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Everyone’s familiar with the premise to computational docking

Not so good

* Very fast
. yLeSS than a second for multiple « The actual score is questionably
conformers and multiple related to free energy o
alignments * Not very accurate if your metric is
+  Scoring function how accurate the pose is

(embarrassingly parallel)

» Uniform scoring for various ligands

U.S. DEPARTMENT OF _ Argonne National Laboratory is a

k7)) U.S. Department of Energy laboratory A

LZJENERGY 1502ttt S rgonne
NATIONAL LABORATORY




Need for high throughput virtual methods » Prn

» Assays on PubChem:
« 2.1M
« Can buy today:
« <10 Billion
* Enumerated
« <100 Billion
« 1080 estimated drug like compounds.

LETTER

https://doi.org/10.1038/541586-019-1540-5

Anthropogenic biases in chemical reaction data
hinder exploratory inorganic synthesis

Xiwen Jia!, Allyson Lynch', Yuheng Huang', Matthew Danielson!, Immaculate Lang’at!, Alexander Milder!, Aaron E. Ruby',
Hao Wang!, Sorelle A. Friedler?*, Alexander J. Norquist'* & Joshua Schrier?*

“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.”
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https://doi.org/10.1038/541586-019-0917-9

Ultra-large library docking for
discovering new chemotypes

Jiankun Lyu!2!%, Sheng Wang®*1°, Trent E. Balius"'°, Isha Singh"'°, Anat Levit!, Yurii S. Moroz>®, Matthew J. O’Meara!, Tao Che*,
Enkhjargal Algaa!, Kateryna Tolmachova’, Andrey A. Tolmachev’, Brian K. Shoichet'*, Bryan L. Roth*®% & John J. Irwin!*

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

DRUG DISCOVERY SCREENING

Generating
. . / Drug Leads \ . .
mmmm mmm

Database
» Generative Neural of Leads « Simulation surrogate
Networks models
« Language modeling * Uncertainty calibrated
» Graphical models * Ranking Neural networks
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From panels to virtual screening

Imagine a simple panel for a phenotype:
phenotype, = Expert Analysis of x phenotype, = Ax + b

Argonne &




CANCER CELL LINE SCREENS

In-vitro panels are samples
from R = ftrue(Ta D)

We aim to model this
function continuously

R = fo(T,D)

DOrug Concentrabion in Log scale

)

IC50
GI50

Drug (s)

structures
SMILES
dose

descriptors .
fingerprints| |

[gene expression levels) g

SNPs

ﬂ;tgg,jzundance

Z-score

methylation

Response 1 mor

Argonne &



DEEP LEARNING & PRECISION MEDICINE

Understanding molecular structure and genetics
= Remember GWAS studies? We’re approx. Chemical Space Wide-GWAS

Machine Learning + UQ Personalized Cancer Therapy /i<6¢

At Ak o
.
pits

' \ \ .-..-"’;
Molecular Profiling Prognostic Markers « =
Seane Markers predictive of drug ¢ 7,
= ¥ sensitivity/resistance
108 .

Markers predictive of
adverse events

:«a, U.S. DEPARTMENT OF _ Argonne National Laboratory is a

k7)) U.S. Department of Energy laboratory 7 A

LZ/ENERGY 105t sttas St rgonne
NATIONAL LABORATORY



r—# 1. Generator F— 1a. Bias

(why?) — 3 WD+ Free
3 MD + Free

5. Activ
Learnln; 2 Bocking _ cj::mon

Hypothesis Generation: I :[
Input Target
for molecule in EnamineReal: 4 Model }*—————}

for cell in NCIGOQ.cells():
if cell.type() == 'melanoma'’
prediction = f(cell, molecule)
if prediction < THRESH:
lab.run(molecule, cell)

8 Argonne &



QUESTIONS?

.S. DEPARTMENT OF _ Argonne National Laboratory is a ' I I I
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FROM PANEL TO VIRTUAL SCREEN

Data is available at DOE-NCI-GITHUB

Argonne &
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Target data: Machine learning algorithm:

* Growth response  May have parameters "theta”
« Binding Affinity

e Cell death
 Etc.

Drug Data:
« Drug name

Tumor data: * Molecular
 Cell Name properties
.« Type * Fingerprints
+ RNA-seq * Formula
« SNPs « SMILES

(@ ENERGY (I5aimssnine 11
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TARGET

DATA

Lo
R = fo(T, D)

