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Abstract

A Computational Approach to Rational Engineering of Protein Crystallization

Nooriel Elan Banayan

X-ray crystallographys a popular method for resolving protein structures. Protein
crystds need to be used for-pay crystallography, but most naturally occurring proteins do not
readily crystallizeThe Hunt lab performed computatiorealalyses showing that arginine is the
most overrepresented amino acid in crypetking interfaces in the Protein Data Bank. Given
the similar physicochemical characteristics of arginine and lysine, we hypothesized that multiple
lysineto-arginine (KR) sibstitutions should improve crystallizan. To test this hypothesis, we
developed software that ranks lysine sites in a target protein based on the redeodauwtyd
KR substitution frequency in homologs. We demonstrate that three unrelateedsinglen
proteins can tolerate 51 KR substutions with at most minor destabilization and that these
substitutions consistently enhance crystallization propensity. This approach rapidly produced a
1.9 A crystal structure of a human protein domain refractory to crystallization with its native
sequepe. Structures from bulKR-substituted domains show the engineered arginine residues
frequently make higlguality hydrogerbonds across crystphcking interfaces. We thus
demonstrate that bulk KR substitution represents a rational and efficient metipodifabilistic
engineering of protein surface properties to improve protein crystallizatsm stands in direct
contrast to earlier work and dogmas that posited that surface entropy reduction was the clear path
forward to crystallzing proteins. Argingnis a highentropy sidechain, yet it helps drive protein
crystallization. To undetand which structure and dynamical features of arginine give rise to

crystal packing propensity, we performed 60 Molecular Dynamics (MD) simuldbansasure



the sidechain order parameter of arginine and compare it against crystal packing propensity. This
work found that surfacexposed arginines with low order parameters are most ligely

participate in crystal packing interactions. This is evidence against earlier thinking that high
entropy surface sidechains oppose crystallizatantropic barriers tproteincrystallization can

be enthalpically overcome.
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Chapter 1: Introduction

1.1Protein Structure Determination Overview
Proteins are biological molecules responsible for a vast array of functions critical for
maintaining life including celkignaling, energy metabolism, neural impulses and even breathing.
Proteins largely gain their ability to carry out their functions ulgitotheir 3Dimensional (3D)
structures. This makes the 3D structure of proteins critically important to scientists as deep
understanding of a pr ot ei n Opsoteinshehavestndinthecasei ng s
of human disease, hatvey misbehaveThe biophysical processes by which proteins adopt their
3D conformation is an area of great research and although there is still a lot unknown about how
proteinsadopt their native 3D conformation vitro or in vivo, it is understood that the primary
amino acid sequence of a protein plays a significant role in determine the 3D structure of a protein.
Christian Anfinson in 1978roposed théhermodynamic hypothesis of protein folding which
states that the 3D structure of a protein is ultimately determined by its amino acid sddjience
To this end, there have been multiple attempts at prediatingp r ot e i n ¢osfornmabon i ve 3
strictly from its primary amino acid sequenckdeed, computationakb initio and de novo
methods have yielded some success in this eff®], but large roadblocks including
conformational search space complexity and energy landscape ruggédmgpasab initio and
de novomethods a run for their money for accurate protein structure prediction. Most recently,
AlphaFold2[7] by DeepMind has yielded tremendous success in protein structure prediction by
using transformebased neural networks and homology modeling to train machine learning

algorithms to predict, to a great degree of accuracy, protein structures. This methbd wil



explained later in the thesis, but the takeaway here is that great effort is spanptdationally

predict protein structures from the primary amino acid sequence.

Amino Aci d Sequence Fol ded Protei

PGPGGYGAI L R¥»RTCRC
KTFSAGYTRTTNNRME
L MAAI

Figure 1. The primary amino acid sequences the key driver in determiningt he pr otei nds
conformation. Proteins can theoretically adopt a vast numbeoaformational spaces from their primary

amino acid sequenf& 9]. For examplea protein with 101 amino acids will contain a total of 100 backbone

bonds with each bond being able to access six different possible conformations. This mearssnijat

protein 0f101 amino acidsan adopt 5x14 configurations. Even if the protein sampled®*@nformations

a secondit would take 27 yearfor it to adopt all possible conformations. However, proteins adopt their
native conformation in seconds, not yearggestingifferent combinations of amino acids are favored to

rapidly adopt some conformations versus others.

Although computational tools for protein structure prediction are gaining widespread
popularity, experimental methods remain the top approach for protein structure determination.
Experimental potein structure determination is a gi@edtake proposition. Currently, there are
three experiment al met hods for determining a
and drawbacks: Nuclear Magnetic Resonance (NMR), -€lgctron Microscopy (0EM) and
X-ray crystallography. NMR is generally practical $omnall proteins (<50 kDa) that remain soluble

in solution[10], andadvances in the field have allowed farger structure determinations like of

fibrils using solidstate NMR[11]. CryoEM is practical for large proteins (>100 kDa) that also



remain soluble in solutiofil2] and yearly advances in sample preparation and computational
techniques continue teduce the size limit for Cryd& [13]. X-ray crystallography can be used

for small and large proteidsthere is practically no size limit for proteins in-Ray
Crystallographg that can crystallize out of solutigd4]. Moreover,x-ray crystallography is
applicable to a wide range of biomolecules, including small proteins, nucleic acids, and small
molecules X-Ray crystallography has proven to be such a useful tool in structure determination
that as of March 31, 2021 -Ray crystal structures accounted for ~88% of all available structures
on the Protein Data Bank (PDB)-rdy crystallography has become thedat@nd butter of protein
structure determination, however, not all proteins crystallize and there is no stanedahd

true method for protein crystallizati¢h4]. This is a significant bottleneck becaudargenumber

of proteins critical for drugarget discovery and development projects fall between tHED60

kDa rangdq15]. Understanding the mechanisms that drive protein crystallization will have high
impact results in science and drdigcovery projects. Given the usefulness and popularity-of X

Ray crystallography, alleviating the crystallization bottleneck is a-inigfactgoal in this field

1. 2Protein X-Ray Crystallography

More than 50 years after the solution of the first protein crystal stejpnatein crystallization
remains a hibr-miss propositiorjl16-18]. Synergistic developments in crystallographic methods
[19-23], synchrotron beamlin-27], and highspeed computing have made structure solution
and refinement routine, even for massive complexes, if-tuighity crystals are available.
However, there has beeglativelylittle progress in improving methods for protein crystallization.

The dgructural genomics consortleaveconfirmed that most naturally occurring proteins do not



readily yield highquality crystals suitable forray structure determination and that crystallization

is the major obstacle forotein structure determinatiasingx-ray crystallograph28-30]. While
numerous methods have been developed that have some efficacy in improving protein
crystallization properties, none work witkufficient efficiency to have been applied with
significant frequency by practicing crystallographers.

