T TEVKSVEMHHEAL QEAVE GDRVGF]

T aviatil ML mGEuIEm ORASCYTLFDALDC TV L AR IDKCLRE 1T DV~ (T 60T G TV ORVET 0 TLEL GMIVT TALAGT T TEVESUEMOEAL TEAL 1 CDRYGE

S KR SDKP LRLPL (DVYRIGGIGTY T TGL. LEAL > GDRVGE]

KR SDKP LRLPL (DVYKIGGIGTV K TGL. TEANS GDRVGE]

KR SDKP LRLPL (DVYKIGGIGTV 1K SGL. QEALP GDRVGF]

KR SDKP LRLPL (DVYKIGGIGTV T TGL. QEALP GDRVGF]

KR SDKP LRLPL (DVYKIGGIGTV T TGL. (QEALP GDRVGF]

R©SDKCLRL L ODYYKIGOT GTYn VGRVETCUVES GMILY TR TOL T TEVESVEMIIEAT TEAL > CDNVRR)

KR SEKP LRLPL (DVYKIGGIGTY 1 TG) LEAL > GDRVGE]

AR TDI LRI L1 ODUKT 601 0TV Y GRVET GVLEL 6 TUVIA L ANT T TEVKSUEMIDEAL QERY' CDRYCE)

SRPTDKCLRL PLDVYKIGCLGTY K 1EATE GDRVGE]

QRP THKCLRL PLODVYKIGCLGTY KP GUIVTFA) VEALP GDRVGF]

(QRPTDRCLRL PLODVYKIGCLGTY 1K EAVT GDRVGE]

(QRPTDKCLRL PLODYYKI GG TGTVIVGRVETGILKY GMIVTEAP QL T TEVKSVEMHHEAL QEAL I GDRVGE]

ARP S SKCLRL PLDVYKI 66T 6TV VGRVE TG ILKD GUUTEC P ANL S TEVKSVEMHHESL  EAL  GDRVGE]

TRP TDKLRL PLODVYKIGCLGTY TRA TCEGLP GDRVGE]

VRPSDKCLRL PLDVYKIGGLGTY TRA AEGK® GDRVGE]

TRPTDKCLRL PLDVYKIGCLGTY 1K AEGL  GDRVGE]

SRPTDKCLRL PLODVYKIGGLGTY 1K EAL© GDRVGF]

TRPTDKCLRL PLDVYKIGGLGTY TRAGHIVHES EAGL” GDRVGE]

3 SRPTDKCLRLPLODVYKIGGLGTY TR EQGIFGDRVGE]

e LEATDATES "WRESDKCLRE PLODYYKIGGLGTY TR TEGLE GDRVGF]

m,,ldmgla]m WYKGWNKE TRA GAKS GKTLLDATDATDE - QRP SDKCLRL P LUDVYKIGGLGTY TRA VEGLP GDRVGE]

en ehcow - LEATDS TEC PERP TDKCLRL 'L QDVYKI GGI G TVEVGRIETGVLE AEGQ " GDRVGE]

cprco GKTLLEATDS TEC PKRP TDKCLRL P LODYVKI GGI 6TV PUGRIETCILK EGUT GDRVGE]

LK TLLEALDQITECKRE TDKP LRV L QDVYKI 661G TVCVGRVET GILK: GHIVTFACANL S TEVKSVEMHINVAL " EAVE GDRVGE]

Planonroto TE EARP GDRVGE]

Pormhyra L DVYKIGGEIGTY TR SGL. TQAGE GDRVGF]

* MSA = multiple sequence alignment
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http://www.ipam.ucla.edu/programs/workshops/multiple-sequence-alignment/?tab=schedule

Here, we focus on MSA as input into a tree-inference program

A\

\ Wi 4

For this application to phylogeny , we interpret the MSA as a

position-by-position (i.e. column-by-column) hypothesis of homology
among these sequences

35
MSA by Mark Ragan; tree by Cheong Xin Chan

Tree inference from MSA: a few comments

e The sequences must be homologous for tree inference to make sense

e Trees and matrices are related complementary data structures

e Trees show inferred relationships; MSAs show conserved regions

18



Homology signal

We use the homology signal inherent in the sequences to
make an inference about treelike relationships

