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Abstract

Analyzing small molecule inhibition of enzymes:
A preliminary machine learning approach towards drug lead generation

Pearl Philip

Chair of the Supervisory Committee:
Professor David A.C. Beck
Chemical Engineering

This project is designed to create an implementation of quantitative structure-activity
relationships (QSAR) models in Python for the prediction of inhibitory action of small-molecule
drugs on the enzyme USP1 - an enzyme essential to DNA-repair in proliferating cancer cells.
Molecular descriptors are calculated using PyChem and employed to characterize the properties
of about 400,000 drug-like compounds from a high-throughput screening assay made available
on PubChem. Multiple machine learning models are created on the training data using Scikit-
learn and Theano after feature selection and processing, followed by a genetic algorithm to
synthesize an ideal enzyme inhibitor to be tested for activity and use as a drug compound.

Higher error and poorer model fits can be attributed to multiple sources of error —
measurement of activity using ACsp, imbalanced dataset in favor of molecules with zero
inhibition, incomplete feature space, highly non-linear interactions between the enzyme and
drug, and the attainment of local minima in hyperparameter optimization. Solutions have been

suggested for each of these issues, and is proposed as a part of future work. The genetic



algorithm is used to synthesize a molecule in-silico and as the model prediction accuracy is
increased, it can be pursued as a drug lead in clinical trials. This project provides a promising
pipeline for future work in open-source molecular drug design and can be extended for use with

other datasets and target species.
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Chapter 1
INTRODUCTION

11 MACHINE LEARNING IN THE CHEMICAL SCIENCES

Machine learning is the science of training computers to solve problems without being
explicitly programmed to do so. The computer learns from data presented to it using algorithms
and we thus impute to it a predictive and decision-making power. In the past decade, machine
learning has given us spam filtering, economic forecasting, speech recognition, intelligent web

search, and a greater understanding of the human genome?.

In chemical engineering, machine learning is well-adapted to and developed for
applications of process control in chemical plants, with artificial neural networks and
reinforcement learning being the methods of choice?. Massive amounts of data are generated in
academic and commercial chemical engineering settings that must be processed efficiently to make
safe and informed decisions, and often hold more useful information than meets the eye. For
example, manufacturing processes are highly complex and produce increasing amounts of data
leading to a need for improved process monitoring, data analysis and fault detection®. Other
examples of use of machine learning include prediction of boiling points,* carcinogenicities® and
toxicities of substances®. It also has a long history in biomedical research, such as processing and
diagnoses of cancers’, drug design® and assessing biodegradability®. Smart, automated data

analysis and pattern recognition are key to modern innovation.

Cheminformatics is the use of computational and informatics techniques to solve a variety
of problems in chemistry and chemical engineering, particularly dealing with data collected from

processes at the molecular scale. Unlike quantum chemistry or molecular dynamics and



simulation, which are based on physics, cheminformatics is intended to produce models that can
usefully predict chemical and biological properties of compounds given the 2-D structure of a
molecule. Cheminfomatics models use machine learning methods of regression, classification and
clustering®®. Support vector machines, nearest neighbors, random forest, multiple linear regression
and artificial neural networks are some specific examples of learning models we use to train the
computer to predict molecular activity. The accuracy of the prediction is retroactively used to
optimize the model parameters for better performance, while seeking to avoid overfitting. The
availability of molecular data from a wide chemical space, powerful computing technology, the
use of a large and diverse selection of descriptors, and the development of sophisticated nonlinear

machine learning algorithms have helped cheminformatics flourish since the 1990s.

1.2 QSARAND ITS APPLICATIONS

Within the domain of cheminformatics, quantitative structure—activity relationship
(QSAR) and quantitative structure—property relationship (QSPR) models are in-silico regression
or classification models that find applications in chemical and biological sciences and engineering
to relate the structural features of a compound or substance to its biological and physicochemical
properties. QSAR models lay out a possible relationship between molecular structures and activity
(or target properties) in a large set of biological or physicochemical datal. They then predict the
properties of a new chemical, previously unknown to it. This predictive power can be captured to
virtually analyze the properties of compounds before testing them in a laboratory. Some QSAR
applications in chemical engineering are the identification of structural determinants for protein
interactions with inorganic surfaces'?, cytolytic and antibiotic activity of peptides®3, molecular
inhibition of enzymes!*, Log P... values for volatile organic compounds®®, and blood-brain barrier

permeability.®



For an application, we may desire specific properties to be present in an ideal compound
and, through traditional QSAR, we can derive the structural characteristics that it must possess to
exhibit that property. The structural characteristics used to create the model are called features or
descriptors, and a QSAR model could contain a few or even hundreds of descriptors, present in
numerous combinations for the best prediction accuracy. Some examples of molecular descriptors
are the sum of atomic charges, electric dipole moment, molecular weight, partial positive surface
area, primary sp2 carbon count, average charge on carbonyl carbons, etc.’” Figure 1 traces how
chemical data is gathered and features are defined to produce a dataset that is split for training and
testing QSAR models. This is an iterative process as the workflow consists of multiple knobs that

can be tuned for better prediction accuracies once a preliminary model has been created.

data collection

A\ 4

[ features J

! }

training set testing set

A 4

learning

| !

[ model H validation ]

Figure 1: General workflow of developing a machine learning model to study QSAR

The success of machine learning in modern product development can be extended into
laboratories across the world and help tackle complex data-intensive problems at every stage.
Specifically, the field of drug design and testing can benefit immensely from such modeling.

Cheminformatics is intertwined with drug discovery and therapeutics development, and thus,



bioactivity and ADMET (Absorption, Distribution, Metabolism, Excretion and Toxicity)
properties are popularly approached by informatics techniques.'® They can be used to understand
pathways of drug action, design of new ones, predict any quantifiable physical property and screen

libraries of chemicals.®

A pharmaceutical company keeps focus on the quality, safety, and efficacy of a marketed
drug by conducting a variety of tests. Thus, the development process of a single drug is a
considerable investment of time and money, often taking an average of 12 years for development
and investments of about USD 868 million.?%?! Large investment in traditional drug development
is a result of low successful discovery rates. Estimates say that only 11% of developed drugs are
approved by US and European boards.?? The FDA claims that USD100 million could be saved
while developing a single drug could be attained with a 10% prediction improvement, which is a

game-changer for pharmaceutical economics.??

In-silico methods are increasingly being used to weed out potential failures in the pre-
development process, and given time, strong statistical proof is bound to show that QSAR and
related techniques shorten the life of a drug in a lab and decrease the funding required to make it
consumer-ready.® The availability of high-throughput screening (HTS) data to the public in recent
years allow research groups to collaborate over data by providing meaningful analysis and
products from informationally-valuable results of experimental efforts. With the use of robots,
detectors and software that control the whole process, a series of analyses of chemical compounds

is conducted in a short time and the biological and chemical properties can be defined.

1.3 DATA SCIENCE FOR PREDICTION OF ENZYME INHIBITION

In this project, a quantitative high throughput screening (qHTS) dataset was procured for

analysis from PubChem?*, made available by the University of Delaware and the NIH Chemical
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Genomics Center in 2014. It records the inhibition activities of about 400,000 drug-like molecules
against the deubiquitinating enzyme USP1.% Deubiquitinating enzymes (DUBs) are a class of
enzymes that can cleave the isopeptide bond formed between the C-terminal carboxylate of
ubiquitin and a lysine side-chain amino group on a target protein. Among them, ubiquitin specific
proteases (USPs) form the largest DUB family. They are involved in chromatin remodeling, DNA

repair, etc?®. A model structure of the enzyme USP1 is depicted in Figure 2.

Human USPs are emerging as promising targets for pharmacological treatment because of
their connection to several diseases, including prostate?’, colon and breast cancer?, pediatric acute
lymphoblastic leukemia?®, and familial cylindromatosis®. Given the upregulation of DNA repair
in cancer cells, they recover well from damage sustained during cell division and chemotherapy.
Among the human USPs, the deubiquitinating enzyme (DUB) USP1 occupies a special position
as it is implicated in DNA damage response. One approach that could potentially cease this repair
and cause cancer cells to die, is to inhibit USP1 from regulating the DNA repair pathways. The
advantage of inhibiting USPs lies in the potential specificity of therapeutic intervention that can

lead to better efficacy and reduce nonspecific side effects.

USP1 Wi
(420-520) . Thumb

Palm

Figure 2: Modeled structure of USP1 catalytic domains using SWISS-MODEL. The Thumb,
Palm and Fingers sub-domains are indicated. The UAF1-binding sites are highlighted in red
(USP1 residues 420-520).%!



