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Conclusions from this thesis

There is a constant demand for medicines against existing and new diseases.!” Moreovet,
current drugs can heavily burden patients because of severe side effects. Therefore, we need
to develop fast and efficient protocols that can support the discovery of novel drugs. I believe
that computational methods can make a substantial contribution to the drug discovery field, as
simulations can proceed much faster than real-time experiments and potential hurdles can be
foreseen using predictive modeling tools.”

One of the major pitfalls in the development of a new drug is the unexpected toxicity of
the drug candidate.® Toxicity is generally manifested as adverse effects, which is caused by
off-target binding. These off-targets can be modeled using the computer, which allows us to
anticipate on these effects by proposing alterations of the drug candidate. Furthermore, protein
target models can be employed to virtually screen for novel compounds that fit the drug-safety
requirements (compounds that do not bind to off-targets) and are bioactive on the therapeutic
target.” This method is not only more time- and cost-efficient than lab experiments, but also has
the advantage that it is not limited by the number of compounds that is physically available. This
enables us to explore novel chemistry and to identify novel potential drug candidates.

In this thesis, I carried out various modeling approaches to virtually screen for novel compounds.
Moreover, I took drug safety into regard by modeling off-targets that can cause adverse effects.
The modeling of this so-called selectivity of compounds was explored using case studies on
different protein types. The variety of proteins and pathways make that there is no golden
standard to obtain selectivity. For example, Chapter 3 describes how selectivity can be obtained
by changing the target site from the kidneys to the small intestine, whereas Chapter 4 is aimed
at achieving selectivity by directly targeting the differences between proteins.

Fast detection of many potential novel selective compounds is feasible by utilization of machine
learning as shown in Chapter 4. Here, a model is introduced that predicts the selectivity-window
between two proteins: the A, and A, adenosine receptors. Although predictive performances
were obtained, I envision the model can be optimized further if sufficient compound-protein
information is available to implement into the model. The implementation of specific compound-
protein information into machine learning models was explored in Chapter 6, where bioactivity
was modeled and binding types were predicted. Nevertheless, in order to obtain the desired
data, an additional step was necessary; by using text mining the binding location of a ligand on
a protein was retrieved. This information was included into machine learning models as binding
type descriptors and annotated whether a compound binds orthosterically or allosterically.
The additional information increased the model performance and thus shows the value of a
well-defined dataset and descriptors. Since the binding types are not generally incorporated in

accessible biochemical databases!*'?

, it is encouraged to include more (meta)data in chemical
libraries to make the information easily accessible to all users. This will surely enable the design

of high-performance models and therewith, more precise predictions.

The lack of valuable binding type information is only a small fraction of the bigger data issue in
computational drug discovery: data is often incomplete and prone to errors as data is collected
from different sources and expetiments.'>'* Chapter 2 highlights this issue and also describes
what data is required for the computational modeling techniques that are used throughout



this thesis. Although the methods that are described in Chapter 2 are generally used to model
bioactivity of compounds, this thesis provides the reader with multiple tactics to use these
techniques in selectivity modeling, Moreover, the issue of data deficiency is tackled in Chapter
3, where compounds were modeled for SGLT1 in the small intestine. Since the available data was
insufficient in terms of chemical diversity, additional experiments had to be performed in order
to build predictive models.

The importance of having enough data at disposal plays even a larger role in selectivity modeling
than in bioactivity modeling. In Chapter 4 twice as much data was needed to model selectivity
compared to bioactivity modeling, as compound data for two proteins is required. Furthermore,
Chapter 5 shows the expansion of a data set that is needed for modeling multi-target drugs.
Nevertheless, this thesis provides the reader with handles how data gaps can be filled by additional
experiments, or complementaty techniques such as proteochemometric modeling,

The vast necessity of data for model building raises the issue of the influence of the used
dataset. Itis true that one must be aware of prediction bias and the chemical applicability domain
of models. This is especially the case for statistical models, which may not be able to correctly
identify new entities that are too dissimilar from the initial training data." This issue was touched
upon in Chapter 5, where statistical models were challenged by the identification of chemically
very distinct inhibitors. Here, structure-based models were the key to success in the identification
of chemically novel inhibitors.

Based on the challenges that were met during this research it is advised to always carefully
evaluate the use of datasets and models of any protein in any type of modeling. The model
validations that were performed on all proteins in the rigorous workflow presented in Chapter 5
made it clear that modeling results vary between proteins. Generally proteins for which less data
was available performed worse than proteins that had large datasets. However, results between
different models of the same protein also varied greatly in accuracy, an observation that thus is
not directly linked to the available data.

Altogether, the findings in this thesis showed me the complexity of computational drug discovery
and made it clear that selectivity modeling is a challenge that requires a custom approach for each
case separately. Decisions regarding selectivity modeling should be tuned based on #nter alia the
proteins” mechanisms, location, and available data. Although this complex matter still holds a
lot of uncovered ground, I strongly believe that in the future we are able to identify and fill the
essential data gaps, which will allow us to generate large-scale models that encompass multiple
facets of the human physiology. This will reinforce the computational predictions to become an
indispensable part of drug discovery.

Future perspectives

Cutrently the search for new drugs is generally conducted in the range of 10 medicine-like
molecules (according to Lipinski’s rule of five)."" Howevert, if computational capacity allows
it, it may be worthwhile to search beyond this limit. In the following section I will share my
perspective on why this is important and how we can achieve this. Rather than just focusing on
selectivity, the points discussed here are relevant to computational drug discovery in general.