Homology signal inheres in the sequences, not in their MSA

MSA can make it easier to see*, but doesn’t create it

* and easier for existing computer programs to work with

Homology signal (continued)

We shouldn’t assume that MSA captures it all, or uses it optimally

MSA gives us access to

e Patterns within columns Let’s consider these to be

e Local adjacency relationships components of the

e Global architecture homology signal

Here we’ll focus on the first two of these components
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Pattern and adjacency

The column component needs to capture
“sameness” of a character across sequences

For application in phylogenetics, “sameness” has to mean homology (or orthology).
It’s difficult to build a statistical case that a particular single character
in one sequence is homologous with a particular one in a second
sequence.

MSA uses adjacency (and sometimes global) information to build this support.
Alternatively we might compare sets of adjacent characters
(strings), which are less likely to occur by chance.

The adjacency component doesn’t just provide
statistical support for the column component

Because conserved function arises in part from chemical properties of adjacent
residues (e.g. in making that part of the molecule an active site or a-helix), we
expect homology signal to have an adjacency component in its own right.

MSA: potential (and real) problems

Genomes are dynamic, data can be dirty, and MSA is hard

Within some but not all members of a gene set...
e Homologous regions may be inserted / deleted
e Homologous regions may be rearranged / duplicated
e Regions may have different evolutionary histories (LGT)
e Transcriptional variation — similar issues for protein sets

Sequences may be mis-assembled (or not assembled
in the first place) and/or truncated

MSA is computationally difficult and/or heuristic

Can we extract enough/most/all of the homology signal without MSA ?
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REVIEW

Molecular phylogenetics before sequences
Oligonucleotide catalogs as k-mer spectra

Mark A Ragan*, Guillaume Bernard, and Cheong Xin Chan

Institute for Molecular Bioscience, and ARC Centre of Excellence in Bioi ics; The University of Q Brisbane, QLD, Australia

[ — Nuclsic Acids Resaarch
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Ribosomal RNA (1964) [y

Courtesy of George Fox 2013
Electrophoresis of Ribosomal RNA segments out of a lot of different species.

Oligonucleotide catalogs
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Similarity coefficient:
Sag=2 Ny / (N, +Ng)

where

N, = number of oligomers
of at least length L for RNA
of organism A, and

N,z = total number of
coincident oligomers
between catalogs A and B

See (Fox et al. SB 1977)
for a detailed definition.

Table 2 Relatedness in pairwise comparisons

Similarity cocfficient, S,

g 3
3 3
B Y
] : 3
f$ iz £ 3%
R EE-E- B
9 € 358344
E. coli 330N 38BN
B subtilis 86 35037 M O 32 M 2%
Rospheroides | B8 8T 32 33 30 29 0 2
301 BS 8% BEN 40 44 41 36 35
6714 85 &7 8 9 58 52 41 12
6701 84 86 85 90 9 B an
84 B B4 B9 92 OF 4 n
Porphyridium 83 87 B85 & 91 %0 & 3
Euglena | 83 82 80 87 86 86 86 87
%, Homology, Ciy

There are several ways in which the data of Table 1 can be used
to derive single values (similarity coefficients S,) which measure
the relatedness of any pair of RNAs f and /. That which seems most
reasonable to us defines 5, as

{zwzx ,UN] I :Z;(r.{ N

yiere I is oligonucleotide length (in residues), ky,, is the number of
mers common to the two RNAs, and 1y, and ty, are the total
number of N-mers obtained from RNAs i and /, respectively. 8,
is. thus equivalent to 200 times the number of indvidual nucleotide
residues present in sequences (pentamers and larger) which arc
cammon fo twn rRNAS divided by the number of individual residues
present in all sequences (pentamers and larger) found in both rRNAs.
Trwill range in value from 100 Eor identical molecules down to 10-15
for totally unvelated species. (Chance sequence coincidences prevent
5;, from reaching zro in such tzsn}szisE shows (abowe the diago-
nal) values of S, computed for the 36 possible pairwise comparisons
involving the blue-green and chloroplast catalogues end, in addition,
representalive bacterial 165 rRNA catalogues oblained by Woese
and his collaborators for Escherichia calf™', &mﬂm subtilis®,
lnd spheroides™ (a bacterium),
certain purposes it is useful to convert values of 5, (o values

