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Cancer and tumor cells

Motivation
There are many different types of cancers and tumor cells.

Different types of tumors will require different treatment strategies.

How to identify the primary anatomical site of origin of human tumors?

Hint: Different cancers have different genetic pathways but may share some genes.
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Problem approach

Genetic analysis of tumor subtypes

Extract samples from different tumor tissues.

Cluster samples according the gene expression of several genes.

Identify tumor subtypes from the analysis of the clusters.
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Problem approach

Other issues
Can we identify characteristic or exemplar tumor subtype
samples?

Is it possible to identify putative oncogenes from the
clusters?

How to use the clusters to classify new samples?
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Problem approach

Solution components

Unsupervised learning using affinity propagation.

Definition of penalized exemplar-based accuracy.

Improve clustering results using evolutionary optimization.

Identification of putative oncegenes using statistical
analysis of the clusters.
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Classification

Affinity propagation

Message-passing-based clustering method.

Input: Set of points, similarity values between the points,
and a preference value for each point.

Output: Set of clusters and an exemplar for each cluster.
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Classification

BR10T BR14T BR20T

OV16T OV21T

BR8T BR16T BR17T BR6T

BR15T BR21T BR29T BR31T

BR32T LI34T

LI11T LI32T LI30T

LI35T LI13T

OV23T OV1AT OV3T

OV2AT OV8T OV7T

Figure: Affinity clustering.
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Affinity propagation

Responsabilities:

r(i , k)← s(y i
, yk )−maxk ′|k ′ 6=k{a(i , k

′) + s(y i
, yk ′

)}

Availabilities:

a(i , k)← min







0, r(k , k) +
∑

i ′|i ′ 6∈{i,k}

max{0, r(i ′, k)}







Self-availabilities:

a(k , k) =
∑

i ′|i ′ 6=k

max{0, r(i ′, k)}
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Affinity propagation

Algorithm 1: Affinity propagation

1 Initialize availabilities a(i , k) to zero ∀i , k
2 do {
3 Update all the responsibilities given the availabilities
4 Update all the availabilities given the responsibilities
5 Combine availabilities and responsibilities to obtain

the exemplar decisions
6 } until Termination criterion is met

Santana Affinity Propagation Enhanced by Estimation of Distribution Al gorithms



Motivation and objectives
Affinity propagation

Penalized exemplar-based accuracy
Preference optimization for affinity

Experiments
Conclusions

Accuracy from exemplars

How to measure the clustering quality?

Evaluate the cluster composition.

The class of the cluster is determined by the exemplar.

Information about the exemplars is used.

Few number of clusters are prefered.
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Accuracy from exemplars

How to measure the clustering quality?

The penalized exemplar-based accuracy is defined as:

EAcc =

(

∑m
i=1

∑|Ci |
j=1 I(c(y j), c(ye))

)

−m

n
(1)

m: number of clusters.

|Ci | : number of points assigned to cluster i

n: number of points,

I : indicator function.
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Classification

BR10T BR14T BR20T

OV16T OV21T

BR8T BR16T BR17T BR6T

BR15T BR21T BR29T BR31T

BR32T LI34T

LI11T LI32T LI30T

LI35T LI13T

OV23T OV1AT OV3T

OV2AT OV8T OV7T

Figure: Affinity clustering.

How to measure the clustering quality?

26 points are clustered.

EAcc = 3+9+5+6−4
26 = 0.73.

Without penalty, accuracy is higher (0.88).
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Preference optimization for affinity

Steps of optimization

Optimization problem: Find an n-dimensional set of
preferences such that EAcc is maximized.

Preference choice: si ∈ {
sb
2 , sb, 2sb} where sb is the

median similarity.

Codification: Ternary representation xi ∈ {0, 1, 2} for
possible assignments to si .

Optimization algorithm: Estimation of distribution
algorithms.
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Estimation of distribution algorithms

EDAs

Use a probabilistic model to represent promising solutions

Machine learning methods are used to learn and sample
the models

Some variants can deal with problems where variables
exhibit strong interactions

Probability theory as a solid theoretical fundation for the
study of EDAs

Santana Affinity Propagation Enhanced by Estimation of Distribution Al gorithms



Motivation and objectives
Affinity propagation

Penalized exemplar-based accuracy
Preference optimization for affinity

Experiments
Conclusions

Pseudocode of an EDA

Algorithm 2: Estimation of distribution algorithm

1 Set t ⇐ 0. Generate M points randomly.
2 do {
3 Evaluate the points using the fitness function.

4 Select a set DS
t of N ≤ M points according to a selec-

tion method
5 Calculate a probabilistic model of DS

t .
6 Generate M new points sampling from the distribution

represented in the model
7 t ⇐ t + 1
8 } until Termination criteria are met.
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EDAs: Examples of probability factorizations

Univariate model

p(x) =
n∏

i=1

p(xi )

Tree model

pTree(x) =
n∏

i=1

p(xi | pa(xi ))

Bayesian network

pEBNA(x) =
n∏

i=1

p(xi | paSt
i (xi ))
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Experiments

Problem benchmark: Microarray of tumor subtypes

Gene expression data from 12, 533 genes.

174 samples: training set comprising 100 tumors and a test set with 74 tumors.

Data composition

10 prostate adenocarcinomas.

9 bladder/ureter carcinomas.

12 infiltrating ductal breast adenocarcinomas.

10 colorectal adenocarcinomas.

11 gastroesophageal adenocarcinomas.

10 clear cell carcinomas of the kidney.

6 hepatocellular carcinomas.

9 serous papillary ovarian adenocarcinomas

6 pancreatic adenocarcinomas.

17 lung carcinomas.
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Experiments

Objectives

Evaluate affinity propagation for tumor subtype clustering.

Determine the influence of preference optimization

Evaluate the influence of the similarity measure.

Compare the EDAs in terms of efficiency.

Identify potential exemplar genetic profiles of tumors.

Identify the putative oncogenes from cluster analysis.
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Optimized preferences and similarity measures
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Algorithms and similarity measures
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Exemplar identification
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Classification of new (unseen) data
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Different tumor subtypes

BR10T BR14T BR20T

OV16T OV21T

BR8T BR16T BR17T BR6T

BR15T BR21T BR29T BR31T

BR32T LI34T

Figure: Breast adenocarcinoma samples.

Statistical validation
The Wilcoxon rank sum test for equal medians.

For each cluster only the two most significant genes in terms of the p-value are reported.
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Identified genes

Genes
Cluster I: Genes CDKN2B and CLCNKB.

Cluster II: Genes AI688098:wc92f08.x1 and HERV-K22.

Reported activity
CDKN2B: Adjacent to the tumor suppressor gene CDKN2A in a region frequently mutated and deleted in
tumors.

CLCNKB: Encodes cloride channel Kb protein, recently mentioned as a contributor to cancer phenotype.

AI688098:wc92f08.x1: No association found.

HERV-K22: Human endogenous retrovirus. HERV are believed to be possible pathogenic agents in
carcinogenesis.
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Conclusions

Summary

Unsupervised classification of tumor subtypes can be
improved by means of affinity propagation and preference
optimization.

Penalized exemplar-based accuracy can guide
optimization based on EDAs to better clusterings.

The approach allows the identification of exemplar
samples and putative oncogenes.
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Current and future work

Current and future work
Other classification problems: Magnetoencelographic
classification and neural cell classification.

Mining the probabilistic models for knowledge discovery.

Investigating preference optimization in the continuous
domain.
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