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Intrinsically disordered proteins play vital roles in biology and their dysfunction
contributes to many major disease states, making them appealing pharmacological targets. These
proteins are challenging targets for rational ligand discovery or drug design because they are
highly dynamic and fluctuate through a diverse set of conformations, frustrating structure-based
approaches. This dissertation describes the unique properties of disordered proteins that
challenge ligand design strategies, then details methodologies designed to address these
challenges. Chapter 2 details the in silico and in vitro methods used to identify and validate
ligands of the disordered protein tau. Chapter 3 then further examines these compounds and how
they interact with tau, as well as utilizing analogous compounds to understand the
structure/function relationships that dictate their activity. Chapter 4 illustrates the adaptability of
these approaches by utilizing similar methodologies to identify ligands of a different disordered

protein system, phenol soluble modulins.
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Chapter 1
The Importance and Challenges of Studying Disordered Proteins

1.1) Introduction to disordered proteins

Intrinsically disordered proteins (IDPs) and intrinsically disordered regions (IDRS)
(collectively called disordered protein in this chapter) are proteins and sub-domains of proteins
that lack well folded and stable conformations. They have garnered a great amount of attention
due to the fact that they defy the structure-function paradigm that shaped thoughts about proteins
and their behavior for decades.! Until recently, disordered proteins were largely ignored and
dismissed as niche proteins that defied the general rules governing protein function. Due to their
dynamic structures in solution, disordered proteins are not easily observable using common
techniques to determine protein structures, and as a result were mostly undetected for decades.
Recent advances in bioinformatics and biophysical techniques have elucidated their roles, and
the structure-function paradigm has expanded to a spectrum instead of a rule to accommodate the
new insights derived from studies of intrinsic disorder.? Disordered proteins display interesting
and dynamic functional behavior, and a number of unique properties that make them valuable

tools for the cell, but also susceptible to aberrant behavior that leads to different pathologies.

A brief history of intrinsically disordered proteins and the structure-function paradigm

The structure function-relationship hypothesis has defined how the scientific community
relates a protein’s 3D structure to its biological applications. Hypothesized by Emil Fischer in
1894, the “lock and key” analogy, equated proteins and their ligands partners to specifically
shaped locks designed to interact with particular keys.>* This theory maintained that in order
for a protein to perform a reliable biological function such as catalysis, it needed to have a

specific and singular conformation that was structured to enact such a function. This theory was



widely accepted for a time and reinforced by multiple published examples of proteins whose
functions could only be performed by exact placement of ligands relative to specific residues.
Examples of proteins that suggested a biological function without a reliable structure were
dismissed as rare exceptions to the rule.

Near the end of the twentieth century, a growing list of publications demonstrated
examples of proteins that defied the rigid structure-function paradigm. They showed similar
phenomena, but authors used markedly different terminology to make their points, making it
challenging to connect the studies with each other to show a larger phenomenon instead of
isolated case-studies.>° Many groups questioned the notion that a well-defined structure is a
necessity for a protein to enact function, but the scientific community at large ignored these
challenges and held to the idea that structure defined function.'®*® It was not until a series of
publications that focused on the prevalence of IDPs across biology,'**® as well as an increased
understanding of the specific types of protein sequences that resulted in functionally unfolded
proteins'® that a change in the widespread perception of disordered proteins and their utility
matured.

The realization that disordered proteins are not rare but are instead remarkably common
in many biological systems is what changed their widespread perception from niche and novel to
integral to the function of biological systems. The first step of this shift in perception required a
method of identifying these obscure protein sequences. To do that, the Dunker group developed a
set of computational predictors that identified disordered regions in proteins with reasonable
accuracy. * Their pioneering work employed two methods: a rule-based approach developed by
rationally examining known regions of disorder of calcineurin, and a neural network approach

that employed a learning algorithm that generated a set of predictors by identifying features



common to a set of manually identified disordered regions across many peptides. The neural
network method examined features such like individual amino acid composition, but also more
generalized parameters such as hydrophobicity and flexibility of peptides to identify the features
that suggest disorder. The presence of 8 specific amino acids (A, R, G, Q, S, P, E, and K), as
well as hydropathy and chain flexibility, were the features with the strongest correlation to
observed disorder. These methods were able to predict disorder with accuracies from 59 to 74%,
depending on the way the method was built and what it was tested against.!*?° Early analysis of
5 eukaryotic genomes using these methods showed that 25-41% of the encoded proteins
examined had significant disordered regions. This illustrates that if the disordered portion of a
proteome is disregarded or ignored, it leaves the understanding of biology “seriously
incomplete”.®

The Dunker group and others improved upon and applied this methodology to identify
large swaths of proteins across different systems that are natively disordered. Improvements
came from adjusting the predictive algorithms well as improving the datasets that were fed into
computer algorithms. As more disordered regions were identified and confirmed, more trends
became apparent, such as amino acid compositions between well folded/compact proteins and
the more extended/disordered proteins were more specific than just enrichment of the 8 amino
acids originally identified. Instead of a defined class of “order promoting” or “disorder
promoting” residues, it is more appropriate to note that they exist on a spectrum. Arranged from
order-promoting to disorder-promoting residues, the ranking is: W, F, Y, I, M, L, V,N,C, T, A,
G,R, D, H, Q, K, S, E, P.2! When the patterns identified with these studies were applied to
curated sets of proteins, the neural network predictor used found that proteins associated with

cancer or cell-signaling had notably higher amounts of protein disorder than a control set of



eukaryotic proteins. Although less than the two enriched sets, the control set of unspecified
proteins predicted about half of them included had significant regions of disorder (>30 amino
acid chains).'® This not only showed that disordered proteins are important to our overall
understanding of biology, but also very relevant to human health and disease.*® Later analysis of
almost 3500 proteomes showed a correlation between proteome complexity and the proportion of
disordered content in the proteome (Figure 1.1).2? It is possible that the correlation between
disordered content and the complexity of a proteome is related to the prevalence of disordered
protein in cellular signaling pathways. An analysis of different classes of proteins found that
over 60% of the almost 2500 signaling proteins were predicted to have segments of disorder at
least 30 residues long. The only examined category predicted to be more disordered than
signaling was the class defined as proteins whose mutations are strongly correlated with the
onset of cancer. Almost 80% of these proteins have significant segments of intrinsic disorder in

the wild-type sequence.*®

Comparing Ordered and Disordered Proteins

Almost immediately after the recognition of how prevalent IDPs and IDRs were in
biology, research focused on understanding what factors encourage protein disorder. The
methods used to identify protein disorder identified commonalities between disordered proteins
and helped understand these factors that drive disorder. IDPs and IDRs contain notably fewer
hydrophobic residues (lower hydropathy), and much higher net charges at physiological pH than
well folded proteins (Figure 1.2).2° Low hydrophobicity removes the entropic encouragement
separate hydrophobic regions from the surrounding aqueous environment by folding. A high net
charge encourages disorder because like-charged residues repel each other and force the protein

conformation to expand. This is akin to how many well-folded proteins unfold at extreme pH,
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where residues are more likely to have the same charge.?® Not only does net charge affect the
behavior of protein extension and unfolding, but also the charge distribution plays an important
role. Computational modeling of simplistic proteins containing the same net charge, but
differing charge distributions showed that charge distribution is a critical factor that determines
how “random” these peptides behaved and affects global properties such as radius of gyration
(Figure 1.3).2* The understanding of what determines relative order of a protein continues to
evolve, and work is ongoing as to how best to classify them and combine different metrics of
disorder.2>28

A popular way to think about the possible confirmations of proteins and a useful way to
contrast the behavior of well-folded proteins against disordered ones is in terms of energy
landscapes. Levinthal’s paradox (named after the researcher who posited the question) asks: out
of all of the possible configurations of a given protein sequence, how does a (well-folded)
protein rapidly fold into to a comparatively narrow region of conformations in which it performs
its function.?® A random search where the torsion angles between amino acids arbitrarily shift
and fluctuate until they find the proper conformation is too time consuming and impractical for
biological purposes. Instead nature performs a biased search where environmental forces guide
the protein towards the “correct” structure.®>3! This theory matured to take into account specific
forces such as entropy, van der Waals forces and electrostatics, and the model took the form of
an energy landscape where conformations were represented by their relative energies and an
energy funnel guides the conformation of an ordered protein towards its well-folded set of
conformations.

In contrast to well-folded proteins, where energy landscapes are relatively smooth and

guide sequences towards a specific structure, intrinsically disordered proteins have rugged
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landscapes without any global minima structure to navigate towards (Figure 1.4).3334 Another
important difference between them is that while the energy landscape of folded-proteins is stable
under physiological conditions, the landscape of a disordered protein is highly sensitive to the
environment of the protein and can drastically change with protein concentration, ionic strength,
and other factors. This has implications on their different roles in biology, a point elaborated on
later in this chapter. This feature was considered as a possibility even before the concept of an
intrinsically disordered protein was widely accepted as a potential answer to the differences
between the speed of folding and the different dynamics exhibited by different classes of

proteins.*

1.2) The utility of disorder

Bioinformatic analysis has revealed that IDPs and IDRs are remarkably prevalent. In
many eukaryotic systems, >30% of the proteome is predicted to have substantial disordered
content, and some classes of proteins have higher percentages of disorder.3® The biological
purposes of these regions have not always been clear, but improved techniques in biophysics and
bioinformatics have recently shed light on disordered proteins and the advantages they have
compared to folded protein.3” Notably, disordered proteins are highly represented in signaling
cascades and facilitate many protein-protein interactions where cellular mechanics take

advantage of the unique properties that come with disorder.*8-38:%°

Advantages of conformational flexibility

The most immediately accessible advantage of IDPs is their ability to change
conformation to perform a function.*® For example: a disordered protein or disordered region
can change its conformation in order to interact with potential protein partners. Adopting a
specific conformation for a specific protein interaction is hypothesized to happen through a

12



process called coupled folding and binding where the disordered protein is encouraged to fold by
interactions with a protein partner that stabilize a particular conformation.*** Alternatively,
some interactions do not require disordered proteins to take a specific conformation upon
binding to a target, instead utilizing one of many possible configurations. This ensemble of
possible protein-protein conformations is collectively called a “fuzzy complex”.* It is thought
that the combination of these two phenomena: the ability to take on a specific fold when binding
a protein target, and the ability to bind without needing a specific fold, are factors that allow
IDPs and IDRs the ability to serve as critical intermediaries in signaling cascades.*®¢ They
often serve as hubs in complex networks of protein interaction, facilitating interactions between
multiple sets of proteins to propagate a cellular response.

One of the advantages thought to be inherent to disordered proteins is their ability to
increase the rate of association by what is called the “fly-casting” method. This hypothesis states
that since disordered proteins are extended, they have a greater reach than their well-folded
counterparts to encounter their binding partner, and therefore take less time to associate. Once
the protein makes a partial contact, an induced folding event then occurs resulting in a favorable
binding event. In contrast, the chances of a folded protein making contact with its partner in the
correct orientation is much lower.*” Association rates for IDP’s are often very fast,*3*84° Jending
weight to the fly-casting hypothesis, but it is difficult to directly test the hypothesis as altering
the order/disorder dynamic is difficult to do without affecting other factors.>® Examination of
the fly-casting hypothesis with computational and mathematical modeling suggest that the
mechanism is possible, but the resulting rate-enhancement is comparatively small: only 1.6-3
fold faster.®® An alternative explanation is that disordered proteins are able to eliminate the

requirement of correct-orientation that limits the rate constants of ordered proteins with a
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mechanism dubbed “dock and coalesce”. In this mechanism, only part of the protein is required
to find its proper position, and the flexible nature of a disordered protein then coalesces around
it, eliminating the need for completely aligned orientations.>*

Beyond the ability to bind, the folding-binding events of disordered proteins gives them
another advantage that is well utilized in cellular mechanisms. The interactions between IDPs
and their protein partners are highly specific, but this specificity comes at a thermodynamic cost
as the enthalpic stabilization from the protein-protein interaction is tempered by the entropic
penalty of restricting a disordered protein’s conformation.>> These low affinities paired with fast
association rates result in fast disassociation-rates. °* This dynamic allows disordered proteins to
elicit highly specific interactions to trigger signaling events, but quickly dissociate from the
partner. This is advantageous to processes such as signaling which require a fast response, but

one that is easily reversed as to not leave the signal active for too long.

Regulation of disordered protein activity

Beyond the ability of IDPs to interact with the requisite players of a signaling cascade,
the ability of IDP/IDR behavior to be modulated by the cell is a necessity for their utility as
signal messengers. A useful signal is one that can not only be turned on and off, but also have a
gradient of responses and activities.

The first opportunity for IDP behavior to be regulated is through regulating its production
and degradation. Improper regulation of IDP production is hazardous to the cell, evidenced by
the fact that gene populations that are harmful to cells when overexpressed tend to be high in
disordered content.>® Multiple mechanisms control the abundance of IDP concentrations in the
cell, primarily increased transcript clearance and degredation.>*>® It is critical for the cell to

maintain a tight regulatory control on disordered protein populations, as high concentrations can
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initiate improper molecular interactions that aberrantly trigger signal cascades with often
disastrous consequences to the cell.® Not only how and when IDPs are formed but also where
they are formed is highly controlled by the cell. As opposed to ordered proteins which tend to be
synthesized then transported afterwards, disordered proteins have their mMRNA transported to
specific regions of the cell and the resulting proteins are created there.>”*® This allows a cell to
maintain an overall low concentration of a specific protein but have a localized high-
concentration to enact a specific function when needed, while at the same time minimizing the
chance that it inadvertently makes an erroneous connection while being transported.®

In some cases, the localization of disordered proteins creates dynamic and tunable sub-
compartments within a cell. Liquid-liquid phase separation (LLPS) occurs when soluble proteins
self-associate and create a phase-separated boundary within an aqueous environment. These
liquid environments are separated from the rest of the cytoplasm are sometimes called non-
membrane-bound organelles (NMBO). This phenomenon is central for proper function of
cellular processes such as the nuclear pore complex.>*° LLPS droplets can continue to mature
and transform from liquid condensates to solids, leading to aggregation of proteins. Factors that
facilitate phase separation include multivalent binding as well as amino acid sequences that
encourage regions of extreme flexibility. These properties are ones that IDPs exemplify, and it
comes as no surprise that IDPs are often critical components in these phase separating systems.
Misfunction of the disordered proteins regulating NMBOs can lead to pathologies such as
amyotrophic lateral sclerosis.5!6?

An additional mechanism for cells to regulate IDP behavior is by modulating their energy
landscape. A common and direct method to change the energy landscape is to change the

physical properties of an IDP with a post translational modification (PTM). Disordered proteins
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and segments are more enriched in PTMs than well-folded proteins and regions.®®%4 Post
translational modifications can change energy landscapes by altering the charge distribution of a
protein or by introducing steric hindrances.%® This change in energy landscape causes some
conformations to be favored and other conformations to be disfavored, which in turn alters the
IDPs binding affinity for other proteins and the kinetics of those interactions.5¢:¢

lonic strength of the aqueous environment of IDPs is another mechanism by which cells
regulate IDP activity. IDPs are often high in net charge which encourages extended
conformations, but they also rely on electrostatic interactions to generate specificity with
oppositely charged grooves in protein partners.®® By modulating the ionic strength of the
solution surrounding IDPs, a cell effectively changes the strength of these electrostatic forces and
regulates IDP conformation and behavior.®® Similarly, the energy landscape of an IDP can also
be changed by the presence of specific ions, protein crowding, and the presence osmolytes. *-"
These factors change across different regions of the cell, giving IDPs drastically different
conformational ensembles based on their specific situation which results in drastically different

behaviors.

1.3) Characterizing the structures and biophysical properties of IDPs

Biophysical studies focusing on disordered proteins and disordered regions are frustrated
by their structural heterogeneity. Most notably, X-ray crystallography (XRC) is incapable of
providing information on IDPs or IDRs in their native state. Because XRC relies on
reconstituting a single repeated conformation that has been organized in a crystal lattice, it
cannot provide any information on the heterogenous conformational ensemble populated by
disordered proteins. Disordered proteins have been crystalized and structures derived from

XRC, but in these cases their structure is uniformly stabilized often through binding with another
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partner, or extreme chemical environments and is not representative of the protein under natural
conditions.>” Despite being unable to use the gold standard of protein structure determination,
scientists have been able to gather valuable information on disordered protein structure through

the innovative use of other biophysical techniques.

Nuclear Magnetic Resonance studies of IDPs

Nuclear Magnetic Resonance (NMR) has proven to be one of the most useful biophysical
techniques for studying protein disorder, despite analytical challenges. In NMR, samples are
examined under the effect of a constant strong magnetic field. When these samples are then
probed with a weaker magnetic field, the reaction to the weaker field can be measured. Each
atom’s nucleus will respond differently to the field based on what type of atom it is and the
chemical environment it is experiencing. NMR only reports on atoms with an odd number of
nuclear particles (protons and neutrons), so samples often need to be made with radioactive
isotopes to make them are observable, making NMR a costly procedure to run. NMR is often
used for well folded proteins to derive their structure in non-crystalline environments, giving a
better understanding of their conformation and dynamics in realistic conditions. by IDPs and
IDRs frustrate standard NMR methods to study protein structure because they often only display
extremely low chemical shifts which makes interpretation of the data difficult.”

Despite challenges associated with NMR and disordered proteins, it is still the most used
technology when studying biophysical characteristics of IDPs.”>"® Even relatively simple
experiments such as *H—'°N heteronuclear single-quantum correlation (HSQC) are useful for
informing on IDPs. Even when these experiments cannot determine specific conformations,
changes in chemical shifts report on events such such as binding and other structural

changes.’”®’" Despite limitations, HSQC is heavily used because it can provide information on
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specific residues of an IDP, and can be relatively inexpensive compared to some other NMR
approaches.’®

NMR data can be used to generate structural ensembles of disordered proteins by back
calculating structures and weighting them appropriately.” While these chemical shifts are useful
for determining local factors such as secondary structure of residues and atoms in IDPs, it isn’t
uncommon that the information provided by these studies isn’t sufficient to fully understand the
structure and dynamics of an IDP. In these cases, interpretation of NMR data is enhanced by the
addition of other sources of information that provide orthogonal information. Paramagnetic
relaxation enhancement (PRE) experiments often provide a great deal of insight when added to
NMR studies. By incorporating specific paramagnetic probes into specific points of the
disordered protein and then observing the reduction of the NMR peaks of spatially close
residues, it is possible to determine the long-range (35 A) contacts experienced by the probed
residue.®’ In one recent example, NMR studies utilizing PRE experiments have been used to
show where protein chaperones interact with disordered ligands. By placing spin-labels on the
disordered N-terminal region of the chaperone protein HSPB1, NMR studies were able to show
interactions between the disordered N-terminal with rest of the protein, providing insight into the

domain functions of HSPB1.8!

Small angle X-ray Scattering and Single-molecule fluorescence studies

Small angle X-ray scattering (SAXS) is another technique that has provided a great deal
of insight towards the structures of disordered proteins in solution and is often used
synergistically with NMR studies.?28 SAXS curves can be interpreted to report on factors that
would be otherwise inaccessible to NMR, such as size and shape, as well as oligomeric state.”