To seek out better performing inhibitors for USP1, Wahi et. al used the dataset to create
prediction models using the structural descriptors for the compounds.® The models “sniff” out
molecules that could act as potential abrogators. They utilized four machine learning techniques -
Naive Bayes, Random Forests, Sequential minimal optimization and J48 - and predicted inhibition
in a test set with ~80% accuracy. In their work, owing to the larger size of the data file, they split
it in to smaller parts for further processing. They used Mayachem tools for file splitting; PowerMV
for statistical analysis, descriptor generation and molecular viewing; Perl scripts for splitting the

training and testing data, Weka for feature selection and machine learning algorithms.

The primary set of descriptors used in their work were a ‘best first guess’ of three classes
of descriptors, and ignored other classes of molecular features that could prove to be of statistical
significance. Their work uses classification techniques and it would be interesting to explore the
outcomes from a regression standpoint, since the data is amenable to both. While their work
provides a performance comparison of the different methods, it doesn’t provide us useful
information about why the models perform as they do, which features have a statistically
significant effect on the outcome and what the descriptor values for an ideal inhibitor might be. If
the latter were described, pharmaceutical labs could pursue the actual synthesis and testing of that
molecule, substance or one that is most like it. They also do not provide public access to their code
or the assumptions in their methods, which hinders quick replicability and verification of their
results. These problems are, unfortunately, commonplace in existing cheminformatics projects and
can be addressed through intentional open-source development, analysis of well-performing
molecules and descriptors, and a product-driven modeling process. Our project seeks to address
each of these issues and ideas, to show that open-source development of cheminformatic models
and resources can indeed provide quality computational results that serve as a starting point for

laboratory work.



Chapter 2
MATERIALS AND METHODS

21 DATA COLLECTION AND FORMATTING

The data used in this project®* was obtained from PubChem and consists of the molecular
structures of 389,560 compounds in the form of simplified molecular-input line-entry system
(SMILES)® and IUPAC International Chemical Identifier (InChl)3* notation, their USP1-
inhibition activities at various doses, and experimental variables. The SMILES and InChl formats
describe the chemical species using a line notation of short ASCII strings, as shown in Figure 3
for the molecule ciprofloxacin. SMILES strings can be imported by most molecule editors and

converted back into 2-D and 3-D representations of the molecules.

A 4N OH
HN N O
\—/ 0
F

N1CCN(CC1)C(C(F)=C2)=CC(=C2C4=0)N(C3CC3)C=C4C(=0)O
T

Figure 3: SMILES representation of the chemical compound ciprofloxacin, a fluoroquinolone
antibiotic.*®



In this dataset, compounds are first classified as having full titration curves, partial
modulation, partial curve (weaker actives), single point activity (at highest concentration only), or
inactive. Based on the single point activity at the reference concentration, an inhibition scale from
0 to 100 was developed and used to rank the compounds. For this assay, apparent inhibitors are
ranked higher than compounds that showed apparent activation. For all inactive compounds, the
PubChem activity score is 0. Active compounds have PubChem activity score between 40 and

100. Inconclusive compounds have PubChem activity score between 1 and 39.

Feature generation
from SMILES

i

Data scaling and
imputation

l T

Model building and
Feature selection =3 hyperparameter
optimization

Results -

Genetic algorithm

Figure 4:Flowchart showing the project pipeline.

In our project, the data was processed and studied using Python 3.5, and the repository
containing the scripts and the instructions to set up the environment for the entire Python project
is located on GitHub®¢. The workflow in this project is shown in the flowchart above, in Figure 4.
All the data and plots generated in this project are available on Amazon S3%. This was done to
contribute to open resources for chemical engineering data analyses. In the 2016 version of the
assay, there were two datasets available (now stored on Amazon S3*7), one containing compound

IDs and SMILES and InChl strings as a text file and the other containing compound IDs and
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activity data. The two datasets are read in using Pandas v0.19.2 — a Python package providing fast,
flexible, and expressive data structures designed to make working with “relational” or “labeled”
data both easy and intuitive. The activity data frame is then cleaned to remove unnecessary
columns and header labels, and retain only the compound IDs and PubChem activity scores. The
two data frames are joined over their compound IDs to form a data frame that contains only the

SMILES strings and their respective activity scores.

Before working with the data, it is important to understand the distribution of inhibition
scores in the dataset. Figure 5a shows the counts of samples with different inhibition scores
(higher scores signifying better inhibition). It is immediately evident that inhibiting molecules are
underrepresented in the dataset, and samples with zero inhibition score dominate the assay data.
In Figure 6a and 6b, the sample counts for inhibiting molecules are less than 0.5% of total samples

present in the training and test sets.
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Figure 5: (a) Counts of samples of molecules in the complete training and test data. Yellow
zone: Non-inhibiting molecules. Red zone: Inhibiting molecules. (b) Counts of samples of
inhibiting molecules in the training and test data.

Inhibiting Inhibiting

(a) Mon-inhibiting/inconclusive (b) MNon-inhibiting/Inconclusive

Figure 6: Chart showing the percentage of samples that are confirmed inhibiting molecules and
non-inhibiting/inconclusive molecules in: (a) The training set (b) The testing set.

This may adversely affect the extent to which the machine learning algorithms train on the
inhibiting samples in favor of the non-inhibiting molecules which do not hold useful trends within
their set because they all have zero inhibition. A popular approach to deal with this issue is to
weight the samples towards the inhibiting molecules prior to implementing the designed workflow.
Another approach used to explore and learn from the data is to only take the inhibiting molecules
into consideration while building models and using those models to create a set of features using

the genetic algorithm. In the project, the latter is used to avoid increased complexity of the
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algorithm which may arise from the weighting mechanism. Though there is valuable information
present in set of the non-inhibiting molecules, it is difficult to intelligently work with them given
the ratio in which they are present in comparison to inhibiting molecules and not being able to
apply appropriate knowledge-based filters to these molecules. As a result, both the entire dataset
of 389,560 molecules and a reduced dataset of 19,927 molecules are passed through the workflow

described in the sections to follow.

2.2 DESCRIPTOR GENERATION

To populate a working dataset with features representative of our molecule samples,
molecular descriptors are calculated. According to Todeschinil’, a molecular descriptor is the
result of a logic and mathematical procedure which transforms chemical information encoded
within a symbolic representation of a molecule into a useful number or the result of some
standardized experiment. Eleven classes of descriptors are computed using the SMILES strings
and the Python-based package PyChem v1.0.382° The instructions to set up this computing
environment in Ubuntu exists in the GitHub repository®. The list of descriptors calculated are in
Appendix Table A.1, totaling 566 descriptor values for each compound. Figure 7 shows the

transformation of the dimensions of the dataset during feature engineering.

2 columns 567 columns
SMILES Activity x()] x(566) Activity
400k Malealliar 400k
molecules descrlp'tor molecules
generation

Figure 7: Dataset before and after the calculation of descriptors using PyChem
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2.3 DATA PREPROCESSING AND FEATURE SELECTION

The best way to measure the ability of a predictive model to perform on future data is to
try to simulate this eventuality. Since new data cannot be gathered easily, a portion of the available
data is randomly selected and reserved to verify predictions. The portion that is not reserved and
is used to develop models is called the training set, and the other portion used for predictive model
assessment and model refinement is called the test set. The data is randomly split into arrays of
train and test subsets in the ratio 3:1 using Scikit-learn. The assumptions made for this step are

that:

e The data available for analytics fairly represents the physical process being modeled.

e The data generation and collection techniques used for the real-world process we wish to
model are expected to remain relatively stable over time so that a well-constructed model
using current laboratory standards is reasonably expected to perform adequately in the

future.

The data frames are checked for rows containing missing, NaN and infinite values. These are
replaced with zeros, since the data is centered around zero and it is the most abundant value in the
dataset. The data is standardized so that the individual features have zero mean and unit variance.
In practice, we often ignore the shape of the distribution and just transform the data to center it by
removing the mean value of each feature, then scale it by dividing non-constant features by their
standard deviation. If a feature has a variance that is orders of magnitude larger than others, it
might dominate the objective function and make the estimator less responsive to other features.
The training data is fit and standardized using a standard scaler from Scikit-learn’s preprocessing
module, and this fit is used to transform the test set as well. This order of events ensures that

training set provides a baseline for comparison of trends in new and unseen data. The test dataset

14



may contain just one data point that we want to classify, which makes calculating the mean and
standard deviation of the test data impossible. That is an intuitive case to show why we keep and
use the training data parameters for scaling the test set. The target data is not scaled here since the

unit of measurement of inhibition does not suffer from poor resolution.

