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AUTOMATED AND IMPROVED DRUG DISCOVERY 
ACROSS MULTIPLE PHARMA COMPANIES



DRUG DEVELOPMENT CYCLE
IMPROVE FIRST STEP: DRUG COMPOUND DISCOVERY



DRUG DISCOVERY: PREDICT COMPOUND THAT INTERACTS WITH CELL TARGET
MACHINE LEARNING PREDICTS TEST RESULT OF NON-TESTED COMPOUND-TARGET COMBINATIONS
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Result of (expensive) tests:



MACHINE LEARNING: PROBABILISTIC PREDICTION OF NON-TESTED COMPOUND-TARGET COMBINATIONS

USES TEST RESULTS OF SIMILAR COMPOUNDS (U*V) AND KNOWN COMPOUND PROPERTIES (C*!)
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PREDICTION ACCURACY IMPROVED WHEN LEARNING ACROSS MULTIPLE PARTNER TEST DATA

SHARING COMPOUND-TARGET DATABASE BETWEEN COMPANIES NOT POSSIBLE…
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PRIVACY PRESERVING METHOD DEVELOPED FOR MULTI-PARTY PREDICTION
NO SENSITIVE DATA SHARING
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PATIENT TRAJECTORIES FOR PRECISION MEDICINE



WHY PRECISION MEDICINE?

• Outcome-based pricing
• Kymriah: If patient shows no response after 

the end of the first month, Novartis will not 
be reimbursed

• Likely to be essential for expensive drugs
• Precision medicine

• How to achieve high response rates?
• Real-world endpoint = long-term outcome

• Cannot wait that long for payment
• Surrogate endpoint = short-term data 

prediction of real-word endpoint
• How to assess reliability of surrogates?

• Clinical trial data only partly reflects real-
world outcomes

• è Modeling real-world patient follow-up
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NO CURE, NO PAY?



SOLUTION: PRIVACY-PRESERVING MODELING OF PATIENT TRAJECTORIES

• Value for Pharma
• Improved patient recruitment for clinical 

trials: know complete history of patient
• Improved prediction of effect of drug on 

specific patient (Pay-for-cure)
• Value for Patient

• Improved treatment: higher chance right 
drug for specific patient selected

• Value for hospital
• Improved therapeutic decisions

• Value for government
• Reduced health care cost: less ineffective 

treatments
• Deeper insight in population health
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PATIENT DATA STAYS AT HOSPITAL, DERIVED DATA SHARED TO IMPROVE PREDICTION



CELL SORTING AND CYTOMETRY



DETECTING CIRCULATING TUMOR CELLS (CTCS) 
TO PREVENT METASTASIS

Mocellin, et al., Trends in Molecular Medicine 12, March 2006

90%
of cancer 
deaths

CTCs are morphologically distinguishable
E.H. Cho et al, Phys. Biol. 9 (2012) 016001
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VERY-HIGH-THROUGHPUT IMAGING FLOW CYTOMETER

Fast microfluidic bubble-jet 
cell routing

• Records images of cells in flow using lens-free imaging

• Fast sorting state based on bubble-jet technology

• Disposable fluidics

• Custom imaging chip with array of parallel imagers

• Scalable to 20,000,000 cells/s

• >1000-fold improvement over current systems
On-chip high-resolution imaging for 
cell classification

In-flow cell tomography

MCF-7 
cell

granulocyte



Hologram

Reconstruction

MINIATURIZED LENSFREE IMAGE FLOW CYTOMETRY
REAL-TIME CAPTURING AND RECONSTRUCTING HOLOGRAPHIC VIDEOS OF CELLS



AUTOMATIC CLASSIFICATION OF 3 TYPES OF WHITE BLOOD CELLS
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BASED ON COMBINED CLASSICAL FEATURE EXTRACTION AND DEEP NEURAL NETWORKS

Lymphocytes

Monocytes

Granulocytes

Classification results comparable with Sysmex on same blood sample;  published in Lab on chip 



ONGOING WORK

Combine with fluorescence
Feature extraction and classification
Increasing sample complexity
Machine learning on holograms (real time) 
Distributed machine learning
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Natural killer
cell

Granulocyte

Basophils

T-lymphocyte

B-lymphocyte

Monocytes

Eosinophil

3-part WBC 
classification

5-part WBC 
classification

7-part WBC 
classification

Tumor cell 
lines Patient data



PREDICTING PRELIMINARY BIRTH RISK



PREDICTING PRELIMINARY BIRTH RISK
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25-4-1993: my daughter @ day of birth
30 weeks, 1.6kg

13-9-2018: my grandson @ day of birth
40 weeks, 4.0kg

Preterm = <37 weeks of gestational age
Leading cause of death among children <5yr

Improve prediction of preterm birth through analysis of structured and unstructured data



PREDICTING PRELIMINARY BIRTH RISK
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APPROACH
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Anonymization

Structured model

Facts extraction

Unstructured  model

Structured + unstructured
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Anonymization

Structured model

Facts extraction

Unstructured  model

Structured + unstructured



PREDICTING PRELIMINARY 
BIRTH RISK
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Visualize predictive value of some structured features 
w.r.t. immanent premature birth
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Anonymization

Structured model

Facts extraction

Unstructured  model

Structured + unstructured



PREDICTING PRELIMINARY BIRTH RISK

Examples of unstructured MD notes on cervical length:
“measured cx length: funnel, still 9mm functional cx length. With valsalva 7mm.”
“No bv or vv cx length 33mm”
“Stabil cervix length (measurement yesterday 32mm)”

31

CONVERTING UNSTRUCTURED NOTES INTO STRUCTURED INFORMATION
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Anonymization

Structured model

Facts extraction

Unstructured  model

Structured + unstructured



INFLUENTIAL WORDS IN THE NOTES



PREDICTING PRELIMINARY 
BIRTH RISK
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Visualize predictive value of some UNstructured words 
w.r.t. immanent premature birth
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Medical notes

Clinical 
observations

E.g. admission notes

E.g. BMI of 24.59, ruptured membranes (keyword), 
TWIN DCA (keyword)

Input Models Output

Classical predictors

Neural predictors

Extracted facts

Probabilities of 
giving birth >= 
48h and <= 7d

E.g. Key-value pairs, identified entities

More important: support expert for better informed decisions, not replacing expert

Probabilities of 
giving birth <= 

24h
Probabilities of 
giving birth <= 

48h
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Model

EXPLAINABLE PREDICTIONS

?

Medical notes

Sensor data 

Clinical 
observations

E.g. admission notes

E.g. BMI of 24.59, ruptured membranes (keyword), 
TWIN DCA (keyword)

EHG (Bloom)
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EXPLAINABLE PREDICTIONS

Explanation 
Interface

Model
Medical notes

Sensor data 

Clinical 
observations

E.g. admission notes

E.g. BMI of 24.59, ruptured membranes (keyword), 
TWIN DCA (keyword)

EHG (Bloom)



Explaining why the predictor comes to a certain conclusion
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