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Abstract 

Currently, it takes around 2 billion dollars and 15 years to bring a drug to market. The 

excessive cost and time can be partly attributed to issues within the drug discovery 

pipeline. This research focuses on speeding up the time it takes to bring a drug to 

market as well as the associated cost. This is done by applying machine learning 

methods to early-stage drug discovery to improve hit rates, improve the quality of 

data, and investigate the size of the dataset needed for training ML models. More 

specifically, this study investigates the predictive power of ML models in the 

classification of growth inhibitory activity, colloidal aggregation, and enzyme 

inhibition. Furthermore, in the case of colloidal aggregation and enzyme inhibition, a 

subset of ML known as xAI (explainable AI) is utilized to gain insights into how the 

model makes predictions by having said model explain itself. While it is not yet clear 

whether this work has directly accelerated the drug discovery pipeline, it has 

contributed meaningfully to the process. Notable outcomes include: the 

development of a ML model used in identifying a lead compound, a predictive xAI 

model for small molecules for identifying and modifying aggregation, and a 

foundation for an xAI model that predicts enzyme inhibition of small molecules. 

Additionally, this work has improved data quality and provided insights into the 

optimal size and balance of training datasets for ML models.
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1.1 Introduction to The Drug Discovery Pipeline 

 The process of bringing a new drug to market typically takes 12-15 years and 

requires an investment of around 2.6 billion dollars.1 It is also estimated that out of 

every 20,000 drug candidates tested in animals, only ten will make it to human drug 

trials, and of those 10, only 1 compound will make it to market. The often-overlooked 

aspect of the above numbers is that to get 20,000 compounds that are able to move 

on to testing in animals, millions, of compounds must first be screened.1 This process 

of taking millions of molecules and finding a novel drug is known as the drug discovery 

pipeline (Figure 1.1). Drug discovery consists of five steps, the first two steps will be 

referred to as early drug discovery and will be examined further in the coming sections 

of this chapter.   

 

Figure 1.1. The drug discovery pipeline is broken down into the five processes 

required to bring a drug to market.2,3  

1.2: Early Drug Discovery  

 Early drug discovery encompasses the first three stages of the drug discovery 

pipeline (Figure 1.1). It begins with the selection of a suitable therapeutic target, such 

as a protein, gene, or pathway that plays a crucial role in disease pathology.2 This 

initial stage involves validating the target’s relevance to the disease and assessing its 
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draggability, which is an assessment of the target to determine if it can be modulated 

with a small molecule.4 Once a target is identified, stage 2 of the pipeline is entered, 

and researchers engage in hit discovery, using a variety of screening methods to 

identify molecules that can interact with the target.2, 3 At the end of stage 2, hit 

compounds, or compounds that have the desired effect, are evaluated for drug-

likeness and favorable compounds move on to stage 3 as lead compounds. Drug-

likeness is a qualitative measure of a compound's similarity to known drug 

compounds. Drug-likeness can look at many molecular features but often looks at 

log P, molecular weight, and number of hydrogen bond donors and acceptors, to 

name a few.5 In stage 3, lead compounds are further refined and optimized for 

potency and selectivity. These compounds are then subjected to biological testing 

through in vitro and in vivo assays, which evaluate their efficacy, toxicity, and 

pharmacokinetics, providing critical data that will inform further development in the 

drug discovery pipeline.3 After stage 3, lead compounds with desired effects become 

drug candidates, and clinical trials begin. 

 The initial stages of drug development are critical to the identification of new 

drug targets and scaffolds, and as a result, both academic and industrial researchers 

are focused on ways in which to improve the early stages of drug development. 

Researchers, however, face significant challenges, including identifying novel and 

biologically relevant therapeutic targets, as many targets are not easily druggable. Hit 

identification and lead optimization are also complex, as only a small fraction of 
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screened compounds demonstrate the desired efficacy, specificity, and safety 

profiles. Additionally, the biological testing of lead compounds often reveals 

unforeseen toxicity or poor pharmacokinetic properties, leading to high attrition 

rates, above 90%, even before clinical trials.6   

 While there are issues listed above for stage 3 of the pipeline which leads to 

high attrition rates, it should be noted that issues in stage 2 also contribute to high 

attrition rates, therefore, it is important to understand how lead compounds are 

identified. There are a couple different methods for finding a lead compound one of 

the most widely utilized methods in the wet lab is HTS, and in-silico it is HTVS. 

1.2.1 High Throughput Screening 

 High-throughput screening is a key technology in early drug discovery, 

enabling the rapid evaluation of thousands to millions of compounds for biological 

activity against a specific target. This approach has revolutionized early drug 

discovery by significantly accelerating the lead identification process, reducing the 

time required to find promising compounds.7  

  Although HTS has accelerated the testing of large compound libraries, 

challenges remain in producing high-quality data that can be utilized effectively in the 

drug discovery process. The first issue with HTS is that it can generate a lot of false 

positives, causing researchers to investigate compounds that will be of no use.8 False 

hit compounds are commonly referred to as PAINS (Pan Assay INterfearance 

compoundS).9 PAINS can be broken down into different classes based on their 
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mechanism of action. Classes of PAINS encompass many structural features like 

epoxides and nitro alkenes. However, the most prevalent PAINS are small colloidally 

aggregating molecules (SCAMS). SCAMS account for around 80% of false hits in HTS 

data, and it has been found that ~20% of small molecules in publicly available 

compound libraries aggregate at a concentration of 30 μM, a common assay 

concentration.10  

 The second issue with HTS is the lack of diversity in the compound libraries 

that are being tested. Most libraries of small molecules are constructed of “drug-like 

compounds” that have similar qualities and characteristics when compared to drugs 

that are on the market.11 Common drug-like characteristics are generally structural 

features, like size and number of Hydrogen-bond donors/acceptors, but can also be 

nonstructural features like logP.12 These criteria for inclusion in the screening process 

limit the structural and chemical diversity of the libraries and mean that there are 

potential compounds and even classes of compounds being overlooked as new 

drugs because they do not fit the classical definition of a drug scaffold. While an 

obvious fix to this would be to synthesize many different classes of compounds, this 

becomes an issue as synthesizing millions of compounds requires a large investment 

in time and money. Also, due to the nature of parallel synthesis, if millions of 

compounds are to be synthesized in a short period of time, the diversity of the 

chemical space would still not ensure the structural diversity was appropriate for the 

screen.11  
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 The diversity issue of HTS is further exacerbated when one is looking 

specifically for antibiotic compounds. With only a few exceptions, antibiotics fall into 

one of twelve classes (Figure 1.2). 
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Figure 1.2 An example of the 12 common classes of antibiotics, where the structures 

of the common antibiotic scaffold appears under the name of said class13    

1.2.2 In-Silico Methods 

In order to combat some of the issues that arise from a lack of diversity in the 

data, researchers rely on in-silico methods as more diverse compounds can be 

selected for a screen, and parallel synthesis of all compounds is not required.14 One 

common method used is High Throughput Virtual Screening (HTVS). HTVS follows the 

same idea as HTS, however the activity of a compound toward a target is predicted 

in-silico instead of being evaluated in-vivo/vitro. HTVS is classified as one of many 

Computer Aided Drug Design (CADD) methods.  

There are many different approaches to CADD with the two main approaches 

being: ligand-based and structure-based design (Figure 1.3).15 Figure 1.3 shows some 

of the many options researches have in utilizing CADD, specifically researchers can 

take the overall methods of CADD and apply them in different ways to achieve their 

goals. Whether scientists take a structure-based approach or ligand-based 

approach, in most cases CADD leads to HTVS. Note: only the methods that are 

applied in later chapters of the thesis will be introduced in this section. 
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Figure 1.3 generalized workflow of CADD methods illustrating how CADD can 

branch into different approaches but ultimately can lead to the same screening in 

the end. 

Ligand based drug design (LBDD) is employed in CADD when the 3D 

structure of the target protein is unknown.16 This approach focuses on taking a 

ligand with known activity and modifying its structural and electronic properties to 

develop a more potent drug. LBDD typically involves comparing the lead compound 

to known active molecules to identify shared features. Once these features have 

been identified, structural modification to other functional groups on the ligand can 

be made to enhance the efficacy of the drug candidate.  
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Another approach to LBDD involves the use of 2D or 3D quantitative structure-

activity relationships (QSAR), pharmacophore modeling, and statistical models to 

validate the data.16, 17 For example, pharmacophore modeling software, such as that 

from OpenEye Scientific, assigns each functional group in the molecule a color based 

on its hydrogen bonding, hydrophobic, aromatic, or ionic characteristics (Figure 1.4). 

These properties are represented as spheres, and when two molecules are 

compared, their assigned colors are overlaid. The degree of overlap is then 

calculated, and a similarity score is assigned to each molecule based on their 

similarity. 

  

Figure 1.4 (left) The 2D representation of identified pharmacophores for the 

molecule. (right) the 3D representation of the figure on the left, and the input for 

calculating color tanimoto.18 

Apart from calculating similarity, pharmacophore modeling can also be 

utilized in the generation of bioisosteres. Bioisosteres can be split into two catigories, 

being classical and non-classical. Classical bioisosteres are compounds that 
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contain substitutions from one another but have physical similarities and related 

molecular shapes while maintaing similar activity. An example of a classical 

bioisoteric replacement would be replacing a methyl group with an alcohol. 

Alternatively non-classical bioisosteres do not have the same number of atoms and 

also differ in their steric and electronic properties while manting similary activity. An 

example of a non-classical bioisosteric replacement would be replacing a benzene 

ring with a thiophene.19  

Structure-based approaches to CADD look at and predict how small 

molecules will sit in a protein's active site and try to find molecules that similarly fill 

that space. 20 These approaches are primarily based on atomic level structures of the 

protein-ligand complex, typically determined via X-ray crystallography or NMR 

spectroscopy. Structure based drug design (SBDD) can be broken down into two 

major approaches. The first approach in SBDD is HTVS, which uses software to 

predict the properties of a small molecule and how said small molecule will interact 

with a protein. A subset of HTVS that is often used is molecular docking. Molecular 

docking is an in-silico method where the software calculates the preferred pose of a 

small molecule in the active site of the target protein as well as the binding energy of 

that pose. Benefits of SBDD are that HTVS can be used to increase the hit rate of HTS, 

and that the number of compounds being screened can increase as you only need 3D 

coordinates of a ligand and do not need to synthesize it.21  
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Property prediction in CADD is very important as different trends have been 

observed when it comes to “drug-likeness” so being able to accurately describe a 

molecule will allow for one to see if their compound is “drug-like”. Various properties 

known as molecular descriptors can be calculated, such as logP (the logarithm of the 

octanol-water partition coefficient), globularity (a measure of how closely the small 

molecule represents a sphere), or presence of certain functional groups. These 

functional groups can be examined, and other researchers have found trends 

allowing for the formation of “rules” to evaluate a small molecules “drug-likeness”. 

Perhaps the most famous of these “rules” are Lipinski’s rules, which state a small 

molecule with oral bioavailability will have no more than 5 Hydrogen-bond donors, no 

more than 10 Hydrogen-bond acceptors, a molecular weight under 500 Daltons, and 

a logP lower than 5.22 Compounds are considered to satisfy Lipinski’s rules if they 

break no more than 2 of the above rules. Lipinski’s rule of five was developed to 

predict whether or not a small molecule will have oral bioavailability.  Lipinski’s rules 

were developed when looking at a database of known approved drug compounds. 

There are many exceptions to these “rules”, and as such it is widely accepted that 

Lipinski’s rules are flawed and many variations (Hiremath, Ghose, Veber) of the rules 

have been proposed.23-25 When considering all “rules” mentioned above, a small 

molecule is likely to be a drug if it is rigid, has minimal rotatable bonds, a log P 

between -0.4 and 5, has a total polar surface area less than 140 Å2, has between 20 

and 70 atoms with less than 12 Hydrogen bonding atoms, and finally is somewhere in 

the weight range of 180-500 Daltons.22-25 
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Property prediction becomes especially important with dealing with 

antibiotics, which often exhibit distinct features compared to other drug classes. For 

example, macrolides tend not to satisfy Lipinski’s rules as they are larger than 500 

Daltons and have more than 5 hydrogen bond donors and more than 10 hydrogen 

bond acceptors yet are still viable drugs. Indeed, other antibiotics tend not to follow 

these variants of Lipinski’s rules. The reason antibiotics have different features than 

drugs targeting other enzymes, as identified by Lipinski’s rules, is because of the 

target. Different features of the molecule are important for antibiotics to have 

because of the nature of targeting a prokaryote cell vs a eukaryote cell. The difference 

in features becomes further apparent when looking at Gram-positive (GP) vs Gram-

negative (GN) targeting antibiotics. It has been found that when comparing GP and 

GN agents to each other GP agents generally have higher molecular weights, higher 

polar surface areas, lower lipophilicity, and a higher number of Hydrogen-bond donor 

and acceptors.26 Alternatively, GN agents are more polar, often charged at 

physiological pH, and are size-limited (MW <600 Da) due to porin-imposed diameter 

limits.26  

While antibiotics tend not to follow Lipinski’s rules, GN agents have had the 

eNTRy rules created to predict the accumulation of a small molecule within the GN 

bacteria. The eNTRy rules state that compounds need a non-sterically encumbered 

ionizable Nitrogen, with primary amines being preferred, low Three-dimensionality 

with a globularity ≤ 0.25 and are relatively Rigid with rotatable bonds ≤ 5.27  
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Another important feature of CADD is the ability to rapidly calculate structural 

similarity of molecules using Tanimoto scores. A shape Tanimoto score is calculated 

by first calculating the van der Waals radii for each molecule, aligning the centers of 

mass, and then calculating the amount of overlap in radii between the molecules. 