CCLE NCI60 |CTRP |GDSC |gCSI
W 11.670 3,780,148 395263 225480 6.455
504 59 887 1075 409

52,671 554 249 16

- 03% 82.7% 8.8% 5% 0.1%

SOURCE CELL DRUG STUDY AUC IC50 ECS50 EC50se  R2fit Einf HS AAC1 AUC1 DSSs1

2724943 NCI60 NCI60.NCI-H522 NSC.632899 9011NS77 0.9423 NaN 4.704 0.6647 0.9944 0.5198 1.6880 0.0865 0.9135 0.0590
112232 CTRP CTRP.HCC-1833 CTRP.321 323204 0.9972 3.545 3.545 0.0802 0.9783 0.0000 2.2700 0.0688 0.9312 0.0545
3031980 NCI60 NCI60.0VCAR-8 NSC.722829 0202NS56 0.9726 4.136 4.136 9460.0000 1.0000 0.0000 4.0000 0.0410 0.9590 0.0319
827560 NCI60 NCI60.A549 NSC.773177 1307NS27 0.9034 NaN 5.238 0.1082 0.9950 0.5318 2.0960 0.1450 0.8550 0.1127
3969399 NCI60  NCI60.SW-620 NSC.617287 9309SR64 0.9578 NaN 7.519 0.3027 0.8897 0.9280 0.9032 0.0607 0.9393 0.0000
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FEATURE Example RNA-seq Feature Frame

Sample AARS ABCB6 ABCC5 ABCF1 ABCF3 ABHD4 ABHD6 ABL1 ACAA1

DA I A 0 CCLE.22RV1 8.31 747 4.12 5.64 6.04 3.94 2.08 524 5.23
1 CCLE2313287 8.94 6.30 3.83 6.60 5.99 6.34 3.72 4.67 5.78

1. Depending on ML method, feature

2 CCLE.253J 7.58 6.53 3.59 5.94 5.77 5.93 235 4.84 4.50
3 CCLE.253JBV 7.79 6.01 4.05 6.44 5.97 5.58 2.89 5.09 4.39
4

CCLE.42MGBA  7.84 6.72 3.09 6.92 5.43 5.38 3.99 5.85 5.17

data should be scaled 5 rows x 943 columns
I. Deep learning should be scaled
to [0,1] Example Molecular Descriptor Frame
2. Missing feature S AMPLES are Ok, NAME ABC ABCGG nAcid nBase SpAbs_ A SpMax A SpDiam_A SpAD_A SpMAD_ A ..
but feature columns should be 0 CCLE.18 489918 38.3185 0 0 784273 272997 545994 78.4273  1.26496 ..
imputed or removed 1 CCLE.14 24.9674 18.9098 1 402912 260670 514670 40.2912  1.29971

CCLE.13 34.5673 23.3780 1 57.5460 2.61744 5.156821 57.5460 1.33828 ...

0 37.7352  2.44674 4.89349 37.7352 1.30121

o o o o

2
3 CCLE.24 21.7990 16.5705
4

CCLE.5 31.6465 21.3953 1 51.1869  2.44602 4.87551 51.1869 1.27967 ...

& U.s. DEPARTMENT OF _ Argonne National Laboratory is a
US. Department of Eneroy Iaboratory 1 3
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Let’s make a few assumptions about these panels:
1. Your data is dose independent

a. (ifit'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 (?)

§*77%, u.S. DEPARTMENT OF _ Argonne National Laboratory is a
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QUESTIONS?

®) U.S- DEPARTMENT OF _ Argonne National Laboratory is a
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ML FIRST APPROX
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R T D

>4,000,000 by 3, where Ngx | Fy |
our target, y, is AUC

CELL DRUG AUC CELL FEATURE DRUG FEATURE

0 CCLE.1321N1 CCLE.1 0.8330 0 CCLE.MFE280 CCLE.MFE280 0 NSC.641536 NSC.641536

1 CCLE.1321N1 CCLE.10 0.7909 1 CTRPKASUMI-1 CTRPKASUMI-1 1 NSC.689732 NSC.689732
2 CCLE.1321N1 CCLE.11 0.5255 2 gCSI.SU-86-86 gCSI.SU-86-86 2 NSC.153365 NSC.153365
3 CCLE.1321N1 CCLE.12 0.8532 3 CTRP.BT139 CTRP.BT139 3 NSC.626117 NSC.626117
4 CCLE.1321N1 CCLE.14 0.5688 4  CTRPHEC-251 CTRPHEC-251 4 NSC.711897 NSC.711897

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

%, U.S. DEPARTMENT OF  Argonne National Laboratory is a
U.S. Department of Energy laboratory 1 7 A
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R T D

AUC FEATURE_x FEATURE. y

“y” 0 0.8330 | CCLE.1321Nf1 CCLE.1 “X”

Target variable 1 07153 | CCLE.22RVA CCLE.1 Training features
2 0.8126 | CCLE.42MGBA CCLE.1
3 0.7833 CCLE.5637 CCLE.1
4 0.7675 CCLE.639V CCLE.1

tmp = JOIN(R, T', on='CELL")

JOIN(tmp, D, on="CELL)

§*77%, u.S. DEPARTMENT OF _ Argonne National Laboratory is a
¢} U.S. Department of Energy laboratory 1 8 A
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Visual inspection

Log Histogram of Target Distribution

10°

 Extreme data imbalance,
« If we bin at 0.5,only 2% of data is 10° -

in the positive class
o Will this matter? 10° 1

103 -

10° -

19 Argonne &




Regression

Linear Regression

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)

