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Precision medicine: 
the right patient, the right drug, the right time, the right dose

Frost and Sullivan: new paradigm shift in treatment.



Discover a new drug is very time-consuming

0D Genomics-based3D Structure-based1D Sequence-based 2D Graph-based

Sequence: understand target function using protein sequence. NLP to find targets (word sequence).
Graph: generate compound graph 2D structure (deep generative model)
Structure: modify structure according to 3D structure (geometric deep learning)
Genomics: side effects, personalized efficacy, repurposing, etc. (multi-modality)
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• how to reuse an old drug



We don’t have so many “drugs”

• Discovery new drug?

- Often not in the scope of precision medicine

- New patient cannot wait for a new drug

• Drug repurposing

- Drug A, which is used to treat disease X, is later used to treat disease Y

- Well-documented side effects and less restriction from FDA

• Drug combination

- Drug A is not effective. Drug B is not effective. Durg A and B used together 
is effective.

• Personalized dosage

- Widely used in clinics. Use genomics data to determine dosage (regression).



Drug 
repurposing

Pushpakom et al. Drug repurposing: progress, challenges and recommendations



Approaches used in drug repurposing
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Drug repurposing strategy

• Drug-based

- If drug A can cure disease X and is similar to drug B, then B 
might be also treat X

• Disease-based

- If disease X and Y have similar profiles and indications, and drug 
R can cure X, then R can also cure Y.

Jarada et al. A review of computational drug repositioning: strategies, approaches, opportunities, challenges, and directions



Use gene expression after treatment
Drugs target on similar proteins or have similar Mode of Actions have similar (after 
treatment) expression.

Iorio et al. Discovery of drug mode of action and drug repositioning from transcriptional responses



Compare disease expression 
and drug expression

Sirota et al. Discovery and preclinical validation of drug indications using compendia of public gene expression data

Gene

Drug



Expression-based drug repurposing

• People realized that the performance (accuracy, coverage) depends 
on the data, rather than the model

• How about we just generate the expression of X drugs on Y tissues

- LINCS: Library of Integrated Network-based Cellular Signatures

- 15 institutions, >1000 cell lines, >5000 drugs, 1000 genes

- 1.3 million after treatment gene expression vectors

- cMAP: 3 cell lines, but 20k genes



Keenan et al. The Library of Integrated Network-Based Cellular Signatures NIH Program: System-Level Cataloging of Human Cells Response to Perturbations

• Adverse drug reaction prediction (Wang et al. Drug-induced adverse events prediction with the LINCS L1000 data)
• Drug target identification (Xia et al. Target Predictions using LINCS Data)
• Expression signature comparison (Xiao et al. SigMat: A Classification Scheme for Gene Signature Matching)
• Drug response prediction (Lu et al. Drug-induced cell viability prediction from LINCS-L1000 through WRFEN-XGBoost 

algorithm)
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Synthetic lethality: Gene A OR Gene B

Source: wikipedia, Jerby-Arnon et al. Predicting Cancer-Specific Vulnerability via Data-Driven Detection of Synthetic 
Lethality

Question: how to leverage SL in drug combination discovery?



Drug combination therapy

• Breast cancer

- an alkylating agent (cyclophosphamide) and antimetabolites 
(methotrexate and 5-fluorouracil)

• Anti-HIV cocktail

- Use of three or more antiretroviral medicines
• We don’t have so many single drug candidate
• Drug combinations (k>=2) offer us more treatment plans



Drug treatment based on synthetic lethality

Gilad et al. Drug Combination in Cancer Treatment—From Cocktails to Conjugated Combinations

Goal: We want to make normal cells survive and kill cancer cells (BRCA deficient cancer cells)
Prior knowledge: PARP1 (off) + BRCA1 (off) -> cell death
Solution: Turn off PARP1 using Olaparib
Results: 
• Normal cells: PARP1 (off) + BRCA1 (on) -> cell survive
• Cancer cells: PARP1 (off) + BRCA1 (off) -> cell death



Use gene expression after treatment
Drugs target on similar proteins or have similar Mode of Actions have similar (after 
treatment) expression.