Of the hundreds of descriptors that have been extracted, a few will have a substantial effect
on the activity of the small molecule. The process of selection of relevant features from an
available set through automated or domain knowledge based methods is called feature selection.
It improves the speed, interpretability and accuracy of subsequent learning and prediction
processes. The Python library Scikit-learn v0.18.1 is used to implement a random forest algorithm
to perform feature space reduction. Since our target values are continuous between 0 and 100, only
regression methods are used on this dataset. The algorithms are trained on the training set and the

features that are preserved are used to reduce the test set as well.

A random forest is a meta estimator that fits several decision trees on various sub-samples
of the dataset and use averaging to improve the predictive accuracy and control over-fitting. It is
commonly used because the tree-based strategies used by random forests naturally ranks features
by how well they improve the purity of the node, leading to a decrease in impurity over all trees.
Nodes with the greatest decrease in impurity happen at the start of the trees, while nodes with the
least decrease in impurity occur at the end of trees. By pruning trees below a node, we can create
a subset of the most important features. It is implemented using the random forest regression
ensemble in Scikit-learn. To study the effects of the number of features used on the predictive
performance of the machine learning models, different numbers of the most relevant features are

selected using this algorithm: 25, 50, 75, 100, 150, 200, 250 and 300 features.
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24  CHOOSING AND BUILDING MODELS

The algorithms we use in this project to model the data include linear regression, artificial
neural networks, decision trees, ridge regression, Bayesian ridge regression, lasso and random
forest regression. They are all created using Scikit-learn v0.18.1 except for neural nets which are

implemented using nolearn v0.6.0.

Linear regression is used in this work to form a baseline model — if a straight-line fit is the
simplest possible way to explain the quantitative structure-activity relationships. Though highly
inaccurate, it serves as a performance plumb line, meaning that the prediction accuracies of all

other models used must at least be as good as the accuracy provided by linear regression.

Neural nets are algorithms inspired by biological neurons for learning complex non-linear
and multivariate relationships by functioning as a “black box” that is fed a set of input data and
produces some desired output. A neural net approximates the complex functions governing
QSARs, without any explicit knowledge of these mathematical expressions. They contain layers
made up of non-linear summing elements called nodes that are interconnected between layers with
weighted connection lines, where each layer receives its input from the previous layer and the
output of each node feeds the nodes of the next layer. The weights are adjusted iteratively, forming
highly accurate and computationally efficient networks. In this work, a single neural network was
designed for each batch of features to predict all the features at once using two dense hidden layers
instead of one based on findings by Hough“’. In his work, a single hidden layer could not
adequately approximate the relationships, and predictions resulted in unacceptably low R? values.

The Python package nolearn v0.6.0 was used to design the neural network architecture and train

it
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Ridge regression models have linear least squares loss functions and L2 regularization.
Instead of just minimizing the residual sum of squares we also have a penalty term on the feature
coefficients, equivalent to square of the magnitude of coefficients. Like ridge regression, lasso
regression performs L1 regularization, adding a penalty equivalent to square of the magnitude of
coefficients. In both cases, if the coefficients take on large values, the optimization function is
penalized to drive parameter values closer to zero and reduce penalty. The slope of the prediction
is much more stable and the variance in the line itself is greatly reduced, in comparison to that of
the standard linear regression. They are used in this project due to numerous predictors, where
fitting the full model without penalization will result in large prediction intervals. These methods
place tight constraints on the parameters in the linear model. Ridge regression does not zero out
coefficients and uses all the features in the model, while lasso does both parameter shrinkage and
variable selection automatically. Compared to the ordinary least squares estimator, in Bayesian
ridge regression, the coefficient weights are slightly shifted toward zeros, which stabilizes them.
It enables the study of the posterior distributions of the coefficient estimates and ease of
interpretation, and enhances flexibility in model design even though its solution takes more time

to arrive at.

Random forest regression was previously used to select features and is used again to create
a predictive model. Along with the decision trees algorithm which works using the same principle
— except for the presence of just one decision-making tree instead of a forest of trees — a random
forest regression model is built using the training data. They predict the value of a target variable
by learning simple decision rules inferred from the data features, and deciding about the testing
data at each node of the tree. They are simple to understand and interpret, governed by Boolean
logic (making it a “white-box” model), and can be easily visualized. Decision trees are, however,

prone to overlearning, which is solved using a forest of trees. Mechanisms such as setting the
17



minimum number of samples required at a leaf node or setting the maximum depth of the tree are
necessary to avoid this problem. Support vector regression (SVR) is a learning method that is
effective in high dimensional spaces. The model produced by SVR depends only on a subset of
the training data, because the cost function for building the model ignores any training data close

to the model prediction. For our project, a linear kernel is used for the cost function.

Models have been tuned after being checked for suitability for this application. In machine
learning, hyperparameter optimization is the process of choosing a set of hyperparameters for a
learning algorithm to optimize the predictive accuracy on a test data set. It ensures that the model
does not overfit its data by tuning, while still learning the inputs well. Scikit-learn’s GridSearchCV
is a popular method for hyperparameter optimization that tries the model using every combination
of values in distributions of values given for each parameter, but we chose to use
RandomizedSearchCV instead to reduce the computational expense that comes with a grid search.
A fixed number of parameter settings are randomly sampled from the specified parameter
distributions. Optimization was used to determine the maximum depth of the trees and the
minimum samples required for a node split for the random forest. In this project, hyperparameter
optimization is used to determine the hyperparameters for decision trees, neural networks, random
forest regression and lasso. Optimization was used to sample over each parameter space 20 times
and determine the maximum depth of the trees (over a range of 1 to 15 for the length from root to
leaf) and the minimum samples required for a split (between 2 and 15 samples) for decision trees
and random forests; the number of nodes in the two hidden layers (between 3 and 30 nodes per
layer) for the neural network; and the L1 regularization constant alpha for lasso (between 0.0001

and 1). The chosen values are used to train and fit the model on the data.
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The measures of model performance used include the mean absolute error, mean square
error, median absolute error, the R? score and the explained variance score. The predicted values

of inhibition scores for each compound in the test set are also obtained.
2.5 GENETIC ALGORITHMS FOR DRUG LEAD GENERATION

This section of the project is conceptually novel and forms a link between cheminformatics
and the pharmaceutical process for drug design. In pharmaceutical development, the design of new
molecules can be based on desired properties like better binding, potency or precision of action,
achievable through evolutionary techniques. For this process, two things must be known to some
extent: the properties that are desired and how they relate to a molecule’s structure. The structure—
activity relationship is needed to both determine the necessary properties and build a molecule that
has those properties as shown in Figure 8, where the connection between molecular structure and

properties is depicted.

Stracture 10 properties

/—' Methodolomy -
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Macriscopic propertias

Evalutionary ./

techniquas

Chemcal sirociurg

Properties to structure

Figure 8: The forward and reverse flow of data in property prediction and compound design
respectively.*?

The first stage is determining the properties of a molecule based on its structure. This has
been achieved by building machine learning models that describe QSAR relationships. The second
stage is building a structure based on properties known to be important and determine the structure
that will have them. This is not as straightforward as the first part though it depends on it.
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Computers can be instructed to mutate and combine virtual molecules to produce new molecules
from various combinations of existing molecules using evolutionary survival of the fittest,
removing the less-fit candidates. This works by combining two functions to perform the evolution

process: genetic algorithms and fitness functions.

A genetic algorithm (GA) produces mutations and crossover on the best data, like sexual
reproduction, to produce new and random generations of data. The fitness function rounds out the
evolutionary system by testing all the data and eliminating poor performers, just like the survival
of the fittest. In humans, the genetic material in DNA is represented as base pairs, where strings
of three base pairs makes a codon that specifies the amino acids within a protein. By analogy, in
the design of drug compounds, symbols like N could represent a nitrogen atom, or COOH a
carboxylic acid group in the molecular structure. Further, using larger units like numerical
molecular descriptors instead of atoms, for use as ‘genetic’ data, reduces the complexity and speed

of computation.

Parents abcdefg UVWXyz
Crossover point abcdefg UVWXYyZz
Children abcxyz uvwdefg

Figure 9: Genetic algorithms work by crossing over linear strings of data.