Random Forest Regressor
cv = sklearn.model_setlection.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)

ne National Laboratory is a
ent of Energy laboratory 20 A
Fags Asemmetid rgonne
NATIONAL LABORATORY




Classification

Linear Classification

cv = sklearn.model_selection. SERaEiTBEdREOLE(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 .H()

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)
Random Forest Classifier

cv = sklearn.model_selection. SERaEifedREOLd(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. RandomFor‘estH()
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)

ne National Laboratory is a
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import utils as my_utils
from tabulate import tabulate

classif_models = [sklearn.ensemble.RandomForestClassifier, sklearn.linear_model.LogisticRegression]
reg_models = [sklearn.ensemble.RandomForestRegressor, sklearn.linear_model.LinearRegression]

model_perf = {}
for use_binned, problem_type in [(True, classif_models), (False, reg_models)]:
y_ = (y <= CUTOFF).astype(np.int32) if use_binned else y
score_func = my_utils.get_bclassif_metrics if use_binned else my_utils.get_regression_metrics
model_scores = []
for model in problem_type:
cv = (sklearn.model_selection.StratifiedKFold if use_binned else sklearn.model_selection.KFold) (2)
avg_metrics = my_utils.DictAvg()
for train, test in cv.split(X,y_):
X_train, X_test, y_train, y_test = X[train], X[test]l, y_[train], y_[test]
m = model()
m.fit(X_train, y_train)
avg_metrics(score_func(y_test, m.predict(X_test)))
model_scores.append(avg_metrics)

model_perf['classif' if use_binned else 'reg'] = model_scores

for key in model_perf.keys():
print("Model Selection Results, %s:" % key)
tmp_scores = pd.DataFrame.from_dict([v.avg() for v in model_perf[keyll)
print(tabulate(tmp_scores, tablefmt='psql',headers=tmp_scores.columns))

Model Selection Results, classif:

balacc | mcc

| | acc | | precision | recall | tp | fp | tn | fn |
| + + + + + + + + + |
| © | 0.690295 | ©.539585 | 0.0657106 | ©.549778 | 0.360415 | 0.360415 | 0.281244 | 0.718756 | 0.718756 |
| 1 | 0.625038 | 0.554821 | 0.0677625 | ©.0506765 | ©0.471396 | 0.471396 | 0.361755 | 0.638245 | 0.638245 |
Model Selection Results, reg:

| | r2 | mae | mean_squared_error |

| t t + |

| © | -0.492116 | 0.136996 | 0.037855 |

| 1 | -0.096791 | 0.128003 | 0.0247447 |

%, U.S. DEPARTMENT OF  Argonne National Laboratory is a
U.S. Department of Energy laboratory 22 A
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VALIDATION

KFold
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Understand your use case.

Splitter Classes

model_selection.GroupKFold ([n_splits]) K-fold iterator variant with non-overlapping groups.
model_selection.GroupShuffleSplit ([...]) Shuffle-Group(s)-Out cross-validation iterator
model_selection.KFold ([n_splits, shuffle, ...]) K-Folds cross-validator
model_selection.LeaveOneGroupOut Leave One Group Out cross-validator
model_selection.LeavePGroupsOut (N_groups) Leave P Group(s) Out cross-validator
model_selection.LeaveOneOut Leave-One-Out cross-validator
model_selection.LeavePOut (p) Leave-P-Out cross-validator

mods RpselEatcns PredefinedsP_lisl?l:ea(rEﬁf:el_ggelgi?m.Predeﬁnedspplirtgdeﬁned Sp"t cross-validator
model_selection.RepeatedKFold ([N_SPINS, ...]) Hepeated K-Fold cross validator.
model_selection.RepeatedStratifiedKrFold ([...]) Repeated Stratified K-Fold cross validator.
model_selection.Shufflesplit ([n_splits, ...]) Random permutation cross-validator

model_selection.StratifiedKFold ([n_splits, ...]) Stratified K-Folds cross-validator
model_selection.Stratifiedshufflesplit ([...]) Stratified ShuffleSplit cross-validator
model_selection.TimeSeriesSplit ([n_splits,...]) Time Series cross-validator

.S. DEPARTMENT OF Argonne National Laboratory is a
U.S. Department of Energy laboratory 24 A
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QUESTIONS?
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FEATURIZING A SINGLE
INDEPENDENT VARIABLE

P

§° 1% U.S- DEPARTMENT OF _ Argonne National Laboratory is a
H?)ENERGY U'S: Department of Energy Iaboratory r I ” Ie
\q\?‘%@‘ managed by UChi icago Argonne, LLC.
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Without any continuous variable, the models will not be very good.
» 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)

Rpm = {fo.4(T) for d € D}
Rad = {fo.(D) for t € T}

= 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?

7/épm . ® f/;,d(T)

deD
Raa = X) fo..(D)

%, U.S. DEPARTMENT OF  Argonne National Laboratory is a
U.S. Department of Energy laboratory 27 A
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Data preparation
= Precision Medicine:
— We will featurize tumors using a subset of RNA-seq from LINCS1000. It is

already Scaled_ Sample AARS ABCB6 ABCC5 ABCF1 ABCF3 ABHD4 ABHD6 ABL1 ACAA1 ...

