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Given a set of molecular sequences, MSA* gives us access to...

Patterns within columns

Local adjacency relationships within rows (across columns)

Global architecture
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* MSA = multiple sequence alignment
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For application in phylogenetic inference, we interpret the MSA as a

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

3g é"
.
Z: 1
- T
LE IS
T
HiH]
L IEE
iF
G T P ITPEPPPUET TP PTUIT PRI e 3ce55eh
220 230 240 250 260 270 280 290 300 310
[Efffucor MM WFRGWHKE TRA - GSKTGKTLLEATDATEPPVRE SDKPLRLPLQDVYKIGGIGTVPVGRVET 6T IKAGMVVHFAP AAV T TEVKSVEMHHE TL TEGLP GDRV GF)
EfYeast HAFWYKGWEKE TKA-GVVKGKTLLEAIDAIEQF SRE TDKPLRLFLODVYKIGGIGTVIVGRVE TGV IKE GMVV TFAPAGY T TEVESVEMHHE QLE ) GVF GDRV GF)
Hcrassa HCIWYKGWEKE TKA-GKATGKTLLEATDATEP PKRY TDKP LRLPLODVYKIGGIGTVPVGRIETGVLEY GMVV TFAP SHY T TEVRSVEMHHE QLA GVP GDHVGF)
candida HCPWYKGWEKE TKS - GKVTGKTLLEATDATEP P TRE TDKP LRLPLODVYYKIGGI GTVPVGRVE T GI TRAGHYY TFAP AGY T TEVK SVEMHHE QLAE GV GDHVGF)
Ich irreg HMPWYKGWTCERKE-GHTSGFTLLEALDHIQAPERE TDKPLRLPLODVYKIGGIGTVIVGRVETGLIRE GHVVSEAP GSVSTEVRSVEMHHE STPEAAR GDRVGE]
‘fHuma HHPWFKGWKY TRKD - GRASGTTLLEALDCILPP TRE TDKP LRLPLQDVYKIGGI GTVPVGRVE TGVLKFP GHVV TFAP VAV T TEVRSVEMHHEAL SEALP GDHV GF)
artemia RLFWYKGWHIERKE - GKADGKTLLDALDAILFPF SRE TEKPLRLFLODVYKIGGIGTVIVGRVE TGLIKE GMIVTFAPARI T TEVESVEMHHE SLE QASE GDHV GF)
drosophilaHMPWFKGWEV GRKE - GHADGKTLVDALDATLPPARP TDRALRLPLODVYKIGGIGTVIVGRVETGVLKE GTVVVFAPANI T TEVKSVEMHHEAL QEAVE GDHVGE]
[Efluviatil ML PWYKGFQTERKE-GRASGYTLFDALDCTIVP PARP TDKPLRLPLODY - IGGIGTVPVGRVETGILKS GMIVTTAPAGT T TEVKSVEMHHEAL TEALP GDHVGF)
HL] GFTLLEALDQINEFKRF SDKFLRLFLQDVYKIGGIGTVIVGRVE TGMIKE GMVV TFAP TGLT TEVESVEMHHE SLLEALF GDRV GF]
Ef6lyc HLDWYK- GP TLLDALDQISEPKRP SDKPLRLPLQDVYKIGGI GTVPVGRVETGVLKP GMVV TFAP TGL T TEVRSVEMHHE SL TEAHP GDHV GF)
daucus HLDWYK: GP TLLEALDQISEPKRP SDKPLRLPLODVYKIGGIGTVPVGRVE TGV IKP GMVV TF GP SGLT TEVESVEMHHEAL QEAL P GDHVGF]
tomato HLDWYK- GP TLLEALD () INEPKRP SDKPLRLPLQDVYKIGGIGTVPVGRVE TGV IKP GMYV TF GP TGLT TEVRSVEMHHEAL QEALP GDHVGF]
Zea HILDWYK- GP TLLEALDL INEPKRP SDKPLRLPLQDVYKIGGI GTVPVGRVE TGV TKP GMYV TF GP TGL T TEVKSVEMHHEAL QEALP GDHVGF)
Pisum HLDWYK: GF TLLDALDHINEFKRF SDKFLRLFLODVYKIGGIGTVIVGRVE T GUVVKY GMLV TFAP TGLT TEVESVEMHHEAL TEALF GDHVRF]
Hordeum HLDWYK- GP TLLEALD Q INEPKRP SEKPLRLPLQDVYKIGGI GTVPVGRVE TGV IKP GMVVTF GP TGLT TEVRSVEMHHE SLLEALP GDHVGF) X"’”""“:“’A‘Y""—“‘"“i