Protein Xray crystallography involves several key steps, starting with the expression and
purification of the protein of interesthis is generally done by using a plasmid that contains the
gene that codes for the protein of interest and an expression systdaxctkg31] . Oncethe
target protein is expressed in the expression systenpuifeed in soluble form the protein is
subjected t@ varietycrystallization conditios. One method that scientists use in this context is
the hanging drop methd82] thatinvolves suspending a small drop of protein solution mixed with
a precipitant from the lid of a crystallization plate. The drop is carefully positioned over a reservoir
solution containing higher concentrations of the precipitant. The plate is then twepledent
evaporation and placed in a controlled environment to promote crystal growth. The hanging drop
method facilitates the formation of higjuality crystals by allowing slow, controlled diffusion of
the precipitant into the drop, leading tethucleation and growth of protein crystals suitable for
x-ray diffraction methodslIn this methodthe target protein is generally subjected to hundreds of
different crystallization conditions including different precipitating agents, pH levels, metals, and
ions [33]. Currently, there is no single crystallization condition methodthat consistently

produces protein crystals and is generalizéi&evariety of proteins.
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Figure 2. High-level overview of Protein Structure Determination Using XRay Crystallography.
Experimental protein structure determination usifigycrystallography idependent on the crystallization
propensity of the target proteifiithe target proteiproduces a higiquality crystal, then upon exposure to
an xray beam, it will produce a diffraction pattern that, through readily available computationahitiols,
ultimately elucidate its 3D conformation.

In the optimistic case where crystals form, the protein molecules doregular, repeating
array of proteirunits. These protein crystals are then exposed to-eayXeam, and the resulting
diffraction pattern is captured by a detecWhentheincident Xray interacts with an electron
the crystal latticeit scatters resulting in the generation of a secondary wave with the same
wavelength but a different direction compared to the incident wBwve to the crystal's
symmetrical structure withepeating proteirunits, these secondary waves exhibit constructive
interference at only one specific around the atorpaesible for the scattering. The location of
this point is described by Bragg's Law and manifests as a distinct dark spot on the [Btpctor
The diffraction data is then processed and analyzed to obtain the amplitudes and phases of the
diffracted waves, which are used to calculate an electron densityTiapnitial stage of the
processing entails determining the crystal system and the dimensions of the (88 CBHle next

stage of the data processing is the measurement of the intensities of the spots. Protein crystals



diffract weakly because they are composed mainly of light atoms and they have large unit cells.
The larger the volume of the protein crystal, the stronger its diffraction. Intensities of diffracted
spots vary because of both the amplitude of the diffragtaaks and their phase relatif@b].

The intensity of each diffracted spot on the detector is a product of the incident diffracted waves
at that specific point. This intensity is determined by bothathelitude of these waves and the
phase difference between them, represented as an angle. When the phase difference is zero,
constructive interference occurs, leading to increased intensity. Conversely, when the phase
difference is 180°, complete destruetimterference takes place, resulting in reduced intensity or
even absence of the diffracted sp@6]. Finally, now thatboth the amplitudes and phasae

known the structure factorsan becalculatedwith the fast Fourier transform (FFT) method. This
yields an electron density map, which shapes the-tfimensional contours that will be used to
construct the protein structure. To achieve this, each edge of the unit cell is divided into spacings
of a few angstroms. The chosen spacing affects the map's level of detail and the calculation's speed.
Consequently, a thredimensional grid is established wiittthe unit cell, and the electron density

is calculated at each grid poif®5, 36] The electron density map is subsequently interpreted to
build a model of the protein's structufigtjing amino acids into the electron density nadpwing

scientists teelucidate the 3D structure of the protein

1.3Entropic and Enthalpic Considerations in Protein Crystallization

When protein molecules move from a solution to a crystal under constant temperature and
pressure, their transfealong with any other chemical process or tieacis controlled by the
alteration of Gibbs free enerd®7], symbolized agp Grst By applying the Gibb$ielmholtz

equation,to protein crystallization, more specifically, tbe change irGibbs Free Energy of



protein crystallization(pGrys) at a constant temperature(T), we can descrie protein
crystallization in terms ofhe combinectontributionof the opposinginfluences caused by the
change irenthalpy(gp Hrst), and thechange irentropy(gp Sys). This is formalized in equation 1

below.

PGyst= @H-T @5(1)

Thecontributionto the changentropyfrom restricting protein orientational and translational
degrees of freedoms between solution and the crystal lsttogected to be negatiidowever
upon incorporation into a crystal lattice, watesleculeshydrating the protein surfa@e solution
could be releaseflom the protein surfaceMoreover, solution water molecules couldttzpped
upon crystal lattice formationThis releasing or trapping of water molecules would have a
significant effect orgp Syst Therefore, equation 1 can bewatten more explicitly to include

entropic effects from water displacement during protein crystallization.

P Gryst= P Hryst- T (p Srotein+ P Qater) (2)

The individual contributionef each ternin equation 2 to protein crystallizatibave been
the target of multiple studie®©ne study[38] investigated the physical chemistry behind the
crystallization of Human Hemoglobin C and Apoferritindifferent crystallization conditiongt
wasfound that, at least for these two proteopsarystranges from10 kJ/mol to-100 kJ/mol which
is consistent with the fact that these two proteins did ultimately crystallwerange ofo Gryst
values reportedndicated and confirmed a widaown experimental dilemméahat protein
crystallization is sensitive to chemical perturbations from crystal screening condiioreover,
theq Hystfor Human Hemoglobin @ielded a positive enthalpy of 155 kJ/mol and thaentropy
gain from the release ofp to 10water molecules per protein molecwas the primary driver of

crystallization for this proteif39]. Another study investigated the enthalpy of crystallization of

7



hen egegwhite lysozyme Constanceet al. varied the initial protein concentration, pH and NacCl
concentration and found thgitHystvaried from-7.2 kJ/mol to-21.8 kJ/mo[40] which the authors
determinedvas a small contribution, relative to the change in entropy, to the overall change in
Gi bbbés FrUeneg oBEneurngayt.el y, the Gi bbds Free Energy
These earlier studiesuggestedhat the enthalpic contributions to protein crystallization
were small relative to the entropic contributiangplying that minimizing the cost of entropy
would drive protein crystallization in recalcitrant proteimgleed, a subsequent stu®@] from
the Hunt labexamined 679 strongly expressed and \welhaved proteirds from which 157
successfully crystallizedl and found consistent results like the previously mentioned studies.
Namely, that proteins with a larger fraction of exposed high entropy sidechains aed larg
disordered regions were less likely to crystallize than proteins with exposed low entropy sidechains
and a smaller number of disordered regidrisese resultfurther suggestd that replacing high
entropy sidechains on proteins with lemtropy substitutes can increase crystallization propensity.
To this end the highly recalcitrant protein RhoGI)B7] was crystallizedby stabilizing its
disordered regiond hey substitutedlifferent combinations of lysine and glatate (high entropy
sidechains) sites with alanin@ low entropy sidechajnand found that these lowentropy
substitutionrystallizedthe protein. The authorgaffirmedthe rotion that engineering protes
to reduce the cost ehtropy upon protein crystallization will drive successful crystallizg8ah
However this method has not become widespmadexpanded upon since its inception indicating

that there is still a need for a rational, systematic method to improve crystallization propensity.