The GA causes either mutation, crossover, or both. Mutation is the random changing of
individual molecular descriptors. For example, a carbon count of five could be changed to three,
and the new molecule would then be measured by the fitness function. Crossover is analogous to
sexual reproduction of a cruder format. The GA randomly cuts the string of two different
individuals in two, as seen in Figure 9. The half strings switch to create two children, each with

half from each parent.
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The children and the parents are then evaluated by the fitness function: the function ranks
the molecules; the poorest inhibiting compounds are removed; and the successful progeny and
parents go on to be manipulated again by the GA. With the proper governing equations generated
by machine learning models, data can be tested to determine the best-performing member of any
set using the principle that the fittest remain and the weak become extinct. The fitness function in
this project is the absolute error between the maximum inhibition score of 100 and the predicted
inhibition score of the molecule whose properties have been generated by the genetic algorithm.
The inhibition score is predicted using the trained machine learning models from the previous
section of this project. 100 descriptors were calculated using the genetic algorithm using the

previously trained random forest regression model fit on 100 descriptors.

The key to any genetics-based solution is a good fitness function which must be robust
since the randomly generated initial molecules rarely make chemical sense. The entire process is
usually limited by the speed of the fitness function which can be computationally expensive as
they might rely on a complex trained QSAR model. A flowchart of the process of a genetic

algorithm is shown in Figure 10, which is pseudocode for the Python script used in this work.
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Figure 10: Flowchart of a genetic algorithm.

Other computational techniques have been used in the past to develop molecular structures.
Strictly computational or rule-based suffer from combinatorial complexity of the search space,
design knowledge acquisition difficulties, nonlinear structure—property correlations, and problems
incorporating higher-level chemical and biological knowledge*?. The advantage of genetic
algorithms is that the computer is a tool not just for modeling and understanding these highly non-
linear relationships, but also randomly developing new structures and determining whether those
structures serve a specific purpose. When combined with the domain knowledge of the practicality

of the generated structures, genetic algorithms can be a powerful tool for drug lead generation. The
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code used to implement the genetic algorithm in this project is a modification of a previous general

purpose Python GA script by Larson*3,
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Chapter 3

RESULTS AND DISCUSSION

This section looks through the results of the methods used in the project as listed in the

previous section, analyzes those results and their impact, seeks sources of errors and ways to

address them for better work in the future.
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Figure 11: (a) Random forest feature importance plot with features ranked in decreasing order of
importance. (b) Random forest cumulative feature importance plot with features ranked in
decreasing order of importance.

Random forest’s impurity based ranking is typically aggressive in the sense that there is a

sharp drop-off of scores after the best ranking features, as shown in Figure 11(a). The feature
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importance scores must add up to one when using the complete dataset as seen in Figure 11(b)
where the sum becomes when all the features are added. Most of the variance in the model is thus
explained by approximately the top 300 features. Using this estimate for the total number of
relevant features, subsets of the training set and test dataset were created — the random forest
regression algorithm ranked different numbers of the most relevant 25, 50, 75, 100, 150, 200, 250
and 300 features — to study the effect of the number of features on the predictive accuracies of the
machine learning models. To counter the sudden drop in feature importance scores, stability

selection methods like LassoCV can be used, which produce a smooth decrease in scores.

The values for the optimized hyperparameters and results from the feature selection process
are available in the Jupyter notebooks in the GitHub repository. After the training procedure, each
machine learning model is evaluated based on how well it predicts the activity of the test set
compounds. To achieve this, each model is provided input data from the test set, which none of
the models had previously been exposed to, and model predictions are compared with the expected
test set outputs. The results are tabulated in Table 1 and the measures of model performance used

include the:

e Mean absolute error (MAE): The average of the absolute differences between the true and

predicted values. The best possible value is zero.

ﬂsnmplus -1

1 -
|y=? - yi| :

MAE(y,§) =

Nsamples =0
e Mean square error (MSE): The average of the squares of the difference between the true

and predicted values. The best possible value is zero.

ﬂsnmples -1

MSE(y. i) = ! > (-

Msamples =5
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Median absolute deviation (MedAE): The median of the absolute values of the differences
between the true and predicted values. The best possible value is zero.

MedAE(y,y) = median(| y1 — 1 |, ..., | Yn — Un |)
R? score: The coefficient of determination as a regression score function. The best possible
score is one and it can be negative if the model is arbitrarily worse. A constant model that
always predicts the expected value of y, independent of the input values, has a R? score of
zero.

ﬂsnmplus_l[: . e 2
,. har Yi — i)
R (y‘ yj = 1 - .!';'_tsnmplus -1 : :

Explained variance score (EVS): A measure of the proportion to which a model explains
the dispersion in a data set. The best possible score is one, with lower scores for poorer

models.

Var{y — i}

explained variance(y, i) = 1 — —————
- Var(y)

MAE by dataset and learning algorithm

14 - H Active molecules
N Al molecules

Mean absolute error

(a) LR MM SR oT RR BRR Lasso RFR
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MSE by dataset and learning algorithm
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Figure 12: Model performance results across different learning algorithms and datasets. (a)
Mean absolute error (b) Mean square error (c) Median absolute error (d) R2 score (e) Explained
variance score.

In Figure 12 and Appendix Table A.1, there isn’t a high level of accuracy provided by
the models. Though the MAE, MSE and MedAE values may be considered moderate accuracy,
the R? and EVS scores provide vital information about the fit. For MSE alone is not a good measure
of the fit of a model, since multiple fits can produce the same MSE as shown in Figure 13. The
Anscombe's quartet comprises of four datasets that have nearly identical simple descriptive
statistics, yet appear very different when graphed. They were constructed in 1973 by the statistician
Francis Anscombe to demonstrate both the importance of graphing data before analyzing it and
the effect of outliers on statistical properties. MSE will be a bad measure in any case except the
first set. In the second set, the data is nonlinear; in the third, the fit does not capture outliers well;

and in the fourth the fit is very poor.
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Figure 13: Anscombe’s quartet.

The R? scores are very low, which indicate an ill fit. In the case of neural networks, the R?
scores are negative which signifies an opposite slope of fit. The mean of the test set might be very
different from the mean of the training set during cross-validation, inducing a much higher incurred
squared error of prediction, resulting in a negative R? score. The low EVS scores show that only a
small percentage of our data is explained by the models. Between the entire sample set and the
active sample set, the EVS scores are double for the latter, supporting our hypothesis that useful
trends can be learnt in the active set of molecules. The MAE differences between the complete set
and the active set is interesting, since the MAE values for the latter is about 4 times larger than the
former. The reason for this is that most the molecules in the complete set have activities of zero,
which increases the probability of a zero-value prediction. Thus, the MAE and MSE values are
small compared to the active set where there is a high variance in the activities of the training set

and as result, the test set.

There are a few reasons for the generally low accuracies of prediction. The regression
accuracies depend on the chemical relationships between the enzyme and the drug which are highly

non-linear relationships, not adequately explained simply by the molecular descriptors of the drug.
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QSAR techniques function well on a small scale, determining properties of specific regions but
failing to produce an accurate global description of the molecule. If functional areas that might
participate in binding are identified with QSAR properties, then those regions can be weighed
heavily in determining the molecule’s activity. This is a pharmacophore and can be used to
characterize the whole molecule. Pharmacophore models attempt to combine some of the

advantages of QSAR techniques with the idea of identifying substituents.

With regards to the topic of data collection, the measure used to rank the molecules as
inhibitors or non-inhibitors is the ACso — the concentration for half-maximal activity derived from
the Hill equation model. It is the most common potency measure applied in pharmacological
research and toxicity testing. The AC50 parameter estimates the concentration at which a chemical
produces the half the maximum response along a sigmoidal curve. Incorporating domain
knowledge into the curve fitting process can improve agreement between AC50 estimates for
sigmoidal curves, however, it is not possible to know the underlying shape of the concentration-
response relationship before conducting an experiment and real biological responses may be
represented by complex response patterns. Applying individualized curve fitting procedures can
be useful for characterizing screening results which, in the high-throughput setting, can be
restrictively laborious and result in extensive data loss while still compromising on the
repeatability of process. It is not unusual for AC50 estimates to be accompanied by large standard
errors even when one or both asymptotes can be defined for the concentration-response
relationships. This issue has been studied by Shockley** and suggestions have been made for usage
of other measures of potency like the Point of Departure of the weighted entropy score which
describes the average information content in a probability distribution, and can be used to describe

the extent and uniformity of response in a concentration-response profile.
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Another reason for low accuracies is that the data is skewed to favor training on non-inhibiting
molecules and can’t learn well enough from inhibiting molecules. Though in this project, the
solution of analyzing the active and inactive molecules separately was implemented, it would be
worthwhile exploring other techniques to deal with imbalanced sets, that could provide better
representation in the models. The method of adding sample weights can be tried, though it would
be more useful to increase the number of active samples through intentional data collection and

then train the models better.

