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Personal Healthcare Revolution

Electronic health records (CFH)

Personal genomics 
(DeCode, Navigenics, 23andMe)

X-prize: first $10k human genome technology
NIH: $1k by 2014

Microsoft Research Cambridge:
PhD Scholarships
Internships: 3 months
Postdoctoral Fellowships



Why Probabilities?

Image vector

/ƭŀǎǎ        άŎŀƴŎŜǊέ ƻǊ άƴƻǊƳŀƭέ



Decisions

One-step solution

train a function to decide the class

Two-step solution

inference: infer posterior probabilities

decision: use probabilities to decide the class



Minimum Misclassification Rate



Why Separate Inference and Decision?

ÅMinimizing risk (loss matrix may change over time)

ÅReject option

ÅUnbalanced class priors

ÅCombining models



Loss Matrix

Decision

True class



Minimum Expected Loss

Regions       are chosen, at each x ,  to minimize



Reject Option



Unbalanced class priors

In screening application, cancer is very rare

¦ǎŜ άōŀƭŀƴŎŜŘέ Řŀǘŀ ǎŜǘǎ ǘƻ ǘǊŀƛƴ ƳƻŘŜƭǎΣ ǘƘŜƴ 
ǳǎŜ .ŀȅŜǎΩ ǘƘŜƻǊŜƳ ǘƻ ŎƻǊǊŜŎǘ ǘƘŜ ǇƻǎǘŜǊƛƻǊ 
probabilities



Combining models

Image data and blood tests

Assume independent for each class:



Binary Variables (1)

Coin flipping: heads=1, tails=0

Bernoulli Distribution



Expectation and Variance

In general

For Bernoulli



Likelihood function

Data set 

Likelihood function



Prior Distribution

Simplification if prior has same functional form 
as likelihood function

Called conjugate prior



Beta Distribution



Posterior Distribution



Posterior Distribution



Properties of the Posterior

As the size N         of the data set increases



Predictive Distribution

What is the probability that the next coin flip 
will be heads? 



The Exponential Family

where ́ is the natural parameter

We can interpret g(´ ) as the normalization 
coefficient



Likelihood Function

Give a data set,                            

Depends on data through sufficient statistics



Expected Sufficient Statistics



Conjugate priors

For the exponential family

Combining with the likelihood function, we get

Prior corresponds to º pseudo-observations with statistic Â



Bernoulli revisited

The Bernoulli distribution

Comparing with the general form we see that

and so

Logistic sigmoid



Bernoulli revisited

The Bernoulli distribution in canonical form

where



The Gaussian Distribution



Likelihood Function



Bayesian Inference ςunknown mean

Assume ¾2 is known

Data set

Likelihood function for ¹



Bayesian Inference ςunknown mean

Conjugate prior is a Gaussian

which gives a Gaussian posterior





Bayesian Inference ςunknown precision

Now assume ¹ is known

Likelihood function for precision ¸ = 1/ ¾2



Conjugate prior

Gamma distribution



Unknown Mean and Precision

Likelihood function

Gaussian-gamma distribution



Gaussian-gamma Distribution



Linear Regression (1)

Noisy sinusoidal data



Linear Regression (2)

Linear combination of basis functions

Noise model

Likelihood function



Linear Regression (3)

Polynomial basis functions



Linear Regression (4)

Define a conjugate prior over w

Combining with likelihood function gives the posterior 

where 



Data from straight line with Gaussian noise

First order polynomial model

Simple Example (1)



Simple Example (2)

0 data points observed

Prior Data Space



Simple Example (3)

1 data point observed

Likelihood Posterior Data Space



Simple Example (4)

2 data points observed

Likelihood Posterior Data Space



Simple Example (5)

20 data points observed

Likelihood Posterior Data Space



Predictive Distribution (1)

Predict t for new values of x by integrating over w :

where



Predictive Distribution (3)

Example: Sinusoidal data, 9 Gaussian basis functions, 
1 data point



Predictive Distribution (4)

Example: Sinusoidal data, 9 Gaussian basis functions, 
2 data points


