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introduction
codon models have many uses

investigate process of protein evolution [this talk]

O

phylogenetic inference

O

o ancestral sequence reconstruction

dating divergence events

O

O

alignment

o simulation

12-07-19



intfroduction

morphological adaptation

intfroduction

metabolic networks
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infroduction
protfein structure
Troponin C: fast skeletal Troponin C: cardiac ana
slow skeletal
infroduction

gene seguences

human

cow

rabbit

rat

opossum

GTG CTG TCT CCT GCC GAC AAG ACC AAC GTC AAG GCC GCC TGG
cee ve. ... G.C [P O e e e
et ... ..C LT ... ... ... ... A.. ...AT ...
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. AC..A .C.

Cc .CT

. ACC.. ..T ..T ..T
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AAG

AAG
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infroduction

“there is no single statistic which is best for testing
the most general departures from
neutrality” (Watterson 1977)

Powerful analytical tools:
1. Population genetic data
2. Comparative analysis of codon sequences

3. Comparative analysis of amino acid sequences

infroduction
overview

\

1. The w ratio (dy/ds): the basics

2. Markov models of codon evolution
\> morning

/
3. Model based inference
4. Sequence evolution is complex (“know your data™) |
/
5. PAML infroduction p
> evening

6. Real data exercises
J
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the w ratio
an index of natural selection pressure

u Cc A G Kimura (1968)

UUU Phe| UCU Ser| UAU Tyr ygu Cys
UUC Phe| UCC Ser | UAC Tyr yGC Cys
U | UUA Leu| UCA Ser | UAASop UGA Stop
UUG Leu [ UCG Ser | UAGStop UGG Trp

aroc
Q
’J

number of synonymous
substitutions per synonymous
CUULeu| CCU Pro | CAU His  cGU Arg site (Ks)
c CuUCleu [ CCC pro | CAC His cGe Arg

CUALeu | CCA pro | CAA GIn | CGA Arg
CUGLsu | CCG Pro | CAG Gin CGG Arg

dy: number of nonsynonymous
substitutions per
nonsynonymous site (K,)

AUU e [ ACU Thr | AAU AP AGU Ser
A| AUC lle | ACC Thr| AAC Asn  AGC Ser
AUA lle[ ACA Thr | AAA Lys AGA Arg
AUG Met | ACG Thr | AAGLys  AGG aqg

GUU Val | GCU aia | GAU AP GGU Gly
G| GUCVal | GEC aim | GACASP GGC Gy

GUA Val | GCA Ala| GAA Glu GGA aly
GUG val | GCG Ala | GAG Glu GGG Gly

Er0Cc OGP0C @POC

w: the ratio d,/dg; it measures

selection at the protein level

rttp:/ /. langara.be. ca/biology/mario/Assets/Geneticode. Jpg j

The genetic code determines how random
changes to the gene brought about by the
process of mutation will impact the function of
the encoded protein.

the w ratio
the basics

Why use d\ and d,?
(Why not use raw counts?)

Example of counts:
300 codon gene from a pair of species
5 synonymous differences
5 nonsynonymous differences

5/5=1

Why don't we conclude that rates are equal (i.e.,
nevutral evolution)?
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the w ratio
the basics
Relative proportion of different types of mutations in hypothetical protein coding
sequence.
Expected number of changes (proportion)

Type All 3 Positions 1+t positions 2nd positions 31 positions
Total mutations 549 (100) 183 (100) 183 (100) 183 (100)
Synonymous 134 (25) 8 (4) 0 (0) 126 (69)
Nonsyonymous 392 (71) 166 (91) 176 (96) 57 (27)
nonsense 23 (4) 9 (5) 7 (4) 7 (4)

Modified from Li and Graur (1991). Note that we assume a hypothetical model where all codons are used equally and that
all types of point mutations are equally likely.

the w ratio
the basics

Why use dy and d?
Same example, but using dy, and d:

Synonymous sites = 25.5%
S =300 x 3 x 25.5% = 229.5

Nonsynonymous sites = 74.5%
N =300 x 3 x 74.5% = 670.5

So, dg = 5/229.5 = 0.0218
dy, = 5/670.5 = 0.0075

dy/ds (w) = 0.34, purifying selection !!!
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the w ratio
mutational opportunity

Relative proportion of different types of mutations in hypothetical protein coding
sequence.
Expected number of changes (proportion)
Type All 3 Positions 1+t positions 2nd positions 31 positions
Total mutations 549 (100) 183 (100) 183 (100) 183 (100)
Synonymous 134 (25) 8 (4) 0 (0) 126 (69)
Nonsyonymous 392 (71) 166 (91) 176 (96) 57 (27)
nonsense 23 (4) 9 (5) 7 (4) 7 (4)

Modified from Li and Graur (1991). Note that we assume a hypothetical model where all codons are used equally and that
all types of point mutations are equally likely.

Note: by framing the counting of sites in this way we are using a “mutational opportunity” definition of
the sites Not everyone agrees that this is the best approach. For an alternative view see Bierne and
Eyre-Walker 2003 Genetics 168:1587-1597.

the w ratio
real data have biases (Drosophila GstD1 gene)

transitions vs. transversions: A T——> G
ts/tv =2.71

Ce———1T1

preferred vs. un-preferred codons:

Partial codon usage table for the GstD gene of Drosophila

Phe F TTT 0| Ser s TCT 0 | Tyr ¥ TAT 1| cys € TGT 0
TTC 27 | TCC 15 | TAC 22 | TGC 6