'Bombyx KM WEKGW QVERKE - GKADGKSLIEALDAILPPARP TDKP LRLPLODVYKIGGIGTVPVGRVE TGVLKY GT IVVFAPANIL T TEVE SVEMHHEAL QEAVE GDHV GF) Xy’«jﬂ;—f’ozﬁ‘a
Danio HMEWFKGWKIERKE-GRASGTTLLDALDATLPP SRE TDKP LRLPLODVYKIGGIGTVPVGRVE TGVLEY GMVV TFAP ANV T TEVRSVEMHHE SLTEATP GDHV GF) Xanthon .xgu"vw*‘”‘“’m’"b o wisty. 306
Xenopus HH P WFKGWKIERKE-GRASGITLLEALDCIIPP QRP THKP LRLPLODVYYKIGGI GTVPVGRVE TGVLKP GMIVTFAP SHU T TEVK SVEMHHEALVEALP GDRVGF) ur‘mxmuﬁi&‘om!ﬂ" Mﬂ
C. ‘hak ¢ HED - LEALDSIIFFQRE TDRFLRLFLODVYKIGGIGTVIVGRVETGLIKE GMVV TEAP QHV T TEVKSVEMHHE SLPEAVE GDRV GE] Mm&“‘ﬁ‘ﬂ
OnchocercaMMIWFKGHSVERKE -GTHT GKTLLEALD SVWP P QRP TDKP LRLPLODVYKIGGIGTVPVGRVE TGILKS GMIVTFAP QHL T TEVKSVEMHHEAL QEALP GDHVGF) M Tﬁ.‘}s»f\
Hydra N SHYKGWEVEYKD T GKHT GKTLLEALDHIPLPARP SSKPLRLPLODVYKIGGIGTVPVGRVE TGILKY GMVV TF CPAHL S TEVRESVEMHHE SLEEALP GDHV GF] Mﬂ‘j\m@‘;‘ﬂ
[Filobasidi M WYKGH TKETKS -GV SKGKTLLEATDASRIP TRE TDKFP LRLPLODVYKIGGIGTVPVGRVE TGV IRAGHVVKFAY THY T TEVKSVEMHHE QT PEGLY GDHVGF) Hrh“'\‘w{ mw:f“‘»:mg
Schizophyl HHPWYKGW TKE TKA - GVWKGKTLLDATDATEP PUVRP SDKP LRLP L QDVYKIGG I GTVPVGRVET GI TRAGHMVV TFAY SRV T TEVK SVEMHHE QLAE GKP GDRV GF) rl{,’:‘” 3 S0 X
Monobleph HM WYKGWEKETKS-GRATGKILVDAIDAIER D TRY TDKNLRLYLODVYKIGGIGTV I VGRVET GV IKY GHVVTEAY SHV T TEVESVEMHHE SLAEGLE GDHVGE] ®
Harpochyt MMPWFESWQKETKG-GKFTGKTLLEATDSTEPE SRP TDKPLRLPLODVYKIGGIGTVPVGRVETGITKY GHVVTFAY TGV T TEVKSVEMHHEAL PEALP GDRV GF)
Rhizophlyc T WFEGH TKETKA-GALKGTTLLOATIDAIDLY TRY TR LRLP LODVYKIGGIGTV I VGRVETGT IRAGMIVHE S ARV T TEVESVEMHHE TLEAGL! GDHVGE]
IRhizophydi HMSWFEGH TKETKG-GVLTGKTLLHATDATDLY SRY TDKP LRLPLODVYKIGGIGTV I VGRVE TGV IRAGHYV TEAP ARV T TEVKSVEMHHE TLE Q6 IF GDHVGE]
Rhizomucor WFKGWHKE TKA-GSKTGKTLLEATDATEP PYRP SDKPLRLP L QDUVYKIGGIGTVIVGRVETGT IKACHVVNFAT AAY T TEVKSWVEMHHE TL TEGL P GDAVGF]
hsidiagla W, ~GAKSGKILLDAIDAIDEF QRF SDKFLRLFLODVYKIGGIGTVIVGRVE T GV IKAGHVV TEAP ANV T TEVESVEMHHE QLVE GLE GDRV GF]
HypocreajeHC WYRGHWEKE TRA - GKFTGCKTLLEATDSTEC PEKRP TDKP LRLPLOQDVYKIGGIGTVIVGRIETGVLKY GHVV TFAT SRV T TEVKSVEMHHE QLAE G GDRV GF)
[Podosporac HC WYKGWEKEVKG-GKATGKILLEATIDSIEN "ERY TDE LRLP LODVYKIGGIGTV I VGRIETGILKY GHVV TEAP SHV T TEVESVEMHHE QL SEGV! GDHVGE]
HL'WYK- GP TLLEALDQITEPKRF TDKPLRVPLQDVYKIGGIGTVPVGRVETGILKY GMIVTFAPANL S TEVRSVEMHHVAL PEAVE GDHVGF) T
P1 t R - ———————————— GPTLLEALDSITEPKRP SDKPLRYPLQDVYKIGGI GTVPVGRVETGILKS GV SWTFAPAGY T TEVKSVEMHHV QL EARP GDHV GF) F05
L GRWYK: CLLEALDACDFPERIVDKFLRLPLODVYKIGGIGTVIVGRVE TGV IKE GHVV TEAP SGL S TEVKSVEMHHEAL T QAGE GDRVGE] égﬁ
40y
i
FA
i
B3
£3
i
5%
£%

