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Introduction

Context and motivation

Drug discovery is a complex, costly, and time-consuming process that aims to identify and develop
new therapeutic molecules. It encompasses several distinct phases, starting from target identifica-
tion and progressing through hit discovery, lead optimization, and finally clinical candidate selec-
tion. Among these phases, lead optimization stands out as particularly critical, as it involves the
iterative refinement of promising molecules to enhance their efficacy, selectivity, safety, and phar-
macokinetic profiles ultimately yielding a viable drug candidate.

The lead optimization phase is inherently challenging due to its multi-parametric nature. Medic-
inal chemists are required to simultaneously optimize multiple, often conflicting objectives. This op-
timization problem is now generally tackled through iterative Design-Make-Test-Analyze (DMTA)
cycles. In each cycle, new chemical compounds are designed based on previous results, synthe-
sized, experimentally tested, and analyzed to inform the next design cycle. However, these cycles
frequently operate in a low-data regime, characterized by limited experimental data points due to
constraints in time, resources, and cost associated with chemical synthesis and biological testing.

The advent of generative artificial intelligence tools has significantly modified the landscape of
lead optimization. These tools facilitate the generation of numerous novel chemical entities, comple-
menting and extending the chemical space traditionally explored by medicinal chemists. While this
technology presents tremendous opportunities, it also introduces an unprecedented challenge: an
overload of molecules to choose from. This rapid expansion in the number of designed compounds
necessitates the development of rational prioritization strategies to systematically and effectively
select the most promising ones for synthesis and testing.

Studying the lead optimization phase in a rigorous, data-driven manner is particularly challeng-
ing outside of the industry. The main reason is the scarcity of publicly available datasets reflecting
the iterative nature and multi-parametric decision-making processes intrinsic to lead optimization.
Proprietary constraints, confidentiality issues, and competitive considerations often restrict access
to such data, limiting academic and public research efforts. This thesis being part of a CIFRE collab-
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oration with Sanofi gives the unique opportunity to work with usually inaccessible data.

Objectives and principal contributions

This thesis begins by addressing the challenge of predictive modeling in low-data regimes under re-
alistic conditions. As preliminary work, we conducted an extensive benchmarking study evaluating
over 400 molecular descriptors combined with traditional machine learning methods and state-of-
the-art deep learning models. This evaluation was performed using 121 diverse datasets extracted
from legacy drug discovery projects from Sanofi, representing a wide spectrum of predictive tasks.
To closely mimic the real-world conditions of the lead optimization phase, characterized by shifting
chemical spaces over time, we primarily employed a time-based data splitting strategy. Addition-
ally, we compared this approach against conventional cross-validation splits to highlight significant
differences in predictive performance assessment methodologies.

Building upon the insights gained from the benchmarking study, we next developed a practical
toolkit tailored for multi-objective compound selection during lead optimization. The toolkit inte-
grates various compound selection strategies inspired by active learning, multiple-criteria decision
analysis (MCDA), and the practical behaviors exhibited by medicinal chemists. These strategies
collectively facilitate systematic exploration and exploitation of chemical space, enhancing the effi-
ciency and effectiveness of the compound optimization process.

Finally, recognizing the high costs associated with prospective evaluations, we introduced a ro-
bust framework designed for retrospective performance assessment of the toolkit’s selection strate-
gies. Leveraging historical data from real-world drug discovery projects, we developed a simulation
methodology to run retrospective simulations where compound selection is guided by rational se-
lection strategies. To rigorously analyze these simulations, we developed analytical tools capable of
qualitatively and quantitatively comparing the outcomes of different virtual scenarios. This work
includes the release of open-source code and publicly available datasets enriched with critical tem-
poral information and supplementary experimental assay results, enabling the broader research
community to further explore and validate these methodologies.

Thesis outline

This manuscript is structured around four primary chapters, aligned with the objectives previously
mentioned:

Chapter 1 provides an in-depth overview of the drug discovery pipeline, highlighting the key
phases and emphasizing the critical role of lead optimization. It also reviews relevant contemporary

– 2 –
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in silico tools and methodologies employed in drug discovery, contextualizing the contributions
presented in subsequent chapters.

Chapter 2 details the comprehensive benchmarking study of molecular descriptors, compar-
ing classical machine learning and deep learning methodologies in low-data scenarios taking into
account a distribution shift and examining the performance of an extensive set of molecular descrip-
tors.

Chapter 3 presents themethodological framework underlying themolecular prioritization toolkit,
describing its various prioritization strategies. It also outlines the retrospective simulation approach
and demonstrates the analytical tools developed for evaluating prioritization strategies, showcasing
their application on publicly available datasets.

Chapter 4 discusses initial findings derived from applying the toolkit and retrospective simu-
lation methodology to twelve complete datasets sourced from legacy Sanofi projects. It highlights
preliminary insights and underscores the practical implications of the prioritization strategieswithin
realistic lead optimization scenarios.

– 3 –





Chapter 1

Drug discovery and in silico methods

Discovering a new drug is not a sprint but a marathon, it demands endurance through a long and
arduous journey. In practice, bringing a single medicine from lab bench to patient bedside typically
takes well over a decade and can cost on the order of several billion dollars. This journey, known as
the drug discovery pipeline, winds through a series of stages: scientists first identify a potential bio-
logical target and find initial "hit" compounds, then refine those hits into promising lead molecules,
test these leads extensively in preclinical studies, and finally conduct clinical trials before any regu-
latory approval. At every step along this path, many hopeful candidates are left behind – some prove
ineffective, others reveal toxic effects or fall short on crucial properties – so that only a tiny handful
of initial compounds ultimately make it to market as approved medicines. In recent years, however,
researchers have gained powerful new tools to help tilt the odds in their favor: advanced computa-
tional methods now enable in silico experiments that complement traditional lab work. These tools
can rapidly search through enormous chemical libraries, model how molecules bind to biological
targets, and predict key pharmacological properties, helping to prioritize the most promising leads
and flag problematic compounds early in development. In this chapter, we will first walk through
the overall drug discovery pipeline, then explore how in silico techniques are being used within this
process to make it more efficient, and finally zoom in on the crucial lead optimization stage, where a
promising molecule is carefully optimized through iterative refinement into a viable drug candidate
ready for further development. This PhD work focuses on this specific phase of the drug discovery
process, by developing methodological and analytical tools to improve its efficiency.

1.1 The drug discovery pipeline

Drug discovery and development is a long, complex, and costly endeavor to bring a new therapeu-
tic from lab to market. On average, it takes on the order of a decade or more (often 10–15 years)
and costs around $2.5 billion (or more) to develop a single new medicine [1]. The process involves

5



Chapter 1

multiple stages, from early research (identifying a biological target and finding "hits" that affect it)
through lead optimization and preclinical testing, and finally clinical trials in humans and regulatory
approval [2]. At each stage, many candidate compounds are filtered out due to issues with efficacy,
safety, or other properties [3]. Indeed, only a tiny fraction of initial candidate molecules will ulti-
mately succeed as an approved drug [4, 5]. The high attrition rate reflects the stringent requirements
a compound must meet in terms of potency, selectivity, pharmacokinetics, safety, and more. This
section provides an overview of the modern drug discovery pipeline, with an emphasis on small-
molecule drugs. We also note historical context and recent advancements, such as computational
methods and AI-driven approaches, that have shaped current practices.

1.1.1 Modern drug discovery

Modern drug discovery has evolved from a trial-and-error art into a more systematic science over
the past century [6]. Historically, many drugs were derived from natural sources or discovered
serendipitously based on observed medical effects, often without understanding their molecular
targets [7]. For example, compounds like penicillin (an antibiotic from mold) and aspirin (from
willow bark) were used for their therapeutic properties long before their precise mechanisms were
known [8, 9]. In the latter half of the 20th century, advances in chemistry and biology enabled more
deliberate approaches. The paradigm shifted to high-throughput screening and rational design at the
beginning of the 21st century: researchers could screen large libraries of synthetic compounds (often
103–106 molecules) to find those that elicit a desired biological effect [10]. In parallel, the rise of
molecular biology and genomics expanded the repertoire of drug targets [11], specific biomolecules
in the body that a drug can interact with to produce a therapeutic effect. Overall, modern drug
discovery couples deep biological insights (to select the right targets and evaluate compounds on
the most relevant assays) with powerful chemical and computational tools (to design or find the
right drugs) [12].

1.1.1.1 Drugs

In drug discovery, the term "drug" refers to the active pharmaceutical ingredient that produces a
beneficial effect. Drugs can be broadly divided into two categories that are small-molecules and
biologics. Small-molecule drugs are low molecular weight organic compounds – typically on the
order of a few hundred daltons – that can readily enter cells and are usually administered orally (as
pills) or by other convenient routes [13]. These molecules have relatively simple, well-defined struc-
tures that chemists can synthesize and modify. Over 90% of marketed drugs are small-molecules,
reflecting their pharmacological versatility and the historical focus of drug discovery on this class
[14, 15]. Small-molecules can often be designed to selectively bind to a target (such as an enzyme’s
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active site or a receptor’s ligand pocket) and modulate its function [2]. They are chemically stable
and do not typically require special handling (unlike some fragile biologics). Importantly, because
small-molecules are chemically synthesized, once a small-molecule drug is optimized, it can be man-
ufactured at scale with high reproducibility. This also facilitates the production of generic drugs after
patent expiry, contributing to their widespread use [16].

A small-molecule drug modulates the activity of its target, generally a protein. When targeting
molecular receptors, small-molecule drugs typically function as agonists or antagonists. An agonist
binds to a receptor and activates it, triggering a biological response similar to the receptor’s nat-
ural ligand. Agonists can be classified as full agonists, eliciting the receptor’s maximal response,
partial agonists, inducing a submaximal response, or inverse agonists, which produce an opposite
biological effect. Conversely, antagonists bind to the receptor without activating it, thus preventing
or reducing the effect of natural ligands or agonists. Antagonists can be competitive, binding di-
rectly to the agonist’s binding site, or non-competitive, binding to an alternative site and indirectly
inhibiting receptor activation.

For enzyme targets, different terminology is employed. Small-molecules interacting with en-
zymes to reduce or block catalytic activity are termed inhibitors, preventing substrate conversion
into product. Enzyme inhibitors include competitive inhibitors, which compete directly with sub-
strates for the active site; non-competitive inhibitors, binding to an allosteric site and indirectly re-
ducing enzyme activity; and uncompetitive inhibitors, binding exclusively to the enzyme-substrate
complex, thereby halting the reaction progression. Although enzyme activators, which enhance
enzymatic activity, do exist, they are relatively uncommon.

Biologics, on the other hand, are large, complex molecules (or even living cells) produced by bi-
ological systems [17]. These include therapeutic proteins such as monoclonal antibodies, peptides,
vaccines, and nucleic acid-based therapies (like siRNA or mRNA vaccines) [18]. Biologics have risen
in prominence since the late 20th century, offering treatments with extremely high specificity, for
example, an antibody drug can bind to a unique antigen on cancer cells [19]. However, biologics
often must be injected or infused (since proteins would be digested if taken orally) [20], and they
typically require more complex development and manufacturing processes than small-molecules
[21]. Biologic drugs also pose challenges like immunogenicity (potential to trigger immune reac-
tions) [22]. Despite these differences, both small-molecules and biologics follow a similar high-level
pipeline: discovery, optimization, testing, and approval [5].

Figure 1.1 illustrates the annual number of FDA-approved drugs since 1997, categorized by their
respective classes, alongside the proportion represented by small-molecules. Although the signif-
icance of biologics has steadily increased over recent years, small-molecules continue to comprise
the majority of approved drugs each year. The research presented in this manuscript will specifically
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Figure 1.1: Number of FDA approved drugs per year, with a distinction between small-molecules, an-
tibody biologics, non-antibody biologics and CAR-Ts. The proportion of small-molecules approved
per year is also displayed. Data from the FDA website.

address small-molecule drug discovery, but could also be applied to biologics.

1.1.1.2 Targets

Every drug achieves its therapeutic effect by interacting with one or more biological targets. Pro-
teins represent the overwhelming majority of druggable entities, accounting for more than 90% of
approved therapeutic targets [15]. Common classes of protein targets include enzymes, G-protein
coupled receptors (GPCRs) and other cell-surface receptors, ion channels, and transporters [15, 23].
Drugs act on these targets through various mechanisms: enzymes can be inhibited or modulated;
receptors can be blocked by antagonists or activated by agonists; ion channels can be opened or
blocked; and transporters can be inhibited or facilitated. Targets of marketed drugs are found across
diverse protein families; for instance, numerous antihypertensive medications target GPCRs or ion
channels, while many anticancer agents target protein kinases involved in cell proliferation. Fig-
ure 1.2 depicts the distribution of human protein drug targets across major protein families and
highlights the significant proportion of small-molecule drugs targeting GPCRs, ion channels, and
nuclear receptors.

While proteins dominate, other biomolecules can also be targeted by drugs. For example, some
drugs bind to nucleic acids (DNA/RNA) or alter gene expression. Therapies targeting DNA/RNA
include certain anticancer agents that intercalate DNA, as well as the newer class of oligonucleotide
drugs that bind RNA [24, 25]. These remain a minority of drugs, but their importance is growing
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Figure 1.2: Distribution of human protein drug targets by major families (A) and distribution of
small-molecule drugs targeting these major families (B), as reported up to 2017. Figure reproduced
from Santos et al. [15].

(e.g., antisense therapies, RNA interference, etc.). Regardless of molecular type, a good therapeutic
target is one that plays a causal role in disease pathology in human and can be modulated safely.
Target selection is typically disease-driven: researchers choose a target believed to be critical in a
disease process, with the hypothesis that a drug affecting that target will alter the disease course.
For example, in Alzheimer’s disease a long-standing target has been beta amyloid (a protein that
forms plaques in the brain); drugs have been developed to prevent plaque formation or to clear
existing plaques [26]. In infectious diseases, targets are often essential proteins of a pathogen (like
an enzyme vital for a bacterium’s survival). In cancer, many drugs target proteins that control cell
division or survival (to selectively kill or stop them from duplicating). Target selection and validation
are crucial, choosing the wrong target (one that is not actually central to the disease or cannot be
modulated without causing toxicity) is a common reason for failure later in development [27].

1.1.2 Research

The "research" phase of the pipeline encompasses the early discovery and optimization of a poten-
tial drug. This phase can be further broken down into several key stages: target identification and
validation, hit identification (finding initial active compounds, or "hits"), hit-to-lead transition (re-
fining hits into promising lead compounds), lead optimization (iteratively improving those leads’
properties), and preclinical studies (testing the optimized candidate in biological models before hu-
man trials) [2, 5]. Each of these stages are described in Figure 1.3 and in the following sections.
Notably, these activities are often iterative and overlapping. For example, insights from lead opti-
mization might loop back to identify new hits, or additional targets might emerge. Throughout the
research phase, an interdisciplinary team (medicinal chemists, biologists, pharmacologists, compu-
tational modelers, etc.) works in cycles of design, synthesis, and testing to identify a promising drug
candidate.
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Figure 1.3: Drug discovery pipeline illustrating key stages from target identification to preclinical
studies. Success rates and durations are estimated based on Paul et al. [5] and may vary depending
on the specific project context.

1.1.2.1 Target identification and validation

Target identification is the process of pinpointing a biological molecule (often a protein, as previ-
ously stated) that could serve as a leverage point for treating a disease [2]. This often arises from
fundamental research. For instance, scientists might discover that a certain protein is mutated or
overactive in a disease, or that knocking out a gene in an animal model has a beneficial effect [2,
28]. Once a prospective target is identified, target validation is the critical step of proving that mod-
ulating this target actually impacts the disease in the desired way. Validation can involve multiple
approaches: genetic techniques (e.g. deleting or silencing the gene in cell or animal models to see if
disease traits are reversed) or use of tool compounds or antibodies (to pharmacologically inhibit or
activate the target in models). Only if target modulation shows efficacy in preclinical models, and
preferably a lack of unacceptable side effects, is the target considered "validated" enough to embark
on a drug discovery program.

This stage is time-consuming and intellectually challenging, because biology is complex and dis-
ease mechanisms are not always fully understood [5]. A significant portion of drug failures can be
traced to inadequate target validation. The drug may effectively hit the target, but if the target itself
was not truly driving the disease, the drug won’t help patients [27]. In fact, analyses of development
failures have found that lack of efficacy (often due to the wrong target or pathway being addressed)
is one of the largest cause of drug attrition, especially during development [27]. Therefore, modern
drug discovery puts great emphasis on choosing the right target up front. New technologies have
bolstered target identification and validation in recent years: for example, genome-wide association
studies (GWAS) can implicate genes in disease risk [29]; CRISPR-based screens can identify which
genes are essential for certain disease processes [30]; and advanced omics (proteomics, transcrip-
tomics) can reveal dysregulated pathways [31]. Chemical biology also plays a role: researchers use
small "probe" molecules to test in cells or animals whether a hypothesized target, when inhibited,
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yields a therapeutic-like effect [32, 33]. If the target passes these tests (showing a clear disease-
modifying role with tolerable on-target effects in models), the stage is set to start searching for
actual drug molecules against that target.

1.1.2.2 Hit identification

Once a validated target is in hand, the next challenge is to find molecules that can interact with
the target in the desired way. For instance, this might involve inhibiting an enzyme’s activity or
blocking a receptor. These initial active molecules are called hits. There are several strategies for
hit identification:

• High-throughput screening (HTS): A classical approach is to perform an assay (a biochem-
ical or cell-based test) on a large library of diverse compounds to see which ones produce the
desired effect, such as inhibiting the target’s activity above a threshold [10]. Modern robotic
HTS can test hundreds of thousands of compounds relatively quickly [34]. This approach is
essentially empirical: it casts a wide net to find any "hit" that shows activity. Hit rates in a
randomHTS are typically quite low, often around 1% or less of the compounds screened show
significant activity [35]. However, given a large library, it is still possible to find a number of
hits to start with. The diversity of the screening library is important; it may include syn-
thetic compounds collected over years, natural product extracts, or combinatorial chemistry
libraries. Historically, pharmaceutical companies amassed collections of up to a few million
compounds, though even a million-compound library covers only an infinitesimal fraction of
the estimated 1060 possible drug-like molecules [36].

• Virtual screening: Instead of (or in addition to) physically testing compounds, researchers
commonly use computational methods to triage compounds before experimental screening.
If the 3D structure of the target (usually a protein) is known from X-ray crystallography or
cryo-EM, one can do structure-based virtual screening: computer programs "dock" each com-
pound into the binding site of the target and score how well it might fit and bind. Docking
can rapidly evaluate millions of virtual compounds, filtering out those that are geometrically
or chemically incompatible with the target [37, 38]. This enriches the pool of compounds
that are actually tested in the lab, focusing on those most likely to bind. Structure-based
virtual screening has become a standard step when a high-resolution target structure is avail-
able. On the other hand, if a detailed binding site is not known or the target is less defined,
ligand-based virtual screening can be used: here, the idea is to use known active molecules
(perhaps from literature or earlier screens) as models, and then search databases for similar
compounds that might also be active. For example, given one hit with a certain substruc-
ture, a computational similarity search might find analogs containing that substructure or
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with similar physico-chemical properties. Ligand-based methods can employ 2D fingerprints
or 3D shape/pharmacophore matching to pick molecules that resemble known actives in key
features [39]. Virtual screening (both structure-based and ligand-based) greatly expands the
pool of candidates by evaluating compounds in silico beyond what may be immediately avail-
able; some vendors even offer "make-on-demand" compound libraries [40] numbering in the
billions that can be virtually screened, after which top-scoring molecules are synthesized only
if predicted to be active. Virtual screening can be enhanced using active learning approaches,
where the screening is iterative, each iteration being optimized based on the previous’ out-
comes [41, 42].

• Phenotypic screening: In some cases, drug discovery begins without a predefined target,
by screening compounds in cell or organism models for a desired phenotype (e.g., cell death,
reversal of disease markers). This was the classical mode of drug discovery in earlier decades
and has seen a renaissance for diseases where the exact targets aren’t clear [6, 43, 44]. Pheno-
typic screening yields active compounds first, and later efforts (using techniques like affinity
pull-down or CRISPR resistance screens) identify what the compound’s target is. While our
structured pipeline assumes target-first (the dominant paradigm now), it is worth noting that
many first-in-class drugs have come from phenotypic approaches [45]. Phenotypic hit iden-
tification still requires going through the subsequent optimization stages, but the path starts
from an observed effect rather than a chosen target.

Regardless of the initial screeningmethod (such as high-throughput screening, virtual screening,
or phenotypic assays), identified hits must undergo a validation process. Typically, a small number
of hits (ranging from a few to a few dozen) are selected based on their biological activity and novelty.
However, these compounds often present several liabilities. They may exhibit weak potency, poor
selectivity, instability, or other undesirable characteristics, making them suitable as starting points
rather than as viable drug candidates. Chemists carry out hit confirmation and triage by re-testing
compounds, verifying their chemical structures, and discarding false positives. Some false positives
arise from assay interference rather than genuine target engagement, as is the case with PAINS (Pan
Assay Interference Compounds) ??.

1.1.2.3 Hit-to-lead

After identifying confirmed hits, the subsequent phase involves refining these into lead compounds.
A lead is typically defined as amolecule or series of relatedmolecules demonstrating improved drug-
like characteristics [2], thus warranting extensive optimization. The transition from a hit to a lead
involves exploring the chemical space around the original hit to check that its liabilities can be
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modulated and enhance its essential properties. This process usually proceeds iteratively through
cycles of design and experimental evaluation [46].

Central to the hit-to-lead transition are structure-activity and structure-property relationship
(SAR/SPR) analysis. During this step, chemists synthesize a series of analogs, which are compounds
structurally similar to the hit, and evaluate their biological activity to understand howmodifications
influence potency and other desirable properties [47]. The primary objective of SAR analysis is to
identify structural elements vital for maintaining or enhancing activity and to determine which
regions of the molecule can be altered without loss of efficacy or selectivity. Genuine hit series
typically exhibit discernible SAR/SPR patterns, whereby specific molecular changes consistently
affect activity or other properties positively or negatively.

However, researchers must remain vigilant about assay artifacts at this stage [48, 49]. For ex-
ample, a uniformly active analog series ("flat SAR") often indicates non-specific mechanisms such
as compound aggregation or general assay interference, signaling potential false positives. Such
artifacts are typically identified and eliminated through more rigorous experimental validation, in-
cluding counter-screening against structurally or functionally related targets to confirm selectivity.

During hit-to-lead, teams often explore multiple chemical series or chemotypes (different chem-
ical scaffolds) in parallel if they have more than one promising hit series [46]. They will compare
these series on various criteria to decide which to advance. Key factors in selecting a lead series
include:

• Potency: How strong is the effect on the target?

• Selectivity: Does it preferentially affect the target versus other related proteins? Early selec-
tivity assays can flag pan-assay interference compounds or broadly toxic compounds.

• Synthetic accessibility: Can chemists readily make analogs and scale up this series? A
chemotype accessible by straightforward chemistry is preferable.

• Intellectual property (IP): Is the chemotype novel and patentable? If the hit is identical
or very similar to a competitor’s compound or a known drug, it may not be viable due to IP
restrictions.

• Preliminary ADME/Tox: Simple tests for absorption, distribution, metabolism, and excre-
tion (ADME) properties, as well as toxicity assays (e.g., cytotoxicity in cell lines), can be per-
formed on hits. For example, if a series is extraordinarily insoluble or is rapidly metabolized
in liver microsomes, it might be less attractive. If a series has toxicophores (structural features
associated with toxicities), medicinal chemists might favor different series.
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• Hypothesized optimization potential: Does a series has "room" for further optimization?
If the initial hit is already as bulky or polar as can be tolerated, it may be hard to improve its
properties without losing activity. A lead that’s moderately active but tunable is often better
than one that’s very potent but limited for improvements.

By the end of hit-to-lead, the goal is to have one or a few lead series that show acceptable
potency on target and initial signs of drug-like behavior. The lead should be one for which there is
a clear path to optimize remaining issues (such as metabolic stability or selectivity). At this point,
the project enters the more intensive lead optimization phase.

1.1.2.4 Lead optimization

Lead optimization is the stage where lead compounds are turned into candidates suitable for clinical
trials [2]. Here the emphasis shifts to multi-objective optimization – the compound must not only
be potent at the target, but also have a whole profile of properties acceptable for a drug (pharma-
cokinetics, safety, formulation, etc.) [50, 51, 52]. This is a challenging balancing endeavor because
improving one property can often worsen another [50]. For example, increasing potency by making
a molecule more lipophilic might reduce its solubility or increase toxicity [53, 54]. Thus, lead opti-
mization is truly a multi-objective optimization problem where the team should exploit and explore
the chemical space around the initial leads in order to have at least one drug candidate suitable for
preclinical development [50, 55].

The research presented in this manuscript specifically aims to enhance the efficiency of this crit-
ical phase through computational methods. A detailed section addressing the mechanics, method-
ologies, and principal challenges of lead optimization will be presented in a subsequent section.

1.1.2.5 Preclinical development

Preclinical development refer to the testing of a drug candidate in non-human systems to gather effi-
cacy, toxicity, and pharmacokinetic data. This phase is necessary to satisfy regulatory requirements
and to make a rational go/no-go decision on whether the compound is likely to be safe and effective
in humans. Preclinical studies can be divided into in vitro studies (experiments in test tubes, cell
cultures or biochemical assays) and in vivo studies (experiments in living animals) [2].

During lead optimization, many in vitro assays would already have been done; but now they are
expanded and GLP (Good Laboratory Practice) compliant studies begin for regulatory submission.
For example, in vitro genotoxicity tests (like the Ames test for DNA mutations [56]) are performed
to flag any carcinogenic risk. The candidate’s interactions with drug-metabolizing enzymes are
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characterized to predict drug-drug interaction potential [57, 58]. If the drug is intended to be oral,
researchers examine its stability in simulated gastric fluid, its intestinal absorption in cell monolay-
ers, etc... [59]

The in vivo preclinical studies usually involve testing the compound in at least two animal
species (typically, one rodent and one non-rodent) to evaluate safety and pharmacokinetics in whole
organisms [60]. Initial pharmacology studies should confirm that the compound engages the target
and produces the expected pharmacological effect in an animal model of the disease [2, 61]. For
instance, an antihypertensive drug might be tested in a rat model of high blood pressure to see if it
lowers their blood pressure. Alongside efficacy models, toxicology studies are conducted to detect
any harmful effects on organ systems. These include acute toxicity (giving escalating single doses to
animals to determine what dose causes adverse effects), sub-chronic and chronic toxicity (repeated
dosing forweeks ormonths to observe longer-term effects), safety pharmacology (specific studies fo-
cusing on vital systems like cardiac, respiratory, CNS side effects), and reproductive/developmental
toxicity studies if needed.

Amajor focus is on pharmacokinetics (PK) and drugmetabolism in animals: researchersmeasure
how the drug is absorbed, how long it circulates (half-life), how it is metabolized (which enzymes
break it down into which metabolites, and whether any of them are toxic or still active on target),
and how it is excreted. Often, these properties differ across species, but understanding them in an-
imals helps predict human dosing and any risks. For example, if a drug is rapidly metabolized in
mice but not in dogs, one has to consider how humans might metabolize it (in silico and in vitro

models using human liver microsomes or hepatocytes aid in this extrapolation). The pharmacody-
namics (PD), which describes the relationship between drug concentrations and their effects, is also
characterized. This informs what blood concentration is needed for efficacy and how that compares
to concentrations that cause toxicity.

A key outcome of preclinical efficacy and toxicology studies is to establish the compound’s ther-
apeutic index (the ratio of doses that cause toxicity to doses that cause efficacy). A wide therapeutic
index is desirable: it means there is a comfortable safety margin between effective doses and toxic
doses. Many compounds get terminated at the preclinical stage if they show toxicity (for instance,
causing cancer in animal models, or organ damage) or if they have impractically poor PK (e.g., they
never reach sufficient levels in blood/tissue without toxic co-solvents, or they have to be dosed too
frequently).

Ethical considerations are paramount in animal testing. Researchers follow the 3Rs (Replace-
ment, Reduction, Refinement) to minimize animal use [62, 63]. Nevertheless, at present, regulatory
agencies require certain animal studies before human trials can begin, to safeguard volunteers and
patients safety. Companies are continually looking for improved in vitro and in silico models (such
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as organ-on-a-chip systems, human cell spheroids, and advanced computational models [64, 65])
that might predict human responses and reduce the reliance on animal tests. However, until such
methods are proven equally predictive, animal studies remain a crucial gatekeeper. It’s noteworthy
that even extensive preclinical testing cannot guarantee human safety, but it can at least eliminate
candidates with obvious hazards [66, 67].

By the end of the preclinical development phase, usually one lead compound (backed up by a
close analog as a contingency if possible) is selected as the clinical candidate. This compound will
have demonstrated a promising combination of efficacy (in disease models) and safety (in toxicity
studies) in animals, and the data are compiled into an Investigational New Drug (IND) application
for regulatory authorities. In the IND (or equivalent, like a CTA in Europe), the sponsor summarizes
all the preclinical data and the manufacturing information, and proposes a plan for human clinical
trials. If regulators are satisfied that the candidate looks reasonably safe to test in humans, they
grant approval to proceed to the development phase.

1.1.3 Clinical development

The development phase encompasses the testing of the drug in humans (clinical trials) and the
steps required to obtain regulatory approval for marketing. Whereas the research phase is largely
exploratory and iterative, the development phase is highly regulated and follows a structured path:
Phase I, II, and III clinical trials, leading up to a New Drug Application (NDA) or Biologics License
Application (BLA) for approval [68]. Development is extremely costly and time-consuming – often
constituting the majority of time and cost in the pipeline – because human trials must be conducted
with rigorous controls and sufficient statistical power [1]. Many drug candidates that looked good
in preclinical stages will fail in clinical trials due to lack of efficacy or unforeseen safety issues. In
fact, the overall probability of success for a drug candidate from the start of Phase I trials to approval
is only on the order of 10% [69, 70, 5]. Below we outline the key aspects of clinical trials and the
approval process.

1.1.3.1 Clinical trials

Clinical trials are typically conducted in three main phases (I, II, III), each with a distinct purpose.

Phase I – Safety and dosing In Phase I the new drug is given to humans for the first time. The
primary goal is to assess safety, tolerability, and pharmacokinetics in people, rather than efficacy
(though for some severe diseases like cancer, even Phase I may look for some efficacy signals). Phase
I trials are usually done in a small number of healthy volunteers or people with the disease (on the
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Figure 1.4: Drug development pipeline illustrating key stages from Phase I trials to Approval and
Phase IV. Success rates and durations are estimated based on Paul et al. [5] and may vary depending
on the specific project context.

order of 20–100 subjects). In a typical Phase I, escalating doses of the drug are given to sequential
groups of volunteers under careful monitoring [71]. Investigators look for any acute adverse effects
and determine the maximum tolerated dose (MTD). They also measure how the drug is absorbed
and eliminated in humans (taking blood samples to quantify drug levels over time, thus assessing
parameters like half-life, Cmax, bioavailability, etc., and comparing with the animal PK to see how
predictive the models were). If the drug is oral, Phase I will test different formulations if needed;
if intravenous, they will examine infusion-related effects. By the end of Phase I, the hope is to
have an initial safety profile and to know the dosing range that can be used for further studies (for
instance, Phase I might tell us that doses up to 100 mg/kg are generally safe and achieve blood
levels expected to be efficacious based on animal data). Common side effects are recorded and any
dose-limiting toxicities are noted. Many drugs fail in Phase I if they show unacceptably toxic or
unpredictable behavior in humans. For example, organ toxicity or effects on heart rhythm could
terminate a program early [69, 70].

Phase II – Efficacy and dose refinement Phase II trials are the first trials only with patients that
have the target disease, and their main goal is to explore efficacy and continue safety evaluations
[68]. Phase II is sometimes split into Phase IIa (pilot efficacy or proof-of-concept) and IIb (dose-
ranging). Typically, a Phase II will enroll on the order of 100 to a few hundred patients who have
the condition of interest. These trials may be controlled (often against placebo, and sometimes
against an active comparator). In Phase II, researchers try to answer these questions: Does the drug
show signs of benefit in patients (e.g., lower blood pressure, tumor shrinkage, improved symptoms)?
And what dosing regimen maximizes benefit while minimizing risk? Different dose levels are often
tested (hence "dose-ranging" study) to find an optimal dose to carry forward. Efficacy in Phase II
is assessed with appropriate endpoints. For some diseases, it might be a biomarker or intermediate
endpoint [72], since full outcomes can take too long or require Phase III scale. Safety continues to be
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monitored; withmore people and longer exposure than Phase I, less common side effects emerge. It’s
not uncommon for a drug to show efficacy but also some toxicity in Phase II, requiring adjustments
(for instance, managing side effects or narrowing which patient subgroup benefits most). Roughly
speaking, only a minority of drugs that enter Phase II successfully pass it. Many fail because they
lack sufficient efficacy in patients, even if they hit the target as designed [69, 70]. In fact, insufficient
efficacy is a top reason for discontinuation, underscoring that translating preclinical promise to
human benefit is difficult. By the end of Phase II, the sponsor aims to define the effective dose and
have a sense of how to use the drug (e.g., in which population, with which concomitant therapies).
If results are positive (a clear signal that the drug works at a tolerable dose), the program moves to
the decisive Phase III.