CCLE.22RV1 0.64360 1.6660 -0.003286 -1.61200 0.4407 -0.6035 -0.6885 -0.2593 0.1775 ...
CCLE.2313287 1.46500 1.0390 -0.309300 0.02362 0.3325 1.2310 0.9450 -0.9575 0.9307 ...

0
1
2 CCLE.253J -0.30830 1.2050 -0.562500 -1.10100 -0.1426 0.9180 -0.4194 -0.7495 -0.8223 ...
3 CCLE.253JBV -0.03450 0.8306 -0.077150 -0.24900 0.2896 0.6504 0.1183 -0.4430 -0.9730 ...
4

CCLE.42MGBA 0.03072 1.3420 -1.091000 0.56900 -0.8770 0.4976 1.2140 0.4880 0.0953 ...

AUC AARS ABCB6 ABCC5 ABCF1 ABCF3 ABHD4 ABHD6 ABL1 ACAA1 .. FEATURE

0 0.7153 0.64360 1.666 -0.003286 -1.6120 0.4407 -0.6035 -0.6885 -0.2593 0.1775 .. 11.0
1 0.8126 0.03072 1.342 -1.091000 0.5690 -0.8770 0.4976 1.2140 0.4880 0.0953 ... 6.0
2 0.7833 -2.20000 -1.106 -1.133000 -0.0275 -0.7905 -0.9320 -1.0770 0.9536 -0.1512 ... 23.0
3 0.7675 -0.86870 -0.732 0.155000 0.3984 0.6350 -0.7026 0.6360 -0.4062 0.7390 ... 11.0
4 0.7692 0.23930 -2.150 -0.056060 0.2622 -1.4170 -2.8360 -0.3398 0.5250 0.3008 ... 8.0

. print(X.shape, y.shape)
(W ENERGY U535 Erbney 29 (10971, 943) (10971,) Argonne &
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Trying regression model:
Avg regression metrics:

.

| key | value |

Single Task | r2 | -0.4771972705313562 |
. o, | mae | 0.1362578201051367 |

Predict a cell line’s response to | mean_squared_error | 0.03736409993161219 |
PACLITAXEL Trying classif model:

Avg classif Metrics

| key | value |

| acc | 0.8103503485411754 |

| balacc | 0.46994857187209726 |

| mcc | -0.031176640022032513 |

| precision | 0.23141515254034908 |

| recall | 0.06514942528735632 |

| tp | ©.06514942528735632 |

| fp | 0.12525228154316176 |

| tn | 0.8747477184568382 |

| fn |  0.8747477184568382 |




Trying regression model:
Avg regression metrics:

| key | value |

Multi-Task | r2 | 0.4269324057940695 |

. o | mae | 0.09525294917915436 |
Predict a cell line’s response to | mean_squared_error | 0.017419461817240262 |
PACLITAXEL Trying classif model:
ERLOTINIB Avg classif Metrics
NILOTINIB cey lae
LAPATINIB

| | |
| acc | 0.895751074566683 |
| balacc | ©.7594775728053225 |
|  mcc | ©.575126667999007 |
| precision | ©.7193455077826594 |
|  recall | ©.5728750923872875 |
| | 0.5728750923872875 |
| | 0.05391994677664254 |
| | 0.9460800532233575 |
| | I

0.9460800532233575

“. % U.S. DEPARTMENT OF _ Argonne National Laboratory is a
@ ENERGY U.S. Department of Energy laboratory
managed by UChicago Argonne, LLC.




Wait what?
Well did we improve on our PACLITAXEL predictions?

PACLITAXEL ERLOTINIB
500

N
v

No, we're just good at the others.

0.0  0.556701 o

1.0 0.981735 B o2 o o5 & O i o5 g5 07 os 09 10
2.0 1.000000 p— e

3.0 0.987288

Name: acc, dtype: float64 "
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LEARNING CURVES

0.4 4
021 i
=& Training score
—&— (Cross-validation score
0.0 *— T T T

0 1000 2000 3000 4000 5000
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What to use? Multi-task or single task?

» 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. | will get to
this, but I'll go out on a limb and argue its useful to think of it this way.

§*77%, u.S. DEPARTMENT OF _ Argonne National Laboratory is a
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QUESTIONS?
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DEEP LEARNING
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These are all the same:

Weights to learn:
W(O) E R4’3, b(O) 6 R4 from keras.models import Model Input

from keras.layers import Input, Dense

W(l) c R274, b(l) - R2 input_layer = Input((3,))

hidden_layer = Dense(4, activation='relu')(input_layer)

Hidden

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

(0) (0) 4 model .compile(optimizer="sgd",
H = ReLU(W ) ) eR loss="categorical_crossentropy',

metrics=["accuracy'])

O = softmax(W M H — b)) € R? | model. fit(data, labels)

Neural networks are just giant functions!
O = softmax [WU) [ReLU(W O — p®) € R*] — b<1>)}

,«a, U.S. DEPARTMENT OF _ Argonne National Laboratory is a
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High-Throughput Lab (HTL) High Performance Computing (HPC)

—

When to use?

