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Everyone’s familiar with the premise to computational docking 

• Very fast
• Less than a second for multiple 

conformers and multiple 
alignments 

• Scoring function 
(embarrassingly parallel)

• Uniform scoring for various ligands

• The actual score is questionably 
related to free energy  

• Not very accurate if your metric is 
how accurate the pose is

Good Not so good



Need for high throughput virtual methods

“Machine-learning models that we train on a smaller randomized 
reaction dataset outperform models trained on larger human-
selected reaction datasets, demonstrating the importance of 
identifying and addressing anthropogenic biases in scientific data.” 

• Assays on PubChem:
• 2.1M

• Can buy today:
• <10 Billion

• Enumerated
• <100 Billion

• 1060 estimated drug like compounds.

Of 81 new chemotypes discovered, 30 showed 
submicromolar activity, including a 180-pM subtype-
selective agonist of the D4 dopamine receptor. 



DRUG DISCOVERY HIGH THROUGHPUT
SCREENING

Generating 
Drug Leads

• Generative Neural 
Networks

• Language modeling
• Graphical models

• Simulation surrogate 
models

• Uncertainty calibrated 
• Ranking Neural networks

Database 
of Leads



From panels to virtual screening

Imagine a simple panel for a phenotype:



CANCER CELL LINE SCREENS
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• In-vitro panels are samples 
from 

• We aim to model this 
function continuously 



DEEP LEARNING & PRECISION MEDICINE

§ Remember GWAS studies? We’re approx. Chemical Space Wide-GWAS

Understanding molecular structure and genetics 
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(why?)
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Hypothesis Generation:



QUESTIONS?
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FROM PANEL TO VIRTUAL SCREEN

Data is available at DOE-NCI-GITHUB



11

Target data:
• Growth response
• Binding Affinity
• Cell death
• Etc.

Machine learning algorithm:
• May have parameters ”theta”

Tumor data:
• Cell Name
• Type
• RNA-seq
• SNPs

Drug Data:
• Drug name
• Molecular 

properties
• Fingerprints
• Formula
• SMILES



TARGET
DATA
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CCLE NCI60 CTRP GDSC gCSI

Samples 11.670 3,780,148 395,263 225,480 6,455

Cells 504 59 887 1,075 409

Drugs 24 52,671 554 249 16

% 0.3% 82.7% 8.8% 5% 0.1%



FEATURE 
DATA
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Example RNA-seq Feature Frame

Example Molecular Descriptor Frame

1. Depending on ML method, feature 
data should be scaled

i. Deep learning should be scaled 
to [0,1]

2. Missing feature SAMPLES are ok, 
but feature columns should be 
imputed or removed



1. Your data is dose independent
a. (if it’s not, just add a dose column)

2. You have precomputed ”features” or labels for columns
3. You have two populations of non-comparable things you want to mix

a. Cells and drugs
b. Drugs and proteins 
c. Proteins and cells (?)

Let’s make a few assumptions about these panels:
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QUESTIONS?
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ML FIRST APPROX
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>4,000,000 by 3, where 
our target, y, is AUC

This is the simplest approach to featurizing, we will assign a 
ordinal number to each feature to represent it for the algorithm
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“y”
Target variable

“X”,
Training features



Visual inspection
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• Extreme data imbalance, 
• If we bin at 0.5,only 2% of data is 

in the positive class
• Will this matter?



Regression
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Linear Regression

Random Forest Regressor

cv = sklearn.model_selection.KFold(5, random_state=42)
lin_avg_r2 = Avg()
for i, (train, test) in enumerate(cv.split(X,y)):

X_train, X_test, y_train, y_test = X[train], X[test], y[train], y[test]
lr = sklearn.linear_model.LinearRegression()
lr.fit(X_train, y_train)
test_r2 = lr.score(X_test, y_test)
print("Cross fold ", i, ":", test_r2)
lin_avg_r2(test_r2)

cv = sklearn.model_selection.KFold(5, random_state=42)
lin_avg_r2 = Avg()
for i, (train, test) in enumerate(cv.split(X,y)):

X_train, X_test, y_train, y_test = X[train], X[test], y[train], y[test]
lr = sklearn.ensemble.RandomForestRegressor()
lr.fit(X_train, y_train)
test_r2 = lr.score(X_test, y_test)
print("Cross fold ", i, ":", test_r2)
lin_avg_r2(test_r2)