Phase III –Confirmatory trials Phase III trials are large studies intended to definitively establish
the drug’s efficacy and safety profile for regulatory approval [68]. These trials often enroll hundreds
to thousands of patients, across multiple hospitals and multiple countries, and are randomized and
controlled (often placebo-controlled or against the current standard of care). The design of Phase III
trials (e.g., endpoints, duration, sample size) is typically discussed with regulatory agencies before-
hand to ensure that if the trial is successful, it will be considered sufficient evidence for approval
[73]. Phase III trials measure clinically meaningful outcomes, such as survival rate, disease exacer-
bation rate, functional improvement, and others, depending on the disease type. They also collect
extensive safety data from a larger population to detect rarer side effects that smaller trials couldn’t
reveal. Phase III trials are complex and expensive. Many drug candidates that looked promising in
Phase II fail at this stage because they do not outperform placebo or existing treatments, or because
previously unseen safety issues emerge when the study population is broadened [69, 70]. However,
if Phase III results are robustly positive, showing that the drug provides a statistically significant
and clinically relevant benefit with an acceptable safety profile, then the drug is a strong candidate
for approval. By the end of Phase III, if the evidence indicates that the drug’s benefits outweigh its
risks for the intended use, the company will proceed to file for regulatory approval.

1.1.3.2 Approval and Phase IV

Gaining regulatory approval is the final hurdle before a drug can be marketed and prescribed to
patients. In the United States, the sponsor must submit a New Drug Application (NDA) for small-
molecules (or a Biologics License Application (BLA) for biologic drugs) to the Food and Drug Ad-
ministration (FDA). In Europe, a Marketing Authorization Application (MAA) is submitted to the
European Medicines Agency (EMA), and other regions have analogous processes. Regulators then
conduct a thorough review during which expert evaluators assess the efficacy data (Does the drug
actually work? How robust are the statistics?), the safety data (What are the risks? Are certain
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populations at higher risk? Is risk management needed?), and the quality data (Is the drug consis-
tently manufacturable at high purity?). If approval is granted, the drug can then be marketed for
the specific indication(s) that were tested and approved.

After approval, the post-marketing (Phase IV) phase begins. The drug is prescribed to the gen-
eral patient population, and companies as well as regulators continue to monitor its performance.
Adverse events are reported and logged in databases; sometimes very rare side effects only become
apparent when millions of people take the drug. If serious issues are found, regulators can update
the drug’s labeling with new warnings, restrict its use, or in extreme cases withdraw approval. On
the positive side, new therapeutic uses for the drug might be discovered post-approval (leading to
off-label use or new clinical trials for additional indications).

1.2 In silico tools in drug discovery

As the traditional drug discovery pipeline is lengthy and prone to high attrition, one strategy to
improve its efficiency and success rates has been to integrate computer-aided (in silico) approaches
into the process. These computational tools can, for example, rapidly screen large libraries of com-
pounds and predict drug properties, helping to prioritize promising candidates and eliminate less
viable ones early in development. Accordingly, the next section examines the role of in silico tools
in drug discovery, exploring how such methods complement and enhance the conventional experi-
mental pipeline.

Computer-aided or in silico drug discovery refers to the use of computational methods to design
and evaluate potential drug candidates. These approaches have become integral to modern drug
development, complementing traditional in vitro and in vivo experiments. In recent years, there has
been a shift toward embracing computational technologies in both academia and industry [74, 12],
driven by an explosion of biological and chemical data, increased computing power, and the avail-
ability of virtual libraries containing billions of compounds [75]. By leveraging fast algorithms for
virtual screening and predictivemodeling, in silico tools can substantially cut down the cost and time
of early-stage drug discovery [76, 75, 77]. This section provides an overview of some key in silico

methodologies in drug discovery. It covers how molecules are represented and featurized for com-
putation, the main paradigms of molecular modeling (structure-based and ligand-based) including
the concept of model applicability domain, and the integration of artificial intelligence techniques.
Each subsection highlights fundamental concepts and methods, with references to notable algo-
rithms, tools, and literature.
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Figure 1.5: Representations of the caffeine molecule at various dimensionalities: molecular formula,
SMILES, two-dimensional, and three-dimensional structures.

1.2.1 Molecular representation

A fundamental step in computational drug discovery is how to represent small-molecules in a form
suitable for computer processing. Unlike the intuitive 2D chemical drawings or 3D models chemists
use, computational representations encode molecules as data structures or descriptors that algo-
rithms can manipulate. Several levels of information can be used to represent a molecule, ranging
from simple formula-based encodings to complex three-dimensional models. Choosing an appro-
priate representation is crucial because it determines what chemical information is preserved and
how effectively an algorithm can learn or make decisions from the data.

1.2.1.1 Levels of information

Molecular representations can be categorized according to their dimensionality, which reflects the
level of structural detail they encode. Generally, higher-dimensional representations are more in-
formative but less concise and computationally more demanding. Selecting the optimal level of
information involves balancing task-specific requirements with available computational resources.
Figure 1.5 demonstrates these different levels of representation using caffeine as an illustrative ex-
ample.

Zero-dimensional (0D) Zero-dimensionalmolecular representations encode basic compositional
information independently of molecular structure. An example of this encoding is the chemical
formula, which indicates only the type and count of atoms present without detailing connectivity
or spatial arrangement. While concise and easy to handle computationally, these representations
lack structural context essential for predicting molecular behavior.

One-dimensional (1D) One-dimensional molecular representations encode sequential connec-
tivity information through textual line notations such as SMILES or InChI. These encodings ex-
plicitly specify how atoms are connected within a molecule, providing more structural detail than
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zero-dimensional encodings. Although compact and straightforward to store, one-dimensional rep-
resentations still omit precise spatial configurations.

Two-dimensional (2D) Two-dimensional representations capture the topology of a molecule,
describing its atoms and their bonds without reference to explicit spatial coordinates. In this repre-
sentation, the molecule is depicted as a graph, with atoms represented by nodes and bonds by edges.
Although visualized in two-dimensional space, these representations can encode three-dimensional
information, such as stereochemistry, through specialized notations. Due to their balance of clarity
and informational completeness, 2D representations are the most widely utilized in drug discovery
and constitute the primary molecular representation employed in this PhD research.

Three-dimensional (3D) Three-dimensionalmolecular representations encode the spatial geom-
etry of a molecule, encompassing atomic positions in Cartesian coordinates along with bond angles
and torsion angles. This detailed spatial information is critical for accurately describing stereo-
chemistry, conformational flexibility, and potential non-covalent interactions, including hydrogen
bonding and shape complementarity. Typically, 3D coordinates are acquired either through exper-
imental techniques or computationally generated from 2D structures using conformer generation
algorithms.

Four-dimensional (4D) Four-dimensional molecular representations extend beyond spatial ge-
ometry by incorporating conformational ensembles or capturing time-dependent behavior. For in-
stance, a 4D representation might include multiple energetically favorable conformations or track
molecular trajectories derived from molecular dynamics simulations. Such representations are cru-
cial for modeling conformational flexibility, a key determinant for accurately predicting ligand bind-
ing and induced-fit mechanisms. Within the classical mechanics framework, 4D representations
provide the highest level of structural detail available for molecular modeling.

1.2.1.2 Featurization

Once a molecular representation has been selected, it typically requires featurization: conversion
into a quantitative form, such as numerical vectors or computational graph structures, suitable for
algorithmic processing. Featurization strategies vary widely, ranging from the calculation of pre-
defined molecular descriptors to the direct use of molecular graphs. In the following paragraphs,
we outline common approaches to featurization: directly leveraging the molecular graph structure,
computing molecular descriptors, and generating molecular fingerprints.
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Figure 1.6: Graph representation of dimethylcarbamic acid (A), its adjacencymatrix (B), node feature
matrix (C), and edge feature matrix (D).

Molecular graph Representing a molecule as a graph is a natural choice in cheminformatics, as
it preserves the full 2D connectivity information [78]. In a molecular graph, nodes represent atoms
and edges represent bonds, as depicted on Figure 1.6. Graph representations abstract away specific
coordinates and focus on which atoms are connected to which. These connections are represented
under the form of an adjacency matrix (Figure 1.6B). A graph-based featurization can be as simple
as this, but additional attributes can be assigned to nodes (e.g. atome type, formal charge, implicit
number of hydrogens) or to edges (e.g. simple, double or triple bond) as described in Figure 1.6C
and Figure 1.6D. The advantage of graph-based featurization is that it retains structural detail (all
bonds and their relationships) and does not assume a fixed feature vector length a priori.

Molecular descriptors Molecular descriptors can be defined as "the final result of a logic and
mathematical procedure that transforms chemical information encoded within a symbolic repre-
sentation of a molecule into a useful number or result" [78]. Molecular descriptors are numerical
features calculated from a molecule’s representation, intended to encode various chemical proper-
ties or patterns. Descriptors can be as simple as a single number (molecular weight, atom count)
or as complex as a vector of dozens or hundreds of calculated values (topological indices, physic-
ochemical properties, etc.). Thousands of descriptors have been defined in the literature. They are
often classified by the type of information used in their calculation: for example, 0D descriptors in-
clude counts of atoms, bonds, or functional groups; 1D descriptors may include fragment counts or
properties like logP (octanol-water partition coefficient) which summarize whole-molecule charac-
teristics; 2D descriptors are typically graph invariants or topological indices computed from the 2D
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Figure 1.7: Fragments generated at difference distances starting from a nitrogen atom of the caffeine
molecule using circular and linear fragmentation.

structure (e.g. molecular fingerprints – see below); 3D descriptors capture geometrical or shape in-
formation (e.g. molecular volume, surface area, 3D pharmacophore features); 4D descriptors extend
3D by considering multiple conformations or even interactions with a target, such as descriptors
derived from sampling a molecule’s conformational ensemble.

Molecular fingerprints Molecular fingerprints are descriptors that encode the presence or ab-
sence of structural features in a molecule, typically in the form of a binary vector or sometimes as
count-based vector. Fingerprints are widely used for rapid similarity searching [79] and for featur-
izing molecules in ligand-based modeling [80]. There are various types of fingerprints, but most fall
into two categories: structural key fingerprints and topological fingerprints.

Structural key fingerprints use a predefined list of substructural patterns (keys) and set a bit
to 1 if the molecule contains that pattern. A common structural key fingerprint is the MACCS
keys [81] which check for fragments like "benzene ring" or "phosphate group" etc. If the fragment
is present, the corresponding bit is 1, else 0. This results in a fixed-length bit string where each
position corresponds to a specific chemical feature.

On the other hand, topological fingerprints do not rely on a fixed list of patterns; instead, they
algorithmically generate features based on the molecule’s graph topology. Linear and circular fin-
gerprints are the two major classes of topological fingerprints (Figure 1.7).

Linear (or path-based) fingerprints represent molecules by encoding linear sequences of atoms
and bonds, commonly referred to as "paths." These paths are typically limited in length (e.g., 1 to 7
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atoms) and are enumerated throughout the molecular graph. Each unique path is translated into a
hashed identifier and used to set corresponding bits in a fixed-length binary vector. This approach
captures detailed information about molecular connectivity and is especially useful for detecting
functional groups or recurring motifs. However, path-based fingerprints can be sensitive to small
topological changes and may struggle to represent local atomic environments compactly if they are
not part of a linear sequence.

Circular fingerprints, such as the widely used Extended Connectivity Fingerprints (ECFPs) [82],
focus on atom-centered substructures defined by a given radius. Starting from each atom, the algo-
rithm iteratively collects and hashes information about neighboring atoms and bonds up to a certain
distance. Each resulting substructure (or "atom environment") is encoded into the fingerprint vec-
tor. These fingerprints are particularly effective at capturing local chemical features and are more
robust to small molecular changes than path-based ones.

1.2.2 Molecular modeling

Molecular modeling comprises computational techniques designed to simulate or predict molecular
behavior or properties [83]. Typically, molecular modeling methods are classified into two cate-
gories: structure-based approaches, which require the three-dimensional structure of the biological
target, and ligand-based approaches, which depend exclusively on information derived from known
ligands. Although both methodologies aim to identify or optimize compounds with desired bio-
logical activities, they leverage different sources of information. A crucial aspect to consider in
all modeling methods is their applicability domain, defined as the region of chemical space within
which amodel’s predictions are deemed reliable. In the following sections, we first outline structure-
based and ligand-based approaches and subsequently discuss the concepts of applicability domain
and activity cliffs.

1.2.2.1 Structure-based modeling

Structure-based drug design (SBDD) utilizes the 3D structures of biological targets, typically pro-
tein binding sites, to facilitate the discovery of new ligands. High-resolution structural informa-
tion obtained experimentally through methods such as X-ray crystallography or cryo-electron mi-
croscopy (cryo-EM), or computationally via predictive approaches like AlphaFold[84], enables a
detailed, atomic-level comprehension of ligand-target interactions. Prominent techniques within
structure-based drug design include molecular docking, molecular dynamics simulations, free en-
ergy perturbation calculations or pharmacophore modeling. A concise overview of these method-
ologies is provided in Table 1.1. However, this PhD research primarily focuses on ligand-based
approaches, which are detailed in the subsequent sections.
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Method Description

Molecular Docking Predicts ligand binding modes and affinities by computationally
fitting molecules into the binding site of a target protein.

Molecular Dynamics Simulates atomic movements over time to explore protein-ligand
flexibility and stability in a dynamic environment.

Free Energy Perturbation Calculates binding free energy differences between similar lig-
ands by rigorously sampling their interactions using statistical
thermodynamics.

Pharmacophore Modeling Identifies and represents spatial arrangements of chemical fea-
tures essential for biological activity to guide ligand design.

Table 1.1: Overview of common structure-based drug design (SBDD) methods used to identify and
optimize ligand interactions with biological targets.

1.2.2.2 Ligand-based modeling

Ligand-based drug design (LBDD) depends primarily on information derived from known active
ligands rather than structural data about the target. This approach is particularly valuable when the
target structure is unavailable or insufficiently resolved. Additionally, ligand-based methodologies
effectively predict various molecular properties beyond biological activity, such as pharmacokinetic
endpoints. Central to ligand-based modeling is the similarity principle, which posits that chemically
similar molecules typically exhibit comparable biological activities. Frequently employed ligand-
based methods include Quantitative Structure-Activity Relationships (QSAR) modeling, Quantita-
tive Structure-Property Relationships (QSPR) modeling, similarity searching, and de novo ligand
design.

QSAR/QSPR modeling QSAR and QSPR modeling constitute fundamental techniques within
ligand-based drug design [85]. These methods employ statistical and machine learning algorithms
to establish predictive relationships between molecular structures, represented through descriptors,
and their corresponding biological activities or physicochemical properties. The QSAR concept
originated in the 1960s from Hansch’s foundational work [86, 87], which linked substituent hy-
drophobicity and electronic parameters to biological activity. Contemporary QSAR methodologies
now leverage extensive descriptor sets and advanced, non-linear machine learning algorithms (fur-
ther discussed in the next section on artificial intelligence). QSAR models serve various purposes,
including virtual screening of extensive compound libraries to identify potentially active molecules,
or guiding the lead optimization phase by modeling analogues around a core scaffold to prioritize
structural modifications that enhance potency or optimize drug-like characteristics [88, 89, 83, 90].
In this thesis, QSAR and QSPR terms are utilized interchangeably.
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Similarity search In similarity searches, a known active molecule or a set of active molecules
serve as a reference against which a database of molecules is compared using a chosen similar-
ity metric [91, 92]. These metrics typically rely on molecular fingerprints or other descriptors. In
cheminformatics, a commonly employed metric is the Tanimoto similarity, also known as the Jac-
card index in other domains. For two binarymolecular fingerprints, A and B, the Tanimoto similarity
δA,B is defined in Eq. 1.1:

δA,B =
|A ∩B|
|A ∪B|

=
|A ∩B|

|A|+ |B| − |A ∩B|
(1.1)

Similarly, the Tanimoto distance can be defined as 1 − δA,B . Molecules exceeding a predefined
Tanimoto similarity threshold are presumed to share similar biological activities with the reference
compounds. Consequently, similarity searches are widely used in drug discovery to identify novel
hits structurally analogous to known actives.

De novo design Ligand-based de novo design involves the creation of entirely new molecular
structures guided by predictive QSAR models [12, 93]. These models function as evaluation metrics,
directing the search towards molecular structures anticipated to exhibit optimal biological activities
and favorable pharmacokinetic properties. Computational strategies often employed include genetic
algorithms, reinforcement learning, and generative neural networks (e.g., Variational Autoencoders
or Generative Adversarial Networks). These methodologies systematically explore chemical space,
optimizing molecular properties iteratively and efficiently generating novel molecules that poten-
tially address specific drug design challenges [94, 95, 96, 97, 98, 99, 100].

1.2.2.3 Applicability domain

No predictive model in drug discovery is universally reliable for all of the chemical space [101]. The
applicability domain (AD) of a model defines the region of chemical space for which the model is
considered valid. In simpler terms, it answers the question: for which new compounds can we trust
this model’s prediction? The AD is typically determined by the characteristics of the training set
compounds used to build the model [102, 103, 104, 105]. If a new molecule is very dissimilar to
all the molecules on which the model was trained, the prediction is an extrapolation that might be
unreliable.

A simple approach for defining an AD is descriptor range: ensure that for each descriptor, the
new compound’s value lies within the range (or a tolerance around it) seen in the training set [103].
A more comprehensive approach is distance-based: for example, calculate the distance (Euclidean,
Mahalanobis, etc.) from the new compound’s descriptor vector to the centroid of the training set,
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or to the nearest training compounds, and set a threshold beyond which predictions are flagged as
unreliable. Related to this, similarity-based AD assessment uses metrics like Tanimoto similarity (for
fingerprint-based models): if the maximum similarity of a new compound to any training compound
is below a certain cutoff, the compound is outside the AD [104]. More advanced techniques for
defining AD include probabilistic and model-based methods such as Isolation Forest, One-Class
Support Vector Machine or k-nearest neighbors [106].

1.2.2.4 Activity cliffs

Activity cliffs refer to pairs or sets of structurally similar molecules that exhibit substantial dif-
ferences in biological activity [107, 108]. They illustrate how minor molecular modifications can
profoundly alter activity, thus challenging the fundamental similarity principle underlying ligand-
based modeling. Identifying and analyzing activity cliffs is crucial for QSAR model development
[109, 110], as it reveals the sensitivity of biological responses to subtle chemical variations, guiding
medicinal chemistry efforts towards more effective scaffold optimization.

Several methods have been developed to systematically detect and quantify activity cliffs. The
simplest and most commonly used is the similarity-based pairwise approach, which defines a cliff
as a pair of molecules displaying high structural similarity (typically a Tanimoto coefficient > 0.9)
but exhibiting large differences in activity (usually > 2 log unit) [109, 110]. A more refined measure
is the Structure–Activity Landscape Index (SALI) [111], which quantifies the steepness of activity
changes relative to structural similarity (Eq. 1.2). High SALI values indicate pronounced activity
cliffs and help in identifying discontinuities within the activity landscape.

SALI(m1,m2) =
|Am1 −Am2 |
1− δm1,m2

(1.2)

where m1 and m2 are two molecules, Am1 and Am2 represent their respective biological activities,
and δm1,m2 is the Tanimoto similarity between the two molecules.

Another frequently used method for analyzing activity cliffs involves Matched Molecular Pairs
(MMPs) [112]. This technique considers pairs of molecules differing by a specific, chemically inter-
pretable transformation, as illustrated in Figure 1.8. When such minor structural changes lead to
significant differences in biological activity, the pair is classified as an activity cliff [113].

Activity cliffs thus provide critical insights into structural determinants of bioactivity, allowing
researchers to pinpoint influential molecular features and refine predictive models and optimization
strategies.
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Figure 1.8: Illustration of Matched Molecular Pairs (MMPs), with minor chemical transformation
highlighted.

1.2.3 Artificial intelligence

Artificial intelligence (AI) techniques have significantly transformed the landscape of in silico drug
discovery over the past decade. These data-driven methods are capable of learning meaningful
patterns from existing datasets, including known compound activities, physicochemical properties,
and molecular structures, subsequently enabling predictions or informed decisions for novel com-
pounds. Within the realm of drug discovery, AI methodologies have been effectively utilized for
tasks such as predicting biological activity or designing new molecules. This section provides an
overview of fundamental AI concepts relevant to ligand-based drug discovery.

1.2.3.1 Supervised learning

Supervised learning is a paradigm where models are trained on datasets consisting of input data
paired with known outputs (labels). More formally, given a set of data pointsX = {x1, ..., xn} and
corresponding outcomes Y = {y1, ..., yn}, a supervised learning model is a mathematical function
f that aims to accurately predict the outputs Y from inputs X :

Y = f(X) (1.3)

In the context of drug discovery, input data typically comprise molecular features, such as descrip-
tors, fingerprints, or graph-based representations, while outputs represent experimentally measured
properties or activities. These outputs may include continuous values (e.g., potency or solubility)
or categorical labels (e.g., active/inactive). The primary objective of supervised learning in this set-
ting is to establish a robust mapping from molecular features to outcomes, thereby enabling reliable
predictions for new, previously unseen compounds.
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Regression vs Classification In supervised learning, the type of dependent variable determines
whether a task is framed as regression or classification. Regression involves predicting a contin-
uous variable y ∈ R, whereas classification assigns each data point to one of K discrete classes
y ∈ {1, ...,K}. Within drug discovery, many outcomes, such as potency (e.g., IC50/EC50) or physic-
ochemical properties like solubility, are inherently continuous, making their prediction a regression
task. Nevertheless, classification is also widely employed, particularly during the hit identification
phase, where compounds are commonly labeled as either active or inactive.

Machine learning Throughout this thesis, the term "machine learning" specifically refers to tra-
ditional, non-deep learning algorithms. Examples include decision trees, ensemble methods (e.g.,
random forests and gradient boosting), support vector machines, and k-nearest neighbors. Many of
these methods gained prominence during the 1990s and early 2000s in QSAR modeling and remain
extensively employed due to their robustness, interpretability, and ease of implementation [114, 85].

Decision Tree A decision tree [115] is a hierarchical, flowchart-like model that predicts out-
comes by recursively partitioning data according to feature values, as illustrated in Figure 1.9. Re-
gression trees output numerical values at their leaf nodes, whereas classification trees assign cat-
egorical class labels. Trees are constructed by selecting splits that best separate the data, guided
by criteria such as information gain for classification or variance reduction for regression. Within
drug discovery, decision trees represent some of the earliest nonlinear QSAR models [114], appre-
ciated particularly for their intuitive interpretability. Users can explicitly trace decision paths to
identify which descriptors influenced predictions, sometimes even deriving interpretable rules (e.g.,
"if molecular weight < n and ring count > p, then active"). However, single decision trees are suscep-
tible to high variance, often resulting in overfitting. To address this limitation, ensemble methods
were developed [116].

Random Forest A random forest (RF) [117] is an ensemble method consisting of multiple
decision trees, each trained independently on randomly sampled subsets of data and features at
each split, as illustrated in Figure 1.10. Introduced in 2001, this approach aggregates predictions from
numerous decorrelated trees, enhancing robustness and prediction accuracy. Random forests have
proven particularly effective in QSAR andmolecular property prediction tasks due to their capability
to handle extensive descriptor sets, resistance to overfitting (given sufficient trees), and ability to
estimate feature importance [114, 118]. Although RFs offer reduced interpretability compared to
single trees, insights can still be extracted through feature importance metrics [119]. Thus, random
forests represent a balanced and practical initial modeling choice in cheminformatics.
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Figure 1.9: Illustration of a decision tree, highlighting its hierarchical splitting by recursively parti-
tioning data.

Figure 1.10: Illustration of a random forest, emphasizing the ensemble structure where predictions
from multiple independently trained decision trees are aggregated.
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Figure 1.11: Illustration of gradient boosted trees illustrating how each tree sequentially corrects
the residual errors of its predecessors.

Gradient boosted trees Gradient boosting [120] is another highly effective ensemble ap-
proach that sequentially constructs decision trees, with each subsequent tree specifically trained
to correct the errors made by its predecessors, as illustrated in Figure 1.11. Unlike random forests,
which generate decision trees independently, gradient boosting incrementally directs attention to-
ward samples misclassified or poorly predicted by previous iterations. Typically consisting of nu-
merous shallow trees, boosted models progressively capture intricate nonlinear relationships and
interactions between descriptors. These methods frequently outperform other machine learning
algorithms in competitions involving tabular data and demonstrate exceptional efficacy for QSAR
modeling tasks [118].

Gaussian Process Gaussian Processes (GPs) [121] are probabilistic machine learning models
defined by distributions over functions rather than explicit parametric forms. Formally, a GP sets
a prior over functions, which, when combined with observed data via Bayesian inference, yields a
posterior predictive distribution. The kernel (covariance function) is a key component, encoding
assumptions about the modeled function’s smoothness, periodicity, or other properties. GPs are
valuable in QSAR modeling [122] due to their inherent robustness and their ability to provide un-
certainty estimates alongside predictions, an essential capability in drug discovery for prioritizing
molecules for experimental validation. However, GPs’ computational complexity scales cubically
with the number of data points, which restricts their application to relatively small datasets.
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It’s worth noting that other MLmethods, such as Support Vector Machines (SVM) [123, 124] and
k-Nearest Neighbors (kNN) [124, 125], have also been widely used in cheminformatics. SVMs with
appropriate kernels (e.g., Tanimoto kernel for fingerprints) were state-of-the-art in many mid-2000s
virtual screening exercises [126]. However, in recent years, tree ensembles and deep learning have
often surpassed these in performance.

Deep learning Deep learning refers to neural network-based models with multiple layers of non-
linear processing units (neurons). These models can automatically learn complex feature represen-
tations from data, given sufficient data and computational resources [127]. In drug discovery, deep
learning has gained prominence for its success in tasks like property prediction [128, 129] or de
novo molecular design [128, 130]. Here we will discuss two classes of deep learning models: Multi-
layer Perceptron (MLP) [131] and Graph Neural Network (GNN), especially Message Passing Neural
Network (MPNN) [132] as a specific example of GNN.

Multilayer Perceptron AMultilayer Perceptron [131] is a classic deep neural network archi-
tecture consisting of an input layer, one or more hidden layers of neurons, and an output layer. Each
neuron in a layer computes a weighted sum of inputs from the previous layer, applies a nonlinear ac-
tivation function, and passes the result to the next layer. MLPs are fully connected networks (each
neuron connects to all neurons in the next layer) and can approximate complex functions given
enough hidden units and layers. In cheminformatics, if we use an MLP, typically the input would be
a vector of molecular features, such as a fingerprint or a set of descriptors, and the output could be
a predicted activity or property value. Essentially, a MLP is a nonlinear regression or classification
model that can capture interactions between features that linear models or shallow models might
miss.

Neural networks were applied to QSAR problems as early as the 1990s [133, 134, 135], but they
often suffered from limited data and computational limitations. Now with larger datasets and mod-
ern training techniques (better activation functions, regularization like dropout, powerful GPUs
etc.), MLPs are more viable. MLPs also serve as components in larger frameworks (e.g., a generative
model might use an MLP as part of its property prediction module [96]).

Additionally, MLPs and similar deep learning architectures support multi-task learning [136,
137], enabling simultaneous prediction of multiple molecular properties or biological activities. This
multi-output capability can potentially enhance predictive accuracy, computational efficiency, and
generalization by leveraging shared feature representations across related tasks. Figure 1.12 illus-
trates single-output and multi-output neural networks.

In summary, while MLPs remain foundational in deep learning for cheminformatics, their per-
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Figure 1.12: Illustration of single-output (left) and multi-output (right) neural networks.

formance is often surpassed by more specialized neural network architectures, such as graph neural
networks [138, 132], which exploit molecular structure, or recurrent neural networks (RNN), which
capitalize on molecular sequential representations such as SMILES.

Graph Neural Network Graph Neural Networks [139] are a category of deep learning mod-
els designed to operate on graph-structured data, which makes them particularly well-suited for
molecular data (where, as discussed, a molecule is naturally represented as a graph of atoms and
bonds). In contrast to feeding an array of pre-computed features into an MLP, a GNN takes the
molecular graph as input directly, with initial features for each atom (and sometimes bonds) such
as atom type, degree, formal charge, etc. The GNN then propagates information along the graph to
compute an embedding (vector representation) for each atom and ultimately for the whole molecule.

A common framework for GNNs in chemistry is the Message Passing Neural Network (MPNN)
paradigm [132]. In an MPNN, each round of message passing consists of each atom (node) receiving
"messages" from its neighbors (based on the neighbor atoms’ current state features and the bond
features connecting them). These messages are aggregated (summed/averaged) and used to update
the atom’s state via a neural network function. This process is iterated for several steps (T steps),
allowing information to travel farther across the graph – after T steps, each atom’s state contains
information about atoms in its T-bond radius neighborhood. Finally, a readout function (usually a
MLP) combines the atom states to predict the property of the whole molecule. Many GNN variants
have been developed (Graph Convolutional Networks, Graph Attention Networks, etc.), but most
can be seen as instances of the message-passing concept.

1.2.3.2 Unsupervised learning

Unsupervised learning is a category of machine learning wherein models are trained on datasets
consisting solely of input data without associated outputs (labels). More formally, given a set of

– 33 –



Chapter 1

unlabeled data points X = {x1, ..., xn}, an unsupervised learning model seeks to uncover inher-
ent patterns, groupings, or structures within these inputs. Unlike supervised learning, the goal is
not prediction but rather extracting meaningful representations or insights from the data, typically
through methods such as clustering or dimensionality reduction:

Z = f(X) (1.4)

Here, Z represents the discovered structures or latent representations derived from the input data
X .

Clustering Clustering algorithms aim to group a set of objects (molecules, in our case) such that
objects in the same group (cluster) are more similar to each other than to those in other groups.
This is done without any examples of correct groupings (hence unsupervised). In drug discovery,
clustering is used for diversity selection (picking a diverse subset of compounds) [140, 141, 142, 143],
defining chemotype families, organizing screening results, or analyzing structure-activity relation-
ships by grouping similar structures and looking at their activities. Here we present three commonly
used clustering algorithms used in cheminformatics:

• k-Means clustering: k-means [144] is a very common algorithm that partitions the data
into a predefined number of k clusters. It operates on a feature space (so one needs a numeric
representation of molecules, e.g., fingerprints or descriptor vectors). The algorithm works
by randomly initializing k cluster centroids, assigning each data point to the nearest centroid,
then recomputing centroids as the mean of the assigned points, and iterating this process. The
objective is to minimize the within-cluster variance (squared distance of points to their cluster
center). K-means is relatively efficient and works well when clusters are roughly spherical in
the feature space. In chemoinformatics, one might apply k-means to a set of compounds
described by descriptors to identify groups of similar compounds. For example, one could
cluster a chemical library into 100 clusters and then pick one representative from each cluster
to ensure diversity in a screening subset.

• k-Medoids clustering: k-medoids [145] is similar in spirit to k-means but instead of using the
mean point as the cluster center, it chooses an actual data point (a medoid) to represent each
cluster. The algorithm greedily finds a set of k medoids that minimize the sum of distances of
points to the nearest medoid. Because it uses actual points, k-medoids is more robust to out-
liers and can use any distance metric (not just Euclidean, which k-means implicitly uses for
means). In chemoinformatics, one might use k-medoids with a Tanimoto distance matrix of
fingerprints, which is a common approach for clustering compounds based on structural sim-
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ilarity. Each cluster is then defined by a medoid compound – which is one of the compounds
in the cluster most centrally located – which can be useful for selecting representatives (the
medoids themselves can serve as a diverse subset). K-medoids is more computationally expen-
sive than k-means, especially for large datasets (as it often operates on a full distance matrix),
but for moderate datasets it is quite practical. It’s also applicable when an average of com-
pounds doesn’t make sense (you can’t really "average" chemical structures in feature space
meaningfully if using binary features or similarities, so medoids are more appropriate).

• Butina clustering: Butina clustering [146] is a hierarchical clustering algorithm widely used
in cheminformatics for grouping molecules based on structural similarity. Unlike k-means
or k-medoids, Butina clustering does not require predefining the number of clusters (k). In-
stead, it operates by first computing a pairwise distance (or similarity) matrix, often using
Tanimoto similarity derived from binary molecular fingerprints. Molecular pairs that exceed
a user-defined similarity threshold are considered neighbors. The algorithm then identifies
the molecule with the largest number of neighbors (most connected), which becomes the cen-
ter of the first cluster. All its neighbors within the similarity threshold are grouped into that
cluster. The process repeats, excluding already clustered molecules, progressively forming
clusters around the remaining most connected molecules until no molecules remain above
the similarity cutoff. This makes Butina clustering particularly useful for selecting represen-
tative subsets of structurally diverse compounds, as it naturally forms clusters based on the
intrinsic similarity distribution rather than enforcing a fixed number of clusters.

In summary, clustering helps split up chemical space into meaningful regions. This can reveal,
for instance, that a screening hit list actually contains, say, 3 distinct chemotypes, which might be-
come separate starting points for chemistry efforts. Or, in the design of a screening library, clustering
can ensure coverage by selecting compounds from each cluster (diversity picking).