Iorio et al. Discovery of drug mode of action and drug repositioning from transcriptional responses



Wu et al. Machine learning methods, databases and tools for drug combination prediction

Drug combination prediction

E(A) is the efficacy of using drug A (e.g., IC50)



Mohammed et al. Formulation of Ethyl Cellulose Microparticles Incorporated Pheophytin A Isolated from Suaeda vermiculata for Antioxidant and Cytotoxic Activities

Dose-response curve

IC(50): concentration of 50% viability



Meyer et al. Quantifying Drug Combination Synergy along Potency and Efficacy Axes

Drug combination dose-response curve



Preuer et al. DeepSynergy: predicting anti-cancer drug synergy with Deep Learning.

DeepSynergy: deep learning-based drug synergistic 
prediction



Jin et al. Deep learning identifies synergistic drug combinations for treating COVID-19.

Drug combinations for treating COVID-19



Two key problems

Martinez-Garcia et al. Data Integration Challenges for Machine Learning in Precision Medicine

• How to cluster patients

• We don’t have so many “drugs”



How to cluster patients

• Patient clustering = data integration
- Find a “signature” vector for each patient
- Signature is integrated from different data sources

• Heterogeneous data integration
- General challenges: Heterogenous, missing values, noise, privacy

• Precision medicine specific data integration challenges:
- Batch effects (different preprocessing pipelines, sequencing 

techniques, reference ranges)
- Unpaired data (some patients only have genomics data, some 

patients only have EHR data, very few patients have both)
Grapov et al. Rise of Deep Learning for Genomic, Proteomic, and Metabolomic Data Integration in Precision Medicine



Public biomedical databases

Subramanian et al. Multi-omics Data Integration, Interpretation, and Its Application



Personalized drug response prediction: multi-label 
regression problem
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Features Labels

CCLE data: ~1000 cell lines, 20k genes, 400 drugs
Three settings
• Test patients: no drugs are observed for this patient
• Test drugs: no patients are observed for this drug
• Test <patient, drug> pairs



Cell line, xenograft, tumor, patient

• Cell line is a “copy” of a patient. We cannot test one patient with many 
drugs. But we can copy a cell line many times.

• Cell line is cheaper than xenograft. Xenograft is cheaper than patient data
• Xenograft data: Gao et al. High-throughput screening using patient-derived 

tumor xenografts to predict clinical trial drug response
• TCGA has some patient data
• ML question: how to integrate cell line data, xenograft data and patient data



Batch effects: inconsistency or consistency?



Low correlation between drug response data

Integrating two datasets



High correlation between gene expression 
(features)



General framework: jointly decompose 
multiple data matrices

Argelaguet et al. Multi-Omics Factor Analysis—a framework for unsupervised integration of multi-omics data sets

cluster this matrix

• Key ideas
- One matrix capture batch effects
- One matrix capture common patterns

• Detail implementations
• What distribution?

• Mutation (Bernoulli)
• Expression count (Poisson)

• How to decompose?
• NMF, SVD, NN, MF



Mashup: integrating multiple networks

Cho et al. Compact Integration of Multi-Network Topology for Functional Analysis of Genes



Mashup improves protein function prediction

Protein function prediction is a good benchmark for machine learning algorithms because of it is high-quality and has 
many annotations. It can be used to evaluate:
• Network-based approach
• Sequence-based approach
• Few-shot/zero-shot learning



Mashup enables genetic interaction prediction

Synthetic Lethality



How to leverage SL to develop (personalized) drug 
(combination) therapy?

Source: Google image

Integrate three sources:
• Mutation data of the patient (mutation A)
• SL network (Gene B has SL effect with Gene A)
• Drug target information (Drug X inhibits Gene B)



How to handle unpaired data
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Patients with 
only genomics data

Patients with 
only EHR data Patients with both 

ML question: How to integrate all these patients?



Translation between features:
RNA to ATAC translation

Wu et al. BABEL enables cross-modality translation between multiomic profiles at single-cell resolution