This is then reported on a scale between 0-1 wherein 0 is no overlap and 1 is full 

overlap. This can be added to a color Tanimoto score which assigns functional groups 

a color for each molecule and calculates overlap in a similar fashion again reporting 

on a scale of 0-1. Upon addition to these two scores, one gets a Tanimoto combo 

score which is on a scale of 0-2 where once again 0 is no overlap and 2 is full color 

and shape overlap (identical molecules).18 

While SBDD and LBDD are established in silico approaches for identifying lead 

compounds other in silico methods that utilize HTVS are currently being developed 

as potentially powerful predictive models in the field of drug discovery. The models 

that are currently being developed tend to fall under the umbrella of Machine 

Learning (ML).28 The results of HTVS (i.e., docked score or RMSD’s of docking poses) 

can be used to train ML algorithms. This is important as a large amount of data is 

needed to train ML models, models which have the ability to further speed up the drug 

discovery pipeline. Whether it be through preprocessing methods to filter out PAINS, 

or identify negative ADMET (Absorption, Distribution, Metabolism, Excretion and 

Toxicity) properties, or it be as a predictive tool to identify novel antibiotics, ML is a 

fast method that can speed up the drug discovery pipeline. 
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1.2.3 Machine Learning Methods 

1.2.3.1 Machine Learning Overview 

Machine learning models used in drug discovery typically learn from data 

through one of two primary approaches: supervised and unsupervised learning.29, 30 

These methods differ in how the model is exposed to data and how it draws 

conclusions. In supervised learning, the model is provided with a dataset that 

consists of known input-output pairs. The input might represent features such as 

chemical structures or biological activity, while the output corresponds to the desired 

result, such as whether a compound is effective in a particular context. By training on 

these input-output pairs, the model learns to predict the outcome for new, unseen 

inputs by leveraging the patterns it has recognized during training. Unsupervised 

learning involves giving the model only input data without any corresponding output 

labels. In this case, the model must analyze the data on its own and identify any 

underlying patterns, clusters, or relationships. This can be particularly valuable for 

exploratory tasks where there is no predefined outcome, such as grouping 

compounds with similar chemical properties or discovering new relationships 

between molecular features and biological effects.  

Several machine learning algorithms have become predominant in drug 

discovery. These include methods such as Random Forest (RF), which is a decision 

tree-based ensemble model commonly used for classification and regression tasks; 

Extreme Gradient Boosting (XGBoost), which builds strong predictive models by 

sequentially improving upon errors made by previous models; Directed Message 
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Passing Neural Networks (DMPNN), which are designed to capture the relationships 

within molecular graphs, making them particularly suitable for understanding 

chemical structures; Graph Attention Networks (GATs), which focus on the most 

important nodes within molecular graphs, thereby improving accuracy in tasks like 

predicting drug-target interactions; and Support Vector Machines (SVM), a popular 

method for binary classification tasks, often used to predict whether a compound is 

active or inactive in biological assays.30, 31 

1.2.3.2 Machine Learning Architectures 

A. 

 

B. 

 

Figure 1.5 A)Example of the underlying architecture of RF and XGBoost.30 (Decision 

Tree), wherein the root node is the data being input into the model, each decision 
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node represents a decision task meaning the input is examined by the model and 

based on features categorized by decision nodes, and each terminal node is the 

output prediction by the model. B) Example of the underlying architecture of 

DMPNN, GAT, and SVM.31 (Neural Network) In this example the input is a list of 

SMILE strings, the hidden layer is where the model does its learning and is a black 

box, and the output is the input list plus the predictions made by the model.  

A decision tree is a supervised learning method that serves as the foundation 

for algorithms like Random Forest and XGBoost (Figure 1.5 A). In a decision tree, an 

input is provided at the root node, and the algorithm selects which branch to follow 

based on how well the criteria for that branch is met, ultimately reaching a leaf or 

terminal node, which represents the output. Both RF and XGBoost both use multiple 

decision trees, but they differ in their approach. RF builds all trees in parallel and 

combines their results to improve accuracy, whereas XGBoost builds trees 

sequentially, with each tree aiming to correct the errors of the previous ones.32  

A Neural Network can be used as a supervised or unsupervised learning 

method, it is inspired by the human brain and is the foundation of algorithms like 

DMPNN or GAT models. SVM is a supervised learning model, but its architecture is 

more closely related to that of a neural network (Figure 1.5 B) Neural networks are 

also the underlying architecture for DMPNN and GAT models. Both models are 

unsupervised learning models meaning the user inputs data that is then run through 

N number of hidden layers before an output is then given. Due to the unknown nature 
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of the hidden layers and what is being connected in them, Explainable Artificial 

Intelligence (XAI) has been developed to shine a light on some of the connections 

being made in these layers. 

1.2.3.3 Explainable Artificial Intelligence 

Most ML models function as black boxes, making it difficult to understand how 

they arrived at their predictions, XAI provides interpretability to the decisions made 

by these models. Unlike the other algorithms, XAI can be applied across different 

architectures, whether they are tree-based models, such as RF and XGBoost, or 

neural network-based models like DMPNN and GAT. XAI provides transparency and 

can help researchers and regulators understand the reasoning behind the model's 

predictions, which is particularly important in the highly regulated field of drug 

development.33 

While ML in drug discovery shows great promise, the data that is fed into the 

algorithm to train it has some shortcomings. A major issue with using machine 

learning to predict active compounds is that there is rarely enough available data to 

train and test the algorithm. To appropriately train and test a data set, one generally 

needs tens of thousands of data points. This can be a challenge as finding that many 

compounds that have activity data against one target is extremely difficult.34  

1.2.3.4 Data Requirements 

Data is paramount when it comes to ML as one needs to both train and test 

the algorithm, which is done by first inputting data, in this case, features that describe 
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small molecules as well as the molecule's classification as active or inactive. The 

algorithm then “learns” and predicts what compounds are active and what 

compounds are inactive using unseen connections. Once trained, different known 

active and inactive compounds are given to the algorithm so that the user can 

determine if the algorithm is correctly predicting the activity of compounds. A nice 

example of this is reported by Johnson et al. where they discovered new classes of 

inhibitors for M. tuberculosis.35 Using M. tuberculosis hypomorphs, which are mutant 

strains of the bacteria lacking essential targets, Johnson and coworkers discovered 

the mechanism of action for 45 new small molecules against M. tuberculosis, many 

of which included new scaffolds; this was completed using ML algorithms and 

experimentally validated results.35 While the Johnson paper shows that their method 

is successful, for this project the greater interest is the inputs provided to the 

algorithm in the learning stage. For example, in the Johnson paper the researchers 

report that their inputs had 400 dimensions, meaning they had 400 descriptors for 

each molecule input into their algorithm.35 In general, researchers that are using both 

supervised and unsupervised methods are using molecular features that are 

represented as both multidimensional and 1D vectors.35–39 Molecular features, which 

are discussed more in depth below, are different ways in which a molecule can be 

described. 

One reason large data sets are important is that with smaller data sets one 

runs the risk of over or underfitting the algorithm. Over fitting occurs when the 
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algorithm learns the nonpredictive features of the data well enough that it negatively 

effects the output generated by the model.40 In contrast underfitting occurs when the 

algorithm is unable to find a relationship between the input and output data even in 

the training set.40 

 A second shortcoming of the training data used in drug discovery ML 

algorithms is the presence of PAINS. While there are many PAINS filters available for 

in silico methods, not all PAINS are currently classified. This makes properly 

determining if a molecule is a PAINS or just a false positive a daunting task. As such, 

PAINS can often be published as a good lead compound before other researchers 

discover that it is a PAINS.41, 42 While PAINS filters can be applied, the available PAINS 

filters have some issues. The issues from PAINS filters stem from the fact that they 

are based on molecular fragments not on the molecule as a whole. Thus, a compound 

can be misclassified relatively easily if it has a nonactive fragment that is considered 

a PAINS compound. This misclassification is then an issue for training ML models as 

accurate data is needed in order to get an accurate model.  

Finally, researchers need to account for the balance of the training dataset as 

well. A datasets balance refers to the amount of one class to another in a 

classification task. An example of this would be a dataset of drug compounds and 

how many are active compounds verse how many are inactive compounds, if there is 

near 50% active to 50% inactive split the dataset is balanced if there is 75% active to 

25% inactive split that would be an imbalanced dataset. 
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1.2.3.5 Evaluation of ML Models 

ML algorithms are often evaluated using the Area Under the Curve (AUC) of a 

Receiver Operating Characteristics (ROC) curve. A ROC is the plot of the true positive 

rate vs the false positive rate (Figure 1.6 B). The true and false positives are 

determined using the test set data where the activity of the compounds is already 

known and is often reported in a confusion matrix. A confusion matrix (Figure 1.6 A) 

is a way to represent data in terms of true positives (TP), true negatives (TN), false 

positives (FP), and false negatives (FN). 

 

Figure 1.6 A) Labeled confusion matrix B) Example ROC plot43 C) example PRC plot44 
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In lay terms, Figure 1.6 A shows a confusion matrix which is just a comparison 

to the actual label of your data and the model's prediction of your data. from a 

confusion matrix, one can calculate many different metrics for evaluating a model's 

performance. Figure 1.6 B shows an example of a ROC plot. The ROC plot is generated 

by plotting the true positive rate against the false positive rate both of which can be 

calculated using a confusion matrix. The area under the ROC curve allows for insight 

into a ML model's performance. If a model's plot looks like the red dashed line, the 

model performs poorly and is no better than flipping a coin.  As a ROC plot moves 

away from that red dotted line towards 1 the model is performing better, meaning in 

our example the model that produced the yellow line is the worst, the one that 

produced the green line is better but the best model in this example is the blue line. 

Alternatively, one can plot the precision of their model against the recall as explained 

below and take the area under their precision-recall curve (PRC) Figure 1.6 C. The 

area under the PRC is once again a measure of model performance, with the closer a 

value is to one the better the model is.  

As stated above from a confusion matrix, one can calculate the true positive 

rate and the true negative rate. This aids in the generation of the ROC plot, However, 

a confusion matrix can tell much more about the model's performance like precision 

and recall. It is important that a confusion matrix can provide all this information, as 

while the ROC plot is most often used as a measure of a model’s performance, it is 

only able to accurately describe the performance of models if they are trained on a 
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balanced data set, or one where there is a near 50-50 split of positives and negatives.  

This is due in part to the fact that with highly imbalanced datasets, the false positive 

rate tends not to fall when the total number of negatives is large. In other words, due 

to the algorithm learning on mostly negative compounds, it does not incorrectly 

classify negatives, which gives a higher AUC-ROC value whether or not it has the 

predictive power to classify positive classes.43, 44 In drug discovery research, datasets 

are often inherently imbalanced due to the characteristics of chemical compounds, 

as most compounds tested in high-throughput screening do not exhibit the properties 

necessary to become lead compounds. This imbalance poses challenges for model 

evaluation and requires the use of specific performance metrics tailored to 

imbalanced datasets. To evaluate performance on unbalanced datasets you needed 

to use precision, recall, f1 scores, and the AUC of the PRC. Precision describes the 

proportion of compounds that a model correctly identifies as true positives (active) 

out of all the compounds it predicted as active (Eq 1). In other words, it measures how 

often the model is right when it says a compound is a good lead. Recall describes 

refers to how well a model can correctly identify all the compounds that are actually 

true positives (Eq 2). It measures the model's ability to find as many of the relevant 

compounds as possible, without missing potential leads. The F1 score measures a 

model's accuracy by considering both how often it correctly identifies relevant 

compounds (precision) and how many relevant compounds it successfully finds 

(recall) (Eq 3). It can be used as a measure of the model’s overall performance, with a 

higher F1 score indicating better performance. 
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Eq1. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
Σ𝑇𝑃

Σ𝑇𝑃 + 𝐹𝑃
 

Eq2.  𝑅𝑒𝑐𝑎𝑙𝑙 =  
Σ𝑇𝑃

Σ𝑇𝑃 + 𝐹𝑁
 

Eq3.  𝐹1 𝑆𝑐𝑜𝑟𝑒 =  
𝑇𝑃

𝑇𝑃 + 
1

2
 (𝐹𝑃+𝐹𝑁)

 

Additionally, the AUC-PRC, or area under the precision-recall curve (Figure 1.6 C), is 

another measure used to evaluate how well a classification model performs when the 

dataset is unbalanced. The precision-recall curve plots precision (the proportion of 

true positives among the predicted positives) against recall (the proportion of true 

positives among all actual positives). The AUC-PRC provides a summary of the 

model's performance at various thresholds, with a higher value reflecting a more 

favorable balance between precision and recall. The AUC-PRC is frequently 

employed in evaluating a model, as it provides a more informative evaluation of 

performance under class imbalance compared to traditional metrics such as 

accuracy or the AUC-ROC.45 

1.3 Molecular Features 

Molecular features play a critical role in training machine learning models for 

early drug discovery. Features are able to capture the structural, physical, and 

chemical properties of molecules in a way computers understand which is essential 

for the model in predicting biological activity and/or drug-like behavior. Structural 

features include the characteristics of the molecule such as the number of a specific 

functional group present in the molecule, and how the atoms are arranged and 
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bonded. Physical properties may include solubility, melting point, and physical state. 

