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Challenges

* How to model relationship between modalities:
e Generative Approach
e Conditional (Discriminative or Causal)
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Challenges

* How to model relationship between modalities

* Interpretability
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Challenges

* How to model relationship between modalities
* Interpretability

e Robustness
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Outlines

* Our previous research

* Background
* Pre-Deep Learning work

* Current Research
* Hybrid Generative Discriminative Model
* Some preliminaries on causal domain adaptation

* Future Directions




Outlines

* Our previous research
* Background



Chronic Obstructive Pulmonary Disease (COPD)

Abnormal (Type 1) Abnormal (Type 2) Abnormal (Type 3)
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Image Reference: radiopedia.com



Chronic Obstructive Pulmonary Disease (COPD)

Abnormal (Type 1) Abnormal (Type 2) Abnormal (Type 3)

B Normal Tissue I Abnormal (Type 3)

Abnormal (Type 1) [l Abnormal (Type 4)
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Abnormal (Type 2) Image Reference: radiopedia.com

Carlos Mendoza, Raul San Jose Estepar et al. 2012



Outlines

* Pre-Deep Learning work



Imaging and Genetic Data

Patient s

Genetic loci of interest
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Bag of Words Model

Patient s

Interesting Genetic loci
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Gs = {0l1,03,03,05,05}

Genetic Words
(Genetic variants)
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Simplified version
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Probabilistic Modeling
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Probabilistic Modeling
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Probabilistic Modeling
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Extending to Multi-Modal



Probabilistic Model
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Graphical Model
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Inference

Topic pairs

Pl Lsm 5 {Gsn ;) (B Lsm }, {Gsn};m)

e

(Imaging signature) (Different Ranking SNPs)

We use stochastic vibrational inference to infer the posterior densities.
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Interpretation on the Patient Level
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Interpretation on the Patient Level
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One Subject Example
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Genetic Topics
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Population Average Distribution

e Data driven way to define anatomical distributions of the disease subtypes.

 What is missing?
dWhich image features (local descriptors) are good for sub-typing the disease?
JCan we improve it using Deep Learning?
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Which Features Should be Used?
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Revisiting our goals:
Interpretation vs. Preadiction

When do | need to have a fully generative model?

Prediction |nterprEtati0n

Unsupervised: Relating image patterns to the

* Supervised : Objectively using image data Shake : :
side information (such as genetic data).

to define disease subtypes that are
indicative of the disease severity.

It turns out that we can side-step the
inference of the subtypes.



iscriminative Approach:
~ocusing on Prediction




It We Only Care about Prediction

Simplified ver5|on of our model

Zﬂ'k .CC Hk)

. Pattern 1 '{ s

Pattern 2

. Pattern 3

What if we can estimate the dissimilarities
Pattern 3 (63) directly without an explicit parametric

assumption?
D(pi,p;)
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Can We Avoid the Inference?

_ . Pi
D(pi,pj) = KL(psi||pj) = Egnp, |log —

The KL distance can be estimated without any parametric assumption
on p;’s |
The estimator is unbiased and consistent.

Other choices of distance between distributions are possible such as
Maximum Mean Discrepancy (MMD).



Can We Avoid the Inference?

__ X Pi
D(pi,p;) = KL(pillpj) = Eznp, |log =
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An Easy Task

Predicting clinical image measurement.

R2:0.932882.

30 40 50
LAA% (true)
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Predicting clinical image measurement.

GOLD score: 5+1 grade characterizing the °
severity of disease using respiratory

signal.

Predicting GOLD

(ACI I IN: Y 0.016

0.15 geAssM 0.059

—~ 0.061 o=t 0.12

~ 0.11 0.17 0.056

m 0.039 0.033 0.011

< 0.013 O 0.0025 0.13 JeEsE

-1 0 1

1.0
0.19 0.0073 0

0.8
0.13 0.0028 0
el:l 0.057 O 0.6

0.16 0.0062

0.2

0.0
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Comparing Different Image Features

Prediction Accuracy of Different Features

GOLD score: 5+1 grade characterizing the

: : : : 0.5 S
severity of disease using respiratory Q) I
signal. £ 0.4

2 0.
S
Predicting clinical image measurement. 7 0.3
O
| | | 0.2
Quick Comparison between image g

features.

o
|—I

Harilick Hist Hist + sHOG

. Our approach
B Classical Bag-of-words
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Summary so far ...