MSA by Mark Ragan; tree by Cheong Xin Chan



anopr
Borpryra

Homology signal
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Phylogenetic inference is based on homology signal

omology 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

e Local adjacency relationships be components of the

¢ Global architecture homology signal

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



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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Oligonucleotide catalogs

4538 Evolution: Fox et al

Proc, Nail, Acad. Sei, USA 74(1977)

Tabde 1. Oliganucleotide catalogs for 168 tRNA of 10 methanogens
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Tabile 1 continnes on Tullowing page

Evolution: Fox ef al, Proc. Natl, Acad. Sci, USA 74(1077) 4539
Table 1. (continued)
Oligonu- Present in (igomu- Present in Oliganu- Pmaqt in
cleatide organism cleatide organism cleotide arganism
sequence number BRqUENCe number sequence number
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AUALCEEE I AMACACCUUCG ] AACAAUCUCCUARACCUG i
AUAMTEUG 15 AMALICCCAUAG ]
AUAUACLE w erar
AUAUACAA: ¥ UCCCUCCOCUG 1 IAAAEAUARUCLICA)
CAUAUCEUCCS n COCAUCCIVAG i
VEUUACCAG 0 AAALCCUAUAT N
VEACUAUEG i termiai
VAACCCU 10 UUUCAACAUA 7 Sond
UAAUCCUCG ] AUALCACUAIVG 8 MG “
AMUUDCEOG 10 PRALCEG B
AACTUCLG H ULUCAAUALAG 1w PAALCUG 13
UCAUAALED 1 PAULCUG 3310
CUAAUACUD | CULLLEUUAG 13
CAUCALALE o CUUUUCALIUAG ¥ Fend
AUAAUUCOG 1 VUCULUAKUCT i AUCACCUCT Uy 118
First oohumn s ol leatid second oal shows organisms in which that sequence is found, Organisms are dealgnated by number
{see Fig. 1) ae follows: 1, M. ilicum; 2, M. ruminantium strain PS; 3 M. rumi ateain M-1; 4, M. formicieum; B, M. sp. strain M.o.H.;
6, M. !hﬂmmwrwhwn T Clnm m1mJ'R—I 3 Elm:k Sea isolate JR-1; 9, irillum hungatii; 10, barkeri.
Multiph are denated by repeating the arganism's umbet in column 2 ., I46-8:97.9 slgnifie