In addition, the uncalculated features — numbering to over 700 descriptors — could explain
the QSAR much better, and they can be computed to take into consideration the valuable
information in them. During feature selection, independent variables that are useless by themselves
might be useful together. Understanding combinatory feature relevance could bring into the picture
the intricate interdependencies of the molecular descriptors. Applying a priori knowledge-based
filters to the feature set and samples collected is an intensive manual process that goes against the
purpose of machine learning but could increase the likelihood of accurate predictions. The feature
selection process is a crucial part of preprocessing and greatly affects the training success of the
models. By fixing the issues we faced in calculating and filtering these descriptors, the model

accuracies and completeness can be increased.

Another cause for poorly trained models is that the random search over the hyperparameter
space could result in local minima. An exhaustive grid search can search for the global solution
and overcome the use of bad hyperparameters that influence learning tendencies. This is known to
be a source of error in our project because depths of decision trees have sometimes been found to
be one, which is impractical for effective training. This can be conducted through increase

computational resources and smarter pipelines suited to multiprocessing.
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The genetic algorithm was used to virtually synthesize a drug lead with an optimal activity
score and the accuracy of its property values is a strong function of the predictive accuracy of the
trained machine learning model powering the algorithm. Since our model performance can be
greatly improved, the results from the genetic algorithm can be honed until we obtain realistic
molecular properties that can be studied for viability from a chemistry perspective. A noteworthy
point here is that this is a working open-source Python implementation of genetic algorithms for
molecular drug design, and provides an intuitive framework for further computational research
using this technique. The code produced in this project is the first publicly available
implementation of the PyChem package, and provides detailed instructions on how to setup the

environment for the descriptor calculations.
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Chapter 4
CONCLUSIONS

This chapter summarizes the research described in this thesis and its significance, and provides

recommendations for future work.
4.1 SUMMARY AND RESEARCH SIGNIFICANCE

The code used to perform machine learning and inhibitor molecule design is meant to be
general, and applicable to a new set of molecules for a different property of interest. An open-
source software was created to take in molecular data, extract its features, filter the best features,
create models, optimize them, and use them to synthesize lead molecules that exhibit desirable
properties. Despite the low model accuracies and poor fits, the sources of error have been
enumerated and suggestions have been made— proprietary data collection techniques tailored to
the needs of research, improved techniques to measure enzyme activity, ensuring a balanced
dataset with adequate representation of diverse samples, a complete feature generation process that
takes into consideration the mechanics of the inhibition process, improved feature selection
through the inclusion of domain knowledge-based reasoning, an exhaustive hyperparameter

optimization process that searches for the global minimum avoiding local minima.

Although the results of this project show many shortcomings of the present techniques,
advances in 3-D QSAR are leading to better characterization of molecules and calculation of their
properties. Increases in computer power allow more data points to be generated for surface
properties, making the current field of functions closer estimations of macro-properties than ever
before. With the right combination of good data, techniques and computational power, the
potential for such work is immense in the development of novel and effective drugs against various

target diseases. By making our methodology and practices freely available to the public, we seek
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to further openness and transparency in chemical engineering research - an accelerator for

scientific progress. This project has provided a promising pipeline that can serve as a guideline for

future work in the field of cheminformatics.

4.2

FUTURE WORK

The following steps can be pursued to improve the work completed in this project:

Vi.

The software was created to be used more widely, and applicable to a new set of molecules
for a different property of interest. We can further the code to accept inputs of public and

proprietary datasets and generalize the software for extended use.

Design a graphical user interface (GUI) using a web-based Flask application, with a

backend Python framework.

The uncalculated features — numbering to over 700 — could explain the QSAR much better,
and they can be computed to take into consideration the valuable information that might
be in them. By fixing the issues we faced in calculating these descriptors, the model

accuracies and completeness can be increased.

Depending on the nature of the dataset and interpretability of feature spaces, an intuition
and knowledge-based preliminary feature reduction mechanism will enhance the quality of

model inputs.

Optimize the model creation process using powerful machines that can search over a finer

hyperparameter space to reach the global minimum and avoid local minima.

The molecular properties obtained from the genetic algorithm can be tested for practicality,
and if it is not practical, some knowledge-based constraints can be placed on the genetic

algorithm and fitness function.
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vii.  Add unit tests to the package to write faster and more robust code of higher quality;
improve code definition, design and re-use (both code and tests can be migrated to a new
project). This also helps write larger chunks of code through test-driven development,

providing on-the-go sanity checks.
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APPENDIX

Table A.1: List of descriptors that can be calculated using PyChem. Those that have been
calculated and those that have not been calculated (to date) are highlighted blue and red,

respectively.

Constitutional descriptors (30)
1 | Weight Molecular weight
2 | nhyd Count of hydrogen atoms
3 | nhal Count of halogen atoms
4 | nhet Count of hetero atoms
5 | nhev Count of heavy atoms
6 | ncof Count of F atoms
7 | ncocl Count of Cl atoms
8 | ncobr Count of Br atoms
9 | ncoi Count of I atoms
10 | ncarb Count of C atoms
11 | nphos Count of P atoms
12 | nsulp Count of S atoms
13 | noxy Count of O atoms
14 | nnitro Count of N atoms
15 | nring Number of rings
16 | nrot Number of rotatable bonds
17 | ndonr Number of H-bond donors
18 | naccr Number of H-bond acceptors
19 | nsb Number of single bonds
20 | ndb Number of double bonds
21 | ntb Number of triple bonds
22 | naro Number of aromatic bonds
23 | nta Number of all atoms
24 | AWeight Average molecular weight
25-30 | PC1 - PC6 Molecular path counts of length 1-6
Topological descriptors (35)
1w Weiner index
2 | AW Average Weiner index
31J Balaban’s J index
4 | Thara Harary number
5| Tsch Schiultz number
6 | Tigdi Graph distance index
7 | Platt Platt number
8| Xu Xu index
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9 | Pol Polarity number
10 | Dz Pogliani index
11| Ipc Ipc index
12 | BertzCT BertzCT
Gutman molecular topological index based on simple
13 | GMTI vertex degree
14-15 | ZM1-ZM2 Zagreb index with order 1-2
16-17 | MZM1-MZM2 Modified Zagreb index with order 1-2
18 | Qindex Quadratic index
19 | diametert Largest value in the distance matrix
20 | radiust radius based on topology
21 | petitjeant Petitjean based on topology
the logarithm of the simple topological index by
22 | Sito Narumi
23 | Hato harmonic topological index proposed by Narnumi
24 | Geto Geometric topological index by Narumi
25 | Arto Arithmetic topological index by Narumi
26 | IS1Z Total information index on molecular size
27 | TIAC Total information index on atomic composition
28 | DET Total information index on distance equality
29 | IDE Mean information index on distance equality
30 | IVDE Total information index on vertex equality
31 | Sitov Logarithm of the simple topological index by Narumi
32 | Hatov Harmonic topological index proposed by Narnumi
33 | Getov Geometric topological index by Narumi
Gravitational topological index based on topological
34 | Gravto distance
Gutman molecular topological index based on valence
35 | GMTIV vertex degree(logl10)
Connectivity descriptors (44)
Valence molecular connectivity Chi index for path
1 11 | Oxpv - 10ypv order 0-10
Valence molecular connectivity Chi index for three
12 | 3yvc cluster
Valence molecular connectivity Chi index for four
13 | 4yvc cluster
Valence molecular connectivity Chi index for
14 | 4yvpc path/cluster
Valence molecular connectivity Chi index for cycles
15-18 | 3yvCH - 6yvCH of 3-6
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Simple molecular connectivity Chi indices for path