Different analyses yield information on the radius of gyration as well as the flexibility of the
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protein can be extrapolated.2* SAXS data is often used as a method of validation for other
methods of approximating the behavior of a disordered protein such as computational studies®,
but combinations with other techniques such as NMR allow the generation of theoretical
conformational ensembles from SAXS data itself.8%8” These ensembles then provide valuable
insight to the behavior and functions of IDPs and their complexes.

Single molecule fluorescence techniques have been useful tools in probing the protein
dynamics and afford unique perspectives that are advantageous towards studying IDPs. In
particular the ability to examine a single molecule at a time is helpful for determining discrete
parameters as opposed to ensemble averages, which is one of the factors limiting NMR data.
Forster resonance energy transfer (FRET) works through the energy transfer of two distinct
probes and can be used to probe the distances between the different probes and how those
distances fluctuate. Single molecule FRET (SmFRET), applies this same principle to a single
protein molecule at a time. This specificity is achieved by either exciting one molecule at a time,
or restricting the area observed such that only one molecule is being examined by the technique.
By focusing on one molecule at a time, rare or exceptionally fast conformational changes and
fluctuations that would normally be obscured in ensemble techniques can be observed.® This
technique has been effectively used to identify a drastic change in the energy landscape of a-
synuclein in response the presence of ligands and osmolytes and notable conformational changes
in the disease associated IDP tau in the presence of heparin. smFRET also showed that the

disordered C-terminal region of the NMDA receptor extended upon phosphorylation.’2:8%0

Molecular Dynamics and Monte Carlo Studies of IDPs

The biophysical techniques that are used to examine disordered proteins provide

invaluable insight to the function and dynamics of IDPs. Unfortunately, this information is
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generally representative of average states of the protein as opposed to specific states, or the
information is low resolution and therefore insufficient to gain atomic-level insight pertaining to
a protein’s structure. Molecular dynamics (MD) and Monte Carlo simulations help meet the
need for higher resolution information by generating structural ensembles that help interpret and
predict experimental data.®* Molecular dynamics simulations predict the behavior of molecular
environments by calculating the energies between particles using force-field equations and then
using those energies to determine how these particles should move. Monte Carlo simulations
work in a similar fashion, although instead of directly calculating energies into movement of
particles, Monte Carlo simulations use these energies to calculate the chances that a protein will
move from one state to another. These methods have classically been used and developed to
understand physical properties such as folding, allosteric effects and the mechanisms of action of
well-folded protein systems. They are appealing because they allow a level of control that is
impossible in most experimental techniques, but also are able to report of the movement and
precise location of each particle in the simulation even if that information is an estimate.®? Since
these techniques approximate the atomic positions of proteins with explicit detail, they are
appealing methods of getting conformational details of disordered proteins.

Molecular dynamics approaches have been developed to understand the dynamics and
mechanics of well folded proteins. Initial forays of applying these techniques to disordered
systems noted that parameters derived from their simulations didn’t agree with experimental
results.®® The force-fields and solvent models used to calculate energies were based on data and
theory pertaining to well-folded proteins and the differences between the two classes of protein
required different parameters. Since identifying this issue, force fields and water models have

been optimized for use with disordered proteins and regions.®*%
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A separate issue pertaining to disordered proteins and molecular dynamics is
computational cost. Molecular dynamics simulations routinely perform calculations between
hundreds of thousands of particles, and the number of calculations scales with the number of
particles making them often computationally quite expensive. This is already notable when
dealing with well-folded proteins and the conformational space to be explored is relatively small.
When dealing with disordered proteins, the relevant conformational landscape is much larger,
and the timescales needed to sufficiently explore them with conventional methods are
prohibitively expensive.® To circumvent this problem various enhanced sampling techniques
have been developed which apply artificial potentials or forces to overcome the energy barriers
that separate conformations. One such enhanced sampling techniques is replica exchange
molecular dynamics (REMD) which functions by simultaneously running multiple simulations at
various temperatures, and periodically exchanges the conditions between simulations. This
allows the simulations to use the higher temperature conditions to overcome the energy barriers
between relevant states that would otherwise hamper the conformational exploration.®”%
Enhanced sampling methods are often used to generate vast conformational libraries, which are
then mined for relevant and insightful structural information. 9102

Other methods that modify the way calculations are handled do so either to reduce the
complexity of the system, or to restrict it such that it agrees with experiment. Coarse-grained
techniques simplify the nature of a simulation by representing complex regions like functional
groups, residues or even entire protein domains as simplified “beads”. This approach reduces the
computational load of a simulation by reducing the number of interactions that need to be

calculated, but does so at the cost of detail. Despite the loss of detail, this method has been used
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to simplify protein representations and gain insight into what drives complex phenomena such as
protein folding and aggregation.1041%

In order to improve the structural ensembles generated from computational approaches
without performing a computationally intensive search of the entire energy landscape, a useful
approach is to restrict simulations such that they are confined within regions that agree with
experimental values from in vitro experiments.®® This can be done either by removing generated
conformations that disagree with experiment, or by creating customized force fields that a MD or
Monte Carlo simulation can use to impose an energetic cost for moving towards conformations
that disagree with experimental data. This has been successfully performed using data from
SmMFRET, NMR, and SAXs experiments, and in theory most sources of reliable data could be

used to bias computational experiments®,

1.4) Amyloid aggregates

A class of diseases where IDP involvement is notable is degenerative misfolding
diseases.!® In these diseases proteins misfold into a specific type of aggregate called amyloid
fibrils. Amyloid fibrils are characterized by a helical stack of beta-sheets parallel to the fiber’s
axis.’?” The concept of amyloid structure was originally established in 1854 by the physician
scientist Rudolph Virchow who noticed strange deposits in brain tissue that appeared to be some
sort of protein. The name “amyloid” means starch-like, and comes from the fact that it was
identified by iodine staining and reacted in a similar manner that starch does.'® The more
biophysical definition currently used to define amyloid was established by an early protein
structure experiment that determined that egg-white proteins formed the characteristic stacked

beta-sheets when in amyloid fibrils.!®® Amyloid structure is in some ways an interesting
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counterpart to disordered proteins: it is remarkably stable and the cores are structurally similar

regardless of the sequence of the constituent protein.

Amyloid formation, stability, and structure

Originally amyloid was thought to be a phenomenon exhibited by a small set of proteins
prone to such behavior. Recent studies have shown that many proteins are capable forming
amyloid structures if subjected to the correct conditions, although many of these conditions are
quite extreme and not likely to be encountered physiologically. 119! There are two factors that
seem to be critical for the formation of amyloid: protein concentration and the generation of a
structural template to build upon.

A protein’s concentration has little effect on the stability of its well-folded concentration,
but it can change the stability of amyloid conformations. When a protein’s concentration is low,
amyloid configurations are unstable when compared to the folded state and the protein has no
impetus to reconfigure to amyloid. As protein concentration increases amyloid configurations
become more stable. Amyloid configurations are dependent on intermolecular bonds which are
more likely when the protein exists in higher concentrations, as opposed to the intramolecular
bonds that dictate the stability of native configurations which are mostly independent of protein
concentration. After the protein concentration passes the critical concentration at which the
amyloid state is as stable as the native state, the protein is thermodynamically driven to change
structure and begin forming amyloid. When the protein concentration is beyond the critical
concentration, the protein may still remain in its native state if there is a sufficiently high energy
barrier that prevents its conversion.!'%1* Such a system is said to be “kinetically trapped”.

If a protein is at a sufficiently high concentration that amyloid structures are stable, it

may still be kinetically trapped until it experiences a conformation that is capable of aggregation,
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a process called nucleation.*'? This is evidenced by the characteristic lag-phase of amyloid
formation kinetics.'® The fact that the lag phase can be eliminated by adding a small amount of
pre-formed aggregate shows that this delay is the time it takes for a protein in solution to form
that template.!** For well-folded proteins, a precursor to this step is at least partial unfolding of
the protein region that forms the amyloid core. For IDPs/IDRs, the protein requires no unfolding
but still has to search conformational space in order form the correct structure to serve as a seed

for aggregation.t*®

Amyloid in biology

The presence of amyloid protein deposits is indicative and even diagnostic of a number of
human diseases.'6116117 However despite this correlation, the source of pathology in these
diseases is still unclear. In some systemic amyloidosis pathologies, astoundingly large quantities
of amyloid aggregates (sometimes even kilograms) are deposited in tissues and interfere with
biological function, leading to biological system failures.!'® In other pathologies the causative
agents are less clear. For example, Alzheimer’s disease is predominantly characterized by
amyloid deposits of two types of proteins: AP and tau. Early studies showed that the presence of
AP amyloid was correlated with cell death, suggesting that its aggregation was the causative
factor in neurodegeneration.’® This hypothesis was questioned when analysis showed that
disease progression is not strongly correlated with the quantity of insoluble aggregate, as would
be expected if it was the toxic species. Instead disease progression has been shown to be
correlated with soluble concentrations of aggregating protein.’?®  Additionally mouse models
show disease symptoms before insoluble aggregates are formed.!?! These observations gave rise
to a new hypothesis that suggests that a pre-fibrillar state is responsible for cell toxicity in

amyloid pathologies.*?> Upon further examination, multiple studies have shown that although

24



fibrils can be toxic, pre-fibrillar species are often more toxic and are thought to be the most
destructive element for many proteins capable of forming amyloid aggregates.?3-12

Beyond its role in disease, there are many examples of functional amyloid. Functional
amyloid structures have been found in bacteria, fungi, spiders, and even humans.*?> The human
hormone system makes use of amyloid structure as a way to store and release peptide hormones
in a controlled manner.*?® Ironically one of the more notable examples of functional amyloid is a
major issue for human disease. Bacterial biofilms are a surface-attached bacterial community,
organized in such a way that they can channel necessary nutrients to different layers.*2"12¢  This
is an issue for human disease as these biofilm communities are often resistant to different
antibacterial agents. A class of peptides called phenol soluble modulins (PSMs) have been
shown to be involved in structuring biofilms and have amyloid characteristic while doing so,

suggesting a role for amyloid in healthy bacterial colonies.?13!

1.5) Drug discovery for disordered or misfolded Proteins

Because of their widespread utility in disease and healthy biological functions, IDPs have
been identified as promising protein targets for therapeutic intervention.*323® The predominant
focus around drugging these proteins is to modulate their protein-protein interactions and make
these interactions either more or less favorable by stabilizing or destabilizing the protein-protein
complex. The interactions between IDPs and their protein partners are highly specific and often
have many downstream effects. As such, a change in affinity due to a small molecule could have
specific yet drastic ramifications on cell behavior.

Current methods of drug development are frustrated by the dynamic nature that defines
disordered protein, as many medicinal chemistry techniques rely on utilizing an established and

reliable binding pocket to understand factors that determine ligand affinity and effect. Despite
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this complication, modulation of disordered protein behavior with small-molecules is appealing.
The following segments will discuss methodologies that have been used to identify and refine

potential therapeutics intended to modulate the activity of disordered proteins.

High throughput screening and chemical analoging

High throughput screening is a viable, albeit costly and time-consuming method of
discovering ligands for disordered proteins. As with all attempts of ligand searching, the first
step in using such an approach is to develop an assay capable of detecting binding in an easily
scalable manner. Unfortunately, the dynamic nature of disordered proteins presents challenges
for many of the methods routinely used with well-folded targets. For example, methods that
require the protein to be attached to a surface, like surface plasmon resonance, cannot be used on
IDPs because the action of capturing the protein can be enough to drastically modify the
dynamics and affect interactions with potential ligands.

A good example of successful library screening for IDP modulating compounds focuses
on the interaction between c-Myc and Max. The c-Myc and Max interaction is a well studied
coupled folding and binding event. When c-Myc binds to Max it undergoes a disorder to order
transition, as evidenced by changes in Circular Dichroism spectra.** Myc proteins are involved
in signaling and transcription pathways, and their activity has ramifications on metabolism,
apoptosis, and other aspects of cell growth, making it a promising target for pharmaceutical
invervention.®® To develop a scalable screening assay to identify ligands targeting the
disordered protein c-Myc, researchers adapted a yeast transcription system so that it only
activated when these two proteins associated. They then used this to screen compounds. By
measuring the effect of the compound on beta galactosidase production, a downstream result of

the transcription factor activated by the interaction between c-myc and Max, they were able to
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identify numerous low-molecular weight compounds that inhibited the interaction.**

Subsequent studies explored similar chemical space of compounds identified in the pilot study to
improve upon the efficacy of these compounds, showing that once ligands are found they can be
further optimized using canonical medicinal chemistry techniques such as structure-activity
relationship studies.™®’ Further examination of this interaction showed that the activity of these
molecules was a result of their affinity towards c-Myc, which confined the conformations of the
protein to the disordered state, preventing the structural rearrangement necessary for its binding
with its partner Max.'® This shows the importance of conformational flexibility towards IDP
function, and also illustrates how modulating the conformational behavior of IDPs can be a valid

strategy for influencing their behavior in disease states.

Computational modeling and in silico docking

Another approach for developing ligands for disordered proteins utilizes the high
resolution data gathered from molecular dynamics to use as targets for computational docking.
The initial step for such a study is to generate a conformational library of different possible
structures of the protein. Zhu et. al did this for the aggregation prone disordered protein alpha
synuclein using replica exchange molecular dynamics. They generated data using a range of
temperatures spanning 276 to 376°K and then searched the data generated at 309.4°K for highly
populated structures using clustering analysis. The structures identified with clustering analysis
were then used in a computational docking screen to find binding hotspots using a fragment
library. They also screened against then known ligands curcumin and Congo red to show that
they bound in these identified hot-spots and followed up with molecular dynamics simulations
initiated with these bound conformations to suggest that the compounds kept their association in

these hot spots.
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Continued studies with this methodology focused on the disordered protein a-synuclein
(a-syn).13 Zhu et al adjusted their method to bias their conformational library by restraining the
molecular dynamics simulations with NMR-derived parameters. After generating and searching
the conformational library of a-syn they sought out binding pockets and screened a library of
fragment probes which led to the identification a lead compound. Examination of this compound
found that it rescued a-syn-induced disruption of vesicle trafficking. This served as an early
example for the viability of using computational methods to discover viable lead compounds that

target disordered proteins.

1.6) Tau as a model system

Tau is an exemplary IDP to study for the purposes of deciphering IDP behavior and then
targeting it for therapeutic intervention. It has a flexible and dynamic conformational ensemble,
it has relevant involvement in functional biology, and it is involved in a number of pathologies
involving amyloid aggregation.

In its natural role, Tau is a microtubule associated protein that is thought to bind and
stabilize microtubules and has important roles in neurite outgrowth and axonal trafficking®°. Its
structure is often classified into three distinct regions. The N terminal region is the projection
domain that helps regulate microtubule spacing and is involved with membrane anchoring and
tau dimerization.'*143 The Microtubule binding region (MTBR) is a domain composed of 4
imperfect repeats. It is at least partially responsible the association of tau with microtubules with
multiple weak binding sites across different repeats. These interactions help drive the assembly
of tubulin monomers into filaments, as shown by their effect on tau’s ability to associate with

two tubulin monomers.}** Between these two regions is the Proline rich region (PRR), a domain
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composed of two sub-regions and highly concentrated in proline residues. This domain also has
tubulin binding and polymerization capacity and works synergistically with the MTBR.#®

Full-length tau protein is 441 residues long, but like many highly regulated disordered
proteins, it is subject to differential splicing resulting six different possible isoforms. Different
isoforms of tau have between zero to two N-terminal repeats, and the second of the four repeats
of the MTBR s also differentially expressed. Proportions of the different isoforms with relative
populations of these different isoforms changing throughout different stages of development. In
fetal stages of development only the shortest tau isoform is expressed but by adulthood all six
isoforms are expressed. The reasons behind this are not fully known.*#¢14¢ Another notable
behavior of disordered proteins that tau exemplifies is the dependence of its behavior on
phosphorylation. Full length tau has 73 serines capable of being phosphorylated, and there is a
complex network of kinases that handles this process and help regulate its natural function.**® In
many disease states tau becomes hyperphosphorylated and this hyperphosphorylation is
associated with the detachment of tau from microtubules, and tau that is extracted from post-
mortem samples of patients with tauopathies are often hyperphosphorylated.'4>** The
relationship between tau phosphorylation and its function in biology and disease complicated.
The behavior of tau is determined not only by whether or not it has been phosphorylated, but by
which specific sites have been phosphorylated. There are many sites that when phosphorylated
induce aggregation, but there also exist sites that when activated with a kinase inhibit the
aggregation of tau, making the relationship between tau, phosphorylation, and the kinases and
phosphatases that regulate it hard to decipher.t®1152

Tau’s formation into amyloid aggregates is a diagnostic feature in a suite of pathologies,

collectively called tauopathies, and include neurodegenerative diseases such as Alzheimer’s
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disease and chronic traumatic encephalopathy. These tauopathies closely resemble another class
of diseases in which the disordered protein a-synuclein aggregates into amyloid fibrils and is
exemplified by the Parkinson’s disease. The similar mechanisms involved suggest that these
neurodegenerative diseases are related and this hypothesis is further supported by examples of a-
synuclein and tau affecting each other’s pathologies.’® a-synuclein aggregates, called Lewy
bodies, have been found in half of Alzheimer’s patients when identified with a-synuclein
antibodies.® In vivo models have shown that tau co-localizes with a-synuclein and changed the
size distribution of a-synuclein aggregates as well as increased their toxicity.’®® The routine co-
occurrence of the aggregates as well as in vitro evidence that they affect each other has brought
into question whether the tau aggregation and a-synuclein disease classes are distinct from each
other. It is plausible that these diseases intermingle, and have almost cooperative effects with
one disease promoting the pathological mechanisms of another.>

Different diseases that display tau aggregation have different fibril morphology.
Recently, cryogenic electron microscopy structures were built using samples extracted from
Alzheimer’s patients, and multiple distinct morphologies were observed.’®® Additionally, fibrils
harvested from different diseases such as Pick’s disease and Alzheimer’s disease have unique
morpholgoies.’®” When used to template further aggregation in mice models, different
morphologies or “strains” of tau aggregation induce distinct physiological effects. Additionally,
when fibril fragments were used to propagate further aggregation in cell models the strains were
mostly self-replicating. When the morphologies changed there were some morphologies favored
over others. This suggests that there is not only flexibility in fibril formation, but that the

formation of some morphologies is preferred over others.**8
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In pathological settings tau takes a very long time to aggregate — often times the
timescale is measured in years or decades. It is not known what incites the aggregation, although
factors such as hyperphosphorylation and interaction with lipid bilayers are implicated. The
unfolded protein response, encompassing molecular chaperones and the ubiquitin/proteasome
system, is also instrumental in repressing tau aggregation and defending neurons from tau
pathology. For experimental purposes, it is not viable to examine the aggregation of tau over
biological timescales. Instead in vitro experiments take advantage of a number of known
cofactors that shorten the time of aggregation. Of these cofactors, the polyanionic biopolymer
heparin is the most widely used to incite the aggregation of amyloid fibrils for proteins such as
tau.’®® The presence of heparin reliably incites amyloid formation, but the fibrils formed as a
result display a unique fibril morphology not observed in disease conditions, calling into
question the utility of using it to aid in biophysical studies.®°

When studying aggregation processes, there are a number of tau constructs that are useful
for studying the mechanics of tau aggregation®®®. Many studies focus on the MTBR as opposed
to the full-length protein, as it has been well characterized to recapitulate the aggregation and
pathological membrane binding activity of full-length tau. Under otherwise identical conditions,
the aggregation of the MTBR of tau is an order of magnitude faster than the full-length construct
and thereby serves as a useful model construct in studies focusing on tau aggregation.