Dimensionality reduction High-dimensional data (like hundreds or thousands of molecular de-
scriptors) can be difficult to analyze or visualize. Dimensionality reduction techniques aim to project
such data into a lower-dimensional space (often 2D or 3D for visualization, or to a few dimensions for
simplifying models) while preserving as much meaningful structure in the data as possible. Several
techniques are popular:

• Principal ComponentAnalysis (PCA): PCA [147] is a linear dimensionality reduction tech-
nique that finds new orthogonal axes (principal components, PCs) that successively explain
the largest variance in the data. Essentially, PCA diagonalizes the covariance matrix of the
features. The first principal component is the direction in feature space along which the data
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vary the most, the second PC is the orthogonal direction of next largest variance, and so on.
By projecting data onto the first few PCs, one can capture the majority of variance in fewer
dimensions. PCA is often used as an exploratory tool: e.g., to visualize a chemical library in a
2D PC plot and see if certain clusters or trends emerge (maybe known actives cluster separate
from inactives, etc.). It’s also used for pre-processing – reducing collinearity and dimension-
ality before applying a supervised machine learning model. The limitation of PCA is that it’s
linear – complex nonlinear structure in data might not be captured by a linear subspace.

• t-Distributed Stochastic Neighbor Embedding (t-SNE): t-SNE [148] is a nonlinear tech-
nique specifically aimed at visualizing high-dimensional data in 2 or 3 dimensions. It does not
preserve large-scale structure or relative distances per se; instead, it preserves local neigh-
borhood affinities. t-SNE works by converting distances between points in high-dimensional
space into conditional probabilities (similar points have high probability of being picked as
neighbors) and does the same in the low-dimensional space, then it tries to minimize the mis-
match (Kullback-Leibler divergence) between these two distributions. The result is that points
that were close in original space tend to cluster together in the t-SNE plot, and points far apart
remain far, but the actual distances and axes in the embedding are not directly interpretable
beyond that. t-SNE has been very useful in visualizing chemical data – for example, one could
take a set of molecules represented by high-dimensional fingerprints and use t-SNE to plot
them in 2D, often revealing clusters that correspond to different scaffold families or property
clusters. One must be cautious: t-SNE can sometimes create visual artifacts (e.g., it might
always produce some clusters even if data is fairly uniform, due to how it emphasizes local
structure) and it has a perplexity parameter that needs tuning to the data size.

• UniformManifoldApproximation and Projection (UMAP): UMAP [149] is a newer non-
linear dimensionality reduction technique that, like t-SNE, aims to preserve local structure but
also retains more of the global structure of the data. It is rooted inmanifold learning and topol-
ogy – it constructs a graphical representation of the high-dimensional data (fuzzy simplicial
complex) and optimizes a low-dimensional embedding to have a similar structure. In practice,
UMAP often produces plots similar to t-SNE, but it tends to better maintain some large-scale
relationships and is usually faster and can handle larger datasets with ease. For example,
UMAPmight be used to embed millions of compound fingerprints into 2D for visualization or
for pre-clustering. A noted advantage is that UMAP can be used as a general-purpose dimen-
sionality reducer for downstream modeling (since it can preserve more structure, one could
reduce dimensions and then use those for clustering or even for training models). According
to its authors, UMAP often preserves more of the global geometry compared to t-SNE, mean-
ing distances in the low-D space can be more meaningful globally (though still not as strictly
as PCA). For instance, if you used UMAP on a set of compounds, the distance between two
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points in the UMAP 2D plot has some correlation with their distance in original space (more
than in t-SNE, where distances in the plot are not linearly meaningful). In chemoinformatics,
UMAP has quickly become popular for visualizing high-dimensional chemistry data.

• Tree MAP (TMAP): TMAP [150] is a dimensionality reduction and visualization technique
particularlywell-suited for analyzing large-scale, high-dimensional datasets prevalent in chem-
informatics. Unlike linear methods such as PCA or nonlinear embedding methods like t-SNE
and UMAP, TMAP employs a two-stages approach using locality-sensitive hashing (LSH)
combined with a minimum spanning tree (MST) to maintain both local and global data re-
lationships. Initially, molecules are encoded as high-dimensional binary fingerprints, after
which LSH efficiently approximates their similarities by clustering similar fingerprints to-
gether. Subsequently, an MST connects these clusters, forming a graph that effectively cap-
tures local neighborhoods and global data topology simultaneously. Due to its explicit graph-
based representation of molecular relationships, TMAP naturally enables interactive explo-
ration, allowing users to intuitively navigate chemical space by examining connected nodes
or local neighborhoods. Nevertheless, careful interpretation is essential when assessing dis-
tances within TMAP visualizations: while local proximities accurately reflect molecular simi-
larity, global distances between distant clusters may not strictly represent precise quantitative
measures.

Figure 1.13 illustrates the four visualization methods discussed above. In this thesis, the primary
visualization approach employed is TMAP due to its unique graph-based structure, which effectively
captures both similarity and connectivity between compounds. This capability is especially valuable
in the context of lead optimization, where chemical series commonly arise from a limited number
of core scaffolds and differ by incremental structural modifications. The TMAP representation thus
aids in clarifying the structural logic underlying compound relationships.

1.2.3.3 Active learning

Active learning (AL) is a machine learning approach in which the algorithm iteratively selects the
most informative data points to label, thereby enhancing model performance with minimal labeling
effort. The criterion used to guide this selection process is commonly referred to as an acquisi-
tion function; within this thesis, the terms "acquisition function" and "selection strategy" will be
employed interchangeably.

In drug discovery, the active learning framework naturally applies to scenarios where obtaining
biological data (labels) is costly or time-intensive, such as experimental compound screening in wet
laboratories. Here, an active learning strategy can effectively guide the model to propose specific
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Figure 1.13: PCA, t-SNE, UMAP and TMAP representations of the same dataset, based on ECFP4
fingerprint descriptors.
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Figure 1.14: Overview of the active learning cycle.

compounds for testing, specifically those most likely to improve model performance or identify
active molecules [151, 152, 153, 41, 42]. Subsequently, these experimentally validated compounds
are integrated into the training set for future iterations.

A typical active learning workflow involves several iterative steps, as shown in Figure 1.14: (1)
Training a model using currently available labeled data, which initially may consist of a small num-
ber of experimentally tested compounds; (2) Employing themodel to prioritize candidate compounds
from a pool of unlabeled molecules according to an acquisition function, which often targets max-
imizing uncertainty or structural diversity; (3) Experimentally testing these prioritized compounds
to obtain new labels; (4) Augmenting the training dataset with the newly acquired experimental re-
sults; and repeating this cycle. The primary objective of active learning is to develop a model whose
predictive performance matches that of a model trained on a substantially larger random dataset,
while significantly reducing the number of required experiments by strategically focusing on the
most informative compounds.

1.3 Focus on lead optimization

The preceding section emphasized the increasing role of in silico approaches in contemporary drug
discovery, highlighting their ability to accelerate early-stage research and facilitate informed decision-
making throughout the pipeline. Currently, most computational methods are predominantly utilized
in the initial stages, particularly around hit identification [154, 12, 41, 42], due to the availability of
extensive public datasets. However, lead optimization remains underrepresented in public datasets,
as detailed records of lead optimization processes are rarely available outside industrial settings.
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Conducting this thesis research at Sanofi provided a unique opportunity to delve into this specific
stage. Therefore, the following section will concentrate on the lead optimization phase, examining
its pivotal role as a major bottleneck in drug development and exploring how strategic approaches,
including computational methodologies, can help overcome associated challenges.

As previouslymentioned, lead optimization constitutes amulti-objective optimization challenge,
in which initial lead compoundsmust be refined to simultaneously enhance potency, selectivity, AD-
MET properties, and minimize toxicity. This optimization is performed iteratively through Design-
Make-Test-Analyze (DMTA) cycles [155, 156], a process that lies at the core of this thesis and is
described in detail in section 1.3.2.

The lead optimization stage is particularly critical due to its initial reliance on limited chemical
knowledge, typically involving only a small set of compounds from a restricted number of chem-
ical series. Compound synthesis and property assessment at this stage are resource-intensive and
expensive. Consequently, the project team must strategically navigate chemical space by adopt-
ing efficient compound prioritization strategies during DMTA cycles, balancing the exploitation of
promising chemical leads with the exploration of novel chemotypes.

1.3.1 Optimization objectives

In the following sections we describe the main categories of endpoints to be optimized within the
lead optimization phase.

1.3.1.1 Modulating target’s activity

Modulating the biological activity of the target is a fundamental objective in drug discovery. Central
to this process are the pharmacological concepts of efficacy and potency, which define how drugs
interact with their biological targets to elicit therapeutic responses. Efficacy refers to the maximal
biological effect achievable when a drug binds to its target, reflecting its intrinsic activity. Highly
efficacious drugs can fully activate their targets, thereby inducing maximal therapeutic responses,
whereas drugs with lower efficacy yield only partial activation. Potency, meanwhile, denotes the
concentration or dose necessary for a drug to produce a specific biological response. A highly potent
drug achieves its desired effect at lower concentrations compared to one with lower potency.

Potency is typically the primary endpoint and is quantified using metrics such as IC50 and EC50.
For antagonists or inhibitors, the IC50 (half-maximal inhibitory concentration) represents the drug
concentration required to inhibit a particular biological process or target activity by 50%. Con-
versely, for agonists, the EC50 (half-maximal effective concentration) is the concentration at which
the drug achieves 50% of its maximal effect. Figure 1.15 illustrates a dose-response for inhibition
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Figure 1.15: Example of a dose-response relationship curve for an inhibitor. The response (in %) is
based on a relative maximum response. The IC50 is the concentration (dose) at which 50% of the
response is obtained.

with the directions for low/high efficacy and potency. For ease of interpretation and comparison,
these values are often converted into their negative logarithmic forms, pIC50 and pEC50 as described
in Equation1.5. Figure 1.15 illustrates a dose-response curve with the directions for high/low efficacy
and high/low potency. Figure 1.15 illustrates a dose-response curve with the directions for high/low
efficacy and high/low potency.

pIC50 = − log10(IC50) (1.5)

1.3.1.2 Selectivity

Beyond potency, a successful drug must act selectively on its intended target without significantly
affecting other biological targets. Optimizing selectivity is crucial because off-target interactions
are a common source of adverse effects and late-stage failures [27, 3]. A drug-like molecule in a
biological system encounters a myriad of potential binding partners – other enzymes, receptors, ion
channels, etc. – and unintended binding can lead to toxicity or side effects. Therefore, narrowing a
compound’s activity spectrum to preferentially modulate the disease-relevant target (while avoid-
ing other proteins) improves its safety profile and therapeutic index. Indeed, appropriate tuning
of binding selectivity is considered a primary objective during lead optimization. In practice, this
means the teammust optimize the difference between the compound’s potency on the desired target
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and its potency on off-targets.

Achieving selectivity, however, is often challenging. Many drug targets belong to protein fam-
ilies that have closely related isoforms or homologous binding sites (for example, the ATP-binding
pockets of kinases). As a result, a molecule designed to fit one active site may also fit another with
only subtle differences. In the case of protein kinases, for instance, the structural similarity across
the kinase family makes it notoriously difficult to develop inhibitors that are highly selective for a
single kinase [157, 158]. It is common for kinase inhibitors and many other classes of drugs to ex-
hibit some degree of polypharmacology, interacting with multiple targets at therapeutic concentra-
tions [158, 159, 160]. While such promiscuity can sometimes be exploited for polypharmacological
therapies, it more often manifests as off-target toxicity or side effects [161]. Another challenge is
that early in a project, not all off-target liabilities are known; a compound might appear selective
in a limited panel, only to later show activity on an unanticipated target when broader profiling
is done. Furthermore, certain molecular properties can predispose a compound to low selectivity:
for example, very lipophilic or large molecules can engage many proteins non-specifically (sticking
to hydrophobic pockets in various macromolecules) [162, 163], leading to "promiscuous" behavior.
Thus, the lead optimization team must proactively address selectivity by characterizing off-target
activities and refining the molecule accordingly.

1.3.1.3 ADME-Tox properties

Another critical endpoint in lead optimization is the set of Absorption, Distribution, Metabolism,
Excretion, and Toxicology (ADME-Tox or ADMET) properties. No matter how potent and selective
a compound is at its target, it will not become a successful drug unless it can be delivered to the site
of action at sufficient concentrations for an adequate duration without causing harm to the organ-
ism. Thus, optimizing ADMET properties is fundamental to transforming a potent lead into a viable
drug candidate. The scientific rationale is clear: a drug must be absorbable (if oral administration
is desired, it should cross the gut barrier), adequately distributed (reach the tissue or organ where
the target resides), metabolically stable (not cleared or inactivated too rapidly), and excretable at a
rate that maintains the needed exposure but avoids accumulation. In parallel, the molecule should
not trigger toxicity, whether through off-target pharmacology or via reactive metabolites and other
deleterious pathways. A large fraction of drug candidates in the past failed in preclinical or clini-
cal development due to suboptimal pharmacokinetics or unexpected toxicities. In fact, before the
widespread implementation of ADMET optimization strategies, poor pharmacokinetics was respon-
sible for an estimated 40% of drug failures in clinical trials [4]; intensive early ADMET screening
has since reduced that attrition to around 10% [4]. This shift underlines why modern lead optimiza-
tion devotes substantial effort to ADMET: by identifying and improving liabilities early (during lead
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Endpoint Target value Units Description

Permeability (Caco-2) > 10−6 cm.s−1 Ability to cross intestinal epithelial cells modeled by
Caco-2 cell line.

Solubility (aqueous) > 50 µM Ability of a compound to dissolve in water, crucial
for bioavailability.

LogP (Lipophilicity) 1− 3 (≤ 5) unitless Partition coefficient between n-octanol and water,
quantifying howmuch the molecule prefers the non-
polar (octanol) phase over the aqueous one.

LogD (Lipophilicity) 1− 4 (≤ 4) unitless Distribution coefficient between n-octanol and wa-
ter at a specified pH, so it accounts for both neutral
and ionized forms present at that pH.

Oral bioavailability > 30% % Fraction of administered dose reaching systemic cir-
culation.

Plasma Protein Binding (PPB) < 90 %bound Extent to which a compound binds to blood proteins,
impacting free drug concentration.

Volume of distribution (Vd) 0.1–3 Lkg−1 Hypothetical volume the drug would occupy if
evenly distributed.

CYP450 Inhbition (IC50) > 10 µM Concentration at which 50% of cytochrome P450 en-
zyme activity is inhibited, critical to avoid drug-drug
interactions.

Metabolic Stability (liver microsomes) > 30 min Time a drug remains stable in liver microsomes be-
fore metabolism.

Clearance (CL) 10− 30 mL.min−1.kg−1 Rate at which drug is eliminated from body or
plasma.

Elimination half-life (t1/2 12− 48 hours Time it takes for the concentration (or total amount)
of a drug in the body to fall by 50% once the absorp-
tion/distribution phases are over.

hERG inhibition (IC50) > 30 µM Indicates cardiac risk; inhibition of hERG potassium
channel linked to QT prolongation.

Genotoxicity (Ames Test) negative qualitative Indicates potential to cause genetic mutations, tested
in bacterial assays.

Table 1.2: Some keyADMET endpoints with typical target values and associated biological relevance
for small-molecule drug candidates. The target value is indicative, and may change depending on
the project.

optimization), the risk of late-stage failure is significantly lowered.

Optimizing ADMET is challenging because it involves a complex interplay of many molecu-
lar properties, and improving one aspect can adversely affect another. A classic example is the
compound’s lipophilicity: increasing lipophilicity often boosts membrane permeability and target
potency (since many binding pockets are hydrophobic), but overly lipophilic molecules tend to have
poor solubility [53]. Thus, while some lipophilicity is needed for activity, there is an optimal range
beyond which drug-like properties deteriorate. Similar trade-offs occur with molecular size and
polarity: adding polar groups may improve solubility and reduce off-target binding, but if done ex-
cessively it can reduce permeability and oral absorption [164]. Identifying such issues early requires
thorough profiling and is not always straightforward. Balancing all these factors simultaneously is a
high-dimensional optimization problem. Often, a change that benefits one parameter harms another,
so the chemist must iteratively test analogs to find a sweet spot where the compound’s overall pro-
file is acceptable [52]. Table 1.2 summarizes some common ADMET endpoints, their typical target
values, and respective biological significance for successful progression in drug discovery.
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1.3.1.4 Blueprint

All of the above optimization efforts are ultimately directed toward one goal: producing a drug can-
didate that meets a predefined target profile for clinical success. At the outset of a drug discovery
project, teams typically establish a blueprint that is also commonly called a Drug Candidate Tar-
get Profile (DCTP) or Target Product Profile (TPP). It is a document which enumerates the desired
characteristics of the eventual drug. This profile includes essential attributes such as the intended
patient population and therapeutic indication, the required properties and their range (i.e. potency,
selectivity, ADMET), the route of administration and dosing frequency, and any other properties
critical for the drug’s use (stability, formulation, cost of goods, etc.). The scientific rationale for
defining such a profile is to ensure the lead optimization is guided by the end-goal – a compound
that not only works in vitro or in animal models, but also has the practical characteristics to be a
medicine that is better than existing therapies. For example, if the blueprint calls for an oral drug
taken once daily, the lead optimization must deliver a molecule with sufficient oral bioavailability
and a plasma half-life long enough to support once-daily dosing. If the target patient population is
likely to be elderly or pediatric, that might influence the acceptable safety and dosing parameters.
By articulating these objectives early, the team works with a clear vision of what "success" looks
like for the candidate.

The challenge in the lead optimization phase is that all the various endpoints, such as potency,
selectivity, and ADMET, must be balanced together to fit the target profile. Often, improving one
parameter can make it harder to meet another, and there may be multiple possible lead series or
chemotypes in play, each with its own strengths and weaknesses relative to the profile. The lead op-
timization process thus becomes one of multi-parameter trade-offs and decision-making: the team
must decide how to weight different criteria and when a compound is "good enough" on all fronts
to merit advancement. It is rarely possible to maximize everything; instead, the goal is to fulfill
the minimum criteria of the profile with an optimal overall balance. For instance, a slightly lower
potency might be acceptable if it dramatically improves bioavailability and safety, yielding a better
overall therapeutic index, as long as the potency still meets the minimal requirement for efficacy in
humans. The blueprint also serves as a benchmark for go/no-Go decisions: if a lead series cannot
achieve a certain critical parameter (for example, it consistently fails to improve metabolic stabil-
ity to the required level), the team may decide to halt work on that series in favor of alternative
approaches, rather than continuing to iterate ineffectively.

1.3.2 DMTA cycle

Small-molecule drug discovery is to be performed as an iterativeDesign-Make-Test-Analyze (DMTA)
cycle [155, 156]. In each iteration, chemists design new molecular structures, make (synthesize)
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Figure 1.16: Illustration of the Design-Make-Test-Analyze cycle where compounds are iteratively
optimized.

those compounds, test them in biological assays, and analyze the results to inform the next round
of design. Multiple DMTA cycles are needed to optimize a "hit" molecule into a viable drug candi-
date, refining properties like potency, selectivity, and pharmacokinetics with each loop. Below, we
discuss the general principles and current practices at each stage of the DMTA cycle, followed by
an examination of key challenges in modern small-molecule drug discovery.

1.3.2.1 Design

Design is the creative front-end of the DMTA cycle, where new compound ideas are conceived.
Medicinal chemists leverage both experimental data and computational tools to propose molecules
with a high chance of desired activity. Thanks to the chemist’s imagination and recent generative
AI models [94, 95, 96, 97, 98, 99, 100], it is now easier than ever to design thousands of compounds at
each iteration of the DMTA cycle. However, the synthesis capabilities are limited, typically around
20 - 50 compounds per month on a project. Hence the need to prioritize compounds efficiently. To
do so, medicinal chemists mainly rely on their knowledge and intuition, also considering the ease of
synthesis. They (sometimes) listen to proposition from computational chemists that uses molecular
simulations or predictive QSAR and QSPR models to predict the properties of compounds in order
to propose the most promising ones.

1.3.2.2 Make

The "Make" stage refers to the synthesis of designed compounds, i.e. turning ideas on paper (or in
silico) into real molecules that can be tested. Modern medicinal chemistry employs a vast repertoire
of synthetic organic reactions to assemble complex drug-like molecules [165]. A key principle is

– 45 –



Chapter 1

to design efficient synthetic routes that can produce target compounds in a few steps, using read-
ily available starting materials or building blocks. Synthetic feasibility often influences the design
strategy itself, since there is little value in a brilliant drug design if it cannot be made. Thus, medic-
inal chemists consider synthetic accessibility from the outset and may prefer designs that leverage
known chemistry or commercial scaffolds. Despite these advances, synthesizability remains a sig-
nificant challenge in the design-make cycle. It is often observed that some molecules proposed by
computational methods (or even by imaginative chemists) are extremely difficult to make in prac-
tice. There may be no known reaction to form a particular bond, or the required sequence might
be too lengthy or low-yielding. In AI-driven de novo design especially, many generated structures
fall outside the realm of accessible chemistry [166]. To address this, chemists employ retrosynthetic
analysis tools [167, 168, 169] and heuristic metrics [170, 171, 172] to evaluate synthetic feasibility
during design. For example, computational retrosynthesis algorithms can attempt to find a synthetic
route to a proposed molecule; if even the AI struggles to find a route, the molecule might be set aside
as "too hard to make." Likewise, synthetic accessibility scores (based on fragment rarity or known
building blocks) can flag designs that are likely problematic. Increasingly, generative design algo-
rithms themselves are being modified to "generate what you can make" by incorporating synthetic
rules or even running a retrosynthesis step as a filter [173]. Overall, the Make stage is a balance
between synthetic creativity and practicality.

1.3.2.3 Test

Once new compounds are synthesized, the Test stage evaluates their biological and physicochemi-
cal properties based on a screening tree. A screening tree is a structured, hierarchical framework to
efficiently evaluate and prioritize chemical compounds based on progressively stringent selection
criteria. Early stages typically involve straightforward and cost-effective computational or in vitro
assays, whereas later stages encompassmore demanding and resource-intensive evaluations, includ-
ing detailed ADMET profiling and in vivo studies. At each step, compounds failing to meet prede-
termined thresholds are eliminated, thus concentrating resources exclusively on the most promising
candidates. An illustrative example of a screening tree is shown in Figure 1.17; however, it should be
emphasized that, despite general principles, screening trees are highly tailored to individual project
needs.

1.3.2.4 Analyze

In the Analyze stage, the data collected from testing are examined in detail to derive insights and
drive decision-making [156]. A primary focus is building the SAR: understanding how different
chemical modifications impact biological activity and other properties [47]. Medicinal chemists will
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Figure 1.17: Example of a lead optimization screening tree with 4 stages.

look at all the assay results for a series of compounds and try to identify patterns – for example,
"adding a fluorine at this position increased potency threefold" or "bulky substitutions on the ring
reduce activity." By interpreting these SAR trends, the team can hypothesize the structural features
responsible for desired activity (the pharmacophore) as well as features influencing off-target effects
or ADMET profile.

The Analyze phase closes the loop of the DMTA cycle by providing feedback to the design
stage. The insights gained, such as which functional groups are tolerated and what the preliminary
structure–property trade-offs are, directly inform the next round of molecule design. Often, com-
putational models are updated during analysis. If sufficient data has been generated, a QSAR/QSPR
model can be retrained with the new data, or molecular docking poses might be revisited in light
of SAR [174] ("the model didn’t predict that compound X binds well, yet it’s potent; perhaps the
binding mode is different from what was originally assumed").

Human intuition and expert knowledge remain key at this stage [175] with medicinal chemists
drawing on their experience to propose why a certain chemical change had the observed effect, inte-
grating the data with chemical theory and prior literature. The outcome of analysis is essentially the
strategy for the next DMTA iteration: which compound(s) to prioritize, what modifications to try
next, and sometimes the decision that a series should be abandoned if the data reveals insurmount-
able issues [156]. In summary, the Analyze stage ensures that the huge amount of data generated
in modern drug discovery is translated into knowledge and actionable decisions, completing the
DMTA cycle and propelling the project forward.
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1.3.3 Challenges

Despite tremendous technological advances, small-molecule drug discovery still faces several broad
challenges. Modern automation, computational modeling, and high-throughput methods have im-
proved parts of the pipeline, yet fundamental difficulties remain [12]. Researchers must contend
with the astronomical size of chemical space (estimated to exceed 1060 drug-like molecules [36]),
whichmakes it impossible to exhaustively search and demands efficient strategies for choosingwhat
to make or test. They also face an ever-growing flood of experimental and computational data; the
sheer volume of data can be overwhelming [74]. On top of these scientific complexities, practi-
cal constraints of time and resources continue to be severe. This prolonged timeline (sometimes
described by Eroom’s Law [176], the observation that drug discovery has become slower and less
efficient over time) means that any inefficiency in the process compounds the overall delay and cost.
In the following subsections, we discuss some key challenges.

1.3.3.1 The exploitation/exploration trade-off

One core challenge in small-molecule drug discovery is balancing exploitation and exploration dur-
ing iterative optimization [177, 178]. The vastness of chemical space means there are countless
directions one could explore, but only a tiny fraction of compounds can ever be made and tested.
Exploitation refers to focusing on areas of chemical space known to be promising – for example, re-
fining a lead series or analogues that already showed good activity. Exploration, in contrast, means
venturing into novel chemotypes or untested regions of chemical space to discover new opportu-
nities. Both approaches are necessary, yet they conflict: investing too heavily in exploitation can
lead to local optima or blind spots, whereas overly broad exploration may waste resources on many
low-probability ideas.

In practice, medicinal chemists must decide at each DMTA cycle how to allocate their limited
"design slots" between exploiting known SAR trends versus trying out new structural motifs. This
trade-off is complicated by uncertainty. A compound that scores highest on current models might
seem the best choice, but if all top-scoring candidates share the same scaffold, they may also share
the same hidden liability or failure risk. Indeed, selecting only the highest-scoring, most similar
molecules can be risky. If an unmodeled issue affects that chemotype, all those compounds could
fail together. On the other hand, introducing diversity (exploration) by testing compounds with
novel structures can mitigate correlated risks and increase the chance that at least one molecule
succeeds. This intuition has been formalized by viewing a batch of candidate molecules like an in-
vestment portfolio [179]: concentrating on a single promising "asset" maximizes expected return but
also maximizes risk, whereas diversifying into chemically different candidates reduces the chance
of a total failure. The optimal strategy often lies in a middle ground, striking a balance between ex-
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ploiting known good features and exploring enough diversity to hedge against errors in predictions.

1.3.3.2 Time and resource constraints

Another major challenge in small-molecule drug discovery is the limitation of time and resources.
Even with efficient workflows, each DMTA cycle requires significant time. Designing compounds,
synthesizing them (the "Make" step, which is often a bottleneck), testing in biological assays, and
analyzing results can collectively take weeks to months [5]. Over the many iterations needed to
optimize a drug candidate, these cycle times accumulate. It is not uncommon for lead optimization
to involve dozens of cycles and many hundreds (or thousands) of compounds, which in turn can
span several years of work.

Closely tied to time are resource constraints. A discovery team usually operates under limits on
the number of chemists, amount of available reagents, assay throughput, and funding. Practically,
this means only a certain number of compounds can be synthesized and tested in each cycle. Even
with emerging automation that can parallelize compound production, resources like material and
researcher time remain precious. Thus, choosing which compounds to prioritize for synthesis is
critical. A suboptimal choice wastes not only that particular synthesis and assay effort, but also the
calendar time until the next cycle when a better candidate could have been tried. Furthermore, late
discovery stages often face hard deadlines (e.g., go/no-go decision points, patent cliffs, or competitive
pressures), so inefficient use of cycles can mean missed opportunities or project termination due to
time run-out.

1.3.3.3 Data overload for humans

Medicinal chemists’ expertise lies at the core of the Design-Make-Test-Analyze (DMTA) process.
However, as projects advance and data accumulates, it becomes increasingly challenging for indi-
viduals to retain and accurately recall the breadth of information generated. Although extensive data
ideally leads to improved decision-making, the sheer volume and complexity of this information can
paradoxically impede effective judgments. Teams frequently experience information overload, caus-
ing critical insights, such as subtle structure-toxicity correlations or notable physicochemical out-
liers, to become obscured or overlooked amid numerous measured parameters. Furthermore, within
large pharmaceutical organizations, decades of data are typically stored in fragmented repositories,
complicating rapid retrieval and interpretation of relevant information. Without efficient tools for
information management, project scientists often depend on incomplete datasets or personal recol-
lections, resulting in suboptimal decision-making.

An additional complexity arises from the inherently multi-objective nature of drug design de-
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cisions. Selecting the most promising compound never hinges on a single criterion; instead, it ne-
cessitates balancing multiple properties as previously described. Human cognition struggles to in-
tuitively handle such multi-dimensional trade-offs. Historically, heuristic guidelines like Lipinski’s
Rule of Five provided basic filters for managing this complexity by setting general boundaries for
acceptable drug properties. While these guidelines have been helpful, they represent coarse approx-
imations and often fail to capture project-specific nuances, potentially excluding promising candi-
dates prematurely. The contemporary, de"ata-rich context demands more sophisticated, data-driven
decision-support tools capable of addressing such nuanced complexities.

1.3.3.4 Data shortage for machines

Although the volume of data generated during drug discovery projects may overwhelm human
decision-makers, it represents a low-data regime from a machine learning perspective. Typical hit-
to-lead and lead optimization campaigns seldom produce more than 102-103 molecules per chemical
series, and individual in-vitro assays generally yield even fewer experimentally validated data points
per measured property. In contrast, fields such as computer vision or natural language processing
routinely employ datasets ranging from tens of thousands to billions of samples to train state-of-
the-art models. For instance, ImageNet, a foundational computer vision dataset introduced in 2012,
comprises over one million labeled images [180]. Another notable example is GPT-2, the last open-
source language model released by OpenAI, trained on approximately 8 million web pages in 2019
[181]. Even within computational drug discovery context, successful models like AlphaFold[84]
(prediction of protein structures) were trained on extensive databases containing hundreds of thou-
sands of experimentally determined protein structures, highlighting that substantial data availability
often underpins significant advances in the field [84].

1.3.3.5 Benchmarking lead optimization strategies

While significant progress has been made in computational methods within drug discovery, most
in silico approaches predominantly target hit identification [182]. This focus arises due to readily
available public screening datasets and the comparatively straightforward objective of optimizing
potency alone. Conversely, lead optimization constitutes a fundamentally different challenge, char-
acterized by multi-objective optimization alongside dynamically evolving chemical spaces.

A major barrier to benchmarking computational approaches for lead optimization is the lack
of publicly available multi-objective datasets that accurately reflect industrial conditions [183, 184].
Collecting comprehensive datasets representative of the multi-objective and dynamic nature of real
drug discovery projects remains particularly challenging outside industrial settings, significantly
limiting academic research.
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Benchmarking molecular descriptors
for low-data regime modeling

QSAR and QSAR/QSPR models are commonly employed in cheminformatics to predict biological
activities and physicochemical properties from molecular structures [185, 186]. The fundamental
principle of QSAR/QSPR modeling is that changes in molecular structures directly influence bio-
logical activity and physicochemical characteristics [187]. These models are particularly valuable
in drug discovery and materials science, as they accelerate research and reduce experimental costs
[188]. Despite their widespread adoption, QSAR/QSPRmodels still encounter substantial challenges,
particularly regarding accurate performance assessment [189, 183] and robust predictive accuracy
when applied to real-world pharmaceutical datasets [190, 183].

As previously discussed, molecular structures can be encoded in various ways to enable pro-
cessing by computers, and numerous algorithms leverage these representations for predictive tasks.
Most modern methods rely on machine learning or deep learning algorithms. Although conven-
tional data science wisdom suggests that larger datasets yield better models, the lead optimization
phase of drug discovery typically involves limited data. This situation underscores the importance
of molecular descriptors and predictive models suited for low-data contexts.

In this chapter, we benchmark several widely adopted 2D molecular descriptors in combination
with classical machine learning algorithms. Their predictive performances are compared against
a state-of-the-art deep learning model. Evaluations are performed using datasets from real-world
drug discovery projects, explicitly considering temporal distribution shifts. This approach provides
practical insights into model performance under realistic conditions.
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2.1 Challenges in QSAR/QSPR modeling

This section examines key challenges facing QSAR/QSPR modeling in modern drug discovery.

2.1.1 Data quality and quantity

The foundation of any QSAR/QSPR model is the underlying data, and data quality represents per-
haps the most fundamental challenge to overcome. Experimental errors in datasets can severely
compromise model performance and reliability.

2.1.1.1 Experimental errors and inconsistencies

Experimental errors frequently appear in QSAR/QSPR datasets, potentially misleading model de-
velopment. Errors and uncertainties in activity measurements can create misleading activity cliffs,
obscuring true structure-activity relationships [191]. Public datasets often present notable problems,
including incorrect chemical structure representations and conflicting data points for identical com-
pounds [192].

2.1.1.2 Data scarcity

Limited dataset size poses another significant challenge. Medicinal chemistry typically generates
small compound series, hindering the development of statistically robust predictive models [193].
Small datasets are especially vulnerable to experimental errors, complicating modeling efforts fur-
ther [192]. The issue intensifies when modeling complex biological endpoints involving multiple
mechanisms.

2.1.2 Real-world proof models

2.1.2.1 The public and industrial data gap

A critical but often overlooked aspect of QSAR/QSPRmodeling is the substantial difference between
public and industrial datasets. These differences significantly impact model performance when tran-
sitioning from academic research to industrial applications. Table 2.1 summarizes some of the main
differences between public and private datasets.