0 | *%% * TAA 0 | *%* % TGA 0

1 TAG 0 | Trp W TGG 8

1 | His H CAT 0 | Arg R CGT 1

15 | cac 4 cec 7

3| Gln Q CAR 0| cGA 0

1 cac 14 | cee 0
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the w ratio

pairwise counting methods

human  GTG CTG TCT CCT GCC GAC AAG ACC AAC GTC
Cow I ..
Rabbit ... ... ... ..C ..T ... ... ... ... A..
Rat ... ..C ... GA .AT ... ..A ... ... A..
Mouse ... ..C..GGA. ..T ... ... ..TC.. ..G

Human Cow Human Rabbit Rat Mouse

VY

1. Count synonymous (S) and nonsynonymous (N) sites

2. Count synonymous and nonsynonymous differences

3. Apply some corrections (e.g., correct for multiple hits)

the w ratio

selected counting methods

Perler, F. et al. 1980. Cell 20: 555-566

Miyata, T. & T. Yasunaga. 1980. JME 16:23-36

Li, W.-H., C.-l. Wu, & C.-C. Luo. 1985. MBE 2:150-174
Nei, M. & T. Gojobori. 1986. MBE 3: 418-42¢4 4=m

Li, W-H. 1993. JME 36:96-99

Pamilo & Bianchi 1993 MBE 10:271-281

Ina, Y. 1995. JME 40:190-226

Comeron, J. M. 1995. JME 41:1152-1159
Moriyama, E. N. & F. R. Powell, 1997. JME 45:378-391
O Yang, Z., and R. Nielsen. 2000. MBE 17:32-43. 4sm

Hl no ts/tv bias + no codon bias
B fs/tv bias + no codon bias

W ts/tv bias + codon bias
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the w ratio
“corrections” and estimation bias in d
4 4 ,
low codon bias med codon bias
true
3] 3 4 A
P — simple model
2 24 —— ts/tv + codon bias
dS ds
1 14
0 T T T T T T 0 T T T T T T
0 04 08 12 16 2 24 28 0 04 08 12 16 2 24 28
t t
5 5 -
high codon bias extreme codon bias
4 4
3 34
ds d
24 s 24 A
1 14
0 T T T T T T | 0 : r T T r T
0 04 08 12 16 2 24 28 0 04 08 12 16 2 24 28
t t
Data from: Dunn, Bielawski, and Yang (2001) Genetics, 157: 295-305
the w ratio

What now?

Model based inference:

—_

assumptions are explicit
2. corrections are not ad hoc
3. explicit use of a phylogeny improves power

4. principled framework for modelling and inference of

the biology

Modelling decisions are just as important (assumptions

often matter more than methods!)
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codon models

model based inference

“A model is an intentional simplification of a
complex situation designed to eliminate
extraneous detail in order to focus attention on the
essentials of the situation” (Daniel L. Hartl)

codon models

Markov models of codon evolution

Goldman & Yang 1994 MBE 11:725-736

Muse & Gaut 1994 MBE 11:715-724

12-07-19
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“"GY-style” codon models

important parameters:
o transition/transversion rate ratio: k

o biased codon usage: & for codon |

codon models

o nonsynonymous/synonymous rate ratio: e = d,/dq

“"GY-style” codon models

rates to CTG

Synonymous
CTC (Leu) — CTG (Leu):
TTC (Leu) — CTG (Leu):

Nonsynonymous
GTG (Val) = CTG (Leu):
CCG (Pro) — CTG (Leu):

codon models

Te1G
K7cre

Wt

e (¢

12-07-19
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codon models
“"GY-style” codon models

to codon below:

TTT (Phe) — Kitrre OTpra o7 . KTy 0 S 0
TIC (Phe) Ktrrr — OTpra oy - 0 OKTre . 0
TA(lev)  ompy  omme — 0 0 o 0
TTG (Leu) Ty OT e KAUTra — 0 0 s 0
CIT (Lev) WKTTppy 0 0 0 — KTere i 0
CTC (Leu) 0 OKTpre 0 0 KTtrrr e i 2 0
; ; ; ; S,
GGG (Gly) 0 0 0 0 0 0 0 —

* This is equivalent to the codon model of Goldman and Yang (1994). Parameter wis the
ratio dy/ds, Kis the transition/transversion rate ratio, and m; is the equilibrium frequency of
the target codon {i).

P(t) = {pylt)y = e

codon models
“"GY-style” codon models

(Goldman & Yang 1994 MBE 11:725-736)

(0 if i and j differ at 2 or 3 positions
7T, for syn. transversion
=lK, for syn. transition
qz] Jj?2
wr for nonsyn. transversion
WKTT;, for nonsyn. transition

P(t) = {o;{1)} = e

12-07-19
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codon models
likelihood of the data at a site (only two codons)

CcCcc ccr

L,(CCC,CCT) = Z Ty Prece (to )kaCT (tl)

Note: analysis is typically done by using an unrooted tree

codon models
likelihood of the data at all sites

The likelihood of observing the entire
sequence alignment is the product of the
probabilities at each site.

The log likelihood is a sum over all sites.

N
0= In{L} =In{L} +In{L,} +In{L,} + ... +In{L,} = Zln{Lh}
=l

12-07-19
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codon models
we made some progress ...

the good: we now have a framework for ...
o avoiding ad hoc corrections of counting methods
o computation of transition probabilities *

o principled framework for statistical inference

a new issue: averaging w over a pair of sequences has very
low power to detect positive selection if the question is

about “when’” or “where” w > 1!

* Computation of fransition probabilities accomplishes, in just one step, (1) a proper correction for multiple
substitutions, (2) weighting for alternative pathways between codons and (3) is the basis for estimating the
values of the model parameters from the data in hand.

codon models
selection pressure (w) varies in time

150 - 200 mya

100 — 140 mya

40 - 80 mya

€ Y Ya

— — E—— Chrom. 11
5 B

B globin gene cluster

Our question: When?