. Attempts to understand the role of disordered proteins in biology often come from
bioinformatics approaches that look for trends in large sets of data, or in biochemical studies that
alter their sequence or expression. While these techniques are obviously valuable and give
insight to the roles that disordered proteins have they are limited. Bioinformatics approaches

identify insightful trends such as involvement in cancer or signaling pathways, but cannot ascribe
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specific roles in those pathways. Biochemical methods that change the sequence of IDPs or
ablate their expression can point towards the specific actions or roles of disordered proteins, but
struggle to show incremental differences or the effects of temporary changes. Modulation of
protein behavior with a small molecule ligand would allow for more fine-grained and temporally
defined methods of determining their roles in biology. This in turn would be useful for our
understanding of their role in disease, but also in other more fundamental ways such as probing
the transcription network or understanding how protein disorder impacts protein-protein
interactions in the cell.

At the moment there is a lack of methods sufficiently attuned to the nature of IDPs that
can rapidly and efficiently develop small molecule ligands targeting them. This thesis project
seeks to develop tools necessary for identifying and developing small molecule ligands targeting
disordered proteins. This work is built upon the hypothesis that despite the dynamic nature of
disordered proteins, there are structures, either local or global, that can be targeted by small
molecules and change the behavior of the disordered protein. Chapter 2 details a method that
takes advantage of in silico and in vitro methods to determine locally persistent structures and
efficiently identify ligands that bind to the MTBR of tau. Chapter 3 then expands upon that work
to elucidate structural activity relationships of these compounds and expand upon them finding
more active compounds that are chemically related to the lead compounds identified in chapter 2.
Chapter 4 shows that these methods can be adjusted to make use of additional information
available depending on the system. By targeting relevant global conformations of phenol soluble
modulins and then applying a similar method of computational screening that was developed in
chapter 1, multiple ligands were found that affect the membrane interaction and aggregation of

short disordered peptides that are involved in mechanisms of antibacterial resistance.
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Chapter 2
The Rational Discovery of Tau-binding Ligands

Reproduced with permission in part from Baggett, D. W. & Nath, A. The Rational Discovery of
a Tau Aggregation Inhibitor. Biochemistry 57, 6099-6107 (2018). Copyright 2018 American
Chemical Society.!

Introduction

Current approaches to rational drug design and discovery are frustrated by the highly
dynamic nature of many protein targets relevant to major human diseases. Specifically,
conventional approaches rely on the twin assumptions that a protein populates a single, well-
defined structure, and that a small molecule ligand compatible with that structure can bind
specifically to the target so as to interrupt pathological activity or restore normal function.
However, a significant fraction (estimated to be 30-50%) of human proteins are completely or
partially unstructured.? These intrinsically disordered proteins (IDPs) rapidly fluctuate between
an ensemble of structures instead of adopting a single well-defined conformation, and cannot be
characterized using classical structural biology methods such as X-ray crystallography.®~
Consequently, it has been challenging to rationally develop new therapies for diseases linked to
IDP function and dysfunction.

IDPs and intrinsically disordered regions (IDRs) are involved in many widespread and
severe diseases for several reasons.®’ First, IDPs tend to play important roles in cell signaling
pathways. Due to their remarkable structural plasticity, IDPs can bind transiently yet specifically
to a variety of different partners, serving as hubs for the flow of information in the cell. Aberrant
signaling (due to mutation, toxins, stress- or age-related post-translational modification) can
drastically impair cellular function, accounting for the fact that most cancers involve the

dysfunction of particular IDPs, including the tumor suppressors p53 and BRCA1.3°

47



Second, the unique physical and chemical properties of IDPs enable them to play vital
roles as tunable structural components of subcellular macromolecular assemblies such as non-
membrane-bound organelles (NMBOs), the nuclear pore complex, and cytoskeletal
architecture.!®!'? For instance, NMBOs such as stress granules and P-bodies form by reversible
co-aggregation or co-acervation of specific proteins and RNA resulting in liquid-liquid phase
separation and droplet formation within the cytoplasm.!'®!® These droplets appear to perform
important metabolic and physiological functions, with their formation being switchable and
regulated. Defects in particular IDPs can cause disorders such as amyotrophic lateral sclerosis
(TDP-43, FUS etc.) and hypertrophic cardiomyopathy (troponin-C).'#13

Third, many IDPs are key players in degenerative amyloid disorders such as Alzheimer’s
disease (AD), type II diabetes, and Parkinson’s disease.'®!” In these conditions, particular IDPs
convert from soluble, monomeric native states into a heterogeneous and dynamic ensemble of
toxic intermediates and then into highly ordered B-sheet-rich amyloid aggregates. Amyloid
toxicity frequently involves the remodeling and disruption of membranes by partially structured
monomeric or oligomeric species.

There is therefore an urgent need for drug discovery strategies targeting IDPs,
exemplified by the focus of this study: microtubule-associated protein tau. In its physiological
role, tau stabilizes microtubules, regulates axonal trafficking in neurons, and is involved in
neurite outgrowth.!'® Tau remains predominantly disordered even when bound to microtubules or
tubulin, outside of the residues that interact with these partners.'>!*?* Amyloid formation by tau
(often accompanied by hyperphosphorylation and oxidative modifications) is a hallmark of a
range of neurodegenerative disorders, including Alzheimer’s disease (AD) and chronic traumatic

encephalopathy, that are collectively called tauopathies.’! AD is also characterized by the
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aggregation of the IDP amyloid- into senile plaques; conversely, tau neurofibrillary tangles are
frequently observed in synucleinopathies such as Parkinson’s disease (PD) and dementia with
Lewy bodies. Membrane interactions are central to the pathological activity of tau: tau causes
membrane leakage, disrupts vesicles, and forms lipid-protein co-aggregates.?>2* Tau occurs in
six different isoforms generated by alternative splicing, up to 441 residues long. The central
microtubule binding region (MTBR) of tau, consisting of three or four repeats, is responsible
both for interacting with tubulin, and for pathological self-association and cytotoxicity.?>%>-26
Two hexapeptide repeats dubbed PHF6 and PHF6* are important drivers of aggregation in vitro,
and (along with surrounding portions of the MTBR) form the structured core of tau fibrils.?”2°
We focus our studies on the tau4RD construct (residues 244372, comprising all four repeats of
the MTBR), which recapitulates tau amyloidogenesis and membrane interactions.?**° Tau is a
particularly intriguing model system because it displays the full gamut of IDP behavior: disorder
is important to its native function, and it remains largely unstructured even when bound to

12,20

microtubules; its conformational ensemble is very sensitive to environment and binding

31,32 22,26

partners; it forms amyloid aggregates and causes membrane leakage; it forms lipid-

2324 and also undergoes liquid-liquid phase transitions.*

protein co-aggregates,
The discovery and design of drug-like small molecules capable of ameliorating
aggregation by tau and similar IDPs has been a long-standing goal.*** Despite substantial effort,
our toolkit of amyloid-modulating compounds had until recently been limited to relatively
confined regions of chemical space: a handful of dyes and their analogs, polyphenols like tannic

acid and epigallocatechin gallate (EGCG), and other natural products such as curcumin.*>*? This

generation of active compounds has generally been discovered serendipitously or by high-
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throughput screening, and has yielded valuable insight into the conformation and aggregation
mechanisms of diverse IDPs.

Although IDPs are undeniably challenging targets, there has been exciting recent
progress towards the goal of rationally discovering or designing active ligands. Advances in
spectroscopic techniques including NMR, single-molecule Forster resonance energy transfer
(FRET), time-resolved FRET, tryptophan triplet state quenching, and electron paramagnetic
resonance have all provided invaluable insights into IDP conformation and dynamics.>3!43-46
Simultaneously, the development of enhanced sampling simulation techniques such as replica
exchange molecular dynamics (REMD) and metadynamics, as well as optimized Monte Carlo
methods, have generated unprecedented molecular insight into the conformational ensembles
sampled by IDPs.*>!#7>! Tau and tau4RD have been modeled using Monte Carlo and molecular
dynamics approaches.>*>* Several groups have been able to leverage this conformational insight
into monomeric, oligomeric and bound states of IDPs to generate new, biologically active
ligands for a variety of disordered targets.*>> " For example, novel ligands have been discovered
or designed for amyloid states of tau and other IDPs,>*%° for membrane-bound dimers of islet
amyloid polypeptide (IAPP or amylin),”” and to disrupt p53/MDM binding.®! Broad-spectrum
amyloid modulators have been developed based on oligothiophene,®? oligoquinolone,*** (D,L)-

6366 and molecular tweezer®” architectures. Moreover, monomeric disordered states of

peptide
targets such as c-Myc, amyloid-f and a-synuclein have been successfully targeted by identifying
transiently sampled, druggable structures.’>-%® In these works, experimentally constrained or

filtered simulations were used to define an ensemble of target states, which were then subjected

to computational screening followed by experimental validation.
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Here, we have been able to improve on these efforts using new enhanced sampling
simulation protocols for IDPs, methods to identify preferentially sampled local structures within
a larger disordered ensemble, and a combination of conventional computational docking and
machine learning (ML)-based screening. Using this approach (schematized in Figure 2.1),
examining thousands of compounds computationally and just ten in vitro, we have identified one
novel compound that inhibits tau aggregation as well as a second that binds to fibrils without

altering the extent of aggregation.

Experimental Procedures

Molecular Dynamics Simulations

Molecular dynamics simulations, including ReSA simulations were done using
GROMACS 4.6.5% with the Amber99SB forcefield. Ten starting states for the MTBR were
generated, one using a conformation from FRET-restrained Monte Carlo simulations,*! and the
remaining nine using randomized Ramachandran accessible phi-psi angles and correcting for
clashes. Systems were solvated using the tip4p-ew water model, with ten chlorine atoms were
added to neutralize charge. Starting structures were energy minimized using a steepest-descent
algorithm, then allowed to relax for 0.25 ps with a 0.05 fs timestep before starting ReSA
simulations. ReSA was performed using PME electrostatic calculations, NVT ensemble with v-
rescale thermostat, and a timestep of 5 fs. Simulations were stopped every 2 ns, then restarted,
alternating the reference temperature between 300 and 500K each time.

Clustering and Small Molecule Docking

Simulation data from the 300K simulations was taken and used for clustering analysis.

Clusters were determined for all 25 segments of the peptide using all-atom RMSD values.

Various clustering algorithms and criteria were examined, and the GROMOS algorithm® using
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an all-atom RMSD cutoff of 0.2 nm was determined to give the best representative structures
based on structure homology and population of the clusters. Median structures from each of the
10 most populated clusters of each segment were converted to receptor models for docking in
AutoDock Vina.” Structures of the ChemBridge CNS collection were obtained from PubChem
and parameters were calculated using OpenBabel.”! Ligand models were built using AutoDock’s
ligand preparation utility. CACTVS fingerprints’> were obtained from PubChem. Ligand docking
was done using AutoDock Vina, with a search area encompassing the space of a cube extending
2 nm beyond the receptor model in each dimension.
Protein Expression

Plasmids containing the His-tagged tau4RD or full-length tau2N4R genes with a TEV
cleavage site were received as a gift from the Rhoades lab at the University of Pennsylvania.
Plasmid was transfected into two E. coli lines: DH-5a for long-term stocks, and BL-21 for
protein expression. To express protein, BL21 (DE3) cells were incubated in 1 L of Luria-Bertani
(LB) medium in baffled flasks. Cells were grown in at 37°C, 220 RPM in a New Brunswick
Innova 44/44R incubator until the OD reached 0.6—0.7. IPTG was then added to a final
concentration of 0.4 mM, the temperature was dropped to 16°C and the culture was allowed to
grow overnight. The following day, cells were harvested by centrifugation and resuspended in
lysis buffer: 50 mM Tris, 500 mM NacCl, and 10 mM imidazole, pH 8 @ 4°C. Halt Protease
inhibitor cocktail (Life Technologies; 300 uL), 0.1 mg/mL DNAse, 0.1 mg/mL RNAse, and 300
uL of a saturated solution of PMSF in ethanol was added per 1 L of growth before lysis via
French press. The lysate was then centrifuged at 9000 g for 45 minutes. The supernatant was
passed through 0.8 and 0.4 pum filters, before being loaded onto a 5 mL Ni-NTA agarose column.

The protein was eluted by increasing the concentration of imidazole in the solvent from 10 to
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250 mM. The eluent was buffer exchanged back into 10 pM imidazole buffer, while incubating
with ImM dithiothreitol and 250 puL of TEV protease at 2.8 mg/mL overnight at 4°C. This
solution was then run over the Ni-NTA column and the flowthrough was collected and
concentrated to 1-2 mL using a 3 kilodalton molecular weight cutoff centrifugal filter. The
concentrate was fractionated using a 25 mL S200 extended gel-filtration column with buffer
containing 20 mM Tris HCL, 50 mM NaCl, 1 mM TCEP pH 7.4 as the mobile phase. Purity was
confirmed by SDS-PAGE. Protein was concentrated, aliquoted and flash frozen before being
stored at —80°C. Concentrations of protein were obtained using Pierce BCA Protein Assay Kit
(Thermo Fisher Scientific).
Preparation and Storage of Selected Compounds

Selected compounds were identified from the ChemBridge CNS small molecule
collection, and dry samples were obtained through Hit2Lead (ChemBridge, San Diego, CA).
Samples were dissolved in DMSO to 1 mM stock solutions and stored at -80°C. The identity of
active compounds was confirmed with Quantitative time of flight mass spectroscopy using an
Agilent Technologies 6520 Q-TOF (Figure 2.10). Dynamic light scattering (DLS) was used to
confirm that at experimental conditions, artifacts due to compound insolubility’® were unlikely to
contribute to observed activity (Figure 2.11). DLS assays of compound aggregation were
performed using a DynaPro NanoStar Laser Photometer and accompanying software. DMSO
control and compound samples were incubated overnight at room temperature or at 37°C, and
then immediately assayed.
Aggregation Assays

All fibrillization reactions were carried out at 37°C at pH 7.4, in buffer containing 20 mM

Tris HCL, 50 mM NaCl, 1 mM TCEP, and 50 uM thioflavin T (ThT). 100 pL aliquots of tau4dRD
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and ThT at twice the desired final concentration were prepared in black-walled polystyrene 96-
well plates (Corning Life Sciences, Tewksbury, MA). Equal volumes of unfractionated ~3KDa
heparin sodium (Acros Organics, Morris Plains, NJ) at twice the desired final concentration were
added to the wells to initiate the reactions. Final concentrations of tau4RD and heparin were 5
uM and 3 uM respectively. Reaction progress was monitored by increase in Thioflavin T
fluorescence with Aex = 440 nm and Aem = 485 nm in a BioTek Synergy HTX (BioTek, Winooski,
VT) plate reader. Reads were taken every 5 minutes after 1 minute of agitation (for tau4RD), or
every 10 minutes with continuous agitation (for full-length tau). Intrinsic fluorescence from
compounds was in all cases < 5% of the background, which was corrected for by baseline
subtraction. Experiments were performed with at least 3 technical replicates.
Tyrosine Fluorescence Assays

Tau4RD contains a single native tyrosine, which provides an intrinsic spectroscopic
probe of concentration. Tyrosine fluorescence assays were performed to measure tau4RD
concentration in solution using an Agilent Cary Eclipse spectrophotometer. Samples were excited
at 276 nm, and fluorescence was measured from 300-310 nm. A standard curve was constructed
using buffer-matched samples of tau4RD, and used to estimate soluble tau levels. Samples were
incubated under the same condition as the aggregation assays listed above, save that duplicate
samples were made without ThT. Initial concentrations were measured immediately after the
addition of heparin. Additionally, after 3 hours of incubation, samples were centrifuged (30
minutes at 21,100 g) at 4°C, which was sufficient to separate large aggregates and bona fide
fibrils from monomer and small, soluble oligomers. After centrifugation the intrinsic tyrosine
fluorescence of tau in the supernatant was measured. Each experiment was run with 4 technical

replicates, and the results averaged.
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Gel Densitometry

Aggregation reactions were allowed to proceed for 3 hours and spun down as described
above. 15 pL of the supernatant was boiled with 3 uL of loading dye and then run on an
Invitrogen Bolt 12% Bis-Tris 15 well gel, along with T=0 controls and standard samples of 1, 3
and 5 uM tau4RD. Gels were scanned with a Li-Cor Odyssey CLx gel-scanner, and band

intensity was analyzed using Fiji.”*

Results

Our approach is depicted schematically in Figure 2.1. We began by performing enhanced
sampling molecular dynamics on tau4RD to sample its native conformational ensemble. We then
used clustering methods to identify preferentially sampled, locally structured states within this
ensemble. These preferentially sampled structures were then used in computational screening
procedures to identify promising compounds from a library of ~5x10* small molecules. ML
techniques were used to refine and guide molecular docking calculations. Finally, we assayed ten
selected compounds in terms of their effects on tau4RD amyloid formation in vitro.

While replica exchange molecular dynamics (REMD) simulations are physically rigorous
and are useful for smaller IDPs, they are impractical for an IDP as large as tau4RD. (For
example, using explicit solvent, approximately 200 replicas would be required to ensure an
exchange probability of 0.01.7°) To overcome this limitation, we developed and implemented an
alternative technique we term Repeated Simulated Annealing (ReSA). In ReSA, a single MD
trajectory is periodically (every 2 ns) exchanged from a low temperature (300 K) to a high
temperature (500 K) and then returned to 300K. Upon raising the temperature, the target protein
rapidly samples conformational space. When the temperature is lowered, the protein dynamics

slow down and the simulation samples the local conformational space of the protein (Figure
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2.2A). We ran ten 100ns simulations from 10 distinct starting positions, then sampled the 300 K
portions of the ReSA trajectory every 50 ps (thereby omitting most structures sampled as tau4RD
relaxed from 500 K to 300 K), resulting in 500 ns of usable conformational data. As expected,
ReSA samples a broader conformational space in a given time period than conventional MD
(Figure 2.2B). Moreover, ReSA more closely recapitulates the radius of gyration (Rg) derived
from SM-FRET?! and small-angle X-ray scattering’® than conventional MD does (Figure 2.3D).
NMR chemical shifts calculated from the ReSA ensemble are also in good agreement with
experimental measurements (Figure 2.2). Both the predicted chemical shifts and the contact map
(Figure 2.4A) are very similar to those obtained by extensive (4.8 us) REMD simulations.>*
After generating a library of conformations using ReSA, we used a local clustering
approach to identify potential docking targets. One of the challenges in identifying targets from
an IDP conformational ensemble is determining which conformations are the most frequently
sampled in solution. More popular conformations are desirable as targets: the more frequently
sampled a conformation is, the greater the chance it encounters a ligand. However, identifying
well-sampled conformations for dynamic protein targets is not straightforward. Conformational
fluctuations in distant, unrelated parts of the protein can cause the clustering algorithm to classify
two conformations as distinct and relatively uninteresting even if they both displayed the same
local structural motif. Because our conformational library displayed few long-range contacts, we
expect local structures to be relevant targets (Figure 2.3). Attempts to generate clusters based on
global conformational similarity (e.g., Ca. RMSD for the entire tau4RD sequence) would
overlook bona fide, preferentially sampled local structures. Instead, we performed clustering on
overlapping segments of tau4RD extracted from the larger ReSA ensemble. We tested segment

lengths of 5, 10 and 20 residues, and found that ten-residue segments (Figure 2.5) provided the
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best compromise between cluster resolution and cluster population. This approach allowed us to
model the conformations of tau4RD in the context of the complete molecule, yet also identify
relevant local structures. After experimentation with different clustering methods and all-atom
RMSD cutoff values, we clustered our structures using the GROMOS geometric clustering
method® using a RMSD cutoff of 0.2 nm. This allowed for the identification of well-resolved
preferentially sampled structures for each of the 10-residue segments (Figure 2.6).