19-29 | Oxp - 10yp order 0-10
Simple molecular connectivity Chi indices for three
30 | 3yc cluster
Simple molecular connectivity Chi indices for four
31 | 4yc cluster
Simple molecular connectivity Chi indices for
32 | 4ypc path/cluster
Simple molecular connectivity Chi indices for cycles
33-36 | 3xCH - 6xCH of 3-6
37 | mChil mean chil (Randic) connectivity index
38 | knotp the difference between chi3c and chi4pc
39 | dchi0 the difference between chiOv and chi0
40 | dchil the difference between chilv and chil
41 | dchi2 the difference between chi2v and chi2
42 | dchi3 the difference between chi3v and chi3
43 | dchi4 the difference between chi4v and chi4
44 | knotpv the difference between chiv3c and chiv4pc
Kappa descriptors (7)
1| lxa Kappa alpha index for 1 bonded fragment
2 | 2xa Kappa alpha index for 2 bonded fragment
3| 3xa Kappa alpha index for 3 bonded fragment
4 | phi Kier molecular flexibility index
5| 1k Molecular shape Kappa index for 1 bonded fragment
6 | 2« Molecular shape Kappa index for 2 bonded fragment
7|3k Molecular shape Kappa index for 3 bonded fragment
Basak descriptors (21)
1]1C0O Information content with order O proposed by Basak
2|IC1 Information content with order 1 proposed by Basak
3|1C2 Information content with order 2 proposed by Basak
4|1C3 Information content with order 3 proposed by Basak
5| I1C4 Information content with order 4 proposed by Basak
6| IC5 Information content with order 5 proposed by Basak
711C6 Information content with order 6 proposed by Basak
Structural information content with order O proposed
8 | SICO by Basak
Structural information content with order 1 proposed
9| SIC1 by Basak
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Structural information content with order 2 proposed
10 | SIC2 by Basak
Structural information content with order 3 proposed
11| SIC3 by Basak
Structural information content with order 4 proposed
12 | SIC4 by Basak
Structural information content with order 5 proposed
13| SIC5 by Basak
Structural information content with order 6 proposed
14 | SIC6 by Basak
Complementary information content with order 0
15| CICO proposed by Basak
Complementary information content with order 1
16 | CIC1 proposed by Basak
Complementary information content with order 2
17 | CIC2 proposed by Basak
Complementary information content with order 3
18 | CIC3 proposed by Basak
Complementary information content with order 4
19 | CIC4 proposed by Basak
Complementary information content with order 5
20 | CIC5 proposed by Basak
Complementary information content with order 6
21 | CIC6 proposed by Basak
E-state descriptors (245)
1|81 Sum of E-State of atom type: sLi
2|S2 Sum of E-State of atom type: ssBe
3|S3 Sum of E-State of atom type: ssssBe
4| S4 Sum of E-State of atom type: ssBH
5|S5 Sum of E-State of atom type: sssB
6| S6 Sum of E-State of atom type: ssssB
7|S7 Sum of E-State of atom type: SCH3
8| S8 Sum of E-State of atom type: dCH2
9189 Sum of E-State of atom type: ssSCH2
10 | S10 Sum of E-State of atom type: tCH
11 | S11 Sum of E-State of atom type: dsCH
12 | S12 Sum of E-State of atom type: aaCH
13| S13 Sum of E-State of atom type: sssCH
14 | S14 Sum of E-State of atom type: ddC
15 | S15 Sum of E-State of atom type: tsC
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16 | S16 Sum of E-State of atom type: dsC
17 | S17 Sum of E-State of atom type: aasC
18 | S18 Sum of E-State of atom type: aaaC
19 | S19 Sum of E-State of atom type: ssssC
20 | S20 Sum of E-State of atom type: SNH3
21 | S21 Sum of E-State of atom type: SNH2
22 | S22 Sum of E-State of atom type: sSNH2
23 | S23 Sum of E-State of atom type: dNH
24 | S24 Sum of E-State of atom type: ssNH
25 | S25 Sum of E-State of atom type: aaNH
26 | S26 Sum of E-State of atom type: tN

27 | S27 Sum of E-State of atom type: sssSNH
28 | S28 Sum of E-State of atom type: dsN
29 | S29 Sum of E-State of atom type: aaN
30 | S30 Sum of E-State of atom type: sssN
31831 Sum of E-State of atom type: ddsN
32 | S32 Sum of E-State of atom type: aasN
33 ]S33 Sum of E-State of atom type: ssssN
34 | S34 Sum of E-State of atom type: sOH
35 | S35 Sum of E-State of atom type: dO

36 | S36 Sum of E-State of atom type: ssO
37 | S37 Sum of E-State of atom type: aaO
38 | S38 Sum of E-State of atom type: sF

39 | S39 Sum of E-State of atom type: sSiH3
40 | S40 Sum of E-State of atom type: ssSiH2
41 | S41 Sum of E-State of atom type: sssSiH
42 | S42 Sum of E-State of atom type: ssssSi
43 | S43 Sum of E-State of atom type: sPH2
44 | S44 Sum of E-State of atom type: ssPH
45 | S45 Sum of E-State of atom type: sssP
46 | S46 Sum of E-State of atom type: dsssP
47 | S47 Sum of E-State of atom type: sssssP
48 | S48 Sum of E-State of atom type: sSH
49 | S49 Sum of E-State of atom type: dS

50 | S50 Sum of E-State of atom type: ssS

51 | S51 Sum of E-State of atom type: aaS
52 | Sb2 Sum of E-State of atom type: dssS
53 | S53 Sum of E-State of atom type: ddssS
54 | S54 Sum of E-State of atom type: sCl

55 | S55 Sum of E-State of atom type: sGeH3
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56 | S56 Sum of E-State of atom type: ssGeH2
57 | S57 Sum of E-State of atom type: sssGeH
58 | S58 Sum of E-State of atom type: ssssGe
59 | S59 Sum of E-State of atom type: SAsH2
60 | S60 Sum of E-State of atom type: ssAsH
61 | S61 Sum of E-State of atom type: ssSAs
62 | S62 Sum of E-State of atom type: sssdAs
63 | S63 Sum of E-State of atom type: sSsSSAS
64 | S64 Sum of E-State of atom type: sSeH
65 | S65 Sum of E-State of atom type: dSe
66 | S66 Sum of E-State of atom type: ssSe
67 | S67 Sum of E-State of atom type: aaSe
68 | S68 Sum of E-State of atom type: dssSe
69 | S69 Sum of E-State of atom type: ddssSe
70 | S70 Sum of E-State of atom type: sBr
71| S71 Sum of E-State of atom type: sSnH3
72 | S72 Sum of E-State of atom type: ssSnH2
73 | S73 Sum of E-State of atom type: sssSnH
74 | S74 Sum of E-State of atom type: ssssSn
75 | S75 Sum of E-State of atom type: sl
76 | S76 Sum of E-State of atom type: sPbH3
77 | ST7 Sum of E-State of atom type: ssPbH2
78 | S78 Sum of E-State of atom type: sssPbH
79 | S79 Sum of E-State of atom type: ssssPb
80-158 | Smax1-Smax79 Maximum of E-State value of specified atom type
159-
237 | Smin1-Smin79 Minimum of E-State value of specified atom type
The sum of the EState indices over all non-hydrogen
238 | Shev atoms
239 | Scar The sum of the EState indices over all C atoms
240 | Shal The sum of the EState indices over all Halogen atoms
241 | Shet The sum of the EState indices over all hetero atoms
The sum of the EState indices over all non-hydrogen
242 | Save atoms divided by the number of non-hydrogen atoms
243 | Smax The maximal Estate value in all atoms
244 | Smin The minimal Estate value in all atoms
245 | DS The difference between Smax and Smin
Burden descriptors (64)
1 16 | bcutml-16 Burden descriptors based on atomic mass
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17-32 | bcutv1-16 Burden descriptors based on atomic volumes
33-48 | bcutel-16 Burden descriptors based on atomic electronegativity
49-64 | bcutpl-16 Burden descriptors based on polarizability
Autocorrelation descriptors (96)
Moreau-Broto autocorrelation descriptors based on
1 8 | ATSm1-ATSm8 atom mass
Moreau-Broto autocorrelation descriptors based on
9 16 | ATSv1-ATSv8 atomic van der Waals volume
Moreau-Broto autocorrelation descriptors based on
17-24 | ATSel-ATSe8 atomic Sanderson electronegativity
Moreau-Broto autocorrelation descriptors based on
25-32 | ATSp1-ATSp8 atomic polarizability
Moran autocorrelation descriptors based on atom
33-40 | MATSm1-MATSmM38 mass
Moran autocorrelation descriptors based on atomic
41-48 | MATSV1-MATSVv8 van der Waals volume
Moran autocorrelation descriptors based on atomic
49-56 | MATSel-MATSe8 Sanderson electronegativity
Moran autocorrelation descriptors based on atomic
57-64 | MATSp1-MATSp8 polarizability
54-72 | GATSm1-GATSmS8 Geary autocorrelation descriptors based on atom mass
Geary autocorrelation descriptors based on atomic van
73-80 | GATSV1-GATSv8 der Waals volume
Geary autocorrelation descriptors based on atomic
81-88 | GATSel-GATSe8 Sanderson electronegativity
Geary autocorrelation descriptors based on atomic
89-96 | GATSp1l-GATSp8 polarizability
Charge descriptors (25)
QHmax, QCmax,
1 4 | QNmax, QOmax Most positive charge on H, C, N, O atoms
QHmin, QCmin,
5 8 | QNmin, QOmin Most negative charge on H, C, N, O atoms
9 10 | Qmax, Qmin Most positive and negative charge in a molecule
QHSS, QCSS, ONSS, Sum of squares of charges on H, C, N, O and all
11 15| QOSS, QaSS atoms
16-17 | Mpc, Tpc Mean and total of positive charges
18-19 | Mnc, Tnc Mean and total of negative charges
20-21 | Mac, Tac Mean and total of absolute charges
22 | Rpc Relative positive charge
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23 | Rnc Relative negative charge
24 | SPP Submolecular polarity parameter
25 | LDI Local dipole index
Molecular property descriptors (6)
1| MREF Molar refractivity
2 | logP LogP value based on the Crippen method
3 | logP2 Square of LogP value based on the Crippen method
4 | TPSA Topological polarity surface area
5| Ul Unsaturation index
6 | Hy Hydrophilic index
MOE-type descriptors (60)
1| TPSA Topological polar surface area based on fragments
2 | LabuteASA Labute's Approximate Surface Area
MOE-type descriptors using SLogP contributions and
3 14 | SLOGPVSA surface area contributions
MOE-type descriptors using MR contributions and
15-24 | SMRVSA surface area contributions
MOE-type descriptors using partial charges and
25-38 | PEOEVSA surface area contributions
MOE-type descriptors using Estate indices and
39-49 | EstateVSA surface area contributions
MOE-type descriptors using surface area
50-60 | VSAEstate contributions and Estate indices
Geometric descriptors (12)
3-D Wiener index based geometrical distance matrix
1| W3DH (including Hs)
3-D Wiener index based geometrical distance matrix
2 | W3D (Not including Hs)
Petitjean Index based on molecular geometrical
3 | Petitj3D distance matrix
The longest distance between two atoms (geometrical
4 | GeDi diameter)
5| gravl Gravitational 3D index
6 | rygr Radius of gyration
7 | Harary3D The 3D-Harary index
8 | AGDD The average geometric distance degree
9 | SEig The absolute eigenvalue sum on geometry matrix
10 | SPAN The span R
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11 | ASPAN The average span R
12 | MEcc The molecular eccentricity
CPSA descriptors (30)
1| ASA Solvent-accessible surface areas
2 | MSA Molecular surface areas
3 | PNSAl Partial negative area
4 | PPSA1L Partial positive area
5 | PNSA2 Total charge weighted negative surface area
6 | PPSA2 Total charge weighted positive surface area
7 | PNSA3 Total charge weighted negative surface area
8 | PPSA3 Total charge weighted positive surface area
9 | DPSAl Difference in charged partial surface area
Difference in total charge weighted partial surface
10 | DPSAZ2 area
11 | DPSA3 Difference in atomic charge weighted surface area
12 | FNSA1l Fractional charged partial negative surface areas
13 | FNSA2 Fractional charged partial negative surface areas
14 | FNSA3 Fractional charged partial negative surface areas
15 | FPSA1l Fractional charged partial positive surface areas
16 | FPSA2 Fractional charged partial positive surface areas
17 | FPSA3 Fractional charged partial positive surface areas
Surface weighted charged partial negative surface
18 | WNSA1 areas
Surface weighted charged partial negative surface
19 | WNSA2 areas
Surface weighted charged partial negative surface
20 | WNSA3 areas
Surface weighted charged partial positive surface
21 | WPSAl areas
Surface weighted charged partial positive surface
22 | WPSA2 areas
Surface weighted charged partial positive surface
23 | WPSA3 areas
24 | TASA Total hydrophobic surface area
25 | PSA Total polar surface area
26 | FrITATP The fraction between TASA and TPSA
27 | RASA Relative hydrophobic surface area
28 | RPSA Relative polar surface area
29 | RNCS Relative negative charge surface area
30 | RPCS Relative positive charge surface area
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WHIM descriptors (70)