12-07-19
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selection pressure (w) varies in fime

150 - 200 mya

100 - 140 mya

40-80 mya

— O+ = crom 1
B B

€ Yo Ta

B globin gene cluster

Grey branches: w= 0.2
Black branches: w = 0.5
Blue branches: w= 1.2

b.l. (my)
115
55
60
60
85
35
35
120
(Tot = 565my)

codon models

Fraction of

0.203
0.097
0.106
0.106
0.150
0.062
0.062
0.212
(Tot=1)

@
0.2
0.2
0.2
0.2
0.5
0.5
0.5
1.2

If we average over the tree,
we do NOT detect positive

selection;
o =0.49.

selection pressure (w) varies among sites

Our guestion: Where?

codon models

12-07-19
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codon models
selection pressure (w) varies among sites

If we average over
sites, we do NOT
detect positive
selection;

=031

[] Purifying: dy/ds=0.01
O Neutral:  dy/ds=1

B Adaptive: dy/ds =2

codon models
likelihood of a phylogeny

problem: averaging w over a pair has very low power if the
questions are about “when” or “where”!

solution: phylogenetic estimation of selection pressure

X; X X3 Xy
f\ [12 fs
f
fo

12-07-19
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codon models
likelihood of a phylogeny

Sum over all possible codons at
ancestral nodes

{TTT, TIC., ..., GGG}

L(x,) = Z [”kpkx4 (1) P, (1)

codon models
we made some more progress ...

X4

‘f’w Wy @, Wy “fl
tiw, r Vo vl \
GTG CTG TCT CCT GCC GAC AAG ACC AAC GTC AAG GCC GCC TGG GGC AAG GTT
OO MEDUEEIETUIININT] I
. ..C ... G.A .AT . ..A.. ...BA. TG. ... ..G ... A..
..C ..G GA. ..T . ..G ..A ... AT. ... ..T ... ..G
1. branch models 2. site models
(w varies among (w varies among sites)

branches)

3. branch-site models
(combines the features of above models)

12-07-19
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codon models

1. branch models * XX X X,

Yang, 1998 fixed effects
Bielawski and Yang, 2003 fixed effects

Seo ef al. 2004 auto-correlated rates
Kosakovsky Pond and Frost, 2005 genetic algorithm
Dutheil et al. 2012 clustering algorithm

“These methods can be useful when selection pressure is strongly episodic

codon models

1. branch models

L(x,) = Z E [7rkpkx4 (13300 P, (550 Py (L300 P (130 p (85 00 )] J

12-07-19
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codon models

1. branch models

Xy

iy

o species colonization of a new niche
o altered context for gene expression
o gene duplication event(s)

o lateral gene transfers (LGTs)

o cross-species virus transmission & host switching

o organismal adaptive radiations

codon models

T *
2' SITe mOdels GTG CTG TCT [CCT| GCC GAC AAG ACC AAC GTC AAG GCC |GCC TGG GGC AAG GTT GGC GCG CAC
D P < 2% W
ee ... sa€ ..T ... ... ... ...A.. ...AT... ... .BA ... AC ... AGC ...
.. ..C...GA .AT ... ..A ... ... A.. ... BA. TG. ..G ... A.. ..T .GC ..T
..C..GGA. ..T ... ... ..TC.. ..G ..A ... AT. ... ..T ... ..G ..A .GC ...

Yang and Swanson, 2002 fixed effects (ML)
Bao, Gu and Bielawski, 2006 fixed effects (ML)
Massingham and Goldman, 2005 site wise (LRT)
Kosakovsky Pond and Frost, 2005 site wise (LRT)
Nielsen and Yang, 1998 mixture model (ML)
Kosakovsky Pond, Frost and Muse, 2005 mixture model (ML)
Huelsenbeck and Dyer, 2004 mixture (Bayesian)
Huelsenbeck et al. 2006 mixture (Bayesian)
Bao, Gu, Dunn and Bielawski 2008 mixture (LiBaC/MBC)

« Useful when at some sites evolve under diversifying selection pressure over long periods of time

«This is not a comprehensive list.

12-07-19
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codon models
2. site models

GTG CTG TCT CCT GCC GAC AAG ACC AAC GTC AAG GCC GCC TGG GGC AAG GTT GGC GCG CAC
LBC Ll T LT e e .. .GCA..
..ATHEN... .
.. BA. TG. ...

... A
.. AL .

.GC ..T
Gc

Site models (over a phylogeny):

1. fixed effect codon models

site-specific methods

random effect codon models (“M-series” models*)
LiBaC (Hard & Soft Model Based Clustering)

A @b

* we will review a very select set of examples

codon models
2. site models: “M-series”
[oset e W e
One-ratio MO 1 ®
Neutral Mla 2 Po, @,
Selection M2a 4 Po, Py, Wy
» Discrete M3 2K-1 Po, P, ., P2
Wo, Dy -oo0 Dicp
Frequency M4 5 Po,P1, .. P4
Gamma M5 2 a B
2Gamma Mé 4 Po, %o Bor &4
Beta M7 2 P.q
Beta&w M8 4 Po P, Q. @
Beta&gamma M9 5] Po,P. 4., o, B
Beta&normal+1 M10 5 Po.P. 4. 0. B
Beta&normal>1 M11 5 Po.P. Q. 0, &
0&2normal>1 M12 5 Po,P1: Hy, O, Oy
3normal>0 M13 6 Po,P1: Wy, Ty, Oy, Oy

20



codon models

2. site models: w varies among sites

75 76 73 s a5 s 91 e S 00

% 3 18 19 22 25 28 31 34 3 a0 43 e 49 2 66 SE &1 61 &

[] Purifying: dy/ds=0.01
[ Neutral: dy/dg=1

B Adaptive: dy/ds =2

codon models

2. site models: M3 (discrete)