We used these structures as docking targets for virtual screening of small molecules. Each
of the 10 most populated clusters for each of the 25 segments was used as a target for
computational docking. Each cluster was representative of 0.5% to 4% of the conformational
library. A pilot set of 1000 compounds of the ChemBridge CNS collection was docked against
the 250 targets using AutoDock Vina. These results showed that compounds preferentially bound
to particular regions of the tau4dRD (Figure 2.7A), suggesting that these segments are essentially
the most “druggable” portions of the protein. We also found that similar docking results are
obtained when targets were generated from either half of the ReSA 300K dataset (Figure 2.6C),
which suggests that the ReSA conformational ensemble has converged sufficiently for our
purpose of ligand discovery.

It would be computationally prohibitive to dock larger (> 10* compound) libraries to all
250 targets. Therefore, we used ML to mine large compound collections and prioritize small
molecules for more detailed computational screening. ML techniques can robustly and efficiently
predict diverse aspects of chemical function from simplified descriptions of a compound’s
structure.’””""% We used CACTVS chemical fingerprints®! to quantify the presence of chemical
features of the compounds in the CNS collection, then used partial least squares regression

(PLSR) analysis to correlate the presence and absence of chemical features with docking scores.
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A CACTVS fingerprint is an 882-bit binary string, with a 0 or 1 at each position corresponding
to the absence or presence of a particular chemical feature in a compound of interest. PLSR is a
versatile technique capable of identifying the relationships between two matrices, one of which is
dependent in some way on the other.”” PLSR simultaneously decomposes those matrices to
identify patterns of covariance to build a regression matrix that, when multiplied by the
independent matrix, approximates the dependent matrix. In our case, the independent matrix F
consists of the CACTVS fingerprints for each compound in a training set, while the dependent
matrix S consists of docking scores for each compound in that training set to each target in a
panel of ReSA-derived clusters. PLSR yields a prediction matrix P such that F-P=S. If a vector f
consists of the fingerprint of a new compound not in the training set, then the vector s=f-P will
contain the predicted docking score of that compound for each target in the panel. PLSR thus
approximates the results of multiple, computationally intensive docking calculations with a
single matrix multiplication step.

We validated our PLSR predictions using a subsampling approach. Briefly, 10 randomly
selected molecules were withheld from the training set, and the model was trained with the
remaining 990 (Figure 2.7 B). We then compared the predicted scores of the 10 test compounds
with docking scores generated by Autodock Vina. We repeated this subsampling ten times, each
with a different set of 10 test compounds. The Pearson correlation coefficient between PLSR
predictions and docking scores were 0.60 + 0.29 as compared to 0.64 for the training set, while
the Spearman rank-order correlation coefficient was 0.58 + 0.20 for the test sets vs. 0.67 for the
training set. This indicated that PLSR was able to predict the docking scores of unknown

compounds with reasonable accuracy.
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We then applied our validated PLSR protocol to predict docking scores for all 50,000
compounds in the ChemBridge CNS library, and selected the top 1000 molecules for another
round of docking. For computational efficiency, all subsequent docking calculations were
performed only with the segments of tau4RD identified to be druggable (Figure 2.7A). The
docking results of these 1000 compounds were used to update the PLSR training set, and the
PLSR predictions were repeated. The 1000 compounds predicted to have the best docking scores
were again selected for docking, and this process was repeated, at which point the proportion of
new compounds (i.e., not identified in previous rounds) dropped to ~40% and the docking scores
of the best compounds stayed approximately constant. At this stage, we considered the ML
screen to have converged, and ranked all compounds in terms of their docking score for any
segment of tau4RD (Figure 2.7C). High-scoring compounds tended to be hydrophobic (mean
clogP of the top 1% of compounds was 3.8, as compared to 3.1 for the entire compound library),
and to feature heteroatomic conjugated systems. Selected docked poses are shown in Figure 2.8.

We selected 10 compounds (see Table 2.1) for experimental testing based on docking
score, targeted segment, and chemical structure, so as to prioritize high-affinity ligands that
bound different regions of tau4RD and sampled diverse regions of chemical space. These 10
compounds were tested for their effects on the pathological aggregation of tau4RD using a
kinetic assay that relies on the enhancement of ThT fluorescence when bound to amyloid
structure. We compared the aggregation of tau4RD in the presence and absence of each
compound and found that 1 and 6 markedly altered the observed trajectory (Figure 2.9).
Compound 1 delayed and decreased the ThT fluorescence in a dose-dependent manner, and
compound 6 increased the magnitude of ThT fluorescence in a dose dependent manner (In

contrast, 0 of 10 compounds randomly selected from the ChemBridge CNS library showed any
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activity). To corroborate the results of the ThT assay, we centrifuged aggregation reactions after
3 hours and measured the amount of soluble tau4RD remaining in the supernatant using intrinsic
tyrosine fluorescence. Compound 1 consistently decreased the amount of aggregated protein
(confirmed by gel densitometry, Figure 2.12), while 6 had no effect. These results suggest that 1
is a bona fide aggregation inhibitor, while 6’s effects on the ThT fluorescence are likely
photophysical in origin. Since this signal results from fibril-bound ThT, the enhancement of
fluorescence suggests that 6 does interact with taud4RD fibrils without affecting the rate or extent
of aggregation. In contrast, 1 is a fairly potent aggregation inhibitor, capable of delaying
aggregation substoichiometrically. However, despite this effect on kinetics, neither 1 nor 6
appears to affect the total amount of aggregate formed once the reaction has plateaued (see 96 h
data in Figure 2.13).

The tau4RD construct has been extensively studied in vitro, in part because it forms
fibrils much more readily than full-length tau. In order to determine whether 1 and 6 retain their
activity towards biologically relevant forms of tau, we studied the aggregation of full-length
(2N4R) tau in the presence and absence of each compound. The response of full-length tau to
these modulators mirrored that of tau4RD, albeit on much slower timescales: 1 delayed the onset
of aggregation, while 6 increased ThT fluorescence intensity without seeming to affect the
kinetics of aggregation in any systematic way. This suggests that 1 and 6 could be useful reagents
in cellular and animal models of tau pathology, whether studying full-length tau or more
experimentally tractable constructs.

Importantly, both 1 and 6 are chemically quite distinct from any other compound known
to affect amyloid formation by tau or any other protein. This suggests that our approach has

indeed enabled us to explore new regions of chemical space for tau aggregation inhibitors.
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Discussion

The role of computation in ligand discovery is to reduce the amount of in vitro testing
needed to identify active compounds. High throughput screening for IDP ligands is often
challenging because binding or other functional outcomes can be difficult to detect. Rates of
success for these undirected screening are as low as 0.04%.%? As such, computational approaches
are appealing in that much of the selection process can be shifted to the relatively cheap and
quick in silico methods. Recent attempts have aimed to identify targets (often using
computational methods guided by in vitro measurements), and then use computational docking
approaches to identify a limited number of promising compounds. For example, Yu ef al.
targeted the IDP c-Myc based on models built from molecular dynamics biased with a known
inhibitor. Their computational screening identified 273 compounds from which they identified 7
novel ligands.>® Vendruscolo et al. used clustering methods to identify the most populated global
conformations in REMD simulations of a-synuclein, and then used fragment mapping to identify
binding hotspots. From computational docking to these hotspots, the authors identified 89
compounds for in vitro characterization, and reported one biologically active compound capable
of rescuing dopaminergic cells in a Parkinson’s cell model.*®

The process we described here distinguishes itself in three major ways. Firstly,
appropriate and efficient enhanced sampling molecular dynamics methods explored
conformational space and generated a valuable conformational library. Secondly, the segmented
clustering approach allowed the identification of well-populated local conformations that serve
as appealing ligand targets. Thirdly, machine learning techniques identified and utilized
chemical characteristics that focused screening attempts and drastically increased the efficiency

of computational screening. Our approach identified two novel tau ligands with promising
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activity — 1 as an aggregation inhibitor, and 6 as a fibril-binding ligand — out of just ten
compounds characterized in vitro. This suggests that our methodology successfully identified
promising targets within a dynamic conformational ensemble and used this information to select
compounds likely to interact with an IDP target. Future studies will examine the biological
activities of 1, 6 and related compounds in cellular and in vivo assays of tau pathology.
Importantly, while the compounds identified here are novel and interesting, they will require
substantial further development to become lead compounds in drug development efforts.
Bioavailability and other pharmacokinetic/pharmacodynamic parameters will need to be
optimized, and so will selectivity for tau over other amyloid-forming proteins. Nevertheless, we
believe that the development of 1 and 6 represents an exciting advance in the collective effort to
improve diagnosis and treatment of AD and other tauopathies. We anticipate that screening larger
compound collections using the methods described here will yield multiple, distinct modulators
and probes of tau aggregation.

The work presented here provides a framework that can easily be applied to other
disordered protein targets. ReSA is easily adaptable to work on other systems, and does not have
extensive computational requirements beyond those of canonical molecular dynamics. We stress
that ReSA is not likely to generate a complete, physically rigorous landscape of an IDP
conformational ensemble, but nevertheless is evidently able to model an IDP at sufficient
resolution and accuracy for rational ligand discovery. The segmentation and clustering approach
is also well suited for other larger IDPs, although the parameters for clustering will need to be
adjusted to accommodate for the flexibility and local structural diversity of the system being
examined. Our hope is that this work provides valuable tools to the research community that aid

in the development of ligands capable of modulating IDP function or dysfunction, so as to gain
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insight into the mechanisms of toxicity, and to advance the eventual development of therapeutics

and diagnostics for IDP-mediated pathologies.
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Figure 2.1: Schematic of our combined computational and experimental strategy to discover
novel ligands for IDPs.
Initially a conformational library is generated with repeated simulated annealing, then well
populated local structures are established from this ensemble using computational methods.
These structures are used as targets for molecular docking simulations. Molecular docking and
machine learning are iteratively used to determine docking scores of a subset of compounds, and
then estimate scores of an entire chemical library. Finally, selected compounds are tested with in

vitro methods.
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Figure 2.2: ReSA explores relevant conformational
space more efficiently than canonical molecular
dynamics.

a) In ReSA, rates of change are increased during
periods of high temperature, as indicated by higher
RMSD values when comparing to structures 50ps prior
in the simulation.

b) Root-mean-squared fluctuation (RMSF) values of
atoms in ReSA simulation are greater than or equal to
the RMSF of those atoms in canonical MD of the same
length generated from the same starting structure,
indicating that in ReSA the protein is more dynamic.
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Figure 2.3: Experimental validation of the ReSA-derived conformational ensemble.

13C chemical shifts of carbonyl C (a), Ca (b), and CB (c) predicted using SPARTA+ & from the
ReSA ensemble align well with published values .

d) The conformational ensemble generated by ReSA (500 ns) more closely recapitulates radius
of gyration (Rg) values derived from FRET-constrained Monte Carlo simulations and small-
angle X-ray scattering’® than that generated by canonical molecular dynamics (50 ns).
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Figure 2.4: Inter-residue contacts in the ReSA-derived conformational ensemble

a) Frequency of < 0.6 nm contacts between residues and (b) average inter-residue distances (nm)
for the entire ReSA conformation ensemble show that while long-range contacts do occur, they
are rare relative to contacts within 10 residues.

1 244 369 441
Tau: | R1 |R2 | R3 |R4 |
Repeat Domain |
. (Tau4RD) i‘
¢ 273
QTAP VPMPD LKNVK SKIGS TENLK HQOPGG
S-1 S-3 S-5
52 54 56
273 302
GKVQI INKKL DLSNV QSKCG SKDNI KHVPG
S-7 S-9 S-11
56 58 5-10 5-12
303 332
GGSVQ IVYKP VDLSK VTSKC GSLGN IHHKP
S-13 S-15 S§-17
sz 514 5-16 5-18
333 362
GGGQV EVKSE KLDFK DRVQS KIGSL DNITH
5-19 521 523
5-18 5-20 S5-22 5-24

363 372
VPGGG NKKIE

S-25

S-24

Figure 2.5: Sequence of tau4RD and segments used for local clustering. Tau4RD spans the 4-
repeat microtubule-binding domain of the IDP tau, and models the full length protein’s capacity
for aggregation and membrane interaction. To identify well-populated local structures within the
conformational ensemble of tau4RD, the sequence was divided into 25 overlapping segments
(denoted S-1 through S-25) and each segment was clustered independently.
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Figure 2.6: Cluster analysis and demonstrations of convergence

a) Cluster population distributions vary greatly with the RMSD cutoff. Clusters generated with

overly large RMSD cutoffs are too large and poorly defined. Cutoffs that are too small do not

generate well-populated clusters.

b) Representative clusters with RMSD cutoffs between 0.1 and 0.5 nm.

c¢) Docking targets generated from either the first or the second half of the conformational

ensemble of tau4RD yielded similar docking as targets generated from the entire set of

conformations, further suggesting that the ReSA simulations have converged for our purposes.

Pearson correlation coefficients are 0.78 and 0.76 for the first and second half targets,

respectively.

d) A RMSD matrix of Segment 1 compares each structure of all 10 independent ReSA

simulations (denoted with different colored arrows) against every other structure. The top half

shows structural similarity with darker pixels signifying higher RMSD values. On the bottom

half, black pixels represent when two structures fall into the same cluster based on an all-atom

RMSD criteria of 0.2 nm. The off-diagonal points on this half show that many clusters are

sampled in non-contiguous parts of a given simulation as well as in multiple independent

simulations.
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Figure 2.7: Discovery of potentially active compounds through iterative machine learning. a) A
pilot set of 1000 compounds randomly chosen from the CNS library was docked against the 10
most populated clusters from each of the 25 segments. The histogram of each compound’s most
favored target illustrates that some segments of tau4RD are better able to accommodate small
molecule binding. b) PLSR trained on 990 compounds from the pilot set was able to predict the
docking scores of the remaining 10 compounds with reasonable accuracy. Pearson correlation
coefficients are shown at the bottom of the panel. ¢c) PLSR was used to select compounds from
the diverse set of small molecules in the CNS library. Iteration 1 yielded 1000 compounds based
on the results and fingerprints of the pilot set. Iteration 2, based on the docking scores and
fingerprints of the 2000 compounds from the pilot set and Iteration 1, yielded primarily
compounds that had already been examined and docked in Iteration 1. When these were excluded
from the library, the next 1000 compounds (“Iter. 2 — new”) displayed worse docking scores on
average. This indicated that the PLSR search had largely converged.
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Table 2.1: Compounds selected for in vitro screening, based on a combination of docking score,
chemical diversity and sequence coverage.
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Figure 2.8: Examples of compound docking positions on favored targets.

a) Compound 1 (Red) and Compound 4 (Blue) docked against Segment 3, Cluster 1
b) Compound 8 (Red) and Compound 9 (Blue) docked against Segment 14, Cluster 2
¢) Compound 6 (Red) docked against Segment 16, Cluster 9

d) Compound 2 (Red) and Compound 3 (Blue) bound to Segment 21, Cluster 6

70



4]
o
o
S
(=
w
S
S

S

o

(=}
T

w

o

o
T

100

ThT Fluorescence (A.U.)
N
[=]
o
THT Fluorescence (AU.)
(') @auassadony JA)

0! -

o
-
~N
w
w
=4
=]
w
=)

o

ThT Fluorescence (A.U.) ©

ThT Fluorescence (AU.)

Time (h)

e 150

ThT Fluorescence (AU.)

Figure 2.9: Experimental validation of selected compounds. a) ThT-monitored tau4RD fibril
formation kinetics in the presence of 10 compounds selected based on computational screening.
Compounds 1 and 6 consistently altered the observed fluorescence kinetics relative to vehicle
control. Traces show mean = SEM of 3 technical replicates, and are representative of three
independent experiments. b) Measurement of soluble tau content after 3 hours of aggregation
indicates that 1 but not 6 affects the extent of aggregation. The main panel shows ThT-monitored
aggregation, while the panels on the right show the amount of tau remaining in solution after
centrifugation, measured by intrinsic tyrosine fluorescence. Treatment with Compound 1 (blue)
shows that soluble tau4RD content is unchanged over the course of the experiment. In contrast,
treatments with either Compound 6 (red) or vehicle (black) show a similar loss of fluorescence
intensity. ¢) Compound 1 extends the lag phase and decreases ThT fluorescence intensity in a
dose-dependent manner. d) Compound 6 increases ThT fluorescence in a dose-dependent
manner, but does not dramatically affect the lag phase. For B and C, traces show mean = SEM of
4 technical replicates, and are representative of three independent experimentse) Compounds 1
and 6 exhibit similar effects on ThT-monitored aggregation of full-length tau, with 1 delaying
aggregation and 6 appearing to raise the final level of fluorescence. For D and E, traces show
mean + SEM of 3 technical replicates, and are representative of at least three independent
experiments. Concentration of compounds was set at 10 uM unless otherwise indicated and the
concentration of DMSO for all samples was 1%.
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Figure 2.10: Mass Spectrometry
Mass spectrometry confirms the molecular weights of Compound 1 (a) and Compound 6 (b).
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Figure 2.11: Dynamic Light Scattering
a) DLS shows that at room temperature, particles are present at micromolar concentrations of

both compound 1 and compound 6. After incubation at 37 degrees C, these particles dissipate.
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Figure 2.12: Gel Densitometry

After 3 hours of aggregation monitored by ThT fluorescence (a), densitometry (b) confirms the
aggregation-delaying effect of Compound 1, and suggests that compound 6 does not strongly
affect the aggregation of Tau4RD, as does Tyr-fluorescence.
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Figure 2.13: Tau4RD 96 Hour Gel Densitometry
After 96 hours of aggregation, densitometry results suggest that there is not a significant
difference in the amount of soluble tau remaining after aggregation.
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Chapter 3
Structure-Activity Relationships of Novel Tau Ligand Families

Introduction

IDPs are integral in signaling and transcription pathways and are often found as protein
scaffolds.>? These functions require versatile binding to multiple partners which makes IDPs
and IDRs uniquely suited to fill these roles. As their natural utility has become clearer, so has the
involvement of IDPs in pathology.® Often these diseases are related to the dysregulation of the
natural function of an IDP, leading to aberrant signaling and transcription. With this in mind, it is
unsurprising that IDPs are often key players in cancer. Additionally, IDPs are prone to
misfolding and aggregation, are hallmarks of proteopathies such as Alzheimer’s disease,
Parkinson’s disease, and Type II diabetes.*® As such, the development of small-molecule
ligands that interact with and modulate the activity of IDPs has been a long-standing goal.