Public datasets, such as those provided by ChEMBL or PubChem [194, 195, 196], offer sev-
eral advantages for QSAR/QSPR modeling. These datasets typically encompass chemically diverse
compounds across a wide range of biological activities, supporting the development of predictive
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Dataset type Typical size Chemical diversity Curation level Availability

Industrial Small/Medium Low-Medium High Low
Public Medium/Large High Variable High

Table 2.1: Key differences between public and industrial datasets in term of size, chemical diversity,
curation level and availability.

models with broad applicability domains. Moreover, their open access promotes reproducibility,
benchmarking, and cross-method comparisons in model development[196, 197]. Nonetheless, pub-
lic datasets often present notable limitations. Common issues include experimental noise, inconsis-
tent assay conditions, and incomplete or missingmetadata [198]. Such deficiencies require extensive
curation to resolve chemical and contextual inconsistencies prior to model training [189].

Industrial datasets, in contrast, typically originate from targeted research programs within phar-
maceutical companies. These proprietary datasets usually comprise compounds belonging to spe-
cific chemical series designed explicitly for particular biological targets, leading to more structurally
homogeneous distributions compared to public datasets. Companies also generally adhere to stan-
dardized internal protocols, leading to more consistent and reproducible assay conditions compared
to those publicly available.

Empirical studies highlight substantial performance gaps when applying models trained on pub-
lic data to industrial datasets [199]. This indicates that strong performance on public benchmarks
may not reliably translate to industrial settings, a pattern also observed in internal evaluations with
proprietary datasets.

2.1.2.2 Temporal distribution shift

In lead optimization campaigns, the chemical space explored progressively diverges from that of
the initial leads, causing the distribution of features encountered by models during production to
differ significantly from the training set. This distribution shift can substantially decrease the pre-
dictive performance and degrade the uncertainty calibration of QSAR/QSPR models, thus seriously
impairing decision-making. QSAR/QSPRmodels are fundamentally interpolative; they yield reliable
predictions only within the applicability domain established by their training compounds. When ap-
plied to novel chemotypes outside this domain, their predictions may become biased and inaccurate
[190]. Retrospective temporal and scaffold-split studies, which better mimic prospective deploy-
ment, consistently show predictive performance losses compared with random splits, confirming
the magnitude of this problem [200, 201]. During lead optimization, where each prediction guides
costly synthesis and testing cycles, unmitigated distribution shift therefore translates directly into
wasted laboratory effort and slower project timelines.
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2.1.3 Navigating the models jungle

QSAR/QSPR models combine molecular descriptors with predictive algorithms to estimate how
structural features influence biological activities and physicochemical properties. Since model per-
formance depends on both components, careful selection of descriptors and algorithms is crucial.

2.1.3.1 Choosing the right predictive algorithm

Machine learning methods dominate contemporary QSAR/QSPR studies. Early investigations used
k-nearest neighbors (k-NN) [202, 203] and support-vectormachines (SVM) [204]. Tree-based ensem-
bles, particularly random forests [205, 206, 202] and gradient boosting [207], later became preferred
choices. Although neural networks were explored in the 1990s, they gained widespread acceptance
only recently [206, 208, 202]. State-of-the-art deep learning architectures now range frommultilayer
perceptrons to models such as graph neural networks [209, 210, 211, 212, 213, 214]. Conventional
machine learning models typically require fewer parameters than neural networks. Thus, carefully
considering the choice between traditional algorithms and more data-intensive deep learning mod-
els is essential prior to developing QSAR/QSPR models.

2.1.3.2 Choosing the right featurization

Descriptors span simple physicochemical properties to richer encodings (e.g. extended-connectivity
fingerprints or graph-based embeddings) that capture complementary facets of molecular structure
relevant to biological function [186, 82, 215]. Crucially, each representation pairs best with specific
algorithms: vector formats such as fingerprints suit methods like SVMs or Random Forest, whereas
graphs are processed most effectively by GNNs.

2.2 Material and methods

This study benchmarks models combining widely used 2D molecular descriptors with various ma-
chine learning and deep learning algorithms, comparing their performance across 121 proprietary
industrial datasets derived from actual lead optimization campaigns. These datasets span a wide
range of sizes, from a few dozen compounds up to more than 8000. To better replicate prospective
deployment scenarios typical in drug discovery, we employ a temporally stratified (time-based) val-
idation scheme, which separates training and test sets based on the assay dates of the compounds.
This way of separating data is both the gold-standard [216, 217] but is also related to the rest of the
thesis, presented in chapters 3 and 4, where temporality plays an essential role.
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2.2.1 Molecular descriptors

The aim of this work is to explore which featurization technique is the best in low-data QSAR/QSPR
modeling, comparing vectorial and graph descriptors.

2.2.1.1 Molecular fingerprints

Two-dimensional (2D) molecular fingerprints are computationally inexpensive, capture key molec-
ular features, and consistently underpin highly predictive models [218, 219]. We evaluated eight
fingerprint featurization, several of which yield multiple variants owing to alternative parameteri-
zations.

Extended-connectivity fingerprints Extended-Connectivity FingerPrints (ECFPs) [82] are cir-
cular, atom-centeredmolecular fingerprints generated by iteratively hashing the environment around
each atom out to a specified radius (e.g., ECFP4 uses a radius of two bonds and ECFP6 a radius of
three), with each unique local substructure mapped to a bit position (or index) in a vector; the result-
ing vectors can be of various fixed lengths (commonly 1 024 or 2 048 bits), making the fingerprint
size tunable to balance memory footprint and collision rate. During generation, you can choose to
encode stereochemical information, known as "chiral" ECFPs, by incorporating atom chirality and
bond stereo descriptors into the hash keys, or omit it for achiral versions when stereochemistry is
unimportant. Finally, the output can be stored as a sparse binary presence/absence vector, or as a
count-based/hashed integer vector that records how many times each environment occurs.

SMILES extended-connectivity fingerprints SMILES-ECFP (SECFP) [220] is a circular finger-
print that keeps the size-tunable, fixed-length bit-vector format of classical ECFP but generates each
feature differently: instead of iteratively hashing atom-based invariants, it "shingles" the molecule
by writing out the canonical SMILES of every circular substructure around each atom, then hashes
those fragment strings and folds the resulting integers into the bit array by a simple modulo-n op-
eration.

Avalon fingerprints Avalon fingerprints, implemented in the open-source Avalon toolkit and ex-
posed in RDKit [221], are path-and-substructure–basedmolecular fingerprints that enumerate a rich
set of fragments, including linear atom/bond paths up to a configurable length, ring fragments, atom
pairs/triplets, heteroatom environments, and valence/charge patterns. Each fragment description is
then hashed into positions of a fixed-length bit vector with tunable size.
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Topological torsionfingerprints Topological torsion fingerprints [222] (also called atom-sequence
or Torsion fingerprints) describe a molecule by enumerating every unique sequence of four contigu-
ous, non-branching atoms along its topological graph, capturing both atom types and bond orders.
This encodes the "torsion" (bond–bond dihedral) environments that underlie conformational pref-
erences. Each four-atom string is converted to an integer key, commonly by hashing, and mapped
into a fixed-length vector, producing a size-tunable representation. This approach emphasizes local
sequential chemistry rather than broader rings or paths.

AtomPair fingerprints Atom Pair fingerprints [223] encode a molecule by enumerating every
unordered pair of atoms, labeling each atom with simple descriptors (e.g., element, ring status, for-
mal charge) and tagging the pair with their shortest topological separation in bonds; the resulting
"atom-type–distance–atom-type" strings are then hashed into indices of a fixed-length vector with
tunable size.

Mordred Mordred [224] is more accurately described as a set of descriptors rather than a struc-
tural fingerprint. They are generated by the open-source Mordred Python package, which computes
an extensive catalogue of predefined 2-D and 3-D molecular descriptors (over 1 800 by default) that
span simple constitutional counts, topological and connectivity indices, charge and electronic terms,
radial distribution functions, geometrical moments, and more. For each molecule, RDKit is used
to perceive atom and bond attributes (and 3-D coordinates if supplied); each descriptor class then
applies its specific formula to yield a named scalar value, so the final "fingerprint" is a dense, fixed-
ordering numeric vector rather than a hashed bitset. Users can tailor its dimensionality by selecting
or omitting descriptor classes (e.g., excluding 3-D descriptors when coordinates are unavailable,
what is done in this work).

MACCS keys MACCS (Molecular ACCess System) keys are a curated, fixed-length set of struc-
tural yes/no questions. Originally, the system included 960 proprietary patterns, but the most com-
monly used version is the public 166-bit subset [81], where each bit corresponds to a predefined
SMARTS-like substructure such as "≥1 aromatic ring," "alkyl halide fragment," or "terminal alkyne".
To generate the fingerprint, a cheminformatics toolkit scans the molecule against every pattern; if
the motif is found the associated bit is switched from 0 to 1, producing an easily interpretable bi-
nary vector whose positions andmeanings are standardised across datasets. Because the patterns are
hand-selected to cover diverse functional groups and topologies, MACCS keys provide a compact
and human-readable fingerprint. Note that full public definitions are not available, and packages
differ. Here, we us the definiton refined by Greg Landrum that can be found in RDKit [221].
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RDKit2D Descriptors RDKit 2D Descriptors are the collection of 200 scalar properties that RD-
Kit can calculate directly from a molecule’s 2D graph, covering simple constitutional counts (atoms,
hetero-atoms, rotatable bonds), fragment-based physicochemical terms (cLogP, topological polar
surface area), ring and heteroatom environments, charge and valence statistics. When a molecule
is loaded, RDKit perceives atom types, bond orders, aromaticity, and ring membership, then each
descriptor class applies its specific formula (often summing pre-tabulated atom contributions or per-
forming path-based graph traversals) to yield a numeric value; the results are returned in a fixed,
ordered vector whose elements retain their explicit chemical meaning. Because these descriptors
are deterministic, interpretable, and unit-consistent, they serve as a convenient and human-readable
fingerprint.

2.2.1.2 Molecular graph : Chemprop

As seen in the first chapter, a molecule can be featurized as a graph. Graph featurization is the
preprocessing step that converts a molecule into the data structures a graph neural network can
ingest: each atom becomes a node with a feature vector and chemical bonds becomes an edge with
a feature vector. Here, we used the default graph featurization method from the Chemprop model
[209]. Chemprop is an open-source toolkit that uses message-passing neural networks (MPNN) to
predict chemical and materials properties directly from molecular graphs.

Atom featurization Chemprop’s default atom featurization generates a vector that encodes in-
formation about the atom’s atomic number, degree, formal charge, chirality, number of hydrogens,
hybridization, aromaticity and mass.

Bond featurization Chemprop’s default bond featurization generates a vector that encodes in-
formation about the bond type (single, double, triple or aromatic), its conjugation, its presence (or
not) in a ring system and its stereochemistry.

2.2.2 Predictive algorithms

The molecular descriptors described above were subsequently evaluated using multiple predictive
algorithms. To ensure the robustness of the molecular fingerprints and mitigate bias associated with
the strengths or limitations of any single method, we employed a diverse set of widely used models.
Specifically, we benchmarked three machine learning algorithms frequently applied in QSAR/QSPR
modeling and broader data science applications: Random Forest [205], XGBoost [225], and Light-
GBM [226]. Each model was trained using its default hyperparameters. In parallel, we assessed
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molecular graph representations using Chemprop’s default implementation of the message-passing
neural network (MPNN), trained for 30 epochs.

2.2.2.1 Random Forest

Random Forest [227] is an ensemble learning algorithm that builds a "forest" of decision trees, each
trained on a different bootstrap sample (random resampling with replacement) of the training data;
at every split in every tree, it further injects randomness by selecting only a random subset of fea-
tures to consider, which decorrelates the trees. During inference, the outputs are aggregated by
averaging in the case of regression or by majority vote in classification. This allows the diverse,
individually high-variance trees to combine into a low-variance, accurate predictor.

2.2.2.2 XGBoost

XGBoost (eXtremeGradient Boosting) [225] is an optimized, regularized implementation of gradient-
boosted decision trees that builds an ensemble sequentially: each new tree is fit to the residual errors
(negative gradients) of the current model, then added with a shrinkage (learning-rate) weight so the
ensemble gradually corrects its mistakes. Key innovations compared to regular gradient boosting
include second-order gradient information for precise split scoring, L1/L2 regularization on leaf
weights to curb over-fitting, column and row subsampling to decorrelate trees and sophisticated
handling of sparse "missing" values.

2.2.2.3 LightGBM

LightGBM (Light Gradient Boosting Machine) [226] is a fast, memory-efficient implementation of
gradient-boosted decision trees that grows its trees leaf-wise rather than level-wise: at each boosting
iteration it picks the leaf with the largest loss reduction and splits it, producing unbalanced, deeper
trees that capture complex patterns with fewer nodes. To keep training quick and RAM-friendly,
LightGBM bins continuous features into histograms on the fly, reuses histogram differences to eval-
uate splits cheaply, and supports exclusive feature bundling and gradient-based one-side sampling
to down-sample easy examples without hurting accuracy. The framework then adds each new tree’s
predictions, scaled by a learning rate, to the ensemble, iteratively minimizing a differentiable loss.

2.2.2.4 Chemprop

Chemprop is an open-source cheminformatics toolkit designed for predicting chemical properties
directly from molecular graphs using graph neural networks, specifically MPNN, described in the
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first chapter . We used Chemprop’s default MPNN implementation consisting of a message passing
across bonds with a mean aggregation on nodes and a feed forward network for prediction.

2.2.3 Final set of benchmarked descriptors

Each molecular fingerprint was assessed both individually and in concatenated pairs, enabling com-
plementary information to be exploited [228, 229, 230]. Pairs combining two fingerprints from the
same family but only differ by parameterization are excluded. A summary of the various fingerprint
families and variations is described in Figure . Hereafter, combination size denotes the number of
fingerprints concatenated (1 or 2), whereas dimension refers to the length of the resulting feature
vector. In total, 483 descriptors were tested :

• 35 unique fingerprints (combination size = 1) to be used with Random Forest or XGBoost or
LightGBM.

• 447 paired fingerprints (combination size = 2) to be used with Random Forest or XGBoost or
LightGBM.

• 1 graph embedding to be used with Chemprop model.

2.2.4 Datasets

2.2.4.1 Industrial datasets

A curated collection of 121 datasets originating from legacy lead optimization projects was assem-
bled for benchmarking purposes. Of these, 38 quantify potency (i.e., they predict activity on a biolog-
ical target), while the remaining 83 are ADMET endpoints. All datasets contain chemical structures
associated to a numerical value. They are all designed for regression (continuous target) and not
for classification. For instance, the potency sets report pIC50 values instead of providing a binary
active/inactive label.

Dataset sizes span from 23 to 8 730 molecules, with a median of approximately 1 000 compounds.
Most datasets contain fewer than 3 000 molecules (Fig.2.1). The few very large datasets all concern
ADMET endpoints (Fig.2.1B,C); none of the potency datasets reach comparable sizes (Fig.2.1B,D).
This disparity is expected: bioactivity against a specific therapeutic target is usually confined to a
single project, whereas many ADMET assays are shared across projects, enabling the aggregation
of substantially larger ADMET datasets on some very common endpoints.
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Descriptor Size (bits) Chirality Counts

ECFP4 1024
ECFP4 1024 ✓

ECFP4 1024 ✓

ECFP4 1024 ✓ ✓

ECFP6 1024
ECFP6 1024 ✓

ECFP6 1024 ✓

ECFP6 1024 ✓ ✓

ECFP4 2048
ECFP4 2048 ✓

ECFP4 2048 ✓

ECFP4 2048 ✓ ✓

ECFP6 2048
ECFP6 2048 ✓

ECFP6 2048 ✓

ECFP6 2048 ✓ ✓

SECFP4 1024
SECFP6 1024
SECFP4 2048
SECFP6 2048

AtomPair 1024
AtomPair 1024 ✓

AtomPair 2048
AtomPair 2048 ✓

Topological Torsion 1024
Topological Torsion 2048

Avalon 512
Avalon 512 ✓

Avalon 1024
Avalon 1024 ✓

Avalon 2048
Avalon 2048 ✓

RDKit2D Descriptors 200

Mordred 1613

MACCS 166

Table 2.2: Summary of the 8 vector-based descriptors with each of their variants.
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Figure 2.1: Size distribution of the 121 benchmarking datasets. Panel A shows the overall distribution
of molecule counts per dataset. Panel B separates potency and ADMET sets, highlighting that all
potency datasets lie below 3 000 molecules, whereas several ADMET datasets exceed this range.
Panels C and D show the distinct distributions of respectively ADMET and potency datasets.
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2.2.4.2 Data curation

Data curation, although being a laborious task, is a crucial step to develop efficient models as pre-
viously described. Here, we followed a curation pipeline inspired by Tropsha [189].

• Removal of solvents and salts from SMILES.

• Aggregation of data based on internal ID of molecules and not only on SMILES.

• Correction of chirality based on internal ID of molecules and not only on SMILES.

• Standardization of SMILES.

• Treatment of tautomeric forms (harmonization of SMILES).

• Removal of duplicates.

• Removal of abnormal values.

• Manual inspection.

2.2.5 Benchmarking methodology

To find out which descriptor performs best for model building, we ranked them based on their
predictive performance on the 121 datasets. To assess this performance, multiple metrics exist in a
regression context.

2.2.5.1 Metrics

Metrics are quantitative measures used to evaluate the performance of a model. For this work we
used the three most common regression metrics that are the coefficient of determination (R2), the
Mean Squared Root Error (RMSE) and the Mean Absolute Error (MAE).

Coefficient of determination The coefficient of determination R2 is a statistical metric used to
evaluate how well a regression model explains the variability of the target variable. It quantifies
the proportion of the variance in the dependent variable that is predictable from the independent
variables. An R2 value of 1 indicates perfect prediction, while an of 0 means the model does no
better than simply predicting the mean of the target. TheR2 can also be negative, meaning that the
model performs worse than a horizontal line at the mean value, it adds error compared to simply
predicting the average. So whileR2 is bounded above by 1, it can be negative and unbounded below
if the model fits the data very poorly. In practice, a R2 value is considered to be acceptable around
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0.6-0.7. This metric is convenient because it enables to quickly compare the performance of different
models, however one need to be cautious using it. Indeed, a small dataset can make R2 unstable
because of the high variance, leading to misleading high or low values.

The R2 score is defined as:
R2 = 1−

∑n
i=1(yi − ŷi)

2∑n
i=1(yi − ȳ)2

(2.1)

where yi are the true values, ŷi are the predicted values, ȳ is the mean of the true values, and n is
the number of data points.

Mean Squared Root Error The Root Mean Squared Error (RMSE) is a widely used metric to
assess the performance of regression models. It measures the square root of the average squared
differences between the predicted and actual values. RMSE penalizes larger errors more than MAE
due to the squaring operation, making it sensitive to outliers. A lower RMSE indicates a better fit of
the model to the data.

The RMSE is defined as:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (2.2)

While the RMSE provides a measure of error, it can be difficult to compare across datasets with
different target value scales. The Normalized RMSE (nRMSE) addresses this by scaling the RMSE
with respect to reference quantities. This normalization yields a dimensionless value, making it pos-
sible to benchmark model performance across heterogeneous datasets. Many normalization tech-
niques exist, in our case we used a MinMax normalization to rescale, for a given dataset, the metric
between 0 and 1. A nRMSE of 0 indicates that it is the best performing model while a value of 1
indicates that it is the worst.

The nRMSE is defined as:
nRMSE =

RMSE− ymin
ymax − ymin

(2.3)

Mean Absolute Error The Mean Absolute Error (MAE) is a common metric used to evaluate
the accuracy of regression models. It measures the average magnitude of the errors between pre-
dicted and actual values, without considering their direction. In other words, it gives an idea of how
far predictions are from the true values on average. Unlike other metrics like RMSE, MAE is less
sensitive to large errors, making it a robust measure in the presence of outliers.

The MAE is defined as:
MAE =

1

n

n∑
i=1

|yi − ŷi| (2.4)
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Figure 2.2: Illustration of the three data-partitioning strategies to assess predictive performance of
QSAR/QSPR models. Panel A illustrate the random split: molecules are assigned to training (blue)
and test (orange) subsets at random. Panel B illustrate the cross-validation: the data are divided
into k equally sized folds (example shown for k = 5); each fold is used once as a test set while the
remaining k – 1 folds form the training set, reducing variance in the performance estimate. Panel C
illustrate the time-based split: compounds are ordered by assay date and the most recent portion is
held out for testing, emulating prospective deployment.

Similarly to the nRMSE, the nMAE can be defined as:

nMAE =
MAE− ymin
ymax − ymin

(2.5)

2.2.5.2 Assessing models the right way

Proper evaluation of predictive models is essential to ensure their generalizability and robustness
[216, 217]. This is particularly important in lead optimization, where data can be highly heteroge-
neous and temporally biased due to evolving design priorities. Different strategies exist to split the
data into training and test sets, each with its own benefits and limitations. Figure 2.2 describes the
three ways of splitting data.

Random train/test split The most straightforward approach to evaluate a model is the random
train/test split. In this method, the dataset is randomly divided into training and test subsets, typi-
cally using a fixed proportion (e.g., 80% for training and 20% for testing). While simple to implement,
this approach assumes that the data are independently and identically distributed (i.i.d.), which may
not hold in real-world drug discovery scenarios. In particular, molecules from the same chemical
series may be split across training and test sets, leading to overly optimistic performance estimates
due to information leakage. This split is represented on the Figure 2.2A.
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Cross-validation Cross-validation improves upon the random split by repeating the train/test
evaluation multiple times. In k-fold cross-validation, the dataset is partitioned into k subsets of ap-
proximately equal size. Each fold is used once as the test set while the remaining k−1 folds serve as
the training set. This method reduces the variance of the performance estimate and provides a more
reliable assessment, especially for small datasets. However, standard cross-validation still assumes
that data points are exchangeable, which is not ideal in settings where temporal or structural biases
exist. This split is represented on the Figure 2.2B with a 5 splits cross-validation.

Time-based train/test split To more accurately reflect prospective deployment, particularly in
drug discovery projects, a time-based train/test split is preferred. Here, compounds are divided based
on their assay dates: the training set contains older compounds, while the test set includes newer
ones. This mimics real-world scenarios where models are trained on past data and used to predict
future outcomes. Although more challenging, this validation scheme provides a realistic estimate
of model performance under prospective use and is better suited for decision-making in dynamic
research environments. This split is represented on the Figure 2.2C.

For the 121 datasets extracted from legacy drug discovery projects, we have access to the date
of the experimental assays. Based on this, we will only use time-based split for the benchmark.

2.3 Results

2.3.1 A brief overview

2.3.1.1 Datasets predictability

Before directly comparing descriptors, it is useful to first assess the inherent predictability of differ-
ent properties. Figure 2.3 shows the distribution of R2 scores obtained for all 482 descriptors (plus
Chemprop) across 121 datasets. Throughout this analysis, we refer collectively to Random Forest,
LightGBM, and XGBoost models as "ML models," reporting their average performance.

Modeling ADMET-related properties (Figure 2.3A,B) is notably challenging, as indicated by the
many R2 values below zero, highlighting poor predictability. However, Chemprop often emerges
among the top-performing models for these tasks.

In contrast, potency prediction (Figure 2.3C) generally yields higher R2 scores, predominantly
above zero, with some reaching around 0.7. Interestingly, Chemprop performs relatively poorly in
this category, frequently ranking among the lowest scores.

However, relying solely onR2 as the primarymetric has limitations, especially for small datasets

– 65 –



Chapter 2

Figure 2.3: Distribution of R2 scores for ADMET datasets (A, B) and potency datasets (C). Boxplots
represent machine learning models trained on vector-based descriptors, while crosses represent
Chemprop.

.
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Figure 2.4: Distribution of nMAE scores for ADMET datasets (A, B) and potency datasets (C). Box-
plots represent machine learning models trained on vector-based descriptors, while crosses repre-
sent Chemprop.

.

where a single data point can significantly impact the score. Therefore, metrics such as Mean Ab-
solute Error (MAE) or its normalized variant (nMAE) are preferable for evaluating and comparing
model performance. MAE is particularly advantageous over RMSE due to its robustness against
outliers.

Similar to Figure 2.3, Figure 2.4 presents the distribution of nMAE scores for all 482 descriptors
(plus Chemprop) across the 121 datasets. A corresponding detailed figure distinguishing individual
models is provided in Appendix A.

Beyond robustness, this figure offers enhanced readability. Consistent with previous results,
Chemprop frequently ranks among the best models for ADMET endpoints. However, for potency
datasets, Chemprop achieves an nMAE below the median of the ML models in only 11 out of 38
datasets, and falls below the first quartile in just 6 out of 38 cases.
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2.3.1.2 Influence of Dataset Size

As previously mentioned, the datasets analyzed in this study differ considerably in size. Figure 2.5
shows how dataset size impacts nMAE scores. The columns represent the analyzed models: column
A corresponds to Chemprop, column B displays the average nMAE across all machine learning (ML)
models, and column C represents the best-performingMLmodel for each dataset. The rows separate
dataset types, with ADMET datasets in the first row and potency datasets in the second.

For ADMET endpoints, Chemprop (A1) generally achieves lower nMAE values compared to the
average of all ML models (B1), especially as dataset size increases. However, Chemprop is often
outperformed by the best ML model for each endpoint (C1), particularly with smaller datasets.

These performance differences are more pronounced for potency datasets. Chemprop (A2) con-
sistently exhibits higher nMAE values than the average of all ML models (B2). When compared
only to the best-performing ML models for each dataset (C2), the gap widens further, underscoring
Chemprop’s relatively weaker performance in this context.

2.3.1.3 Algorithms training time

Training time is a critical factor in machine learning, as it directly influences resource efficiency
and the speed of experimentation. In this study, models were trained using their default hyperpa-
rameters, given the large number of descriptors being benchmarked. However, when models are
fine-tuned using methods such as grid search or Bayesian optimization, the number of training iter-
ations can increase significantly. As a result, training speed becomes a key criterion when selecting
predictive algorithms.

Figure 2.6 presents the training times of the different models across all datasets and descriptors.
Chemprop (Figure 2.6D), trained with the default 30 epochs, is by far the slowest model, particularly
on smaller datasets. Among the traditional machine learningmodels, Random Forest (Figure 2.6A) is
the most time-consuming, especially when scaling to large datasets (>1000 compounds). In contrast,
XGBoost (Figure 2.6B) and LightGBM (Figure 2.6C) demonstrate high efficiency, with LightGBM
showing the fastest training times overall.
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Figure 2.5: Impact of dataset size on normalized mean absolute error (nMAE). Columns represent
different modeling approaches: (A) Chemprop model, (B) average nMAE across all machine learning
(ML) models, and (C) the best-performing ML model for each dataset. Rows differentiate between
dataset types, with the first row showing ADMET datasets and the second potency datasets. The
results highlight Chemprop’s relative strength on larger ADMET datasets, but reveal its limitations
compared to the best ML models, particularly on smaller and potency datasets.

.
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Figure 2.6: Training time as a function of training set size for all models.Panels A to C represent
conventional machine learning models: for each of the 121 datasets, the models are retrained with
482 different descriptor sets, so multiple points appear at the same x value, giving 58322 points in
total (121 × 482). Panel D is Chemprop: because Chemprop uses a single molecular representation,
only one point is plotted per dataset, for 121 points overall.
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2.3.2 Benchmarking single descriptors

First, let’s focus on the 35 single descriptors and compare them to Chemprop.

2.3.2.1 Ranking

To compare descriptor performance, we ranked them based on their average score across the 121
datasets. Figure 2.7 shows the distribution of scores for each descriptor using three evaluation met-
rics: the R2 score (Figure 2.7A), the normalized root mean squared error (nRMSE; Figure 2.7B), and
the normalized mean absolute error (nMAE; Figure 2.7C). Descriptors are ordered by their mean
performance across all datasets.

MACCS, Topological Torsion, and AtomPair fingerprints consistently rank among the lowest-
performing descriptors across all three metrics. In contrast, ECFP- and Avalon-based descriptors
rank highly, alongside Chemprop. Notably, the score distributions for Chemprop exhibit a wider
interquartile range in both the nRMSE and nMAE rankings, suggesting that its performance may be
less robust and more sensitive to dataset variability.

It is also worth noting that the score distributions appear more uniform when using the R2

metric, likely reflecting the instability of this metric on small datasets. For the following results, we
will be using the nMAE as reference as the MAE is a more robust metric to outliers compared to the
RMSE.
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Figure 2.7: Rankings of the single descriptors and Chemprop based on the average on 121 datasets
for R2 (A), nRMSE (B) and nMAE (C) metric distributions. Single descriptor variants are colored
based on their descriptor family.

2.3.2.2 Differentiating ADMET and potency

As previously noted in the analysis of datasets predictability, ADMET properties and potency are not
modeled with equal ease. Figure 2.8 presents descriptor rankings based on the nMAE. Figure 2.8A
shows the overall rankings across all endpoints (as in Figure 2.7C), whileFigure 2.8 B and C display
rankings specific to ADMET and potency endpoints, respectively.

Chemprop performswell when considering all endpoints together, ranking 9th out of 36 descrip-
tors. However, disaggregating the results by endpoint type reveals stark differences. For ADMET
properties, Chemprop achieves the lowest average nMAE, despite a wide interquartile range, mak-
ing it the top-performing descriptor. In contrast, for potency prediction, Chemprop ranks among
the worst performers.

Among the vector-based descriptors used with classical machine learning models, the ranking
is relatively stable across tasks. ECFP variants consistently occupy the top positions, particularly
those incorporating count information and/or chirality, highlighting their robustness across end-
point types.
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Figure 2.8: Rankings of the single descriptors and Chemprop based on their average nMAE across
all the 121 datasets (A), the 83 ADMET datasets (B) and the 38 potency datasets (C). Single descriptor
variants are colored based on their descriptor family.

2.3.2.3 Statistical analysis

Although we ranked the descriptors based on their mean nMAE across datasets, the overlap in their
score distributions necessitates statistical testing to assess whether the observed differences are
significant. To this end, we applied the Friedman test, a non-parametric statistical method designed
to detect performance differences among multiple methods evaluated on multiple datasets using
rankings. This test is particularly well-suited for repeated measures scenarios such as QSAR/QSPR
modeling, where each dataset is evaluated under several modeling conditions.

The Friedman test evaluates whether the average ranks of the descriptors differ more thanwould
be expected by chance, without assuming normality or homoscedasticity. The null hypothesis states
that all descriptors perform equally well, meaning that differences in rankings arise purely from
random variation.

We applied the Friedman test separately to ADMET and potency endpoints. In both cases, the
test returned a p-value inferior to 10−20, allowing us to confidently reject the null hypothesis. This
indicates that the performance differences among at least two descriptors is statistically significant.
However, the Friedman test does not identify which specific descriptor pairs differ. To explore this,
we conducted a Nemenyi post-hoc analysis, which compares all pairwise differences in average
ranks. If the difference between two descriptors exceeds a critical threshold, known as the critical
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Figure 2.9: Pairwise p-values for the ten highest-ranked single descriptors, plus Chemprop when it
falls outside this group, for the ADMET datasets (A) and potency datasets (B). A p-value of 1 indicates
that the rank orders of the two descriptors do not differ significantly, whereas values approaching
0 signify a statistically significant difference in their rankings.

difference, their performance is considered significantly different.

Figure 2.9 presents the pairwise p-values from the Nemenyi analysis for ADMET (Figure 2.9A)
and potency (Figure 2.9B) endpoints. For clarity, we show only the ten highest-ranked descriptors,
and include Chemprop if it falls outside the top ten.

For ADMET endpoints, although Chemprop ranks first, its pairwise p-values with the next nine
descriptors are all equal to 1, indicating that it is not statistically better than any of them. In contrast,
for potency endpoints, Chemprop yields smaller p-values when compared with the top ten descrip-
tors. In particular, its p-values against ECFP6 (2048, chirality, counts) and ECFP6 (2048, counts) are
0.03 and 0.04, respectively, both below the 0.05 significance threshold. This result indicates that
Chemprop performs significantly worse than these two descriptors for potency modeling across the
38 potency datasets.

2.3.3 Benchmarking combinations of descriptors

Among the 482 vector-based descriptors evaluated, only 35 are single descriptors. The remaining
447 are composite descriptors obtained by concatenating pairs of single descriptors from different
families. Several studies have suggested that combining fingerprints can be beneficial, as it enables
the integration of complementary structural information [228, 229, 230]. In this section, we extend
the analysis to all 482 vector-based descriptors used with machine learning models, alongside the
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Chemprop model based on graph embedding.

2.3.3.1 Ranking

As in the previous section, descriptors were ranked according to their average nMAE across all
datasets. Figure 2.10 presents this ranking. For clarity, only the top 30 descriptors are shown, with
Chemprop included if it does not appear among them.

This figure shows that the top-ranked descriptors are all combinations involving ECFP variants,
often concatenated with Avalon, and occasionally with RDKit2D descriptors or MACCS keys. No-
tably, none of the top descriptors are single-feature vectors, reinforcing the idea that combining
descriptors can enhance the predictive power by enriching the feature space. While the top 30 de-
scriptors perform similarly in terms of their average nMAE, their distributions overlap considerably,
suggesting that further statistical analysis is required to assess the significance of their differences.