Chemical properties, such as acidity and polarity can also provide insight into how a 

molecule might interact in biological systems. These features, as well as the 

molecule's activity, serve as inputs for machine learning models, allowing for the 

model to predict a molecule's potential as a lead compound. 

In order for a model to understand the features that are used in the training, 

researchers must represent the molecules in certain ways, known as molecular 

representations. Molecular representations can take many forms but the most 

common in drug discovery currently are SMILES (Simplified Molecular Input Line 

Entry System), molecular fingerprints, or having the molecules described by graphs 

via graph encoders. While each of these representations has a different utility, they 

all accomplish the same thing, being alphanumeric/vector-based ways to describe 

complex molecules. 

SMILES notation is widely used by chemists due to its ease of interpretation, 

but it presents certain limitations. For example, SMILES struggles to accurately 

represent stereochemistry, and a single molecule can be described by multiple valid 

SMILES strings. To overcome these issues, SMILES are often canonicalized, meaning 

the conversion from 3D to 1D is kept the same for all molecules and as such there is 

only one “true” canonical smile for each molecule. SMILES notation is generally only 

useful for humans and when using SMILES in training ML models the SMILES are often 

first converted to fingerprints or graphs so the computer can interpret them.  
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Molecular Fingerprints capture important aspects of a molecule’s structure, 

with different types giving different data. Two commonly used fingerprints are Morgan 

fingerprints (also known as Extended Connectivity Fingerprint (ECFP)) and RDKit 

fingerprints (RDKfingerprint).46, 47 The major difference between these two types of 

fingerprints is that RDKfingerprints are generated based on similarity to predefined 

molecular fragments and are path-based fingerprints, whereas ECFP’s are generated 

based on distance between atoms in a molecule. While these methods are both 

made up of some complex math, the results end up being the “same”, as both 

methods describe the bonding of atoms in molecules. 

In contrast to molecular fingerprints, molecular graphs represent molecules 

as complex matrices, which encode a molecule's structural identity in a format that 

machine learning models can interpret and analyze. This graph-based approach 

enables more comprehensive representation of a molecule’s overall structure and 

properties for computational analysis. The flexibility of molecular graphs makes them 

suitable for handling a wide variety of molecular features, including stereochemistry 

and 3D conformation, which are critical in predicting biological activity. 

1.4 ML for Antibiotic Discovery 

 There are a few recent success stories when utilizing ML for the discovery of 

antibiotics, namely Halicin and Abaucin.48, 49 Despite the success of the algorithms 

that identified these compounds, the fact remains that these are the only highly cited 

compounds identified by ML in the past decade when looking for antibiotics. The lack 
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of novel antibiotics identified by ML methods while concerning is unsurprising, and is 

attributed to both the quantity and quality of the data accessible.50, 51 This work while 

described in greater in section 1.5 aims to accelerate early drug discovery using in-

silico methods, and part of that goal is an examination of quantity and quality of data 

used in training ML models for the prediction of antibiotic activity. 

1.5 Objectives of Thesis Work 

Described in greater detail in the coming chapters, my work over the course of 

this PhD was focused on applying different in-silico methods (as described above) to 

early drug discovery with the goal of speeding up the process. While there are many 

databases, software’s and ML methods available this work will look at applying neural 

networks to complex issues, like drug discovery and molecular aggregation (PAINS), 

and will give insights into how these models “think” (XAI) as well as making screening 

methods that will speed up the drug discovery process. 

Specifically, Chapter 2 will focus on the work I have done using deep learning 

methods in the prediction of growth inhibitory activity. Furthermore, in Chapter 2 work 

will be discussed that was completed to determine what size, balance, and diversity 

is needed in order to train an accurate ML model. Finally, Chapter 2 will build a 

foundation for which the research completed in chapters 3 and 4 were built upon. 

Chapter 3 will focus on the work completed using explainable AI in the 

prediction of enzyme inhibition specifically AmpC which is responsible for antibiotic 

resistance.  This chapter will focus on training a XAI model that can explain some of 
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the chemical insights it has gained and will look to validate the 

predictions/explanations that are being produced by the model. 

Chapter 4 will focus on the expansion of my explainable AI work in looking at 

molecular aggregation. Small molecule aggregation is responsible for a large number 

of false hits in HTS and as such a predictive model was developed to determine the 

likelihood that a small molecule will aggregate. This model also provides insights into 

why the model believes the aggregators aggregate. 

Finally, Chapter 5 is a concluding chapter that will include potential future 

work on all projects. 
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2.1 Introduction 

Antimicrobial resistance (AMR) is recognized by the World Health Organization 

as one of the most critical threats to global health and development.1 In 2019, AMR 

was linked to more than 5 million deaths worldwide.1 Projections by the World Bank 

suggest that if left unaddressed, it could result in an annual global GDP loss of up to 

3.4 trillion USD by 2030.1 This growing global health and economic crisis underscores 

the urgent need for innovative solutions to combat resistant pathogens. 

 Currently, antibiotic discovery is limited primarily due to a lack of return on 

investment for large pharmaceutical companies, but a few intrinsic issues also 

plague the field. In a review by Silver, the lack of progress in antibiotic discovery is 

attributed, in part, to two key bottlenecks: target selection and limited chemical 

diversity.2 Target selection is a critical yet time-consuming step, as it requires the 

identification of targets that are not prone to the rapid development of resistance. The 

second limitation involves the chemical diversity of compounds, particularly the 

challenge of designing  many diverse molecules capable of overcoming cellular entry 

barriers or ones that are unaffected by efflux pumps. While these steps present 

significant challenges in laboratory settings, they have the potential to be accelerated 

through the use of in silico methods, which could enhance the rate of antibiotic 

discovery. 
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Machine Learning has become an increasingly valuable tool for addressing complex 

challenges in chemistry, particularly in the discovery of novel antibiotics. Perhaps the 

most notable examples of the successful application of ML in antibiotic discovery, as 

discussed in chapter 1, are the discoveries of Halicin and Abaucin as antibiotics.3, 4 

ML has also been successfully applied to the discovery of antimicrobial peptides, as 

demonstrated by the identification of the novel "P9" peptide, which exhibited strong 

activity against multidrug-resistant Acinetobacter baumannii.5 

Despite these early successes in the field, many challenges remain in applying 

ML models to the discovery of novel antibiotics. One major obstacle is the limited 

availability of data. ML models rely on large, high-quality datasets for effective 

training, and while there are vast numbers of non-antibiotic compounds, the number 

of known antibiotic compounds is relatively small.  This scarcity of true antibiotics 

hinders the ability to train models effectively, reducing their predictive accuracy. 

Given the difficulty of building reliable models with such limited datasets, this 

chapter explores the requirements for a small molecule library that can be used to 

train an ML model to predict the growth inhibitory activity of knockdown mutants. 

Understanding these requirements could help address the data scarcity issue and 

improve the application of ML in antibiotic discovery.  

The first consideration in curating a training library is its size. In ML, it is better 

to have large datasets with many (millions) instances of activity and inactivity for a 

model's training. However, in antibiotic discovery, there is a lack of “active” 
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antibiotics available to train models, which leads to datasets with a balance of less 

than 1% .6  

The balance of a library refers to the amount of positive vs negative 

instances. 7 In the case of small molecules in this study, the balance refers to the 

ratio of the binary active/inactive label of each molecule. A perfectly balanced 

library would have 50% of the molecules in it as active and 50% of the molecules as 

inactive. However, the limitation in the number of active antibiotic compounds 

means that any library used in the training of an ML model will likely be unbalanced. 

While this is not an issue in itself, it is important to know the balance of one’s library 

so the proper metrics can be used to determine if the model performs well. To aid in 

the proper training of a ML model with a small, highly imbalanced library, a diverse 

set of molecules can be used to help stop overfitting.  

The most complex and challenging aspect of library curation is ensuring 

molecular diversity within the dataset, which is critical for effective machine 

learning model training. The limited availability of antibiotic data is further 

complicated by the lack of diversity within available datasets. Currently, there are 

only 12 commonly used antibiotic scaffolds, and antibiotics generally follow one of 

five specific mechanisms of action (MOA).8 Each MOA targets different biological 

pathways, resulting in significant structural variation between antibiotic classes. 

While essential for biological activity, this structural diversity presents challenges 
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when building training libraries that capture sufficient variation within and across 

the different molecular scaffolds. 

 While it might seem straightforward, molecular diversity is multifaceted and 

depends on the molecular features used to describe the compounds. There are 

thousands of features that can be used to describe molecules and their properties, 

both structural and electronic, as well as 1D, 2D, and 3D features. Given this 

complexity, two molecules can be considered very similar in one respect but very 

diverse if looking at a different feature. For example, molecules may share common 

functional groups or molecular fragments but differ in spatial arrangement or 

electronic distribution. Therefore, when curating a library of compounds for training 

a ML model, diversity of structures should be calculated in different ways to 

determine how the molecules are different and how they are similar concerning one 

another. 

To ensure a diverse representation of chemical space in a dataset, structural 

diversity must be quantified using appropriate metrics. These metrics can include 

molecular fingerprints, graph-based descriptors, or more complex 3D shape and 

electronic feature representations. Additionally, the diversity of a library of small 

molecules can be compared to the features present in different “rules” of drug-

likeness, such as Lipinski’s rules or eNTRy rules.9-11 These provide guidelines on the 

physicochemical properties that are typically associated with orally bioavailable 

and cell-permeable drugs. Comparing a library’s diversity to these drug-likeness 
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criteria helps ensure that the compounds in the dataset not only exhibit structural 

variation but also fall within the desired range of properties that are relevant for 

antibiotic development. 

The initial goal of the work outlined in this chapter was to develop a diverse 

library of compounds with unknown activity that could be run through a pre-trained 

model to identify lead compounds that showed growth inhibitory activity against B. 

cenocepacia. This goal was quickly “met”; however, the results of our predictions 

raised concerns that the data we were utilizing in our training was fraught with 

promiscuous molecules. To that end, a new library needed to be curated for training. 

Here, it was decided that a more systemic approach needed to be taken, and 

instead of finding a library we could train on, we decided to look at what we needed 

in a library for training. Reported in this chapter are the initial results of our 

predictions as background to show the need for the investigation into size and 

balance of ML libraries. These identification of promiscuous molecules in the 

training data is an important realization, as training ML models for antibiotic 

discovery already deals with small imbalanced libraries, and removing promiscuous 

molecules makes these libraries smaller. Therefore, this chapter investigates the 

size of training libraries and the balance of the libraries. Chapter 4 focuses on how 

to remove promiscuous molecules from small molecule libraries. 
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2.2 Methods 

2.2.1 Library Selection and Curation 

For design of a training library for a ML model for growth inhibitory activity a 

number of small molecule libraries were examined. All libraries in this study are 

open-source with molecules being represented in SMILES notations. Prior to use, 

the molecules in the libraries undergo cleaning, and cleaning consists of 

canonicalizing smiles using RDKit, keeping the largest fragment, and finally filtering 

out problematic compounds (duplicates, known undesired activity). The following 

libraries were utilized as follows: ZINCDocking (all purchasable natural products 

~330K molecules), Co-add (see table 2.1), Pubchem (diverse 10K selected from all 

available structures), and CHEMBL (~130K AmpC inhibitors).12-15  

2.2.2 Library Analysis 

Molecular shape similarity for the library was evaluated using Openeye 

Scientific’s ROCS software which compares 3D structural overlap and calculates a 

shape and color Tanimoto score.16 Tanimoto similarity has also been calculated 

using Morgan fingerprints generated using RDKit. RDKit’s Picker was also utilized to 

choose a diverse subset of a database.17, 18 Picker takes Morgan fingerprints as an 

input and calculates dice similarity coefficients the algorithm then chooses the user 

input number of diverse compounds as an output.  RDKit was also used to calculate 

different features of molecules (i.e., H-bond donors/acceptors, number of sp3 

carbons, num aromatic rings, etc. these features of molecules can then be 

compared to other molecules, and similarity can be calculated.   
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2.2.3 ML Model 

 ML model trained and used in Chapter 2 comes from CHEMPROP which is 

an open-source D-MPNN model. This CHEMPROP model was chosen as there was 

precedence of the model working well in the prediction of antibiotics (halicin).19  

2.3 Results and Discussion 

 Prior to my joining of the Lab our collaborators had trained a ML model that 

was used to predict growth inhibitory activity. My first step was to curate a diverse 

library of compounds that we could be used as input in a pre-trained CHEMPROP 

model to predict growth inhibitor activity against Burkholderia cenocepacia.20 

Before a library could be established, a similarity metric needed to be found. To do 

this, a reference dataset was first needed to determine the relevant features in the 

antibiotic chemical space. I completed this task using the database curated by 

Johnson et.al. in their screening of compounds active against Mycobacterium 

tuberculosis hypomorphs.21 This dataset contains 4160 compounds that were 

experimentally determined to have some growth inhibitory activity against M. 

tuberculosis  mutants which is a larger amount of “actives” then other publicly 

available antimicrobial libraries at the time. The large number of actives were 

important as it allowed us to assess what features of the molecule correlate with 

their activity. This dataset was chosen as each compound had been experimentally 

validated.  
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Using ROCS, Tanimoto combo scores were generated for each molecule 

compared to every other molecule giving approximately seventeen million values to 

examine. Tanimoto combo scores were used as they evaluate the shape and 

electronics of the molecule, and based on the amount of overlap, one can 

determine the diversity of the dataset.  Based on the data presented in Figure 2.1, it 

was determined that the compounds were diverse in regard to structural features.  

