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Survival Clustering: An Example DINFK &=
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Survival Clustering: An Example DINFK &=

Some observations:

« # unsupervised clustering

e survival time t as side
information, not available at
test time
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Survival Clustering: An Example

Some observations:
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Survival Clustering: An Example DINFK &=

Some observations:
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Variational Deep Survival Clustering (VaDeSC)

Overview of our model:

« based on a variational autoencoder
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Variational Deep Survival Clustering (VaDeSC)

Gaussian Mixture Model: 2 py %2 K2

Overview of our model:

KL divergence

« based on a variational autoencoder

« Gaussian mixture prior
* clustering in the embedding space
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Variational Deep Survival Clustering (VaDeSC)

"
{Gaussian Mixture Model: Z; u; 22 M2

4

Overview of our model:

(KL divergence

* based on a variational autoencoder N ]
- Gaussian mixture prior £ x> 2
 clustering in the embedding space g L

* mixture of survival distributions @\ Clustze§1 Cluster 2
» defined in the embedding space ﬁ:pﬁ— T‘L
- Weibull with cluster-specific scales Q,ste,a;:;:::;m: -

Latent Space
p(c = 1|z t) I
p(c = 2|z,¢t)

Survival distribution:
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VaDeSC: Generative Model DINFK &=

Gaussian Mixture Model: 2, p; 22 M2

1. Sample a cluster: ¢ ~ p(c; ) = 7, | /!
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VaDeSC: Generative Model DINFK &=

Gaussian Mixture Model: 2, p; 22 M2

1. Sample a cluster: ¢ ~ p(c; @) = m, | /
2. Sample the
z ~ p(z|c; {py, .., Bg}{Zy, -, 2k }) 2
=N(z; pu.xZc) l
Clustzer 1
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VaDeSC: Generative Model DINFK &=

Gaussian Mixture Model: 2, p; 22 M2

1. Sample a cluster: ¢ ~ p(c; ) = m,

2. Sample the —
z ~ p(z|c; {py, .., Bg}{Zy, -, 2k }) z %
=N(z; pu.xZc) l i

3. Sample the L

x~p(x|z; y),e.q. Bernoulli(x; )
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VaDeSC: Generative Model DINFK &a=

Gaussian Mixture Model: 2, p; 22 M2

1. Sample a cluster: ¢ ~ p(c; @) = m,

2. Sample the —
z ~p(zlc; {ny, - v} {2 2k }) z x
= N(z; ﬂc»zc) l ||

3. Sample the L

: 3,
x~p(x|z; y),e.q. Bernoulh(x; ) 3, -
B -

4. Sample the time-to-event R
Survival distribution:
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VaDeSC: Generative Model DINFK &=

1. Sample a cluster: ¢ ~ p(c; @) = m,

2. Sample the
zZ ~ p(Z|C; {”1; ---;”K}; {21; seey ZK}) Parameters Optimised by
=N(z; u,X.) > maximising a lower bound
of the likelihood of
3. Sample the {x;, t; 104

x~p(x|z; y),e.q. Bernoulli(x; )

4. Sample the time-to-event

t ~ p(tlZ, C, {Bli ""ﬁK}) k)
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Non-small Cell Lung Cancer DINFK &&=

Non-small cell lung cancer (NSCLC): adeno-,
sguamous cell, large cell carcinomas, and other less
differentiated types.

An aggregated dataset of computed tomography (CT)
Images:

« 392 patients at the University Hospital Basel, CH

« 511 patients at the Maastro clinic, NL

: : : a preprocessed CT slice
« 211 patients at the Stanford University School of Cen'iref; around the tumour

Medicine and Palo Alto Veterans Affairs Healthcare

System, US
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NSCLC: Clustering DINFK &:2=
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NSCLC: Clustering DINFK &:2=
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NSCLC: Clustering

highest median survival time;
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NSCLC: Clustering

highest median survival time;
tumour in the upper lungs
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NSCLC: Demographic & Clinical Variables ;

Variable

1 3 p-val.
T.Vol.,cm® || 43 36 40 63 | < 5e-2
Age, yrs 62 69 67 70 | <1le-3
Female, % 36 19 38 23 < le-3
Smoker, % 67 94 &7 100 0.12
M1, % 20 45 44 45 0.2
> T3, % 10 29 35 31 0.7
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NSCLC: Demographic & Clinical Variables ;

Variable

T. Vol., cm’ 63
Age, yrs 70
Female, % 23
Smoker, % 100
M1, % 45
> T3, % 3]
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Concluding Remarks DINFK &:Z=

* Anovel deep probabilistic model for clustering survival data
— Generative assumptions
— Improved clustering performance
— Good for early exploratory analysis of complex datasets

« Application to medical imaging data
— Prior research: tabular & EHR data
— Meaningful findings

read on OpenReview code on GitHub
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https://openreview.net/forum?id=RQ428ZptQfU
https://github.com/i6092467/vadesc