Chemprop ranks 223rd out of 483, a substantial drop compared to its earlier position when only
single descriptors were considered. Its interquartile range remains wide, once again indicating a
lack of robustness relative to the top performing vector-based descriptors, which exhibit narrower
performance distributions across datasets.
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Figure 2.10: Rankings of all the descriptors combinations based on their average nMAE across all
the 121 datasets. Vector-based descriptors are in green while Chemprop is in purple.
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2.3.3.2 Differentiating ADMET and potency

Differentiating between ADMET and potency datasets reveals markedly distinct descriptor rank-
ings. Figure 2.11A shows the rankings based on ADMET datasets, while Figure 2.11B presents the
rankings for potency datasets. As before, only the top 30 descriptors are shown for clarity.

In the ADMET-based ranking (Figure 2.11A), Chemprop again appears as the top-performing
model. However, this result should be interpreted with caution due to its wide performance dis-
tribution, both in terms of interquartile range and maximum nMAE, highlighting variability and
limited robustness across datasets. Among the top-ranked vector-based descriptors, most are com-
binations involving ECFP variants, consistent with observations from the full dataset. Notably, these
combinations now more frequently involve RDKit2D descriptors rather than Avalon fingerprints,
indicating a shift in what contributes most to predictive performance in ADMET tasks.

In contrast, the potency-based ranking (Figure 2.11B) is dominated by combinations of ECFP
variants and Avalon fingerprints across all top 30 descriptors. The addition of RDKit2D descriptors
appears less beneficial in this context, which aligns with previous results showing that RDKit2D
alone performs poorly on potency datasets (Figure 2.8C). Chemprop performs substantially worse
for potency modeling, ranking 476th out of 483, nearly last, marking a sharp contrast to its perfor-
mance on ADMET endpoints.
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Figure 2.11: Rankings of all the descriptors based on their average nMAE across ADMET datasets
(A) and potency datasets (B). Vector-based descriptors are in green while Chemprop is in purple.

2.3.3.3 Statistical analysis

To assess whether the observed rank differences among the 482 descriptors combinations (plus
Chemprop) are statistically significant, we applied the same non-parametric Friedman test previ-
ously used for single descriptors. This test was conducted separately for the ADMET-based and
potency-based rankings. In both cases, the Friedman test returned p-values inferior to 10−20, lead-
ing to a clear rejection of the null hypothesis. This means that at least two descriptors combinations
are statistically different.

We then conducted a Nemenyi post-hoc analysis, which compares all pairs of descriptors and
identifies those with rank differences exceeding the critical difference (CD) as significantly different.

Figure 2.12 presents the pairwise p-values from the Nemenyi test for ADMET (Figure 2.12A) and
potency (Figure 2.12B) endpoints. As with the analysis of single descriptors, we show only the ten
highest-ranked descriptors and include Chemprop if it falls outside this group.

For ADMET-based rankings, the results mirror those obtained for single descriptors: although
Chemprop ranks first, its performance is not statistically different from that of the next highest-
ranked descriptors. In contrast, for potency-based rankings, Chemprop is significantly outper-
formed by the top descriptors. The pairwise p-values are close to 0 (≪ 0.05), confirming that models
combining machine learning with the top-ranked descriptors significantly outperform Chemprop
across the 38 potency datasets.
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Figure 2.12: Pairwise p-values for the ten highest-ranked descriptors, plus Chemprop when it falls
outside this group, for the ADMET datasets (A) and potency datasets (B). A p-value of 1 indicates
that the rank orders of the two descriptors do not differ significantly, whereas values approaching
0 signify a statistically significant difference in their rankings.

2.3.4 Time-based Splitting vs. Cross-validation

In previous analyses, we employed an 80/20 time-based split, where the training set included the
earliest 80% of compounds within a project (ordered by assay date), and the test set contained the
most recent 20%. This strategy closely mirrors how predictive models are typically deployed in
real-world drug discovery applications [216, 217]. However, implementing a time-based split is
challenging outside industrial contexts, due to limited availability of datasets with timestamped
data.

This raises an important question: Is a time-based split necessary, or can standard cross-validation
on temporally agnostic datasets yield comparable insights? To explore this, we compared the pre-
dictive performance across all datasets using both splitting methods.

For fingerprint-based models, we conducted a total of 174 966 experiments (482 descriptors ×
121 datasets × 3 predictive algorithms), each evaluated using both cross-validation and time-based
splits. Figure 2.13 shows the distribution of normalized Mean Absolute Error (nMAE) scores. Cross-
validation generally yielded lower and narrower nMAE distributions than time-based splits, sug-
gesting that temporal shifts in chemical properties significantly reduce predictive accuracy when
using time-based splits. Similar trends were observed for R2 scores (Figure 2.14). Quantitatively,
among the 174 966 experiments, 93.7% had higher R2 scores under cross-validation compared to
time-based splitting.
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Figure 2.13: Distribution of nMAE values across all vector-based descriptors for ADMET datasets
(A and B) and potency datasets (C). Evaluation using a temporal split are in green and using a cross-
validation in orange.
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Figure 2.14: Distribution of R2 values across all vector-based descriptors for ADMET datasets (A
and B) and potency datasets (C). Evaluation using a temporal split are in green and using a cross-
validation in orange.
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We performed a similar comparison using the Chemprop model. Figures 2.15 and 2.16 illustrate
the distribution of nMAE and R2 scores, respectively, across all 121 datasets. The results align with
the fingerprint-based models: Chemprop also consistently performed better under cross-validation
than time-based splits. Specifically, Chemprop showed superior performance under cross-validation
92.6% of the time (112 out 121 datasets), reinforcing that temporal shifts pose significant challenges
for prospective model generalization.
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Figure 2.15: Distribution of nMAE values using Chemprop for ADMET datasets (A and B) and po-
tency datasets (C). Evaluation using a temporal split are in green and using a cross-validation in
orange.
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Figure 2.16: Distribution of R2 values using Chemprop for ADMET datasets (A and B) and potency
datasets (C). Evaluation using a temporal split are in green and using a cross-validation in orange.
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2.4 Discussion

2.4.1 Benefits of combining descriptors

Concatenating molecular fingerprints significantly improves predictive performance, surpassing re-
sults from individual descriptors alone. This improvement occurs because descriptor concatenation
expands and enriches the feature space, allowing machine learning algorithms to identify additive
structure–activity relationship (SAR) patterns. Further research should investigate incorporating
additional descriptors and combinations beyond descriptor pairs to enhance these benefits.

2.4.2 Deep learning is not all we need

While graph neural networks like Chemprop are often viewed as state-of-the-art for QSAR/QSPR
modeling [209, 231, 232, 233], our comparative analysis against classical machine learning models
reveals nuanced insights. Chemprop performs competitively when single descriptors are used but
underperforms compared to classical methods using descriptor combinations. The data-intensive
nature of graph neural networks likely contributes to this gap, especially noticeable in smaller po-
tency datasets compared to larger ADMET datasets. Chemprop also exhibited greater variability
across datasets and required longer training times, highlighting practical limitations relative to clas-
sical methods.

2.4.3 Differentiating ADMET and potency

When considering all datasets collectively, combinations of ECFP variants and Avalon fingerprints
generally led to the best model performance. However, endpoint-specific analyses revealed notable
differences. For potency datasets, combinations of ECFP and Avalon remained highly effective,
while ADMET datasets performed better using combinations involving RDKit2D descriptors. This
difference likely arises because ADMET properties depend more heavily on bulk physicochemical
characteristics captured by RDKit2D, whereas potency is influenced primarily by structural com-
plementarity between ligand and target.

2.4.4 The need for real-world proof benchmarks

Many benchmarks rely on noisy datasets that do not fully reflect the complexity and practical con-
straints of drug discovery. Our findings emphasize the necessity of temporal validation: more than
90% of the experiments showed that cross-validation splits inflated performance estimates compared
to time-based splits. This underscores the importance for the pharmaceutical industry to share ro-
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bust, temporally annotated datasets, as advocated by both academia and industry [183].

2.5 Conclusion

In conclusion, state-of-the-art deep learning models do not consistently outperform classical ma-
chine learning approaches based on molecular fingerprints, especially when working with indus-
trial datasets in low-data regimes. This trend becomes even clearer when multiple fingerprints
are combined to create richer molecular descriptors, effectively capturing complementary aspects
of structure-activity and structure-property relationships. Thus, for future QSAR/QSPR modeling,
combining ECFP-based fingerprints with classical algorithms like Random Forest or LightGBM pro-
vides a robust baseline that will be used for the rest of this work.
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Molecular prioritization toolkit and
retrospective simulations

This chapter introduces a framework for evaluating molecular prioritization strategies aimed at
accelerating the lead-optimization phase of drug discovery. Lead optimization is intrinsically chal-
lenging: it requires the simultaneous optimization of multiple, often-conflicting objectives, must
operate under shifting data distributions, and typically begins with low information.

To meet these challenges we developed a comprehensive decision-support toolkit that unifies
selection strategies derived from active learning (AL), multiple-criteria decision analysis (MCDA),
and classical medicinal-chemistry heuristics. We benchmark these strategies with a retrospective
simulation protocol that replays entire historical projects under controlled virtual scenarios. This
chapter details both the methodological foundations and the practical implementation of the toolkit.

The chapter is structured as follows: initially, we discuss the theoretical underpinnings and
practical constraints of molecular prioritization within lead optimization. Subsequently, we detail
the retrospective simulation methodology, encompassing virtual scenario configuration, predictive
modeling techniques, and selection strategies. Lastly, we introduce analytical tools crafted to quan-
titatively and qualitatively assess how effectively each strategy balances exploration and exploita-
tion of the chemical space, exemplifying the approach through practical demonstrations involving
a dataset from a project targeting Factor Xa.
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3.1 Enhancing lead optimization

3.1.1 Challenges in lead optimization

Lead optimization inherently involves multi-objective decision-making, as previously outlined in
Chapter 1. A viable drug candidate must exhibit not only sufficient on-target potency but also ac-
ceptable selectivity, pharmacokinetics, and safety profiles. These criteria often conflict, necessitating
careful management of complex trade-offs.

Adding complexity is the dynamic nature of drug discovery workflows. As projects advance,
the synthesis and evaluation of new compounds continually alter underlying data distributions.
Initially, SAR data may derive from narrow chemical series; however, the introduction of new scaf-
folds or substituents expands chemical space and reduces the predictive accuracy of earlier models.
Essentially, the "rules" governing biological activity and potential liabilities evolve as teams gain
deeper insights into the biological target and associated chemistry. This temporal distribution shift,
discussed in Chapter 2, significantly degrades model performance, with historically trained models
exhibiting notably lower accuracy when predicting new compounds compared to cross-validation
on randomly shuffled datasets. Studies have further indicated that temporal shifts substantially im-
pact uncertainty estimations [234].

An additional challenge arises from the prevalent low-data environment common to early-stage
discovery. New projects typically start with limited active compound data and sparse experimen-
tal outcomes. Consequently, lead optimization teams operate with minimal SAR data, particularly
when exploring novel targets or unprecedented mechanisms. Thus, teams must carefully balance
exploiting known chemical spaces to optimize promising scaffolds against exploring novel chemical
spaces to discover potentially superior compounds.

3.1.2 From DMTA to D(S)MTA

Historically, molecular design relied primarily on the intuition and creativity of medicinal chemists,
complemented by predictive modeling tools and computational methods. Today, chemists are ac-
companied by AI models capable of both predicting molecular properties and generating novel com-
pounds [75]. Consequently, each design cycle now yields significantly more hypotheses from dual
sources: the chemists and generative AI, as illustrated in Figure 3.1. Molecules proposed by gen-
erative models often deviate from traditional chemist-generated structures, presenting assessment
challenges due to their unconventional nature [95, 96, 97, 98, 99]. While some generative models
facilitate exploration around known scaffolds [94, 100], their primary strength lies in introducing
entirely novel chemical entities, substantially broadening chemical space exploration.
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Figure 3.1: Overview of the D(S)MTA cycle, highlighting compound design by medicinal chemists
and generative models.

This new design paradigm is both a blessing and a curse. Historically, selecting molecules to
synthesize aligned intuitively with the chemists’ own design rationale, potentially backed by pre-
dictive models. Now, however, the selection step has grown substantially more intricate, requiring
chemists to evaluate a large array of compounds, including those generated by AI that may be coun-
terintuitive to their expertise [235]. Consequently, one could say that selection has evolved into a
dedicated stage of the D(S)MTA cycle [236], demanding careful consideration and integration of
hypotheses from both human intuition and generative AI.

3.1.3 Active learning in drug discovery

Drug discovery, characterized by a vast chemical space combined with costly and time-intensive
experimental validations, represents an ideal context for applyingALmethodologies. AL has already
demonstrated significant utility across various research stages, particularly in virtual screening for
hit identification [41, 42, 237, 238, 239]. Typically, existing AL applications focus on efficiently
scanning extensive compound libraries to discover initial hits or to construct QSAR models aimed
at predicting a single property based on limited assay data [153, 240]. These approaches generally
emphasize a single objective: maximizing the number of identified active compounds or enhancing
predictive model accuracy while minimizing data requirements.

Although AL implementations have predominantly targeted early discovery phases concerned
with hit identification and single-objective optimization, this approach also holds considerable promise
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for addressing the inherently multi-objective and iterative nature of lead optimization. Lead opti-
mization frequently operates in scenarios characterized by low-data availability, where each itera-
tive cycle yields only a small number of newly synthesized analogs accompanied by corresponding
assay results, thereby greatly increasing the value of each compound tested. AL is particularly
suited to such low-data conditions due to its capacity to identify and select the most informative
compounds for subsequent experimental evaluation.

Consequently, AL principles could be strategically employed to guide compound selectionwithin
DMTA cycles, significantly enhancing the efficiency and efficacy of knowledge acquisition regard-
ing SAR and the intricate trade-offs among desired properties. Conceptually, the iterative cycle
inherent to AL, comprising modeling, querying, experimentation, and updating, closely aligns with
the DMTA cycle of drug discovery, which involves the iterative processes of designing, synthe-
sizing, testing, and analyzing compounds. Both frameworks utilize recent experimental outcomes
to iteratively refine and inform strategic decisions for subsequent cycles, underscoring the direct
adaptability and substantial potential of active learning methodologies for lead optimization con-
texts.

3.1.4 Multi-objective prioritization toolkit

To effectively support medicinal chemists in managing the extensive set of hypotheses generated
during the molecular design phase, it is crucial to employ rational selection strategies. A substantial
part of this thesis was devoted to developing a comprehensive decision-support toolkit specifically
designed to aid in the prioritization of candidate molecules within a multi-objective context.

This toolkit incorporates a broad range of acquisition functions (selection strategies), combining
both established methods and novel approaches developed as part of this research. It draws exten-
sively from active learning concepts by implementing strategies that prioritize compounds accord-
ing to uncertainty estimates. Additionally, methodologies from multiple-criteria decision analysis
have been adapted to effectively address and reconcile conflicting molecular properties, ensuring
that selected compounds align closely with the complex, multifaceted objectives encountered in
drug discovery projects. Finally, the toolkit integrates strategies inspired by medicinal chemists’
typical behavioral patterns and their intuitive decision-making processes.

3.1.5 Challenge of benchmarking selection strategies

The vast majority of research on the development of selection strategies focuses primarily on virtual
screening, specifically targeting the hit identification phase [42, 41]. In this setting, the compound
pool from which molecules are selected remains fixed and typically comprises very large screening
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datasets, such as LIT-PCBA [241]. Furthermore, these studies generally optimize only a single end-
point, which is biological activity against the target. However, the lead optimization phase differs
significantly from virtual screening. Here, the compound pool is dynamic, evolving continuously
as the project advances, with each optimization cycle informing subsequent cycles. Additionally,
lead optimization inherently involves a multi-objective optimization problem; beyond potency, it
requires simultaneous consideration of multiple ADMET properties.

Rigorously benchmarking selection strategies for lead optimization ideally involves conducting
actual DMTA cycles within authentic drug discovery projects. In this ideal scenario, the compound
design stage explicitly integrates an acquisition function to guide decisions regarding synthesis and
testing. However, executing real-world DMTA cycles is prohibitively expensive, as it effectively
requires carrying out a complete drug discovery campaign. Although recent advancements have
introduced automated synthesis platforms [168, 242, 243, 244], these technologies remain costly
and insufficiently mature to emulate complete drug discovery pipelines. Furthermore, benchmark-
ing multiple selection strategies through this approach would necessitate running separate, parallel
projects for each strategy, making such comparisons inconceivable.

To circumvent these practical constraints, one alternative is simulating fully virtual D(S)MTA
cycles. Previous research from AstraZeneca [236] proposed fully virtual cycles where the design is
made using REINVENT [245, 99] and the selection done using various strategies that are compared.
However here again it was a single-objective optimization, where the compound were labeled as
active or inactive. This labeling was not made on a biological value (real or predicted) but on a
binary score based on ratios of carbon, nitrogen and oxygen atoms in the molecule. This choice is
debatable in terms of its realism compared to real potency and ADMET endpoints. Recent work by
Iktos [246] proposed molecular assay simulators to mimic biological endpoints but here again only
for single or bi-objective experiments, and the outputs of such oracles showed limited realism when
comparing the distributions of values to internal datasets from Sanofi.

Consequently, benchmarking selection strategies under realistic conditions, characterized by a
multi-objective context involving authentic drug discovery endpoints, shifts in compound distribu-
tions, and the constraint of avoiding costly laboratory experiments, remains a challenge.

3.1.6 Retrospective simulation of legacy projects

To overcome the limitations inherent to both purely virtual and fully experimental benchmarking
methodologies, we have explored a hybrid approach that is based on retrospective simulations uti-
lizing historical drug discovery projects. This retrospective approach leverages real-world datasets,
accurately replicating each project’s original timeline and workflow within a virtual environment.
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During these simulations, an acquisition function iteratively selects subsets of compounds from
the historical dataset. Importantly, experimental data are exclusively available for compounds tested
in the actual projects; no information exists for compounds designed but never experimentally val-
idated. Each simulation thus involves selecting subsets of the real project’s compounds and com-
paring the resulting outcomes with actual historical results. The central questions addressed by this
method are: Did the chosen acquisition function efficiently exploit the chemical space by identify-
ing and selecting the most promising compounds? Did it adequately explore the project’s chemical
space?

To systematically address these questions, we developed the previously described molecular
selection toolkit, specifically designed for multi-objective optimization and integrating various se-
lection strategies. Additionally, we established a methodology for conducting retrospective scenario
analyses and created analytical tools to qualitatively and quantitatively evaluate the performance
and characteristics of these selection strategies during simulations. This framework enables a deeper
understanding of how effectively each strategy balances exploration and exploitation within the
chemical space of a given project.

3.2 Retrospective simulation methodology

This section details the structured approach we used to construct the retrospective simulations and
the datasets used to illustrate them.

3.2.1 Data

3.2.1.1 Datasets

To demonstrate how the prioritization toolkit works, we employed four datasets derived from legacy
Sanofi projects [247, 248, 249, 250, 251, 252, 253, 254], targeting Factor Xa (FXa), MMP-8, PPARδ
and Renin. Intellectual property constraints prevent these datasets from including all compounds
and experimental readouts from the original projects. The chemical structures and corresponding
potency data for the four targets were already publicly available. In this work, we further enriched
these datasets by adding experimental timestamps for each compound and extending the FXa dataset
with two additional endpoints, subsequently releasing these enhanced versions publicly. Figure 4.1
shows the distributions of molecules overtime for the four datasets.

The first dataset is derived from a project targeting Factor X, the activated form of coagulation
Factor X, which plays a pivotal role in blood clot formation within the coagulation cascade. This
dataset, spanning just over 6 years, comprises 1015 compounds synthesized and evaluated for po-
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Figure 3.2: Temporal distribution of new molecules in FXa, MMP-8, PPARδ and Renin datasets.

tency against FXa, as well as for solubility and LogD. It serves as the primary demonstration dataset
in the coming sections to showcase the analytical tools.

The second dataset originates from a project focused on Matrix Metalloproteinase-8 (MMP-8),
an enzyme involved in degrading extracellular matrix components, implicated in inflammatory dis-
orders, cancer metastasis, and periodontal disease. This dataset spans four years and includes 430
compounds.

The third dataset pertains to a project targeting Peroxisome Proliferator Activated Receptor-
delta (PPARδ), a nuclear receptor crucial formetabolic inflammatory regulation, implicated inmetabolic
disorders such as diabetes cardiovascular diseases. It covers a period of nearly six years, comprising
498 compounds.

Finally, the fourth dataset comes from a project targeting Renin, an enzyme essential for blood
pressure and electrolyte regulation, primarily associated with hypertension and related cardiovas-
cular disorders. This dataset spans over two years, with 388 compounds evaluated.

3.2.1.2 Blueprints

As previously explained, the project team should define a blueprint that outlines the desired char-
acteristics of an optimal drug candidate across a list of endpoints. For each endpoint, the blueprint
specifies several key parameters.

• Optimization Trend: Specifies whether the property should be maximized (higher is better,
denoted as H), minimized (lower is better, denoted as L), or maintained within a specified
range (interval trend, denoted as V).
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Dataset Endpoint Trend LTV HTV Weight

FXa pKi H 8.5 9 3
FXa Solubility (pH 7.40) (µM) H 50 100 1
FXa LogD (pH 7.40) V 1.5 3.5 1

Renin pIC50 H 8 9 1

PPARδ pEC50 H 8 9 1

MMP-8 pIC50 H 8.5 9 1

Table 3.1: Blueprint tables outlining the parameter space for the FXa, Renin, PPARδ and MMP-
8 datasets. For each endpoint, the required optimization direction is given—H (higher-is-better),
L (lower-is-better) or V (value must fall within the stated range)—together with the lower (LTV)
and upper (HTV) threshold values. The Weight column indicates the relative importance of each
endpoint.

• Lowest Threshold Value (LTV): For the higher is better trend, defines the minimum value
for a compound to be acceptable. For lower is better, defines the minimum value below which
compounds are not considered "more acceptable" (i.e. utility of 1).

• Highest Threshold Value (HTV): For the higher is better trend, defines the maximum value
after which compounds are not considered "more acceptable" (i.e. utility of 1). For lower is
better, defines the minimum value below which compounds are considered acceptable.

• Weight: A numerical value indicating the relative importance of the property in comparison
to others. Weights can be assigned arbitrarily by the project team or medicinal chemists, or
determined using MCDAmethods, such as the Analytical Hierarchy Process [255] by defining
a priority order among the different endpoints. A weight of 0 can be assigned to endpoints
that are monitored but not actively optimized.

Table 3.1 presents the blueprints we used for simulating the four datasets. It should be noted
that these blueprints differ from those used in the original projects, both in terms of assigned values
and the number of considered endpoints. Additionally, although the simulation results presented
here utilized static blueprints, these blueprints can, in practice, evolve throughout the duration of a
project. For instance, weights assigned to different endpoints may shift as project priorities change
over time, and new properties could be integrated as additional data become available or as new
challenges emerge. The framework is designed to accommodate changes to the blueprint during
simulation, if required.

The Figure 3.3 illustrates the values distribution of the various endpoints on the four datasets,
highlighting unacceptable, acceptable and optimal ranges based on the blueprints parameters.
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Figure 3.3: Distribution of endpoints assays values for FXa, MMP-8, PPARδ and Renin datasets.

3.2.2 Setup of a virtual scenario

After establishing the blueprint and prior to initiating the simulation, several parameters must be
specified to configure the virtual scenario accurately.

Starting date (t0) A simulation can begin when two conditions are met:

1. A minimum of 100 compounds are documented for the primary endpoint, ensuring sufficient
data for training the initial QSAR model.

2. At least one compound for the primary endpoint lies within the acceptable or optimal range.
This criterion ensures that the initial QSARmodel recognizeswhat constitutes a "good"molecule,
as QSAR models typically struggle to extrapolate predictions outside their training distribu-
tions.

Ending date (tf ) A simulation concludes on the same date as its corresponding real-world project,
facilitating a direct and temporally aligned comparison between actual and virtual scenarios.

Timestep (∆t) The timestep∆t corresponds to the typical duration of a DMTA cycle, defined as
the interval between successive project meetings dedicated to compound prioritization. During the
simulation, each iteration advances the scenario by one timestep. Typical values for∆t range from
1 to 3 months.
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Dataset t0 tf ∆t Batch size Model

FXa 2002-10-01 2007-09-19 1 month 0.5 Random Forest (std)
Renin 2006-12-01 2008-05-06 1 month 0.5 Random Forest (std)
PPARδ 2005-07-01 2008-10-29 1 month 0.5 Random Forest (std)
MMP-8 2002-03-01 2005-04-20 5 months 0.5 Random Forest (std)

Table 3.2: Simulation parameters for virtual scenarios on the FXa, Renin, PPARδ, and MMP-8
datasets. The starting date (t0), ending date (tf ), timestep duration (∆t), batch size, and the pre-
dictive model utilized for predictive modeling are specified for each dataset.

Batch size The batch size refers to the number of compounds selected at each iteration and can
be defined either as an absolute integer or as a fractional value. If an integer is specified, exactly
that number of compounds is selected at each iteration, provided there is a sufficient number of
candidates available in the virtual pool. Alternatively, if a fractional value is given, the number of
selected compounds at each iteration is proportional to the number of new compounds synthesized
and tested during the corresponding time interval (∆t) in the real project. In this fractional sce-
nario, the number of compounds selected is based on newly synthesized and tested molecules, but
the actual selection is conducted on the pool set that includes new molecules but also previously
unselected ones.

Predictive model QSAR or QSPR models are retrained at each iteration for endpoints meeting
the same two prerequisites required for the starting date: a minimum of 100 data points and at
least one compound within the acceptable or optimal range. Further details regarding the available
machine learning models and their respective uncertainty estimation methodologies are presented
in a subsequent section.

Acquisition function The acquisition function determines compound selection at each iteration
and represents the core parameter investigated within the simulations. Acquisition functions may
emphasize exploitation, exploration, or balance both. Comprehensive details on these strategies are
discussed in a later section. Table 3.2 summarizes the parameters used for the simulations presented
in this chapter.

3.2.3 Running a virtual scenario

Once the setup parameters are defined, the simulation can begin. All compounds (and associated
readouts) obtained before t0 are designated as "already selected", forming the initial training set.
Using this dataset, the first QSAR model is trained on the main endpoint. At any point in time, addi-
tional QSAR/QSPRmodels are trained on new endpoints if their training set meets the requirements
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Figure 3.4: Simulation snapshots illustrating the three key stages: (A) the initial configuration at
iteration 1, where the pool contains only newly introduced molecules; (B) an intermediate stage
midway through the run, with a mix of newly introduced and previously unselected molecules;
and (C) the final state at the end of the simulation, in which the pool consists solely of previously
unselected molecules.

defined in the previous section about data quantity and distribution of values. Figure 3.4 represents
three different stages of a simulation from start to finish.

The initial pool of molecules available for selection consists of those appearing between t0 and
t0 + ∆t (Figure 3.4A). Molecules that appear after t0 + ∆t are not considered part of the current
hypothesis space and are therefore unavailable for selection. From this pool, a batch of molecules
is selected based on the specified acquisition function, after which the simulation proceeds to the
next iteration.

For subsequent iterations, previously selected compounds are added to the training set and re-
moved from the pool. The training set is also updated with any newly experimental data that ap-
peared for its molecules. The pool is then updated to include compounds appearing between t and
t +∆t, as well as any remaining unselected compounds (Figure 3.4B), leaving apart the molecules
appearing after t+∆t. The updated pool set is evaluated using the acquisition function and a new
set of compounds is selected. The training set is then updated and the simulation continues to the
following iteration.

Upon reaching the final date, every molecule will have been made available for selection in at
least one iteration (Figure 3.4C). Note that a molecule can remain in the pool indefinitely if it is never
selected by the acquisition function.

For each simulation, the batch size is set to 0.5, meaning that at each iteration, the number
of selected compounds is equal to 50% of the compounds synthesized and tested during the corre-
sponding timestep (∆t) in the real project, but the selection itself is conducted from the entire pool of
available molecules, including previously unselected compounds. At the end of a simulation, only a
subset of the total compounds from the real-world project is selected. Table 3.3 summarizes various
information for each dataset: the total number of compounds, the number of simulation iterations,
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Dataset Dataset size Iterations Selected at t0 Selected at tf % dataset sampled

FXa 1015 60 154 588 58%
Renin 388 18 128 258 66%
PPARδ 498 40 131 318 64%
MMP-8 430 8 148 289 67%

Table 3.3: The table details, for each dataset, the total number of compounds in the original project,
the number of iterations of the simulations, the count of compounds included at simulation start (t0),
the cumulative number of compounds selected by simulation completion (tf ), and the proportion of
the entire dataset selected within the simulation.

the number of compounds present at the simulation’s start date (t0), the number selected at the end
date (tf ), and the proportion of the entire dataset sampled during a simulation.

3.2.4 Defining what is a good molecule

The effectiveness of a strategy should be assessed based on its ability to prioritize compounds with
favorable activity, selectivity, and ADMET properties. For this purpose, we employ the concept of a
desirability score [256], which assigns a unique value to each molecule by integrating its experimen-
tal data across documented endpoints. A high desirability score indicates that a compoundmeets the
blueprint’s criteria and vice versa. The computation of the desirability score is a multi-step process.

First, for each documented endpoint of a molecule, experimental assays values are normalized
between 0.05 and 1 to define a utility value, thanks to a utility function d inspired by Cummins
and Bell [257]. Utility functions, illustrated in Figure 3.5, are smooth sigmoidal functions related
to the trend of optimization and parametrized by the lowest threshold value (LTV) and the highest
threshold value (HTV), along with shift (δ) and steepness (η) parameters, which default to 0.05 and
10, respectively. When passed into a utility function, an experimental assay value x from endpoint i
is normalized according to whether it should be minimized (Eq. 3.1, Figure 3.5A), maximized (Eq. 3.2,
Figure 3.5B), or kept within a designated interval (Eq. 3.3, Figure 3.5C).

dlower−is−better
i (x) =

1− δ

1 + e
η

x−LTVi
HTVi−LTVi

+ δ (3.1)

dhigher−is−better
i (x) =

1− δ

1 + e
η

x−HTVi
LTVi−HTVi

+ δ (3.2)

dintervali (x) =

dlower−is−better
i (x), x < LTVi+HTVi

2

dhigher−is−better
i (x), x ≥ LTVi+HTVi

2

(3.3)
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Figure 3.5: Utility-function for the three optimization directions—(A) lower-is-better, (B) interval, and
(C) higher-is-better—all plotted with a lower threshold value of 4 and a higher threshold value of 7.
Molecules belong to the acceptable/optimal regions when the utility score is ≥ 0.525, the midpoint
of the sigmoidal curve.

Next, after computing the utility for each documented endpoint, the values are aggregated into
a final desirability score (Dscore) using a weighted geometric mean (Eq. 3.4), with weights ωi defined
in the blueprint. Previously setting the shift to 0.05 instead of 0 ensures that a poor property does
not reduce the final score to zero.

Dscore(x) =

(
n∏

i=1

di(x)
wi

) 1
Σn

i ωi

(3.4)

Now that we’ve assigned a score to each of the molecules, the most obvious option for defining
what a goodmolecule is is to choose thosewith the highest scores. Although tempting, this approach
needs to be questioned slightly. Indeed, as mentioned above, the desirability score is calculated by
taking into account the experimental values for the different endpoints available. If an endpoint is
not available for a molecule, it is not taken into account in the calculation of the desirability score.
Let’s imagine a project where 25 endpoints are optimized, and a molecule is documented on only
one of these endpoints. Assuming that this single value is within the optimal range of the endpoint
according to the blueprint, this would mean that the molecule has a desirability score of 1. However,
is it reasonable to say that this molecule is "good" whenwe have no idea of all its experimental values
on all the other endpoints?

To address this concern, we introduce the intuitive notion of documentation. The documenta-
tion of a molecule corresponds to the proportion the project’s endpoints that are documented for
this molecule. Taking the previous example with 25 endpoints, a molecule with all 25 endpoints
documented would have a documentation of 1, a molecule with 15 documented endpoints a docu-
mentation of 0.6 etc... Using the desirability score and the documentation, we define multiple top
categories of molecules that are summarized in Table 3.4. These categories can depend on fixed
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Top category Description

Fixed (t = 0.5) Molecules with desirability scores above 0.5 and documentation above
0.65.

Top Dscore (X%) Molecules within the top X% of desirability scores with X ∈
[10, 5, 3, 1, 0.5], and having documentation above 0.65.

Top Dscore (Xσ) Molecules exceeding the mean desirability score by at least X standard
deviation with X ∈ [1, 2, 3], and with documentation above 0.65.

Top DocDScore (X%) Molecules that are within the top X% of DocDScores with X ∈
[10, 5, 3, 1, 0.5].

Table 3.4: Summary of the different top categories of molecules with their respective definition,
based on desirability and documentation.

thresholds for both desirability and documentation (Fixed) or distribution-based threshold for de-
sirability and fixed for documentation (Top DScore). The documentation threshold for a molecule to
be "documented enough" is arbitrarily fixed to 0.65. However, a third class of top category, relies on
a hybrid score between the desirability score and documentation called DocDScore (Eq. 3.5). This
hydrid category can be less restrictive on compounds that have very high desirability but medium
documentation.

DocDscore(x) = Dscore(x)×Documentation(x) (3.5)

The different top categories are illustrated in Figure 3.6, using an undisclosed dataset comprising
12 endpoints.