& double oceurrence in mpnnm 7 md ample eocursnce In aFganiam 9.




Spg=2 Npg / (Ny+ Ng)

where N = number of
residues in oligomers of at
least length L, and N, =
total number of residues in
coincident oligomers
between catalogs A and B
(Fox et al. 1JSB 1977)

Table 2 Relatedness in pairwise comparisons

Similarity coefficient, S,

$ E
£ 3 B
W 0§ £ 2
§§§§253§§
4 ¥ ¥ 3 %55 3 & 4Q
E. coli 33037 31 31 8 28 27

B. subtilis 86 3337 4 n RN
R. sphervides 88 &7 32 33 30 29
6301 85 88 86 49 44 41
6714 85 87 86 92 58 52
6701 B4 86 8BS 90 94 83

6308 84 86 84 89 92 98
Porphyridium B} 87 85 &% 91 90 8 36
Euglena 83 82 B0 87 86 86 86

da e fd
EEEREEY
(¥ )
o

oo

% Homology, €,

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

[ZOOEMUN] / i(rwwj W
H=b

N=5

where N is oligonucleotide length (in residues), ky, ’ is the number of
N-mers common to the two RNAs, and #y, and ty, are the total
number of N-mers obtained from RNAs { and j, respectively. S,
is thus equivalent to 200 times the number of individual nucleotide
residues present in sequences (pentamers and larger) which are
common to two rRNAs divided by the number of individual residues
present in all sequences (pentamers and larger) found in both rRNAs,
Tt will range in value from 100 for identical molecules down to 10-15
for totally unrelated species. (Chance sequence coincidences prevent
5., from reaching zero in such cases.) Table 2 shows (above the diago-
nal) values of S;; computed for the 36 possible pairwise comparisons
involving the blue-green and chloroplast catalogues and, in addition,
representative bacterial 168 rRNA catalogues obtained by Woese
and his collaborators for Escherichia coli"™", Bacillus subtilis®,
and Rhodopseudomonas spheroides®™ (a photosynthetic bacterium),
For certain purposes it is useful to convert values of §,; to values
(C,y) for the probability of any single nucleotide residue having
remained unchanged during the evolutionary divergence of RNAs
i and j, since the latter has more obvious physical significance {and
can be equated with * % homology™). Such conversion was made with

Evolution: Fox et l. Proc. Noil. Acad. Sci. USA 74(1977) 4541

Methonobacterium arbophilicum |

M ruminantiom stroin PS —— 2
M rumisantium stroin M-| — 3
I
M. formicicum 4
L . 5p. sirain MoH. 5
M. thermoautofraphicum ——— 6
Carioco lolgte JR-l——— 7
A_Emut Sea lsolate JRA—— 8
. Methasospirtitom bungati — 9
B
Merhavosarcing barkerl —— 10
= Enteric-Vibrio sp.
- Bacilius s

Blue-Green sp.