This was determined as the Tanimoto combo score is the sum of the shape 

Tanimoto and color Tanimoto scores; each score is represented by a number 

between 0 and 1, wherein 0 would consist of no overlap, and 1 would be complete 

overlap, in the Tanimoto combo score this scale is then between 0-2. Most of the 

molecules had Tanimoto combo scores between 0.4 and 0.9 out of 2 (Figure 2.1). 

This means that the molecules are less than 50% similar according to this metric.  
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Figure22.1. Tanimoto combo scores for the pairwise comparison of the 4160 active 

molecules in the dataset taken from Johnson et. al. the x axis shows the range of 

Tanimoto combo scores in increments of 0.1 and the y axis shows the number of 

molecular com 

A closer look was taken at the   4160 compounds mentioned above, and the 

molecules were examined for “drug-likeness”, specifically the features that are 

present in the Lipinski rules as well as the entry rules, meaning the distribution of 

the number of H-bond donors and acceptors, Log p, molecular weight, rotatable 

bond count, and globularity (Figure 2.2). 
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Figure32.2. Common “drug-like” features A) the number of H-bond acceptors B) the 

number of H-bond donors, C) The number of rotatable bonds, D) the calculated Log 

P, E) the molecular weight range of the molecules, and F) the globularity range. 

The features of molecules examined in Figure 2.2 are features that make up 

both Lipinski’s rules and the entry rules. Lipinski’s rules state that for a small 

molecule to be likely to have oral bioavailability, it must not break more than two of 

the following rules:9, 10 

1. A molecular weight of no more than 500 Da 

2. No more than 5 H-bond donors 

3. No more than 10 H-bond acceptors  

4. Log P no greater than 5 

These rules do have many exceptions, especially when it comes to antibiotics which 

is why the features of molecules listed in the entry rules were also examined. The 
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entry rules were designed specifically to determine the likelihood a small molecule 

will accumulate inside of a gram-negative bacterium; more specifically, small 

molecules are likely to accumulate in a gram-negative bacterium if they have a non-

sterically hindered ionizable nitrogen, have globularity ≤ 0.25, and are rigid.11 

 Upon evaluation of the Lipinski and entry rules for the 4160 active molecules 

examined above, it was found that while 4107 molecules satisfied Lipinski’s rules, 

only 25 satisfied the entry rules and were likely to accumulate in gram-negative 

bacteria. This was unsurprising as the initial screening of the compounds was 

completed on gram-positive bacteria so the dataset not accumulating in Gram-

negative bacteria makes sense. This also led to the determination that future 

examination of the features of this library should be halted as most of the 

compounds are predicted to not accumulate inside the cell of Gram-negative 

bacterium. While there are many ways to define diversity and drug-likeness within 

the chemical space, it was decided in this study to keep using structural diversity as 

it is computationally easy to calculate, and an examination of the above dataset 

proved to adequately explain diversity in that dataset.   

Utilizing structural similarity as a diversity metric and using the natural 

products present on ZINCdocking, a library of compounds was generated and then 

filtered to exclude compounds that had reported antibiotic activity. The remaining 

data ended up being 224,205 diverse natural products, that were used as inputs into 

our trained model and as an output, each compound had its likelihood of having 
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growth inhibitory activity predicted. The natural products were chosen for this study 

as most of the compounds are for sale, which would aid in the subsequent testing of 

the predicted compounds. The top one hundred unique compounds from this 

natural product prediction were examined, and forty-six were purchased for further 

testing.  

As reported in our publication titled “A machine learning model trained on a 

high throughput antibacterial screen increases the hit rate of drug discovery” the 

testing of the top 46 compounds revealed that two of the forty-six compounds 

purchased for further testing showed growth-inhibitory properties against the 

ESKAPE pathogens (residual growth <=0.8) (Figure 2.3).22  

 

Figure42.3. The compounds A and B that showed growth inhibitory activity against 

the ESKAPE pathogens.  

The ESKAPE pathogens are six bacteria that have shown multidrug 

resistance, and thus, inhibiting their growth is an important step. The first 

compound turned out to be in a class of compounds known as tetrahydro-β-

ZINC000008876405
No previous reported antibiotic activity

ZINC000000254599
PAINS compound 
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carbolines (ZINC8876405). Tetrahydro-β-carbolines are readily synthesizable in 

literature, and due to a carboxylic acid moiety in the simplest structure and the 

ability for acids to be readily transformed, bioisosteres were generated for 

compound one. This was done using Openeye Scientific’s BROOD software (Figure 

2.4).23 

        

 

Figure52.4. (A)The simplest tetrahydro-β-carboline scaffold (B) Zinc8876405 with 

side chain to be replaced to make bioisosteres highlighted red. (C-E) generated 

bioisosteric side chains shown in red to replace 

 The second compound (ZINC000000254599) also showed growth inhibitory 

activity against the ESKAPE pathogens. However, we determined this to be a PAINS 

compound. Compound two is a Michael acceptor and alkylating agent, which is why 

it shows promiscuous activity, meaning that it is not inhibiting the growth of the 



Chapter 2: Database Curation for ML in Antibiotic Discovery 
 

49 
 

ESKAPE pathogens selectively but instead will kill the growth of any cell it comes 

into contact with. Furthermore, the presence of Michael acceptors in our top one 

hundred compounds from our natural product screen indicates that there are PAINS 

compounds in the initial training set we are using for our CHEMPROP model.  

 Having PAINS compounds present in our model's training set is concerning 

as it means that we will predict PAINS compounds, and much time and money can 

be wasted on testing compounds that have no druggable value. To overcome this 

issue, PAINS were further examined, and Chapter 4 will discuss the work done to 

eliminate them from training datasets. 

 With the determination of PAINS being present in our initial dataset, our 

small training set was about to get smaller.  As mentioned above, large training sets 

are not feasible with antibiotics as the number of active compounds is not high 

enough to have millions of compounds in a dataset. These two issues coupled 

together raise the question: “What is the smallest data set you can use to accurately 

train a ML algorithm?” To answer this question my collaborator from the Cardona lab 

compiled multiple libraries from the co-add library as summarized in Table 2.1. 

These nine libraries were curated not only for the bacteria or cell line they target but 

to be diverse and have different sizes and balances to determine what size and 

balance one needs to train an accurate ML model. 
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Table 2.1 The nine libraries that were curated for this study, with target and MIC 

cutoff reported as well as size and balance  

 

Table 2.1 shows that libraries 1, 2, 6, and 9 were all tested against the same 

bacterial species, Pseudomonas aeruginosa, but are reported at different cutoff 

values for what is considered active, thus allowing for different sizes of libraries. The 

same can be said for libraries 3, 7, and 8. Libraries 4 and 5 look at cytotoxicity and 

hemolytic activity respectively. While there may be different targets each library had 

its “activity” binarized where 0 was considered no activity and 1 was considered 

active. From there each library underwent a random split where 80% of the 

molecules were used for training, 10% were used for testing and 10% were used for 

validation. To ensure active compounds in all three splits first the active compounds 

were split into the training test and validation sets, followed by the inactive 

compound. A Chemprop model was then trained, and the results can be seen in 

Table 2.1. 

Activity
type

1 Antimicrobial P. aeruginosa  ATCC 27853 MIC ≤ 4 µg/ml 5529 40 0.72 0.98 0.77 0
2 Antimicrobial P. aeruginosa  ATCC 27853 MIC ≤ 8 µg/ml 4923 52 1.06 0.93 0.46 0.23
3 Antimicrobial S. aureus  ATCC 43300 MIC ≤ 4 µg/ml 4794 228 4.76 0.86 0.2 0
4 cytotoxicity HEK293 CC50 ≥ 32 µg/ml 3972 1333 33.56 0.74 0.6 0.58
5 Hemolytic Activity hRBC HC50 ≥ 32 µg/ml 2146 100 4.66 0.9 0.78 0.68
6 Antimicrobial P. aeruginosa  ATCC 27853 MIC ≤ 16 µg/ml 4112 86 2.09 0.97 0.36 0.38
7 Antimicrobial S. aureus  ATCC 43300 MIC ≤ 16 µg/ml 3930 796 20.25 0.78 0.55 0.45
8 Antimicrobial S. aureus  ATCC 43300 MIC ≤ 8 µg/ml 4164 502 12.06 0.43 0.2 0.15
9 Antimicrobial P. aeruginosa  ATCC 27853 MIC ≤ 16 µg/ml 27002 9390 34.78 0.49 0.39 0.31

AUROC
PRC-
AUC

F1Library Strain/Cell-line Cut-off point Total compounds # Active compounds Active (%)
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The reason that PRC-AUC and F1 are used in conjunction is exemplified by 

the model trained by library 1. The library 1 trained model was able to produce a 

PRC-AUC of 0.77, this is nearly double that of the next best model in the field.23 This 

model should not be used, however, as the F1 score is 0. What that means is that 

while there was great precision in our model it was unable to correctly classify any 

of the true positive cases in the test set, meaning the recall is 0. This is not good in 

an ML model and is likely because less than 1% of the compounds were active in 

this library. This means that likely the model predicted everything as an inactive 

compound and because 99% of the compounds were inactive it had great accuracy 

or in other words was overfit. 

It should be noted that there were a few models (trained from libraries 4,5,7) 

that performed well. While these libraries may not have the best scores from a ML 

standpoint, they currently outperform the models people in the field are using in the 

prediction of antibiotics. Specifically, there is a paper by Wong et.al wherein a D-

MPNN model is trained looking for antibiotic scaffolds, and they report successes 

they experimentally validated.24 The experimental validation shows their model 

works, even though they do not report an F1 score, and their best PRC-AUC score is 

only 0.33. By comparison, 7 of our 9 models outperform their model, yet only 3 of 

our models have F1 scores to back it up, once again exemplifying the need for both 

metrics. While this alludes to being able to train ML models with small, diverse 

datasets, it also shows that a better balance is potentially more important than the 
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size; this is seen by the fact that the models trained with libraries with the best 

balance between the number of actives and inactive performed the best, at least in 

the case of antibiotics. In the case of library 5, which looked at hemolytic activity, a 

small, highly unbalanced library performed better than any of the other models. This 

can lead one to conclude that while yes small imbalanced libraries can be utilized in 

ML training, the activity one hopes to predict is perhaps more important in 

determining whether or not a small library will be useful. This also led to the 

conclusion that perhaps we were asking too much of the model in terms of 

antibiotics, and instead of training on data from whole cell studies with unknown 

MOA, we should focus on compounds with one MOA. This was further examined by 

the work in Chapter 3. 

2.4 Conclusions 

 This work examined in silico chemical libraries, specifically what needs to be 

included in the generation of libraries for training ML algorithms. Initially, a library of 

natural products was curated and run through our ML algorithm, giving both positive 

results in the case of tetrahydro-β-carbolines and indicating the initial dataset was 

plagued with PAINS in the case of Michael acceptors. This allowed for my work to 

move in two directions simultaneously. The first direction was the investigation into 

the compound ZINC8876405 and the activity it showed, and the second direction 

was the investigation into both filtering out PAINS compounds and examining the 

size and weight of a compound library,  
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 Although my work with the tetrahydro-β-carbolines is ongoing, the 

investigation into PAINS led to the work discussed in Chapter 4. As for the 

investigation into the size and balance of ML training datasets, many interesting 

results were observed. First, it was observed that libraries 4 and 5 outperformed the 

training of our ML algorithm when compared to the training done all other libraries. It 

is important that libraries 4 and 5 outperform the other seven libraries as they look 

at hemolysis and cytotoxicity not antibiotics. Interestingly both the size of the 

database and balance of the library 5 dataset were smaller than the trainings of the 

other libraries, yet library 5 performed the best in my trainings. This indicates that 

each target requires a different amount of data to have an algorithm trained to make 

predictions. While that is not what I initially set out to see I find this to be important 

when it comes to library curation as it shows there is not one size fits all model. 

 As for the trainings of the algorithm specifically for growth inhibition 

prediction, it was determined that balance was more important than library size. 

This is seen when comparing Library 7 to Libraries 3 and 8. All three of the libraries 

had the same target bacterium of s. aureus. However, library 7 was the smallest yet 

most balanced library of the three. Library 7 was able to achieve “okay” results 

despite the lack of size. It should be noted that I describe the results as “okay” 

because, from a ML standpoint, they are not good. That being said the training of the 

algorithm produced better AUC-PRC results than what is currently published in the 

ML in the antibiotic field.  
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3.1 Introduction 

Machine learning models in antibiotic discovery have been largely focused 

on whole-cell studies for the discovery of antibiotics. This approach is 

advantageous as it often leads to the discovery of compounds that are more likely to 

be druggable, given their ability to penetrate the cell. However, the issue with this 

method is that it neglects MOA - with all active compounds having the same 

features, despite having vastly different mechanisms of action. To date, very little 

work has been done in using ML methods to identify compounds for a specific MOA. 

