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Problem Formulation

1 Which observations have an impact on survival? (prognostic vars.)
2 Which observations make the drug work? (predictive variables)
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Challenges

Noisy/missings
Uncertainty
Complexity
Heterogeneity
N << D
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Potential Approaches

X : observations matrix, y : survival, θ: model parameters, W : latent variables

Supervised Methods

y = f (X ; θ) + ε, p(y |X , θ) (1)

Examples: Linear Regression, Lasso (Penalized LR), Gaussian Process, Random
Forest, ...

Problems: Not so easy to interpret, and N << D (suitable for prediction)

Unsupervised Methods

(X , y) = f (W ; θ) + ε, p(y ,X |W , θ) (2)
Examples: Dimensionality Reduction, Clustering, Latent Factors, ...
Advantages: Interpretable, flexible (suitable for data exploration)
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Our Approach

Challenges

Noisy/missings
Uncertainty
Complexity
Heterogeneity
N << D

Solutions
Probabilistic Models
Bayesian Approach
Non-parametric
Generalized
Sharing Information

Bayesian: Put a prior over assumptions
Non-parametric: Model complexity, i.e., number of latent
vars., is also infered
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In particular...

We focus on a Latent Factor Model.

Z ∼ Indian Buffet Process(α) (3)

If we know B , patients are independent
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Previous Works using the IBP

Identify patients at risk of suicide attempts [F.J.R. Ruiz et.al, NIPS2012].

Find out latent relationship among psyquiatric disorders [F.J.R. Ruiz
et.al, JMLR2014, I. Valera et.al, NC2015].
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Outline

1 Motivation

2 Indian Buffet Process

3 Results

4 Conclusions
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Indian Buffet Process

IBP: distribution over binary matrices ZN×K

Model chooses number of hidden features, K →∞
Finite N implies finite number of non-zero columns K+.
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Indian Buffet Process
(Slides from F.J.R.Ruiz)

. . .

...
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Indian Buffet Process
(Slides from F.J.R.Ruiz)

1	   1	   1	   0	   0	   0	  

1	   0	   1	   1	   0	   0	  

0	   1	   1	   0	   1	   1	  

. . .

...

Melanie F. Pradier Indian Buffet Process for Biomarker Discovery



12/35

Motivation
Our Method

Results
Conclusions

Indian Buffet Process
Infinite Latent Feature Model
Methodology

Infinite Latent Feature Model

Note: Correlation does not imply causality!

Melanie F. Pradier Indian Buffet Process for Biomarker Discovery



13/35

Motivation
Our Method

Results
Conclusions

Indian Buffet Process
Infinite Latent Feature Model
Methodology

What about heterogeneous data?

Generalized IBP [I.Valera et.al, 2015]
Link function f depending on data type
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What about N << D problem?

Placebo patients define background population
Some extra features only for patients taking the drug
Shared information between all patients

0
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Methodology

1 Sample from posterior p(Z |data) to identify interesting
subpopulations

2 Analysis of feature effect on observations
Define patterns of interest G∗ and reference GB

Do Bootstrapping L times (to deal with low N)

Compute measure of effect size and significance
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Database
GC33 Antibody Treatment against Liver Cancer

Clinical trial with N =180 patients
60 patients take Placebo, 120 take the drug
D = 80 observations (including demographics, clinical data,
and survival)

Our model infers:
3 features to define whole population
1 extra feature for Drug population
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Analysis of Clinical Data

Nr. Patterns
Occur.
(number
patients)

Mean
TFPD

(months)

Median
TFPD

(months)
F1 F2 F3 F4 F5

1. 0 1 0 0 0 33.37 3.06 1.65
2. 0 1 0 1 0 4.07 2.29 2.24
3. 0 1 1 0 0 17.84 2.72 1.81
4. 0 1 1 1 0 4.72 7.05 7.18
5. 1 1 0 0 0 51.52 3.22 2.55
6. 1 1 0 0 1 16.77 4.17 3.65
7. 1 1 0 1 0 8.38 1.74 1.33
8. 1 1 0 1 1 2.07 2.69 2.65
9. 1 1 1 0 0 29.88 3.36 2.03

10. 1 1 1 0 1 4.90 4.44 4.34
11. 1 1 1 1 0 4.53 6.31 5.31
12. 1 1 1 1 1 1.94 10.04 10.01

Total 120.00 180.00 63.82 25.72 25.69 180 3.44 2.04
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Different Survival in Subpopulations
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Strong Placebo Vs Normal Placebo
1. Which observations have an impact on survival?