= When your learning curves are saturated

The Capacity to Absorb Data

10 T o——a—_
° 10
S
Large NN
0.8 1
0.6 1 g 5 Mecsum NN
Small NN

0.4 1 “Traditional” ML alg
0.2 1 5 10 15

—e— Training score Hmoumtouss

—®~ Cross-validation score Sparsely-Gated Mixture-of-Experts Layer (Hinton, 2017)
0.0 6 1060 20'00 30'00 40'00 50'00 137 billion parameters, thousands of subnetworks

1000x improvements in model capacity
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Practically speaking (use Keras)
Choice of architecture (stick with simple, and generally is dictated by features)

Choice of loss function

@ N

Choice of optimizer and learning rate strategy

s

Choice of validation metrics, and when to stop training

Open Source Framework Comparison

) Architecture: A
Tutorial: CNN RNN N
Languages and training] modeling modeling easy"-‘t;:?:'and Speed Mu;f]ls;:i:u corﬁ:r:tlsble
material capability capability o Rl
Theano /IO ++ ++ ++ + ++ + +
T:r;:r- Python R ++ ++ gt
Lua, Python
Torch (new) + ++ ++ ket
Caffe CH+ L ) Lol + L] )
R, Python,
MXNet Julia, Scala ++ ++ + +t +t +
N Pyth + -+ + + ++ +
_*_} \, 7
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SRIVASTAVA, HINTON, KRIZHEVSKY, SUTSKEVER AND SALAKHUTDINOV

Architectures

Layer (type) Output Shape Param #
y convid_1 (ConviD) (None,
There’s a whole lot here. s

(None,

convid_2 (ConviD) (None,

activation_2 (Activation) (None,

max_pooling1d_2 (MaxPoolingl (None, 6045, 128)

Rule of thumb: P e —

dense.1 (emsey  (Nome, 200) 154752200 (a) Standard Neural Net (b) After applying dropout.
activation_3 (Activation) (None, 200) Figure 1: Dropout Neural Net Model. Left: A standard neural net with 2 hidden layers. Right:
u a r Sl I I a —_— An example of a thinned net produced by applying dropout to the network on the left.
) dropout_1 (Dropou (None, 200) Crossed units have been dropped.
dense_2 (Dense) (None, 20)
. .
| | D | dth tivation_4 (Activation)  (None, 20)
ecreasing layer wi - - — —
dropout_2 (Dropou (None, 20)
dense_3 (Dense) (None, 36) Identity / fl@) =z //(J_) —1
= Total params < samples ,
- _ —— ——— I f(r)*{" for <0 @ {0 for = #0
Total params: 154,923, inary step = - =4 . )
. Trainable params: 154,923,632 1 for z20 B ? for z=0
= Start with 3-5 | L T o 1
ar WI a erS S b @)= f(@) = fx)(1- f(x))
oft +e
- Taril / ) = tanh(z) = 2 1 '(z) = 1 \2
. f(z) = tanh(z) = -5 — f@)=1-f(z)
ArcTan / ) = tan™ (z f(z)= !
f(z)=tan () T |
Input Convolutional ~ Pooling Fully Connected Output [ sese: H reer {0 for z<0 ) {0 for z<0
Linear Unit r)= rIr)=
z for >0 1 for >0
Layer Layer Layer Layer Layer (o t e o
l ATaREteric
Rectified L _Jax for x<0 son_ | a for x<0
Linear Unit | flay= { z for x>0 f(z)= { 1 for >0
(PReLU) )
Exponential , z -
. | f@)= { ale* — l). gor L ;:]l flz)= { f(,r)+({ Eur z ;g
— ees — I (&L ) z for z2> for x>
i} / . , 1
SoftPlus f(z) = log.(1+ €%) fl(z)= Tre=

fﬁ; U.S. DEPARTMENT OF _ Argonne National Laboratory is a
7 U.S. Department of Energy laboratory 4 O A
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Loss functions
= 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

K N
activation Regression: ZZ yik — fr(xi))

= Multiple Classes k=1i=1

— Cross entropy loss

— Must one hot encode A

— Final layer must have softmax R(6) = — Z Z yik log fr(x;)
activation i=1 k=1

Classification: cross-entropy (deviance)

§*77%, u.S. DEPARTMENT OF _ Argonne National Laboratory is a
| @ ENERGY U.S. Department of Energy laboratory 4 1 Ar On ne
e managed by UChicago Argonne, LLC.
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Optimization

x,y)NPop —In P(I)(y|l’)

®* = argmin E(
P
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When to stop training