Drug development strategies intended to identify and optimize ligands for well folded
proteins are frustrated when applied to disordered proteins. The process of drug design begins
with identifying lead compounds. These lead compounds can be found either through high-
throughput screening or a rational approach based on protein structure. The majority of lead
compounds for IDPs have been identified serendipitously or through high-throughput screening
(HTS).” For example, compounds that target the IDP interaction between cMyc and Max were
identified using a HTS method developed using a hybrid-yeast method that reported on this
interaction.2 Although often successful, these approaches are costly in terms of time, effort, and
expense. The first step in a rational structure-guided approach to identify a target structure,

which yields the information needed to identify suitable ligands. The conformational plasticity of
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IDPs makes this a major challenge because an IDP’s flexible nature results in a diverse
conformational ensemble instead of a single well-populated structure that many techniques that
determine structure rely on. After a suitable lead compound is found, the chemical structure is
optimized to increase affinity and mitigate other issues such as solubility or off-target effects.
The compounds identified targeting cMyc and Max interactions were further optimized by
building a pharmacophore model and searching chemicals related to the originally identified lead
compound.®® Searching the chemical space surrounding lead compounds can lead to
compounds with increased affinity, bioavailability, or mitigated side-effects.

Tau is an IDP that that stabilizes microtubules, regulates neurite outgrowth and also
axonal trafficking in its physiological role.!*? It is implicated in a family of degenerative
diseases called tauopathies, including Alzheimer’s disease, frontotemporal dementia, Lewy body
dementia and chronic traumatic encephalopathy. In these diseases, tau dissociates from the
microtubule and is found as an insoluble amyloid aggregate.****> For both the natural function
and disease states, a specific region called the microtubule binding region (MTBR) is responsible
for much of tau’s binding activity. When expressed independently, the MTBR recapitulates tau’s
microtubule binding activity as well as its pathological aggregation, and has served as a reliable
model system.

Chapter 2 established computational and in vitro techniques to identify lead compounds that
bind to a MTBR construct, Tau4RD. Repeated simulated annealing molecular dynamics (ReSA-
MD), a novel enhanced sampling technique, was used to generate a conformational library of
Tau4RD conformers and computational clustering techniques identified locally persistent
structure within. These local persistent structures were then used as targets for a molecular

docking screen, and from those results ten promising compounds were selected. Of these ten
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compounds, two showed distinctly different fluorescence traces from vehicle control in a
Thioflavin-T (ThT) based aggregation assay. Compound 1 delayed and decreased the amount of
ThT fluorescence, and Compound 6 increased the amount of fluorescence, both in dose-
dependent manners.

This chapter builds on this breakthrough by using compounds 1 and 6 as leads to explore
nearby chemical space and understand the structure-activity-relationship (SAR) of various
analogs. While this has been performed on numerous well-folded proteins and is a crucial step in
ligand design in the pharmaceutical industry, there are comparatively few examples of this
approach when working with disordered targets. Here we not only find new small-molecule
ligands of tau, but also identify SAR for compounds belonging to a novel class of tau

aggregation inhibitors.

Experimental Procedures

Chemicals. Experimental compounds were purchased from either Chembridge or Enamine,
detailed in Table 3.1. All other reagents were obtained from Sigma-Aldrich and used without
further purification.

Protein Expression and Purification. Recombinant Tau constructs were expressed and purified
from E. coli as described in Chapter 2.

Aggregation Assays. Two methods to determine aggregation were performed in this chapter.
Stand-alone aggregation assays examined the effect of Tau4RD aggregation on ThT fluorescence
and were performed as in Chapter 2. Comparative assays utilizing duplicate samples, one with
ThT and one without. ThT samples served to monitor the aggregation and identify samples with
unexpected aggregation kinetics. Samples without ThT were centrifuged at 37°C and 21100 g

for 30 minutes and the supernatant extracted. Supernatant samples were then analyzed with one
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or both of the tyrosine fluorescence assays, or absorbance assays, detailed in chapter 2 or below,
respectively.

Tyrosine fluorescence assays. Tyrosine Fluorescence assays were performed as detailed in
chapter 2.

Determination of compound 6 concentrations: Compound 6 concentration was determined by
measuring absorbance at 248 nm. Compound 6’s absorbance is sufficiently distinguishable from
background absorbance of buffer and Tau4RD. Absorbance of samples was recorded between
195 and 345 nm using a Cary 3E spectrophotometer. The reference cell contained 1% DMSO in
buffer. Raw absorbance data were baseline adjusted such that the 345 nm absorbance was set to
0. A standard curve was constructed using buffer-matched samples of compound 6 and used to
determine soluble compound levels.

Gel Densitometry. Gel Densitometry was used as an orthogonal means to quantify soluble
protein after aggregation as described in Chapter 2.

Computational Docking. Three-dimensional models of each compound were downloaded from
the Pubchem chemical library and then converted to Autodock’s pdbqt format using OpenBabel
and Autodock Tools.***° Compounds were then docked against all 250 peptide targets that were

established in chapter 2, using the same docking protocol.
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Compound affinity model. We derived an equation to describe the equilibrium between soluble
and aggregate-bound states of a drug such as compound 6 as follows. Let drug C bind to the

soluble states S of a protein (whether monomeric or oligomeric) with dissociation constant Ks:

S+ C=SCK =2

F+C2FCGK =T e @)

Then the fraction f of compound associated with insoluble states is given by:

_ [Fc]
f = [Cl+[SCI+[FC]

[F][C] /
Ky
(e BT STIET

We begin the development of our pull-down model by establishing two equations
representing the affinity of our compound (C) for soluble (S) and fibrillar Tau4RD: Ks and Kt
respectively. Then we express the amount of Compound 6 pulled down as a ratio of the
compound pulled down with fibrillar tau [FC] and the combined total of compound
concentrations: free compound [C], compound associated with soluble tau [SC] and the
compound associated with the fibrillar tau [FC]. We then substitute the earlier established
affinity relationships in place of the [SC] and [FC] terms and simplify the ratio to get the final
equation used to evaluate our data.

Note that [S] and [F] refer to the concentration of unbound soluble and fibrillar species

respectively, not including any tau bound to the compound. As long as the dissociation constants
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Kr and Ks are higher than the total concentrations of tau, then the difference between unbound
and total concentrations of soluble or fibrillar tau is negligible. Substituting [S] = [Stt] and [F] =
[Ftot] into equation 3, we can then fit the spin-down data to estimate the values of Krand Ks.
However, this procedure yielded best-fit values of K =5.2 + 0.9 yM and Ks = 8.2 £ 5.0 uM.
These values are close to the tau concentrations used (5-10 uM), and so the assumptions that [S]
~ [Stot] and [F] = [Ftwt] do not hold. Instead, we used numerical simulations of equations 1 and 2
implemented in CopasiUl (http://copasi.org). This approach allows the explicit computation of f,
[F] and [S] at any given concentration of [Fit] and [Stt]. Fitting the numerical model to
experimental data, assuming 1:1 binding of tau and compound, yielded best-fit parameter values

of Ki=Ks=0.5+ 1.5 uM.

Results

Chapter 2 identified two compounds of interest, designated compound 1 and compound 6
(Figure 3.1). Compound 1 decreases and delays fluorescence in a ThT-based Tau4RD
aggregation assay, which suggests it inhibits the aggregation of Tau4RD. In contrast, Compound
6 increased the amount of fluorescence in that assay. When probed further with orthogonal
methods, we showed that Compound 1 was genuinely decreasing the amount of aggregation, but
Compound 6’s increase in fluorescence in the ThT assay was likely photophysical in origin. In
this work we probe the structure-activity relationship of Compound 1 with chemical analogs.
Then we investigate the interaction between Compound 6 and tau4RD and finally we explore the
chemical space surrounding that compound.

Compounds from the ChemBridge and Enamine chemical libraries that shared chemical
similarities to parts or all of compound 1 were purchased and examined with computational and

in vitro methods. (Figure 3.1). We have taken the liberty of labeling the 6 rings of compound 1

85



to facilitate discussion of chemical differences between it and related molecules. Compounds
1.1, 1.2, and 1.3 share similarity with the “left” half of compound 1, consisting of the A, B, and
C rings, but lack the remaining three. Compound 1.4 and 1.5 are very similar to the lead
compound, differing only in the substituents of the B-ring. In place of a phenyl ring (ring A),
Compound 1.4 has a hexene, and compound 1.5 has two methyl groups. Finally, Compounds 1.6,
1.7, and 1.8 probe the impact of the ring systems on the opposite end of the molecule (rings D, E,
and F). Contrasting the activities of compounds 1.6 and 1.7 against compound 1.4 provide
insight to rings E and F, as they are otherwise identical to compound 1.4. Compound 1.8, when
compared to Compound 1, provides information on the importance of the tetrazole ring (ring E)
of the lead compound. This specifically informs on the impact of the tetrazole as compound 1.8
differs from compound 1 by a single nitrogen to carbon substitution in that ring. To assess the
predicted behavior of these compounds, we used the same computational screening procedure
that was used to identify compound 1 (Supplementary Table 3.1). Computational results
predicted most of the compounds to bind in a similar position as the lead compound (Compound
1) with good docking scores.

After identifying these compounds their effects on aggregation were tested using the
established Thioflavin T assay and their activity was compared to vehicle control and the
aggregation in the presence of Compound 1. Apart from the lead compound, only compounds
1.4, 1.5 and 1.7 had notable and consistent activity when compared to vehicle control. For the
compounds that showed activity, this activity was verified with both dose-dependence
experiments as well as orthogonal methods of examining aggregation. Our dose dependent
studies showed a direct relationship between dose and effect on aggregation as shown by ThT

fluorescence assays (Figure 3.2: B-D) and we also found them to inhibit the aggregation of the
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full-length tau construct (Figure 3.3). Tyrosine fluorescence assays of protein in solution
corroborate the ThT data and show that compounds 1, 1.4, 1.5 and 1.7 inhibit amyloid formation
of Tau4RD, and gel densitometry confirmed the activity of compounds 1 and 1.7 (Figure 3.4).

We sought to determine how Compound 6 was amplifying the fluorescence of the ThT assay.
It appears to bind to the Tau4RD aggregate and increase the fluorescence of ThT through that
interaction, but we could not discount the possibility that it somehow amplifies the ThT
fluorescence without binding Tau4RD. To establish this, we first sought to determine if the
compound was associating with aggregated Tau4RD. We determined the amount of compound 6
in solution by measuring the solution’s absorbance at 248 nm. By comparing the amount in the
supernatants of samples that were induced to aggregate with heparin to those that did not
aggregate establish that samples with Tau4RD aggregation had notably depleted concentrations
of compound 6.(Figure 3.2).

For this study, two amounts of initial Tau4RD were used (5uM and 10 uM) in combination
with a variety of heparin concentrations. Increasing amounts of heparin increase the amount of
aggregation and therefore precipitated protein at the end of the assay, although not in a
reproducible manner. Multiple amounts of starting tau allowed us to probe the effect of differing
amounts of soluble Tau4RD in the presence of similar amounts of fibrillar protein. This
information combined with knowledge of the amount of compound removed from solution due
to its association with the fibrillar tau allowed us to estimate the affinity of Compound 6 towards
Taud4RD. The simplest model that fit the data well yielded an apparent dissociation constant of
0.5+ 0.15 uM for Compound 6 binding to either soluble or fibrillar tau (Figure 3.7). The
resolution of the data was not sufficient to determine whether Compound 6 bound with different

affinities to soluble vs. fibrillar forms of tau. Conservatively, we can conclude that Compound 6
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binds to both soluble and aggregated tau with an apparent dissociation constant lower than about
5 uM.

Once we established that Compound 6 is a genuine ligand of tau aggregate, we sought out
other potential ligands related to it. We obtained 3 compounds chemically similar to compound 6
and tested them with our ThT assay (Figure 3.2D). All of the compounds showed a notable
increase in ThT fluorescence, but like Compound 6, gel densitometry showed that they were not
affecting the amount of aggregation occurring and the increase of ThT fluorescence is likely a
photophysical effect (Figure 3.8). We were unable to build absorbance assays like those used to

quantify Compound 6 binding, as the absorbance for the analogs was insufficient.

Discussion

Disordered proteins are a growing focus as they are increasingly shown to be involved in
number of diseases, but their disordered nature frustrates attempts to design ligands to modulate
their activity in disease states. Their disordered nature obfuscates structure-based ligand design
as well as assays often used to assess ligand binding. We utilized computational methods in our
previous work to accelerate the search for small molecule ligands of Tau4RD. Our computational
efforts led us to 10 compounds, of which 2 showed interesting activity in our initial ThT
screening. We investigated these compounds and found that Compound 1 was inhibiting the
aggregation of Tau4RD, and Compound 6 was not changing the aggregation, but was amplifying
the fluorescence. This work sought to expand our understanding of both compounds.

We also investigated the chemical space surrounding the other lead compound identified in
our computational work, Compound 1. With this lead compound we were able to identify a
diverse set of chemically related compounds and tested them with our computational method and

ThT fluorescence assay. In contrast to the molecules related to compound 6, the compounds
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related to compound 1 had a more diverse range of scores, with the highest scores concentrated
around two segments of the peptide. This information suggests that targeting segments 3 and 21
may lead to the identification of more active compounds. When we obtained the compounds and
tested them with our ThT assay, we were able to identify the contributions of different parts of
Compound 1. Compounds 1.1, 1.2, and 1.3 had no activity and thus illustrated that the A, B, and
C rings of Compound 1 are not sufficient for activity. Compounds 1.4 and 1.5 show that the
substituents extending from ring B are not critical for activity but do influence it. Those two
compounds have consistent activity, but are less effective at slowing aggregation than the lead
compound. In our computational studies, these compounds were predicted to have a higher
affinity to Tau4RD than compound 1, but the ThT traces suggest that their effect is weaker. It is
unclear whether the lower potency is due to weaker binding, or a difference in binding mode of
these compounds relative to compound 1 that decreases their effects on aggregation. It is likely
that steric hindrance is a factor, and the B-ring substituents alter how well the compounds bind to
Tau4RD.

Furthermore, the effects of compounds it appears as though the tetrazole (Ring E) is critical
and the phenyl ring (Ring F) is detrimental. These results show that once a lead compound is
found, classical medicinal chemistry approaches such a deciphering structure-activity-
relationships (SAR) can be used to refine ligand activity, even for disordered proteins for which
characterizing the “structure” of the protein/ligand complex is difficult or impossible.

Our results show that although compound 6 does not alter the aggregation of Tau4RD, it does
bind to the aggregate and amplify the fluorescence of ThT as evidenced by the loss in absorbance
at 248 nm (Figure 3.6). As the amount of aggregated tau varies (based on the amounts of heparin

and protein used), the ratio of compound loss to aggregate provides insight towards the
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compound’s affinity towards Tau4RD. In order to estimate the affinity of compound 6 towards
Tau4RD, we needed to first develop a model that didn’t depend on knowing the amount of
compound associated with soluble protein. Our model is based on the minimal assumption that
the association of compound 6 to Tau4RD reaches equilibrium by the time we examine it, and
that compound bound to the fibrillar species is spun down with the aggregated protein. This
leaves the amount in solution the sum of the unbound compound and the compound that is bound
to soluble species of Tau4RD. Samples of compound 6 without any fibrillar tau (prepared by
incubating them without any heparin) behaved the same as samples with no tau, and neither
displayed any loss of compound (data not shown). Our model takes these basic assumptions and
manipulates them (detailed in the Methods section) to estimate the affinity of compound 6 to
Tau4RD. Comparing the data to simulated curves made by calculating the expected amount of
compound pulled down for given affinities towards soluble and fibrillar Tau4RD suggests that
the affinity is in the low micromolar range (Supplementary Figure 3). The resolution of the data
is not sufficient to make any determinations about the relative affinities of the compound towards
the soluble and fibrillar forms of Tau4RD.

With this we have shown that the original computational screen was successful when it
identified compound 6 as a potential Tau4RD ligand in chapter 2. The original goal of that
search was to identify compounds that bind to tau whether or not they change how tau
aggregates. To instead specify the search for compounds that affect aggregation, we would need
a better understanding of what areas of Tau4RD drive aggregation. This would enable us to limit
our search to those regions, searching for compounds that interfere with the intramolecular
interactions that drive aggregation. When we searched the chemical space near compound 6, we

found compounds with similar activity and as such developed a novel class of amyloid ligand.
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Additionally, when we look at the binding profiles of Compound 6 and its analogs, we see that
while they seem to have a preferred location on Tau4RD to dock onto, they can viably dock
across many segments of the protein. Small molecule ligands have previously been identified
whose affinity towards disordered proteins through multiple weak interactions as opposed to a
single specific interaction.?® Therefore, if compound 6 and its structural analogs do not have a
specific binding site it would not be unprecedented.

This chapter took the next logical step in ligand development after identifying lead
compounds in chapter 2. We explored the chemical space surrounding those lead compounds
using computational and in vitro methods and discovered more active compounds. Much like
efforts that predated high-resolution protein structures were readily available, the activity and
structure of the ligands guides our understanding of their interactions without the need for high

resolution representations of binding interactions.