1 14

WHIM1-WHIM14

Unweighted WHIM descriptors

15-28

WHIM15-WHIM?28

WHIM descriptors based on atomic mass

29-42

WHIM29-WHIMA42

WHIM descriptors based on Sanderson
Electronegativity

43-56

WHIM43-WHIMb56

WHIM descriptors based on VDW Volume

57-70 | WHIM57-WHIM70 WHIM descriptors based on Polarizability
MoRSE descriptors (210)
1 30 | MORSEU1-30 Unweighted 3-D MoRse descriptors
31-60 | MORSEC1-30 3-D MoRse descriptors based on atomic charge
61-90 | MORSEM1-30 3-D MoRse descriptors based on atomic mass
91-120 | MORSEN1-30 3-D MoRse descriptors based on atomic number
121-
150 | MoRSEP1-30 3-D MoRse descriptors based on atomic polarizability
151- 3-D MoRse descriptors based on atomic Sanderson
180 | MORSEE1-30 electronegativity
181- 3-D MoRse descriptors based on atomic van der
210 | MORSEV1-30 Waals volume
RDF descriptors (180)
Unweighted radial distribution function (RDF)
1 30 | RDFU1-30 descriptors
Radial distribution function (RDF) descriptors based
31-60 | RDFC1-30 on atomic charge.
Radial distribution function (RDF) descriptors based
61-90 | RDFM1-30 on atomic mass
Radial distribution function (RDF) descriptors based
91-120 | RDFP1-30 on atomic polarizability
121- Radial distribution function (RDF) descriptors based
150 | RDFE1-30 on atomic electronegativity
151- Radial distribution function (RDF) descriptors based
180 | RDFV1-30 on atomic van der Waals volume
Fragment/Fingerprint-based descriptors
(Topological fingerprint) A Daylight-like fingerprint
1| FP2 based on hashing molecular subgraphs
(MACCS keys) Using the 166 public keys
2 | MACCS implemented as SMARTS
3 | E-state 79 E-state fingerprints or fragments
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4 | FP4 307 FP4 fingerprints

5 | Atom Pairs Atom Pairs fingerprints

6 | Torsions Topological torsion fingerprints

7 | Morgan/Circular Fingerprints based on the Morgan algorithm

Table A.2: Performance metrics of models using all molecule samples and active molecule

samples.

a) Mean absolute error (MAE) for all molecule samples

Number of features 25 50 75 100 150 200 250 300
Linear Regression 1.464 | 1.463 | 1.464 1462 | 1.465| 1.466 | 147 | 1.473
Neural Network 1.678 | 1.678 | 1.678 1678 | 1.678 | 1.678 | 1.678 | 1.678
Linear SVR 1.464 | 1.463 | 1.464 1.462 | 1.465 | 1.466 | 1.47 | 1.473
Decision Tree 1.451 | 147 | 1.47 1.47 | 1.47| 1.456 | 1.456 | 1.448
Ridge Regression 1.464 | 1.463 | 1.464 1.462 | 1.465| 1466 | 147 | 1473
Bayesian Ridge

Regression 1.464 | 1.463 | 1.463 1.462 | 1.463 | 1.464 | 1.465| 1.466
Lasso 1.471 | 1.463 | 1.464 1.468 | 1.462 | 1.463 | 1.461 | 1.464
Random Forest

regression 1413 | 1.398 | 1.42 1.416 | 1.431 142 | 1.416 1.42

b) Mean absolute error (MAE) for active molecule samples

Number of features 25 50 75 100 150 200 250 300
Linear Regression 6.405| 6.384| 6.357 | 6.337| 6.276 | 6.268 | 6.253 | 6.262
Neural Network 14.275 | 14.275 | 14.275 | 14.275 | 14.275 | 14.275 | 14.275 | 14.275
Linear SVR 6.405| 6.384| 6.356 | 6.337 | 6.276 | 6.267 | 6.247 | 6.256
Decision Tree 6.463 | 6.489 | 6.463 | 6.465| 6.465| 6.463 | 6.463 | 6.465
Ridge Regression 6.405| 6.384| 6.356 | 6.337| 6.276 | 6.266 | 6.247 | 6.256
Bayesian Ridge

Regression 6.406 | 6.384 | 6.355| 6.345| 6.304 | 6.288 | 6.273 | 6.269
Lasso 6.413 | 6.413 | 6.378 | 6.345| 6.278 | 6.268 | 6.281 | 6.346
Random Forest

regression 6.334 | 6.294| 6.312| 6.344| 6.367| 6.345| 6.374| 6.374

¢) Mean square error (MSE) for all molecule samples

Number of features 25 50 75 100 150 200 250 300
Linear Regression 15.164 | 15.13 | 15.115| 15.081 | 15.042 | 15.018 | 14.98 | 14.964
Neural Network 15.349 | 15.349 | 15.349 | 15.349 | 15.349 | 15.349 | 15.349 | 15.349
Linear SVR 15.164 | 15.13 | 15.115 | 15.081 | 15.042 | 15.018 | 14.98 | 14.961
Decision Tree 15.075 | 15.241 | 15.241 | 15.241 | 15.241 | 15.176 | 15.176 | 15.202
Ridge Regression 15.164 | 15.13 | 15.115| 15.081 | 15.042 | 15.018 | 14.98 | 14.962
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Bayesian Ridge