[C J) for the probability of any single nucleotide residuz having
remained unchanged duting the evolulionary divergence of RNAs
i and j, since the latter has more obvious physical significance (and
can be equated with 7 homology ™). Such conversion was made with

Bonen & Doolittle, Nature 1976

v [TV ———

Fox et al., PNAS 1977 (top)
Woese, Microbiol. Rev. 1987
(bottom)

The three kingdoms (domains) of life
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Phylogenetic structure of the prokaryotic domain: The primary
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Phylogenetic Tree of Life

Bacteria Archaea Eucaryota
Green
Filamentous
Spirochetss  bacteria Ertamoebae SIM  Animals

molds

Gram Methanosarcina Fungi
Methanobacterium

Methanococcus'

Halophiles
Protecbacteria P

Plants
Ciliates

Flanctomyces Flagellates
Pyrodicticum

Bacteroides. Trichomonads

Cytophaga

Microsporidia

Diplomonads

From Wikimedia Commons
after Carl Woese and colleagues (~1972 ff.)

Image courtesy of Institute for Genomic Biology
University of Illinois

Alignment-free methods

AF-methods -
/ \ similar sequences share

longer exact words
Word .

Counts

Y/ V '\
- Common Substrings

e | =
s & @ W

Guillaume Bernard, after Haubold, Briefings in Bioinformatics (2013)
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k-mers / k-tuples / k-words / n-mers / n-grams

[AcccadrTaGTcaAcT

Here, k=6 C
AGCCGC

GCCGCT ;o:ha sequer;cekoi |1ength
¢ , there are S -

cceCrT k-mers, not all of which

() are necessarily unique

TCAACT

There’s also a parallel world of patterns
Hohl, Rigoutsos & Ragan, Evol Bioinf 2:357-373 (2006)

D, statistics: a brief overview

The D, statistic is the count of exact word matches of length k between two sequences

For alphabet A, there are |A |k possible words w of length k. Given sequences X and Y,

Dy = Z D, 4 ,where X,, = count of win X

weAk

Because D, is sensitive to sequence length, the statistic is often normalised
S
by the probability of occurrence of specific words (D,), or

by assuming a Poisson distribution of word occurrence (D3) for long words

Although defined for exact word matches, D, can be easily extended to

n mismatches (neighbourhood of order n): D;

Chor et al., Genome Biol 10:R108 (2009); Reinert et al.,J Comput Biol 16:1615-1634 (2009);
Reinert et al., J Comput Biol 17:1349-1372 (2010); Burden et al., J Comput Biol 21:41-63 (2014)
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D,-based distance

TTAGTCAACT TGCCGCTTAGTCGGCT

- =) =) =) =)

- -

NS AGCCGC NS TGCcage
GCCGCT GCCGCT
CCGCTT CCGCTT
() ()
TCAACT TCGGCT

Dy = Z X,Y,, mmp | Compute pairwise distances
We use 1 — (geometric mean)

Generate distance matrix
(or D5 D} etc.) Tree via N-J or similar

weAk

Other Alignment Free methods based on word counts

Feature frequency profile
Sims & Kim, PNAS 2011

Composition vector
Wang & Hao, JME 2004

Word context
Co-phylog: Yi & Jin, NAR 2013

Spaced word frequencies
Leimeister, Bioinformatics 2014

Compares k-mer frequency profiles (Jensen-Shannon
divergence) & computes a pairwise distance

using word frequencies normalised by probability of
chance of occurrence

Pairwise distances based on proportions of k-mers that
differ in a certain position; more-realistic branch lengths

Considers word mismatches as well as matches; less
statistical dependency between neighbouring matches
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Alignment Free (AF) methods based on match length

In general, similar sequences share longer exact words

Grammar-based distance The concatenate of two sequences is more compressible
d-gram: Russell, BMC Bioinf 2010 (e.g. by Lempel-Ziv) if the sequences are similar
Average common substring Mean of longest matches between sequences, starting
Ulitsky, J Comp Biol 2006 from each position; unlike L-Z, word overlap is allowed
Shortest unique substring Longest common substring + 1, corrected for random

Haubold, J Comp Biol 2009

Underlying subwords

matches: “AF version of Jukes-Cantor distance”

Like ACS, but discards common subwords that are

Comin, Algorith Mol Biol 2012 covered by longer (more-significant) ones

k-Mismatch ACS (kmacs) ACS with k (in our notation, n) mismatches

Leimester, Bioinformatics 2014

Can we compute accurate trees using AF-based distances ?

