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Motivation — Data-driven Discovery Of Molecules

* large datasets of potential structures available for chemical/material discovery
* lab/MD-driven high-throughput screening (HTPS) of datasets impractical

* can we leverage experimental data to speed up screening?
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Motivation — Data-driven Discovery Of Molecules

*  Machine Learning (ML) - map molecular features to target property
* able to pre-screen molecules at high speed & with good accuracy

* promising candidates can be further verified by MD/lab synthesis
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Figure 3. Structure—property relationship mapping via machine learning: The
structures of the n compounds of a given data-set are represented in an m-
dimensional descriptor space, resulting in an n x m-dimensional descriptor matrix
D. This descriptor matrix is to be connected to the known properties of the given
compounds, which are written as the property vector P of length n. We are
seeking the complex mapping function f that encapsulates the structure—property
relationship P = f(D) by means of machine learning.
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ML-driven Discovery Workflow

: User may have to manually select ML
: Algorlthm '
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ChemML: ML For Chemical And Materials Data

* aim: facilitate access to ML tools for experts & non-experts in chemical & materials domain
* end-to-end pipeline for modeling chemical properties

* leverage your expertise to frame the problem/data, ChemML handles the ML behind-the-scenes
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ChemML: Demo |

e aim: introduce modules, familiarize with software
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ChemML: Challenge with pipeline

* aim: facilitate access to ML tools for experts & non-experts in chemical & materials domain
* end-to-end pipeline for modeling chemical properties

* can generate robust models when provided with specific representation technique and model type
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ChemML: Challenge with pipeline

* expertise needed in representation of molecules & machine learning models ‘v{{&%‘kw{
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AutoML: An Easier ML Modeling Experience

* allows usage of ChemML pipeline with minimal user input

no expertise in ML required, minimal programming necessary

* results are reproducible using open-source ML libraries

AutoML

Prepare

Represent

ChemML workflow (using AutoML) 10
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Building an ML model using AutoML: Input

clscc(nl)clncc(sl)cle(ce

c2clcccc2)clencsl 1328.35
S1CC(SC(C1)c1icceel)
clcocclclceccccl 1143.80
° Inp ut DataFrame: N1CNC(NC1)clsceclCl( 1351.33
Molecule SMILES code Structure cscesl)clccesl :

clnc(c(s1l)clnsncl)clesc(

* smiles strings /\ e ey 1466.57
° ta rget pro pe rty(les) Ethylamine NCC N H Oclcec2e(clclcocel)c(ce 1207.67
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H O /\/ c(ol)clncesl 1321.35

CINC(NC(N21)cicc(cc2cl
ccee2)cleceen1)C1CCCC 1106.21
1

Simple Molecular Input Line Entry (SMILES) code examples S

CNCNG1 1340.03

11



University at Buffalo

Department of Chemical

and Biological Engineering

School of Engineering and Applied Sciences

Building an ML model using AutoML: Supported Featurization

* screen through multiple featurization techniques:

: Input DF
* coulomb matrix
* RDKit fingerprints Y
*  Morgan fingerprint (ECFP) Represent
«  MACCS keys ¥
* hashed topological torsion Scale
* hashed atom pair |

e RDKit/Mordred descriptors Optimize models

* custom features also supported!

A 4

Obtain error
metrics for models

AutoML workflow
Pradhan, A; University at Buffalo, 2024
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Building an ML model using AutoML: Supported Models

* screen through multiple ML models:

* linear models (Ridge, LASSO, ElasticNet) Input DF

* SVR (under 1k datapoints) v

* decision tree regression Represent

* neural networks v
(MLPRegressor/PyTorch/TensorFlow) Scale

e gradient boosting models |
(XGBoost/LightGBM)* Optimize models

*  Optimization technique — Genetic Algorithm v
Obtain error metrics
for models

* time efficient, accurate

AutoML workflow
Pradhan, A; University at Buffalo, 2024
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Building an ML model using AutoML: Supported Error Metrics

° User can evaluate various error metrics

* ME Input DF
 MAE
« MSE :
Represent
e RMSE
e MSLE .
Scale
e RMSLE
e MAPE i
e MaxAPE Optimize models
e RMSPE v
e« MPE Obtain error
metrics for models
e MaxAE
° R 2 AutoML workflow 14
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Building an ML model using AutoML: For Classifiers

* screen through multiple classification ML models:

* LogisticRegression Input DF
e DecisionTreeClassifier
 RandomForestClassifier )
Represent
e SVC
« KNeighborsClassifier -
Scale

. . . - -
user can evaluate various error metrics Opt|m|ze models

* Accuracy

* Precision

Obtain error
* Recall metrics for models
 F; score

AutoML workflow 15
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ML-driven Discovery Workflow

: User may have to manually select ML
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AutoML-Enhanced Discovery Workflow
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Results of AutoML workflow

e Easy to import class

e Easy toinitialize class
importing libraries . [
Load data porting Run autoML Easy to call function
and dataset
M 1 dimport pandas as pd M 1 from chemml.autoML import ModelScreener
2 import numpy as np 2 MS = ModelScreener(df, target="density_Kg/m3", featurization=True, smiles="smiles",
3 from chemml.chem import Molecule 3 screener_type="regressor", output_file="testing.txt")
4 from chemml.datasets import load_organic_density 4 scores = MS.screen_models(n_best=4)
featurizing molecules in batches of 62 ...
5008,/500 [==================================================] - 25 3m5/5tep
M 1 molecules, target, dragon_subset = load_organic_density() Merging batch features ... [DONE]
2 df=pd.concat([molecules, target], axis=1)
5 df.head() Running model no: 1 ; Name: RandomForestRegressor
B RandomForestRegressor : GeneticAlgorithm - complete
: Model: RandomForestRegressor
: P GA time(hours): ©.14414592577351465
smiles density_Kg/m3 q
starting df output
0 C1CSC(CS1)c1ncc(s1)CC1CCCC 1184.64 5 .
* smiles scores_list: [ ME MAE MSE RMSE msLe| ©  error metrics
1 Oc1ncencicicoc(cT)c1cncent 333.85 * targets @ 3.766114 33.290882 1855.76677 43.078612 ©.001197 ©.834601 2.6 ¢ model type
2 N1CN(CN(C1)c1cnes1)cicec(cn1)cicocc 1332.41 MaxAPE RMSPE MPE MaxAE deltaMaxE r_squar O parameters
3 0C1(CSCCS1)e1ccoc1O 1370.11 e 9.274192 3.506977 ©.1264@5 102.68927 184.648282 9. 355 77.] . .
( )  featurization
ME MAE MSE RMSE MSLE RMSLE MAPE | MaxAPE | RMSPE MPE MaxAE |deltaMaxE|r_squared | time(seconds) | Model - parameters Feature
{'alpha': 112.8, 'copy_X": True,
'fit_int t': True,' iter': None, . .
000 | 002 | 000 | 002 | 000 | 001 | 114 | 267 | 141 | 003 | 004 0.08 0.74 2.20 Ridge |, —orcePt:irue, max_er=Wone i qyit descriptors
positive': False, 'random_state': None,
'solver': 'auto’, 'tol': 0.0001}
10
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ChemML: Demo I

* aim: demonstrate AutoML workflow
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