Regression 15.164 | 15.13 | 15.115| 15.084 | 15.05| 15.022 | 14.994 | 14.972

Lasso 15.211 | 15.142 | 15.153 | 15.174 | 15.125 | 15.13 | 15.118 | 15.144

Random Forest

regression 14.608 | 14.504 | 14.783 | 14.692 | 14.752 | 14.631 | 14.689 | 14.728
d) Mean square error (MSE) for active molecule samples

Number of

features 25 50 75 100 150 200 250 300

Linear Regression | 81.188 | 80.801 | 80.604 | 80.264 | 79.336 | 79.221 | 79.143 | 79.341

287.63 | 287.63 | 287.63 | 287.63 | 287.63 | 287.63 | 287.63 | 287.63

Neural Network 3 3 3 3 3 3 3 3

Linear SVR 81.188 | 80.801 | 80.603 | 80.262 | 79.338 | 79.200 | 79.077 | 79.188

Decision Tree 82.855 | 82.251 | 82.855 | 82.384 | 82.384 | 82.855 | 82.855 | 82.384

Ridge Regression 81.188 | 80.801 | 80.603 | 80.262 | 79.340 | 79.198 | 79.072 | 79.190

Bayesian Ridge

Regression 81.126 | 80.629 | 80.306 | 80.174 | 79.538 | 79.328 | 79.102 | 79.059

Lasso 81.201 | 80.956 | 80.385 | 80.212 | 79.348 | 79.195 | 79.193 | 79.776

Random Forest

regression 76.645 | 75.487 | 76.521 | 78.174 | 78.872 | 76.120 | 77.208 | 79.215
e) Median absolute error (MedAE) for all molecule samples

Number of features 25 50 75 100 150 200 250 300

Linear Regression 0.726 | 0.72 0.72 | 0.713 | 0.709 | 0.706 | 0.711| 0.711

Neural Network 1 1 1 1 1 1 1 1

Linear SVR 0.726 | 0.72 0.72| 0.713| 0.709 | 0.706 | 0.711| 0.711

Decision Tree 0.49 | 0547 | 0.547 | 0.547 | 0.547 | 0.49 049 | 0.632

Ridge Regression 0.726 | 0.72 0.72| 0.713| 0.709 | 0.706 | 0.711| 0.711

Bayesian Ridge

Regression 0.726 | 0.721 | 0.722| 0.713 | 0.709 | 0.708 | 0.707 | 0.709

Lasso 0.737 | 0.726 | 0.727| 0.734 | 0.719| 0.719 | 0.717| 0.723

Random Forest

regression 0.553 | 0.527 | 0.546 | 0.552 | 0.581 | 0.542 | 0.542 | 0.556
f) Median absolute error (MedAE) for active molecule samples

Number of features 25 50 75 100 150 200 250 300

Linear Regression 5.184 | 5.257 | 5.243 | 5.275| 5.186 | 5.150 | 5.155| 5.153

Neural Network 9.000 | 9.000 | 9.000 | 9.000 | 9.000 | 9.000 | 9.000| 9.000

Linear SVR 5.184 | 5.256 | 5.243 | 5.274 | 5.177 | 5.150 | 5.131| 5.156

Decision Tree 4650 | 5423 | 4.650| 4.409 | 4.409 | 4650 | 4.650| 4.409

Ridge Regression 5.184 | 5.256 | 5.246 | 5.276 | 5.180 | 5.155| 5.115| 5.147

Bayesian Ridge

Regression 5189 | 5.261 | 5.258 | 5.299 | 5.220 | 5.203 | 5.148 | 5.150
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Lasso 5170 | 5184 | 5.242 | 5300 | 5.191 | 5.186 | 5.179 | 5.244
Random Forest
regression 4,655 | 4.651 | 4.667 | 4770 | 4.787 | 4.716 | 4.695| 4.748
g) R2score for all molecule samples
Number of features 25 50 75 100 150 200 250 300
Linear Regression 0.014 | 0.016 | 0.017| 0.019| 0.022 | 0.024 | 0.026 | 0.027
Neural Network 0.003 | 0.003 | -0.003 | 0.003 | -0.003 | 0.003 | -0.003 | -0.003
Linear SVR 0.014 | 0.016 | 0.017| 0.019 | 0.022 | 0.024 | 0.026 | 0.027
Decision Tree 0.02 | 0.009 | 0.009 | 0.009 | 0.009| 0.013| 0.013| 0.012
Ridge Regression 0.014 | 0.016 | 0.017| 0.019| 0.022 | 0.024 | 0.026 | 0.027
Bayesian Ridge
Regression 0.014 | 0.016 | 0.017| 0.019| 0.021 | 0.023 | 0.025| 0.027
Lasso 0.011 | 0.016 | 0.015| 0.013| 0.017 | 0.016 | 0.017 | 0.015
Random Forest
regression 0.05| 0.057 | 0.039 | 0.045| 0.041| 0.049 | 0.045| 0.042
h) R?score for active molecule samples
Number of features 25 50 75 100 150 200 250 300
Linear Regression 0.032 | 0.036 | 0.039 | 0.043 | 0.054 | 0.055| 0.056 | 0.054
Neural Network 2430 | 2430 | -2.430|2.430 | -2.430 | 2.430 | -2.430 | -2.430
Linear SVR 0.032 | 0.036 | 0.039|0.043 | 0.054 | 0.056 | 0.057| 0.056
Decision Tree 0.012 | 0.019| 0.012|0.018| 0.018 | 0.012| 0.012| 0.018
Ridge Regression 0.032 | 0.036 | 0.039|0.043 | 0.054 | 0.056 | 0.057| 0.056
Bayesian Ridge
Regression 0.033 | 0.038| 0.042|0.044| 0.051| 0.054| 0.057| 0.057
Lasso 0.032 | 0.035| 0.041|0.043| 0.054 | 0.056 | 0.056| 0.049
Random Forest
regression 0.086 | 0.100 | 0.087 | 0.068 | 0.059 | 0.092 | 0.079 | 0.055
i) Explained variance score (EVS) for all molecule samples
Number of features 25 50 75 100 150 200 250 300
Linear Regression 0.014 | 0.016 | 0.017| 0.019 | 0.022 | 0.024 | 0.026 | 0.027
Neural Network 0 0 0 0 0 0 0 0
Linear SVR 0.014 | 0.016 | 0.017| 0.019| 0.022 | 0.024 | 0.026 | 0.027
Decision Tree 0.02 | 0.009 | 0.009 | 0.009 | 0.009 | 0.013| 0.013| 0.012
Ridge Regression 0.014 | 0.016 | 0.017| 0.019| 0.022 | 0.024 | 0.026 | 0.027
Bayesian Ridge
Regression 0.014 | 0.016 | 0.017| 0.019| 0.021 | 0.023 | 0.025| 0.027
Lasso 0.011 | 0.016 | 0.015| 0.013| 0.017 | 0.016 | 0.017 | 0.015

52




Random Forest

regression 0.05| 0.057 | 0.039| 0.045| 0.041| 0.049| 0.045| 0.042
J) Explained variance score (EVS) for active molecule samples

Number of features 25 50 75 100 150 200 250 300
Linear Regression 0.032 | 0.037| 0.039| 0.043| 0.054 | 0.055| 0.056 | 0.054
Neural Network 0.000 | 0.000 | 0.000| 0.000 | 0.000| 0.000 | 0.000 | 0.000
Linear SVR 0.032 | 0.037 | 0.039 | 0.043 | 0.054 | 0.056 | 0.057 | 0.056
Decision Tree 0.012 | 0.019| 0.012| 0.018 | 0.018 | 0.012 | 0.012 | 0.018
Ridge Regression 0.032 | 0.037| 0.039| 0.043 | 0.054 | 0.056 | 0.057 | 0.056
Bayesian Ridge

Regression 0.033 | 0.039| 0.042 | 0.044 | 0.052 | 0.054 | 0.057 | 0.057
Lasso 0.032 | 0.035| 0.041| 0.044 | 0.054 | 0.056 | 0.056 | 0.049
Random Forest

regression 0.086 | 0.100 | 0.088 | 0.068 | 0.060 | 0.093 | 0.080 | 0.056
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