Simulated data

e Generate replicate data on a known
tree, varying data size, substitution
model, tree shape, branch lengths etc.

e Extract k-mers & compute a tree;
sweep over relevant parameters

e Compare topologies (Robinson-Foulds

metric)

e Measure performance (precision,
recall, sensitivity...)

Advantages/disadvantages

e We can study effects of different
factors & scenarios individually

e Sequence models may be too
simplistic

Empirical data

o |dentify empirical datasets for
which someone has ventured a
phylogenetic tree

e Extract k-mers & compute a tree;
sweep over k

e Compare topologies (Robinson-
Foulds metric)

e Count congruent/incongruent
edges & try to interpret

Advantages/disadvantages

e Sequences are (by definition) real

e We can'’t study effects of different
factors & scenarios individually

e The true tree remains unknown
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First we simulated sequence data on a tree

. . T™ X Y T2 % Y1 T3 % Y
Simulation software ranges from X« T g
simplistic to maddeningly complex LE — [

‘0.01 001 005
Using evolver (PAML) we simulated & ¢ s — o £
DNA and protein sequence sets on - 2 ot 2 o r
. . =Yi=Y, = Vs =Y
trees of different size (8 /32 /128 Bi% s
taxa), symmetry, and absolute and ¥ ; ;
).; Y \Z T4« 15 -L{"%‘ T X o
relative branch lengths x| 2y, X v |P!
e l L [To05 0.05
. 005 7 i
We also simulated DNA sequences s r ‘ = 05 7% 3
on trees generated under a L — L— L —°
2 =y, Y2 Y2
coalescent model (not shown) x=y=y, e =
Chan et al., Scientific Reports 4:6504 (2014)
We extracted k-mers at different k, computed distances under
different variants of the D, statistic, and generated a N-J tree
Synthetic data k-mer lists k-mer distances Neighbour-Joining
Related by a tree of One list per sequence Matrix of pairwise Or another distance
known topology at different k distances approach

No method for confidence estimation is currently available, but one can

imagine using a variant of the nonparametric bootstrap, or by jackknifing
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Then we compared the D, + NJ tree with the known true topology,

and with the topologies inferred using MSA + MrBayes
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RF=Robinson Foulds metric

DNA alphabet, L = 1500 nt, 100 replicates

Chan et al., Scientific Reports 2014

D, + NJ performs well with rearranged sequences

Y
02 03 04

RF

=2

Q value
02 -01 00 0.1 02 03 04 05 -0.1

W
NN = a0

XX XX
AOON

EmsA

TXXXX
W
NN = =0
BooN

R=25%

i =

R =50%

77

—_—

Chan et al., Scientific Reports 2014

Non-overlapping rearrangement of R% of a DNA sequence set, N= 8, L= 5000.
MSA = MUSCLE + MrBayes. MAFFT performs slightly worse than MUSCLE.
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D§+ NJ is more-robust to indels
than leading MSA methods

AY oo smem e e e
-D.J
- e S
D5 k=8
-1 PRSI S
d
GI = = - i
©7 70102030405 0102030405 010203 0405
indel rate indel rate indel rate
Q . - .
b3 0 o
versus versus
o MrBAYES RAXML
s
oz

indel rate

S 0102 03 0405 ) 0102 03 04 05

indel rate

With data simulated under a coalescent
model, D2"1+ NJ results are similar to MSA
except at high/low sequence divergence

1
04 05

RF
00 01 02 03

g| weaves LJ ||

Numbers in box are N, = effective population size

Smaller N, implies shorter branch lengths on the tree

Chan et al., Scientific Reports 2014

Summary: trees computed from k-mer distances

Sequence length D,
Recent sequence divergence MSA
Ancient sequence divergence D,
Among-site rate heterogeneity D, or MSA
Compositional bias D, or MSA
Genetic rearrangement D,
Incomplete sequence data MSA
Insertions/deletions D,
Computational scalability D,
Memory consumption MSA