Classification
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Linear Classification

Random Forest Classifier

cv = sklearn.model_selection.StratifiedKFold(5, random_state=42)
lin_avg_r2 = Avg()
for i, (train, test) in enumerate(cv.split(X,y)):

X_train, X_test, y_train, y_test = X[train], X[test], y[train], y[test]
lr = sklearn.linear_model.LogisticRegression()
lr.fit(X_train, y_train)
test_r2 = lr.score(X_test, y_test)
print("Cross fold ", i, ":", test_r2)
lin_avg_r2(test_r2)

cv = sklearn.model_selection.StratifiedKFold(5, random_state=42)
lin_avg_r2 = Avg()
for i, (train, test) in enumerate(cv.split(X,y)):

X_train, X_test, y_train, y_test = X[train], X[test], y[train], y[test]
lr = sklearn.ensemble.RandomForestClassifier()
lr.fit(X_train, y_train)
test_r2 = lr.score(X_test, y_test)
print("Cross fold ", i, ":", test_r2)
lin_avg_r2(test_r2)
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VALIDATION
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Understand your use case.
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QUESTIONS?
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FEATURIZING A SINGLE 
INDEPENDENT VARIABLE
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§ Single Task Model—the model takes features to perform a single task.
– Given a drug, what cells would respond against them? (Precision Medicine, 

we featurize cells)
– Given a cell, which drugs would cause a response? (Drug discovery, we 

featurize drugs)

§ Multi Task Model—The model takes features and attempts to predict for 
multiple tasks, utilizing some synergy between them
– Given a handful of drugs, what cells would respond against them?

Without any continuous variable, the models will not be very good.
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§ Precision Medicine:
– We will featurize tumors using a subset of RNA-seq from LINCS1000. It is 

already scaled. 

Data preparation
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Predict a cell line’s response to 
PACLITAXEL

Single Task
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Predict a cell line’s response to 
PACLITAXEL
ERLOTINIB
NILOTINIB
LAPATINIB

Multi-Task
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Wait what?
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Well did we improve on our PACLITAXEL predictions? 

No, we’re just good at the others. 



LEARNING CURVES

33



§ Sometimes, using a multi-task model can actually improve the model 
performance for the single tasks job.  It is important to evaluate your model 
across all viable options to see where you are performing best. 

§ Also the models presented here are not multi-task in the usual sense. I will get to 
this, but I’ll go out on a limb and argue its useful to think of it this way. 

What to use? Multi-task or single task?
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QUESTIONS?
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DEEP LEARNING
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These are all the same:
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from keras.models import Model
from keras.layers import Input, Dense

input_layer = Input((3,))
hidden_layer = Dense(4, activation='relu')(input_layer)
output_layer = Dense(2, activation='softmax')(hidden_layer)
model = Model(inputs=input_layer, outputs=output_layer)

model.compile(optimizer='sgd',
loss='categorical_crossentropy',
metrics=['accuracy'])

model.fit(data, labels)

Neural networks are just giant functions!



§ When your learning curves are saturated
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When to use?



1. Choice of architecture  (stick with simple, and generally is dictated by features)
2. Choice of loss function
3. Choice of optimizer and learning rate strategy 
4. Choice of validation metrics, and when to stop training 

Practically speaking (use Keras)

39



There’s a whole lot here.

Rule of thumb:
§ Start small,
§ Decreasing layer width 
§ Total params < samples
§ Start with 3-5 layers

Architectures
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§ Few simple facts to get you started:
§ When you are doing regression:

– Your last layer must have size of 
regression target, probably 
shouldn’t use activation function 

§ Positive/Negative Class
– Binary Cross-entropy
– Do not one hot encode
– Final layer should have sigmoid 

activation
§ Multiple Classes

– Cross entropy loss
– Must one hot encode
– Final layer must have softmax

activation 

Loss functions
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Optimization
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When to stop training
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Other things besides just predictions….
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FULLY CONTINUOUS MODELS
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Target data:
• Growth response
• Binding Affinity
• Cell death
• Etc.