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1

K-1 o0 1

P(Xh)= 2 piP(Xh |wi)

w=001 w=10 w=20

12-07-19
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codon models

2' SITe mOdels GTG CTG TCT GCC GAC AAG ACC AAC GTC AAG GCC TGG GGC AAG GTT GGC GCG CAC
......... e e TL LT Cee eee e ... ... .GCA..
......... . S VI W . .AA ... A.C ... AGC ...
.Co. AT A . AL an ] A.. ..T .GC ..T
.C ..G LT ... ... ..TC.. ..G ..A ... T G ..A .GC

o vaccine design

o genetic incompatibilities in human infertility

o non-hormonal confraception drugs

o identify pathogenicity genes

o identify candidate genes for drug therapies

o identify immune and defense system genes

o aid functional classification of unknown genes

o incorporate in models of protein 2D and 3D structure

codon models

3. branch-site models ++

Yang and Nielsen, 2002 fixed (ML)

Forsberg and Christiansen, 2003 fixed (ML)

Bielawski and Yang, 2004 fixed (ML)

Giundon et al., 2004 switching (Bayesian)
Zhang et al. 2005 mixture (ML)
Kosakovsky Pond et al. 2011, 2012 mixture (ML)

“These methods can be useful when selection pressures change over time
at just a fraction of sites

"It can be a challenge to apply these methods properly.

12-07-19
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codon models

3. branch-site model: “model B”

P(Xh)=2 piP(Xh |a)z)

K-1

Foreground

@w=0.01 w=0.90 @ =5.55

w for background branches
are from site-classes 1 and 2
(0.01 or 0.90)

codon models

lots of options ...

1.

2.

3.

4.

Pairwise methods have very low power to detect adaptive
evolution (via counting or likelihood method), but they are
very fast.

Branch models allow variation among branches but assume
one o for all sites, and have low power to detect positive
selection. Good for detecting shifts in average selection
intensity.

Site models allow variation among sites but assume selection
pressure does not change among branches, and will have
higher power if positive selection is long term (it comes in
other flavors!)

Branch-site++ models are very difficult fo use, as they require
more data and often have multiple sub-optimal peaks
(caution with genome scans!)

12-07-19
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10:302

Let's take a break

model based inference
colour diversity of coral pigments

Red/blue colour morphs of the great
star coal Montastraea cavernosa

o Is color diversity tuned by natural selection?
o Is there a relationship between colour and endosymbiotic algae?

12-07-19
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model based inference

green fluorescent proteins (GFPs) in corals e
A‘ﬁw it lad

s

Questions we have:

1. Whatis the intensity of selection on coral GFPs

2. Have there been episodes of positive selection during
the evolution of colour diversity?2

3. Are some sites in GFPs positively selected?
4. Which sites?

5. What happens to the colour when the amino acid is
changes at these sites?

model based inference
codon models

analytical tasks

Task 1. Parameter estimation (e.g., w) 4m
Task 2. Hypothesis testing

Task 3. Make predictions (e.g., sites having w> 1)

12-07-19
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Task 1
ML parameter estimation

, K, w=unknown values estimated by ML

a's = empirical [GY: F3x4 or Fé1in Lab]

use a numerical hill-climbing algorithm to
maximize the likelihood function

Task 1
ML parameter estimation

Parameters: f and o

Gene: acetylcholine a
receptor

@ <
S @o
o N

& <

common
ancestor

InL =-2399

12-07-19
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Task 2
How do we know that the estimate is significante
Task 1. Parameter estimation (e.g., w) ¢/
Task 2. Hypothesis testing <4 LRT
Task 3. Prediction / Site identification
Task 2

testing nested hypotheses by using the LRT

£, is the maximum log likelihood under Hy with parameters 6,
and

£, is the maximum log likelihood under H, with parameters 6,

Test statistic = 2AL = 2(4(6,) - 4,( 8,))

Degrees of freedom = difference in the number of
parameters between the two models

12-07-19

27



Task 2
testing nested hypotheses by using the LRT
One-ratio MO 1 )
Neutral Mla 2 Po, @,
Selection M2a 4 Po,P1, Wy, @y
Discrete M3 2K-1 Po,P1, ... Pk2
Wy, Wy, ..., Wiy
Frequency M4 5 Po,Pi, ... P4
Gamma MS 2 a B
2Gamma Mé 4 Po, % Bor &4
Beta M7 2 P.q
Beta&w M8 4 Po.P. 4, @
Beta&gamma M9 5 Po,P. Q. . B
Beta&normal+1 M10 5 Po,P. 4, o, B
Beta&normal>1 MI11 5 Po.P. Q. i, &
0&2normal>1 M12 5 Po,P1: o, Oy, Oy
3normal>0 M13 6 Po,P1: Wy, Ty, Oy, Oy
Task 2
LRT No. 1: Does selection pressure vary among sitese
Ho: uniform selective pressure among sites (MO)
H,: variable selective pressure among sites (M3)
Compare 2Al = 2(l, - I,) with a x2 distribution
Model 0 Model 3
1 14
0.9 0.9
0.8 ] 0.8
0.7+ 0.7+
0.6+ 0.6
0.5 0.5
0.4+ 0.4
0.3 0.3
0.2+ 0.2
0.1+ 0.1
0 0
@ =0.65 @ =001 @=090 @ =555

12-07-19
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Task 2
LRT No. 2: Have some sites evolved under positive selectione

H,: variable selective pressure but NO positive selection (M1)
H,: variable selective pressure with positive selection (M2)