This is likely due to the lack of activity data for diverse sets of molecules for many of 

the known MOAs. The rationale of training a model on compounds with one MOA is 

that a stronger trend in the data should be observed as the compounds are binding 

to one active site as opposed meaning theoretically there should be one structural 

or electronic feature shared by all active molecules compared to other studies 

where compounds can bind to one or more of many enzyme targets that are located 

within the cell of study. 

With the above rational in mind a target needed to be picked wherein a lot of 

activity data is available to that end AmpC was chosen as the target. AmpC beta-

lactamases are a class of cephalosporinases that confer resistance to a broad 

spectrum of beta-lactam antibiotics, including penicillin’s, cephalosporins, and 

beta-lactamase inhibitors.1,2 The mechanism of action of AmpC beta-lactamases 

involves the hydrolysis of the beta-lactam ring, a key structural feature responsible 

for the antibiotic's bactericidal activity.1 A serine residue in the active site of AmpC 
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nucleophilicity attacks the beta-lactam ring, leading to its cleavage and rendering 

the antibiotic inactive.  If inhibition of the AmpC enzyme can be achieved resistance 

to β-lactam antibiotics should also decrease. 

The discovery of new inhibitors targeting AmpC beta-lactamases has been 

challenging. Expression of AmpC is generally low but is induced by the presence of 

β-lactam and unlike some other beta-lactamases, AmpC is not typically inhibited as 

well by standard beta-lactamase inhibitors like clavulanic acid.1-3 Given the 

importance of this enzyme and the challenges associated with finding effective, 

selective inhibitors of AmpC, large screens of small molecules have been performed 

to identify potential inhibitors. Recent efforts have focused on developing both 

covalent and non-covalent inhibitors to counteract this mechanism of resistance.2–4  

However, the clinically significant inhibitors developed in recent years remain those 

that act nonselectively against multiple beta-lactamases (e.g. avibactam, which is 

effective against a broad range of serine beta-lactamases, including AmpC). 

As discussed in previous chapters, ML models have utility in chemistry and 

can aid in drug discovery. Not mentioned in those chapters is that there is the fact 

that many ML models used are black boxes when it comes to why they make the 

decisions they make. An example of this is the data presented in Chapter 2. While 

the compounds predicted were able to be tested in the lab by collaborators, we 

have no definitive answer as to why the molecules that were tested were chosen by 

the model as potentially having activity.  This is where XAI shows its utility, as now 
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we can get the model to not only predict activity but tell us why it is predicting that 

activity. The explanations generated can then be examined and trends and 

commonalities can be compiled with the hope of finding a better drug. 

The XAI model used in this chapter is called the MEGAN (Multi-Explanation 

Graph Attention Network) model. The model works by having the user input data, in 

the case of this study SMILES strings that are then encoded into graphs that the 

model can read. These graphs are just complex matrices where in atoms are 

represented as nodes and bonds are represented as edges. Once graphs are 

produced the model is trained and able to learn what it deems as important to a 

compound’s classification. This is where MEGAN and other XAI models differ, once 

training is completed with most XAI a secondary algorithm is then run on the output 

data for explanations to be generated. MEGAN on the other hand takes it a step 

further by first creating masks for the edges and nodes before producing an output 

for the user. These masks represent explanations as to the decision-making process 

of the GAT and are represented visually in the form of highlighted bonds and atoms. 

These explanations describe visually what the model has learned as important 

features of the molecule and an example can be seen in Figure 3.1.  
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Figure63.1 A simplified MEGAN architecture and what explanations look like from a 

trained MEGAN model 

Apart from the XAI MEGAN model, a RF model was trained in this study to be used 

for a baseline that the GAT could be compared to. 

3.2 Methods  

3.2.1 Dataset preparation  

The library that was ultimately chosen for this was the AID-485341 (on 

PubChem) which contained 331,108 compounds that were experimentally tested as 

inhibitors of AmpC.5 Of the 331,108 compounds only 1730 were considered active 

as they had a AID_ACTIVITY_SCORE larger than 40. PUBCHEM_ACTIVITY_SCORE is 

a metric PubChem requires where the results from a HTS are normalized and given a 

score between 0-100; Anything that has a score greater than 40 is considered to be 

active.6 With only 1730 molecules being active, the library balance was 0.5% which 

would make it difficult to train a model that is not overfit. To overcome that issue, the 

compounds were split into active and inactive groups, and all active compounds 

were kept. The inactive compounds underwent 4 rounds of clustering using the 

CHEMFP software.7 In each round of clustering, clusters were generated using a 
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distance-based method on fingerprints. The center of each cluster was kept and 

utilized in the next round of clustering until only 35,886 diverse representative 

inactive compounds were left. This gave a total training set of 37,616 compounds 

with a new balance of 4.5% which is still highly imbalanced but is better than having 

less than 1% active compounds. Note: all compounds are reported in SMILES string 

notation and the dataset is cleaned following the procedure in Chapter 2. After 

cleaning, the input SMILES were transformed into graphs for the MEGAN model and 

Morgan fingerprints for the RF model. 

3.2.2 Feature Determination 

As mentioned in Chapter 2, the diversity of a training set is important for training a 

robust model. To analyze the diversity of the training set in section 3.2.1, “drug-like” 

metrics were once again calculated. Features looked at for this dataset included 

the number of hydrogen bond donors/acceptors, molecular weight, and logP (Figure 

3.2).  

3.2.3 Machine Learning Classification Modeling 

The dataset identified above was used in training the MEGAN model (Described 

above) and a random forest mode was also trained as a control. 

3.2.4 Random Forest Training 

The RF model was first tuned using the hyperparameters of max_depth, 

max_features, max_leaf_nodes, and n_estimaters. When the model was sufficiently 

tuned, training occurred using the following hyperparameters: max_depth= None, 

max_features= None, max_leaf_nodes= None, n_estimators = 50. The data was 
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randomly split with 201 compounds being taken into the test set (While this is a 

small number of molecules this was kept in order to be consistent with the size of 

the test set for the MEGAN model). Using the above metrics training occurred and 

the results are reported below (Figure 3.3). 

3.2.5 MEGAN Training 

 For training a MEGAN model the data was first split into three groups. The 

first group was 200 randomly chosen molecules wherein the criteria that 100 

molecules were active, and 100 molecules were inactive had to be met, and this 

was to be called the validation set. The second group had the same split and criteria 

but was labeled as the test set. Finally, the rest of the molecules were kept as a 

training set. For training, oversampling of the minority class occurred wherein every 

molecule in the minority class (active) was duplicated 26 times in order to bring 

balance to the dataset. 30 epochs were used (meaning the model was trained 30 

times) and the model evaluated the results of each epoch using the validation set. 

At the end of the training, the epoch with the best performance was taken as the 

trained model. 

3.3 Results 

3.3.1 Training Set Diversity 

 To ensure a diverse representative subset of the compounds from the original 

dataset was being used, the features outlined in Figure 3.2 were examined for both 

the active and inactive compounds. These features consist of molecular weight, log 

p, and hydrogen bond donors/acceptors as described in Chapter 2. 
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Figure73.2 Bar graphs of the number of molecules (y-axis) compared to instances of 

a feature (x-axis) for active (blue) and inactive (orange) compounds. Features 

examined are molecular weight (top left) hydrogen bond donors (top right), LogP 

(bottom left), and hydrogen bond acceptors (bottom right). 

The plots in Figure 3.2 show that the active and inactive compounds both had 

Gaussian distributions for the selected features meaning they were diverse in regard 

to those features. The gaussian distribution implies diversity as it shows that a range 

of compounds with the selected feature is present in the training data for both 

active and inactive compounds. Interestingly, the graphs showed the same trends 

between active and inactive compounds for all features examined except hydrogen 

bond acceptors, wherein the active β-lactamase inhibitors had on average more 

hydrogen bond acceptors than the inactive compounds. This shows that while our 
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active and inactive chemicals are in the same chemical space (based on size and 

lipophilicity) there are differences within the molecules that can allow for 

differentiation between the two classes.  

3.3.2 Model Performance 

 With the diversity examination complete, training commenced on both a RF 

and MEGAN model. A Random Forest model was trained as a baseline as it has 

been shown that RF models tend to outperform neural networks for many tasks, 

therefore to prove the utility of a model one should show it outperforms the RF.8 The 

MEGAN model was chosen for this task as previous work (as described in Chapter 4) 

has shown the utility of this model in the classification of small molecules 

concerning their ability to form colloidal aggregates, as well as other molecular 

features such as mutagenicity. Figure 3.3 shows the confusion matrices that were 

generated from training the two models and shows that MEGAN outperforms the RF 

model. 
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Figure83.3 The confusion matrix, accuracy, and F1 score for the MEGAN (left) and 

RF (right) models. 

While the RF model had a higher accuracy the MEGAN model outperforms 

the RF model as our training datasets are highly imbalanced. An F1 score (as 

calculated by eq 3 in Chapter 1) should be used as a metric to judge model 

performance. The F1 score for the MEGAN model was calculated to be 0.69 while 

the F1 score of the RF model was 0.02. While it is clear MEGAN outperforms the RF 

model MEGAN is the first of its kind in the sense that it is targeting one specific MOA 

of antibiotic resistance, so it is unable to be compared to other ML models in 

publications. Future work outlined in Chapter 5 will look at the predictive power of 

this model. 
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3.3.3 Explanation Examination 

 With training complete, the explanations provided by MEGAN were examined 

to determine if the model produced any chemically relevant insights. To examine the 

results of the training UMAP (Uniform Manifold Approximation & Projection) 

clustering was performed on the explanations that were generated, and 34 clusters 

were identified for validation as seen in Figure 3.4. It should be noted that the 

MEGAN model clusters each molecule in the entire dataset twice, once with the 

explanations or masks that contribute to the inactivity of the molecule, and once for 

the masks that contribute to the activity of the molecule. In this study, active refers 

to compounds that inhibit AmpC and inactive is compounds that do not inhibit 

AmpC. 
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Figure93.4 UMAP projection for predicted inactive masks(top) and active 

masks(bottom) the numbered x’s represent the clusters present in the data as given 

by MEGAN 

Upon cluster analysis, some trends were noted as seen in Figure 3.5 which shows 

representative explanations for compound clusters.  
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Figure103.5 Representative examples of explanations (colored atoms/bonds) for 

each cluster with cluster number (inactive clusters are masks that contribute to 

inactivity and active clusters show masks that contribute to activity) note only 

clusters with one common explanation shown. 

 The first trend that was noted was for the inactive clusters. Where it was 

noted that MEGAN identified halogens, and sulfonyl groups as contributing to a 

compound not having inhibitory activity against Ampc. Alternatively, when looking at 

the clusters of active compounds MEGAN identified tertiary amines, secondary 

amides, urea, and conjugated systems as all contributing to a compound’s activity. 

It should be noted the functional groups located in the above trends are present in 

both active and inactive molecules and due to the imbalance of the dataset all 

functional groups appear more often in the inactive compounds, which is a 

testament to the model being able to identify which features are present in the 

active compounds.  

 The scaffold shown in cluster 16 figure 3.5 is a scaffold for an active cluster 

containing compounds that have a β-lactam. This cluster was examined further as it 

is widely known that the β-lactam is responsible for the activity of the compounds.  

3.3.4 Cluster Analysis 

 With the model performing well based on the reference RF model, the 

generated explanations needed to be validated as they will provide insight into the 

performance of the explainability aspect of the model. The explanations were 
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examined by choosing to look at cluster 16 which was the cluster that contained β-

lactam compounds. MEGAN was able to correctly identify the β-lactam as being 

important in the model’s decision to classify it as active (Figure 3.6) Further analysis 

of the scaffolds in this cluster revealed that the model also identified the amide 

adjacent to the β-lactam ring and the carboxylic acid group to also be important to 

their classification as an inhibitor of AmpC. This was of special interest, as only 58 

compounds in the original ~37K used for training contained a β-lactam ring, and of 

those only 13 were active. This shows that the model is not overfit with this data, as 

most of the β-lactam containing compounds are inactive and even then, only 0.15% 

of the dataset contains this substructure, meaning MEGAN was able to identify 

chemically relevant information about these molecules despite never seeing an 

active site or literature on these compounds.   

 

Figure113.6 Representative compounds from the cluster of β-lactam containing 

compounds with common explanation shown, note all 11 cluster members showed 

the above explanation for activity. 
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With the initial analysis completed showing the model's ability to learn, a 

closer look was taken at cluster 16 as the amide and acid highlighted in Figure 3.6 

were being used as an explanation of activity for these molecules that was just as 

important as the β-lactam ring itself. Furthermore, this was an interesting 

development as there is not much literature where these features of the molecules 

are discussed. To determine if these features highlighted by our model were 

important in the binding of small molecules to the enzyme active site, a crystal 

structure of oxacillin bound in the active site of AmpC (pdbid=4JXG) was examined 

(Figure 3.7).9 This ligand was chosen as it was contained in the cluster and was 

structurally similar to many of the other compounds present in cluster 16.  

