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Omics data integration

Supervised learning setting

* Gene expression
* DNA Methylation

* Copy Number Variation . e Diagnosis
. - L Predictive :I\l/ :
* Single Nucléotide Variation * Prognostics
. Model
* Meta-genomics * Treatment response
* Clinical

* Medical images

How to integrate different sources of data ?
Numeric, binary, categorial, count, sequences, images



Omics data integration

Supervised learning setting
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How to integrate different sources of data ?
Numeric, binary, categorial, count, sequences, images

With a neural network



Integration levels
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* Preprocessing * Decisions fusion * Shared representation

* Feature extraction * Related to ensemble of the data

* Redundancy methods * Flexible fusion

* Note fully exploit the * Need uncorrelated errors * Majority of the deep
complementary nature mutli-modal methods

of the modalities
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Ramachandram, D., & Taylor, G. W. (2017). IEEE Signal Processing Magazine, 34(6), 96-108.
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Sun, D., Wang, M., & Li, A. (2018). A multimodal deep neural network for human breast cancer prognosis prediction by
integrating multi-dimensional data. IEEE/ACM transactions on computational biology and bioinformatics, 16(3), 841-850.



Early integration

JoemEue,  GESES, - (EEEE  Data integration by multi-modal autoencoder

Input layer

Prediction of liver cancer survival from TCGA

Hidden layer ~ 500 d ataset

Latent space integrating the information from
the three data sources

* K-means

e Cox-PH model

« SVM

Bottleneck layer 100

Hidden layer 500

Reconstructed
layer

Chaudhary, K., Poirion, O. B., Lu, L., & Garmire, L. X. (2018). Deep learning—based multi-omics integration robustly
predicts survival in liver cancer. Clinical Cancer Research, 24(6), 1248-1259.



Intermediate integration

Multimodal Modality-specific Survival prediction from TCGA Pan cancer data

input data submodel
WSI patches ResNext-50 Ck = DAX 2kl Cox loss
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Vale-Silva, L. A., & Rohr, K. (2020). MultiSurv: Long-term cancer survival prediction using multimodal deep
learning. medRxiv.



Gene Expression Data

Input: 60483
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512 Survival prediction from TCGA Pan cancer data

Death predicted after X days

v
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Cox Loss

True prognosis OR
Censored observation

Cheerla, A., & Gevaert, O. (2019). Deep learning with multimodal representation for pancancer prognosis
prediction. Bioinformatics, 35(14), i446-i454. ¢



Multi omics and knowledge integration
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4 ‘ Outcome prediction from TCGA Pan cancer data
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Ma, T., & Zhang, A. (2019). Integrate multi-omics data with biological interaction networks using Multi-view

Factorization AutoEncoder (MAE). BMC genomics, 20(11), 1-11. ’



Included data modalities
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Clinical: tabular clinical data; mRNA: gene expression; DNAm: DNA
methylation; miRNA: microRNA expression; CNV: gene copylnumber
variation; WSI: whole-slide images.



Which data sources to use ?

RNA-seq I\
X1 I_
miRNA-seq rl I
X2 I—»
DNA .

methymation ¢, Cost=c; +cy

Cost=cq +cy tc3

* Tradeoff between accuracy and cost

* Some patients are easy to predict :
* Do no need all data sources
* Prediction could be less expensive with the same accuracy
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Budget learning for multi omics data

* Objectives in classification:
* Maximize the accuracy
* Minimize the prediction cost

* Cost is mainly the cost of acquisition of the variables
* Money
* Time
* Secondary effect
* Any non-infinite ressource

* Adaptative integration of omics data



Adaptative integration of omics data

* Sequence of neural networks with reject option of increasing cost

* At each level, we compute :
* Prediction from current data sources
* Decision to acquire the next data source
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End-to-End learning
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RNA-seq

X2
miRNA-seq
Alternate training:
* miny L
* min L
DNA X3 I R1.Rz
methymation €3

* R, and R, control the integration of x; and x,
* The order of the data sources is important
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L=ACEQ,9)+ [C1 + R,C; + R,(5]
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