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Zhou, Spratt, 1992: Neisseria

• Neisseria.meningitidis: Pathogenic, susceptible to penicillin

• Neisseria.cinera: Benign, resistant to penicillin
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Phylogenetics

--> Topology

--> Branch lengths

Opossum

Mouse

Human

Chicken

Frog

Rabbit

lid 17



Phylogenetics
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A probabilistic model of evolution
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P(T|A,w)P(C|A,w)
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A probabilistic model of evolution
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Transition−Transversion Ratio = 2
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A probabilistic model of evolution
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Marginalisation
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Statistical approach to phylogenetics
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Recombination in HIV 1
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Detecting recombination with window methods
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TOPAL (McGuire & Wright, 1997)
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TOPAL (McGuire & Wright, 1997)

Estimate
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TOPAL (McGuire & Wright, 1997)
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TOPAL (McGuire & Wright, 1997)
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TOPAL (McGuire & Wright, 1997)

small
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TOPAL (McGuire & Wright, 1997)

small

large
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TOPAL (McGuire & Wright, 1997)

small

large

−→ Detect significant peaks of the DSS signal.
−→ Significance determined with parametric bootstrapping .
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Example: TOPAL, window size=200
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Example: TOPAL, window size=100

lid 36



Hidden Markov models (HMMs)
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Hidden Markov models (HMMs)

• No window needed.
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Hidden Markov models (HMMs)

• No window needed.

• More precise location of the breakpoints.

• All parameters inferred from the data.

• Can currently only deal with a small number of species.

• Current software: Only 4 taxa.
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Modelling recombination with HMMs
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Modelling recombination with HMMs
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Emission probabilities (vertical arrows)
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Transition probabilities (horizontal arrows)
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HMM parameters

s_Ns_2

...

s_1

y_2y_1 y_N

w

ν

w −→ Vector of branch lengths of all the trees
ν −→ Probability of not changing the tree topology
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Parameter estimation
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Parameter estimation

• Maximum likelihood (EM algorithm)
Husmeier, Wright (2001)
Journal of Computational Biology 8
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Parameter estimation

• Maximum likelihood (EM algorithm)
Husmeier, Wright (2001)
Journal of Computational Biology 8

• Bayesian approach
Husmeier, McGuire (2002)
Current work
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Disadvantages of maximum likelihood
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Disadvantages of maximum likelihood

• ML: P (S|D, ŵ, ν̂)
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Disadvantages of maximum likelihood

• ML: P (S|D, ŵ, ν̂)

• Possibility of over-fitting .

• Separate hypothesis testing required, e.g., using parametric
bootstrapping.

• Bayes: P (S|D) =

∫
P (S|D,w, ν)P (w, ν|D)dwdν
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Bayesian approach

• P (S|D) =
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P (S|D,w, ν)P (w, ν|D)dwdν
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Bayesian approach

• P (S|D) =
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P (S|D,w, ν)P (w, ν|D)dwdν

• Posterior P (w, ν|D) ←− Prior P (w, ν) =
∏

i P (wi)P (ν)
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Bayesian approach

• P (S|D) =

∫
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• Posterior P (w, ν|D) ←− Prior P (w, ν) =
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i P (wi)P (ν)

• P (wi) =

[
1/Ω if 0 ≤ wi ≤ Ω
0 otherwise
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Bayesian approach

• P (S|D) =

∫
P (S|D,w, ν)P (w, ν|D)dwdν

• Posterior P (w, ν|D) ←− Prior P (w, ν) =
∏

i P (wi)P (ν)

• P (wi) =

[
1/Ω if 0 ≤ wi ≤ Ω
0 otherwise

∣∣∣∣

• P (ν) =
Γ(α+β)
Γ(α)Γ(β)

να−1(1 − ν)β−1

Conjugate prior: Beta distribution.
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Beta Prior, β = 2, µ = α/(α + β)
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Bayesian approach
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Sampling from the posterior distribution

• Sampling from P (S,w, ν|D)
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Sampling from the posterior distribution

• Sampling from P (S,w, ν|D)

• Gibbs sampling
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Gibbs sampling

P(x,y)
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Gibbs sampling
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Gibbs sampling
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Gibbs sampling
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Gibbs sampling

P(x,y)

y

x
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Sampling from the posterior distribution

