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All you really need to know for the moment is that the universe is a lot
more complicated than you might think, even if you start from a
position of thinking it's pretty damn complicated in the first place.
Douglas Adams

General introduction

The drug discovery process

The discovery and development of new small molecule medicines is a long and expensive
process, which requires numerous fields of research to come together. The general timeline
for the discovery and development of new drugs is depicted in Figure 1.1.12 Initially, in the
drug discovery phase, a biological target has to be found and validated. Next, the stages of
hit finding and optimization are aimed at the discovery of molecules to effectively modulate
the target. The best molecule, a so-called lead, is then taken into the lead optimization
phase, where typically animal models are used to optimize the pharmacokinetic, efficacy
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Figure 1.1 | Overview of the general stages of drug discovery and development, the timeline, and cumulative
cost and success rate. Figure constructed based on Ref 1 with data from Ref 2.12

and safety profile of the leads, through iterative rounds of synthesis and testing. Once the
drug candidate has been selected for drug development, extensive optimisation of the
pharmaceutical formulation and pre-clinical toxicological profiling is performed, before the
compound is tested in humans. The next 3 stages are referred to as the clinical trials. Phase
1 typically utilizes healthy volunteers mainly to assess the pharmacokinetic and safety
profile of the drug candidate. Phase 2 has an emphasis on finding an efficacious dose in a
small cohort of patients. If successful, phase 3 enrols a large patient cohort to determine
the efficacy and safety of the experimental drug. It can then be submitted for approval by
the authorities. Even after the drug enters the market, data is gathered to assess safety in
the larger population, a process often referred to as phase 4. This stringent process of
clinical trials is associated with high attrition rates, meaning that less than 1 in 10 devised
therapies actually make it to the patient. This is exemplified in Figure 1.1 where the
cumulative cost and success rate of drug discovery and development is tracked over time.1
Failure in the clinical stage is mostly due to toxicity or to lack of efficacy. The high cost and
slow progress in drug development is a major concern, as this inevitably pushes up drug
prices.

Target-based drug discovery

As discussed above, modern drug discovery projects typically start from either a well-
established biological target, or by validating a novel target. The biological target can be
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anything from a co-factor to a protein-complex and generally performs a function which is,
in the given condition, unwanted. Currently, four major classes of drug targets can be
discerned: transporters, ion channels, receptors (nuclear or G-protein coupled) and
enzymes, together accounting for just under 90% of the FDA approved drugs.3 This thesis
will focus primarily on enzymes. Pharmaceutical intervention in the functioning of enzymes,
barring a few exceptions, always aims at inhibiting the reaction they catalyze. This is
typically achieved by compounds that block the binding site of the natural substrate of the
enzyme, called competitive inhibition.* To find the molecules that have the required
interactions to efficiently block the binding site of a given protein, a plethora of techniques
have been developed which found their way to the drug industry’s toolbox.

The most important approach to find new inhibitors is, although conceptually simple,
technically very challenging. So-called high-throughput screening campaigns typically use
some biochemical or cellular assay capable of measuring the protein activity in a highly
controlled sample and run this assay for thousands or even millions of compounds. This
kind of screening is performed by specialized, highly expensive robots and are mostly
restricted to the pharmaceutical industry. Smaller screens can be performed with less
sophisticated robots or even by hand.

With the dawn of computers, it did not take long before they were put to use in the drug
discovery world.5 This field of research often utilizes virtual screenings, which are enabled
by the availability of many 3D structures of proteins, either from crystal structures, NMR-
structures, or homology models.® In virtual screenings, large numbers of molecules are
tried, or docked, inside the (proposed) binding site of a protein, making it essentially the
digital mimic of above-mentioned high-throughput screenings. The field of computational
drug discovery comprises a broad set of other applications, which are not necessarily
structure-based. Quantitative structure activity relations (QSAR) or machine learning
approaches also strongly contribute, and the field, together with the number of developed
techniques, is still growing. With the advent of machine learning and artificial intelligence
this growth is likely to persist.

Off-target activity

The key of target-based drug discovery is that a specific enzyme is targeted to be
inhibited. This inhibition is known or predicted to have a designated effect on physiology,
which is supposed to be beneficial for the therapeutic indication at hand. With an estimated
number of around 20,000 translated genes, it seems inevitable that the binding site of
some proteins will be highly similar.” This is especially true for enzymes one step preceding
or following the targeted enzyme in an enzyme cascade, as the product and substrate of
these are identical. It is also the case for protein families within (large) protein families, with
high overall similarity, such as the kinases or serine hydrolases. The high similarity of
binding sites between proteins can lead to small molecules unintendedly inhibiting other
proteins. These are referred to as off-targets.

