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Motivation
● Cannot treat 

patients with so 
many drugs

● Clinical trial data 
are either small or 
not publicly 
available 
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Motivation

● Gene expression data have been shown to be the 
best data type for drug response prediction.

● Recent studies suggest that adding other omics 
data types can improve the prediction 
performance.

→ How to integrate different data types???
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Omics integration
Early integration Late integration

Figures are from Zitnik, et al. 2019 Information Fusion
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Goal

Given: Output:

Late integration

Multi-omics 
data

Drug response 
(binarized IC50)
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Deep Neural Networks
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● Computer vision
● Natural language processing
● Robotics
● Gaming

Figure is from Tzeng et al., “Adversarial Discriminative Domain Adaptation” CVPR 2017

From: 
https://www.technologyreview.com/s/604273/finding-solace-in-
defeat-by-artificial-intelligence/Input layer Output layerHidden layers



Genomics and medicine
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MOLI: Multi-Omics Late Integration
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MOLI: Triplet Loss function
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Questions

1. Does MOLI outperform single-omics and early integration methods in terms 
of prediction AUROC?

2. Does MOLI’s performance improve by including more drugs in its training 
data?

3. Does the response predicted by MOLI have associations with the target of a 
drug (for the targeted drugs)?
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Baselines

● Early integration
○ Deep neural networks (Ding et al. 2018)
○ Non-negative matrix factorization

● Single-omics (gene expression)
○ Regression-based (Geeleher et al. 2014) 
○ Feed forward neural network
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Datasets

We use three main resources:
❖ Before treatment genomic data and after treatment response 

data
● Cell line data for training

○ ~1000 cell lines with multi-omics data screened with 265 drugs 
(Iorio et al., 2016 Cell)

● Pre-clinical data for external validation
○ ~400 PDX models with multi-omics data screened with 34 drugs 

(Gao et al., 2015 Nature Medicine)

● Clinical data for external validation

○ TCGA patients with the drug response available in their records

List of drugs: 
● Paclitaxel 
● Gemcitabine
● Erlotinib
● Cetuximab
● Cisplatin
● Docetaxel
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MOLI outperforms early integration baselines
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MOLI outperforms single-omics baselines
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Pan-drug training data outperforms drug-specific

Drug specific

Pan-drug 15



Predict response for TCGA patients with no treatment

● Step 1: Apply the trained MOLI to TCGA cohorts 
separately and get the predicted responses

● Step 2: Select EGFR genes from REACTOME 
● Step 3: Fit a multiple linear regression to the level of the 

expressions of the EGFR genes and the responses 
predicted by MOLI

● We found significant associations in:
○ Prostate cancer

○ Kidney cancer

○ Breast cancer

○ Lung cancer (treatment for 70% of the patients in US, Li et al., 

2019 Plos one)
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Summary

● Proposed the first method for multi-omics late integration with deep neural 
networks

● Employed triplet loss function in multi-omics late integration for drug response 
prediction

● Introduced pan-drug training data based on transfer learning  for the targeted 
drugs

● Obtained better performance compared to the state-of-the-art methods

Github: https://github.com/hosseinshn/MOLI
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Future direction
● Domain adaptation between cell lines, PDX, and patients data

● Incorporating domain expert/biological knowledge

CAMDA Thursday, July 25th MLSCB Wednesday, July 24th
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We are hiring!

Our lab at SFU is looking for highly motivated and curious postdocs interested in 
method development for different biological problems!

Please contact Prof. Martin Ester:

Email: ester@sfu.ca 
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Triplet loss performance
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Precision-Recall
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