Model Accuracy

Model Loss
07— tain 1.0 — train
—— test —— test
0.6 Normal/Tumor (nt3.py)
0.8 e N
0.5 Cancer Type Classification
18 types each with ~300 RNAseq profiles
0.4
P g 0.6
L 3
0.3 E
0.4
0.2
0.1 0.2
0.0
0 10 20 30 40 50 T y T T T ™ ™ T T
epoch 0 50 100 150 er)ggh 250 300 350 400
https://github.com/ECP-CANDLE/Benchmarks/tree/frameworks/Pilot1/NT3 https://github.com/ECP-CANDLE/Benchmarks/tree/frameworks/Pilot1/TC1

P1B3 Convergence
([C(100)xC(50)]x1000x500x100x50) T e
3.0 1
~4000 sec per epoch on P100 2.51 Cancer Type Classification
o prepnesminenert 18 types each with ~300 RNAseq profiles
e 2.0
ozf PR g
: 15
ol 1.0
0.5
ol L
1 1 1 1 1 1 0.0 1
° ® © e " ” " 0 50 100 150 200 250 300 350 400
epoch

https://github.com/ECP-CANDLE/Benchmarks/tree/frameworks/Pilot1/P1B3
https://github.com/ECP-CANDLE/Benchmarks/tree/frameworks/Pilot1/TC1
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Other things besides just predictions.... 4

MNIST Latent Space

round 65536: train in latent space

encode >

decode >

©WONOUAEWNERO

AN
Y
i
N

-4 -2

i
i
GOMIR
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FULLY CONTINUOUS MODELS

ST
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Target data: Machine learning algorithm:

* Growth response  May have parameters "theta”
« Binding Affinity

e Cell death
 Etc.

Drug Data:
« Drug name

Tumor data: * Molecular
 Cell Name properties
.« Type * Fingerprints
+ RNA-seq * Formula
« SNPs « SMILES

(@ ENERGY (I5aimssnine 46
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Just featurize both things and continue! Seriously

AUC AARS ABCB6 ABCC5 ABCF1 ABCF3 ABHD4 ABHD6 ABL1 ACAA1 .. FEATURE
0 0.7153 0.64360 1.666 -0.003286 -1.6120 0.4407 -0.6035 -0.6885 -0.2593 0.1775 .. 11.0
1 0.8126 0.03072 1.342 -1.091000 0.5690 -0.8770 0.4976 1.2140 0.4880 0.0953 ... 6.0
2 0.7833 -2.20000 -1.106 -1.133000 -0.0275 -0.7905 -0.9320 -1.0770 0.9536 -0.1512 ... 23.0
3 0.7675 -0.86870 -0.732 0.155000 0.3984 0.6350 -0.7026 0.6360 -0.4062 0.7390 ... 11.0
4 0.7692 0.23930 -2.150 -0.056060 0.2622 -1.4170 -2.8360 -0.3398 0.5250 0.3008 ... 8.0

DRUG ABC ABCGG nAcid nBase SpAbs_ A SpMax A SpDiam_A SpAD_A SpMAD_A

0 CCLE.18 48.9918 38.3185 0 784273  2.72997 5.45004 78.4273 1.26496

1 CCLE.14 24.9674 18.9098 1 402912 2.60670 5.14670 40.2912 1.29971
CCLE.13 34.5673 23.3780 57.5460 2.61744 5.16821 57.5460 1.33828

0 37.7352  2.44674 4.89349 37.7352 1.30121

o O o o o
—

2
3 CCLE.24 21.7990 16.5705
4

CCLE.5 31.6465 21.3953 1 51.1869  2.44602 4.87551 51.1869 1.27967

& U.S. DEPARTMENT OF _ Argonne National Laboratory is a
7 U.S. Department of Energy laboratory 4 7 A
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VALIDATION

Judge the model by what you want, not by metrics

= 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?

§*77%, u.S. DEPARTMENT OF _ Argonne National Laboratory is a
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BREAK
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MOLECULES

Experiments Cell line features ‘
Neural network Prediction
\ / Microsatellites \
Sequence variation i \
.l c ber | featy [ \
0py num va vV | feat, ! E (% IC |
| 5  'Us0
e o feats B t----Q \
och | ./ Physicochemical: lipophilicity . | ’ /8 { Ry .y
= [ weight, rule of five, etc. \ feat, ‘ ’
‘ . AWA drug conc.
(OC. Fingerprints: CODK, PubChem, ‘
PaDEL’ ' Klekota-Roth, Esu”. elc.
SMILES Descriptor Drug features

ional Laboratory is a
nergy laboratory 51
i rgonne, LLC.
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MOLECULAR MODALITIES

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

= 2D Graphs el = CFG models
: SMILES
= 3D Coordinates D — = Docked models
= 2D Images = Chemical descriptors
= 3D Images (voxels)

= SMILES Software
— Canonical _Rdkit 3D waveform
— Kekule = 3D density

» SELFIES (L2 Chomsky) = MACCS

how do we chose? .
= Surface = _..many more in literature

= Conformer Sets

= Fingerprints

52 Argonne &



SMILES
Simplified Molecular Input Line Entry System

» 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. “W

Wlkl 53 CN(CC1)C(C(F)=C2)=CC(=C2C4=O)N( (=0) Arggmng‘zg



https://en.wikipedia.org/wiki/Spanning_tree_(mathematics)