Compare 2Al = 2(I, - I,) with a x? distribution

Model 1a Model 2a
0.7 1 1+
o o
0.51 0.7+
0.4+ 0.61
| | 0.51
031 0.4
0.2+ | 0.3
o117 o1 ]
Y R 0
®=05 (w=1) ®=05 (0=1) & =3.25

Task 2
LRT No. 3: Have some sites evolved under positive selectione

H,: Beta distributed variable selective pressure (M7)
H,: Beta plus positive selection (M8)

Compare 2Al = 2(l, - ) with a x?2 distribution

M7: beta M8: beta&w

Sites
Sites

0O 020406081 0O 02040608 1>1
w ratio o ratio

12-07-19
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Task 2
the LRT does not follow the 2 distribution
s R
0.2 7
B simulated
2
0.15 O Xi
-
2
S 0.1+
g
=
0.05 A
0 —‘\ T T T T T T T T Hﬂﬂﬂﬂﬂ H\H\
05 15 25 35 45 55 65 75 85 95
2A¢
A J
Data from: Anisimova, Bielawski, and Yang (2001) MBE 18: 1585-1592
Task 2

the LRT is conservative

Number of cases out of 100 for which the null hypothesis was rejected at the a = 1% (5%) significance levels

Type | error

Simulation parameters ata=1% (5%)

Exp. Simulation LRT Taxa . ° P N =100 N = 500
A.... MO MO & M3 6 2 0.40 0.11 0(0) 0(0)
1.1 0(0) 0(0)
11 0(0) 0(0)
B MO MO & M3 17 2 0.40 2.11 0(0) 0(1)
8.44 0(0) o(1)
16.88 0(1) 0(0)
@ MO MO & M3 5 5] 0.25 0.91 0(0) 0(0)
9.1 0(0) o
18.2 0(1) 2(3)
D M7 M7 & M8 6 2 p=0.41 0.1 N/A 0 (0)
Gl 1.0 N/A 1(5)
1 N/A 1(4)

NOTE: Here t denotes total tree length (sum of all branch lengths in the tree)

Data from: Anisimova, Bielawski, and Yang (2001) MBE 18: 1585-1592

12-07-19
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the LRT is can be powerful

Power of the LRT: Number of replicates out of 100 in which positive selection was

Task 2

indicated by parameter estimates (P,), or detected by the LRT at the 1% (P, 44,) and

5% (P, 05 In parentheses) significance levels

Simulation parameters P, P.s 001 (0.05)
SimuEien MY e o w distribution t  Lc=100 L.=500 Lc=100 Lo =500
M3 MO & M3 17 2 w,=0.018 p,=0.386 0.38 61 80 10 (17) 66 (72)
, =0.304, p, =0.535
=1.691, p, = 0.079
@ 2 93 100 91 (92) 100 (100)
99 100 99 (99) 100 (100)
99 99 99 (99) 99 (99)
105.5 31 58 31 (31) 58 (58)
NOTE: Here t denotes total free length (sum of all branch lengths in the tree)
Data from: Anisimova, Bielawski, and Yang (2001) MBE 18: 1585-1592
Task 3

How do we identify the selected sites?

Task 1. Parameter estimation (e.g., w) v

Task 2. Hypothesis testing ¢/

Task 3. Prediction / Site identification 4mmBayes’ rule

12-07-19
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Task 3
Which sites have w>1?
[ Purifying:  dy/ds = 0.01
model:

5% have w> 1 O Neutral:  dy/ds=1

/l Adaptive: dy/ds =2
ques' ru|e' GTG CTG TCT GCC GAC AAG ACC AAC GTC AAG TGG GGC AAG GTT GGC GCG CAC
site 4,12 &13 :::::"::I e

AAAAA . G LA .GC
structure:
sites are in contact

Task 3

Bayes’ rule: yet another (silly) example of

Suppose that a population consists of 60% males and 40%
females, and a disease occurs at the rate 1% in males and
0.1% in females.

Q,: What is the probability that any
individual carries the disease?

A;: 0.6 x0.01 +0.4 x0.001 =0.0064

P(D) = P(M)P(D|IM) + P(F)P(D|F)

See Yang and Bielawski (2000) TREE 15:496-503 for a detailed presentation of this example
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Task 3

Bayes' rule: yet another (silly) example of

Q,: Given that an individual carries the disease,

what is the probability that it i

s amale?¢

A, 0.6 x0.01/0.0064 = 0.94

P(M) P(DIM)

P(MI|D) =

P(D)

See Yang and Bielawski (2000) TREE 15:496-503 for a detailed presentation of this example

Task 3

idenftifying selected sites under a codon model

P(xh)=z_ p;P(x,lw,)

A

[_

[.

W,

=0.03 =040 =141

P=085 p=0.10 p,=0.05
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Task 3
Bayes’ rule for identifying selected sites
O Site class 0: w, = .03, 85% of codon sites
M Site class 1: w, = .40, 10% of codon sites
? =l Wl Site class 2: w, = 14, 05% of codon sites
_ pZP(xh |w2) _ pzp(xh |w2)
P(a)2 | Xh) - K-1
P(x,) Px, (@)
2 pP\x, |,
=
Task 3

Bayes' rule for identifying selected sites

Rapidly evolving region Conserved region

1 =4 <4
bS o o

Posterior probability

4
~

1 6 11 16 21 2 31 36 41 46 51 56 61 66 71 76 81 8 91 95 101 106 111 116 121 126 131 136 141 146 151 156 161 166 171 176 181 186 191 1% 201

Codon sites in the alignment

[ Site class 0: @, =.03 (strong purifying selection)
I Site class 1: w, = .40 (weak purifying selection)

Il Ssite class 2: @, = 14 (positive selection)