Considering documentation is particularly valuable for datasets that include multiple endpoints
with uneven levels of documentation, as will be discussed in the subsequent chapter. However, in
this chapter, we focus exclusively on smaller datasets that are fully documented across all endpoints.

3.3 Acquisition functions

The retrospective analysis pipeline integrates a comprehensive set of acquisition functions, lever-
aging methodologies from active learning, multi-criteria decision analysis, and medicinal chemistry
practices. These acquisition functions can be systematically categorized according to several crite-
ria, as summarized in Table 3.5.

First, the acquisition functions are differentiated based on their reliance on predictive modeling
(QSAR/QSPR). Certain strategies, including Desirability, Desired Spread, and Uncertainty, explic-
itly utilize predicted molecular properties or prediction uncertainties to guide molecule selection.
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Figure 3.6: Plots illustrating desirability versus documentation for an undisclosed dataset with 12
endpoints. Panel A represents the Fixed category, panel B shows the Top Dscore (%) categories,
panel C displays the Top DocDScore categories, and panel D depicts the Top Dscore (σ) categories.
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Conversely, methods like Coverage and K-means rely solely on structural descriptors, thus circum-
venting the need for predictive models.

Second, these functions can be distinguished by their primary operational objectives: exploita-
tion or exploration. Exploitation-focused strategies prioritize the identification of promising molec-
ular candidates based on existing data, while exploration-focused approaches aim to systematically
sample compounds throughout the chemical space to uncover novel structural regions. Addition-
ally, there exist trade-off strategies that aim to balance exploitation and exploration objectives to
varying degrees.

Finally, the acquisition functions can be classified according to their selection methodology.
Independent strategies select compounds individually based solely on their inherent characteris-
tics, whereas batch strategies select compounds collectively, considering interdependencies between
candidates. Importantly, certain batch strategies can be effectively approximated through sequential
selection processes, facilitating computational efficiency [258].

3.3.1 Model-agnostic acquisition functions

Random The random acquisition function selects molecules from the pool set randomly, disre-
garding uncertainty, diversity or any predicted endpoints values. While typically viewed as a sim-
plistic or "dummy" strategy in active learning, random sampling offers practical advantages for ret-
rospective analyses. Because our pool consists exclusively of molecules previously synthesized and
tested in actual projects, and given that our simulated batch sizes are smaller than those employed
originally, random sampling repeatedly selects distinct subsets from the historical pool. Conse-
quently, when executed numerous times, this approach approximates the original selection process,
adjusted to align with the current simulation’s parameters. In our study, the Random strategy thus
serves as an essential baseline, approximating the real project selection at comparable batch size.

K-MeansClustering K-means clustering [144] promotes diversity by grouping compounds based
on their molecular feature representations. In our method, building on the findings from Chapter
2, the feature space combines Extended Connectivity Fingerprints (ECFP, 2048 bits, radius of 2,
incorporating chirality and count) and MACCS keys, computed via the scikit-fingerprints library
[264].

K-Medoids Clustering K-medoids clustering [145] similarly promotes diversity by clustering
compounds withinmolecular feature space but selects each cluster’s medoid rather than its centroid.
Although computationally more demanding than k-means, this method is more robust against out-
liers by using actual data points rather than mean positions, thus reducing sensitivity to noise and
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Acquisition function Objective Selection Model Reference Description

Coverage score Exploration Batch No [259] Select batch of compounds that has
the highest coverage score, based on
bayesian statistics and information
entropy.

Desirability Exploitation Independent Yes [257] Select compounds with the highest
predicted desirabilities.

Desirability with AD Exploitation Independent Yes [260] Select compounds with the high-
est predicted desirability within a
distance-based applicability domain.

Desired Coverage Trade-off Batch Yes This work Select compounds with the high-
est composite score combining de-
sirability score and coverage score.

Desired Spread Trade-off Batch Yes This work Select compounds with the high-
est composite score combining de-
sirability score and spread score.

Dissimilarity-to-known Exploration Independent No - Select most dissimilar compounds to
the ones previously selected.

Dissimilarity-to-known-good Exploration Independent No - Select most dissimilar compounds to
the good ones previously selected.

GRA Exploration Independent Yes Adapted from [261] Select compounds that are the clos-
est predicted values to an ideal so-
lution based on relational coeffi-
cients between alternatives. Modi-
fied from its original methodology
to use a utility function-based nor-
malization.

Greediverse Trade-off Batch Yes [177] Select compounds that optimize the
predicted desirability scores within
a batch, with a penalty if the
molecules from the batch are too
similar.

K-means Exploration Batch No [144] Select the compound that is the clos-
est to each cluster’s centroid.

K-medoids Exploration Batch No [145] Select the compound that is the
medoid for each cluster.

Random Exploration Independent No - Select random compounds. Proxy to
the real project selection at compa-
rable batch size.

Similarity-to-known Exploration Independent No - Select most similar compounds to
the ones previously selected.

Similarity-to-known-good Exploration Independent No - Select most similar compounds to
the good ones previously selected.

Spread Exploration Batch No [262] Select diverse compounds by itera-
tively selecting the ones that maxi-
mize the minimum distance to their
closest neighbor among previously
selected compounds.

TOPSIS Exploitation Independent Yes Adapted from [263] Select compounds that are the clos-
est predicted values to an ideal solu-
tion based on euclidean distance.

Uncertainty Exploration Independent Yes This work Select compounds that have the
highest predicted uncertainty score
aggregating uncertainty across the
different endpoints.

U/D Harmonic Trade-off Independent Yes This work Select compounds that have the
highest harmonic score, combining
predicted uncertainty and desirabil-
ity scores.

U/D Ratio Trade-off Independent Yes This work Select compounds that have the
highest ratio score, combining pre-
dicted uncertainty and desirability
scores.

Table 3.5: Summary of acquisition functions categorized by objective, selection type and reliance on
predictive modeling. – 103 –
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extreme values. The default distance metric is Euclidean, but other pairwise distance metrics may
also be applied.

Coverage Score The coverage score [259] is a subset-based selection technique leveraging Bayesian
statistics and information entropy to balance representativeness and diversity.

First, we define the compound sets involved in calculating the coverage score:

• Spool: Set from which compounds are selected.

• Sselected: Set of compounds selected in the current iteration, Sselected ⊆ Spool.

• Strain: Training set containing compounds selected in previous iterations.

• Sfull: Full set defined as Spool ∪ Strain.

• Ssampled: Sampled set defined as Sselected ∪ Strain.

Each compound is characterized by amolecular fingerprint (concatenation of ECFP4 andMACCS
keys) comprising k features. The coverage score for each fingerprint feature is determined based on
its frequency within the sampled and full sets. Bayesian statistics are applied to estimate the prob-
ability of a fingerprint feature fk occurring in the sampled set. This probability, smoothed using
Laplacian smoothing, is defined as:

Psmooth(sampled | fk) =
Ffk, sampled + α

Ffk, full +
α

P (sampled)
(3.6)

where α is an additive smoothing parameter set to one, and Ffk,full and Ffk,sampled denote the fre-
quencies of fingerprint feature fk in the full and sampled sets, respectively.

The term P (sampled) represents the probability of a compound belonging to the sampled set
and is calculated as:

P (sampled) =
|Ssampled|
|Sfull|

=
Nsampled
Nfull

(3.7)

where Nfull and Nsampled are the cardinalities of the full and sampled sets, respectively.

The base coverage score for a fingerprint feature, Cbase(fk), is defined as the negative log-
likelihood ratio:

Cbase(fk) = − ln

(
Psmooth(sampled | fk)

Psampled

)
(3.8)

To assess the informativeness of each feature within the sampled set, a Shannon entropy term
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H(fk | sampled) is incorporated:

H(fk | sampled) = −p1 ln (p1) + p2 ln p2
ln (2)

(3.9)

where p1 = P (fk | sampled) = Ffk,sampled
Nsampled

and p2 = 1−p1. The division by ln(2) normalizes entropy
to a [0, 1] scale, with entropy explicitly set to 0 when Ffk,sampled = Nsampled.

The final coverage score for each fingerprint feature, Cfinal(fk), is computed as:

Cfinal(xi) =


Cbase(fk)(2−H(fk | sampled)) if Cbase(fk) < 0

∩Ffk,sampled
Nsampled

> 1
2

Cbase(fk)H(fk | sampled) otherwise

(3.10)

The compound-level coverage score, Ccomp(x), is calculated as the sum of coverage scores of
the features present in the compound’s fingerprint:

Ccomp(x) =
∑
fk

Cfinal(fk) (3.11)

Finally, the overall coverage score of the selected set Sselected is obtained by summing the cov-
erage scores of its constituent compounds:

Cscore(Sselected) =
∑
x∈S

Ccomp(x) (3.12)

The set of molecules selected is the one achieving the highest coverage score. The original
paper utilizes the NSGA-II genetic algorithm [265] to identify this set. However, internal evalu-
ations demonstrated that a greedy optimization strategy consistently yields comparable or better
performance while offering superior computational efficiency and reproducibility. Consequently,
we employ a greedy optimization approach in our implementation.

Spread Spread sampling [262] is a sequential, greedy, space-filling approach designed tomaximize
diversity in the selected subset. At each iteration, the method selects the molecule that maximizes
the minimum distance from its nearest neighbors within both the training set and previously se-
lected molecules (noted Sscore). Distances are calculated using the Tanimoto similarity metric with
binary ECFP fingerprints (2048 bits, radius of 2). By emphasizing diversity, spread sampling ensures
a representative coverage of the molecular feature space.
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Similar-to-known The similar-to-known acquisition function prioritizes pool-set compounds
that are highly similar to molecules already included in the training set, determined via Tanimoto
similarity. Specifically, it selects batches exhibiting the highest average similarity to existing training
compounds. However, this method does not consider diversity within the selected batch.

Dissimilar-to-known Conversely, the dissimilar-to-known acquisition function emphasizes se-
lecting compounds least similar to the training set, again employing Tanimoto similarity. It selects
batches with the lowest average similarity to known compounds, also neglecting internal batch
diversity.

Similar-to-good-known The similar-to-good-known acquisition function specifically selects pool-
set compounds closely resembling "good" compounds in the training set, where "good" is defined by
an experimental desirability score greater than 0.5. Similarity is assessed using Tanimoto similarity.
If the training set lacks "good" compounds, this strategy defaults to the similar-to-known approach
previously described.

Dissimilar-to-good-known Similarly, the dissimilar-to-good-known acquisition function tar-
gets pool-set compounds least similar to the "good" compounds from the training set, with the same
desirability threshold (>0.5). Tanimoto similarity again measures similarity. If the training set does
not include any "good" compounds, the strategy defaults to the dissimilar-to-known approach de-
scribed earlier.

3.3.2 Predictive models

As previously discussed, several strategies within our framework rely on predictive modeling. The
toolkit integrates seven distinct machine learningmodels, each employing uniquemethodologies for
generating predictions and estimating their associated uncertainties. These models are summarized
in Table 3.6. All models utilize molecular fingerprints as inputs, specifically the concatenation of
ECFP fingerprints (2048 bits, radius of 2, incorporating chirality and counts) and MACCS keys by
default.

3.3.3 Model-dependent acquisition functions

Desirability The desirability acquisition function relies on the QSAR/QSPR models trained at
each iteration. Each molecule in the pool set receives predicted endpoint values, from which a pre-
dicted desirability score Dscore is computed. Normalization and aggregation of predicted values
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Predictive Model Description

Random Forest (std) Prediction: Mean prediction from all decision trees. Uncertainty:
Standard deviation across all decision trees.

Random Forest (bootstrap) Prediction: Mean prediction from multiple bootstrapped models.
Uncertainty: Standard deviation across these bootstrapped models.
By default, 50 bootstrapped models are used.

LightGBM (bootstrap) Prediction: Mean prediction from bootstrapped LightGBM models.
Uncertainty: Standard deviation across these bootstrapped models.
By default, 50 bootstrapped models are used.

LightGBM (quantile) Prediction: Median (50th percentile) predicted via quantile regres-
sion. Uncertainty: Range defined by the 2.5th and 97.5th percentile
predictions from quantile regression.

XGBoost (bootstrap) Prediction: Mean prediction from bootstrapped XGBoost models.
Uncertainty: Standard deviation across these bootstrapped models.
By default, 50 bootstrapped models are used.

XGBoost (quantile) Prediction: Median (50th percentile) predicted via quantile regres-
sion. Uncertainty: Range defined by the 2.5th and 97.5th percentile
predictions from quantile regression.

Gaussian Process Prediction: Posterior mean of the Gaussian Process model. Uncer-
tainty: Posterior standard deviation provided by the Gaussian Pro-
cess model.

Table 3.6: Overview of predictive models implemented in the framework, detailing their respective
approaches to prediction and uncertainty estimation.
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mirror the methodology applied to experimental desirability scoring (3.2.4), using the utility func-
tions and a weighted geometric mean. Molecules with the highest predicted desirability scores are
subsequently selected.

Desirability (with applicability domain) This variant extends the basic desirability approach
by introducing an applicability domain (AD) filter, defined by molecular similarity. Molecules are
considered within the AD if their maximum similarity to any training set molecule exceeds a spec-
ified threshold (default: 0.7). Prioritization occurs first among molecules within the AD based on
predicted desirability scores. If fewer molecules fall within the domain than required for batch selec-
tion, remaining slots are filled by out-of-domain molecules according to their predicted desirability
scores.

Uncertainty The uncertainty acquisition function is widely employed in active learning to select
samples with the highest predictive uncertainty. In multi-objective optimization, however, com-
bining uncertainties across several endpoints can be challenging. To address this, we compute an
uncertainty score Uscore in a manner analogous to the desirability score. First, predicted uncertain-
ties for all modeled endpoints i are obtained. These uncertainties are then normalized usingMinMax
scaling with a lower threshold of 0.05 (Eq. 3.13). Finally, the normalized uncertainties are combined
with a weighted geometric mean (Eq. 3.14) to yield a final uncertainty score for each compound.

ui(x) = max
( xi −min(Xi)

max(Xi)−min(Xi)
, 0.05

)
(3.13)

where xi is the predicted uncertainty on endpoint i for a compound x,Xi is the set of all predicted
uncertainties on endpoint i for all molecules.

Uscore(x) =
( n∏
i=1

ui(x)
wi

) 1∑n
i=1 ωi (3.14)

where n is the number of endpoints and ωi the weight associated to endpoint i.

U/D Harmonic The U/D Harmonic acquisition function combines the predicted desirability and
uncertainty scores into a harmonic score (Hscore) using the harmonic mean (Eq. 3.15). This ap-
proach balances exploitation and exploration by highlighting compounds that are both promising
and uncertain.

Hscore(x) =
2× Uscore(x)×Dscore(x)

Uscore(x) +Dscore(x)
(3.15)
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Figure 3.7: U/D Harmonic score distribution based on Uscore and Dscore.

where Uscore(x) andDscore(x) are respectively the predicted uncertainty and predicted desirability
scores of a molecule x.

U/D Ratio The U/D Ratio acquisition function combines predicted desirability and prediction un-
certainty scores into a ratio score (Rscore) using an adjusted ratio (Eq. 3.16). Since the desirability
lowest possible value is 0.05, the adjustment constant ϵ is typically set to 0.95 to have a maximum
Rscore value of 1. The ratio score balances exploitation and exploration by prioritizing uncertain
molecules that are more or less desirable, depending on the ϵ value. Higher values of epsilon will
promote highly desirable molecules.

Rscore(x) =
Uscore(x)

ϵ+Dscore(x)
(3.16)

where Uscore(x) andDscore(x) are respectively the predicted uncertainty and predicted desirability
scores of a molecule x.

Figure 3.8: U/D Ratio scores distribution based on Uscore and Dscore for ϵ = 0.95.
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DesiredCoverage The desired coverage acquisition proposes a trade-off between exploration and
exploitation by combining the predicted desirability score and the coverage score to create a desired
coverage score (DCscore). Using a greedy approach, it optimizes a composite score for a subset of
molecules that is its coverage score multiplied by its mean predicted desirability score (Eq. 3.17).
This approach favors batches with high desirability and high coverage.

DCscore(S) =
∑
x∈S

Ccomp(x)×
1

|S|
∑
x∈S

Dscore(x) = Cscore(S)×Dscore(S) (3.17)

where S is the set of selected compounds, Ccomp(x) andDscore(x) are respectively the compound-
level coverage score and desirability score of compound x ∈ S. Cscore(S) is the coverage score of
set S and Dscore(S) is the average predicted desirability score of compounds in S.

Desired Spread The desired spread acquisition function proposes a trade-off between exploration
and exploitation by combining the predicted desirability score and the spread strategy to create a
desired spread score (Eq. 3.18). It is inspired by the demerit spread design strategy developed by
Higgs et al. [266] using the desirability score as a scaling factor to the distance between the pool set
and its nearest neighbors from the train set or previously selected compounds.

DSscore(x) = Dscore(x)× Sscore(x) (3.18)

whereDscore(x) and Sscore(x) are respectively the desirability score and spread score of compound
x.

Greediverse The greediverse acquisition function is based on the work of Langevin et al. [177].
It optimizes the desirability scores within a batch, while yielding a penalty if the similarity of two
molecules from the batch is above a defined threshold. The function is optimized using a greedy
iterative approach as mentioned in the original paper.

TOPSIS The Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) [267] is
a widely used method in multiple-criteria decision analysis (MCDA). It ranks alternatives across
multiple, often conflicting criteria by identifying solutions that are closest to an ideal option while
remaining farthest from the least desirable one.

In its standard formulation, TOPSIS assumes that all criteria either increase or decrease mono-
tonically, which justifies the common use of L2 normalization. However, in drug discovery, certain
endpoints require maximization, others minimization, and some must fall within a specific range.
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This variability renders L2 normalization inappropriate. To address this limitation, we propose a
modified TOPSIS approach that replaces L2 normalization with the utility functions previously de-
scribed. These functions rescale endpoint values to a range between 0.05 and 1, ensuring a more
suitable representation of diverse optimization objectives.

The first step involves normalizing the predicted values fore each endpoint i across all molecules
j within the pool set using utility functions described in Equations 3.1, 3.2 and 3.3. A normalized
decision matrix mj,i is constructed with these normalized values.

This matrix is then transformed into a weighted version, denoted asm∗
j,i:

m∗
j,i = mj,i ×

ωi∑n
i=1 ωi

(3.19)

where ωi is the weight associated with endpoint i and n is the total number of endpoints.

Next, the positive ideal solution pideali and negative ideal solution nideal
i are determined for each

endpoint by identifying the maximum and minium values in the weighted matrix, respectively: :

pideali = max
j

(
m∗

j,i

)
, nideal

i = min
j

(
m∗

j,i

)
(3.20)

The Euclidean distance of each molecule to these ideal solutions are then computed as follows:

dist+j =

√√√√ n∑
i=1

(
m∗

j,i − pideali

)2
dist−j =

√√√√ n∑
i=1

(
m∗

j,i − nideal
i

)2
(3.21)

where n is the number of endpoints.

Finally, the relative closeness of a molecule j to the ideal solution is calculcated:

cj =
dist−j

dist+j + dist−j
(3.22)

For selection, compounds having the highest relative closeness are prioritized.

GRA Grey Relational Analysis (GRA) [261] is a prominentMulti-Criteria DecisionAnalysis (MCDA)
method developed within the framework of Grey System Theory. It is particularly effective in han-
dling uncertain, incomplete, or imprecise information, hence the term "grey". Unlike conventional
methods that rely on fully defined datasets, GRA can accommodate varying data quality, making it
especially useful in real-world decision-making scenarios. Similar to the TOPSIS algorithm, GRA
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evaluates alternatives based on their similarity to an ideal solution.

Originally, GRA employs Min-Max normalization for attributes that should be maximized and
Max-Min normalization for those that should be minimized. However, like TOPSIS, it does not
inherently account for criteria that should be maintained within a specific range. To address this
limitation, we define a normalized decisionmatrixmj,i similarly to the TOPSIS method, using utility
functions.

Next, the deviation sequence∆j,i is computed:

∆j,i = 1−mj,i (3.23)

Then, the grey relational coefficient φj,i is calculated for each data point using an ϵ parameter,
typically set to 0.5:

φj,i =
ϵ

∆j,i + ϵ
(3.24)

where ∆j,i is the deviation sequence of molecule j on endpoint i.

Finally, the grey relational coefficients for different endpoints are aggregated into a grey rela-
tional grade using a weighted arithmetic mean:

GRGj =
1

n

n∑
i=1

φj,i · ωi (3.25)

where n is the number of endpoints, ωi the weight associated to endpoint i and φj,i the grey rela-
tional coefficient for molecule j on endpoint i.

Compounds with the highest grey relational grades are prioritized for selection.

3.3.4 Oracle acquisition function

The oracle acquisition function operates as an omniscient strategy, having access to the complete
set of experimental data at each stage of the selection process. Consequently, it identifies and selects
the compounds with the highest experimental desirability scores from the pool set at every iteration.
This strategy leads to optimal exploitation to which other strategies can be compared.

3.4 Retrospective analysis tools

To evaluate the performance of different acquisition functions, we need to consider how well they
balance exploitation and exploration of the chemical space within a given project. For this purpose,
we developed several qualitative and quantitative analytical tools, described in detail in the following
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subsections. These tools are integrated into a user-friendly application to facilitate their practical
use.

3.4.1 Visualizing simulations

Visualizing the chemical space through iterative cycles enables qualitative assessment of various
acquisition strategies. Techniques such as PCA [147], t-SNE [148], UMAP [149], and TMAP [150],
introduced in the first chapter, are commonly employed for such purposes. In this work, we chose
TMAP due to its ability to effectively preserve both global and local structural similarity through its
tree-like graphical representation.

Extending the capabilities of TMAP, we developed Kernel Density Estimate TMAP (KDE TMAP).
This approach applies a Gaussian kernel to two-dimensional embeddings, converting the discrete
chemical space into a continuous density representation. This transformation accentuates areas
with varying molecular densities, thus enhancing interpretability.

Given a set of data points x1, x2, . . . , xn, the kernel density estimate at a point x is defined as:

kde(x) =
1

nh

n∑
i=1

K

(
x− xi

h

)
(3.26)

where n is the number of data points, h is the bandwidth (smoothing parameter), and K(·) is typ-
ically a smooth, symmetric kernel function. For this work, we set the bandwidth to 0.1 to achieve
a fine-grained density estimation that closely aligns with the underlying structure of the 2D graph,
utilizing the Gaussian kernel defined by:

K(u) =
1√
2π

exp
(
−u2

2

)
. (3.27)

To illustrate how virtual simulations populate the chemical space, we first compute the TMAP
for all molecules in the project (Figure 3.9A), subsequently transforming it into a KDE TMAP (Fig-
ure 3.9B). The resulting KDE TMAP envelope (Figure 3.9C) serves as a reference map of the chemical
space, progressively populated throughout simulation iterations.

Figure 3.10 demonstrates how different molecule sets are projected onto the KDE TMAP enve-
lope across simulation iterations. This visualization provides intuitive insights into how effectively
each acquisition function manages the exploration of novel chemical regions and exploitation of ar-
eas with high-value compounds. At the end of the simulation, the visualization depicts the chemical
space sampled by the strategy. Regions populated by the final training set illustrate areas explored
by the strategy, whereas regions containing only pool set molecules represent chemical spaces that
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Figure 3.9: Visualization of the FXa chemical space using three complementary TMAP representa-
tions: (A) discrete TMAP embedding, (B) embedding colored according to kernel-density estimation
(KDE) of point density, and (C) resulting density envelope defining the occupied chemical space.

remain unvisited. The distribution of markers additionally highlights the acquisition function’s abil-
ity to select the best molecules.

3.4.2 Measuring exploitation

While visual assessments of how acquisition functions navigate chemical space offer valuable in-
sights, systematically comparingmultiple strategies at scale needs quantitativemeasures. To address
this need, we introduce the Proportion of TopMolecules Retrieved (PTMR), a straightforwardmetric
designed to quantify the effectiveness of a strategy in retrieving molecules belonging to a specified
top-tier category.

Formally, let S denote the set of molecules selected up to a given iteration, and T represent the
set of molecules classified within a defined top-tier category. The PTMR metric is then calculated
as follows:

PTMR(S, T ) = |T ∩ S|
|T |

(3.28)

This metric, inherently monotonic with regards to the number of iterations, can be evaluated
iteratively throughout simulations to quantify how effectively an acquisition function retrieves
high-value molecules. A PTMR value of 1 signifies that the strategy has successfully identified
all molecules from the defined top-tier category, whereas a PTMR value of 0 indicates that no top
molecules have been retrieved.
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Figure 3.10: Visualization of the FXa chemical space using KDE TMAP across iterations in a rep-
resentative simulation with the Random acquisition function. Snapshots are displayed at multiple
iterations, from initial (iteration 1) to final (iteration 60). Compounds selected in the current itera-
tion are depicted in purple, with crosses representing top-tier compounds (Top DScore 5%) and dots
representing all others. Green crosses indicate previously selected top-tier compounds, while red
crosses mark top-tier compounds not selected ("missed"). Over iterations, selected molecules form
the training set (blue), whereas unselected molecules constitute the pool set (yellow).
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Figure 3.11: Illustration of the internal diversity metric. Left: Tanimoto similarity of each pair of
molecules, represented as dots. Right: expression of the Internal Diversity of the set.

3.4.3 Measuring exploration

Similarly to exploitation, quantifying exploration is crucial for comparing a large number of strate-
gies. Many explorationmetrics related to coverage, diversity, or novelty of a molecular set have been
proposed in the literature. Our analysis framework integrates several of them, which are detailed
in the following sections.

3.4.3.1 Internal Diversity

Internal Diversity is a widely adopted metric commonly employed in chemical library design and
for evaluating the chemical diversity of outputs from AI-driven molecular generative models [268,
269, 270]. Defined as the average Tanimoto distance among all pairs of compounds within a set S,
it is illustrated on Figure 3.11 and formally expressed as follows:

InternalDiversity(S) = 2

n(n− 1)

∑
i,j∈S i ̸=j

δi,j (3.29)

where n is the number of compounds within set S and δi,j the Tanimoto similarity between two
molecules i ∈ S and j ∈ S.

3.4.3.2 Neighborhood Coverage

Internal Diversity is a reference-free method for analyzing the chemical diversity within a single set
S. It is also useful to use coverage metrics for quantifying the extent to which a set S covers the
chemical space defined by a reference set R. In our simulations, R represent the full dataset, with
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Figure 3.12: Illustration of the Neighborhood Coverage metric for an undefined threshold τ . All
molecules are part of the reference set R. The metric is computed based on the neighborhood
(dashed circles) of molecules from S (orange). Molecules that lie within the specified Tanimoto-
distance threshold τ from molecules in S are counted and divided by the number of molecules inR.

S being the subset selected during at a given iteration of a simulation.

We define the Neighborhood Coverage (NC), a distance-based metric measuring the fraction of
molecules in R that have at least one neighbor in S within a specified Tanimoto-distance threshold
τ , as illustrated in Figure 3.12. This metric uses an indicator function I defined as:

I(i, τ) =

1, if minj∈S δj,i ≤ τ

0, otherwise
(3.30)

Neighborhood Coverage is then computed as:

NC(S,R, τ) =
1

|R|
∑
i∈R

I(i, τ) (3.31)

This metric effectively captures chemical space coverage but requires careful distance threshold
selection, typically around 0.3 (corresponding to a similarity of 0.7) using the ECFP4 binary finger-
print with 2048 bits. However, selecting the threshold remains subjective and depends on the choice
of fingerprint and the expert’s judgment [271].

3.4.3.3 Neighborhood Coverage AUC

A limitation of the Neighborhood Coverage metric is its sensitivity to the choice of the distance
threshold, τ . To overcome this dependency, we use the Neighborhood Coverage Area Under the
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Curve (NCAUC). This metric integrates the Neighborhood Coverage values across the entire range
of possible thresholds (typically 0 to 1). By calculating the area under the curve generated by plotting
NeighborhoodCoverage against τ , NCAUCprovides a single, more robustmeasure of coverage. This
eliminates the need to select a specific threshold, offering a convenient, parameter-free evaluation
to the price of a lower dynamic range.

NCAUC(S,R, τ) =

∫ 1

0

[
1

|R|
∑
i∈R

I(i, τ)

]
dτ (3.32)

In our implementation, the Neighborhood Coverage is computed at discrete thresholds (e.g.,
τ = 0, 0.05, 0.10, . . . , 1.0), followed by numerical integration to estimate the area under the curve.

3.4.3.4 Other metrics

Although the four previously described metrics are the main ones that we consider in this chapter,
other have been integrated to the framework. Table 3.7 summarizes all the exploration metrics
available in the framework, specifying whether they are monotonic or not and whether they depend
on a reference set or not.

3.5 Practical demonstration on the FXa dataset

We illustrate the retrospective analysis pipeline, from the simulation of virtual scenarios to the
evaluation of outcomes, using the FXa dataset. This dataset was selected because it is the largest
among the four, both in terms of the number of molecules and the number of endpoints. Similar
figures for the other datasets can be found in Appendix B.

3.5.1 Simulations

3.5.1.1 Desirable molecules of the FXa dataset

To evaluate the exploitative capabilities of the different selection strategies, we categorizedmolecules
according to their experimental desirability scores. These scores were calculated for all compounds
in the FXa dataset, and several top-tier categories were defined, as previously described. The number
of compounds in these categories is illustrated in Figure 3.13. In subsequent analyses, we primarily
focus on the "Top DScore 5%" category for statistical robustness, while additionally examining the
"TopDScore 3%" and "TopDScore 1%" category to specifically highlight the highest-performing com-
pounds. Since all molecules have complete documentation across all endpoints, the "Top DScore"
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Exploration metric Monotonic Reference-based Description

Internal Diversity No No Average pairwise Tanimoto distance among all
molecules in a set.

Neighborhood Coverage Yes Yes Measures the extent to which a subset covers the
chemical space of a larger reference set. It calcu-
lates the fraction of molecules in the reference set
that have at least one nearby neighbor in the sub-
set, based on a distance threshold.

Neighborhood Coverage AUC Yes Yes Integrates Neighborhood Coverage across all
possible distance thresholds to produce a ro-
bust, threshold-independent measure of chemical
space coverage, mitigating sensitivity to a single
arbitrary threshold choice.

Bemis-Murcko Coverage Yes Yes Proportion of unique Bemis-Murcko scaffolds
present in a reference set that are also represented
within a subset. It explicitly highlights structural
diversity and scaffold representativeness.

#Circles Yes No Maximum number of mutually exclusive clusters
(circles) of molecules within a specified diame-
ter in a chemical set, providing a clustering-based
measure of diversity.

Functional Group Coverage Yes Yes Proportion of unique functional groups present
in a reference set that are also represented within
a subset. It emphasizes chemical diversity based
on specific molecular substructures or functional
moieties, reflecting chemically relevant structural
diversity.

Ring Systems Coverage Yes Yes Proportion of unique ring systems present in a
reference set that are also represented within a
subset. It specifically captures diversity in cyclic
structural frameworks, highlighting coverage of
chemically significant ring motifs.

Diameter Yes No Maximum pairwise distance (e.g., Tanimoto dis-
tance) between any two molecules within a set.

Bottleneck Yes No Minimum pairwise distance (e.g., Tanimoto dis-
tance) between any two molecules within a set.

Table 3.7: Summary of exploration metrics available in the framework, including monotonicity,
dependency on a reference set, and a brief description of each metric.
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Figure 3.13: Number of molecules falling into each top-tier category for the FXa dataset out of the
1015 molecules. Categories are color-coded: brown indicates a fixed desirability threshold; orange
indicates percentile-based thresholds; and green indicates standard deviation-based thresholds.

and "Top DocDScore" categories are identical.

3.5.1.2 Simulation setup

The FXa simulation begins on October 1, 2002, following the previously outlined criteria. At the
start of the simulation, 154 compounds had already been evaluated for FXa potency. The simulation
continues until September 19, 2007, matching the timeline of the actual project (Table 3.2). During
this period, approximately 14 compounds were synthesized and tested each month. The simulation
uses a timestep of one month and a batch-size factor of 0.5. At each iteration, the acquisition func-
tion selects from the pool set a number of new molecules equal to half of those synthesized in the
actual project during the corresponding timestep (Figure 3.14A). Overall, a simulation consists of 60
iterations, during which 58% of the molecules from the original project are selected (15% initially
plus an additional 43% via the acquisition function; Figure 3.14B).

3.5.1.3 Acquisition functions

Although a broader set of acquisition functions is available (see Table 3.5), our analysis focuses on
ten representative strategies selected to cover a spectrum of exploratory and exploitative behaviors.
Specifically, we include the Random and Oracle strategies as baseline references for comparative
evaluation. The exploitative strategies considered are Desirability, Desirability with applicability
domain, and Similar-to-good-known. Conversely, Uncertainty and Coverage exemplify purely ex-
plorative approaches. Lastly, U/D Harmonic, Greediverse, and Desired Spread represent trade-off
strategies that balance exploration and exploitation.
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Figure 3.14: Comparison of compound selection between the real project and the simulated scenario
for the FXa dataset: (A) the number of compounds selected per iteration, and (B) the cumulative
number of selected compounds.

3.5.2 Understanding the chemical space with TMAPs

Figure 3.15A depicts the chemical space at simulations’ start (t0), illustrating that the regions initially
covered are small compared to the full chemical landscape. While a few compounds from the Top
DScore 5% category are located in these areas, most of them lie in regions that are unexplored at the
start of the simulation.