What we have:
v' The Generative approach provides good interpretation while
the Discriminative approach provides good prediction.
v A Likelihood free approach to compute patient-patient
similarity avoiding an explicit parameterization.
v' We can still have a population-level interpretation.

What is missing:
J Can we consolidate Generative and Discriminative views?

(JCan Deep Learning improve the construction of the image
feature in data-driven way?

(d What about the patient-level interpretation?




Outlines

* Current Research
* Hybrid Generative Discriminative Model



So far ...

The Generative Model:

UYE {Ok}k

Population-level
representation

Patient-level
representation

patlent L The Likelihood-free Model:

X; = {$Z’1, s ,$Z'N} D(XZ7XJ)

Patient-Patient
Similarity
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Learning from a Set

* Can we construct a Discriminative
model that directly predict a desire
target from the content of a “set”?

* Goal: mapping from a variable length
representation (i.e, a “set”) to a
fixed-length representation.

Patlent L

X =A{zi, - ,ziN}
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Patlent L

X' . Permutation
7 — 33‘21, e ,aerN Invariant Function

| |
{¢($z‘1)v T >¢(337;N)} —>>—
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Deep Sets

Advantages:

* Produce a good prediction.

* Can handle any input size without rescaling.

Disadvantage:

* The latent representations are redundant.

* Does not provide interpretable results.

Regularization with a
Generative Network

Attention Network

47



Our Hybrid Generative-Discriminative Model
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Predicting Clinical Measurements

Prediction Scores for Different Features

0.6

 GOLD score: 5+1 grade characterizing the
severity of disease using respiratory e
signal. S0
%0.3
20.2

Harilick

Hist Hist + sHOG Deep Network

B Likelihood Free
B Classical Bag-of-words
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. Our Deep Learning




Predicting Clinical Measurements

 GOLD score: 5+1 grade characterizing the
severity of disease using respiratory 4
signal.

* Visualizing patients with respect to the
entire population. ,
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The Attention Map
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Comparison with Deep Sets

Discriminative vs Generative trade off
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Variance Explained

Comparison with Deep Sets

Discriminative vs Generative trade off

Spectral behaviour of Latent Space
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Comparing with Other Methods

Method FEV1 |[FEV1/FVC| GOLD exact | GOLD one-off
Our method (A1 = 0) 0.68 0.71 61.17 % 87.64 %
Our method (A1 = 10) 0.64 0.70 55.60 % 84.57%
CNN [6] 0.53 = 51.1 % 72.9 %
Non-Parametric [17] 0.58 0.70 50.47 % —
K-Means [17] 0.54 0.67 48.23 % —
Baseline 0.52 0.69 49.06 % —

6. Gonzilez, G., Ash, S.Y., V S, G.: Disease Staging and Prognosis in Smokers Using
Deep Learning in Chest Computed Tomography. AJRCCM pp. 201705-0860 (2017)

17. Schabdach, J., Wells, W.M., Cho, M., Batmanghelich, K.N.: A likelihood-free ap-
proach for characterizing heterogeneous diseases in large-scale studies. In: IPMI.

vol. 10265 LNCS, pp. 170-183 (2017)
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Summary so far ...

What we have:
v' The Deep Learning approach provides good characterization of
the disease.
v' The Attentions network provides a patient-level interpretation.
v' The latent space representation yields an insight on the
population-level.

What is missing:
J Can we consolidate Generative and Discriminative views?
JThe Deep Learning approach did not include the genetic data.




Outlines

* Future Directions



Interactive Learning with Image and Text
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Developing Interpretable High-Dimensional
Phenotype

Disease Severity

y)

Input Discriminative Model RS
data (X (Deep Learning) O X
& x&
o
&Q’ 9‘2/ )
¢ RAS
- 8 €

Reconstructed
data (X) Interpretable

Generative Model
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Posterior Regularization

A& 021 )
Space of discriminative
posterior distributions



Developing Interpretable High-Dimensional
Phenotype

- /

Interpretable
Generative Model




Generative Domain Adaptation

®

(X17X27'” 7XN)
Conditional GAN
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