NOTE: The posterior probability should NOT be interpreted as a “P-value”; it can be interpreted
as a measure of relative support
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Task 3
Bayes' rule for identifying selected sites
Empirical Bayes

Naive Empirical Bayes Bayes Empirical Bayes

* (NEB) * (BEB)

* Nielsen and Yang, 1998 * Yang et al., 2005

* assumes no MLE errors *» accommodate MLE errors
Task 3

Bayes Empirical Bayes (BEB)

_

Assign a prior to w distribution parameters
2. Fix branch lengths to MLEs

3. Integrate over uncertainty

4. BEBis faster than “Full Bayes” (FB)

False classification rates
Small datasets: FB/BEB < NEB
Large datasets: FB/BEB ~ NEB*

* exception: extreme parameter estimates

See: Yang Z, Wong WS, Nielsen R. 2005. Bayes empirical bayes inference of amino acid
sites under positive selection. Mol Biol Evol. 22(4):1107-1118.
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model based inference

even more progress ...

Task 1. Parameter estimation (e.g., w) ¢
Task 2. Hypothesis testing v/

Task 3. Prediction / Site identification ¢/

let’s put this info practice ...

model based inference
colour diversity of coral pigments

Red/blue colour morphs of the great
star coal Montastraea cavernosa

SCUbGFP1

o Is color diversity tuned by natural selection?
o Is there a relationship between colour and endosymbiotic algae?
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model based inference
green fluorescent proteins (GFPs) in corals

Questions we have:

1. Whatis the intensity of selection on coral GFPs

2. Have there been episodes of positive selection during
the evolution of colour diversity?2

3. Are some sites in GFPs positively selected?
4. Which sites?

5. What happens to the colour when the amino acid is
changes at these sites?

The green florescent protein
signal 1: long term (diversifying) selection

08 - Bayes’ rule:

0.6 - Po

P “long-term”

0.4 - selection

P(o,|x,) = PzP(xh |wz) _ ITZP(xh |wz)

P(x,) KE_piP(xh lw,)

i=0

0.2 -

sites in red correspond to the protein-
Wo 0 ) binding region of non-colored homologs
of these GFP proteins
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signal 2: episodic selection

Camrran
Ancestor

R2

me2

med

RY |GREEN
G4

med

SREEN -

611 |RED

The green florescent protein

foegruns
Baye'’s rule:

i ) )

) Ep,l’(xh )

®=0.03 w=059 w=22

an

A RIETMA, c .

ag |
aE |
aa

az |
T 21 ] =il
s " EEFEERE RLERE
AMITR B 858K s

*clszgs I2RE

E8F: ]

l
|

Srontterm

Togtom o)

just for fun ....

T dendRFFP
- clavGFP

LGFP1

The green florescent protein

Bacteria were engineered to
express the extant and ancestral
GFP-like proteins. These bacteria
were then cultured in a pattern
that corresponded to the GFP-LIKE
gene tree
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codon models

model based inference

“A model is an intentional simplification of a
complex situation designed to eliminate
extraneous detail in order to focus attention on the
essentials of the situation” (Daniel L. Hartl)

“Remember that all models are wrong; fthe
practical question is how wrong do they have to
be to not be useful.” (George E. P. Box)

”

“know your data

sequence evolution is complex

How wrong is foo wrong?

When your decisions about the details of
your models lead to false biological
conclusions !l
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sequence evolution is complex

codon usage ﬁ

variation among sites

variation over time

recombination

“know your data”

how to model codon frequencies?

Sums of codon

“know your data”

usage counts the GstD gene of Drosophila

Phe F TTT 0 | Ser S TCT 0 | Tyr Y TAT 1| Cys C TGT 0
TTC 27 | TCC 15 | TAC 22 | TGC 6
Leu L TTA 0| TCA 0 | *** * TAA 0 | *** * TGA 0
TTG 1 TCG 1 TAG 0 | Trp W TGG 8
Leu L CTT 2 | Pro P CCT 1 | His H CAT 0 | Arg R CGT 1
crc 2 cce 15 | CAC 4 cGe 7
CTA 0| cca 3 | Gln Q CRA 01 cGA 0
cTG 29 | cce 1 cAG 14 | CGG 0
Ile I ATT 4 | Thr T ACT 2 | Asn N AAT 5 | Ser S AGT 1
ATC 12 | Acc 11 | AAC 17 | AGC 4
ATA 0| ACA 2 | Lys K ARA 1 | Arg R AGA 0
Met M ATG 4 ACG 4 ARG 37 | AGG 1
val V GTT 0 | Ala A GCT 0 | Asp D GAT 2 | Gly G GGT
GTC 2| Gece 38 | GAC 11 | GGC 6
GTA 1 Geca 2 | Glu E GRA 0| GGA 11
GTG 25 | GCG 3 GAG 30 | GGG 0
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“know your data”
biological conclusions are affected

positive selection in highly biased gene sequences?

Ve ;\\
Estimation bias for the dn/ds ratio
Simulation: GC3 = 89.5% (ENC = 28.3)
25
Positive selection
2.0
1.51 — d\/dg =0.01
dy/ds — d\/ds=0.10
1.0 = d\/ds=0.30
0.5
Purifying selection
0.0 r r r
0 1 2 3 4
Sequence divergence ()
AN J/

Unpublished simulation study

“know your data”

biological conclusions are affected

what is the genomic relationship between d; and GC
content in mammails ?