L I 1 1 L 1 1 1 1 1 )
00 ol 02 03 04 05 0 0T 08 09 10

Fic. 1 i
the merged groups) from the S4s values given in Teble 3

Vou. 51, 1967 BACTERIAL EVOLUTION 29

T T T T

FIG. 2. Plot of percent sex
eubacterial and archacbacierial

550, for a representative sampiing of
e X* Qupper curve) and X Glower curve),
A, values

Bonen & Doolittle, Nature 1976

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




The three kingdoms (domains) of life

Proc. Natl. Acad. Sci. USA
Vol. 74, No, 11, pp. 5088-5090, November 1977
Evolution

Phylogenetic structure of the prokaryotic domain: The primary

kingdoms

(archaebacteria feubacteria /urkaryote/168 ribosomal RNA/molecular phylogeny)

CaRL R. WoESE AND GEORGE E. Fox*

Department of Genetics and Development, University of Hlinois, Urbana, Ilinois 61801

C icated by T. M. Sonneborn, August 18, 1977

ABSTRACT A phylogenetic analysis based upon ribosomal

RNA sequence characterization reveals that living systems
Ieprmnl one o[ tlm:c aborl inal lines of descent: (i) the eu

a,oompmmg Mﬂm bactuna, :ﬂthe Lmem,

eri; and i) the ukaryotes,now

w?lesenled in the cyiuplasmic component of eukaryotic

The biologist has customarily structured his world in terms of
certain basic dichotomies. Classically, what was not plant was
animal. The discovery that bacteria, which initially had been
considered plants, resembled both plants and animals less than
plants and animals resembled one another led to a reformula-
tion of the issue in terms of a yet more basic dichotomy, that of
eukaryote versus prokaryote. The striking differences between
eukaryotic and prokaryotic cells have now been documented
in endless molecular detail. As a result, it is generally taken for
granted that all extant life must be of these two basic types.
Thaus, it appears that the biologist has solved the problem of
the primary phylogenetic groupings. However, this is not the
case, Dividing the living world into Prokaryotae and Eukar-
yotae has served, if anything, to obscure the problem of what
extant groupings represent the various primeval branches from
the common line of descent, The reason is that eukaryote,
prokaryote is not primarily & phylogenetic distinction, although

to construct phylogenetic classifications between domains:
Prokaryotic kingdoms are not comparable to eukaryotic ones.
This should be recognized by an appropriate terminology. The
highest phylogenetic unit in the prokaryatic domain we think
should be called an “urkingdom”—or perhaps “primary
kingdom." This would recognize the qunlljie'iative distinction
between prokaryotic and eukaryotic kingdoms and emphasize
that the former have primary evolutionary status.

The passage from one domain to a higher one then becomes
a central problem. Initially one would like to know whether this
isa frequent or a rare (unique) evolutionary event. It is tradi-
tionally assumed—without evidence—that the eukaryotic
domain has arisen but once; all extant eukaryotes stem from a
common ancestor, itself eukaryotic (2). A similar prejudice holds
for the prokaryotic domain (2). |We elsewhere argue (6) that
a hypothetical domain of lower complexity, that of “pro-
genotes,” may have preceded and given rise to the prokaryotes.]
The present communication is a discussion of recent findings
that relate to the urkingdom structure of the prokaryotic do-
main and the question of its unique as opposed to multiple or-

Phy (:?enehc re]atlamh]ps cannot be reliably established in
terms of noncomparable properties (7). A comparative ap-
proach that can measure degree of difference in comparable

Evolution: Woese and Fox Proc. Natl, Acad. Sci. USA 74(1977) 5089

Table1. Association coefficients (S45) between representative members of the three primary kingdoms
1 2 § 4 5 6 7 8 8 10 1 12 13