Accuracy of D, methods increases with L

D, methods are more robust to ancient
sequence divergence, to rearrangement
and to indel frequency

D, methods are more sensitive to recent
sequence divergence and to the presence
of incomplete (truncated) data

Optimal k is negatively correlated with
alphabet size, and is not greatly affected
by N or L in a biologically relevant range

D, methods are more scalable to large
data than are MSA-based approaches,
but usually require more memory
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Eight Yersinia genomes: AF versus inversion phylogeny

Consensus phylogenetic network based on
inversions. Mauve (78 locally collinear
blocks) then BADGER (Larget, MBE 2005).
Requires extensive parameter estimation,
with each run 500K MCMC generations.
Took ~ 2 weeks.

Darling, Miklés & Ragan, PLoS Genetics (2008)

Y. pestis Pestoides F 15-70

Y.pseudotuberculosis IP31758
Y.pestis Nepal516
. pseudotuberculosis IP32953

Y. pestis KIM

Y. pestis CO92
Y. pestis 91001

.pestis Antiqua)

Kr (Haubold, BMC Bioinformatics 2005)
yields a congruent phylogeny; no parameter
optimisation, runtime 1 minute on laptop.

Bernard, Chan & Ragan, unpublished

Ypestis CO92 Ypestis Antiqua

¥. pseudo. 1P31758
Vpestis Nepals16

Y.pestis KIM

¥. pseudo. IP32953|

Y.pestis 91001

Y.pestis Pestoide F 15-70

27 Escherichia coli + Shigella genomes

coli SMS 3 5

coli I1A139

coli 0127 H6 E2348 69
coli 536

coli CFTO73

coli ED1a

coli UTI189

coli S88

coli APEC O1

coli UMNO26
dysenteriae

coli O157H7

coli O157H7 EDL933
coli K 12 substr W3110
coli K 12 substr MG1655
coli HS

coli C ATCC 8739
flexneri 5 8401
flexneri 2a

flexneri 2a 2457T
sonnei 046

boydii 227

boydii CDC 3083 94
coli E24377A

coli 1AI1

coli SE11

coli 55989

mMMM© K 6K GeMmmMmMmMmEmmmmmmmmmm

ProgressiveMauve alignment (17 hours on HPC), extract
5282 single-copy gene sets N > 4, GBlocks, MrBayes
(5M MCMC generations, 10 models) followed by MRP

Skippington & Ragan, BMC Genomics (2011)

E.col SMS 35
E.coli 1AI39
E.coli 0127 H6 E2348 69
E.coli 536
E.coli CFTO73
E.coliED1a
E.coliS88
- E.coli UTIB9
E.coll APEC O1
E.coli UMNO26
S. dysenteriae
E.coli O157H7
E.coli O157H7 EDL933
E.coli K 12 subst W3110
E.coli K 12 subst MG1655
E.coli HS
E.coli C ATCC 8739
S.flexneri 5 8401
S.flexneri 2a
S.flexneri 2a 2457T
S.sonnei 046
1 r S.boydii 227

— S.boydii CDC 3083 94
-1t E.coli E24377A
"I E E.coli 1A

E.coli SE11
E.coli 55989

Co-phylog (Yi & Jin, NAR 2013)
with k=8, 113sec on laptop

Bernard, Chan & Ragan, unpublished
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Conclusions & outlook

AF methods hold considerable potential in phylogenetics & phylogenomics

But MSA-based approaches have a six-decade head start

With synthetic data, AF methods perform better than MSA-based approaches
under some evolutionarily relevant scenarios, but worse under others

With empirical data, the jury is still out

(Some) AF methods could likely be subsumed under a rigorous model,
although probably at the cost of speed & scalability

i.e. what makes them attractive in the first place
Efficient data structures & precomputation have much to offer

Other application areas include LGT analysis, and trees directly from NGS data
Song et al., J Comp Biol 2013; Yi & Jin, NAR 2013
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