7 N\
Simple Model Model with ts/tv and codon bias

8 18 2= 0.53, P <0.0001
1.6 r2=0.0228, P = 0.1759 16 =035 -
1.4 1.4
1.2 1.2
1.0 1.0

ds :
0.8 N ° 0.8
0.6 6,00 ® ®06%2 0.6
0.4 2 0.4
02 E3aX C 23 g

.. ° ° (3 0.2
0.0 0.0
0.2 0.4 0.6 0.3 1.0 0.2 0.4 0.6 0.3 1.0
GC3

Artiodactyla vs. Primates (82 nuclear genes)

Data from: Bielawski, Dunn, and Yang (2000) Genetics: 156: 1299-130)
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“know your data”

how to model codon frequencies?

substitution rates are proportional
to empirical frequency of:

Goldman and Yang 1994 (GY): target codon

Muse and Gaut 1994 (MG): target nucleotide

See Rodrique et al. (2008) for a comparison of GY and MG style codon models that suggests the MG
style, combined with parameters for codon preferences, might be the most desirable core-model for

future development.

“know your data’

how to model codon frequencies?

Example: A — C
AAA — CAA

AAA — ACA
AAA — AAC

A at codon position

] st Qnd 3rd
GY TTcAA TTACA TTAAC
1 2 3
MG T, e e
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“know your data”

biological conclusions are affected

Can choice of frequency model impact biological conclusions?

10

A dS (%)
10

-30

10

-10

-30

OiO 0i2 0i4 0i6 0j8 1'.0
N%GC)

®=01w=10w=45
GY:

MG: - — — —

00 02 04 06 08 10

N%GC)

Data from: Aris-Brosou and Bielawski (2006) Gene, 378:58-64

”

“know your data

conditional nucleotide frequencies (CNF)

Example: A — C

AAA — CAA
AAA — ACA
AAA — AAC

A at codon position

]sf

GY e
MG .t
CNF 7k |n§j

2nd 3rd
TTaCA TTAAC
2 3
'T[C 'T[C

2] 13 312
e |‘7TA,A ”c|”AA

For more details: Yap et al. (2010) mbe 27: 726-734.
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“know your data”

how to model codon frequencies?

trve w=1

|

GC%~32.21

GC% ~49.8

LA

GC%::63.4:

GY
CNF
MG

A

Lo 0.8 1.0 1.2 1.4 1.6

g

Estimated value of w

Figure adapted from Yap et al. (2010) mbe 27: 726-734.

“know your data”

how to model codon frequencies?

Caution: Inadequate, or inappropriate, modeling
of codon usage can lead to estimation errors for
the w parameter!

o corrections for codon bias sometimes contain strong
assumptions about the evolutionary process

o gene-level: errors can lead to false signal for w > 1

o genome-level: systematic errors can lead fo false
associations
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“know your data”

sequence evolution is complex

1. codon usage v
2. variation among sites ﬁ
3. variation over fime

4. Recombination

“know your data”
sequence evolution is complex

M-Series models (and many others): Biological interpretation of
differences among sites in w requires that such differences are due to
selection pressure alone.

Should we be concerned?

12-07-19

45



“know your data”

fransmenlbrane proteins

Partition sites within a gene:

Loop structures extend into
extra-cellular space: Hydrophilic
amino acids here

Cell membrane in grey; helix
structures span the membrane:
Hydrophobic amino acids here

Loop structures extend info
cytoplasm: Hydrophilic amino
acids here

Wy Ty Ky €

Wy Ty Ky ¢

W, 7, K ¢

GY-type codon models: variable o' + c's among sites = variable dy, & ds among sites

“know your data”

Realistic simulation w/ no positive selection

= error site class 1 site class 2
Site class 1:
900 sites
frisdaand M2a*t 7.2% w, = 0.06; 0, = 2,48
c=1 (7.7%) [w, = 1] [p, = 0.04]
|| s = empirical po = 0.83;
p, = 0.13
w0 M3t 6.4% o, = 0.07 @, = 1.45
| py = 0.86 [p, = 0.14]
|
- M8*+t 5.5% p =0.33, w, = 1.92
Site class 2: (6.0%) g =2.51 [p, = 0.09]
100 sites p, = 0.91
Beta(4.5,0.5) 1 )
Mean » = 0.9
c=5
bk ZEycl Soft LiBaC 1 10.1% o, = 0.04 w, = 0.72
{p, = 0.79} {p, = 0.21}
™ Soft LiBaC 2 9.6% o, = 0.05 w, = 0.72
T T T T T T _ _
%) o2 as s 25 19 {p, = 0.80} Tp = G2

* LRTs for positive selection were highly significant in all cases.
1 High posterior probabilities for sites having @ > 1 in all replications.
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biological conclusions are affected

Trbl-VirB6_3
Rfal

Cemf
nuol3
Trbl-VirB6_2
perM

mivN

PgpPA

“know your data”

A sample of eight fransmembrane proteins from Rickettsia.
Results are for the group of sites having the largest value

of w.

Nc
938
403
635
499
657
351
504
198

M2a
w=58*
w=4.29*
w=15.5*
w=12.5*%
0=32.8
w=2.57
=595
w=35.0

Inference of positive selection (*sig. LRT)

M8
=4.3*
o= 3.35*
w=5.57*
w=10.4*
w=1.79*
0=291*
o=2.52*%
o= 3.60*

LiBaC-1 LiBaC-2
®=0.43 w=0.42
w=173 =131
w=1.07 ®=2.80
w=1.45 o=1.39
w=0.44 w=0.45
w=0.26 w=0.10
w=0.15 w=0.18
w=0.57 w=0.31

sequence evolution is complex

“know your data”

Caution: Inadequate modeling of the complexity
of among sites variation can lead to estimation

biases.

o un-modeled site-variability can be “soaked-up” by other

parameters free to vary among sites

o if wis the only parameter free to vary among sites,
estimated differences among sites might not be due to
selection pressure alone.

o this can sometime lead to false signal for positive
selection
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“know your data

sequence evolution is complex

1. codon usage v
2. variation among sites ¢/
3. variation over fime -

4. Recombination

OPEN G ACCESS Freely available onfine PLOS siotoay

Synopses of Research Arti

The Cyanophage Molecular Mixing Bowl of Photosynthesis Genes

Synechococcus

!
myovinies "’.

o)

Unknown host

'S-Shut1

sy Prochirococeus
ot g
S ssoi S4iaatises ‘ﬂ.