Chapter 2. Bulk Lysine-to-Arginine Substitutions

2.1Arginine is Overrepresented in Crystal PackingContacts

T h e Hu refforttb develdsrational methods to improve protein crystallization properties
are grounded in sequence and structural analyses of historical crystallization results and associated
thermodynamics studies.Previously published analyses of largeale experimental studies
showed that the surface properties of proteins, particularly exposed sideatnapy are a major
determinant of protein crystallization propepgRB0]. These studies identified primary sequence
properties that correlate with successful crystal structure determination, including strong
anticorrelations with predicted backbone disorder and surface sidechain entropy and weak positive
correlationswith the fractional content of several individual amino a¢3dg. In afollow-up study
that is not yet publisheany labanalyzed 87,683 crystal structures from the Protein Data Bank
(PDB) and identified contiguous amino acid patterns strongly overrepresented in crystal packing
interfaced41]. This analysis generated data on the relative overrepresentation of individual amino
acids in crystapacking interfaces segregated by secondary struatuwtsuggesteastreamlined

approactor enhanmng protein crystallization propensity basedsimple substitutions
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Our computational analysis of crysfacking interactions in the PDB showed a substantially
higher probability for arginine to mediate irt@olecular packing contacts than lysine, consistent
with our expectations based on earlier analyses of correld&tgiween primary sequence features
and protein crystallization propens|80]. The observation that arginine mediates cryssaking
contacts more frequently than lysine is particularly notable because the entropy of the arginine
sidechain is generally estimated to be somewhat higher than that of [4/2i4B], and higher
surface sidechain entropy opposes crystallizg80n 4649]. Enthalgc contributionshavebeen
historically regarded to play a trivial role relative to eniopcontributions for protein
crystallizationand identifying arginine as a kgjayer in mediating crystal packing contacts stands

in direct contrast toprevious suggestionsf entropy being the primary driver of protein

10



crystallization Our analyses of the PDBiggestdhe role ofenthalpicand entropicontributions

to protein crystallizatiomay have not been fully elucidated.

£ |
Figure 4: Example of a Crystal Packing Interface.Crystal structure of methyl transferase from
Methanosarcina acetivoran@DB ID 6MRO). Two protein subunits in the crystal lattice are shown
participating in a crystal packing contact. R65 (green) participates in hydrogen bonds with neighboring
surface sidechair(grey)and backbonggrey)in the crystal latticeThese enthalpically favorable hydrogen
bonds help promotihe ordered formation of a crystal lattice.

2.2 Keeping with the Foldd Lysine to Arginine (KR) Substitutions

The more frequent occurrence of arginine compared to lysine in cyat&ing contacts
suggests that the guanidino group on arginine
interaction free energy, than the primary amine on lysine. Thigeeime is consistent with the
well-known properties of the guanidinium ion as a protein denat{B8s§2], a property that is
not shared by primary aminesTo this end,introducing multiple arginingo-lysine (KR)
substitutions in a proteishouldenhance crystallization propensity agaen the very similar

physicochemical properties of arginine and lysine in terms of size and polarity, multiple
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simultaneous substitutions would be tolerated without significantly impairing thermodynamic
stability or fold of the protein under investigation.

The first aim of this project was to devel@prational method fointroducing arginine
substitutions at lysine siteBhe goal was to introduce substitutions that wouldhtadn the native
biophysical properties of the protein such asstability and fold. | developedcomputational
pi pel i ne c thdtdupus afiaBked okdB @f lysine sites to substitute with argiihe

substiution)or a given protein.

2.3BulkR Pipeline

Sites for KR substitution amankedbased on the frequency thfesesubstitutions in naturally
evolved sequences in a phylogenetic alignment. This proceduly automated in Python code

availableon Github (ttps://github.com/huntmolecularbiophysicslab/pxenginegrihat can be

runinteractiwely via a webserver that can be accesséudp://www.pxengineering.orgThe input

i nto the fBudnruRple sequeacg alignmeilSA) file of the target protein and
as many homologs that NCBI Blast provides. B proteins we had under investigation, our
MSA had 5,000 homologs tapture the sequence diversity more fabross thehylogeny of
our target protein.

The algorithmimplemented by the programnks sites based @aredundancgompensated
estimate (explained later) of the frequencyK&f substitutionsn homologous sequences, which
are divided intanutually exclusive binwith progressively lower levels of overall percent identity
relative to the target sequencehe first bin includes sequences with greater than or equal to 90%
identity and less than 99% identity (to avoid mutant variants of the target sequence), and
subsequentnutually exclusivebins reluce thelower identity level in 10% steps down to a
minimum of 30%. The algorithm steps through these bins in order from highest to lowest percent

identity, selecting sites in each bin in inverse order of their redundampensated count of
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lysine-to-arginine substitutions down to a minimum uadjustable threshold count. This
threshold is imposed to avoid selecting a site based on an arginine substitution in a single sequence
that could potentially be inaccurate or in a small number of glasely related sequences that

could potentially share a functiompairing or stabilityimpairing mutation; it defaults to a value

of 1.1, which ensures observation of a lysio@rginine substitution in at least two sequences with

no more than ~93% éhtity to one another.

80% Bin, 205 Homologs

90% Bin, 44 Homologs
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Figure 5. Pairwise Percent Identities of Homologs ifExclusive Percent Identity Bins Relative to the

Target SequenceAll sequences in the MSA are binned by their percent identity relative to the target
sequence. Next, sequences in each bin have their pairwise identities calculated against all other sequences
in the same bin. The above graph displays a heatmap of seqaeoest identities of homologs in

individual bins. Naturally, aghe percent identities relative to the target sequence move away from 100%,
thepercent identity of each homolog to each other in each bin also begin to diverge away from 100%.
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2.3BulkR Graphical Displays

The softwaregorovidesgraphical display of summary parameters characterizing the amino
acid distribution in the homologs in each of the peridentity bins at every lysine site in the
target sequencé&ig. 6), as well as a graphical displaytbE overallsequence diversity in eaoh
thebins (Fig. 5). The displayed summary parameters are the Shannon entropy of theaardino
frequency distribution, the frequency of all residues other than lysine, the atigithysne ratio,
the total count of sequees with an arginine residue at the site, and two different estimates of that
count after compensation for redundancy between those sequeBeo#s. redundancy
compensation calculations use the same heuristic estimate of the degree of mutational resampling
between pairs of sequences, which is described iméteodschapteralong with explanations of
the details of the two algorithmsBriefly, the first redundaneyeduced count evaluates all
sequences using a calculation that has rigorously correct beathe cases of full redundancy
and full independence between the sequences but is otherwise approximate. The second count
provides a rigorous probabilistic estimate of the number of independent observations in the seven
most remotely related sequencairp in the bin having arginine at that site. Extending this
calculation to more sequences is computationally prohibitive, but the estimate based on a limited
set of the most diverged homologs provides a highly effective method to ensure that independentl
determined protein sequences have an arginine residue at the lysine site in the target protein, which
is the essential goal of the redundagoynpensation calculations. This second calculation is used