91



Figures

,B \CN% %N% %x *)EO k/©

o —NH y G
Compound 1 Compound 1.1 Compound 1.2 k@ )\Q
0 o NN N*

N
NH W HC ? O { Compound6 Compound 6.1
I’ \ N) \ Vs /2’,‘_{/
S od1a Gonpan D ﬁo
Compound 1.3 Compound 1.4 Compound 1.5 J\ HN

A
=N, =N, N7
o} N/N_ o /r:] ’,N o ,N\/ /N “
N N
O ot MY o0
S 5 N S N
Compound 1.6 Compound 1.7 Compound 1.8 Compound 6.2 Compound 6.3

Figure 3.1: Structures of Compounds 1 and 6, as well as examined analogs. Compound 1’s rings
are labeled with red letters to facilitate discussion on chemical analogs.
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Compound

Best
Score

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

Compound 1
CBID: 7579671
PCID: 1184213

-8

-6

-6

Compound 1.1
CBID: 7912026
PCID: 1573149

Compound 1.2
ENID: EN300-03607
PCID: 206184

-5

Compound 1.3
ENID: 22574932101
PCID: 215639

Compound 1.4
ENID: 256881708
PCID: 829637

-6

Compound 1.5
ENID: 256881738
PCID: 2943210

Compound 1.6
ENID: 255163993
PCID: 705880

=5

5

-6

-5

Compound 1.7
CBID: 7202175
PCID: 710970

Compound 1.8
ENID: 256830444
PCID: 985278

-7

=5

Compound 6
CBID: 7282131
PCID: 135401693

-6.7

-6.7

-5.7

-5.6

-5.9

-6.3

-5.3

-6.4

-5.8

-5.5

-5.7

-5.8

-5.8

-5.9

-5.8

-6.5

-5.9

-5.6

-5.8

Compound 6.1
CBID: 6589563
PCID: 647882

-6

-6

Compound 6.2
CBID: 6105364
PCID: 135408340

-6.2

-5.7

-6.3

-6.6

-5.6

-6.3

-5.8

-5.7

-5.9

-6.2

-5.8

-6.8

-5.8

Compound 6.3
CBID: 7284101
PCID: 135401694

-6.9

-5.2

-6.1

-6.8

-5.6

-5.9

-5.7

-6.3

-6.6

-5.6

-6.2

L5

-5.7

2519

-6.1

-6.9

-6.9

-6.1

-6

-5.8

-6.3

-6.8

-6.1

e519

-5.7

-5.9

Table 3.1: Each compound is listed along with the supplier’s identification number (Chembridge’s CBID or Enamine’s ENID). The best docking scores for each

compound examine in this study for each of the 25 segments of Tau4RD. Data shown is the best score against any of the 10 most prominent configurations for
each given segment and is color coded (Predicted poor interactions are red and predicted favorable interactions are green).
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Figure 3.2: A) ThT fluorescence based aggregation assay showing molecules related to
Compound 1 display different activities at 10uM. B) Active Compounds display dose-dependent
effects at 1, 3, 10uM when compared to vehicle control (black) and 20uM Compound 1(blue).
Data shows three technical replicates + SEM and is representative of three independent

experiments.
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Figure 3.3: ThT Fluorescence assay demonstrates that compound 1 and
selected analogs inhibit full length tau aggregation at 10uM
concentration. Data shows three technical replicates + SEM and is
representative of three independent experiments.
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Figure 3.4: Tyrosine Fluorescence Assays shows that significantly less Tau4RD is precipitated
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was run simultaneously. ThT data shows means + SEM of 3 technical replicates, and Tyr
fluorescent data explicitly shows 3 technical replicates of pre aggregate sample compared against
3 technical replicates of non-aggregated sample. Values of Tau4RD precipitation were
extrapolated using a standard curve and losses determined for this experiment are shown below
tyrosine fluorescence traces. Data shown is representative of three independent experiments
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97



>
w

—~500 0.4
=
< 400} =
by 2 03
@ <
Q -
S 300 8
c

Q g 02
L 200 2
S 3
= 2 01
L 100 <
|_
=
F oo e - 0.0

0 5 . 10 15 220 240 260 280 300 320

Time (h) Wavelength (nm)

= Vehicle + Tau4RD = Vehicle + Tau4RD + Heparin Compound 6 + Tau4RD = Compound 6 + Tau4RD + Heparin
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Figure 3.8: A) ThT traces of Tau4RD with 10uM of selected compounds shows that compounds
6.1, 6.2, and 6.3 increase ThT fluorescence in a similar manner as compound 6. ThT data shows
mean + SEM of 3 technical repeats and is representative of 3 independent experiments. B) Gel
densitometry of end-point samples illustrate that the amount of aggregation is not significantly
different from vehicle samples, as would be suggested by ThT data.
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Chapter 4
Novel Modulators of Phenol Soluble Modulin Aggregation and
Membrane Disruption

Introduction

Phenol soluble modulins (PSMs) are a recently discovered class of short peptide involved in
the virulence of staphylococci bacterial including S. aureus.! S. aureus colonies are very
common in humans, and benignly colonize the skin of about 1/3 of the population.>® However,
S. aureus can also display antibacterial resistance and develop into serious infections that
constitute a global health concern.* In particular, methicillin-resistant S. aureus (MRSA)
accounts for 120,000 bloodstream infections and nearly 20,000 deaths per year.> Understanding
the factors that facilitate the ability of these opportunistic infections to evade treatment options
would expedite the formulation of more effective therapies and is of great importance.

PSMs were discovered and named by the Kebanoff group in 1990 during a hot phenol
extraction of S. epidermidis culture. In the phenol-soluble portion of that extraction, they
identified 3 peptides that they thought might contribute to gram-positive bacteria sepsis.® Since
then, multiple PSMs have been identified and are classified as one of two types: the shorter (20-
24 residue) a-type, and the longer B-type (44 residues). They have multiple functions in
pathology, including the ability to attract and lyse neutrophils’, a role in biofilm formation and
structure, ® and a role inciting a host’s inflammatory immune response when at low
concentrations.®

PSM expression is subject to regulation by the agr system. The agr system is responsible for
recognizing the local concentration of bacteria and eliciting the proper cellular response, a
process called quorum sensing.!® This regulation includes the formation of biofilms, a mode of

bacterial growth characterized by surface-attached organisms and an extracellular matrix that
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helps protect the colony. Biofilm formation offers a resistance to mechanical interference, host
defenses, as well as antibiotic treatment, and 65% of all microbial infections and 80% of chronic
infections involve biofilms.* All known PSM classes have some level of involvement in biofilm
formation or function. 213

In vitro, PSMs have been shown to make aggregates that displays similar formation kinetics
and have similar chemical properties to amyloid fibrils.** A notable difference from the
canonical amyloid fibril is that PSMs form a fibrillar structure composed of alpha-helical
proteins as opposed to the beta-sheet structure typical of amyloid.*® It has been hypothesized
that the amyloid-like PSM fibrils are structural components that help form and stabilize bacterial
biofilms,® but there is also contradictory evidence that suggests that PSMs amyloids are not
important to biofilm structure. When compared to a wild-type strain, a PSM-deficient strain had
no noticeable changes in biofilm formation, suggesting PSMs are not necessary.!” The exact role
of PSMs and biofilms still remains somewhat elusive and tools are needed to further probe and
elucidate this dynamic.

All PSM peptides have the potential to form amphipathic alpha helices.! In solution, PSMs
have pronounced helical structure, but are still dynamic and display unstructured behavior.
Recent solution state NMR studies utilized the ability of trifluoroethanol to stabilize secondary
structure, and derived models of multiple PSMs helices.'®° This helicity increases when
interacting with membranes as evidenced by circular dichroism (CD), and suggests a possible
method of toxicity.? When comparing the ability to induce membrane leakage across different
PSMs, those with stronger helical propensity displayed greater ability to puncture phospholipid

bilyaers.?* Phospholipid bilayers composed of DOPC/Cholesterol/sphingomyelin (chosen to
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mimic mammalian plasma membranes) accelerate the fibril formation of PMSa3, and in the
process the PSM embedded itself into the membranes which suggests a mechanism of toxicity.?°
Because of their involvement in a number of aspects of S. aureus pathology, PSMs are
promising targets for anti-staphylococcal drug development.?> As much of their pathogenic
activity is related to alpha helical structure, modulating the propensity of PSMs to adopt that
structure is an appealing strategy for modifying and understanding their activity. This chapter

utilizes computational and in vitro approaches to identify small molecule compounds that can

adjust PSM behavior by targeting its alpha helical structure.

Methods

Molecular Dynamics Simulations.

The PSM starting structures: Skhb (PSMal), Skgy (PSMa3)!® and 5i55 (PSMa3)*® were
downloaded from the Protein Data Bank,?® placed in a sufficiently large cubic box with periodic
boundary conditions, and solvated using the tip4p water model and enough counter-ions to
neutralize the charge of the simulation. After solvation, simulations were energy-minimized
using a steepest-descent algorithm and then allowed to equilibrate for 100 ps. After
equilibration, molecular dynamics were performed using the Molecular dynamics simulations
using GROMACS 4.6.5% with the AMBER99SB-ILDN force field.?> Molecular dynamics
simulations were performed using PME electrostatic calculations, NVT ensemble with v-rescale
thermostat, and a timestep of 2 fs.

Clustering and Molecular Docking.

After 20ns of molecular dynamics simulations were completed, resulting structural ensembles
were clustered using the GROMOS algorithm?® available in the suite of GROMACS tools.

Median structures were chosen such that selected structures had sufficient resolution and
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encompassed 2-3% of the overall MD trajectory. These structures were then converted to
receptor models for docking in AutoDock Vina.?” Structures of the ChemBridge CNS collection
were obtained from PubChem and parameters were calculated using OpenBabel.?® Ligand
models were built using AutoDock’s ligand preparation utility. Ligand docking was done using
AutoDock Vina, with a search area encompassing the space of a cube extending 2 nm beyond the
receptor model in each dimension.

Peptide production and storage.

Peptides samples for PSMal and PSMa3 were ordered and synthesized from Genscript
(GenScript Corporation, Piscataway, NJ) as 1mg lyophilized samples. Prior to use peptide
samples were dissolved in DMSO to a concentration of 5 mg/mL and stored at -80°C for no
more than 2 weeks before use.

Preparation and Storage of Selected Compounds.

Selected compounds were identified from the ChemBridge CNS small molecule
collection, and dry samples were obtained through Hit2Lead (ChemBridge, San Diego, CA).
Samples were dissolved in DMSO to 10 mM stock solutions and stored at -80°C.

Aggregation Assays.

All fibrillization reactions were carried out at 37°C at pH 7.4, in buffer containing 50 mM
HEPES buffer, 100 mM NaCl, and 50 uM thioflavin T (ThT). Aggregation assays of PSMa3
were carried out by mixing compound and PSM stocks in DMSO into buffer at final
concentrations. Samples were then aliquoted in 100 pL increments into wells of a 96-well plate,
where they were rapidly mixed with equal volumes of 3-KDa Heparin sodium. Final
concentrations of peptide and heparin were 50 pg/mL and 3uM respectively. Assays examining

PSMal were mixed at indicated concentrations, then 200 pL placed in wells of 96 well plates
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without heparin. Reaction progress was monitored by increase in Thioflavin T fluorescence with
Aex =440 nm and Aem = 485 nm in a BioTek Synergy HTX (BioTek, Winooski, VT) plate
reader. Measurements were taken every 5 minutes after 1 minute of agitation. Intrinsic
fluorescence from compounds was in all cases < 5% of the background, which was corrected for
by baseline subtraction. Experiments were performed with at least 3 technical replicates.
Liposome Preparation. (Performed by Eleanor Vane)

Liposomes were generally prepared over the course of several days, and used within two weeks
of preparation.

One hundred pL of 25 mM of lipid (50% POPC 50% POPG, purchased from Avanti,
Alabaster, Alabama) were dissolved in chloroform using an appropriate glass Hamilton syringe.
This solution was then evaporated with a gentle stream of nitrogen gas and left under a vacuum
for at least 2 hours. Resulting films were then hydrated with 250 pL of filtered Calcein
buffer:50mM HEPES, 100mM NaCL, 70mM Calcein, and 0.3mM EDTA, pH 7.4. This solution
was covered with plastic film and left to equilibrate at room temperature for one hour, then
freeze-thawed 10 times using liquid nitrogen and 42°C water baths. This was then extruded 23
times with a 0.1 uM PC membrane filter and extrusion Kkit. Free calcein was separated using a
desalting column, with 50mM HEPES, 100mM NaCl pH 7.4 as the running buffer. Liposome
containing fractions were transferred into a 7000 MWCO dialysis cassette and equilibrated
against the above HEPES buffer for at least 3 hours. This buffer was replaced two times, with 3
hours of equilibration between each exchange. Once completed, samples were aliquoted,
insulated from light, and stored at 4°C. Prior to use liposomes were examined with by phosphate

assay to determine concentration.
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Preliminary Leakage experiments:

A solution of compound and DMSO was prepared in the HEPES buffer detailed above at
118% of final concentration and 170 uL was placed in a well of a 96-well plate for each
replicate. 20 uL of liposome at 10X final concentration was then added, and allowed to incubate
for 20 minutes at 25°C with 5 seconds of shaking every minute. After incubation, 10 pL of
peptide at 20X final concentration was added, the plate resealed, and continued to incubate for
80 minutes. Reaction progress was monitored by increase in calcein fluorescence with Aex = 485
nm and Aem = 4520 nm in a BioTek Synergy HTX (BioTek, Winooski, VT) plate reader. Reads
were taken every minute after 5 seconds of agitation. 0.5% Triton in place of peptide was used
as a positive leakage control, and additional buffer was added in place of peptide and used as a

negative control.

Results

We began our approach by using molecular dynamics to generate a set of relaxed
conformations suitable for in silico docking studies. Starting structures were derived from either
solution NMR or x-ray crystal structures of PSMal and PSMa3 available from the protein data
bank (Figure 4.1 A). After energy minimization and a short equilibration with a small time step
to ensure simulations started in a stable configuration, molecular dynamics simulations were run
for 20 ns. Three of the simulations contain a single helix (5khb, 5kgy*® and 5i55°) while the
fourth simulation contains the 4 helices that comprise the 5i55 crystal structure.

The completed trajectories were then examined with clustering analysis using the
GROMOS method to identify the most preferred conformations, selecting for a specific
resolution with RMSD cutoff values. Groups of conformations were compiled into distinct

“clusters” with each cluster represented by the median structure (the structure that had the lowest
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average RMSD to every other structure in the cluster). The most populated clusters for each
simulation were collected such that in aggregate they represented 2-3% of the trajectory and
converted into a receptor format. Examination of the trajectory via RMSD and RMSF, as well as
looking at the resulting clusters show that there were limited fluctuations in the helical nature of
the peptide, and the residues most prone to movement were those closest to the ends of the
peptide (Figure 4.1).

The receptors built from the clusters were then used as targets, and the entire CNS
collection of the Chembridge chemical library was docked against them using Autodock vina.
Resulting scores were collected, and 10 compounds selected based on these scores as well as the
docking configurations they resulted from (Table 4.1 and Figure 4.2). These compounds were
then examined for ability to modulate the pathological aggregation of PSMs and their ability to
induce vesicle leakage. Compounds that elicited an effect on in vitro experiments are shown in
figures 4.2 and 4.3. Compounds with notable and consistent changes in PSMa3 aggregation
were then examined at different doses to examine the dose-dependent relationship of effect.
Compounds PSM C2 and C8 both increased the amount of fluorescence, indicating an increase
in aggregation. In contrast, compound C4 decreased the ThT fluorescence implying an
inhibitory effect on aggregation. None of the compounds had a major effect on the tso of
amyloid formation. All three compounds exhibit a clear dose-dependent relationship and appear
to have an ECsp in the low micromolar range although a more specific determination requires

more investigation.

Discussion
The work in this chapter applies in silico and in vitro techniques that were utilized in

Chapter 2 but modifies them to take advantage of the helical propensity of PSM. This helical
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propensity is linked to pathological activity in a number of ways. 20 ns of molecular dynamics
simulation resulted in conformational libraries for each model that show that the initial positions
aren’t the most suitable for computation, but they quickly settle to stable yet still somewhat
dynamic structures. As would be expected for a short alpha helical peptide, the central regions
are the most inert and fluctuations are mostly observed the N and C termini (Figure 4.1 D). The
4 helix simulation displays some notable changes in RMSD and RMSF for some helices, but this
is largely a result of the global rearrangement from the original configuration of the 4 chains that
then remains stable. This shows that the structures used for our docking procedure are at least
somewhat stable, and reasonable to try and target with a small molecule.

The docking procedure we used was able to process compounds at a much faster rate than
the one used in Chapter 2, largely because the number of targets was smaller. The number of
receptor models in Chapter 2 was between 80 and 250 depending on the stage of docking. For
this project there were a total of 15 structures and despite the fact that they were larger, the
docking procedure for all of the compounds in the Chembridge CNS library (~48000) in a
reasonable amount of time. With these data, we chose ten compounds for in vitro study from the
thousands examined computationally. All of the compounds chosen displayed strong docking
scores compared to the average calculated for the entire collection (-5.4), but other factors were
influential in selecting these particular compounds. One of the reasons raw docking score was
not the sole determining factor is that docking scores are not directly comparable across systems.
Increases solvent-accessible surface area deep binding pockets capable of accommodating a
ligand resulted in the 4-helix model had significantly higher average scores than any of the
models that only depicted a single helix. In some cases, this was despite representing the exact

same peptide ligand interaction. Other factors considered when selecting compounds included
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calculated specificity (binding well to one target but not others) as well as cultivating a
chemically diverse set of compounds (Table 4.1).

Small molecules that bind to these predicted alpha helices could feasibly interact in a
number of different ways. Stabilization of this structure through binding would shift the energy
landscape of the peptide population such that the alpha-helical population increases relative to
disordered states. Such stabilization would make reactions that are dependent on this structure
more favorable provided that the compound’s bound position didn’t interfere with the
intermolecular forces that drive the interaction. In the case of fibrillization of PSMs, this would
mean stabilizing the alpha helix structure without binding to the regions of the peptide that form
intermolecular contacts with other PSMs. In membrane interactions, a compound could adjust
the function of PSMs by stabilizing the requisite helix, but could also interfere with the proteins
interface with the membrane if bound in the wrong position.

The only compound that reliably affects PSMal behavior in our in vitro assays is PSM
compound 6. As shown in Table 1, PSM C6 is one of the highest scoring compounds against the
PSMal clusters that we purchased. This suggests that the docking protocol that identified it
from thousands of compounds in the ChemBridge library successfully guided us. Figure 4.3b
shows that PSM C6 decreases the aggregation rate of PSM al, but the mechanism behind this is
unknown. The amyloid structure of PSMs has only been shown for PSMa3, and its possible that
by stabilizing the alpha helical structure, PSM compound 6 decreases the population of
aggregation viable conformations. Alternatively, the compound could be binding in such a way
that it interrupts the intermolecular forces that drive aggregation. Further study including

elucidation of structure upon binding would provide additional insight.
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The compounds PSM C2, C4, and C6 all have dose-dependent effects on PSMa3 ThT
fluorescence (Figure 4.4). As shown in Chapters 2 and 3 with the case of Compound 6, changes
in ThT fluorescence are not always indicative of genuine changes in aggregation. Although the
dose dependent nature of the effect is suggestive of at least a successful binding interaction,
further study with orthogonal methods is warranted to gain a more complete understanding of
what is occurring. Compounds PSM C2 and PSM C8 both appear to increase the amount of
aggregation, and this could be done by increasing the amount of the PSM population that is
aggregation viable by stabilizing helical structure. In contrast, PSM C4 seems to decrease the
amount of aggregation. This could be due to it binding to the alpha helical structure in a way
that prevents association with fibrils, or it could also be a result of the compound stabilizing a
non-aggregation-prone conformation. Both of these mechanisms would decrease the population
of PSM that can fibrilize and would effectively reduce the maximal amount of fibrilization.

The results in this chapter show that the computational methods employed were
successful in guiding the selection of potential ligands of PSM peptides. Four of the ten
compounds selected appear to at the very least interact with the PSMs in a meaningful way.
This, in addition to data in Chapter 2 illustrates that computational tools are powerful and

efficient methods of screening chemical libraries for promising compounds.
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Figure 4.1: Structure and stability of
PSM models in silico.

Different simulations are represented
with different colors throughout this
figure: 5KHB in Green, 5KGY in
Orange, 5i55 (single helix simulation) in
Blue, and 5i55 (4 helix simulation) in
Purple.

A)The sequences of the two peptides
examined in this chapter, PSMal and
PSMa3.

B) RMSD plots of the molecular
dynamics simulations show the amount
of The molecular dynamics simulations
of each helix initially relaxed from
starting structures, as evidenced by an
initial jump of RMSD. After this initial
5ns of settling, most changers were more
gradual indicating an exploration of local
conformational space.

C) Starting structures (above) and
representative clusters (below) derived
from PSM trajectories. PSMal initiated
from the 5khb solution NMR structure in
green. PSMa3 initiated from the 5kgy
solution NMR structure is shown in
orange and the single and unit cell 5i55
crystal structures in blue and purple
respectively.