). PR

53 NATL2AD) ‘ : phqge
PrONATLZA

Prochlorococcus :
myovirus group 2
1AP Ly
PSSM8 9211(7)
ProMITo21 1

ProSS120 LL Prochlorococcus
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”

“know your data

pebs: evolution of a new phage gene

AACY020107518
AACY022091367

AACY024100114
AACY020213435 Q ”

AACY022808868 :

M3: t = 28.8 |

(LogDet: t= 1.8)

AACY021829765
AACY020552767
AACY020888142
AACY020081435  ppage: pebs
Ssm2 GC3 = 30%

MED4
MIT9515

AS9601
miTozo1 | MK J

MIT9215 §
NATL1A w

§8120
MIT9211 o
::II.::;;: Prochlorococcus: PebA
GC3 = 15%

“know your data”

HL and LL adapted Prochlorococcus ecotypes

MED4 HL adapted
MIT9515
M3: t = 24.0 |—E79301 3
(LogDet: t = 1.5) MIT9215
AS9601
TAK9803 GC = 29%
$5120 7
NATL2A LL adapted
NATL1A
PAC1
PAC2 B
MIT9211
MIT9313 GC = 45%
MIT9303
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“know your data”

@I#%N! ... that's a lot of substitutions

mena HL adapted
"
18.19 s | R
wiazts o
[
TaKs203 GC=29%
sstz0
NATLZA LL adapted
arLan
o~s e J
pacz oo
wrazn =
wrssis | GC=45%

015 \Mms03

Table: Highly biased branch-specific summary statistics under MO

Branch t N S dy dg N*dy S*dg

18..19 Fequal 6.118 375.3 134.7 0.5244 6.2595 196.8 843.4
F3x4 10.461 401.2 108.8 0.5446  14.3384 218.5 1559.9
Fé1 10.416 411.7 98.3 0.5504 15.7089 226.6 1544.2

9.15 Fequal 1.622 400.8 139.2 0.0648 1.9111 26 266
F3x4 8.07 409.1 130.9 0.0624 10.9047 25.5 1427.1
F61 15.343 413.2 126.8 0.0611  21.5828 25.3 2736.4

" Data for branch 9..15 obtained from a separate analysis of ONLY LL adapted Prochlorococcus

“know your data”

simulate under the null (no positive selection)

_EME04
MIT9515

GC = 29%
“t=1.5
Mool | w, = 0.0 (24%)
MIT9215 w; = 0.2 (53%)
®, = 0.9 (23%)
AS9601
TAK9803 |
$S120 7
NATL2A
NATL1A GC ~ 45%
PAC1

- @, = 0.0 (24%)
PAC2 w; = 0.2 (53%)
w, = 0.1 (23%)

MIT9211

MIT9313

MIT9303 -

*Foreground branch:
w=09andt=1.5

LTR results:

M1 Model A 100
Model A(w=1)  Model A 30 (60)
M3(k=2) Model B 100

MLE Results: 100% of estimated values of
w were >1 in the foreground branch
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“know your data”

the ulgy: non-stationary models

Phage: Peb$
GC3=30%

®
| L Prochlorococcus: PebA
@9 GC3=15%
@

lower conditional likelihood (IcL)

rooted conditional likelihood (rcL)

Ly = E{rcLo 3 E

&

Pxoxl(t0 J) X Z[PXIxs(tl's) xleLs (x5)] X XE{Px1x2(tl,Z)E[PXZXS(t2.3) X ch3] X E[szxz,(t“) X ch4]}

x; X

|

%o

“know your data”
sequence evolution is complex

Caution: Serious estimation errors can arise when the
process of evolution does not follow the same stochastic
pattern in different lineages.

o given a large shift, the average frequencies can sometimes be
a poor fit to the data

o large changes in codon frequencies (non-homogeneity) can
lead to very large errors in branch lengths

o The combined effect of non-homogenous codon frequencies
and shifts in the selection intensity can lead to false signal for
positive selection.

o parameter estimates, and other summary statistics, should be
regularly inspected for problem signs
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“know your data”

sequence evolution is complex

1. codon usage v/
2. variation among sites ¢/

3. variation over time ¢/

4. Recombination 4

“know your data”

recombination

S:5hM2_8102(0)
5-55M2_8102(8)
1

8 8
%G+C color scale

Note: Recombination adds among sites variability on both process and phylogeny!
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Task 3

performance: model misspecification

Caution: high levels of recombination lead to type |
errors

o Low recombination: LRT is robust (<15% of branches)
o High recombination: LRT type | error rate as high as 90%

o Bayesian site identification is less sensitive than LRT

For more details:
Anisimova, Nielsen and Yang (2003) Genetics, 164:1229-1236.

For a solution:
Scheffler et al. (2006) Bioinformatics, 22:2493-2499.

"

“know your data

“There is no true interpretation of anything; interpretation
is a vehicle in the service of human comprehension. The
value of interpretation is in enabling others to fruitfully
think about an idea”

—Andreas Buja
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“know your data”

o carry out biophysical analysis of amino
acid substitutions at selected sites (“the
gold standard”)

o test for relationship between adapftive
genetic variation and environmental
variables

o fest for relationship between adapftive
genetic variation and complex
organism phenotypes

"We are drowning in information and starving for knowledge™

— Rutherford D. Roger
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