1. Saccharomyees cereuisiae, 188 — 029 033 005 0.06 008 000 011 008 011 011 008 0.08
2. Lemna minor, 188 028 — 036 010 0.05 0.06 0.10 008 011 010 010 013 007
3. Lcell, 188 033 03 — 006 006 007 007 008 006 010 010 008 007
4, Escherichia coli 005 010 006 — 024 025 028 026 021 011 0.2 007 0.2
5. Chlorobium vibrioforme 0.08 0.05 0.06 024 — 022 022 020 0.9 0.08 007 006 009
6. Bacillus firmus 0.08 0.06 0.07 025 022 — 034 026 0.20 011 013 006 012
7. Corynebacterium diphtherice 009 010 007 028 022 034 — 023 021 012 012 009 010
8, Aphanocapsa 6714 011 009 009 026 020 026 023 — 031 011 011 010 0.0
9, Chloroplast (Lemna) 0.08 001 0.06 021 0.9 020 021 031 — 014 012 010 012
10. Methanobacterium ther phicum 011 0.10 0.10 011 0.06 011 012 011 0.14 — 051 025 030
11. M. ruminantium strain M-1 011 010 010 012 007 013 012 011 012 051 — 025 0.4
12. Methanobacterium sp,, Cariacoisolate JR-1 0.08 0.13 009 007 006 006 009 010 010 025 0% — 042
13, Methanasarcina barkeri 008 007 007 012 009-012 010 010 012 030 024 032 —

The 168 (188) ribosomal RNA from the organisms (organelles) listed were digested with T1 RNase and the resulting digests were subjected
to two-dimensional electrophoretic separation to produce an oligonucleotide fingerprint. The individual oligonucleotides on each fingerprint
were then sequenced by established procedures (13, 14) to produce an oligonucleotide catalog characteristic of the given organism (3, 4, 13-17,
22, 23; unpublished data). Comparisons of all possible pairs of such catalogs defines a set of association coefficients (S,q) given by: Sup =
2N4p/(Ny + Np), in which Ny, Np, and Ny are the total numbers of nucleotides in sequences of hexamers or larger in the catalog for organism
A, in that for organism B, and in the interteaction of the two catalogs, respectively (13, 23).




Phylogenetic Tree of Life
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Alignment-free methods

el \

N\

4
oo
|

VAR y )

v S
\
\\.—/

ak

Guillaume Bernard, after Haubold, Briefings in Bioinformatics (2013)



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

»
>

»
»

»
>

Here, k=6 C
AGCCGC

GCCGCT
CCGCTT

TCAACT

G

AGCCGCTTAGTCAACT

For a sequence of length
S, thereareS-k+1
k-mers, not all of which
are necessarily unique

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 AX possible words w of length k. Given sequences X and Y,

D, = Z Xv.

we Ak

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 (D’Z) for long words

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

n mismatches (neighbourhood of order n): Dg

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



D,-based distance

AGCCGCTTAGTCAACT TGCCGCTTAGTCGGCT
=) =) =) =) =) =)
C AGCCGC C TGCCGC
GCCGCT GCCGCT
CCGCTT CCGCTT
(...) (...)
TCAACT TCGGCT

r
\

D, = Z X,Y, mm) | Compute pairwise distances

weAk We use 1 — (geometric mean)
Generate distance matrix
(or D, D¥ etc.) Tree via N-J or similar




Other AF 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

FFP using word frequencies normalised by probability
of chance 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



AF methods based on match length

In general, similar sequences share longer exact words

Grammar-based distance
d-gram: Russell, BMC Bioinf 2010

Average common substring
Ulitsky, J Comp Biol 2006

Shortest unique substring
Haubold, J Comp Biol 2009

Underlying subwords
Comin, Algorith Mol Biol 2012

k-Mismatch ACS (kmacs)

Leimester, Bioinformatics 2014

The concatenate of two sequences is more compressible
(e.g. by Lempel-Ziv) if the sequences are similar

Mean of longest matches between sequences, starting
from each position; unlike L-Z, word overlap is allowed

Longest common substring + 1, corrected for random
matches: “AF version of Jukes-Cantor distance”

Like ACS, but discards common subwords that are
covered by longer (more-significant) ones

ACS with k (in our notation, n) mismatches



Shortest unique substring (shustring) algorithm

Unique substrings remain unique upon extension, so use only the shortest ones

The length of the shortest unique substring is inversely related to information
content of the sequence

e C. elegans autosomes L= 11 (one example of 10)
e human autosomes L= 11, but Y chromosome L= 12
e mouse autosomes L= 11, but Y chromosome L=12

