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Introduction to Deep Learning Imputation using Alchemite
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Prediction vs. Imputation
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compound, e.g. QSAR models
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w Imputation is the process of filling in the gaps in sparse experimental data using
the limited results that are already available
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Alchemitet Deep Learning Imputation
h LJU A O BiElamVe(partnership witmtellegens o

w Learns directly from relationships between experimental endpoints as well as SAR
b Makes better use of sparse and noisy experimental data than conventional QSAR models
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b Generates more accurate predictions to target hagrality compounds
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Alchemitet Deep Learning Imputation
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w Estimates uncertainty in each individual prediction

b Highlights the most accurate predictions on which to base decisions

w Confidently targets higiguality compounds and prioritise experimental resources
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Objectives and Data Set
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DUNDEE
w Goal: More accurately predict TB activities and ADME properties to guide

optimisation of compounds in a project context
L Compare projecti LISOA FTAO OSNRARdza w3t 261t Q Y2RSTt a
b Compare imputation and virtual models

w Summary of Data

b Global data set
o 300,000 compounds x 468 experimental endpoints across several develspittjneglected diseases
0 3.1% complete
b Project data set a subset of global data set corresponding to a single TB project
0 495 compounds x 34 experimental endpoints
0 40.6% complete

optibriurm

N —
© 2021 Optibrium Ltd. =



9

Imputation vs Virtual Models

A Imputation: These models generate Application to Test Set
predictions for the test data points
using sparse assay data as input, in  pescriptors Assays

Xy
addition to molecular descriptors % TR
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experimental data for compounds that
have beersynthesisednd tested in some
assays

A Virtual: These models are built to
expect only molecular descriptors as ..o acays P Sredictions

Input. R
beKSAS GS8ad Iy utoxsﬂﬂ-i:brg.fga.mxn-’-z
make predictions based only on compound No experimental

structure, i.e., for a compound that has not data used as input
yet beensynthe5|sed)r tested
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Assessment of Results
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Increasing accuracy
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Endpoints Ordered by Accuracy

R2 ¢ Coefficient of Determination.
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Model Validation
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Global Models Test Set Results
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DUNDEE

The Imputation model

clearly outperforms the

Virtual model
206 | —*—Global Imputation Model i
o8 | ——Global Virtual Model E
B 1 51 101 151 201 251 301 351 401 451
Endpoints Ordered by Accuracy
. Number with Number with
Median i R > 0.5 R > 0.3
Alchemite Imputation 0.35 159 248
AlchemiteVirtual 0.10 44 137
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Global and Projeespecific Model Performance on Project Test Set .

1 . DUNDEE
' Global and projecespecific
Imputation models achieve
almost identical performance

Global Virtual model
outperforms projectspecific

Virtual model 02
% o

04 | —e—Global Imputation Model
—e—Project Imputation Model
—e—Global Virtual Model
—e—Project Virtual Model

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33

Endpoints Ordered by Accuracy

Median B Number with Number with
R2> 0.5 R2>0.3
Projectimputation 0.65 21 23
ProjectVirtual 0.21 6 16
Globallmputation 0.61 19 24
GlobalVirtual 0.33 5 20
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Focusing on the Most Confident Results
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Focusing on the Most Confident Results e
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Focusing on the Most Confident Results
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TB Activity Endpoint 5
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A Excellent correlation between model confidence (error bars) and observed accurac

A Ouitliers clearly identified for further investigation
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Focusing on the Most Confident Results

wie,
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Focusing on the Most Confident Results
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Focusing on the Most Confident Results e
Hepatocyte Clearance 5
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A Even for model with poor overall performance, we can identify accurate predictions
that can be used with confidence
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Application of the Global Deep Learning Model
to TB Project Optimisation



TB Project Objectives o §

w Desired compound property criteria: DUNDEE

Property Desired Value Importance

B TB Activity Assay 1 MIC (log M) inf -> -6.4 —
B TB Activity Assay 2 MIC (log M) -inf -> -6.4 [11] —
B FassiF Solubility (log mg/ml) -1-= inf —J:I
B Mouse PPE (log Fu) 13- 03 —

Solubility at pH 7.4 (log M) -4 = inf P —
B Mouse Hepatocyte Intrinsic Clearance (ml/min/g) -inf -> 1.5 —
B Mouse Microsome Intrinsic Clearance (ml/min/g) -inf -> 1.5 —

w Challenges achieving a balance of activity with hepatocyte stability and solubility

w Strategy: Explore a large virtual library enumerated around the series core

w Apply the global Alchemite Virtual model to all compounds to determine if the
desiredbalanceof properties is likely to be accessible in this series
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Multi-Parameter Scores for TB Project < -
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DUNDEE
TB Project Profile Score Distribution
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