     

Figure123.7  A) The oxacillin derivative with explanations generated by MEGAN 

compared to B) the interactions present in the active site crystal structure of 

oxacillin bound to AmpC with bond lengths for hydrogen bonds(right)9 

B. A. 
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Figure 3.7 shows that the portions of the molecule identified as being 

important to the model’s decision to classify the oxacillin derivative as active are 

important to the interactions of the small molecule in the active site of Ampc. Firstly, 

the model identified the β-lactam ring as important. This is widely known to be true 

as it is responsible for binding in the active site of Ampc. Another portion of the 

molecule identified is the carboxylic acid that is responsible for hydrogen bonding, 

specifically to THR 316 and ASN 346 in the active site. Finally, the model identifies 

the amide adjacent to the β-lactam ring as important, this was found to be a 

hydrogen bond to ALA 318, GLN 120, and ASN 152. This is an exciting discovery as 

the model was trained from SMILE strings with a binary active or inactive and had 

never seen a protein active site yet was able to identify which portions of the 

molecule are responsible for the hydrogen bonding as well as the β-lactam itself as 

being important to the model's decision. 

3.4 Conclusion 

 The work presented in this chapter shows that XAI models can give chemical 

insight into molecules based on the limited data given to the model in training. This 

chapter shows that MEGAN can be trained using a library of β-lactamase inhibitors 

to achieve performance that is better than a RF model as well as better than what is 

currently in literature sources. It should be noted that while the explanations 

generated for the β-lactam containing compounds were correct, future work will 

study some of the other clusters to gain further insights into inhibitors of Ampc. 
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4.1 Introduction 

Interest in the application of machine learning in lead discovery has grown 

substantially in recent years, driven by academic and industrial initiatives to apply 

ML methods during early-stage drug discovery.1,2 This trend is largely attributed to 

the availability of extensive datasets containing activity data generated through 

high-throughput screening campaigns. The activity data produced by HTS has long 

been essential for hit identification in early-stage drug discovery and is becoming 

even more critical with the growing interest in ML approaches for predicting lead 

compounds.  

A persistent challenge in HTS-based hit identification is the prevalence of 

false hits. While large-scale HTS campaigns typically generate numerous initial hits, 

only a small proportion represents the desired interactions between compounds 

and their target biomolecules. Many screening libraries contain a significant number 

of false positive and negative data points, with up to 80–95% of the hits from initial 

screening representing artifacts.3,4 This long-standing challenge in medicinal 

chemistry now extends to ML-based approaches for drug discovery. Models trained 

on datasets containing large numbers of false hits are prone to predicting 

compounds that are not viable as leads. Addressing these issues in data quality is 

essential to enhance the hit discovery efforts of medicinal chemists as well as the 

predictive prowess of ML models. 
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Colloidal aggregation represents a significant source of false positives in 

HTS.5 Aggregation occurs when molecules form supramolecular complexes, or 

colloids, at or above a critical aggregation concentration.6 Small colloidally 

aggregating molecules  can interact nonspecifically with proteins, leading to local 

unfolding and functional disruption, or they can interfere through mechanisms such 

as aggregation-induced emission, where self-assembled molecules fluoresce upon 

reaching their critical aggregation concentration.6, 7 Estimates suggest that 15–20% 

of small molecules in public chemogenomic databases aggregate under standard 

screening conditions, underscoring the need for accurate prediction of aggregation 

to mitigate its impact on drug discovery.8  

The experimental detection of SCAMS is both expensive and time-consuming 

which has led to numerous in silico methods being developed to screen aggregating 

compounds from HTS datasets (Figure 4.1).8-15 One of the earliest tools, Aggregator 

Advisor, evaluates molecules represented as SMILES strings and determines their 

similarity to known aggregators based on LogP and Tanimoto similarity (Figure 

4.1a).9 In addition to providing a rule-based in silico method for aggregation 

screening, Aggregator Advisor has also provided the field with a valuable database 

of experimentally validated aggregators.9 This dataset has been pivotal in the 

development and training of most of the ML models for aggregation prediction, 
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enabling these models to classify small molecules as aggregators with greater 

accuracy and reliability (Figure 4.1b).8, 10-13  

 

Figure134.1. Summary of (a) experimental and (b) in silico approaches to 

aggregation determination (c) compared with our work. Accuracies are those 

reported in the respective publications (ref. 8-13) and are thus not directly 

comparable due to differences in training and testing datasets. 

ML-based methods for the classification of aggregation have demonstrated 

accuracies exceeding 80% in predicting aggregators. However, these methods often 

do not provide scalable implementations or open-source code for filtering large 
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molecular libraries11. Scalable approaches, such as SCAM Detective and 

DeepSCAM, typically achieve accuracies in the range of 70-80%.8, 10 Consequently, 

there remains a critical need for an accurate, scalable, and interpretable method 

capable of efficiently screening large libraries of compounds.  

Aggregation is a complex phenomenon that is influenced by many variables, 

including concentration, pH, temperature, buffer, and solvent.16, 17 While numerous 

studies have explored the molecular features that contribute to small molecule 

aggregation, no clear consensus has been reached on the key factors driving this 

phenomenon.18 Features such as logP, the number of hydroxyl groups, the number 

of sulfur atoms, and the number of aromatic rings are often proposed to contribute 

to aggregate formation; however, the complexity of molecular aggregation has led to 

difficulty in identifying reliable, universal trends distinguishing aggregating and non-

aggregating compounds.8, 9, 11  

This study addresses the need for an accurate and scalable model capable 

of detecting SCAMs while providing interpretable explanations and the ability to 

create non-aggregating counterfactuals. The explainable AI (xAI) model employed in 

this study, a multi-channel graph attention network (MEGAN), achieves an accuracy 

of 82% in predicting SCAMs and is suitable for screening both large molecular 

libraries and individual compounds.19 Furthermore, the model generates 

explanations for its classifications, offering insights into why a compound is 
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predicted as a SCAM or non-SCAM. The accompanying web server allows users to 

screen individual molecules and provides a user-specified number of 

counterfactual explanations. These counterfactuals are structurally similar to the 

query molecule but possess flipped classification labels (e.g., counterfactuals for a 

molecule predicted to aggregate are structurally similar molecules predicted to be 

non-aggregating, and vice versa). To validate our model and its application of 

counterfactuals, we synthesized and experimentally tested a non-aggregating 

derivative of clioquinol—an established aggregator—proposed by the model. The 

experimental results confirm the model's prediction and demonstrate the 

experimental relevance of our model in the informed design of molecules with 

tailored aggregation properties. 

4.2 Results and Discussion 

4.2.1 The MEGAN model 

To develop an accurate and scalable model for detecting SCAMs and 

elucidating the structure-property relationships underlying molecular aggregation, 

we leverage xAI techniques applied to predictions generated by graph neural 

network models. To apply a graph neural network to the task of chemical property 

prediction, each molecule is first converted into a molecular graph where atoms are 

represented as nodes and bonds are represented as edges. Based on this graph-

structured input information, the graph neural network is trained on the dataset to 



Chapter 4: Mitigating Molecular Aggregation in Drug 
Discovery with Predictive Insights from Explainable AI 

 

83 
 

predict the binary classification label of a given molecule as either an aggregator or 

non-aggregator (Figure 4.2). 

 

 

Figure144.2. MEGAN model overview. (a) Molecular graph structures are used as 

input to multiple attention-based message-passing layers. Node representations 

are aggregated and passed to a fully connected network to output the predicted 

class. Explanation masks are derived from the internal attention values. (b) 

Attention-based explanations are explicitly split into separate channels for each 

possible output class. (c) Overarching structural explanations can be found by 

identifying clusters in the latent space of subgraph embeddings. Analyzing all 

members of a concept cluster yields general trends associated with certain 
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structural motifs. Explicit explanation masks and values are constructed for 

illustration purposes.  

In this work, we apply the multi-explanation graph attention network 

(MEGAN) to the task of aggregation prediction.19 MEGAN is a self-explaining graph 

neural network model architecture for which node and edge attributional 

explanations are directly derived from the model’s internal attention and masking 

mechanism. These attributional explanations assign an importance value between 

0 and 1 to each node and edge of a given graph to indicate which substructures of a 

given graph are especially influential for the predicted outcome. The MEGAN model 

specifically generates one such attributional explanation for each of the possible 

classification outcomes—one explanation highlighting the structural evidence in 

favor of an aggregator classification (orange) and the other explanation highlighting 

substructures associated with the non-aggregator class (green) (Figure 4.2b).   

4.2.2 Prediction accuracy and benchmarking 

We trained a MEGAN model on a dataset comprised of 12,338 aggregating 

and 177,048 non-aggregating molecules (see Methods). For a quantitative 

evaluation of our trained model, we used a separate test set of 1500 aggregators and 

1500 non-aggregators. Similar to most previously reported ML models, we achieved 

an accuracy of 82%. However, as we are using a training set with a class imbalance, 

accuracy can be misleading as it may achieve high accuracy simply by predicting 
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the majority class. To further evaluate the MEGAN model’s performance, we 

employed the F1 score, which gives a more balanced performance estimate for both 

classes. The MEGAN model achieved an F1 score of 81%, indicating that the model 

has a good balance between precision and recall. The similarity in the accuracy 

(82%) and F1 score (81%) also suggests that the model's performance is well-

balanced across both classes (aggregators and non-aggregators). The performance 

of the MEGAN model was compared against the XGboost model of Yang et al. 

(ChemAgg), using our balanced test set. It was found that the MEGAN model 

provided a higher accuracy and F1 score than the ChemAgg model (acc = 73%, F1 = 

74%), demonstrating the superior performance of graph neural networks in 

capturing molecular structures. 

4.2.3 Sensitivity of the model to small structural modifications 

When evaluating the performance of the MEGAN model in predicting 

molecular aggregation, its predictions were observed to exhibit a high degree of 

sensitivity to subtle modifications in molecular structure. To illustrate this 

sensitivity, two groups of compounds with experimentally validated aggregation 

behavior are presented: one comprising molecules from the training dataset (A, B) 

and the other consisting of molecules external to the training dataset (C, D). 

Azacarbazoles, A and B, were in the library used to train the model and have 

previously had their aggregation behavior experimentally validated (Figure 4.3). 
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Despite the azacarbazoles differing by only one methyl group, the MEGAN model 

correctly predicted, with high confidence, A as an aggregating and B as a non-

aggregating compound. The model also generates distinct explanation masks for 

each compound. Examination of the explanation mask for A indicates that the 

methyl group is not important in the model's predicted outcome. Instead, the 

presence of the methyl group appears to cause the model to discriminate between 

different parts of the shared heterocyclic core of A and B in its classifications of 

each compound. This indicates that for molecules sharing the same scaffold, the 

model utilizes different substructures as evidence for the aggregation prediction, 

which demonstrates model learning that extends beyond scaffold memorization. 

 

Figure154.3. MEGAN predictions and explanation masks for two pairs of structurally 

similar molecules that exhibit experimentally contrasting aggregation behavior. 

In comparing efonidipine (C) and manidipine (D), we again observe the 

MEGAN model’s ability to correctly classify compounds based on changes in 

substructure. In both C and D, the model highlights the aromatic ring of the 
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nitrobenzyl group as evidence for aggregation. In C, the bulky phosphonate group is 

identified as providing evidence against aggregation. From a chemical perspective, 

the explanation masks for C seem reasonable, as the phosphonate group likely 

reduces the molecule's capacity to form closely packed arrangements or stable 

intermolecular interactions that promote aggregate formation. In contrast to C, the 

methyl ester group of D decreases the attributional explanations for nonaggregation 

resulting from the dihydropyridine. This would suggest that the methyl ester is less 

disruptive of favorable intermolecular interactions that induce aggregation in D. 

These findings suggest that the model effectively identifies key structural features 

that either promote or inhibit aggregation, highlighting the potential for targeted 

modifications to reduce aggregation behavior. 

4.2.4 DFT assessment of physical relevance for MEGAN model structural 
sensitivity 

To examine the physical relevance of the MEGAN model's sensitivity to small 

changes in molecular structure, quantum chemical modeling of a group of 

structurally similar compounds having different prediction labels was performed. As 

a significant portion of the molecules in the training dataset contain aromatic 

heterocycles, pyridine derivatives were selected as the primary focus of this study. 

This scaffold serves both as a simple example of an aromatic heterocycle and is 

easily modified to examine the effects of different intermolecular interactions. 

Although the selected pyridine derivatives have not been experimentally evaluated 
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for aggregation, their analysis provides insights into the relationship between 

aggregation prediction confidence and interaction energies. Interaction energies for 

the pyridine derivatives were calculated using density functional theory (DFT) and 

compared with the MEGAN predictions and explanation masks (Figure 4.4).  

The intermolecular interactions of pyridine derivatives predicted with high 

confidence as aggregators (E–H) were calculated to be at least 1.5 kcal/mol more 

energetically favorable than those of compounds predicted with high confidence as 

non-aggregators (I–P). All 2-hydroxypyridine derivatives were classified as 

aggregators with high confidence. Conformational searches of the dimers revealed 

that the strongest interactions between these molecules involved the formation of 

two intermolecular hydrogen bonds. The only other compound to form two 

intermolecular hydrogen bonds was 2-aminopyridine (K), which was classified as a 

non-aggregator. However, its interaction energy was only -6 kcal/mol, likely due to 

the relatively weaker nature of N-H hydrogen bonds compared to O-H hydrogen 

bonds. Hydroxypyridines M, N, O, and P were classified as non-aggregators and 

were capable of forming only one hydrogen bond, leading to weak interaction 

energies of greater than -9 kcal/mol. The remaining compounds, I, J, and L, 

classified as non-aggregators by the MEGAN model, all preferred conformations 

that promoted π-π interactions and had interaction energies of greater than -8 
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kcal/mol. Overall, this demonstrates the ability of the model to discriminate based 

on intermolecular interaction strength.  