By expanding the search range of chemical entities that are considered in virtual screening, very
novel drug candidates can be detected. A major benefit of such novel drug candidates is that
they can be crucial in diseases that are prone to drug resistance. For instance, the underlying
cause of antibiotic resistance is generally the natural modification of bacteria. Bacteria that are
adapted are subsequently shielded from being killed by antibiotics. As a result, the used antibiotic
is no longer effective against this particular bacteria strain. Important sources of new antibiotics
have been natural resources such as plants (horminone) and soil (platensimycin). Such natural
sources often present us with antibiotics that are chemically diverse. However, the detection of
antibiotics from natural products can be difficult and costly. Therefore, computational screening
for chemically novel drugs may be a good addition to provide an outcome for antibiotic
resistance.!”

Moreover, chemically diverse drugs can also be of interest when toxicity needs to be reduced or
when selectivity needs to be achieved. Novel chemical compounds can result in entirely different
pharmacological profiles, while maintaining a comparable effect on the on-target as existing
drugs. By expanding the searched chemical scope, these compounds can be identified.

The simplest and fastest way to upscale compound screening processes is the use of statistical
models. Nevertheless, the drawback of this method is the limited chemical space that it can be
applied to, since the applicability domain is defined by the data that is used in model training.'
Therefore, these models may not be very effective in broadening our chemical exploration scope.

Therefore, I propose that the use of structure-based methods is a more fitted approach. Up till
now, the bottlenecks in structure-based modeling have been 1) the availability of crystal structures
and 2) the speed of the simulations. I foresee that in the fast future both of these issues will no
longer be considered as restrictions in structure-based drug discovery. The rise of cryo-electron
microscopy (cryo-EM)," a technique used to detive protein structures, will aid in the elucidation
of many protein structures that are challenging to visualize using other techniques such as X-ray

19,20

crystallography (XRC) or nuclear magnetic resonance (NMR) microscopy.'”” Moreovert, cryo-
EM accepts lower sample purities and does not rely on the protein being crystalized as it freezes

the protein state.”! Therefore, also larger protein complexes can be visualized using cryo-EM.

Although cryo-EM can aid in solving many protein structures, its usability may be hampered
by the lower resolution that it provides compared to XRC. However, my thoughts on this are
that cryo-EM and XRC should not be used in parallel, but complementarily.? The capability of
cryo-EM to capture a wider range of proteins can be empowered by the high resolution of XRC,
ultimately revealing more insight into protein structures.

The second bottleneck in structure-based research concerns the limited speed of calculations
and simulations. However, the computational capacity has grown significantly over the past
years. Moreover, the development of the quantum computer promises great gains in calculation
time for structure-based drug discovery.” By running multiple calculations in parallel quantum
computing is believed to be exponentially faster than traditional hardware.?

These innovations will enable us to expand our search and detect potential medicines in a new
chemical space. Although structure-based modeling is considered the best way to facilitate this,



machine learning and artificial intelligence will not be disregarded. Statistical models may not
be very useful in the identification of novel chemistry, but can come in very handy if given a
different purpose. Machine learning can support the discovery of novel drugs by contributing
to the optimization of simulations. For example, structure-based scoring functions can be
optimized using machine learning and forcefields can be optimized.®

Another option might be to enlarge the applicability domain of machine learning models, which
will increase the accuracy of prediction of chemically diverse compounds. However, this still
will need information derived from structure-based models. The addition of structure-based
descriptors into machine learning models might increase model performance, but I feel that this
method will be quite protein-specific. Even if the information derived from the protein structure
or ligand-protein interactions can easily be added, such models will probably not outperform
structure-based models when applied to a diverse chemical set of molecules, as ‘contextual’
protein information is lacking. Although both ligand and protein information will be included in
the model, unique ligand-protein interactions and the ligand conformation will remain difficult
to capture in descriptors.

As illustrated in previous paragraphs there is room for improvement of computational
innovations. Significant improvements can be made by increasing the data quality and quantity.
However, an important, but often overlooked aspect of the contribution of computers in drug
discovery lies in the human applicability of the developed methods. I believe that the use of
computational methods can be popularized by providing the chemists, biologists, etc., with
easy-to-use tools for which no technical computational experience is required. Such a request
requires technical operations; therefore data engineers will probably become valuable assets for
computational drug discovery groups.

By enabling easy access to computational techniques through tooling, scientific knowledge can
swiftly be shared, expanded, and distributed. This development in culture may not only aid fellow
scientists in becoming more computational-driven, but also may enable community platforms.
Community effort already showed to be valuable in, for example, the discovery of the protein
structure of M-PMV retroviral protease. Framed as a web-based game called Foldit, players
were challenged to solve the protein structure of the protease.” Without any prior biochemical
knowledge needed, the players were able to obtain functional protein models. More recently we
have witnessed the willingness of community research during the outbreak of COVID-19. The
urgency for a cure and vaccine moved researchers to join efforts by sharing data, databases, and
even physical compounds.

Sharing information can impact the discovery of new drugs dramatically since knowledge and
skills can be combined and reinforced. Let us hope that this pandemic incites academia, but
especially pharmaceutical industry, to transform the act of sharing knowledge from being an
exception to being the norm.



Final remarks

This thesis highlights the importance of drug selectivity and displays the benefits of computational
models in the prediction of ligand-protein binding; It shows us that selectivity modeling requires
a customized approach, which should be fitted to the considered targets and available data. We
have seen that in order to tune selectivity correspondingly to the pattern of on and off-targets,
extensive preliminary validation should be performed to assess if selectivity modeling is possible
at all. Altogether, this thesis leaves the reader with a good understanding of (the challenges in)
computational drug discovery and provides insights into selectivity modeling.
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