for the automated sieanking algorithm describedave.
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Figure 6. Representative outpus from the Bulk-R webserver analyzing lysingo-arginine
substitution patterns in homologous proteins. All sequence analyses are conducted on sets of proteins
spanning 10% ranges (bins) of sequence identity relative to the target meteiot, forthe highest identity

bin which spans 999% identity to avoid mutant protein sequencHse top figure shows total and
heuristically redundaneseduced counts of arginine residues observed at each lysine site in the native
sequence in the indicated sequencatitiebin. The bottom of the top figure shows the expectation value

for the number of independent observations of arginine in up to the seven most diverged sequence pairs in
the bin that have arginine at the indicated sitke bottomfigure shows the Shannon entropy, the fraction

of residues other than lysine, and the ratio of arginine/lysine residues at each lysine site in the native
sequence in the indicated sequence identity bin. niddle graph of thdop figure displays the results of

the first redindancycorrection calculation described in the text, while bb&omgraph inthe top figure
displays the results of the second.
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The program additionallprovides a ranking of sites for introducing aspartatglutamate
and asparagin®-glutamine mutationsogethemwith a record of which of those sites have potential
ionic interaction or Fbonding partners in the target sequence that would tend to reduce the entropy
of the longer sidechains in betheet(ix2) or a-helical (i£3,i+4) secondary structur@s3-55].
Lysine, arginine, and histidine are considered potential ionic interaction partngikgéonate and
H-bonding partners for glutamine, while asparagine, glutamseeine, and threoninare
considered ptential Hbonding partnerfor both with the addition of aspartate and glutamate for

glutamine.

2.4Test Proteins for KR Substitutions

We chose to test the KR substitution approach using three proteins with different crystallization
properties. The hPDla domain is a human drug tdBfet57] that represents the first of four
domains in the endoplasmieticulumresident human Protein Disulfide Isomerase (hPDI)
protein. The hPDla domain had never successfully been crystallized on its own, but its structure
was known from a relatively lowesdution crystal structure of a much longer mudtmain
construct containing hPDI&8], which enables evaluation of the impact of KR substitutions on
its structure, as reported belo®. coliRNaseH is difficult to crystallize in the absence of ligands
stabilizing active site structure but has had its crystal structure determined by groups studying its
enzymological mechanism and foldifisP-64]. MA 2137, an Sadenosyimethionedependent
RNA methyltransferase frofdlethanosarcina acetivoransrystallizes well in the presence of S
adenosyhomocysteine (SAH), the product of the methyltransferase reaction that it catalyzes. We
included this last protein because we previously demonstrated that incréasimipserved
instances of protein crystals (hit countshighthroughput crystallization screening is strongly

correlated with the probability of successful crystalicture determinatiof80], which implies
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guantification of hit count for a protein that crystallizes relatively easily is an effective assay for
crystallization propensity. KRubstitutionsvere introduced into the D65R mutant of MA_ 2137
because we had previously demonstrated that this single mutation improves crystallization of this

protein, and we wanted to determine whether KR substitutions could improve it even further.

Table 1. Summary of expression, stability, and crystallization results for BUIR mutant proteins.

Protein / Construct Properties  |Biochemical Properties Thermal Stability Parameters | Crystallographic Results
. Crystal
Target KR . 3 #hits at|  structure
Protein | Construct | mutation sites| Expression| Solubility | Tm( e C DHvH (kcal/mol) 4 weeks| resolution (A)
hFl’ZDO'a WT (none) ot ot 59.9, 67.9 204+ 36,1319 0 n/p
amino 2KR 42,114 +t +t 58.9,68.6 201+40,117 +5 n/a n/a
5KR +130, 69, 71 +H+ +Ht 48.2, 65.7 47.7+2,125+3 n/a n/a
7KR +31,131 +H+ +Ht 495, 64.1 89.8+5,156 +5 n/a n/a
9KR +57,65 4+ +++ 60.4 1613 9 1.89 A
MAI924137 WT (none) o ot 69.0 283 +13.5 75 nia
s D65R (none) 4t —— 68.7 250 + 4.60 126 1.60 A
D65R-3KR 126, 129, 194 +H+ +Ht 67.1 194 £3.30 n/a n/a
D65R-5KR +5271 +H+ +Ht 67.4 153 £7.10 n/a n/a
D65R-7KR +172, 133 +++ +++ 65.5 193 +£3.90 n/a n/a
D65R-11KR | + 8,64, 142, 155 +++ +++ 63.4 150 + 2.60 238 1.91A
RNaseH WT (none) +++ +++ 45.2 135+2.20 0 n/p
166
amino 2KR 31,90 +++ +++ n/a n/a n/a n/a
acids
5KR + 66, 89, 35 +Ht ot 455 128 +2.60 0 nip
7KR + 107,124 +++ + n/p n/p n/p n/p
11KR + 111,62, 88, 101 +++ i n/p n/p n/p n/p

* The constructs harboring increasing numbers of KR mutations also include all of those in the constructs of the sanzehmotgin
f ewer KR mut atnfado nsst.a motAkbneptetFbedcensticts that were ultimately screened for crystallizatene
chosen by the most soluble constructs that harbored the most KR substitafions exist because not akR mutants were
chosen for crystallization. The coflen / gpands fonot possible These constructailed to be properlpurified due tgorotein
aggregation during the purification process.

We introduced 2 to 13 KR mutations into thgseteins Table 1), and we first examined the
expression and solubility levels of the full set of mutant constructs when expressed from a pET
plasmid using T7 RNA polymerase k@ coli, which yields higHevel expression of the three
parental proteins in the form of efficiently purified monodisperse monomers. The largest number

of KR mutations tested preserved higlbld protein production in a monodisperse state for both
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hPDla and MA_213'D65R (i.e., the hPDRKR and MA_2137D65R-11KR constructs). The
RNaseH2KR and RNasetbKR constructs similarly preserved higleld protein production in a
monodisperse state. However, the RNa3&HR construct yielded polydisperse ot that ce

purified with the Hsp33 molecular chaperone prof@h, 66] while the RNaseH 1KR was

completely insoluble even though it expressed at a high. [Ekel stability studies presented in

the next section confirm earlier reseal@h, 68]showing that RNaseH has a low thermal melting
temperature (Tm) of ~45 eC, making it margina

fewer KR mutations than the other target proteins.