T-TEST (alpha = 0.01)
 H&E P NECROTIC: p-val=5.5391e-03, numSig =0.97

                 H&E P VIABLE: p-val=5.5391e-03, numSig =0.97
CD3/CD16 H&E P VIABLE: p-val=7.5190e-03, numSig =0.96

CD3/CD16 H&E P NECROTIC: p-val=7.5190e-03, numSig =0.96

Melanie F. Pradier Indian Buffet Process for Biomarker Discovery



22/35

Motivation
Our Method

Results
Conclusions

Database
Analysis of Clinical Data

Strong Drug Vs Normal Drug
2. Which observations make the drug work?

        T-TEST (alpha = 0.001)
                             NK: p-val=3.5004e-10, numSig =1.00

                                     TOTCD45-plus-LYMPHOCYTE: p-val=4.2715e-09, numSig =1.00
                                        CD56DIMCD16BRIGHT-NK: p-val=2.5371e-08, numSig =1.00

                                                        CD16: p-val=3.1158e-08, numSig =1.00
                                                    NKP46-NK: p-val=1.3001e-07, numSig =1.00

                                                         CD8: p-val=2.2717e-07, numSig =1.00
                                                         CD3: p-val=1.2752e-06, numSig =1.00

                                             CD8-plus-NKCELL: p-val=2.9711e-05, numSig =1.00
                                     CD56-minus-CD16-plus-NK: p-val=3.9732e-05, numSig =1.00

                                                         CD4: p-val=1.1433e-04, numSig =1.00
                                        CD56DIMCD16-minus-NK: p-val=7.2101e-04, numSig =1.00
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Conclusions

In this talk...
Bayesian Non-parametrics for Data Exploration
Indian Buffet Process in Latent Feature Models
IBP Adaptation for Clinical Trial Problem

In particular...
1 Identification of subpopulations
2 Potential prognostic and predictive variables
3 Ongoing work:

Analysis of RNA-seq data (D = 48.000)
Improve Statistical Test (Maximum Mean Discrepancy)
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European Initiative: Marie-Curie ITN-MLPM
Machine Learning for Personalized Medicine

Main Objective
Develop statistical tools and
computational methods for
personalized medicine.

Precise Diagnosis
Specific Treatments

Research Lines
Biomarker Discovery
Heterogeneous Data Integration
Causal Mechanisms of Diseases
Gene-Environment Interactions

My Focus
Probabilistic Modeling −→ Bayesian Non-parametric Models
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What about heterogeneous data?

Generalized IBP [I.Valera et.al, 2015]
Link function f depending on data type
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Measures for Effect Size and Significance

Continuous variable d
Effect Size

βd =
1
L

L∑
l=1

log2

(
µd (G̃∗

l )

µd (G̃B
l )

)

Significance

Relative Deviation
Metric

T-Test

Categorical variable r

Effect Size

βr =
1
L

L∑
l=1

(
µd (G̃∗

l )− µd (G̃B
l )
)

Significance

Binomial Test

Fisher Exact Test
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Measure of Effect Size

For continuous variable d :

βd =
1
L

L∑
l=1

log2

(
µd (G̃ ∗

l )

µd (G̃B
l )

)
(4)

For categorical variable r :

βr =
1
L

L∑
l=1

(
µd (G̃ ∗

l )− µd (G̃B
l )
)

(5)
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Measure of Significance
Continuous Variables

For continuous variables, compute:

Deviation compared to G ∗ variance

γ∗ =

∣∣µd (G ∗)− µd (GB)
∣∣

σd (G ∗)
(6)

Deviation compared to GB variance

γB =

∣∣µd (G ∗)− µd (GB)
∣∣

σd (GB)
(7)

T-test: Standard statistical test to compare two groups of
data.
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Measure of Significance
Categorical Variables

For categorical variables, compute:

Distance to Binomial Mean
Fit a Binomial distribution to GB

A variable r is considered significant if µr (G∗) is outside
confidence interval

Fisher Exact Test: Standard statistical test for contingency
tables.
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