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Bayesian inference
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At the end of today’s
class you should...

Theory
- Understand what is Bayesian
What is quesian inference?® inference and why is important
in Biology
Probability 101
Bayes’ theorem in biology
Priors and likelihood

Interpretation of posteriors

Markov Chain Monte Carlo - Interpret the biological
meaning of a posterior

distribution

- Be confident with the
manipulation of probability
distributions

- Identify the basic steps in
applying Bayesian inference
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At the end of today’s
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- Understand what is Bayesian
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- Be confident with the
manipulation of probability
distributions

Priors and likelihood - Identify the basic steps in
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Markov Chain Monte Carlo - Interpret the biological
meaning of a posterior

distribution



Inference in Biology
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Bayesian inference is ...

... reallocation of credibility across possibilities
using descriptive mathematical models
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Bayesian inference is ...

... reallocation of credibility across possibilities
using descriptive mathematical models
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Random variable X : Possible outcome of an observation

Random variables can be discrete or continuous

Discrete Probability (X))
impossible determined
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Random variable X : Possible outcome of an observation

Random variables can be discrete or continuous

Discrete Probability /(X )
impossible determined
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o
normalisation Z P ( X ) — o |

all outcomes
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Random variable X : Possible outcome of an observation

Random variables can be discrete or continuous

Continuous probability X € IR

B
Probabibility (A < X < B) = / P(X)dX

Ty
max X 3
/minX P(X)dX =1 ‘Probabui&v dﬁhsiﬁv
(\ function (PDF)
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X 1s continuous



Random variable X : Possible outcome of an observation

Random variables can be discrete or

Continuous probab ,
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2 random variables: X, Y

Probability of an event from X
P(Xv Y) AND an event from Y

Conditional Probability P(X‘Y) glcz/qul\kl)lgt::je?: FT"::anfrom X

Marginal Probability P(X) :DI:IODb;PbIEIII:)I,DI(E)IF\I?II'EYe;i: fYrom X

Joint Probability

gy X = month Y = day number
2  P(November, 7) = 1/366

P (November | 7) = 1/12
P(7) = 12/3¢68




2 random variabl

Joint Probability
Conditional Probability

Marginal Probability



2 continuous random variables: X, Y

IR RGN = IROK W2 G
maxyY .
Same marginals buk
/ s i different joint distributions!

minyY

Imdependem& variables ‘DQP@_V\&,&M& variables
P(Y|X) = P(Y) P(Y|X) # P(Y)
P(X,Y)=P(X)P(Y) P(X,Y) # P(X)P(Y)



2 continuous random variables: X, Y

P(X,Y) = P(X)P(Y|X)

mazxy . ,
Same marginals but
/ Pl VI e i erent il

f
minyY

Imdependen& variablesi |
P(Y|X) = P(Y)
P(X,Y)=P(X)P(Y)



Tive U is usu&itj
not a random variable

Probq bilill-y in ll-ime P(X’ t) t can be discrete (Q.S. 3&&\&1’0&&0&\5)

or continuous (e.q. duration)
Steady state probability P(X,t — oo) = P(X)

[ signifies sequential ordering Le. causality in our model

Generative model:

P( X, tn) = E(P( X SR (X0 ¢ iR X ) )

Special case (Markov process)
e.9. Population dynamics,

P(X,ty)=F(P(X,tn_1)) Reaction kinetics

Epidami,c: models
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Bayes’ Theorem

P(X,Y) = P(X)P(Y|X)
P(X,Y) = P(Y)P(X|Y)
PY)  P(X)P(Y|X)
P(X+¥) ~ P(Y)P(X|Y)
PX|Y) = P(X)P(Y]X)
P(Y)




Bayesian Inference P(X\Y):P(X)P(Y\X)

P(Y)
2 - Experimental 5,
2 data =
K a8
S —y S
Atk il va\Lu; Par&meer vad.'e;;
Lik‘gtikoad
Frior /"~ P(6) P(datal9)
P\‘Ob&bili&v P(data) = P(5\data)

Y : Experimem%at data
X : Parameter value (0 )

Posterior

FTObabLREy



P(X)P(Y|X)

Bayesian Inference P(X|Y)=

)
Likelihood
L Posterior
Prior P(S)P(datals prabo\baa&j
probab&t&&v ( ) ( | ) == ¢ (5 \data)
P(data)

What about P(data)?

How do | choose the prior?

What am | supposed to do with the posterior?

Okay, but how do apply this with my laptop?

Can you give examples of the likelihood?