FINGERPRINTS

Wl O

N=—

/ Substructure

1

Q J—O—E LT T T[T

l
ofo

I [
Lo]ofsfofs]r]ofofs]o]o
F

Similarity Fingerprint

s O
08 L

NH
0.7 ]
Hit

Bioactivity Database
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ENERGY %550

sl Laor
of Ei
cmcago Argonne i

TC °

\ﬂla+ble+cld+bld+c”

Coefficients Similatity expression Source

: ; atd :
1. Simple matching (SM) P Sokal and Michener, 1958
2. Rogers and Tanimoto (RT) % Rogers and Tanimoto, 1960
3. Anderberg (&) m Anderberg, 1973
4. Russel and Rao (RR) m Russel and Rao, 1940
5. Jaccard (7) — Taccard, 1901

a2 <
6. Sorensen-Dice (3D) hfﬁ Dice, 1945, Sorensen, 1948
P 2 P

7. Ochiai (0) m Ol:hiai, 1957
8. Ochiai I (OID) 2d Ochiai, 1957

N,
\ + N, — N,

Tanimoto Index

ey Drug Target

Argonne &
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DESCRIPTORS

“The molecular descriptor is the final result
of a logic and mathematical procedure

which transforms chemical information WEAPE
encoded within a symbolic representation Roberto Todeschini and Yiviana Consonni
of a molecule into a useful number or the Handbook of

result of some standardized e>§per|ment. Molecular Descriptors
R. Todeschini and V. Consonni
Methods
— . and Principles
[ Atom st [0 Substructure list ’L.JR.J PR
. Chemistry
counting ‘ summing counting structural keys
| molecular graph ‘ molecular g:omelry grid-based QSAR Vd. 11
12D | X, y, z coordinates technique:
[ I = l = Edited by
graph invariants ‘ pis g ‘ imeravc:'m!e:nergy H. Ma .' i w. 2
H. Kubinyi,
== }—T H. Timmerman
fesors ]|
| quantum-chemical | | molecular surface
descriptors
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USING IMAGES
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Convolutional networks on graphs for learning molecular fingerprints

DK Duvenaud, D Maclaurin, J Iparraguirre... - Advances in neural ..., 2015 - papers.nips.cc

... Figure 5: Visualizing fingerprints optimized for predicting toxicity ... The neural fingerprint, when
viewed in this light, resembles an unrolled message-passing algorithm on the original graph.

7 Conclusion ... Neural network for graphs: A contextual constructive approach ...

Y% D9 Cited by 803 Related articles All 12 versions 9

ML Molecular graph convolutions: moving beyond fingerprints

S Kearnes, K McCloskey, M Berndl, V Pande... - ... -aided molecular design, 2016 - Springer

... Since molecules are undirected graphs, we will also maintain the following: Property 3 ... Figure
8 gives examples of how the initial atom features for a single molecule (ibuprofen) evolve

as they progress through graph convolution Weave modules ...

Y¢ Y9 Cited by 347 Related articles All 16 versions Web of Science: 133 99

Atomic convolutional networks for predicting protein-ligand binding affinity

J Gomes, B Ramsundar, EN Feinberg... - arXiv preprint arXiv ..., 2017 - arxiv.org

... Figure 2. Diagram of Atomic Convolutions on Protein Ligand Systems ... create three weight-sharing,
replica networks, one each for complex, protein, and ligand (Figure 2). The ... Descriptions of the
graph convolutional models and model hyperparameters are given elsewhere in the ...

Yr 99 Cited by 61 Related articles All 3 versions £

m™™L The rise of deep learning in drug discovery

H Chen, O Engkvist, Y Wang, M Olivecrona... - Drug discovery today, 2018 - Elsevier

... Besides the graph-based representation learning methods, DL methods based on other types
of ... The upper plot shows how the RNN model thinks when generating the structure on the ... The
bottom left figure demonstrates how the RNN actually works in the structure-generation ...

Yr Y9 Cited by 189 Related articles All 5 versions Web of Science: 95

Learning to smile (s)

S Jastrzebski, D Lesniak, WM Czarnecki - arXiv preprint arXiv:1602.06289, 2016 - arxiv.org

... Figure 3: Visualization of CNN filters of size 5 for ac- tive (top row) and inactives molecules. 2
EXPERIMENTS ... Convolutional networks on graphs for learning molecular fingerprints. CoRR,
abs/1509.09292, 2015 ... Deep convolutional networks on graph-structured data ...

Y¢ 99 Cited by 24 Related articles All 10 versions 99

Seq2seq fingerprint: An unsupervised deep molecular embedding for drug
discovery
Z Xu, S Wang, F Zhu, J Huang - ... of the 8th ACM International Conference ..., 2017 - dl.acm.org
... The neural fingerprint is constructed on a supervised deep graph convolutional neural network ...
show the impact of seq2seq fingerprint length on the accuracy in Figure 5. From ... both data sets,

LS DERARTHENT OF ) Argonne National Laboratory s @ our meth- ods significantly outperform the circular and neural fingerprints, regardless of ...