2.5 KR Mutations Generally Produce Slight Reductions in Melting Temperature

The thermalmelting temperaturefl'm) of a large sebf the successfully purified bulk KR
construct were characterized using circular dichroism spectrodoopssess the effect of the
mutations on protein stabilitylf the Tm of a proteinis too low,it will tend to aggregate and be
difficult or impossible to purify. Therefore, thermal meltiagsayprovide an extremely effective
practical assay for whether mutations destabiizeotein to the extent that they will prevent
purification at all or in monodisperse form, while the latter is necessary for effective crystallization
screening30]. Theseassays also give approximate information on the enthalpy of the protein
unfolding transition in the vicinity of thd@m based on the observed steepness oftlikemal
transition, a measure that i's called the wvan
determining thermodynamic enthalpy depends on several experimental factors including the
reversibility of the transition and the linearity of the sigbaing monitored relative to the
fractional progression of the unfolding transition. Therefore, calorimetric studies are needed to

evaluate the accuracy of wvanot Hoff enthalopy
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sufficiently with temperatur¢182,183]that it is not a reliable predictor of the free energy of
unfolding at a substantially lower temperature. Therefore, chemical denaturation studies, in which
the free energy of unfolding is extrapolated to zero denaturing concentration, generally provide
the most accurate assessment of the free energy of unfolding at a given temperature. Nonetheless,
changes in the vanét Hoff enthalpy provide a
mutations on unfoldinghermodynamics. Thereforéable 1reportst he vanét Hof f en
addition to theTnm, for the BulkR constructs for which thernmaklting assaywere performed.

Theseassays show a variable but generally very small degree of destabilization by KR
mutations Fig. 7 and Table 1). RNase5KR shows an approximately unaltered @mpared to
the wild-type protein, demonstrating that KR mutations can have a completely neutral effect on
stability. PDla9 KR s hows an ~8e¢ reduction dypedpmmamed t o
while MA 2137D65R1 1 KR shows an ~6& tredtulte i @9 €O mpmr e
protein. Considering the entire set of mutant proteins in our study that could be purified, which
includes 25 different KR mutation§4ble 1), thereisonavagea054+0. 30e reducti on
per KR mutation. Therefore, KR mutations are generally very well tolerated, although large sets
of mutations tend to produce modest reductions in protein staéiijythat can reduce soluble
protein yieldin vivowhen the stability of the wildype (WT) protein is relatively lowl heactual
amount of destabilization at tineorking temperatureannot be inferred directly frothe melting
temperaturealone It might be substantial, but that this is not the main concern as lorigeas

protein is stable enough to remain folded andhegappear, structures are minimally perturbed
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Figure 7. Thermodynamic stability of bulk-KR mutants characterized using thermal denaturation
experiments monitored by circular dichroism (CD) spectroscopy. Experiments were conducted using
protein samples at 2 mg/ ml scanned at a rate of
Cl, pH 7.5, with the addition of 1 mM SAH for the MA_2317 constructs. The suppression of the low
temperature transgn in the hPDI€DKR construct could be attributable to an idtedical salt bridge
between the dechains of residues E62 and R65. The latter residue is one of the KR mutations in this
construct not shared by the hPEMIER construct, and the sidechain of residue K65 does not make-any H
bonds at all in the crystal structure of the multidomain constR2B ID 4EKZ). Therefore, the sidechain
saltbridge produced by the K65R mutation could potentially stabilize local structure in the hPDIla domain.
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2.6 KR Mutations EnhanceCrystallization Propensity and Yield Strongly
Diffracting Crystals

The purified protein constructs harboring the largest number of KR mutations (i.e.-9RRIa
and MA_2137D65R-11KR) along with matched controls were screened for crystallization at the
National Crystallization Center at the HauptrWoodward Institute (HWI using their
automated, higlthroughput 1536-condition screen. This wetlocumented[70-75] microbatch
underoil screen was employed for initial crystallization screening by the Northeast Structural
Genomics Consortiurf¥6-79] (www.nesg.org), which used it to generate 664 crystal structures
deposited in the PDB. Neither the Widr 5KR construct of RNaseH yielded any crystallization
hits in a screen intentionally conducted without any ligands stabilizing active site structure to
provide the mostxacttest of protein crystallization propensity; the lack of success for this protein
was potentially influenced by the high 15 mg/ml protein concentration used for screening, which
produced pervasive amorphous precipitation in theegcat the earliest observation timékis
protein, however, has been crystallizeefore[80], further indicating that the lack of successful
crystallization was due ténsufficient protein purification. However, the hPDI®KR and
MA_2137-D65R-11KR constructs both yielded significantly more crystallization hits than the
control proteins. MA_213D65R-11KR yielded hits under twice as many conditions as the
MA_2137-D65R control protein, while hPDI8KR yielded 9 high quality hits compared to no
hits at all for the WT construcE{g. 8 and Table 1). A small number of hit conditions for each
proteinwere chosen for optimization, which very rapidly yielded 1.9 A structures for both KR
constructs based on a single session of remote synchrotron diffraction screening and data collection

(Figs.9 & 10and Table3). Therefore, for both target proteins, crystallization screening only had
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to be conducted on the soluble construct harboring the largest number sifid§Rutionsto

rapidly obtain higkquality crystal structures.
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Figure 8. Crystallization hit counts from the 1536condition high-throughput automated

microbatch-under-oil crystallization screen at the National Crystallization Center at the

Hauptman-Woodward Institute (HWI). These screens were conducted during the summer of 2021

using generation 19 of the HWI crystallization cocktail collection. The proteins were at ~15 ml/ml in the

stock solutions used for screening, which contained 100 NaCl, 10 mM DTT, 10 mi@ITpll 7.5. The
screening plates are maintained at 4 eC for the f
the screening period.
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2.7KR Substitutions do not Perturb Protein Structure and Engineered Arginines
Make H-bonds inCrystal-Packing I nterfaces

The 1.9 A crystal structures of our KR substitutibig(9 and Table 3) constructs show 0.32
0.33 A rootmeansquare deviations for their backbona &toms compared to the references
structureskig.9) (i .e., the much | arger multidomain h
the isolated domain has never successfully been crystallized before and the parental MA 2137
D65R construct for MA_213D65R-11KR). The observed deviations are close to theceo
coordinate error in wellefined crystal structures in the operative resolution r§8itjeindicating
our Bulk KR substitution method does not significantly perturb protein conformation for either of

our targets.

8GDY vs. 4EKZ: 0.327 A RMSD for 116 Ca atoms 8GDU vs. :0.320 A RMSD for 181 Co atoms

Figure 9. Crystal structures of Bulk-KR-substituted protein constructs show no significant
conformational or stereochemical changes compared to reference structurega) Comparison of our

crystal structure of hPDI8KR (Fig. 10b and Table 3) to an earlier structure of the same domain as part

of a much larger mukil o mai n hPDI (abbo6xad) [58) n(s) Comparison ¢f ®ubB | D
crystal structures of MA_213D65R11KR (Fig. 10d and Table 3) and MA 2137D65R (PDB ID

6MRO). The loop at residues +452 is ordered by a high concentration of Ca++ present in the mother
liquor for the latter structure, while the was no Ca++ present in the mother liquor for former structure.
Leastsquares aligments were performed in PyMOly§ww.pymol.org and ChimeraX82] using the

default algorithms.
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Detailed analyses of the intermolecular interactions in our crystal structures demonstrates that
the engineered arginine sidechains make extensive crystal packing contacts, substantially
exceeding the number of van der Waals contacts and especialynd$é made by the native
arginine sidechains in the same constructs and greatly exceeding the numbikr lahd® of
contacts made by lysine sidechains in the parental constiatite(2 and Fig.10). The larger
number of crystapacking contacts made by engineered vs. native arginine residues could reflect
greater sequestration of native residues in Ilsaalace interactions reducing the probability of
reaching across a packing interface to make an energetically stabilizing interaction with a
neighboring molecule in the crystal lattice. More extensive experimentation will be required to
evaluate this poddlity and to establish the statistical robustness of the trends documented in
Table 2 but they nonetheless support the premise underlying our Bulk KR substitution strategy,
which was based on the substantially stronger overrepresentation of argirysénesin crystal

packing interfaces in our largeale analysis of crystal structures previously deposited in the PDB