D) Normalized RMSF values of C-alpha
carbons across the peptide quantify
relative flexibility. Different helices of
the 5i55 4-helix simulation are shown in
different shades of purple.
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Designation | Pubchem ChemBridge | Structure 5KHB 5KGY 5i55 5i55 4-
ID ID score score single- helices
helix score
score
PSM C1 976630 7727454 -6.1 -6.1 -5.8 -8.1
PSM C2 1422081 7772050 -5.9 -7.2 -6.8 -8
PSM C3 25252341 | 9192927 -5.3 -5.7 -5.7 -6.5
PSM C4 2951748 7747947 -6.6 -7.3 -7.9 -7.9
PSM C5 43912852 | 9274473 -6.6 -8 -75 -8.7
PSM C6 5738528 7645649 -7.2 -8.5 -8.3 -9.5
PSM C7 2840643 5309478 -6.7 -8 -75 -9.3
PSM C8 753933 5684107 -6.6 -8 -7.8 -8.8
PSM C9 2906394 6629705 -7 -8.2 -8.3 -9.1
F FF
PSM C10 1369732 5569062 {,\ﬁH", o -7.3 -8.3 -8.3 -9.3
w ST

Table 4.1: Selected compounds with their structures, and the best score against each simulation.
Best scores are the best docking configuration found for that compound against any model
derived from the simulation.
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simulation’s receptor models was most favorable, and what that interaction scored.
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Appendix:

The code that I developed for this project went through numerous iterations, so what is here is
the most recent versions of them as of this writing. The code was written for python 2.7, and
may fail if used with earlier or later versions.

Some notes on the code: Often times there are print functions that have been commented out.
These are there for the purposes of debugging. If something is failing or not behaving properly, |
found it useful to check the code’s progress with print functions. Working versions of code have
most of these print functions commented out.

Many of these programs a main() function that the core of the code calls. This code structure is
useful when running parallel code such as the autodock binding code.

118



ReSA Code:
This code is intended to take a starting structure that has already been energy minimized and

equilibrated, then perform alternating molecular dynamics simulations (as defined by the mdp
files) on that system. This code is currently set up for pre-defined terms such as mdp files or
total run time. There are also segments of code that have been commented out that allow for an
interactive input, but were taken out for the purposes of automation.

import os

import re

import shutil
import sys

import subprocess
import time

## calls pdb2gmx and runs with the conditions
def pdb (file, conditions):
command = ['pdb2gmx', '-f', file + '.pdb', '-o', file + '.gro', '-p', file
+ '.top', '-ignh', '-vsite', 'aromatics']
for condition in conditions:
command.append (condition)
error = open('standarderror.txt',
out = open('standardout.txt','w'")
subprocess.call (command, stdout=out, stderr=error)
error.close()
out.close()
error = open('standarderror.txt',
out = open('standardout.txt','r")
output = open ('pdb2gmxoutput.txt','w')
output.write (error.read())
output.write (out.read())
output.close()
error.close ()
out.close()
os.remove ('standarderror.txt')
os.remove ('standardout.txt"')

lwl)

lrl)

return (file + '.gro', file + '.top')

## calls grompp for mdrun prepwork
def grompp (mfile,protein gro,protein top,runcount, first,iteration):
print "GROMPP"
print mfile
print protein gro
print protein top
print runcount
directory = os.getcwd()

found = 0
if mfile in os.listdir(directory):
found =1
runnumber = str (runcount)
command = ['grompp', '-f', mfile,'-c', protein gro, '-p',protein top,'-
o', protein top[:-4]+' '+ mfile[:-4]+' '+ runnumber +'.tpr']
error = open('standarderror.txt','w')
out = open('standardout.txt','w")
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subprocess.call (command, stdout=out, stderr=error)
error.close()
out.close()

error = open('standarderror.txt','r")
out = open('standardout.txt','r")
output = open ('gromppoutput'+str (iteration)+'.txt','w')

output.write (error.read())
output.write (out.read())
output.close ()

error.close()

out.close ()

os.remove ('standarderror.txt')
os.remove ('standardout.txt"')

else:
print " the mdp file was not found!"
if found == 1:
print "FOUND"
return ( protein top[:-4]+' '+ mfile[:-4]+' '+ runnumber +'.tpr')

## same as above output code, but for mdrun
def mdrun (tprfile, iteration):

print ('mdrun ' + str(tprfile) + ' ' + str(iteration))

mdoutput = tprfile + ' mdrunoutput.txt'

error = open('standarderror.txt','w')

out = open('standardout.txt','w')

mdrun = subprocess.call(['mdrun','-v', '-s', tprfile, '-deffnm', tprfile[:-

41],stdout=out, stderr=error)
error.close()
out.close()

error = open('standarderror.txt','r')
out = open('standardout.txt','r")
output = open ('mdrunoutput'+str(iteration)+'.txt','w'")

output.write (error.read())
output.write (out.read())
output.close()

error.close ()

out.close()

os.remove ('standarderror.txt')
os.remove ('standardout.txt"')
return tprfile[:-4] + '.gro'

# Trjcat will append one trajectory to another, allowing us to make

# trajectories of the entire procedure, or of all of the segments from # a
particular set of conditions

def trjcat(firsttraj, nexttraj, time,iteration):

print 'this is the first trajectory: ' + firsttraj

print 'this will be added to it: ' + nexttraj

trjcommand = ['trjcat', '-f', firsttraj, nexttraj, '-o', firsttraj, '-cat']
print trjcommand

error = open('standarderror.txt','w')

out = open('standardout.txt','w')

proxy =

subprocess.call (trjcommand, stdin=subprocess.PIPE, stdout=out, stderr=error)
error.close()
out.close()
error = open('standarderror.txt','r"')
out = open('standardout.txt','r")
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output = open('trjcatoutput'+str(iteration)+'.txt','w')
output.write (error.read())

output.write (out.read())

output.close ()

error.close()

out.close ()

os.remove ('standarderror.txt')

os.remove ('standardout.txt"')

print "TRAJECTORY UPDATED"

def main () :
## will prompt for number of mdp files, then ask for each one, order matters
here.
# totaltime = input ('How long (in ps) do you want your simulation to be?')
totaltime = 100000
num mdp = 2
mdpcount = 0
mdp = []
for mdpfilex in ['MDrun 300 PME.mdp', 'MDrun 500 PME.mdp']:
mdpfile = open (mdpfilex, 'r')
for line in mdpfile:
if re.findall ('nsteps',line):
nsteps = int(re.split ('\W+',line) [1])
elif re.findall('dt',line):
print re.findall ('\d+\.\d+', line)
dt = float(re.findall ('"\d+\.\d+',1ine) [0])
mdp.append ( (mdpfilex,nsteps*dt))
# mdp = []
# num mdp = input ('How many different sets of conditions do you want to
cycle through?')
# for mdpcount in range (0, num mdp) :
# mdpinputl = raw _input ('What is mdp file number '+ str (mdpcount) + '2')
# mdpinputlfile = open (mdpinputl, 'r'")
## reads the mdp file and then pulls the dt and number of steps to determine
how long (in ps) each iteration of that mdrun will generate
## this may need to be updated if the mdp files become more complicated
# for line in mdpinputlfile:
# if re.findall ('nsteps',line):
# nsteps = int(re.split ('\W+',1line) [1])
# elif re.findall('dt',line):
# print re.findall ('\d+\.\d+', line)
# dt = float(re.findall ('\d+\.\d+',1line) [0])
# mdp . append ( (mdpinputl, nsteps*dt))
# starting gro file = raw input('What is the starting .gro file?')
starting gro file = 'R 02 settled.gro'
current gro=str(starting gro file)
print current gro
# protein top=raw_input ('What is the protein topography?')
protein top='topol R 02.top'
time = 0
runcount = 1
first = 0
firstmdp=1[]
mdptime = []
wholetrajectory = protein top[:-4] + ' complete trajectory.trr'
trajectoryfile = []
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for mdpcount in range (0,num mdp) :
trajectoryfile.append(protein top[:-4] + ' ' + mdp[mdpcount] [0][:-4]
' concatonated.trr')
firstmdp.append (0)
mdptime.append (0)
## this next section will run until the total time is reached or
## exceeded

while time <= totaltime:
for mdpcount in range (0, num mdp) :
print runcount
tprfile = grompp (mdp[mdpcount] [0],current gro,protein top, runcount,
first, runcount)
print tprfile
current gro = mdrun(tprfile, runcount)
## if this is the first runthrough for this simulation it will copy
## the latest trajectory and rename it to be the beginning of the
## overall trajectory

if first ==
trjcat (wholetrajectory, current gro[:-4]+'.trr', time,runcount)
else:
copycommand = ['cp', current gro[:-4]+'.trr', wholetrajectory]
subprocess.call (copycommand)
first =1

## 1f this is the first runthrough for this mdp it will copy the
## latest trajectory and rename it to be the mdp-specific trajectory
if firstmdp[mdpcount]==1:

trjcat(trajectoryfile[mdpcount], current gro[:-4]+'.trr',
mdptime [mdpcount], runcount)
else:
copycommand = ['cp', current gro[:-4]+'.trr',

trajectoryfile[mdpcount]]
subprocess.call (copycommand)
firstmdp [mdpcount] = 1

## Updates the counts and time parameters, then prints them
mdptime [mdpcount]=mdptime [mdpcount]+mdp [mdpcount] [1]
time = time + mdp[mdpcount] [1]
mdptime [mdpcount]=mdptime [mdpcount]+mdp [mdpcount] [1]
print 'total time'
print time
print 'mdp specific time'
print mdptime [mdpcount]

first =1
runcount = runcount+1l
if name == "' main ':
main ()

+
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Automation of converting pdb files to autodock receptors
This code takes the pdb files generated by g_cluster and convert them to audotock’s pdbqt

format for receptor use. Things that may need to be adjusted in the code are specific pathnames
for the autodock utility code such as prepare_receptor4.py.

This program requires the name for the receptors to be based off of, for example “Tau4RD”

import os

import re

import shutil
import sys

import subprocess
import tarfile
import time

##"cleans" a pdb file by removing the "M" atoms that occur in some
## frames in pdb=files converted from gromacs trajectories.
## These "M" atoms cause issues in later stages of conversion to pdbgt
## files needed for autodock and appear to be unneccicary as all of
## the atoms from the original pdb appear present.
## possibly these 'M' atoms are artifacts gromacs uses for some MD
## purposes?
def clean pdb(pdbfile):
pdbread = open (pdbfile, 'rU")
cleanpdb = open (pdbfile[:-4]+' clean'+'.pdb','w')
for line in pdbread:
if not "M" in line[12:16]:
cleanpdb.write (line)
cleanpdb.close ()
return(pdbfile[:-4]+' clean'+'.pdb"')

def get immediate subdirectories(a_dir):
return [name for name in os.listdir(a_dir)
if os.path.isdir(os.path.join(a_dir, name))]

## Utelizes the autodock prepare receptor4.py script to create
## receptors from pdbfiles.
## if this code is moved off of the nathlab Deepthought machine, or
## the architecture is changed, the path to the autodock tools folder
## will have to be altered accordingly.
def receptor(cleanpdb):

print cleanpdb

command =
['pythonsh', ' /home/dbaggett/Data/Dbaggett/Autodock Vina/mgltools x86 64Linux2
~1.5.6/MGLToolsPckgs/AutoDockTools/Utilities24/prepare receptord.py','-
r',cleanpdb, '-0',cleanpdb[:-10]+' receptor.pdbgt']

print command

error = open('standarderror.txt','w')
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out = open ('standardout.txt','w')
subprocess.call (command, stdout=out, stderr=error)
error.close()

out.close()

error = open('standarderror.txt','r")
out = open('standardout.txt','r")
output = open ('receptormakeoutput.txt','w')

output.write (error.read())

output.write (out.read())

output.close ()

error.close ()

out.close()

os.remove ('standarderror.txt')

os.remove ('standardout.txt"')
return(cleanpdb[:-10]+' receptor.pdbqgt')

def split 10 pdbs (representative clusters pdb,output directory):

rep clusters = open(representative clusters pdb, 'rU')
rep clust lines = rep clusters.readlines|()

i=1

line = 0

I
—
s

individual pdbs

while i < 11:
endpdb = 0
cluster receptor directory = output directory +'/Cluster '+str (i)
if not os.path.isdir(cluster receptor directory):

os.mkdir (cluster receptor directory)
cluster pdb =
cluster receptor directory+'/Cluster '+str(i)+".pdb"

cluster i = open(cluster pdb, 'w')

while endpdb ==
# print "this is line number:"+str (line)
# print rep clust lines[line]

cluster i.write(rep clust lines[line])

if re.search("ENDMDL",rep clust lines[line]):
endpdb = 1

line = line + 1

individual pdbs.append((cluster pdb,cluster receptor directory,str(i)))
i = 1i+1
cluster i.close()
return (individual pdbs)
def main () :

basename = sys.argv([1l]
basefolder = os.getcwd()
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receptor directory = basefolder + "/"+basename+" receptors"
if not os.path.isdir(receptor directory):
os.mkdir (receptor directory)
segment directories = []
for directory in get immediate subdirectories (basefolder):
if re.search ("Segment",directory) :
segment directories.append(directory)
for segment directory in segment directories:
segment receptor directory = receptor directory + "/" +
segment directory
original segment directory = basefolder + '/'+segment directory
if not re.search(basename+" receptors",segment directory):
segment files = os.listdir(original segment directory)
if not os.path.isdir(segment receptor directory):
os.mkdir (segment receptor directory)
for segment file in segment files:
if re.search("clusters.pdb$",segment file):
all clusters pdb =
original segment directory+'/'+segment file
individual pdbs =
split 10 pdbs(all clusters pdb, segment receptor directory)
for pdb in individual pdbs:
for segment filex in segment files:
if
re.search ('pdb\d+'+pdb[2]+'.pdb"', segment filex):

shutil.copyfile(original segment directory+'/'+segment filex,pdb[1]+"/C
luster "+pdb[2]+" allframes.pdb")
cluster clean =clean pdb (pdb[0])
cluster receptor =
receptor (cluster clean)
if name == ' main_ ':
main ()
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Converting sdf files to pdbqt

This co
comma

de takes sdf files obtained either from pubchem or generated with obabel’s —gen3D
nd, and then converts them to autodock’s format. The arguments after calling the code is

a list of sdf files to convert, and this does take entries using the glob utility (example: *.sdf). As
with the other code that converts to pdbqt, it requires prepare_ligand4.py to be installed and its
location specified.

import
import
import
import
import
import

def co

os
re

shutil

sys
subprocess
time

nvert to pdb(sdf file):
command = ['babel','-i','sdf',sdf file, '-

o','pdb',re.split ('[\./]"',sdf file) [-2]+"'.pdb',"'-m"]

def Au

o',lig

print command

error = open('standarderror.txt','w')

out = open('standardout.txt','w')
subprocess.call (command, stdout=out, stderr=error)
error.close ()

out.close ()

error = open('standarderror.txt','r"')

out = open('standardout.txt','r")

output = open(re.split('[\./]',sdf_file)[—2]+'babeloutput.txt','w')
output.write (error.read())

output.write (out.read())

output.close ()

error.close ()

out.close ()

os.remove ('standarderror.txt')

os.remove ('standardout.txt"')

return re.split('[\./]',sdf file) [-2]

toDock Conv(pdb file):
ligand name = pdb file
read pdb = open(pdb file, 'rU"')
for line in read pdb:

if re.search('COMPND', line) :

ligand name = re.findall('\S+',1line) [-1]

print ligand name
command = ['pythonsh', 'prepare ligand4.py','-1l',pdb file, '-F','-
and name+'.pdbgt']
print command
error = open('standarderror.txt','w')
out = open('standardout.txt','w")
subprocess.call (command, stdout=out, stderr=error)
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error.close ()

out.close ()

error = open('standarderror.txt','r")

out = open('standardout.txt','r")

output = open(re.split('[\./]',pdb file) [-
2]+ 'prepare ligand4 output.txt',6 'w')

output.write (error.read())

output.write (out.read())

output.close ()

error.close()

out.close()

os.remove ('standarderror.txt')

os.remove ('standardout.txt"')

def main() :
sdffiles = sys.argv([l:]
for sdffile in sdffiles:
pdbfiles = []
pdb name = convert to pdb(sdffile)
for filex in os.listdir(os.getcwd()) :
if re.search(pdb name, filex) and re.search('pdb', filex):
pdbfiles.append(filex)
for pdbfile in pdbfiles:
AutoDock Conv (pdbfile)

if name == main ':

main ()
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Docking ligands to receptors:
#!/usr/bin/env python

# -*- coding: utf-8 -*-
160701 AD Bind.py
Copyright 2016 DavidB Nathlab <dbaggett@deepthought>

This program is free software; you can redistribute it and/or modify
it under the terms of the GNU General Public License as published by
the Free Software Foundation; either version 2 of the License, or

(at your option) any later version.

This program is distributed in the hope that it will be useful,
but WITHOUT ANY WARRANTY; without even the implied warranty of
MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the
GNU General Public License for more details.

You should have received a copy of the GNU General Public License
along with this program; if not, write to the Free Software
Foundation, Inc., 51 Franklin Street, Fifth Floor, Boston,

MA 02110-1301, USA.