Figure 3.15B showse the projection of the main chemical series on the KDE TMAP, revealing
distinct yet partially overlapping domains. Figure 3.15C displays the structure of some of the best
compounds and their location in the tree-graph layout, revealing patterns of structural similarity and
diversity among them, and providing insight into how features transition across the chemical space
within a series or between two similar series. For instance, the close spatial proximity between the
Azole and Indole series is explained by their high scaffold similarity, a relationshipmirrored between
the Aminoquinoline and Ketopiperazine series.

3.5.3 Visualizing simulated scenarios

Prior to quantitatively assess the different acquisition functions, we conducted a qualitative visual
inspection of the subset of the chemical space of the FXa project (Figure 3.16 124) selected by each
of them at the end of the simulation.
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Figure 3.15: Overview of the chemical space at the start of a simulation (A), distributions of major
chemical series (B) and examples of chemical structures of compounds belonging to Top DScore 5%
from various chemical series (C). Color code of boxes for C are the same as the color code of B.
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Strategies explicitly designed for exploration, such as Coverage (Figure 3.16B) and Uncertainty
(Figure 3.16C), broadly sample compounds across the chemical space, leaving very few regions un-
explored. However, these strategies often exhibit weaker exploitative capabilities, recovering only
a limited subset of top-tier molecules.

Conversely, strategies emphasizing exploitation present an opposite pattern. For instance, the
Desirability strategy (Figure 3.16E), aimed at selecting compounds with the highest predicted de-
sirability scores, recovers most of the top molecules but neglects portions of the chemical space.
Imposing an applicability domain constraint (Figure 3.16F) further restricts exploration, missing top
compounds in the Aminoquinoline, Ketopiperazine, and Taurine series. Similarly, the Similarity-to-
known-good strategy (Figure 3.16D) displays excellent exploitation within Azole and Indole series,
capturing almost all top-tier molecules within these clusters but neglecting broader exploratory
coverage beyond these areas.

Acquisition functions incorporating a built-in balance between exploration and exploitation per-
form as expected. The Greediverse strategy (Figure 3.16G) moderately enhances exploration, espe-
cially within the Beta Aminoacid and Benzamidine series. Additionally, the Desired Spread strategy
(Figure 3.16H) successfully retains the strong exploitative performance of Desirabilitywhile substan-
tially improving exploratory coverage, approaching the breadth seen in purely exploration-focused
strategies.

3.5.4 Exploration

We quantified the acquisition functions’ exploration capabilities through three complementary met-
rics: Neighborhood Coverage and its area-under-the-curve (AUC) variant, both monotonic and
reference-dependent, and Internal Diversity, which is non-monotonic and reference-independent.

Figure 3.17 shows the progression of thesemetrics over iterations, yielding coherent comparative
insights. Initially, most acquisition functions exhibit similar behaviors, but the Desirability strategy
(particularly with applicability domain constraints) and Similarity-to-known-good lag behind early,
consistently underperforming throughout the simulation. Strategies designed explicitly for explo-
ration, such as Coverage, consistently achieve high metric scores. Notably, the trade-off Desired
Spread strategy surpasses purely exploratory strategies, indicating that integrating exploitation and
exploration thoughtfully can enhance overall exploration effectiveness. Neighborhood Coverage
and its AUC variant provide nuanced insights into each strategy’s progression. The non-monotonic
behavior of Internal Diversity additionally highlights specific periods of chemical space concentra-
tion (decreases) or expansion (increases).
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Figure 3.16: TMAP visualizations illustrating the final chemical space after 60 iterations for nine ac-
quisition functions on the FXa dataset. Blue regions indicate sampled subspaces (selectedmolecules),
while yellow denotes unselected compounds. Crosses highlight compounds within the Top DScore
5%, where green marks successful retrieval and red indicates missed compounds.
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Figure 3.17: Evolution of exploration metrics over iterations for selected acquisition functions ap-
plied to the FXa dataset: (A) Neighborhood Coverage (with threshold ), (B) Neighborhood Coverage
AUC, and (C) Internal Diversity. The shaded area around the Random acquisition function curve
represents the standard deviation across 100 replicates.

3.5.5 Exploitation

While exploration remains integral to drug discovery, the lead optimization phase primarily aims to
efficiently exploit chemical space to identify themost promising candidates. To evaluate exploitation
performance, we utilized the Percentage of TopMolecules Retrieved (PTMR)metric, focusing specif-
ically on molecules within the Top DScores 5%, 3% and 1% categories. These categories correspond
to 51, 31, and 11 compounds, respectively, out of the total dataset of 1015 molecules. Each selection
strategy’s effectiveness was assessed by its capability to recover these top-ranked compounds while
sampling only a subset of the complete dataset. For comparison, we included two baseline scenar-
ios: the Random strategy, approximating actual project performance at a similar batch size, and the
Oracle strategy, representing an optimal exploitative outcome.

Figure 3.18 illustrates the exploitation performance of the acquisition functions considered,
tracking their PTMR across the simulation. For all defined categories of top-ranked molecules, ex-
ploratory strategies such as Coverage and Uncertainty showed performance similar to the Random
baseline, recovering approximately 60% of the top compounds. In contrast, explicitly exploitative
strategies, namely Desirability and Greediverse, significantly surpassed the Random baseline by
retrieving between 80% and 100% of the top molecules, depending on the category considered.

Desirability (withAD) and Similarity-to-known-good strategies demonstrated performance equiv-
alent to the Random baseline. On the other hand, trade-off strategies, including U/D Harmonic and
particularly Desired Spread, delivered some of the best results, surpassing purely exploitative ap-
proaches.
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Figure 3.18: Exploitation performance of various acquisition functions on the FXa dataset moni-
toring the good molecules within Top DScore 5% (A), Top DScore 3% (B) and Top DScore 1% (B)
categories. For the Random acquisition function, the envelope around the curve is the standard de-
viation across the 100 replicates.

A noteworthy observation is that the narrower the top-ranking category, the more closely the
best performing strategies approached the Oracle baseline, achieving higher final PTMR scores.
Importantly, these high exploitation performances were accomplished despite selecting only 58% of
the total available molecules.

3.5.6 The exploitation/exploration trade-off

Efficient lead optimization demands a careful balance between exploitation and exploration of the
chemical space. In previous sections, we introduced metrics specifically designed to quantitatively
assess and compare strategies with respect to these two objectives. To visualize and compare the
exploitation-exploration trade-off performed by the different strategies, we plot thesemetrics against
each other.

In Figure 3.19, each of the three previously described exploration metrics (Neighborhood Cover-
age, Neighborhood Coverage AUC, and Internal Diversity) is plotted against the PTMR exploitation
metric across three distinct top-tier categories (Top DScore 5%, 3%, and 1%). These visualizations
summarize how strategies balance exploitation with exploration during the simulations. Notably,
strategies excelling in exploitation generally exhibit exploration comparable to the Random base-
line, with the exception of the Desired Spread strategy, which achieves markedly superior explo-
ration. These quantitative findings confirm the qualitative observations from the TMAP visualiza-
tions shown in Figure 3.16.

To facilitate comparisons among a broader set of strategies, we display on Figure 3.20 the exploitation-
exploration performance at the end of the simulations. The Random baseline provides a critical
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Figure 3.19: Exploitation-exploration trajectories considering PTMR within Top DScore 5%, 3%, and
1% (columns 1, 2, and 3, respectively), plotted against exploration metrics: Neighborhood Coverage
(τ = 0.3), Neighborhood Coverage AUC, and Internal Diversity (rows A, B, and C, respectively).
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reference point, delineating three distinct performance regions:

• Strategies exhibiting performance that is inferior to Random in both exploitation and explo-
ration.

• Strategies achieving superior exploitation but inferior exploration than Random

• Strategies better than Random in both exploitation and exploration.

Identifying strategies that fall into this last category is a primary objective of our analysis. These
strategies effectively optimize exploitation and exploration, maximizing both outcomes while sam-
pling a fraction of the whole dataset.

3.5.7 Impact of the predictive model

Some acquisition strategies rely on predictive modeling for their selection process. So far, was used
the default predictive model set in our framework, a Random Forest regressor with uncertainty esti-
mation derived from the standard deviation across its trees. To assess the influence of the predictive
model on the performance of the selection strategies, we performed simulations using different pre-
dictive models that are available in the framework.

Figure 3.21 (page 130) illustrates the final exploitation-exploration trade-offs achieved by these
strategies using different predictive models. In this figure, marker colors correspond to different
selection strategies, whilemarker shapes denote the predictivemodels employed during simulations.
Additionally, the Random and Oracle baselines are included for reference.

The plots reveal that strategies consistently occupy similar regions of the exploitation-exploration
space regardless of the predictive model chosen. Although minor variability is observed within in-
dividual strategies, no specific predictive model significantly outperforms the others.

3.6 Conclusion

3.6.1 A realistic retrospective analysis framework

The work presented in this chapter aims to advance methods that enhance the efficiency of the real-
world drug discovery process, especially during the lead optimization phase. We have developed
a comprehensive toolkit incorporating a diverse set of selection strategies inspired by active learn-
ing, multiple-criteria decision analysis, and standard practices of medicinal chemists. Alongside
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Figure 3.20: Final-state exploitation-exploration performance at iteration 60, considering PTMR
within Top DScore 5%, 3%, and 1% (columns 1, 2, and 3, respectively) plotted against exploration
metrics: Neighborhood Coverage (τ = 0.3), Neighborhood Coverage AUC, and Internal Diversity
(rows A, B, and C, respectively).
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Figure 3.21: Impact of the predictive model: final-state exploitation-exploration performance, con-
sidering PTMR within Top DScore 5%, 3%, and 1% (rows A, B, and C, respectively) plotted against
exploration metrics: Neighborhood Coverage (τ = 0.3), Neighborhood Coverage AUC, and Internal
Diversity (columns 1, 2, and 3, respectively). The color of a marker represent the strategy and its
shape represent the type of predictive model. Random and Oracle baseline are also displayed.
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this toolkit, we have established a methodology for benchmarking these strategies through retro-
spective simulations using legacy lead optimization datasets. Unlike previous studies [236, 246, 41],
our approach explicitly incorporates real experimental data, accounting for temporal dynamics and
simultaneously optimizing multiple endpoints, thus providing a more realistic assessment.

The virtual simulations developed in this work offer realistic yet cost-effective platforms to sys-
tematically evaluate different strategies without requiring laboratory experimentation. To facilitate
the analysis of these simulations, we introduced a combination of qualitative and quantitative ana-
lytical tools designed to reveal how various strategies manage the exploitation-exploration trade-off
within chemical space. Understanding this balance is crucial for identifying strategies that can be
relevant to use in practice. Consequently, our framework acts as a proof-of-concept to highlight
strategies with strong potential for adoption in real-world drug discovery projects. For instance, in
the FXa dataset, strategies such as theDesired Spread demonstrated superior performance, achieving
greater exploitation efficiency compared to the greedy Desirability strategy, while also surpassing
the Random baseline in terms of exploration.

3.6.2 Methodological limitations

We recognize several methodological limitations inherent in our approach, mainly arising from the
complexities of simulating realistic lead optimization scenarios.

First, retrospective simulations assume that all historically available compounds at any given
time point t can be selected immediately. This simplification disregards sequential dependencies
present in real-world scenarios, where synthesizing and testing molecule "A" may inspire the subse-
quent design of molecule "B," which then again could inspire the design of molecule "C". Retrospec-
tive simulations might select molecule "A" and then directly molecule "C," bypassing molecule "B".
This behavior can inflate exploitation metrics by enabling the selection of good compounds without
having to select the ones that logically led to them. Consequently, strategies focusing mainly on ex-
ploitation such as Desirability may demonstrate reduced effectiveness in practice. However, hybrid
strategies incorporating broader exploration of chemical space might partially mitigate this bias.

Second, the retrospective approach only relies on molecules that were designed and synthesized
during projects, as it is a requirement to access their experimental data. Hence, it does not account
for compounds that were designed by the chemists during the project but not selected, therefore
limiting the pool of hypothesis compared to what the chemists faced during the real project.

Lastly, the datasets used in this chapter represent only a fraction of the original lead optimization
projects they are taken from, limited in terms of compounds andmeasured endpointswith amodified
blueprint. Therefore, caution is necessary when interpreting results derived from using the Random
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strategy as a baseline to approximate the historical performance of project teams since the original
optimization was made on more molecules considering more endpoints.

3.6.3 The need for more realistic datasets

In the context of this work, we provided datasets for the academic community. Although themolecu-
lar structures and potency endpoints included were previously available publicly, we have published
additional data, notably supplementary endpoints and, critically, the introduction of timestamps for
each compound. These timestamps document the chronological progression of projects, addressing
the significant yet often overlooked temporal aspect inherent in drug discovery. As emphasized
in Chapter 2, temporality profoundly affects predictive modeling due to the chemical shifts occur-
ring over time in real-world projects. To our knowledge, this represents the first publicly available
industry-derived dataset explicitly capturing the temporal dynamics of lead optimization. We hope
that these contributions will benefit the broader research community.

Nevertheless, these datasets remain partial and do not represent complete drug discovery projects.
Given that the primary objective of this chapter was to introduce the toolkit and methodology, this
limitation does not undermine our immediate goals but does restrict the breadth of conclusions de-
rived from simulations on these datasets. The subsequent chapter addresses this by utilizing com-
plete datasets from legacy projects, encompassing thousands of molecules optimized on dozens of
endpoints.
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Insights from retrospective analysis of
legacy projects

In the previous chapter, the aim was to introduce the prioritization toolkit along with the analytical
tools available to interpret the behavior of simulated scenarios. To achieve this, we used a partial
dataset derived from a project targeting FXa, which had the benefit of including publicly available
molecular structures. However, this dataset was limited both in terms of the number of compounds
(as it did not encompass all molecules from the project) and in the scope of its blueprint, covering
only three endpoints.

In this chapter, we present preliminary results from simulations conducted on twelve com-
prehensive industrial datasets. These datasets fully encompass all molecules from their respective
projects and feature complete blueprints. They vary considerably in size, containing between ap-
proximately 1400 and 5500 compounds, and are documented across 10 to 35 endpoints. Our objective
here is to highlight initial insights derived from these real datasets, laying the groundwork for fur-
ther analyses planned on additional datasets.

4.1 Real industrial datasets

For intellectual property reasons, the names of datasets, endpoints and chemical series are anonymized,
and no molecular structure can be shown. The datasets will be named "dataset X", with X being an
integer between 1 and 12.
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4.1.1 Exploratory data analysis

4.1.1.1 Uniqueness of each project

Each lead optimization project is inherently unique due to variations in scientific context, team com-
position, and resource allocation. Each target protein poses distinct challenges, demanding specific
strategies and the optimal balance between potency, pharmacokinetics, and toxicity differs. Further-
more, the uniqueness of each project is accentuated by the distinct composition and dynamics of
its interdisciplinary team, characterized by diverse expertise (and biases) or communication styles.
Finally, management priorities directly influence the resources allocated to each project, highly im-
pacting the synthesis efforts or timeline of a project.

The 12 datasets originate from projects conducted since the early 2010s. Figure 4.1 illustrates
the temporal dynamics of these projects by showing the distribution of new molecules appearing
over time. Project timelines vary significantly: some, such as dataset 1, began slowly from mid-2008
to early 2011 before experiencing a marked increase in activity. Others, including datasets 3, 9, and
12, started intensively and exhibited a gradual decline in the appearance of new compounds. Cer-
tain datasets, notably dataset 5 and dataset 6, display irregular patterns with clearly distinguishable
phases separated by extended pauses, reflecting projects that were halted and subsequently restarted
based on renewed scientific or strategic interest. Furthermore, a commonly observed phenomenon
across these projects is the occurrence of distinct peaks, indicating periods when a substantial num-
ber of new molecules are synthesized. Such peaks often result from initiating large-scale screen-
ing campaigns, though they may also emerge from mergers or the integration of external datasets.
A typical example occurs when a major pharmaceutical company acquires another entity, subse-
quently merging its existing projects and leading to a sudden influx of data.

In addition to their differing temporal dynamics, the datasets also exhibit substantial variation
in size. Table 4.1 summarizes the number of unique compounds across the 12 projects, which range
from 1432 compounds in dataset 12 to 5505 compounds in dataset 8. Furthermore, the number of
endpoints per project varies considerably, spanning from 10 to 35. It is important to to take note
that, in this analysis, only endpoints containing at least 200 documented molecules throughout the
duration of the respective projects were considered to ensure that QSAR/QSPR model would have
enough data to be trained on.

4.1.1.2 Chemical heterogeneity and homogeneity

Projects may differ significantly from one another, but how variable are the molecules within a sin-
gle project? Figure 4.2 presents the distribution of pairwise similarities among all molecules within
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Figure 4.1: Temporal distribution of new molecules appearing over time across 12 lead optimization
projects.

Dataset Size Endpoints

DATASET 1 1560 12
DATASET 2 1562 18
DATASET 3 2859 30
DATASET 4 3087 33
DATASET 5 2960 10
DATASET 6 2913 20
DATASET 7 2068 26
DATASET 8 5505 30
DATASET 9 2777 35
DATASET 10 2733 12
DATASET 11 2785 18
DATASET 12 1432 17

Table 4.1: Summary of the 12 lead optimization project datasets analyzed, showing substantial varia-
tion in dataset sizes (number of unique compounds, ranging from 1432 to 5505) and endpoint counts
(ranging from 10 to 35).
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Figure 4.2: Distribution of pairwise molecular similarities within each of the 12 projects. Similarity
values are calculated using the Tanimoto coefficient on ECFP4 binary fingerprints with 2048 bits.
The distributions are generally skewed towards lower similarity, indicating significant chemical
diversity across entire projects.

each project. Interestingly, these distributions are skewed towards lower similarity values, which
is somewhat counterintuitive. As discussed in Chapter 1, projects typically consist of molecules
belonging to a few chemical series, implying that they should share one of the common scaffolds
and thus exhibit higher similarity. Rather than considering overall project distributions alone, it
is more informative to analyze pairwise similarities within each chemical series, as shown in Fig-
ure 4.3. Here, both the overall similarity distribution and the distributions broken down by chemical
series are presented. These results demonstrate that chemical series generally exhibit high internal
similarity, aligning with previous explanations. While similarity within a chemical series is high,
chemical series themselves can differ substantially from one another, accounting for the low overall
similarity observed in Figure 4.2.

4.1.1.3 Data scarcity

To further investigate the characteristics of the individual projects, we analyze the documentation
levels of various endpoint, a critical metric in defining a project’s "good" molecules, as discussed
previously in section 3.2.4 (page 98). As a reminder, a molecule’s documentation is defined as the
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Figure 4.3: Pairwise molecular similarity distributions, both overall (filled) and separated by chem-
ical series (lines). Similarities within individual chemical series tend to be higher, illustrating that
internal diversity within chemical series is low, while diversity across different chemical series is
high.

proportion of endpoints for which experimental data have been collected. Figure 4.4 presents the
distribution of documentation levels across projects as histograms, revealing substantial variability
among the distributions. Such variability is likely influenced by the specific design of each project’s
screening tree (Figure 1.17, page 47). Generally, since attrition tends to increase with tree depth,
screening trees with numerous endpoints tested in their initial stages are expected to show doc-
umentation distributions skewed toward higher values, and vice versa. Nevertheless, given each
project’s unique context, other very specific factors may also significantly influence the shape of
the documentation distributions.

4.1.2 Desirable molecules

The aim of the lead optimization phase is to design compounds meeting all the blueprint criteria.
To characterize these compounds, we rely on the desirability score as defined in section 3.2.4 (page
98). Compounds with high desirability scores exhibit properties within optimal ranges across their
documented endpoints. However, high desirability alone is insufficient if a compound has limited
documentation, as this leads to significant uncertainty regarding its true quality. Consequently, we
employ compound definitions that combine both desirability and documentation.

A straightforward approach applicable during active projects is to use fixed thresholds for doc-
umentation and desirability. As discussed in the previous chapter, we used threshold values of 0.65
for documentation and 0.5 for desirability. Figure 4.5 shows the distribution of documentation and
desirability across the 12 datasets. However, in our retrospective analyses, this fixed-threshold defi-
nition shows limits. Some datasets, such as datasets 4 and 9, yield almost no compounds categorized
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Figure 4.4: Distribution of documentation levels across the different projects. Documentation refers
to the proportion of experimentally evaluated endpoints per molecule.
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Figure 4.5: Distribution of the documentation and desirability for compounds from the 12 datasets
and categorization using fixed thresholds (desirability ≥ 0.5 and documentation ≥ 0.65).

as good using this definition, while others, such as datasets 2, 3, 7, 8, and 11, categorize a large frac-
tion of compounds as good, potentially indicating that the definition is overly permissive.

Therefore, we propose an alternative approach that combines a dataset-specific desirability
threshold derived from the distribution of desirability scores with a fixed documentation thresh-
old of 0.65. This approach yields the "Top DScore (X%)" categories, depicted in Figure 4.6. Although
this method provides a more realistic assessment, some datasets, notably dataset 4, still contain
few good compounds due to very low documentation levels. Figure 4.7 summarizes the number
of compounds classified within the top categories, clearly demonstrating the improved consistency
achieved by the distribution-based definition compared to the fixed-threshold approach.

4.1.3 Simulation parameters

This section describes the parameters used to conduct simulations on the 12 datasets. The start-
ing date t0 for each simulation is determined using the criteria defined in Chapter 3: at least 100
molecules documented on the main endpoint, with at least one molecule falling within the accept-
able or optimal range as specified by the blueprint. At t0, the initial number of compounds varies
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Figure 4.6: Distribution of the documentation and desirability for compounds from the 12 datasets
and categorization using dataset-specific desirability thresholds derived from each dataset’s desir-
ability score distribution ("Top DScore (X%)"), combined with a fixed documentation threshold (≥
0.65).
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Figure 4.7: Summary of the number of compounds in each top category across the 12 datasets,
highlighting the variability of fully fixed threshold-based definition compared to distribution-based.

– 141 –



Chapter 4

Dataset t0 tf ∆t Iterations

DATASET 1 2012-07-01 2014-09-03 1 27
DATASET 2 2009-05-01 2013-03-26 1 47
DATASET 3 2020-06-01 2024-06-11 1 49
DATASET 4 2013-07-01 2021-01-01 2 44
DATASET 5 2018-01-01 2020-05-01 1 28
DATASET 6 2013-12-01 2022-07-18 2 52
DATASET 7 2010-08-01 2020-01-28 2 57
DATASET 8 2013-11-01 2020-03-20 2 39
DATASET 9 2020-03-01 2024-06-11 1 52
DATASET 10 2009-02-01 2011-09-07 1 32
DATASET 11 2015-04-01 2017-12-11 1 33
DATASET 12 2019-03-01 2023-06-15 1 52

Table 4.2: Simulation parameters for virtual scenarios across the 12 datasets. For each dataset, the
starting date (t0), ending date (tf ), and timestep duration (∆t) are specified. The default batch size
is 0.5 for all datasets, and Random Forest models are used for predictions.

significantly across datasets, ranging from 120 in dataset 8 to 682 in dataset 5. If a dataset has a large
number of compounds when the simulation starts, it means that none of the previous compound
was in the acceptable or optimal range for the main endpoint. If we look back at the compound
distribution over time on Figure 4.1 (page 135), we can see that those hundreds of compounds are
the ones in the first project phase between 2010 and 2012, that was then resumed in 2016. The final
date tf aligns with the conclusion of each actual project. The timestep ∆t is typically set to one
month; however, for certain datasets covering an extended time span, a timestep of two months is
used to reduce computational load. The number of iterations per simulation is calculated based on
these parameters. Additionally, the default batch size is set to 0.5, and Random Forest models are
used as predictors.

4.2 Visualizing the chemical space

Similarly to the previous chapter, we visualize the subset of the chemical space occupied at the
beginning of the simulations.

4.2.1 Early stage of lead optimization

At the start of a project, the chemical space is generally limited, typically comprising one or a few
chemical series that have not yet been extensively explored. Figure 4.8 shows the chemical space
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at the beginning of simulations for each dataset compared to the overall project chemical space,
visualized as KDE TMAPs. The results are consistent across all datasets, with the initial chemical
space occupying only a small portion of the total project envelope. Furthermore, the top compounds,
defined here as those within the "Top DScore 5%" category, are typically located outside this initial
space. This indicates that the lead optimization process is still in its early stages. In the coming
sections of this chapter, we will analyze how the different selection strategies exploit and explore
beyond these initial chemical spaces.

4.2.2 Navigating between chemical series

Although chemical structures cannot be disclosed, TMAP visualizations effectively reveal structural
relationships among project compounds. Figure 4.9 illustrates the distribution of the main chem-
ical series across their respective chemical spaces for datasets previously described in Figure 4.3
(page 137). Typically, each chemical series occupies distinct regions within the chemical space, al-
though some overlapping occurs, reflecting structural similarities between specific series.

4.2.3 Exploiting, exploring, or both

After completing the simulations, the final outcomes can be visualized by projecting both selected
and non-selected compounds, highlighting those identified as top compounds. Figures 4.10 (page
147) and 4.11 (page 148) illustrate these outcomes for datasets 1 and 11, confirming patterns previ-
ously observed with the FXa dataset in Chapter 3.

The first row of each figure shows results from simulations employing exploitation-focused
strategies: Similarity-to-known-good, Desirability, and Desirability combined with an applicability
domain. In these TMAPs, the majority of top compounds (indicated by green crosses) are success-
fully identified. However, considerable portions of the chemical space remain unexplored (yellow
areas), leading to isolated top compounds being overlooked. This limitation is more pronounced
when the applicability domain is integrated with Desirability.

The second row depicts exploration-focused strategies: Uncertainty, Spread, and Coverage ac-
quisition functions. These strategies display behaviors opposite to those in the first row. Although
they thoroughly explore the chemical space (marked predominantly in blue), they fail to sufficiently
exploit areas containing top compounds (red crosses), missing a substantial portion of them. Individ-
ually, these exploration-only approaches do not effectively meet the primary goal of lead optimiza-
tion, which is identifying molecules that meet the project’s blueprint. Nevertheless, when combined
with exploitation strategies, they can leverage the strengths of both exploration and exploitation.

Finally, the third row illustrates three of these trade-off strategies that balance exploration and
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Figure 4.8: Overview of the initial chemical spaces (in blue) projected into the whole projects’ en-
velopes (grey). The top compounds, defined as the ones belonging to the Top DScore % category,
are defined by black crosses with a majority of them outside of the initial spaces.
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Figure 4.9: Overview of the distribution of the main chemical series for the datasets 1, 4, 5 and 10.
Each color is associated to one chemical series within a project.
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exploitation: Greediverse (parameterized with λ = 10 and t = 0.75), Desired Spread, and Desired
Coverage. The figures show that these strategies efficiently explore a large part of the chemical
space while successfully identifying most top compounds.

4.3 Insights from individual analysis

In this section, we will analyze results on all datasets using some of thequantitative metrics intro-
duced in Chapter 3 (sections 3.4.3 page 116 and 3.4.2 page 114).

4.3.1 Exploration

We begin our analysis by examining the Neighborhood Coverage (NC) exploration metric, using
a fixed distance threshold of 0.3. Supplementary analyses employing the parameter-free variant
Neighborhood Coverage Area Under the Curve (NCAUC) and Internal Diversity are presented in
Appendix C.

Figure 4.12 illustrates the evolution of NC across iterations of 14 acquisition functions across
all datasets. The results consistently reveal similar patterns and rankings among strategies across
all datasets. Notably, methods explicitly designed to prioritize exploration, such as Spread, Cover-
age, and Uncertainty, consistently achieve the highest NC scores. Hybrid strategies including De-
sired Spread, Desired Coverage, and occasionally U/D Harmonic, although not solely exploration-
oriented, achieve comparable levels of exploratory performance.

Random selection, which mimics realistic project conditions by uniformly sampling chemical
space at similar batch sizes, frequently emerges among the top-performing strategies. This outcome
alignswith expectations, as uniform sampling naturally covers diverse regions of the chemical space.

In contrast, the Desirability-based strategy consistently underperforms relative to random se-
lection. This reduced performance occurs because this strategy predominantly identifies promising
compounds within regions already represented in its training set, highlighting its limited capacity
for extrapolation.

Strategies combining Desirability with applicability domain and heuristics based on similarity
to previously selected molecules form the lowest-performing group. These methods exhibit signif-
icantly reduced exploratory capabilities, remaining predominantly confined to the initial chemical
space.
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Figure 4.10: TMAPs of the final-state of simulations performed on dataset 1, sorted by the type
of selection strategy used. Top row: strategies designed for exploitation. Middle row: strategies
designed for exploration. Bottom row: trade-off strategies.
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Figure 4.11: TMAPs of the final-state of simulations performed on dataset 11, sorted by the type
of selection strategy used. Top row: strategies designed for exploitation. Middle row: strategies
designed for exploration. Bottom row: trade-off strategies.
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Figure 4.12: Neighborhood Coverage (τ of 0.3) for various selection strategies over iterations for
each dataset.

– 149 –



Chapter 4

4.3.2 Exploitation

Similar to our exploration analysis, we evaluate the effectiveness of strategies in identifying good
compounds over time. This is illustrated in Figure 5.17 using the PTMR metric, described in sec-
tion 3.4.2 (page 114). As outlined previously in Figure 4.7 (page 141), multiple definitions of good
molecules exist. Here, we consider good molecules as those falling within the Top DScore 5% cate-
gory. This criterion strikes a balance by being restrictive enough to identify high-quality compounds
yet inclusive enough to ensure statistical robustness. Corresponding figures for the more restrictive
Top DScore 3% and Top DScore 1% categories are presented in Appendix C.

Monitoring the retrieval of compounds in the Top DScore 5% category indicates that certain
strategies consistently achieve strong performance, successfully identifying between 70% and 100%
of these top compounds. This is especially noteworthy considering these strategies typically sample
only about half of the available project compounds, due to a batch size of 0.5. High-performing
strategies include Desirability as well as hybrid methods such as Greediverse, Desired Spread, and
Desired Coverage. These quantitative findings align with prior qualitative assessments obtained
fromTMAPvisualizations on Figures 4.10 and 4.11. Desirability (withAD) and Similarity-to-known-
good metrics also generally exhibit strong exploitation performance, though their results are more
variable. Notably, these strategies occasionally underperform significantly, as observed in datasets
2, 6, and 10. This variability could stem from the substantial differences between top compounds and
the initial chemical space, limiting the effectiveness of these strategies in exploring beyond initial
regions.

4.3.3 Exploitation/exploration trade-off

Having previously examined exploitation and exploration separately, we now jointly analyze these
aspects to identify strategies that offer the best trade-off between these two objectives. Although the
primary goal of lead optimization is to identify high-quality molecules, maintaining exploratory ca-
pacity remains critical. Exploration ensures that potentially superior compounds are not overlooked
and provides viable alternatives should the selected clinical candidate fail, as previously discussed.

Figures 4.14 illustrate the trade-offs between the PTMRTopDScore 5%metric and Neighborhood
Coverage (τ = 0.3) at the end of simulations for all strategies. This figure make it easier to confirm
previous findings, such as:

• Purely exploratory methods, including Spread, Coverage, Uncertainty, as well as clustering-
based methods such as k-means and k-medoids, exhibit poor exploitation performance.

• Desirability serves as a strong baseline for exploitation but performs poorly in terms of ex-
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Figure 4.13: PTMR Top DScore 5% for various selection strategies over iterations for each dataset.

– 151 –



Chapter 4

ploration. However, as stated in the limitations in Chapter 3, the exploitation can be overes-
timated for strategies that do not explore well.

• Using an applicability domain with the Desirability strategy consistently reduces exploratory
performance and may also negatively impact exploitation, a trend similarly observed with
heuristic approaches such as Similarity-to-known-good.

• Desired Coverage emerges as a robust strategy, often matching or surpassing Desirability in
exploitation performance while also equaling or exceeding Random selection in exploration
capabilities.

4.4 Aggregating information across datasets

Thus far, each dataset has been analyzed individually, enabling a detailed understanding of their
specific dynamics and characteristics. We now aggregate these findings across all datasets to derive
broader conclusions. Specifically, we examine both the intrinsic performance of each strategy, as
measured by various exploration and exploitation metrics, and their relative performance compared
to the Random baseline, which normalizes the results across datasets.

Currently, this pipeline has been applied to 12 datasets. Further analysis is planned with ad-
ditional datasets to support more robust conclusions and enable formal statistical testing, similar
to the tests described in Chapter 2 for benchmarking molecular descriptors. Although 12 datasets
do not yet provide sufficient data points for rigorous statistical evaluation, preliminary insights can
still be drawn.

4.4.1 Exploitation

Figure 4.15 illustrates the distribution of PTMR values for the Top DScore 5%, Top DScore 3%, and
Top DScore 1% categories across all datasets, with strategies ranked according to their average
PTMR performance on the Top DScore 5% category. The Random baseline is indicated in purple
for comparison. Notably, the highest-performing strategies consistently achieve an average PTMR
of approximately 0.8, irrespective of the restrictiveness of the top category considered.