Given a random sequence model, the probability of finding even one shustring
of L= 11 in human is <1019

In human and mouse (and presumably other) genomes, shustrings are
preferentially located within 1 kb of protein-coding genes

Haubold et al., ] Comp Biol 2009



Under simplifying assumptions, there’s a relationship between

d ( mutational distance between two sequences) and average shustring length
Haubold et al., ] Comp Biol 2009

The probability that a shustring of length X is longer than a threshold t is given by
P¥ {.\: > t} =(1— n—lll,f[')f ~ e~ tm/!

where m= number of mutations and /= length of sequence

If all nucleotides are equally frequent, the correction for random matches is

Pr{X <t}=(1-e"™)1 -4

Correction for multiple substitutions yields an AF version of classical (J-C) distance

3 4
A= —Zln (1 — 3—1m>



Can we compute accurate trees using AF-based distances ?

How do we best ask this question ?

Simulated data

Generate replicate data on a known

tree, varying data size, substitution

model, tree shape, branch lengths etc.

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

Compare topologies (R-F)

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

Advantages/disadvantages

We can study effects of different
factors & scenarios individually

Sequence models may be too
simplistic

Empirical data

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

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

e Compare topologies (R-F)

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



First we simulated sequence data on a tree

Simulation software ranges from B xilf r X L& r o
simplistic to maddeningly complex —_ — FEE _
0.01 0.01 X ]
Using evolver (PAML) we simulated 0.01E 0.05 :EE g[g
DNA and protein sequence sets on & | * oy
trees of different size (8 /32 /128 i liste Yl
taxa), symmetry, and absolute and T4, LE 7 LR
relative branch lengths o 1 . 0.o1y2 o
— 0.05 — 005
We also simulated DNA sequences i —% L‘:‘é 005 —J
on trees generated under a s I
coalescent model (not shown) Ew o o :

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

Related by a tree of
known topology

k-mer lists

” One list per sequence
at different k

k-mer distances

" Matrix of pairwise
distances

Neighbour-Joining

" Or another distance
approach

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

imagine using a variant of the nonparametric bootstrap, or by jackknifing




Then we compared the D, + NJ tree with the known true topology,
and with the topologies inferred using MSA + MrBayes

0.3

RF
0.2

b

=

Q value

0.1

ST

0.0

01

04 03 02

15

0.0

0.1

Q value

04 03 02

RF

Q value

04 03 02 01

(i) N =128

S eosia

0.3

02

0.1

0.0

(iiiy N = 128

T T2 T3

0.0

DNA alphabet, L = 1500 nt, 100 replicates

Chan et al., Scientific Reports 2014




D, + NJ performs well with rearranged sequences

a <._
o i i
k=8 : :
<l Mlk=12 ; i
k=16 ! R = 25% : R = 50%
o || [Hil&= 20 ; !
w © k=24 ; ;
€ _||EmsA | T | s S 1
S | |
o ___L—Pj\j_ i ———%‘P:E— I
= oo 0 A L
- R=10% ! !
54
bg_ ] I
5| |BkZ8, i E
o | | lk=16 | R=25% | R=50%
@S k=20 ! !
Soy k = 24 ! !
© o } |
> 1
O3 | | Je=T T
= PR . =l A ;K ! id
5 F Pt TTTT
| R=10%" | - L
N J '
Q

Non-overlapping rearrangement of R% of a DNA sequence set, N= 8, L= 5000.
MSA = MUSCLE + MrBayes. MAFFT performs slightly worse than MUSCLE.