This code is called via: python 181204 AD Bind.py <ligand
directory> <Structure directory> <number of processors>
<results directory>

It requries ligands to be pre-converted to the pdbgt format that
Autodock Vina uses

For each structure being examined make sure that in the "receptor”
directory there is a structure file converted using

S o S S o S S e S S SR S S S e S S Sk S S SR S 3k S 4R S 3k ok

prepare receptor.py, in the pdbgt format

import os

import re

import shutil

import sys

import subprocess

import time

import multiprocessing as mp

def get immediate subdirectories(a_dir):
return [name for name in os.listdir(a_dir)
if os.path.isdir(os.path.join(a dir, name))]

def makebox (receptorname, lowx, lowy, lowz, highx, highy, highz):
##This function makes a box using the parameters that determine
acceptable binding areas in the autodock program.
##While not directly useful, it's beneficial to have this when
examining binding to ensure that the search area was appropriate
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box = open (receptorname+' box.pdb','w')

box.write ("HETATM 1 N1 UNL 1 '+ str(lowx)+' ' + str(lowy)+
'+str(lowz) + ' 1.00 20.00 N \n'")

box.write ("HETATM 1 N1 UNL 1 '+ str (highx) +' ' + str(lowy)+
'+str(lowz) + ' 1.00 20.00 N \n')

box.write ("HETATM 1 N1 UNL 1 '+ str(lowx)+' ' + str(highy) +
'+str(lowz) + ' 1.00 20.00 N \n')

box.write ('"HETATM 1 N1 UNL 1 '+ str (highx) +' '+
str (highy)+' '+str(lowz) + ' 1.00 20.00 N \n'")

box.write ("HETATM 1 N1 UNL 1 '+ str(lowx)+' ' + str(lowy)+
'+str (highz) + ' 1.00 20.00 N \n')

box.write ("HETATM 1 N1 UNL 1 '+ str (highx) +' ' + str(lowy)+
'+str (highz) + ' 1.00 20.00 N \n'")

box.write ("HETATM 1 N1 UNL 1 '+ str(lowx)+' ' + str(highy) +
'+str (highz) + ' 1.00 20.00 N \n')

box.write ("HETATM 1 N1 UNL 1 '+ str (highx) +' '+
str (highy) +' '+str (highz) + ' 1.00 20.00 N \n')

box.write ('TER 9 UNL 1 \n'")

box.write ('CONECT 1 2 3 5 \n")

box.write ('CONECT 2 1 4 6 \n')

box.write ('CONECT 3 1 4 7 \n")

box.write ('CONECT 4 2 3 8 \n')

box.write ('CONECT 5 1 6 7 \n")

box.write ('CONECT 6 2 5 8 \n'")

box.write ('CONECT 7 3 5 8 \n'")

box.write ('CONECT 8 4 6 7 \n")

box.write ("END \n')

box.close ()
return (receptorname+' box.pdb')

def bind vina (receptor,ligand, result directory):

## This code calls the various vina parameters together and executes a
## single instance of docking.

## It first reads through the receptor file to make the search box,

## extending out from the furthest extents of the receptor.

receptorname = re. spllt /\ ', receptor) [-2]
ligandname = re.split('[/\. ,ligand)[—Z]
low x = 0

low vy = 0

low z = 0

high x = 0

high y = 0

high z = 0

pdbread = open (receptor, 'rU'")
lowx = lowy = lowz = highx = highy = highz = None
for line in pdbread:
if re.match('ATOM', line) :
x value = float(re.split('\s+',1line) [-8])
y value = float(re.split('\s+',1line) [-7])
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z value = float(re.split('\s+',1line) [-6])
if low x == low_y == low z == high x == high y == high z ==
None:
low x = high x = x value
low y = high y = y value
low z = high z = z value
else:
if x value < low x:
low _x = x value
if x value > high x:
high x = x value
if y value < low y:
low y = y value
if y value > high y:
high y = y value
if z value < low z:
low _z = z value
if z value > high z:
high z = z value
print [low x, low y, low z,high x, high y, high z]
low x = low x - 3
low y = low y - 3
low z = low z - 3
high x = high x + 3
high y = high y + 3
high z = high z + 3
print [low x, low y, low z,high x, high y, high z]

pdbread.close ()

makebox (result directory+'/'+receptorname, low x, low y, low z, high x,
high y, high z)

mid x = (high x + low x)/2

mid y = (high y + low y)/2

mid z = (high z + low z)/2

range x = high x - low x

range y = high y - low vy

range z = high z - low z

posefile = receptorname + ' '+ligandname + '.pdbgt'

logfile = receptorname + ' '+ligandname+'.log'

command = ['vina','--cpu' '1', '--receptor',receptor,'--
ligand',ligand, '--center x',str(mid x),'--center y',6str(mid y),'--
center z',str(mid z),'--size x',str(range x+2),'--size y',str(range y+2),'--
size z',str(range z+2),'--out',result directory+'/'+posefile,'--

log',result directory+'/'+logfile]
print command
error =
out =

error.close()
out.close()

open (result directory+'/'+"'

standarderror.txt','w')

open (result directory+'/'+'standardout.txt','w')
subprocess.call (command, stdout=out,

stderr=error)
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error = open(result directory+'/'+'standarderror.txt','r"')
out = open(result directory+'/'+'standardout.txt','r")
output =

open (result directory+'/'+receptorname+ligandname+'vinaoutput.txt','w')
output.write (error.read())
output.write (out.read())
output.close ()
error.close ()
out.close()
os.remove (result directory+'/'+'standarderror.txt')
os.remove (result directory+'/'+'standardout.txt')
return ((posefile,logfile))

def binding spree(result directory,structure directory,ligand file):
## This function recursively moves through the folders to hunt for
## "receptor.pdbgt" files and then dock ligands against them.
## to designate a file as a "receptor" file, simply end the name of
## the file with "receptor.pdbgt"
print "looking in " +structure directory+" for receptors"
print "results directory:"+result directory
receptor files = []
for filex in next (os.walk(structure directory)) [2]:
if re.search('pdbgt$',filex):
receptor files.append(structure directory+'/'+filex)
if len(receptor files)>0:
for receptor file in receptor files:
bind vina(receptor file,ligand file,result directory)

print "folders in the " + structure directory +" directory :"
print next(os.walk(structure directory,)) [1]
for folderx in next (os.walk(structure directory,)) [1]:

print folderx
if not folderx in next(os.walk(result directory)) [1]:
os.mkdir (result directory+'/'+folderx)

binding spree(result directory+'/'+folderx,os.path.abspath(structure di
rectory+'/'+folderx),ligand file)

def ligand bind(tuplex) :
(ligand file,basefolder, structure directory,progress file,results folde
r)=tuplex

print "results folder: " + results folder
ligand name = re.split('[\/\.]',1ligand file) [-2]
ligand results folder = results folder + '/'+ligand name +

' binding results'
if not ligand name + ' binding results$' in os.listdir(results folder):
os.mkdir (ligand results folder)
binding spree(ligand results folder, structure directory,ligand file)
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progress _report = open(progress file,'a')

progress_report.write(ligand name +
progress report.close ()
os.chdir (basefolder)

def main () :
basedirectory = os.getcwd()

' complete \n')

ligands = []

structure directory= os.path.abspath(sys.argv[2])
np = int(sys.argv[3])

result name = sys.argv[4]+" results"”

results directory = basedirectory+'/'+result name
if not result name in next(os.walk(basedirectory)) [1]:
os.mkdir (basedirectory+'/'+result name)

if not 'progress.log' in os.listdir(results directory):

progress_report = open(results directory + '/progress.log','w')

progress report.close ()

completed ligands = []
else:

completed ligands = []

progress_read = open(results directory + '/progress.log',6 'rU')

for line in progress read:

if re.search('complete',line):
completed ligands.append(re.findall('\S+',line) [-2])

progress read.close()

## Identifies the ligands that haven't been run already, and places

## them in a list of tuples.

The tuples are necessary because the

## parallel processing utility only takes one input.

for filex in next(os.walk(sys.argv([1l]))[2]:

if re.search('\.pdbgt', filex):
if re.split ('[\/\.]"',filex) [-2]

not in completed ligands:

ligands.append( (os.path.abspath(sys.argv[1l]+'/'+filex),basedirectory, st
ructure directory,basedirectory + '/progress.log',results directory))
## For the following 4 lines, uncomment either the first two or the

## second two. the pool lines are for parallel processing and are much

## faster. the for-loop is the same code implemented in a loop and is

## significantly easier to debug
pool = mp.Pool (processes=np)
pool.map (ligand bind, ligands)

# for ligand in ligands:

# ligand bind(ligand)
return O

if name == "' main ':
main ()
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Score Compilation
The next segment of code is for compiling all of the results of the autodock binding procedure.

This is useful in data analysis, and is also one of the inputs (along with fingerprints) for the
PLSR prediction code.

## Call with python *score compile.py <receptor directory used for

## docking> <directory in which docking results lie> <directory where
## to put the analysis>

import os

import re

import shutil

import sys

import subprocess

import time

import math

def pull results(scorefilex):
scorefile = open(scorefilex, 'rU")
score = "N/A"
time = "N/A"
receptor = "N/A"
lines = []
for line in scorefile:
lines.append(line)

# print lines
for line in lines:
if re.findall('\S+',1line) != [] and re.findall('\S+',line) [0]
=='1":
# print line
score = re.findall ('\S+',line) [1]
# print score

return (score)

def tailnumbersort (folder name) :
if re.findall('\d+',folder name)==[]:
return O
else:
return int(re.findall('\d+',folder_name)[—1])

def find receptors(call directory,base directory,summaryfile, receptors):

# print base directory
# print sorted(next (os.walk(base directory)) [1], key=tailnumbersort)
for folderx in
sorted (next (os.walk(base directory)) [1], key=tailnumbersort) :
receptors =

find receptors(call directory,base directory+'/'+folderx,summaryfile, receptor
s)
for filex in next (os.walk(base directory)) [2]:
if re.search('receptor.pdbgt',filex):
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# print os.path.abspath (base directory +'/'+filex)
receptor =
re.split ('\.pdbgt',re.split(call directory,base directory +'/'+filex) [-1]) [0]
receptors.append(receptor)
summaryfile.write (", "+receptor)
return receptors

def main() :
basepath = os.getcwd()
receptor directory = os.path.abspath(sys.argv[1l])
results directory = os.path.abspath(sys.argv([2])
output directory = sys.argv([3]
if not output directory in next (os.walk(basepath)) [1]:

os.mkdir (basepath+'/'+output directory)

output directory = os.path.abspath (output directory)

summaryfile = open (output directory+'/'+'Compound scores.txt','w')
summaryfile.write ('compound"')

receptors = []

receptors =

find receptors (basepath,receptor directory,summaryfile, receptors)
#print receptors
summaryfile.write ('\n")
for folderx in next (os.walk(results directory)) [1]:
#print folderx
compound directory = results directory+'/'+folderx
#print compound directory

writeline = "'
compound name = re.split(' ', folderx) [0]
print compound name
writeline = writeline + compound name
for receptor in receptors:

score = "N/A"

scorefile = compound directory

for directory in re.split('/',receptor) [2:]:
scorefile=scorefile+'/'+directory

scorefile=scorefile+' '+compound name+'.log'
score = pull results(scorefile)

# print "receptor:"+receptor
writeline = writeline + ', '+score

# print writeline

summaryfile.write (writeline + '\n'")
summaryfile.close()

if name == "' main ':
main ()
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Fingerprint Prediction
This code utilizes the sklearn module. It takes multiple arguments, detailed at the beginning of
the main() function.

import math

import scipy

import numpy as np

import sys

import os

from sklearn.cross decomposition import PLSRegression as PLSR
import re

def overall affinity scoring(list of scores):
if len(list of scores)>0:
score affinities = []
for score in list of scores:
# print score
if score == 'N/A':
score = 0
score = float (score)
score affinity = math.exp(score)
score affinities.append(score affinity)
inverse apparent affinity = 0
for score affinity in score affinities:
inverse apparent affinity = inverse apparent affinity +
score affinity ** -1
apparent affinity = inverse apparent affinity ** -1
overall affinity score = math.log(apparent affinity)
else:
overall affinity score = 'N/A'
return (overall affinity score)

def hex2bin (hexcode) :
binary = "'

for s in hexcode:
bytes = bin(int(s,16)) [2:]1.z£fill (4)
binary = binary + bytes

return binary

## Fingerprints are stored in compressed files and need to be
## decompressed to interpret and use
def convert to binary(hexfile):
print "CONVERTING THIS FILE:" + hexfile
fingerprint file = hexfile
binary file = re.split('\.',re.split('/',fingerprint file) [-
1]1) [0]+' Binary.'4re.split('\.',6 fingerprint file) [-1]

binary out = open(binary file, 'w')
fingerprints = open (fingerprint file, 'rU"')
fingerlines = []
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num bits = 0
for line in fingerprints:
fingerlines.append(line)
for line in fingerlines:
if 1line[0] =="#":
if re.search('num bits',line):
bits=int (re.findall ('\d+',line) [-11])
num bits = bits + 4 - bits%4
#print num bits
binary out.write(line)
else:
hexcode = re.findall('\S+',line) [0]
title = re.findall ('\S+',1line) [1]
bincode = hex2bin (hexcode)
binary out.write(title+ '\t' + bincode + '\n')
fingerprints.close ()
binary out.close()
return binary file

## moves the fingerprint data to a dict for easier use

def fingerprint to dict(fingerprint file):
opened file = open(fingerprint file, 'rU"')
fingerprint dict = {}
for line in opened file:
if line([0] != "#':
fingerprint list = []
ID = re.findall ('\S+',1line) [0]
fingerprint = re.findall('\d+',1line) [-1]
for s in fingerprint:
fingerprint list.append(float(s))
fingerprint dict[ID]=fingerprint list
opened file.close()
# print fingerprint dict
return fingerprint dict

def pull results(filex):
results file = open(filex, 'rU")
content = results file.readlines ()
results dict = {}
for line in content([1l:]:
if not re.search('N/A',line):
ID = re.split(',',1line) [0]
data list = []
for data in re.split(',',line) [1:]:
data list.append(float (data))
results dict[ID]=data list
# print results dict
return results dict
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def main() :

## Program takes three post call arguments, a training fingerprint

## file (written in hexcode), followed by the results file containing
## the selected compounds, lastly a test set of fingerprints again in
## hexcode. The results file should lead with compound ID

training fingerprint file = convert to binary(sys.argv[l])
fingerprint name=re.split('\.',re.split('/',sys.argv([1])[-1])[0]
test fingerprint file = convert to binary(sys.argv[3])
print test fingerprint file
test name = re.split('\.',re.split('/',sys.argv([3])[-1])[0]

# print fingerprint file

training fingerprint dict =
fingerprint to dict(training fingerprint file)
test fingerprint dict = fingerprint to dict(test fingerprint file)

results file = sys.argv[2]
dependent list = []
independent list = []

results dict = pull results(results file)

)

x values 'w!
open (fingerprint name+" Y matrix.csv",'w')

open (fingerprint name+" X matrix.csv",

y _values
rownames = []
for key in results dict.keys():
if key in training fingerprint dict.keys():
y_values.write (str(key))
x values.write (str (key))
rownames.append (str (key))
independent list.append(training fingerprint dict[key])
# print fingerprint dict[key]
for item in training fingerprint dictlkey]:
x values.write (', "+str(item))
dependent list.append(results dictlkey])
for item in results dict[key]:
y _values.write (', '+str(item))
x values.write('\n'")
y values.write('\n"')
x values.close ()
y values.close()
test list = []
test names = []
for key in test fingerprint dict.keys():
test names.append(str (key))
test list.append(test fingerprint dictlkey])
print len(test list)
print len(test names)
independent matrix = np.matrix(np.array(independent list))
dependent matrix = np.matrix(np.array(dependent list))
test matrix = np.matrix(np.array(test list))
pls2 = PLSR(n_components=2)
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pls2.fit (independent matrix,dependent matrix)
Y pred = pls2.predict (independent matrix)
test pred = pls2.predict(test matrix)

estimate = open (fingerprint name+" estimate.csv",'w')

error = open(fingerprint name+" errors.csv",'w')

bestscores = open(fingerprint name+" input PLSR bestscores.csv",'w')
OAscores = open(fingerprint name+" PLSR Overall Affinity.csv",'w')

test estimate =
open ('PLSR from '+fingerprint name+' on '+test name+" estimate.csv",'w')
test error =
open ('PLSR from '+fingerprint name+' on '+test name+" errors.csv",'w')
test bestscores =
open ('PLSR from '+fingerprint name+' on '+test name+" PLSR bestscores.csv",'w
")
test OAscores =
open ('PLSR from '+fingerprint name+' on '+test name+" PLSR Overall Affinity.c

sv",'w'")
i=0
best = 'null'
for row in test pred:
best = 'null'
print test names[i]
3 =1
segmentbest = 'null'
test estimate.write(test names[i])
bestscores.write (test names[i])
test bestscores.write(test names[i])
test OAscores.write(test names[i])
segmentscores= []
for entry in row:
if best == 'null':
best = float (entry)
elif best > float (entry):
best = float (entry)
# print entry
if segmentbest == 'null':
segmentbest = float (entry)

elif segmentbest > float (entry):
segmentbest = float (entry)
test estimate.write(', '+str(entry))

if 3 < 10:
j o= J+1
segmentscores.append (segmentbest)
segmentbest = 'null'
else:
j o= J+1
i =i+1

test estimate.write('\n'")
test bestscores.write (', '+str(best)+'\n'")
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test OAscores.write(', '+str(overall affinity scoring(segmentscores))+'\

errors = np.matrix(np.matrix(Y¥ pred) - np.matrix(dependent matrix))
i=0
for row in errors:

test error.write(rownames[i])

for entry in row:

for item in entry:
test error.write(','+str(item))

i = 1i+1

test error.write('\n'")
test estimate.close()
test error.close ()
test bestscores.close()
test OAscores.close()

i=20
for row in Y pred:
best = 'null'
print rownames/[i]
3 =1
segmentbest = 'null'
estimate.write (rownames[i]+', ")
bestscores.write (rownames[i] + ', ")
OAscores.write (rownames[i]+"',")
segmentscores= []
for entry in row:
if best == 'null':
best = float (entry)
elif best > float (entry):
best = float (entry)
print entry
if segmentbest == 'null':
segmentbest = float (entry)
elif segmentbest > float (entry):
segmentbest = float (entry)
estimate.write(str (entry)+',")
if j < 10:
j = j+1
segmentscores.append (segmentbest)
segmentbest = 'null'
else:
j =31
1 =i+l
estimate.write('\n"'")
bestscores.write (str(best)+'\n'")
OAscores.write(str(overall affinity scoring(segmentscores))+'\n
errors = np.matrix(np.matrix (¥ pred) - np.matrix(dependent matrix))
i=0

")
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for row in errors:
error.write (rownames[i]+',")
for entry in row:
for item in entry:

error.write(str(item)+"',")

i = 1i+1

error.write('\n")
estimate.close ()
error.close ()

if name == ' main ':

main ()
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Afterword

This thesis project has spanned 6-years and required more hours than | care to estimate.
When | joined the Nath lab I was optimistic about using relatively new computational techniques
to approach challenges in the relatively new field of disordered proteins. At the time, | do not
think I fully appreciated the hurdles I would have to overcome to incorporate, understand, and
utilize so many new ideas. While my ignorance often led to struggles, it also was at times what
led me to make innovations in my projects. Without an established background that told me how
things are done in the field, | was unencumbered and explored new ideas instead of relying on
established methods.

This isn’t to say that ignorance of what’s going on in the field is something that should be
aspired for. The development of the enhanced sampling technique, and the method of
identifying locally persistent structure were both inspired by established techniques but differed
in execution. Without an understanding of what other people had attempted, | never would have
been able to create my own approaches. Additionally, while innovative thinking helps create
new solutions, it is also capable of creating at least as many challenges, and established
methodologies are often the most reliable ways to get things done.

I’m interested to see where this research advances. There are numerous areas to
investigate and improve upon. Possible ways to adjust and improve the ligand discovery method
include adjusting the molecular dynamics, both the base algorithms, as well as improving the
ReSA protocol. In our computational work, we used the best force-fields and molecular models
available to us, but even in the short amount of time since then there have been notable
improvements in both. Additionally, optimization of the ReSA protocol could provide an even
more efficient method of generating conformational ensembles of disordered proteins. By
adjusting the amount of time in different conditions, or by adjusting the conditions used, it’s
possible to generate a set of conditions that explores the conformational library of a disordered
protein more efficiently that what was done in this thesis. Furthermore, there are more advanced
machine learning algorithms beyond PLSR that can likely identify more complex patterns that
dictate docking, and could be used to not only expedite the ligand search, but also provide a
better understanding of favorable or unfavorable chemical features for ligands of a specific
target.

In addition to improvements on methodology, I’m interested in further applications of it.
The framework outlined in this work is easily translatable to other systems, which may be able to
utilize methods of creating more refined structural ensembles. By incorporating SAXS, NMR, or
FRET data into the molecular dynamics force-fields, the structural ensembles generated by
ReSA can be guided to be more representative of in vitro data.
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| believe there is still more work that can be done with the compounds identified. At
some point | had hoped to do some in vivo studies in simple organism models such as C. elegans
or use a neuroblastoma cell line to observe how modulation of tau aggregation with compound 1
identified in chapter 2 could affect disease outcomes. Unfortunately circumstances did not allow
for those studies, but I am very interested to see what happens when they do. Separate from in
vivo studies, further biophysical characterization detailing the interaction between active
compounds and tau isoforms would be very insightful. For instance, any method of elucidation
of the binding positions of these compounds in relation to tau would be useful in confirming if
the computational methods were accurate in those predictions.
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