In examining the MEGAN model’s explanation masks for the 

hydroxypyridines, the model is found to distinguish between the various OH 

substitution patterns. For the predicted aggregators (O-R), the MEGAN model finds 

the HO-C-N substructure, which is responsible for the hydrogen bonding 

interactions in the dimers, as the key contributor to the aggregator classification 

(Figure 4.4). In contrast, for the isomers with weaker interaction energies (J, M, N, O, 

P) the model identifies the hydroxyl group as contributing to the classification of 

these compounds as non-aggregators, demonstrating that the model's prediction is 

influenced by the substitution pattern. The MEGAN model is also observed to be 

sensitive to the strength of the hydrogen bond donating abilities of the substituents. 

While the strongly hydrogen-bonding hydroxyl group of 2-hydroxypyridine (G) is 

highlighted as contributing to the aggregation prediction, the slightly weaker 

hydrogen-bonding amino group of 2-aminopyridine (K) is highlighted as contributing 

to a non-aggregator prediction. Therefore, not only do the interaction energies 

correlate with the MEGAN predictions, but the MEGAN model is able to identify the 

structural features of these molecules, which may be contributing to intermolecular 

interactions and aggregation. 
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Figure164.4. MEGAN predictions compared with DFT interaction energies of dimers 

for compounds E - P. Predictions are reported on a scale from 0 to 1, with 0 

indicating a prediction of non-aggregator and 1 indicating a prediction of aggregator. 

Also shown are the 3D structures of the optimized dimer geometries and MEGAN 

explanation masks for each molecule. The light-colored explanation masks for I 

indicate that the MEGAN model detects no pattern systematically associated with 

either class. 

4.2.5 Global explanations 

To investigate the molecular substructures commonly contributing to the 

MEGAN model’s prediction of molecules as aggregators or non-aggregators, a global 



Chapter 4: Mitigating Molecular Aggregation in Drug 
Discovery with Predictive Insights from Explainable AI 

 

91 
 

concept extraction was performed. 20 In this process, the pooled graph explanations 

for each channel undergo dimensionality reduction and clustering to provide 

clusters of molecules that share structural explanations (Figure 4.2c). Each cluster 

represents one specific molecular substructure which occurs as an important 

explanation in many individual samples in the training data. The concept extraction 

produced 159 clusters, with 25 associated with the non-aggregator channel and the 

remaining 134 clusters associated with the aggregator channel.  

Visual analysis of the clustered concepts suggests that flexible molecules 

and molecules containing groups that have the potential to disrupt π-stacking 

through sferics often contribute to the non-aggregation prediction. Alternatively, flat, 

and rigid molecules, as well as molecules with functional groups that can act as 

both hydrogen bond donors and acceptors, contribute to the prediction of a 

molecule as an aggregator. Many of the trends that were identified in our clustering 

analysis are consistent with those that have been identified previously in literature 

for classifying molecular aggregation potential in small molecules.8-13  

One notable trend identified in our cluster analysis, not previously reported 

in the literature, is the influence of thioureas and ureas on the classification of 

molecular aggregation. The model frequently associates ureas with aggregation, 

whereas the thiourea moiety is strongly linked to non-aggregator labels. However, 

when thioureas are adjacent to an electron-withdrawing group, such as a carbonyl, 
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they instead contribute to the aggregator label. Interestingly, while the model has 

identified the urea and thiourea substructures as important to the classification of 

molecules as aggregating or non-aggregating, there is no notable difference in the 

relative frequency of the urea and thiourea substructures between the aggregating 

and non-aggregating datasets used for model training. This indicates that the (local) 

environment of those groups plays a decisive role, and not only the presence or 

absence of those groups individually. Typical feature importance approaches based, 

e.g., on molecular fingerprints, would only indicate the presence or absence of 

those groups as relevant but do not provide further insights into the local 

environment effects, which are contained in MEGAN explanations. 

To analyze whether the explanations generated based on the MEGAN model 

can be interpreted in terms of structural and physicochemical properties in an 

automated way, we experimented with large language models, specifically GPT-4o. 

The goal was to see whether the graph explanations can be automatically related to 

more broad chemical concepts and human-understandable explanations in order to 

stimulate further ideas for more detailed analysis by experts and to potentially 

derive design rules. In most cases, the connection to physicochemical properties 

did not reveal informative insights. Where non-aggregating motifs were queried, the 

response of the GPT-4o model explaining the non-aggregation behavior referred to 

functional groups that enhanced hydrogen bonding with water molecules and steric 
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hindrance of π-stacking, which are potentially correct but also rather obvious 

explanations. For aggregating motifs, the responses frequently included functional 

groups that enhanced hydrogen bonding to form molecular networks, as well as 

planar structures that promote π-stacking. A few explanations provided greater 

insight that might be validated and quantified in further experiments, e.g., electron-

donating effects, which can lead to increased electron density in the π system of the 

benzene ring, potentially facilitating better solvent interactions over intermolecular 

π-π stacking interactions. However, additional insights that inspire more detailed 

analysis or even lead to immediate understanding are still lacking.21 

4.3.6 Counterfactuals 

In addition to MEGAN’s attributional explanations, we also employ 

counterfactual explanations to gain further insights into the model’s behavior and 

decision-making process. For a given original input molecule, we define a 

counterfactual as a molecule with a minimal structural change from the original 

molecule which causes the greatest deviation in the model’s prediction. 

Counterfactuals explain which kinds of local perturbations to chemical structure 

the model, and by extension the underlying aggregation property, is most sensitive 

to. To probe some of the structural features and modifications influencing the 

model’s classification predictions, counterfactuals were generated for 

azacarbazoles A and B (Figure 4.5). Recalling from the previous discussion, the 
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model correctly classifies A as aggregating and B as non-aggregating despite their 

subtle structural differences (Figure 4.3). 

 

Figure174.5. Counterfactuals of experimentally validated aggregator A and non-

aggregregator B with MEGAN model’s prediction confidence and explanation masks. 

In general, the counterfactuals generated for aggregator A include molecules 

with electron-withdrawing groups added to the pyridine ring of the azacarbazole as 

well as molecules with additional steric bulk added to the carbon of the methyl 

group at the C1 position of the azacarbazole. The addition of an electron-

withdrawing group, such as an aldehyde (A-C1), to the pyridine ring was found to 

switch the classification label from aggregator to non-aggregator. Based on this 

observation, we suggest that electron-withdrawing groups could be capable of 

disrupting or altering the π-stacking arrangements that may produce aggregation in 
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A by modifying the electronics of the azacarbazole ring system. Additionally, steric 

bulk added to the methyl group of the azacarbazole (A-C1, A-C2, A-C3) results in 

larger, more flexible substituents, which sit out of the plane of the ring system, 

potentially disrupting favorable π-stacking arrangements and preventing 

aggregation. The non-aggregator channel’s explanation masks for the 

counterfactuals of A are nearly identical to those of the non-aggregator B, with the 

only substantial difference being that the additional substituent is also highlighted 

in the counterfactuals.  

The counterfactuals generated for non-aggregator B included molecules 

containing either a hydroxyl (B-C1, B-C2) or thiol group (B-C3) adjacent to the 

nitrogen atom of the pyridine ring. These analogous substructures, which are ideally 

suited for forming hydrogen bonding interactions that may contribute to aggregation, 

are frequently observed in molecules classified by the model as aggregators. These 

findings are consistent with trends observed in the study of pyridine derivatives (E-

H) where the HO-C-N substructure was found to be critical for aggregation.  

The explanation masks for each of the counterfactuals of B (B-C1, B-C2, B-

C3) highlight the hydroxy/thiol pyridine substructures in red, indicating that these 

substructures provide the model with evidence for the aggregation class. The 

identification of these functional groups is also consistent with the results of other 

studies, in which thiols and hydroxyl groups have been identified as functional 
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groups commonly inducing aggregation.8-13 Interestingly, compound A-C3, which 

contains a hydroxyl group not directly bound to the pyridine, is predicted as non-

aggregating, suggesting that the hydroxyl group alone is not a predictor of 

aggregation for these compounds and further emphasizing the importance of the 

hydroxy/thio pyridine substructure. 

4.2.7 Experimental validation of predictions and counterfactuals 

In addition to serving as a means for identifying the structural features of 

molecules contributing to their classification as aggregators or non-aggregators by 

the MEGAN model, counterfactuals also allow for the prediction of new molecules 

highly similar to an input molecule with alternate aggregation properties. Applying 

the model in such a manner provides a method for the design of new compounds 

that maintain the desired structural aspects of a molecule, which may be crucial to 

forming necessary interactions within a biological target while modifying its 

aggregation tendencies. The following example provides experimental validation of 

the MEGAN prediction classification for one of the counterfactuals and 

demonstrates the utility of counterfactuals for altering the aggregation properties of 

a compound through minor structural modifications.  

We investigated clioquinol, which has been previously reported to aggregate 

and is correctly predicted by the MEGAN model, and its flipped label 

counterfactual, methylclioquinol, which has never previously been experimentally 
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examined for its aggregation properties (Figure 4.6). To compare the aggregation 

behavior of these two molecules, dynamic light scattering (DLS) experiments were 

performed for each compound for a concentration range that is relevant for HTS 

assays (see Methods). Consistent with previous reports, clioquinol was found to 

aggregate, as demonstrated by a significant increase in its hydrodynamic radius at 

higher concentrations. In contrast, methylclioquinol exhibited minimal fluctuation 

in its hydrodynamic radius, indicating that aggregation does not occur in the 

concentration range studied. These findings highlight the potential power of MEGAN 

model's ability to aid in the rational design of molecules with tailored aggregation 

properties, offering a versatile approach for optimizing compound behavior in 

biological systems while preserving critical structural features. 

To understand the model’s rationale for suggesting methylclioquinol as a 

counterfactual, the explanation masks for both molecules were examined. The 

explanation masks for clioquinol highlight the majority of the quinoline scaffold, 

with a focus on the area containing the nitrogen and alcohol, as providing evidence 

for the aggregator class. In contrast, for methylclioquinol the methoxy group as well 

as the quinoline scaffold are both highlighted, albeit to a lesser extent, as providing 

evidence for the non-aggregator class. The methylation of clioquinol at the oxygen 

atom eliminates its ability to engage in hydrogen bonding interactions. These 
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findings suggest that the model recognizes hydrogen bonding motifs and the steric 

bulk introduced by substituents as key factors influencing aggregation. 

 

Figure184.6. (a) MEGAN model’s prediction confidence and explanation masks for 
clioquinol and methylclioquinol. (b) Overview of DLS method and experimental DLS 
results for clioquinol (orange) and methylclioquinol (green). 

4.2.8 External validation 

To further validate the predictive accuracy of the MEGAN model, a dataset of 

58 structurally diverse drugs that have been experimentally characterized as 

aggregators or non-aggregators was compiled and assessed using the model. This 

external validation dataset was sourced from two literature references, where the 
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compounds had been experimentally screened to evaluate the impact of colloidal 

aggregation on SARS-CoV-2 drug repurposing efforts.22, 23 The dataset includes 30 

aggregating and 28 non-aggregating compounds, none of which were present in the 

training or test sets for the MEGAN model, ensuring that they were previously 

unseen by the model. 

The MEGAN model was capable of correctly classifying 15 of the 30 

aggregating compounds and 24 of the 28 non-aggregating compounds, 

resulting in an accuracy of 68%. For comparison, we evaluated the 

performance of CHEMAgg, a widely recognized model for aggregation 

prediction, using the same validation dataset. CHEMAgg achieved an 

accuracy of only 50%, significantly lower than the MEGAN model. While 

CHEMAgg accurately identified 27 of the 28 non-aggregating compounds, it 

only correctly classified 2 of the 30 aggregating compounds. CHEMAgg’s 

classification of 55 of the 58 molecules as non-aggregators suggests a strong 

bias in this model towards non-aggregator classification. In contrast, the 

MEGAN model provides a more balanced classification and demonstrates 

superior performance in accurately predicting molecular aggregation. This 

result highlights the ability of our model to outperform existing state-of-the-

art models, particularly in identifying aggregating compounds, which is a 
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critical capability for accurately screening datasets for promiscuous 

molecules. 

4.2.9 Conclusion 

The MEGAN model presented in this study demonstrates a high level of 

accuracy for predicting SCAMs, achieving 82% on a balanced in-distribution test 

dataset and similar performance on a smaller external dataset of drug molecules. 

While commonly accepted features such as logP values and the number of 

aromatic rings are relevant for detecting SCAMs, the model's high accuracy and 

explanations indicate that it learns more complex relationships between molecular 

structure and aggregating behavior. 

Through local and global model explanations and counterfactual analysis, 

we identified and systematically examined specific molecular motifs associated 

with aggregation. By combining expert knowledge, quantum mechanical modeling, 

and automated interpretations using large language models, we provide deeper 

insights into molecular aggregation. The MEGAN model not only highlights 

molecular motifs strongly linked to aggregation but also identifies small structural 

modifications that can significantly alter aggregating behavior, providing valuable 

tools for molecular design. 