(Fig. 3).
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*The abbreviation n/a stands for not applicable. Ratios per engineered arginine reflect exclusively ordered residuadetiteexcl

three disordered arginine residuhes in the MA_2D8BR-11KR structure. Candidate-bbnds were initially identified based ¢he
eteroat oms

have reasonable interaction geometry. Among the five crystal structures analyzed here, only two pdientiiigHnteractions in

crystatpacking interfaces fulfilled the distance criterion but failed the geometric evaluation. Individual atoms fulfillingdhksasce

and geometric criteria with two different potentialbddnding partner atoms were counted @stgbuting two Hbonds[55], consistent

At o m p-leonding criteria tvere countéede r nucl ear

parti

wi t h

Table 2. Crystalpacking contacts in reference and Bulk KR protestructures.*

Construct
PDB ID (chain)
Resolution (A)
Crystal Solvent Content
Domain
# residues in domain
# disordered K
# disordered R
# ordered surface residues
# ordered surfoce residues not K or R
# ordered K (all surfac d)
# ordered R (all surface-exposed)
# ordered R (native)
# ordered R (engineered)
# BB vdW contacts
# BB vdW contacts not Kor R
# BB vdW contacts of K
# BB vdW contacts of R
# BB vdW contacts of native R
# BB vdW contacts of engineered R
BB vdW contacts per residue in domain
BB vdW per surface residue
BB vdW contacts per surfoce residue not K or R
BB vdW contacts per K
BB vdW contacts per R
BB vdW contacts per native R
BB vdW contacts per engineered R
i BB H-bonds
# BB H-bonds not K or R
# BB H-bonds K
# BB H-bonds R
# BB H-bonds native R
# BB H-bonds engineered R
BB H-bond per residue in domain
BB H-bond per surface residue
BB H-bonds per surface residue not K or R
BB H-bonds per K
BB H-bonds per R
BB H-bonds per native R
BB H-bonds per engineered R
# 5C wdW contacts
# 5CwdW contacts not Kor R
# SCvdW contacts of K
# SCvdW contacts of R
# SCvdW contacts of native R
# 5C wdW contacts of engineered R
SCvdW per residue in domain
SCvdW per surface residue
SCvdW contacts per surfoce residue not K or R
SCvdW contacts per K
SCwvdW contacts per R
SCvdW contacts per native R
5CvdW contacts per engineered R
# SC H-bonds
# SC H-bonds not Kor R
# SCH-bonds K
#SC H-bonds R
# 5C H-bonds native R
# 5C H-bonds engineered R
# Kmaking 2, 1,0 5C H-bonds
# R making 5,4, 3,2,1,0 5CH-bonds
# native R making 5,4, 3,2, 1,0 SCH-bonds
# engineered R making 5,4, 3, 2,1, 05C H-bonds
5C H-bonds per residue
SC H-bond per surface residue
5C H-bonds per surface residue not K or R
5C H-bonds per K
5C H-bonds per R
SC H-bonds per native R
5C H-bonds per engineered R

cipating

Coul omb' s |

as van der Waals contacts.
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On average, the wetirdered engineered arginine sidechains in our Bulk KR structures make
1.08 Hbonds each to a neighboring protein molecule in the crystal lattice, compared to 0.48 each
for the native argininesT@ble 2). In comparison, the wetirdered lysine sidechains make an
average of 0.10 #honds each to a neighboring protein molecule in the native structures and none
in our Bulk KR structures. These results support our hypothesis for the physicochemical basis of
the greater overrepresentationanfinine compared to lysine in crysgacking interfaces in the
PDB, which is that that guanidino group in arginine is substantially more efficacious than the
primary amine group in lysine in mediating energetically stabilizingoHds in the relevant
stereochemical context§ig. 10).

The number of van der Waals contacts per ordered sidechain follow a similar trend.
Engineered and native arginines, respectively, make on average 4.62 and 3.43 contacts each, while
lysines in the native structures make on average 0.28 contacts eagfsiaeslih the engineered
structures making nond¢ble 2). The greater number of intermolecular van der Waals contacts
made by the arginine sidechains could potentially be influenced by their greatemdithg
propensity leading to more frequent occureenn crystalpacking interfaces, but additional
research will be required to determine the relative energetic contributions of their van der Waals
vs. Hbonding interactions to lattice stabilization. Notably, the number of backbdranting
and van der \Wals interactions make by arginine vs. lysine residues in our reference and

engineered structures do not show any clear treraldd 2).
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d MA 2137-D65R-11KR

Figure 10. Crystal-packing in structures from proteins containing bulk-KR mutations. The protein
backbone is shown in ribbon representation, colored gray for symmetry mates and shades of green, blue,
cyan, and teal for the subunits modeled in the asymmetric unit of each crystal structure. The sidechains of
the native arginines (magejhand residues mutated from lysiteearginine (red) are shown in spafdéng
representation on the left and in stick representation in the zeimnwéglvs of local packing interactions
in the boxes to the right. Asp, asn, glu, and gln residues makimgnthks to the illustrated lysine and
arginine residues in the boxes are shown in blue stick representation, while the backbone atoms-making H
bonds to those residues are shown in-dadlstick representation.
2.8Influence of Bulk KR mutations on protein solubility in PEG3350 solutions

Thermodynamic solubility assays using polyethylene glycol 3350 (PEG3350) to induce protein
precipitation[83-85] assess the relative free energy of the hydrated state of individual protein
molecules compared to the most favorable-as$ociated state under conditions of constant ionic
strength but reduced water activity (effective concentration). In practice #ssays monitor
optical density at 280 nm in the supernatant of solutions containing different concentrations of
protein in the presence of increasing concentrations of PEG3350 after centrifugation to remove
large particulate molecular assemblies, so #fégctively measure the equilibrium concentration

of protein that remains soluble as water activity is reduced. The observed results depend

intrinsically on the free energy of the salsociated state, which varies significantly for different
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proteins in different solvent environments and can include crystalline phases andidigjdid

phase separated (LLPS) phases in addition to heterogeneous amorphously precipitated phases.
This factor can complicate interpretation of thermodynamic saiylbitisays, but they nonetheless
provide insight into physicochemical properties that ultimately control protein crystallization

behavior.