Machine learning algorithm:
• May have parameters ”theta”

Tumor data:
• Cell Name
• Type
• RNA-seq
• SNPs

Drug Data:
• Drug name
• Molecular 

properties
• Fingerprints
• Formula
• SMILES



Just featurize both things and continue! Seriously
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VALIDATION

§ By cell
– Uniqueness
– Type
– Source

§ By drug
– Uniqueness
– Scaffold
– Time (train on drugs developed before 1970, for example)

§ By study
– If we added a new batch of compounds from another hospital, could we 

predict on them?

Judge the model by what you want, not by metrics
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BREAK
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MOLECULAR VIRTUAL 
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MOLECULES
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MOLECULAR MODALITIES

§ 2D Graphs
§ 3D Coordinates 
§ 2D Images
§ 3D Images (voxels)
§ SMILES 

– Canonical
– Kekule

§ SELFIES (L2 Chomsky)
§ Surface
§ Conformer Sets

What is a “molecule” in the sense we’re after?
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SMILES 
Database

Software
-Rdkit

§ CFG models
§ Docked models
§ Chemical descriptors
§ Fingerprints
§ 3D waveform
§ 3D density
§ MACCS
§ …many more in literaturehow do we chose?



SMILES

§ DFS on graph
– The chemical graph is first trimmed to remove hydrogen atoms and cycles 

are broken to turn it into a spanning tree. 
– Where cycles have been broken, numeric suffix labels are included to 

indicate the connected nodes. Parentheses are used to indicate points of 
branching on the tree.

Simplified Molecular Input Line Entry System
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https://en.wikipedia.org/wiki/Spanning_tree_(mathematics)


FINGERPRINTS

§ Explain searching and tanimoto similarity
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DESCRIPTORS
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USING IMAGES
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DEEP LEARNING WITH MOLECULES



PROPERTY PREDICTIONS
Images, 3D surfaces
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Gómez-Bombarelli, Rafael, et al. "Automatic chemical design using a data-
driven continuous representation of molecules." ACS central science 4.2 
(2018): 268-276.

Feinberg, Evan N., et al. "Potentialnet for 
molecular property prediction." ACS central 
science 4.11 (2018): 1520-1530.

Skalic, Miha, et al. "Shape-Based Generative 
Modeling for de Novo Drug Design." Journal 
of chemical information and modeling 59.3 
(2019): 1205-1214.



RNN SMILES Modeling
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Gupta, Anvita, et al. "Generative recurrent networks for de novo drug 
design." Molecular informatics 37.1-2 (2018): 1700111.



KINASE INHIBITOR DESIGN USING DEEP LEARNING AND MODELING
Generate Molecules Via Deep 
Learning
§ Generative deep learning models can 

produce novel compounds mimicking 
distributions of molecules in training data. 

§ 1,900 unique and valid SMILES can be 
generated per second per GPU

Fast 3D-overlay Query
§ Find novel 2D scaffolds that have 

conformers similar to known kinase 
inhibitors:

Deep Learning Generated:

Closest 2D Similarity to any Ligand in PDB ->

3D overlay to Known Kinase Inhibitor

Austin Clyde (UChicago), John Karanicholas (Fox Chase Cancer Center)



Suppose we trained the continuous model
How can we create a virtual screen?

62



3.3 Billion 
Molecules

Training set
SMILES, SELFIES

2-D Images,  
2-SDF, 3-SDF, etc.

Tumor
Features

RNAseq, SNPs
Drug Response

Predictive Models

Inference Mode w/UQStreaming 
Joiners

N-copies M-copies

Q-copies

R-copies

Descriptors
Database

Tumor
Drug

Response
Database

Prioritized
Laboratory Experiments

Predicted
Responses

for each
Molecular
Candidate

Molecular
Features

Estimators
Descriptors, FPs

Molecular Candidate
Generators

I-VAE, JT-VAE, RL-VAE,
GVAE, GANs, etc.

> 20,000 candidates/s < 1000 candidates/s 10s per drug

Modified for simplicity*





DIFFERENT EXAMPLE
SAME IDEAS
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EXAMPLE: ML FOR DOCKING SCORING
Interested in the left tail
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2% 98%
What is r2 score if we just 
guess everything in that right 
tail is clipped at the normal 
distribution? 0.75

Your balanced accuracy? 50%



It’s not obvious that’s what we want either…
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§ R2 score isn’t good
§ MAE isn’t good
§ But we can with >90% certainty 

tell a drug company they can 
reduce their search space by at 
least one order of magnitude.

Is this a good model?

69



THANKS
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