Chan et al., Scientific Reports 2014



With data simulated under a coalescent

D§+ NJ is more-robust to indels model, Dg1+ NJ results are similar to MSA
than leading MSA methods except at high/low sequence divergence
agr----------- Qe
|
- } MrBAYESi[
o1~~~ 777 ‘| _________
DS, k=8 :
W< |
e e R S iR = e
|
ol J o
|
ol e | e N
0.1 02 03 04 05 0.1 02 03 04 05 0.1 02 0.3 04 05
indel rate indel rate indel rate
b gp-—pa—=
verszus
o] MBAYES T
o -
g_ - versus
) MrBAYES
P frimeimt s SR S AT ml |
0102 03 0405 0102 03 04.05 sl L I | g R

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

Recent sequence divergence
Ancient sequence divergence
Among-site rate heterogeneity
Compositional bias

Genetic rearrangement
Incomplete sequence data
Insertions/deletions
Computational scalability

Memory consumption

D, or MSA
D, or 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



D2 + NJ performs acceptably with The D, workflow scales almost

empirical data, particularly if N is linearly with sequence number if we
small and sequences are similar keep to perfectly matched strings
a a § =
=5 . T
81 =E
" ~ ig .
0.00 0.25 0.50 0.75 1.00 1000 2000 3000 4000 5000
RF Number of sequences (N)
b b o_
- ?;g i%s,a)o g | T
o ~70<iD=80 = —
Wé/osm g |
B Bz
=]
T
0.00 0.25 0.50 0.75 1.00 1 2 3 4 5
RF Neighbourhood (n)
RF probability densities (DNA data, Df, k=8), 4156 trees D, walltime, 16S rRNA data (GreenGenes). Memory
from 2471 studies in TreeBASE (mean 59.4, median 41). usage 378 MB (N=1000) to 2445 MB (N=5000).

We observed the identical tree in 106/4156 analyses.

Chan et al., Scientific Reports 2014



Nine AF methods are insensitive to frequency of inverted translocations

Synthetic genomes (ALF*) ace co
30 genomes, ~2.5 Mbp each :TZ
Gene pool size 2500 010
Gene length 240-2000 nt Oos_ﬁﬁﬁﬁ ‘ﬁﬁﬁ
Speciation rate 0.5 0.00- ‘L;;
Extinction rate 0.1 0201 - | . - ﬁﬂ;:
Inverted translocations at 0.15- w { { { .:q
rates {0, 0.01, 0.1, 1} L 010- Iiﬁs

50 replicates 0.057 ‘ﬁaa e

0.004

kmacs kr spaced

*Daniel et al., Mol Biol Evol (2012) o207

0154

- ““

- e

0 001 01 1 0 001 01 1 001 01 1
Inverted Translocation rate

Guillaume Bernard




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.

Darling, Miklés & Ragan, PLoS Genetics (2008)

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

Bernard, Chan & Ragan, unpublished

Y. pestis Pestoides F 15-70

Y. pseudotuberculosis IP31758
Y. pestis Nepal516
Y. pseudotuberculosis IP32953

Y. pestis KIM

L 1.0 inversions
= Splits at 0.2 bpp

Splits at 0.1 bpp

Y. pestis CO92
Y. pestis 91001
Y. pestis Antiqua
Y.pestis CO92 Y.pestis Antiqua

Y. pseudo. IP31758
Y.pestis Nepal516

Y.pestis KIM

Y. pseudo. IP32953]

Y.pestis 91001

Y.pestis Pestoide F 15-70
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27 Escherichia coli + Shigella genomes

coli SMS 35

coli IAI39

coli 0127 H6 E2348 69
coli 536

coli CFTO73

coli ED1a

coli UTI89

coli S88

coli APEC O1

cofi 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

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

Skippington & Ragan, BMC Genomics (2011)

il allmh rL

E.coliSMS 3 5

E.coli 1A139

E.coli 0127 H6 E2348 69
E.coli 536

E.coli CFT073
E.coliED1a

E.coli S88

E.coli UTI89

E.coli APEC O1

E.coli UMNO026

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

S.boydii 227

S.boydii CDC 3083 94
E.coli E24377A

E.coli 1A

E.coli SE11

E.coli 55989

Co-phylog (Yi & Jin, NAR 2013)
with k=8, < 2 minutes on laptop

Bernard, Chan & Ragan, unpublished



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., ] Comp Biol 2013; Yi & Jin, NAR 2013