Well #5 Well #6 Well #7 Well #8

Day0

Day1

Week 1

Figure 11.  Optical micrographs showing time evolution of representativeMA 2137-D65R
crystallization screening reactions showing evidence of liquitiquid phase separation Representative
micrographs from the HWI generation #19 1,536 well crystal screen
(https://hwi.buffalo.edu/crystallizatiecocktailsy show evidence of liquitlquid phase separation for
MA_2137-D65R.Other than a tag and 42sidue internal loop, likely to be a calcium binding dig.(9),

this protein is ordered. The cocktail recipes are as follows for the individual wells:

#5: 0.1 M NaS;0s, 0.1 M Tris, pH 8, 20% (w/v) PEG 4000;

#6: HR SaltRx Screen HT A12) 3.2 M NaCl, 0.1 M NaOAc, pH 4.6;

#7: (HR SaltRx Screen HT D4) 6.0 M MKOs, 0.1M NaOAc, pH 4.6;

#8: 0.1 M LiBr, 0.1 M Tris, pH 8, 20% (w/v) PEG 4000.
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PEG3350 precipitation assays on WT hPRIad the 9KR mutant show no significant
difference in their behavior in PEG3350 precipitation asdags 12), indicating that the Bulk KR
substitutions in this protein domain do not alter its thermodynamic solubility under these
conditions even though they enable crystallization and-tagblution structure determination of
a domain that does not crystallizea#l with its native sequence. Even when harboring the 9KR
mutations, hPDla crystallizes only under a very small fraction (0.6%) of the solotwiitions
explored in higkthroughput crystallization screenind-ig. 8) while showing amorphous
precipitation in many of them (data not shown). Therefore, thermodynamic solubility assays on
the hPDla constructs are likely measuring the free energy of the hydrated state of individual protein
molecules compared to amorphougtyecipitated phases, and they demonstrate that the
physicochemical properties controlling the formation of such phases are likely different from those
controlling protein crystallizabin behavior.

PEG3350 precipitation assays on our MA_2137 constructs demonstrate more complex phase
behavior Fig. 12) likely reflecting different physical forms of sedssociation under assay
conditions. Notably, the WT and D65R mutant could not be precipitated by the highest 35% (v/v)
concentration of PEG3350 that was assayagl. (L2). These protein constructs instead showed
some tendency to exhibit a small increase in optical density at low PEG3350 concentration, likely
reflecting light scattering due some formpobtein sefassociation in a lovdensity state that does
not sediment during low8peed centrifugation. During crystallization screening, these constructs
showed clear evidence of liguiiduid phase separation LLPS without any apparent amorphous
preciptation in many reaction conditionkig. 11). Therefore, the inability to precipitate these
constructs at high PEG3350 likely concentration likely reflects LLPS being energetically more

favorable for this protein under conditions of low water activity@waorphous precipitation. Our
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crystal structures of MA_2137 constructs show clear andaveéired electron density for every
residue in this 202esidue protein except for thet€minal hexahistidine tag that was added to
enable purification using NINTA affinity chromatography and@iZaresidue internal loop that is
disordered in the MA_213D65R-11KR structure, although well ordered by Ca++ ions from the
mother liquor in the structure of the parental MA_2TBHR constructKig. 9). Furthermore,
theCD thermal melting data demonstdhat the protein is very stably foldddd. 7). Therefore,
thesolubility data Fig. 12) combined withthecrystallization screening datgi@. 11) suggest that

MA_ 2137 undergoes LLPS in assentially fully folded conformational state.

hPDla MA_2137 MA_2137
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Figure 12. Solubility assays on selected hPDla and MA_2137 construcsssays were conducted at

room temperature. The lower graph in the center column shows data collected without S
adenosylhomocysteine (SAH) in the buffer, which is a product of the methyltransferase reaction catalyzed
by MA_ 2137, while all other solubilitassays on this protein were conducted in the presence of 1 mM
SAH. The graphs in both MA_2137 columns show the same data, which are duplicated but matched in
scale to the graphs benledhem to provide a visual reference.

32



In contrast to the behavior of the WT and the D65R constructs, the 5KR and 11KR constructs
of MA_2137 show precipitation at the highest PEG3350 concentrations used in our solubility
assays, with the 11KR construct showing stronger precipitation than ted&hstruct fig. 12).

These results indicate the free energy of these MA_ 2137 constructs is lower in the precipitated
state than in the LLPS state under conditions of very low water activity, reflecting a reduction in
thermodynamic solubility. Howevethese constructs both crystallize extremely promiscuously,
with the 5KR and 11KR constructs yielding crystallization hits in ~8% and ~15% of screened
conditions, respectively{g. 8). These results raise the possibility that the precipitate formed by
the 5KR and 11KR constructs at very high PEG3350 concentration could be in a microcrystalline
state rather than amorphously precipitated state due to theffiggty of the Bulk KR mutations

in promoting crystallization. Further research will be needed to determine whether the reduced
solubility of the 5KR and 11KR constructs reflects stabilization of crystalline states or
amorphously precipitated states oAM2137%-D65R.

Protein purification solubility assaysand CD thermal melts were performed by Blaine
Loughlin. Crystallization screens and structure refinements were performedr.b¥arhad
Forouhar Data analysis, visualization, tabulatiamdfigure generation were done byeand Dr.

John F. HuntThe BulkRsoftwarewas written by méased oran initial version without analytical
output or site ranking written by Guangi Lu. Furthermore, Gletkleration of percent identity
calculations was implementdany Henry Hunt. Computational work and data analysis the
subsequent chaptensas performed by meith advice and guidance from Drs. John F. Hunt and

Arthur G. Palmer.
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Chapter 3. BulkR Methods and Materials

3.1 GPU Acceleration of Sequencel dentity Calculation

TheBulkR Python program accelerates calculation of the absolute percent identity between
two sequences by parallelizing skig-site comparison on a Graphical Processing Unit (GPU) chip
using a custom reduction kerr{86] written using the CuPy librarj87]. In brief, each pair of
aligned amino acids in two sequences is sent to a separate GPU core-cl#nacter amino acid
codes in both sequences match each other and neither is empty due to a gap in the sequence
alignment, that core stores a valu€elah its register, which is otherwise set to zero. The values
in the registers for all sites are then summed using parallel reduction to count the number of

identical amino acids in the sequence.

3.2Prioritization of Substitution Sites

To compensate for outright redundancy as well as inhomogeneous phylogenetic sampling
in sequence databases, our software performs two redurdampensation calculations on the
set of sequences in each peredentity bin having an arginine substitutiaha specific lysine
site in the target protein. Both calculations use the same heuristic estimate for the probability of
evolutionary resampling at an aligned site between two sequences i and j with an overall fraction

of fid identical residues at allighed sites:
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We assuménin=0.3. One calculation gives a redundaneguced estimat€r of arginine counts
using the following formula in which the summation is performed over all unique pahs of

sequences the bin having an arginine substitution at one lysine site in the target protein

S

C

o
o

—~

This calculation is extremely rapid and includes all homologs but is only rigorously accurate in
the limiting cases of full redundancy or full independence. The second calculation gives a rigorous
estimate of the expectation value for the number of intligr@ observations of arginine based on
combinations of the heuristic probabilities of being resampled or not being resampled for all
unique pairs among the seven most diverged sequences in each bin tlaagimave at a specific

lysine site. These seeunces are identified by taking the single sequence with the lowest percent
identity to the target sequence and then progressively adding the sequence with the lowest average

percent identity to those already selected.