Desirability, previously identified as a strong exploitation-focused strategy in individual dataset
analyses, maintains its effectiveness by ranking among the top strategies. However, several strate-
gies, particularly Desired Coverage, surpass Desirability, validating earlier observations. Addi-
tionally, Desired Coverage demonstrates notable robustness, exhibiting the narrowest interquar-
tile range among all strategies analyzed. This limited variability is similarly evident in the purely
exploratory Coverage strategy, despite its comparatively weaker exploitation performance.
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Figure 4.14: Final overview of PTMR Top DScore 5% vs Neighborhood Coverage (τ = 0.3) for all
datasets and all selections strategies.
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Figure 4.15: Box-plots of PTMR for the Top-DScore 5%, 3% and 1% subsets across all datasets. Strate-
gies are ordered by their mean PTMR on the Top DScore 5%; the Random baseline is shown in purple
and Desirability in orange.

MCDAmethods, specifically GRA and TOPSIS, yield performances similar to Desirability. Gree-
diverse strategies also achieve comparable outcomes, with a clear trend observed: higher similarity
thresholds (t) correlate with improved average performance and reduced variability.

In contrast, Desirability combinedwith an applicability domain, alongwith Similarity-to-known-
good strategies, exhibit highly inconsistent results. While capable of excellent performance in some
cases, these strategies frequently produce poor outcomes, leading to low average performance and
large variability.

Finally, strategies primarily designed for exploration consistently display poor exploitation ca-
pabilities and high variability.

Figure 4.16 does not use the PTMRmetric but the ratio, for each strategy, between its PTMR and
the PTMR of the Random baseline, in order to harmonize results taking into account each dataset
uniqueness. This representation is very practical because it allows you to quickly see how much
better a strategy could have been than Random, which, as a reminder, is a proxy for the performance
of the real project.

Table 4.3 summarizes the Ratio to Random (using the PTMR Top DScore 5%) for each strategy,
presenting the minimum, average, maximum, and standard deviation across datasets. The results
clearly indicate that Desired Coverage is among the top-performing strategies, exhibiting the high-
est minimum and average ratios, as well as one of the lowest standard deviations among leading
strategies. While the average ratio is essential for evaluating overall performance, the minimum
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Figure 4.16: Box-plots of each strategy’s PTMR divided by the Random PTMR for the Top DScore
5%, 3% and 1%, highlighting the relative improvement achievable across datasets. The purple dashed
line is the ratio of 1 corresponding to Random.

ratio is equally important as it reflects the robustness of the strategy in a "worst-case scenario". For
Desired Coverage, this minimum value is 1.25, indicating consistent outperformance compared to
the Random baseline across all datasets. Conversely, Desirability, despite a strong average ratio of
1.93, close to Desired Coverage’s 2.01, exhibits a minimum ratio of 0.97. This indicates that Desir-
ability underperformed the Random baseline on at least one dataset. Therefore, an ideal strategy
should maximize the average ratio across datasets while maintaining a high minimum performance.
It is also important to highlight the performance of Greediverse strategies, which closely aligns with
that of Desired Coverage in exploitative capability.

4.4.2 Exploration

Figure 4.17 shows the distribution across datasets of the Neighborhood Coverage (τ = 0.3), Neigh-
borhood Coverage AUC and Internal Diversity metrics for all acquisition functions. This figure
highlight the strong baseline that Random is for exploration, conversely to exploitation. Here, very
few strategies outperform it. Indeed, all the strategies designed for exploitation such as Desirability,
GRA or TOPSIS are outperformed on all three metrics. Greediverse strategies, although introducing
a trade-off with exploration, also underperform the baseline on average. Fully exploratory strategies
such as Coverage, Spread and Uncertainty slightly outpeform Randomwhile also having a narrower
distribution, indicating that they are more robust exploration strategies. The same observation can
be made for Desired Spread, especially when looking at NC and NCAUC. For Desired Coverage,
it matches the performance of Random, similarly to clustering methods that are k-means and k-
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Strategy PTMR Top DScore 5% Ratio to Random

min average max std

Desired coverage 1.25 2.01 3.98 0.78
Greediverse (λ = 10, t = 0.85) 1.07 2.00 4.38 0.89
GRA 0.86 1.98 4.68 1.02
Greediverse (λ = 1, t = 0.85) 1.17 1.98 4.48 0.90
Desirability 0.97 1.93 4.28 0.86
Greediverse (λ = 10, t = 0.75) 0.86 1.92 3.78 0.92
TOPSIS 0.87 1.90 4.38 0.91
Greediverse (λ = 1, t = 0.75) 1.12 1.88 3.48 0.67
Greediverse (λ = 1, t = 0.65) 0.92 1.72 3.18 0.61
Coverage 0.90 1.68 3.88 0.82
Similarity-to-known-good 0.71 1.64 3.78 0.80
Greediverse (λ = 10, t = 0.65) 0.86 1.60 2.79 0.61
Desirability (with AD) 0.72 1.46 2.55 0.54
Desired spread 0.87 1.41 2.39 0.42
K-means 1.08 1.34 2.47 0.39
K-medoids 0.69 1.29 2.47 0.43
U/D Harmonic 0.00 1.19 1.82 0.47
Similarity-to-known 0.29 1.16 2.19 0.52
Spread 0.58 0.98 2.09 0.40
Uncertainty 0.56 0.87 1.53 0.27
Dissimilarity-to-known 0.35 0.80 1.39 0.31
U/D Ratio (0.95) 0.41 0.73 1.15 0.19
Dissimilarity-to-known-good 0.29 0.64 0.95 0.20

Table 4.3: Minimum, mean, maximum and standard deviation of the PTMR Top DScore 5% Ratio to
Random across datasets.

– 156 –



Insights from retrospective analysis of legacy projects

Figure 4.17: Box-plots of Neighborhood Coverage (τ = 0.3), Neighborhood Coverage AUC and
Internal Diversity across all datasets. Strategies are ordered by using the same order as the one in
the previous section for exploitation, using the average PTMR on the Top DScore 5%.

medoids.

When looking at the Ratio to Random based on the Neighborhood Coverage (τ=0.3) metric
on Figure 4.18, the same observations can be made. Although Neighborhood Coverage (τ=0.3) is
the metric that displayed the biggest gaps to Random, the maximum average ratio is 1.2 for the
Spread strategy, as described in Table 4.4, that is relatively small and shows the strong baseline that
Random is for exploration. The last strategy in this table, based on the average, is the Desirability
with applicability domain, highlighting the impact that an applicability domain, as it is commonly
defined in industry, can have on exploration.

4.4.3 Exploitation/exploration trade-off

Finally, to quickly assess the trade-off between exploitation and exploration, one can plot the respec-
tive metrics against each other, averaging performance across all datasets. Figure 4.19 display the
ratios to Random, considering all three explorationmetrics (rows) and the three top-tier exploitation
categories (Top DScore 5%, 3%, and 1%, columns). These figures synthesize previously discussed
findings, confirming consistent performance patterns across the exploration and exploitation di-
mensions. Specifically, they illustrate how strategies that excel in exploitation, such as Desirability,
GRA, TOPSIS, and Greediverse, typically underperform in exploration. Conversely, strategies opti-
mized for exploration—Spread, Coverage, Uncertainty, U/D Ratio, and k-means—generally exhibit
weaker exploitation capabilities. Desired Coverage emerges as the standout strategy, demonstrating
strong exploitation performance (across all top categories) while maintaining exploration effective-
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Strategy NC (τ=0.3) Ratio to Random

min average max std

Spread 1.02 1.10 1.19 0.05
Desired spread 0.97 1.07 1.13 0.04
Uncertainty 1.00 1.03 1.07 0.01
Coverage 0.98 1.02 1.07 0.02
U/D Ratio (0.95) 0.95 1.00 1.05 0.03
K-medoids 0.98 1.00 1.01 0.00
K-means 0.98 1.00 1.02 0.01
Random 1.00 1.00 1.00 0.00
Desired coverage 0.95 0.99 1.01 0.01
U/D Harmonic 0.86 0.98 1.03 0.05
Dissimilarity-to-known 0.86 0.96 1.05 0.06
Oracle 0.90 0.96 1.00 0.03
Greediverse (λ = 10, t = 0.65) 0.82 0.94 1.02 0.06
Greediverse (λ = 1, t = 0.65) 0.79 0.93 1.02 0.06
Dissimilarity-to-known-good 0.77 0.92 1.03 0.07
Greediverse (λ = 10, t = 0.75) 0.80 0.91 1.00 0.06
Greediverse (λ = 1, t = 0.75) 0.80 0.91 1.00 0.06
GRA 0.81 0.89 0.98 0.05
Greediverse (λ = 10, t = 0.85) 0.76 0.89 0.98 0.06
Greediverse (λ = 1, t = 0.85) 0.71 0.88 0.98 0.07
TOPSIS 0.71 0.88 0.99 0.07
Desirability 0.71 0.87 0.98 0.07
Similarity-to-known-good 0.64 0.77 0.93 0.08
Similarity-to-known 0.64 0.76 0.93 0.08
Desirability (with AD) 0.61 0.74 0.96 0.10

Table 4.4: Minimum, mean, maximum and standard deviation of the Neighborhood Coverage (τ=0.3)
Ratio to Random across datasets.
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Figure 4.18: Box-plots of Neighborhood Coverage (τ = 0.3), Neighborhood Coverage AUC and
Internal Diversity Ratio to Random across all datasets. Strategies are ordered by using the same
order as the one in the previous section for exploitation, using the average PTMR on the Top DScore
5%.

ness comparable to the Random baseline (across all exploration metrics).
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Figure 4.19: Exploitation/exploration trade-off (Ratio to Random) averaged over all datasets for var-
ious top categories (columns) and exploration metrics (rows) at the end of simulations.
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4.5 Discussion and perspectives

4.5.1 Exploring to better exploit

Exploration can directly influence exploitation. In the early stages of a lead optimization campaign,
the chemical space is relatively unexplored, as illustrated in Figure 4.8 (page 144). At this point,
immediate exploitation may not produce optimal outcomes, and research teams typically emphasize
broader exploration. This approach is exemplified by the Random strategy, which provides a strong
baseline for exploration.

Several findings presented above reinforce this idea. First, inadequate exploration can nega-
tively impact exploitation performance, as demonstrated by the relatively poor exploitation results
of Desirability with AD compared to standard Desirability, highlighting that constrained exploration
limits exploitative effectiveness. Similarly, robust exploration can significantly enhance exploitation
outcomes. For instance, the Desired Coverage strategy achieves exploration performance similar to
Random and still demonstrates superior exploitation results compared to purely exploitative strate-
gies such as Desirability, TOPSIS, and GRA, even though these strategies might benefit from the
overestimation artifact discussed previously section 3.6.2 (page 131). These observations support
that thorough exploration can benefit exploitation.

4.5.2 Rationalizing lead optimization

The preliminary analysis of a dozen datasets supports the hypothesis that rationalizing the DMTA
cycle through in silico methods can provide significant advantages. Systematic approaches employ-
ing computational tools consistently surpass the Random baseline, which approximates real-world
project performance. For example, strategies like Desired Coverage always outperform the Random
baseline in exploitation while matching the exploration. Moreover, many methods can recover from
70% to 100% of the project’s best compounds while selecting only about half of all the compounds.
This indicates that incorporating systematic, computationally driven strategies into lead optimiza-
tion could significantly reduce both costs and time while maintaining or even enhancing project
outcomes.

4.5.3 Perspectives

4.5.3.1 Dynamic strategies

The preliminary evaluation of the toolkit on legacy projects employed selection strategies that re-
mained constant throughout the simulation period. Our results indicate that strategies effectively
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balancing exploration and exploitation consistently achieve superior overall performance. How-
ever, the balance between exploration and exploitation within each individual strategy remained
static. Introducing a dynamic adjustment to this balance as the project progresses could potentially
enhance performance outcomes. For instance, combining an exploration-centric approach during
the early stages of a project with a progressively increasing emphasis on exploitation as the project
advances and the need for exploration diminishes may lead to improved results. Another approach
would be to initiate exploration phases upon specific triggers, such as the emergence of a new chem-
ical series.

Extending this concept further, it is plausible that the selection of an appropriate strategy could
itself be automated through algorithmic decision-making, framing the selection as a reinforcement
learning problem analogous to a multi-armed bandit approach [272]. By leveraging extensive data
from simulations, reinforcement learning algorithms could be trained to identify the optimal se-
lection strategy based on the current simulation state. In such a context, the reward function for
the algorithm could be explicitly designed to encourage the maximization of both exploration and
exploitation, utilizing the metrics previously defined.

4.5.3.2 Varying the batch size

In the presented results, simulations were conducted using a batch size of 0.5. However, investigat-
ing the impact of varying the batch size could yield further insights. For instance, decreasing the
batch size could help determine the minimal threshold at which comparable performance can still be
maintained. Conversely, increasing the batch size could reveal whether it is possible to consistently
identify 100% of desirable molecules without the necessity of selecting the entire compound set.

4.5.3.3 Going beyond biological and chemical properties

The blueprints employed in the simulations currently consider only biological endpoints, such as po-
tency and pharmacokinetic properties. However, these could be extended to incorporate additional
criteria, such as synthetic accessibility, which can be estimated using various scoring methods [170,
171, 172]. This criterion, however, is not applicable in a retrospective context, since the molecules
have already been synthesized. Another relevant criterion is cost, which may be assessed either
by direct prediction methods [273] or indirectly by predicting synthetic routes using computational
tools like ASKCOS [168] or AiZynthFinder [274], subsequently estimating cost based on the cumu-
lative price of the required starting materials [275].
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4.5.3.4 Chemical space exploration monitoring activity cliffs

In thework presented in thismanuscript, the defined chemical space could be categorized as "structural-
based" (caution, nothing to do with structure-based drug design), as it is characterized primarily by
structural similarities and differences among compounds. However, this structural definition could
be complemented by alternative definitions, such as "activity-based" or "property-based" chemical
spaces, which directly relate to the analysis of structure-activity and structure-property relation-
ships (SAR/SPR). Preliminary investigations on this topic, not detailed in the current manuscript,
included the monitoring of activity cliffs during simulations to determine which strategies preferen-
tially select compound pairs exhibiting significant activity (or property) cliffs. Rather than penalizing
these cliffs as noise, targeted strategies could deliberately exploit them by prioritizing structurally
similar yet contrasting analogues. This approach may enhance understanding of steep SAR and
refine local predictive models.
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Conclusions and perspectives

This thesis explored the development and application of computational methodologies aimed at
rationalizing and improving the lead optimization phase in drug discovery. Through extensive
methodological development, rigorous benchmarking on industrial datasets, and detailed analy-
ses, we gained valuable insights into predictive modeling and compound prioritization strategies
essential to this critical stage of drug discovery.

5.1 Predictive modeling in a shifting low-data regime

5.1.1 No fancy models but more data

The first major finding of this thesis, discussed in Chapter 1, is that increasing the complexity of
predictive models, such as using deep neural networks, does not automatically solve the challenges
posed by limited data in drug discovery. Experiments performed on real-world industrial datasets
showed that advanced deep learning approaches did not consistently outperform simpler, traditional
machine learning methods like random forests or gradient-boosted trees trained on classical molec-
ular fingerprints. In fact, simpler algorithms frequently achieved performance equal to or better
than neural networks, particularly when datasets were small. Combining multiple molecular fin-
gerprints to form richer molecular descriptors, and then applying ensemble methods, resulted in
better results for molecular property prediction.

These results highlight that, in sparse-data scenarios, the predictive capability of models de-
pends more on the quality and quantity of available data than on algorithmic complexity. Moreover,
simpler methods provide practical benefits such as fewer hyperparameters to adjust, faster training
times enabling quicker iterative cycles, and enhanced interpretability, all crucial factors for informed
decision-making in drug discovery.
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5.1.2 Temporality is key

Beyond model selection, our research highlights the critical importance of temporal dynamics when
evaluating and deploying predictive models. At the conclusion of Chapter 1, we compared the
time-split validation method to a conventional cross-validation approach. We observed a signifi-
cant decline in predictive performance when models trained on earlier project data were evaluated
against chronologically later compounds. This performance degradation illustrates the dynamic
nature of chemical space: as drug discovery projects progress, research teams continually explore
novel scaffolds and chemotypes, causing underlying data distributions to evolve over time. Evalu-
ation methods that ignore this temporal shift thus yield overly optimistic assessments of a model’s
true predictive capabilities. Despite this, the vast majority of studies proposing or benchmarking
QSAR/QSPR methodologies still do not incorporate temporal validation splits, mainly because of
the lack of such data outside of industry.

5.2 Rationalizing lead optimization

While previous sections focused on modeling techniques, the main objective of this thesis was to
propose rational strategies for lead optimization, the iterative refinement of chemical leads to en-
hance their properties. Specifically, we aimed to integratemore systematic and data-driven decision-
making into a stage of drug discovery traditionally dominated by human intuition. Our contribu-
tions include a comprehensive molecular prioritization toolkit designed for compound selection, as
well as a novel retrospective simulation methodology to evaluate how various selection strategies
would have performed in practice. Collectively, these advances are intended to help project teams
efficiently and confidently identify high-quality drug candidates.

5.2.1 Molecular prioritization toolkit

We developed a decision-support toolkit for molecular prioritization that formalizes the compound
selection step in lead optimization, presented in Chapter 3. This toolkit integrates a broad range
of compound acquisition functions (i.e. selection strategies), combining well-established methods
from the literature with several novel approaches introduced in this work. The core idea was to
gather a diverse toolset of rational criteria that a team might use to decide which compounds to
synthesize or advance at each round, and implement them in a flexible, computational framework.
By doing so, we move toward a more transparent and testable compound selection process.

Furthermore, the modular nature of our toolkit provides a solid foundation for continuous im-
provement and customization. Future enhancements could include integrating additional selec-
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tion criteria, such as predictors of synthetic feasibility or cost, to refine prioritization further. Ad-
ditionally, the toolkit could incorporate adaptive algorithms that dynamically adjust their explo-
ration/exploitation balance based on real-time feedback. For instance, it could increase exploration
when initial selections yield overly similar compounds or when a new chemical series is introduced.

5.2.2 Retrospective simulation methodology

To rigorously evaluate different selection strategies, we developed a retrospective simulation frame-
work described in Chapter 3. This framework simulates historical drug discovery projects to answer
a critical question: "Howwould outcomes have changed if we had used a specific prioritization strat-
egy during a past project?" We utilized historical data from multiple lead optimization projects and
inserted our selection algorithms into their original timelines. Specifically, the retrospective simu-
lation reveals experimental data to the algorithms exactly as it became available in the real projects.
At each iteration, the algorithm selects a batch of compounds either from those newly available or
from those previously not chosen. This simulation continues until it reaches the actual project’s end
date. By comparing simulated outcomes, such as the speed at which high-quality leads are identi-
fied, to the original project’s outcomes or to those from other strategies, we can quantitatively assess
the effectiveness of each prioritization strategy under realistic conditions.

This retrospective approach provides a practical balance between purely virtual benchmarks and
expensive, prospective experimental studies. Purely virtual benchmarks, commonly found in exist-
ing literature, typically optimize only one endpoint and rely on unrealistic assumptions, neglecting
the inherent complexity and variability of real experimental conditions. Conversely, prospective
comparative studies would require parallel execution of multiple experimental strategies in a labo-
ratory setting, which is both costly and time-intensive. Our retrospective simulations address these
limitations by grounding evaluations in real experimental outcomes. This method achieves real-
ism without incurring additional laboratory costs. By accurately replicating each project’s timeline
and workflow, including constraints and the sequential availability of SAR data, our method effec-
tively allows for "rewinding" a project and exploring alternate decisions within a controlled virtual
environment.

In Chapter 4, by integrating the prioritization toolkit with this retrospective framework, we
demonstrated significant improvements in lead optimization efficiency through a systematic, data-
driven selection process explicitly balancing exploration and exploitation. The simulations revealed
that specific selection strategies consistently outperformed the approximated historical performance
of actual projects in selecting optimal molecules. This enhanced selection capability can potentially
reduce the total number of compounds and cycles required, thereby accelerating progress toward
clinical candidate identification.
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5.2.3 Translating virtual insights to practice

Through these simulations, we demonstrated that a systematic, data-driven selection process sig-
nificantly improved the efficiency of lead optimization. Our results showed that certain strategies
consistently outperformed the approximated real project performance. By improving compound se-
lection, these strategies can substantially reduce the number of compounds tested and the number
of iterations required, potentially accelerating the discovery of clinical candidates.

A key next step will be to extend our analysis to additional datasets, allowing us to further vali-
date the generalizability of our findings. We recognize, however, that retrospective simulations have
inherent limitations, and true validation requires applying these strategies prospectively in active
drug discovery projects. The promising results we have presented aim to encourage stakeholders
to adopt and test these strategies in practical settings. Demonstrating that these approaches consis-
tently speed up the identification of clinical candidates in practice could significantly advance the
lead optimization process.

5.3 Challenges

This work also shed light on several broader challenges that must be addressed to fully realize AI’s
potential in drug discovery. These challenges are not just technical but also organizational and
cultural.

5.3.1 Data management and data cleaning

A fundamental challenge in leveraging machine learning for drug discovery is effectively manag-
ing experimental data, a process often burdened by labor-intensive data cleaning requirements.
Throughout our research, constructing reliable datasets from databases proved to be a substan-
tial task. Assay data frequently exhibit noise, inconsistent formatting, missing values, and various
errors, such as incorrectly recorded units, compound identification mistakes, or outliers resulting
from experimental artifacts. These problems are prevalent both in publicly available datasets and
proprietary pharmaceutical data. It is well established that poor data quality can undermine even
the most sophisticated algorithms, illustrating the classic adage "garbage in, garbage out". Our own
experiences underscored this principle: rigorous data curation and preprocessing were essential
prerequisites for creating dependable predictive models. For instance, significant effort was devoted
to standardizing compound representations, eliminating duplicate records, reconciling conflicting
assay outcomes, and normalizing property value ranges. Although such meticulous "data janitorial"
efforts were resource-intensive, they resulted in more robust and generalizable predictive models.
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Nevertheless, data cleaning remains a notable barrier that can slow down project timelines and in-
troduce errors if not systematically addressed. Ultimately, data quality improvement is a collective
responsibility. While data scientists can refine cleaning algorithms and anomaly detection methods,
the most impactful improvements originate from enhanced data generation and logging practices.
These include employing robust experimental designs, adhering to standardized protocols, and im-
plementing consistent data-sharing procedures.

5.3.2 Democratizing in silico tools

A significant challenge is making AI and in silico tools accessible to a broader range of drug dis-
covery practitioners, not only specialists. Currently, the complexity of advanced algorithms and
pipelines demands substantial expertise inmachine learning and programming, creating bottlenecks
as only a limited group of specialists, typically computational chemists, can effectively utilize these
resources. To genuinely transform drug discovery, AI-driven tools must become user-friendly and
broadly accessible. Achieving this involves enhancing user interfaces and tool integration. For in-
stance, acquisition functions developed and tested using the tools presented in this work could be
deployed as pluginswithin existing cheminformatics software, featuring simple drag-and-drop func-
tionalities. Additionally, presenting results in clear visualizations, concise reports, or even natural-
language summaries, rather than complicated spreadsheets or obscure model outputs, significantly
enhances comprehension among non-specialists. In our own experience, visual aids like chemical
space TMAPs have notably facilitated effective communication. Open-source, community-driven
development is another key element. Open-source software lowers economic barriers and enables
external improvements, such as user-friendly interfaces or broader format compatibility. Coupled
with shared benchmark datasets and standardized evaluation methods, open-source initiatives con-
tribute to a supportive ecosystem enabling groups with limited resources to engage, innovate, and
advance collective knowledge.

5.3.3 Convincing with explainable AI

A third challenge is building trust in AI recommendations through explainability. In a domain like
drug discovery, where decisions can involve large investments and significant risks (e.g. which lead
series to advance or which compound to synthesize next), stakeholders understandably require jus-
tification for those decisions. An algorithm that simply outputs "Make compound X next" without
any rationale is unlikely to convince a seasoned chemist or a project team to change course. There-
fore, future work should not only strive to improve the predictive accuracy of computational models
but also enhance the transparency of the underlying selection strategies. Developing advanced ex-
plainable AI methods tailored specifically for chemical decision-making is crucial. Such approaches

– 169 –



Conclusion

would ideally provide intuitive justifications rooted in chemical reasoning, enabling chemists to
clearly understand why certain compounds are prioritized over others. This could involve creating
visualization tools that illustrate the rationale behind each recommendation, showing relationships
in chemical space, property trade-offs, and uncertainty estimates. Ultimately, these advancements
will help foster greater trust and collaboration betweenAI-driven tools and human experts, ensuring
that computational insights translate effectively into actionable strategies in drug discovery.

5.4 The role of industry

A notable call to action was recently articulated by Wognum et al. [183], who advocated for an
industry-led, open-science initiative aimed at rigorously evaluating machine learning applications
in drug discovery. They identified three essential pillars that resonate closely with the insights
presented in this thesis and have substantial potential to advance the field:

• Establishing shared benchmark datasets that accurately represent common tasks in drug
discovery, incorporating realistic complexities and noise. This initiative would likely involve
collaborative curation of new, high-quality datasets that surpass what public organizations
could compile alone.

• Developing standardized guidelines for data curation and methodological evalua-

tion, covering critical aspects such as dataset splitting, model validation, performancemetrics,
and statistical comparison techniques. The establishment of these uniform standards would
mitigate the prevalent issues of inconsistent or overly optimistic performance assessments,
facilitating meaningful comparisons across studies.

• Creating and distributing open-source software tools that operationalize these best prac-
tices, thereby reducing barriers for researchers and practitioners to adopt state-of-the-art
methods and evaluate their effectiveness objectively. This would ideally include reference
algorithm implementations, comprehensive data processing pipelines, and accessible bench-
marking platforms maintained by the scientific community.

Implementing these recommendations will require concerted effort and extensive collaboration,
yet their realization promises a substantial improvement in the field’s ability to accurately assess
scientific and methodological advancements. We strongly endorse this vision, as it directly ad-
dresses key limitations we encountered in our own research. For instance, the availability of multi-
ple datasets capturing the temporal dynamics of molecular data from actual drug discovery projects
would have significantly enhanced the reproducibility of our descriptor benchmarking and retro-
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spective simulations. Nonetheless, we hope to actively contribute to this collective endeavor by
releasing temporal, multi-objective datasets and providing open-source code.

5.5 Conclusion

In conclusion, the work presented in this thesis, "Rational Exploration/Exploitation Strategies for
Drug Discovery in Low-Data Regimes," is another step towards a more data-driven and transparent
approach to lead optimization. Our results demonstrated that, even when data is limited, it is possi-
ble to improve the selection of compounds by systematically balancing exploration and exploitation
of the chemical space. Additionally, we highlighted the current limitations in methods and identi-
fied areas requiring improvements, including data quality, tool usability, and method explainability.
These insights underscore the necessity for increased openness and collaborative efforts within the
field.

We hope the insights and methodologies developed here will not only benefit Sanofi but also
serve as foundational tools for the broader community. By openly sharing our findings, releasing
datasets, making our code publicly available, and clearly outlining ongoing challenges, we encour-
age others to expand upon this research. Drug discovery is an inherently complex field, yet by
rationally integrating human intuition with artificial intelligence, we can significantly enhance our
ability to address modern drug discovery challenges. Ultimately, such collective progress serves the
enduring goal of drug discovery: delivering new, effective therapeutics to the patients who need
them.
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Appendix

This appendix provides supplementary information intended to support and enrich the understand-
ing of the content presented in the main body of the manuscript. The appendix is structured as
follows:

• Appendix A: Chapter 2 - Benchmarking molecular descriptors for low-data regime modeling

• Appendix B: Chapter 3 - Molecular prioritization toolkit and retrospective simulations

• Appendix C: Chapter 4 - Insights from retrospective analysis of legacy projects
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Appendix A

Figure 5.1: Distribution of nMAE scores for ADMET datasets (A, B) and potency datasets (C). Box-
plots represent machine learning models trained on vector-based descriptors, while crosses repre-
sent Chemprop.

.
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Appendix B

MMP-8

Figure 5.2: Number of molecules falling into each top-tier category for the MMP-8 dataset out of the
430 molecules. Categories are color-coded: brown indicates a fixed desirability threshold; orange
indicates percentile-based thresholds; and green indicates standard deviation-based thresholds.

Figure 5.3: Overview of the chemical space ofMMP-8 at the start of a simulation (A) and distributions
of major chemical series (B).
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Figure 5.4: TMAP visualizations illustrating the final chemical space for nine acquisition functions
on the MMP-8 dataset. Blue regions indicate sampled subspaces (selected molecules), while yellow
denotes unselected compounds. Crosses highlight compounds within the Top DScore 5%, where
green marks successful retrieval and red indicates missed compounds.
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Figure 5.5: Final-state exploitation-exploration performance on the MMP-8 dataset, considering
PTMR within Top DScore 5%, 3%, and 1% (columns 1, 2, and 3, respectively) plotted against ex-
ploration metrics: Neighborhood Coverage (τ = 0.3), Neighborhood Coverage AUC, and Internal
Diversity (rows A, B, and C, respectively).
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PPAR-δ

Figure 5.6: Number of molecules falling into each top-tier category for the PPAR-δ dataset out of the
498 molecules. Categories are color-coded: brown indicates a fixed desirability threshold; orange
indicates percentile-based thresholds; and green indicates standard deviation-based thresholds.

Figure 5.7: Overview of the chemical space of PPAR-δ at the start of a simulation (A) and distributions
of major chemical series (B).
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Figure 5.8: TMAP visualizations illustrating the final chemical space for nine acquisition functions
on the PPAR-δ dataset. Blue regions indicate sampled subspaces (selected molecules), while yellow
denotes unselected compounds. Crosses highlight compounds within the Top DScore 5%, where
green marks successful retrieval and red indicates missed compounds.
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Figure 5.9: Final-state exploitation-exploration performance on the Renin dataset, considering
PTMR within Top DScore 5%, 3%, and 1% (columns 1, 2, and 3, respectively) plotted against ex-
ploration metrics: Neighborhood Coverage (τ = 0.3), Neighborhood Coverage AUC, and Internal
Diversity (rows A, B, and C, respectively).
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Renin

Figure 5.10: Number of molecules falling into each top-tier category for the Renin dataset out of the
388 molecules. Categories are color-coded: brown indicates a fixed desirability threshold; orange
indicates percentile-based thresholds; and green indicates standard deviation-based thresholds.

Figure 5.11: Overview of the chemical space of Renin at the start of a simulation (A) and distributions
of major chemical series (B).

– 181 –



Appendix

Figure 5.12: TMAP visualizations illustrating the final chemical space for nine acquisition functions
on the Renin dataset. Blue regions indicate sampled subspaces (selected molecules), while yellow
denotes unselected compounds. Crosses highlight compounds within the Top DScore 5%, where
green marks successful retrieval and red indicates missed compounds.
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Figure 5.13: Final-state exploitation-exploration performance on the Renin dataset, considering
PTMR within Top DScore 5%, 3%, and 1% (columns 1, 2, and 3, respectively) plotted against ex-
ploration metrics: Neighborhood Coverage (τ = 0.3), Neighborhood Coverage AUC, and Internal
Diversity (rows A, B, and C, respectively).
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Appendix C

Figure 5.14: MonitoringNeighborhood CoverageAUC for various selection strategies over iterations
for each dataset.
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Figure 5.15: Monitoring Internal Diversity for various selection strategies over iterations for each
dataset.
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Figure 5.16: PTMR Top DScore 3% for various selection strategies over iterations for each dataset.
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Figure 5.17: PTMR Top DScore 1% for various selection strategies over iterations for each dataset.
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Stratégies rationnelles d’exploration/exploitation pour la découverte de médicaments
en régime de faibles données

Mots clefs: Intelligence artificielle ; Recherche pharmaceutique ; Optimisation de lead ; Ap-
prentissage actif

Cette thèse, réalisée en partenariat avec Sanofi, explore comment l’intelligence artificielle et
les méthodes numériques peuvent être intégrées efficacement à la découverte de médicaments
dans un contexte industriel. Centrée sur l’optimisation des leads, étape critique souvent peu
étudiée en dehors de l’industrie, elle compare des approches traditionnelles de machine learn-
ing avec les modèles récents basés sur les réseaux de neurones, évaluant leur pertinence dans
des conditions réalistes. Une boîte à outils computationnelle innovante, intégrant apprentis-
sage actif et aide multicritère à la décision, est développée pour faciliter la sélection rationnelle
des composés. Validée rétrospectivement sur des données industrielles historiques enrichies et
mises à disposition du public, cette approche démontre des avantages stratégiques concrets, tout
en soulignant les défis restants à relever pour généraliser l’usage de ces outils dans l’industrie
pharmaceutique.

Rational Exploration/Exploitation Strategies forDrugDiscovery in Low-DataRegimes

Mots clefs: Artificial intelligence ; Drug discovery ; Lead optimization ; Active learning

This thesis, conducted in partnership with Sanofi, investigates how artificial intelligence
and computational methods can be effectively integrated into drug discovery within an in-
dustrial context. Focusing on lead optimization, a crucial yet often underestimated phase, it
compares traditional machine learning approaches to recent neural network-based methods,
evaluating their practical relevance under realistic conditions. An innovative computational
toolkit, combining active learning and multi-criteria decision support, is developed to ratio-
nally guide compound selection. Retrospectively validated using historical industrial datasets,
enhanced and made publicly available, this approach demonstrates concrete strategic bene-
fits, while clearly identifying the challenges that remain to broaden the adoption of these tools
across the pharmaceutical industry.
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