Interfering with a number of proteins simultaneously can have additive beneficial effects
and is referred to as polypharmacology.8 Some drugs are actively tuned to inhibit multiple
targets, which can be a challenging undertaking.? Usually however, small molecule
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inhibitors are carefully optimized to minimize the cross-reactivity with off-targets, to
minimize the chance of unwanted side effects or toxicity.1°

The endocannabinoid system

The endocannabinoid system (ECS) influences many physiological processes in the
human body, including food intake, energy balance, motor coordination, pain sensation,
memory formation and anxiety.1112 The ECS has, therefore, been under active investigation
for therapeutic exploitation in which its receptors and several metabolic enzymes serve as
possible drug targets.1314 There are two main cannabinoid receptors, CB1R and CB:zR,
which belong to the family of GPCRs. They are activated by two endogenous ligands, i.e.
anandamide (AEA) and 2-arachidonoyl glycerol (2-AG).1516 The production and degradation
of these endocannabinoids is mainly performed by serine hydrolases (Figure 1.2).
Diacylglycerol lipase-a and - (DAGL-a and -B) are the main enzymes responsible for the
biosynthesis of 2-AG through the sn-1-specific hydrolysis of diacylglycerol (DAG).17-1° The
DAGL-a isoform is expressed mainly in the brain, whereas the DAGL-B isoform is
predominantly found in the periphery, and is highly abundant in macrophages.20.21
Monoacylglycerol lipase (MAGL) and o/B-hydrolase-domain containing protein 6 and 12
(ABHD6 and ABHD12) together account for 99% of the 2-AG hydrolysis to arachidonic acid
(AA) and glycerol in the brain.2223 The Ca2*-dependent biosynthesis of endogenous AEA is
mediated by the subsequent actions of PLA2G4E24 and N-acylphosphatidylethanolamine-
phospholipase D (NAPE-PLD) or ABHD425, although other biosynthetic pathways have also
been uncovered.1314.26 Fatty acid amide hydrolase (FAAH) is the key enzyme for the
hydrolysis of AEA to AA.27:28 Several drugs targeting the ECS have already entered the
market: A%tetrahydrocannabinol (THC, marketed as Marinol®), cannabidiol (CBD,
marketed as Epidiolex®), a combination of THC and CBD (marketed as Sativex®) and
Rimonabant®. The latter was withdrawn from the market after the discovery of
psychological side effects. Several FAAH and MAGL inhibitors have entered clinical trials,
but they have not (yet) reached the market.29-34

The exact function and tissue specific roles of the ECS are still poorly understood.14
Inhibitors of the metabolic enzymes are thus crucial to investigate the biological role of the
hydrolases and may serve as drug candidates to modulate the endocannabinoid levels in
human disease. With its central role in the production of the main ECS signaling lipid 2-AG,
modulation of DAGL activity holds large therapeutic promise. Specifically, DAGL modulation
might aid in the alleviation of symptoms in neuroinflammatory conditions, such as observed
in Parkinson’s and Alzheimer’s disease.3536

Activity-based protein profiling

The DAGLs, like most of the synthetic and degradative enzymes in the ECS, belong to
the superfamily of the serine hydrolases (SH).3” This enzyme family has a conserved
mechanism of action where a nucleophilic serine is used to hydrolyze ester or amide bonds.
In the process, the serine forms a covalent bond with the substrate. This covalent
intermediate is exploited in mechanism-based, covalent inhibitors, as well as in activity-
based protein profiling (ABPP).38 The enzymes of the endocannabinoid system have been
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Figure 1.2 | Schematic overview of the main biosynthetic pathways within the endocannabinoid system. All
enzymes except NAPE-PLD belong to the serine hydrolase protein family. PC: phosphatidylcholine; PE:
phosphatidylethanolamine; DAG: diacylglycerol; NAPE: N-acylphosphatidylethanolamine; AA: arachidonic acid;
PLA2GA4E: phospholipase A2 group IV E; DAGL: diacylglycerol lipase; NAPE-PLD: N-acylphosphatidylethanol-
amine phospholipase D; MAGL: monoacylglycerol lipase; ABHD: o/B-hydrolase-domain containing protein;
FAAH: fatty acid amide hydrolase.

extensively investigated using ABPP.24:39-45 Specifically the development of the tailored
activity-based probe (ABP) MB0O64 to study the DAGLs was instrumental in the further
development of several inhibitor classes.39:42:43