ENERGY U.S. Department of Energy laboratory
managed by UChicago Argonne, LLC.
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DEEP LEARNING WITH MOLECULES

P
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m

PROPERTY PREDICTIONS

Feinberg, E N., et al. "Potentialnet f !1 "~.‘
Images, 3D surfaces e apot et 4G samil i RN

science 4.11 (2018): 1520-1530.
Shape Autoencoder

LD
b H
Encoder with Decoder with transposed ,.l p) t:%?.‘.

3D convolutions 3D convolutions Autoencoder compound W, W 'd

Reparametrize Representation
‘ Graph Gather
Laten! Stage 3 + Fully Connected Layors
Compound
Ph: h
Q‘mm - Concatenate @) )
—_ = =
L

Concatenate SMILES input

©
Shape captioning e
3D convolution e
60

Compound
Representation

Autoencoder compound Encoder Vectorized

Representation compound o
representation LSTM decoder Parse SMILES b\« “( ' CONTINUOUS.
String \ MOLECULAR
PREDICTION
=
DECODER e
Neural Network DR

REPRESENTATION
(Latent Space) ~

et mt:mcpgomcodw

Skalic, Miha, et al. "Shape-Based Generative o Seeu @ ] ] ) ]

Modeling for de Novo Drug Design." Journal Gomez-Bombarelli, Rafael, et al. "Automatic chemical design using a data-
of chemical information and modeling 59.3 driven continuous representation of molecules." ACS central science 4.2
(2019): 1205-1214. (2018): 268-276.
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9. M %
Samples from RNN on single GPU (<6 minutes) (Predicted) Unmique Molecules as a “% of Sample Rate

H 2000000 10
odelina 3 Temperare
GCICCCCCLEAAMAAAA | o samoli o 4 E‘ 0.8 : L5
. GOC(clcccccl)=0EA v ampling 2 “°’1HLO' = 15000007 Towl 3 125
EAAAAAA |53 —
©)Lw ?éﬁiﬁiﬁfﬁ?cmm Network(Model occico=o " 2 —— Valid = 06 e
Gt HE Nclcccecl = 1000000{ — Unique =] 10
o ‘ Training o=clcccccl S —— Unique Scaffolds =
O’ C1CCCCC1EAAAAAAAA eNLc(e)ccce(c)cl Cr = B 04
~ J\ oc(clcccccl)=0EAA f #* Y g
W OC1CCCCCLEAAAAAAA
A enlcen(e(@)c)ccle  Qutput {)/ 500000 1 ) on
Gupta, Anvita, et al. "Generative recurrent networks for de novo drug -E‘ ’
design." Molecular informatics 37.1-2 (2018): 1700111. 025 050 075 100 125 150 175 2.00 =
Temperature of Softmax 00 0 5 10 15 20 o5 30
Days Sampling Run
1ngpling RNN Generator on 4 V100 GPU (first approx., T=1.1) oy Estimated Unique Molecules 27,600 V100 GPUs
e
I I
1.07 Total Sampled % . “’"f‘
—— Valid Sampled / 0.8  — Unique
0817 — Unique to Trn Data / B
g—]) / / B 0.6 1
= 06 = =
% / / 8 04
«— 04 — =
=) =
* // = 0.2
0.2 -
0.0
0.0 0 5 10 15 20 25 30
0 10000 20000 30000 40000 Days Sampling Run

Seconds Passed
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KINASE INHIBITOR DESIGN USING DEEP LEARNING AND MODELING
Generate Molecules Via Deep

Learning Fast 3D-overlay Query

= Generative deep learning models can = Find novel 2D scaffolds that have
produce novel compounds mimicking conformers similar to known kinase
distributions of molecules in training data. inhibitors:

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

Deep Learning Generated: ci

Rate of Smiles Generation over Time (SELFIE)
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Suppose we trained the continuous model
How can we create a virtual screen?
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> 20,000 candidates/s
N-copies

Molecular Candidate
Generators

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

A

|
I

3.3 Billion
Molecules
Training set

SMILES, SELFIES
2-D Images,

2-SDF, 3-SDF, etc.
N
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A 4
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0°Cancer Cell/Drug Regression Detection Surface Number of top x% experimental received top x% predicted
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DIFFERENT EXAMPLE
SAME IDEAS

ST
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EXAMPLE: ML FOR DOCKING SCORING

Interested in the left tail

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%

§*77%, u.S. DEPARTMENT OF _ Argonne National Laboratory is a
8 ] ENERGY U.S. Department of Energy laboratory
st managed by UChicago Argonne, LLC.
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It’s not obvious that’s what we want either...
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Is this a good model?
» 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.

(ampC) Regression Detection Surface (d4) Regression Detection Surface

10° 10°

uuuu

Screen top x% Screen top x%

69 Argonne &



THANKS
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