• Sampling from P (S,w, ν|D)

• Gibbs-like approach:
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Sampling from the posterior distribution

• Sampling from P (S,w, ν|D)

• Gibbs-like approach:

– S ∼ P (S|w, ν,D)

– w ∼ P (w|S, ν,D)
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Sampling from the posterior distribution
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Sampling from the posterior distribution
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Sampling from the posterior distribution

• Sampling from P (S,w, ν|D)

• Gibbs-like approach:

– S ∼ P (S|w, ν,D)

– w ∼ P (w|S, ν,D)

– ν ∼ P (ν|S,w,D)

• ν : Sample from Beta distribution

• w : Metropolis-Hastings

• S : Gibbs sampling
St ∼ P (St|S1, . . . , St−1, St+1, . . . , SN,D,w, ν)
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Sampling from the posterior distribution
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Sampling from the posterior distribution
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Sampling from the posterior distribution

y_2

s_2
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y_(t−1)

s_(t−1) s_(t+1)

y_(t+1)

...
s_N

y_N

s_t
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P (St|S1, . . . , St−1, St+1, . . . , SN,D,w, ν)

= P (St|St−1, St+1,yt,w, ν)

∝ P (St+1|St, ν)P (St|St−1, ν)P (yt|St,w)
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Simulation of recombination
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Simulation of recombination

1

2

3

4

lid 56



Simulation of recombination
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Simulation of recombination
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Simulation of recombination
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Simulation of recombination
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True mosaic structure
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Example: TOPAL, window size=200
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Example: TOPAL, window size=100
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Prediction with RECPARS

Top: Crecomb/Cmut = 10.0 Middle: Crecomb/Cmut = 3.0 Right: Crecomb/Cmut = 1.5
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Prediction with HMM-Bayes

Vertical axis :
P (St|D)

Horizontal axis :
Site in the DNA sequence alignment, t
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Prediction with HMM-Bayes

Vertical axis :
P (St|D)

Horizontal axis :
Site in the DNA sequence alignment, t

Three graphs :
P (St = 1|D), P (St = 2|D), P (St = 3|D)
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Prediction with HMM-Bayes
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True mosaic structure
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Prediction with RECPARS

Top: Crecomb/Cmut = 10.0 Middle: Crecomb/Cmut = 3.0 Right: Crecomb/Cmut = 1.5
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Prediction with HMM-Bayes
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Comparison between HMM-ML and HMM-Bayes
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Comparison between HMM-ML and HMM-Bayes

Topology 1 Topology 3

Topology 1 Topology 1
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HMM-ML
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HMM-Bayes
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Hepatitis B Virus (Bollyky et al. 1995)

DNA alignment, 3049 nucleotides

1) HPBADW1 2) HPBADW2 3) HPBADWZCG 4) HPBADRC
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TOPAL, window size = 100

DNA alignment, 3049 nucleotides

1) HPBADW1 2) HPBADW2 3) HPBADWZCG 4) HPBADRC
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TOPAL, window size = 200

DNA alignment, 3049 nucleotides

1) HPBADW1 2) HPBADW2 3) HPBADWZCG 4) HPBADRC
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RECPARS

DNA alignment, 3049 nucleotides
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HMM-Bayes

DNA alignment, 3049 nucleotides

1) HPBADW1 2) HPBADW2 3) HPBADWZCG 4) HPBADRC
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Neisseria (Zhou & Spratt, 1992)

DNA alignment, 787 nucleotides (argF gene)

1) Neisseria gonorrhoeae 3) Neisseria cinerea

2) Neisseria meningitidis 4) Neisseria mucosa
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Neisseria (Zhou & Spratt, 1992)

DNA alignment, 787 nucleotides (argF gene)

1) Neisseria gonorrhoeae 3) Neisseria cinerea

2) Neisseria meningitidis 4) Neisseria mucosa
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Topal, window size 200
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Topal, window size 100
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RECPARS
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Prediction of P (St|D) with ML
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Prediction of P (St|D) with Bayes
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Conclusion and future work
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Conclusion and future work

• Parameters inferred from the data

• Precise location of breakpoints.

• Limited in the number of different tree topologies.

• Problem: rate heterogeneity.

• Future work: factorial HMM

... ...
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