The MEGAN model’s accuracy, combined with the accessibility and extended 

functionality provided through a publicly available web interface, enables improved 
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detection of SCAMs. Furthermore, the use of molecular counterfactuals offers a 

practical approach for designing alternatives to problematic compounds. This 

capability facilitates the filtering of HTS libraries, helping to reduce false positives in 

drug discovery databases and improving overall screening reliability. 

4.3 Methods 

4.3.1 Dataset curation and preparation 

For model training, a dataset of molecules that have been experimentally 

validated as either aggregating or non-aggregating was curated. In order to do so, 

data from the Shoichet laboratory utilized for the development of their Aggregator 

Advisor tool was used.9 For the development of Aggregator Advisor, Stoichet et al. 

identified over 12,600 likely aggregators from their previously published 

experimental screens for colloidal aggregation. These compounds were used as our 

dataset of experimentally validated aggregators. To curate our dataset of non-

aggregating molecules, one of the libraries screened for aggregation by Stoichet 

consisting of approximately 198,000 compounds was filtered to exclude any 

molecules in our dataset of aggregating molecules.24 As the 198,000 compound 

dataset was utilized to populate the 12,600 aggregators in Aggregator Advisor, any 

compound in the dataset that was not identified by Stoichet as an aggregator has 

been experimentally validated as a non-aggregator. 
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Upon data curation, the resulting datasets consisted of 12,607 aggregating 

and 197,846 non-aggregating molecules represented as SMILES strings. In order to 

clean the data for use in training our machine learning model, the SMILES strings 

were canonicalized using RdKit.25 If multiple fragments were present in the SMILES 

strings, the longest one was kept, and the others (generally counterions or solvents) 

were removed. If there was more than one long (>12 characters) fragment, the data 

point was discarded. All duplicate molecules and molecules producing RdKit errors 

were also discarded from the datasets. Additionally, for the non-aggregating 

dataset, molecules containing metal atoms and inorganic molecules (i.e. containing 

zero carbon atoms were discarded. After filtering the molecules, the remaining 

datasets consisted of 12,338 aggregating and 177,048 non-aggregating molecules. 

Molecular descriptors were analyzed to examine the differences in structural 

features and properties of the compounds in the aggregating and non-aggregating 

datasets. 

For the training of the graph neural network, the dataset was first pre-

processed using the publicly available protonation software library DimorphiteDL to 

extract all possible protonation states at physiological pH for each molecule.26 A 

value of 7.4 was used for both the min_ph and max_ph parameters of the 

DimorphiteDL software. The protonated molecule variants were then converted into 

graph representations using RDKit to extract numeric node and edge attribute 
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vectors.25 Node features include a one-hot representation of the atom type, as well 

as additional information such as the number of connected hydrogen and local 

charge distribution. Similarly, the edge features contain a one-hot encoding of the 

bond type and additional information such as whether the bond is part of a ring 

structure. 

4.3.2 Explainable graph neural networks, MEGAN 

The Multi-Explanation Graph Attention Network (MEGAN) is a graph neural 

network designed to make predictions while also explaining how it arrived at those 

predictions. Unlike many other models, MEGAN can provide multiple explanations 

for each prediction, such as highlighting features that contribute positively or 

negatively. It uses attention mechanisms to focus on important parts of the graph 

and a self-consistent, masking-based training process to ensure that its 

explanations align with the expected meanings. This makes MEGAN especially 

useful for tasks like predicting molecular properties, where understanding the role 

of specific substructures is critical. It can also be trained to match known 

explanations, improving both its accuracy and interpretability. An interactive 

interface to query the MEGAN model for aggregation prediction is available at 

https://megan.aimat.science/predict/megan_aggregator. Code and data are 

available on GitHub (See Data and Code Availability).  

https://megan.aimat.science/predict/megan_aggregator
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4.3.3 Counterfactuals 

Counterfactuals are generated by exploring the immediate graph 

neighborhood of each original molecule and then selecting those that result in the 

highest prediction difference relative to the original prediction. We generate the 

local neighborhood of the molecular graphs with a procedure inspired by Riley et al. 

in which all chemically feasible atom and bond insertions and deletions are applied 

to the molecule recursively. 27 Depending on the recursion depth, this procedure 

typically produces 100-1000 perturbed graphs out of which we present the 10 

graphs with the highest prediction difference as counterfactual explanations. 

4.3.4 Fingerprint and descriptor-based ensemble methods 

To compare the accuracy of our model to the aggregation prediction model 

reported by Yang et al., we re-implemented their computational approach and 

trained it on the dataset presented in this work. We used three types of descriptors, 

namely fingerprint features (circular fingerprints as well as ECFP4/Morgan 

fingerprints as implemented in RdKit), MACCS features as implemented in RdKit, 

and CATS features as implemented in https://github.com/alexarnimueller/cats-

descriptor.28-30 Within each set of descriptors, we used a feature importance 

analysis based on a Random Forest classifier to determine how many features are 

required to achieve the highest accuracy on the validation set. This resulted in a 

total selection of 33 features. After concatenation and hyperparameter 

optimization, we found the optimal hyperparameters of the Random Forest 
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classifier to be an ensemble size of 500, with no limit on depth, and entropy as an 

impurity measure; of the Gradient Boosting classifier to be an ensemble size of 500, 

a maximum depth of 9, and a learning rate of 0.5; and of the XGBoost model to be an 

ensemble size of 500, a maximum depth of 8, and a learning rate of 0.1. 

4.3.5 DFT modeling of interaction energies 

DFT modeling of pyridine derivatives E - P was performed to assess the 

energetic favorability of the intermolecular interactions formed between 

compounds as well as the favored geometries of the dimers. To locate the lowest 

energy geometries of the monomers and dimers, initial geometries were 

constructed, and conformer ensembles were generated using CREST based on 

GFN2-xTB calculations.31,32 The lowest energy monomer and dimer geometries were 

then optimized using wB97xD/def2-TZVP with the SMD solvent model (H2O) in 

Gaussian 16.33-36 Vibrational analysis performed at 273.15 K confirmed that all 

optimized geometries corresponded to minima on the potential energy surfaces, as 

indicated by the absence of imaginary frequencies. The interaction energies were 

calculated following Eq. 4.1 using the sum of the electronic energy (E) and zero-

point correction to the electronic energy (EZPE). In all cases, the most energetically 

favorable geometry of the dimer that could be located was used for the calculation 

of the interaction energy.   

Interaction Energy = (Edimer + EZPE, dimer) - 2(Emonomer + EZPE, monomer) (Eq. 4.1) 
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4.3.6 Dynamic light scattering experiments 

DLS was used as an aggregation detection method for the examination of 

clioquinol and methylclioquinol. The instrument used in this study was a 

Nanotemper Prometheus Panta and standard 10 µL capillaries were used. 

Clioquinol was purchased from TCI chemicals via Fisher Scientific, and 

methylclioquinol was prepared and purified following standard methylation 

conditions using iodomethane.37 Stock solutions of 1 mM were prepared for each 

compound in DMSO. The stock solutions underwent serial dilution using a 40 mM 

sodium phosphate buffer at pH 7.4 to prepare solutions of 100, 75, 50, 25, 10, 8, 5, 

5, 3, 1, and 0.5 µM. The concentrations tested were chosen based on the 

concentrations that standard HTS screens are run at.  Each solution was run in 

triplicate on the instrument, and aggregation was determined based on 

hydrodynamic radius. 
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5.1 Conclusions 

5.1.1 Chapter 2 

This work in chapter 2 explored in silico chemical libraries and their role in 

training ML algorithms. A natural product library was analyzed, revealing promising 

results for tetrahydro-β-carbolines but highlighting issues with PAINS compounds, 

particularly Michael acceptors. This led to two research directions: investigating the 

activity of ZINC8876405, which is an ongoing endeavor, and refining library curation 

by filtering PAINS compounds and evaluating library size and weight. 

Also presented in chapter 2 was the training of nine small molecule libraries. 

Libraries 4 and 5 showed the best results, despite Library 5 being smaller it was 

more balanced, suggesting that training data requirements vary by target. 

Additionally, for growth inhibition prediction, dataset balance proved more critical 

than size, as seen in the comparative analysis of Libraries 3, 7, and 8. Despite its 

small size, Library 7 yielded reasonable results, surpassing existing ML benchmarks 

in antibiotic research.  

5.1.2 Chapter 3 

The work presented in this chapter shows that XAI models can give chemical 

insight into molecules based on the limited data given to the model in training. This 

chapter shows that MEGAN can be trained using a library of β-lactamase inhibitors 

to achieve performance that is better than a RF model as well as better than what is 

currently published in literature sources. MEGAN was also able to correctly explain 
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the activity of β-lactam containing β-lactamase inhibitors by highlighting the lactam 

ring as well as other atoms that seem to participate in the bonding of the compound 

in the protein active site. This was very promising as MEGAN had only ever ‘seen’ 

SMILES strings, so identifying interactions it has no previous knowledge of is 

important.  

5.1.3 Chapter 4 

As per our prepared manuscript, “The MEGAN model presented in this work 

was able to accurately predict SCAMS with an accuracy of 82.5% on a balanced in-

distribution test data set and similar accuracies on smaller external data sets. While 

traditional features, e.g. logP values or number of aromatic rings are relevant to 

detect SCAMS, the high accuracy of the MEGAN model can only be explained if we 

assume that the model learns more complex relations between molecular structure 

and aggregating behavior. Using intrinsic model explanations as well as 

counterfactuals, we identified and further analyzed selected motifs that were found 

through systematic analysis of the model. Using expert knowledge-driven 

interpretations, further simulations, as well as automatic interpretations with large 

language models, we show that additional insight into molecular aggregating can be 

obtained. 

We find specific molecular motifs to be strongly related to aggregation while at the 

same time, the MEGAN model helps to reveal small modifications that strongly 

change aggregating behavior which can be used in molecular design approaches. 
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We furthermore find that the predictions by the MEGAN model are strongly 

correlated with molecular binding energies, indicating that dimerization can play a 

relevant role in the formation of larger molecular aggregates. First tests of 

combining large language models with model predictions and counterfactuals show 

that interesting additional insight can be obtained which potentially accelerates or 

inspires further manual analysis by experts.  

The accuracy of the MEGAN model coupled with the accessibility and extra 

functionality provided through a publicly available web interface allows for reliable 

detection of SCAMs. Furthermore, molecular counterfactuals, where minimal 

structural changes reverse the aggregation prediction, can be utilized in the design 

of alternatives for compounds that are likely to aggregate and will still maintain the 

main structure of the scaffold. This overall allows for the filtering of HTS libraries to 

combat false positives in the actual screens.” 

5.2 Future work 

 Chapter 2 was work completed in collaboration with the Cardona lab at the U 

of M and the Hu lab at Western. This ongoing collaboration is still looking to train, 

test, and validate ML methods to aid in identifying compounds with growth-

inhibitory activity. While the main goal remains the same the methods utilized are 

evolving with the field and new types of ML are to be investigated in the future for 

this task.  
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5.2.2 Chapter 3 

 The work outlined in Chapter 3 is far from complete. Our trained model 

targeting only one MOA is the first of its kind and initially looks as if it will outperform 

models trained on whole cell assay data. This is yet to be seen but can be validated 

in the lab by using the model to make predictions and experimentally testing the top 

compounds in the lab. A second direction this project can go is further examinations 

of clusters to identify key features of molecules present to curate a new scaffold of 

molecules that have the potential to have inhibitory activity. The work outlined in 

Chapter 3 should also be expanded to include different ML approaches as there is 

potential for improvement being that the f1 score was only 0.69. Finally retraining 

the algorithm with a different subset of molecules from the initial data set could be 

interesting to see if we can improve model performance that way.  

5.2.3 Chapter 4 

 The work outlined in Chapter 4 has some interesting avenues that can be 

taken. One way our work could be expanded is to curate a library of AIE molecules 

that can be included in the training data so that our model can encompass 

medicinal and material chemical space. A second area that can be improved upon 

is the counterfactuals. While there is currently no other aggregation model that 

predicts counterfactuals, including a model that predicts a synthetic route to the 

counterfactuals could be interesting. In the early stage of this project, we got a lot of 

counterfactuals that were synthetically challenging or impossible to make so 
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allowing users to get a counterfactual and a synthetic route could have utility.5.3 

Publication record  

Currently, I have 2 published works: 

1. Liu, C., Hogan, A.M., Sturm, H. et al. Deep learning-driven prediction of drug 

mechanism of action from large-scale chemical-genetic interaction 

profiles. J Cheminform 14, 12 (2022). https://doi.org/10.1186/s13321-022-

00596-6 

2. A. S. M. Z. Rahman, C. Liu, H. Sturm, A. M. Hogan, R. Davis, P. Hu, S. T. 

Cardona, “A machine learning model trained on a high-throughput 

antibacterial screen increases the hit rate of drug discovery” PLoS Comput. 

Biol. 2022, 18, e1010613 

Also, chapter four has been prepared as a manuscript and submitted to 

Angewandte chemie. Work completed in chapter 2 is currently in the process of 

being written up with collaborators in the Cardona Lab. Finally chapter 3  Is being 

prepared into an invited manuscript. 

5.3 Final Thoughts  

 This thesis has conveyed the work I have completed over the past four years. 

While there is no new approved drug from my work, I believe through my PhD work I 

have contributed to the drug discovery process, maybe not by finding a new drug, 

but by the development of predictive models that others can use to aid in their 
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scientific endeavors. Because after all science is collaborative and we must look to 

the past to make progress for the future. 

 

 