Activity-based protein profiling (ABPP) for serine hydrolases was introduced in the late
“90s (Figure 1.3).4¢ In ABPP a chemical probe, typically consisting of a reactive ‘warhead’
and a reporter tag, reacts with the catalytically active nucleophilic serine of a serine
hydrolase. The reporter tag can be either a fluorophore to visualize the probe-protein adduct
by SDS-PAGE and fluorescence scanning,*” or a biotin-group to enrich proteins from
proteomes for identification by high resolution LC-MS/MS#8 or visualization by western
blotting.#6 As the labeling of enzymes is typically activity dependent, inhibitor function can
be studied using so-called competitive ABPP. This technique is used in drug discovery to
efficiently profile activity of inhibitors in a wide variety of proteomes. Importantly, the
selectivity of inhibitors over a protein family can also be investigated in native biological
samples. Other advances in chemical biology, such as photoaffinity labeling, efficient bio-
orthogonal chemistry, and improvements in analysis techniques such as proteomics, have
broadened the scope of applications of this protein profiling technique significantly. The
flexibility in potential protein sources and robust application to more complex samples
make ABPP a powerful technique in all stages of drug discovery.
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Figure 1.3 | General scheme of activity-based protein profiling. Probe binds specifically to active enzymes,
which enables competitive ABPP (bottom). Probe labeling can be visualized using SDS-PAGE or LC-MS/MS
analysis.
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Aim and outline of this thesis

The aim of the research presented in this thesis is to develop methods to assess or
predict the selectivity of (endocannabinoid related) inhibitors, and to use those methods in
the discovery of better inhibitors of diacylglycerol lipase. The outline of this thesis is as
follows:

Chapter 2 discusses the activity- and selectivity-driven optimization of a new scaffold of
DAGL inhibitors found in a previously reported high-throughput screening campaign.*® The
structure activity relations are studied in detail and the optimized inhibitor is fully profiled
biochemically. This is then further tested in cultures of murine neuroblastoma cells, before
finally being administered to mice in a proof of target engagement study.

Chapter 3 combines the structural insights of Chapter 2 with those from literature*2 to
enhance the physicochemical properties of the inhibitors from Chapter 2. The dual aim is
to generate more drug-like compounds by enhancing pharmacokinetic properties,
combined with increasing the topological polar surface area to restrict brain access. In this
way, the more peripherally expressed DAGL-B isoform could be targeted selectively,
reducing the risk of side effects mediated centrally. A small library of piperazine derivatives
is synthesized and profiled biochemically, before testing the most promising compounds in
situ.

Chapter 4 focusses more on the fundamental aspects of binding of covalent inhibitors.
DH376 derivatives, wherein the number and positioning of the nitrogen atoms in the
heterocyclic ring vary, are synthesized.’® These are tested in an adapted surrogate
substrate assay to determine the kinetics of enzyme inhibition and to study the role of
affinity (Ki) and reactivity (kinact). Surprisingly, the heterocycle is found to be more important
in the former than in the latter. Insight in the specific binding kinetics is expected to aid in
the design of inhibitors that are more potent and more selective, by increasing Ki and
reducing Kinact, respectively.

Chapter 5 presents the work on the selectivity profiling of the experimental drug
BIA 10-2474, which was designed as a FAAH inhibitor. This drug made headlines worldwide
when, during a phase 1 first-in-human clinical trial in January 2016, a healthy volunteer
passed away and four others were hospitalized with severe neurological symptoms.51.52 Off-
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target activity was quickly hypothesized as a possible cause of the observed toxicity. This
hypothesis was investigated using activity-based protein profiling techniques, the results of
which are disclosed in this chapter. BIA 10-2474, an important metabolite and three
alkynylated derivatives are synthesized and extensively tested. It is shown that BIA 10-2474
is an a-specific and covalent inhibitor that severely disrupts neural lipid metabolism in situ
through the inhibition of several serine hydrolase lipases.

Chapter 6 extends the chemical toolbox to study the endocannabinoid serine
hydrolases. A new fluorophosphonate (FP) activity-based probe is synthesized and
characterized. The profound influence on enzyme labeling efficiency due to the change in
fluorophore is investigated in detail. The FP probe is found to label FAAH and MAGL at low-
nanomolar concentrations, allowing it to be combined with MB064 to create an efficient
probe cocktail capable of labeling most of the ECS-related serine hydrolases in one
experiment. This cocktail is validated and used to profile the inhibition of two covalent MAGL
inhibitors.

Chapter 7 attempts to take a prospective approach to target selectivity. By employing a
relatively new machine learning algorithm, t-distributed Stochastic Neighbour Embedding
(t-SNE), molecular similarity is shown for a large set of clinically relevant substances.>3 The
same approach is able to visualize similarity in the protein sequences of the serine
hydrolase superfamily, recapitulating phylogenetic information. A workflow is envisioned
wherein bio-activity data spanning large amounts of compounds and targets are used to
predict interaction profiles for serine hydrolase inhibitors.

Chapter 8 builds on the concepts explored in Chapter 7 for serine hydrolases and applies
it to the more extensively studied kinase family. Using the Published Kinase Inhibitor Set, a
model is trained and validated capable of predicting interaction profiles across the
kinome.5455 The validated model is used to find new leads for the oncogene FLT35¢, which
are validated in parallel using high-throughput methods. Two hits are resynthesized and
profiled in vitro and in situ against acute myeloid leukaemia derived cells. The presented
model is completely open source, and released as a readily usable executable.

Chapter 9 summarizes the work presented in this thesis, and shows future directions for
the disclosed research.
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