3.2 Protein Expressionand Purification

Protein coding sequences harboring Bulk KR Substitutions were synthesized (Twist
Bioscience, South San Francisco, CA) with a sheter@inal hexahistidine tag (LEHHHHHH),
cloned under the control of the T7 RNA polymerase promoter in the pET21_NESG mxpress
plasmid (https://dnasu.org/DNASU/GetCloneDetail.do?cloneid=336944), and then transformed
into BL21(DE3) Rosett&. colicells (MilliporeSigma, Burlington, MA). Protein expression was
induced with 1mM IPTG for 4 hours at 30°C in Terrific Brd88]. Cells were pelleted by
centrifugation at 4,000 rpm for 25 min at 4eC
mM NaCl, 1 mM TCEP, 5% (w/v) glycerol, 50 mM NaP , pH 7.5, prior to cell lysis by probe

sonication. The supernatant following 15,000 rpm centrifugation at 4°C was mixed vNRANi
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resin and incubated at 4 °C for 1 hour. The mixture was then transferred into a column and washed
with the same buffer containing a higher 100 mM imidazole concentration prior to elution of the
protein in 6 ml of the same buffer containing 250 mM imidezd\ 1mL aliquot of eluted protein

was concentrated to 500 pl using an Amicon 10 kDa centrifugal filter (MilliporeSigma,
Burlington, MA) and loaded via a 1 ml loop for onto a Superdex 200 Increase 10/300 gl gel
filtration column equilibrated in 100 mM N&CLO mM DTT, 10 mM TrisCl, pH 7.5. Protein
containing fractions were concentrated to ~15 mg/ml based on a priori setpasedeextinction
coefficients [89] and OD280nm values measured using a Nanodrop spectrophotometer
(ThermoFisher, Waltham, MA), and the concentrated protein was immediatelyfrbash in

aliquots in liquid nitrogen prior to storage-80 e C pendi ng use.

3.3Thermal Stability AssaysJsing CD Spectroscopy

An Applied Photophysics (Leatherhead, UK) Chirascan V100 spectropolarimeter with a
Peltierjacketed cell holder was used to collect circular dichroism (CD) spectra spanni@§@00
nm serially during a 3 eC/ min -8#&eeD@talerer amp
measured from protein samples in a 0.5 mm quartz cuvette in 1 nm increments using a 0.25
integration time per point and a 1 nm bandwidth, corresponding to 35 sec per spectrum.
Measurements of the actual cell temperature during the experimeict) were used for data
display and analysis, indicated the actual range of the temperature ramp was fén8~1 C f or
all samples. Protein samples were diluted to 2 mg/ml using gel filtration buffer lacking DTT (i.e.,
100 mM NaCl, 10 mM Trigl, pH 7.5 with the addition of 1 mM SAH for the MA 237
constructs. Global curve fitting of spectral data during the thermal ramp was performed from 215

230 nm using the program GLOBAL3 (Applied Photophysics) using double linear baseline
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correction (i.e., before and after the observed transitions) to extract the thermodynamic parameters
and melting temperatures (Table 1 and Fig. 3). Each dataset was analyzed using the smallest
number of transitions showing approximately random directionghe residuals for adjacent

points in the CD vs. measured temperature plane.

3.4 Solubility Assays

Protein stock solutions were diluted to working concentration in the same buffer used for
geltfiltration chromatography containing different weight/volume concentrations of PEG3350.
Following a 60minute incubation at room temperature, the samples were spun for 10 min at
14,000 RPM in a microfuge to pellet particulates, and the concentration of protein in the
supernatant was measured using the optical density at 280 nm measured in a Nanodrop
spectrphotometer (ThermoFisher) based on the a priori extinctioefficient [90]. The
centrifugation and measurement of concentration in the supernatant were repeated 24 hours later

to ensure equilibrium had been reached.

3.5 Protein Crystallization

A subset of the crystal hits for hPD#&R and MA_ 2137D65R-11KR observed in the
1,536-well screen conducted at the Highroughput Crystallization Screening Cenf{éb-75] at
the HauptmafwWoodward Medical Research Institute (https://hwi.buffalo.edu/thgbughput
crystallizationcenter/) using 15 mg/ml protein stock concentrations were initially reproduced
using the microbatchndero i | met hod at 4 iy optimiz&dby and sub
seeding. The hPDI8KR stock was mixed at a 2:1 volume ration with a crystallization reagent

comprising 24% (w/v) PEG 20k, 0.1 M potassium thiocyanate, 0.1 M MES, pH 6. The
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MA_ 2137-D65R-11KR stock was mixed at a 1:1 volume ration with a crystallization reagent
comprising 30% (w/v) PEG 1k, 0.1 M HEPES, pH 7.5. All crystals were transferred into a
similar crystallization solution supplemented with 20% (v/v) ethylene glycot psimounting

and flashkfreezing in liquid nitrogen. The WT and 5KR RNaseH constructs were screened in the
same manner also using a protein stock concentration of 15 mg/ml but showed pervasive
amorphous precipitation without yielding any crystallizatits, suggesting screening may have

been conducted at too high a protein concentration.

3.6 Crystal Structure Determination and Refinement

X-ray diffraction data were collected from single crystals of FiMaand MA_ 2137
D65R-11 using, respectively, the NEAT 24-ID-E and 24ID-C beam lines at the Advanced
Photon SourceTi@ble 3). The images were processed and scaled using[8D%1-94]. The
structure of hPDI®KR was solved by molecular replacement using the program MOI[SEHP
employing a search model comprising the first domain in the crystal structurelehfytth hPDI
(PDBID 4EKZ). The structure of MA_213D65R-11KR was solved using the same methods
employing the structure of MA_21d365R (PDBID 6MRO) as the search model. Both
structures were refined éble 3) using PHENIX 4 in conjunction with manual rebuilding in

XtalView [96] and COOT[97].
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Table 3. Data collection & refinement statistics for BulkR crystal structures.

Protein hPDla-9KR MA_2137—D65R—11KR
Crystal parameters
Space group P212:2; P4:2,2
Cell dimensions, b, ¢ (A) 58.7, 61.3, 68.6 109.9, 109.9, 39.1
Cell anglesa, b, g ) 90, 90, 90 90, 90, 90
Data Collection

. 68.61.89 1101.91
Resolution (A) (1.931.89) (1.951.92)
Rmerge (%) 0.24 (2.15) 0.135 (2.828)
I/sl 7(0.9) 20.4(0.9)
Completeness (%) 98.8 (82.2) 99.8 (97.7)
Redundancy 12.8 (10.4) 25.4 (17.3)
CC1/2 0.99 (0.46) 1.00 (0.49)

Model contents

Protein residues

A20-137, B18137

A1-140,153194

# protein atoms 1,897 1,464
Ligands 2 SCN, 1 EDO 1 SAH
# ligandatoms 10 26
# waters 144 82
Refinement
. 45.702.05 77.752.01
Resolution (A) (2.122.05) (2.07-2.01)
No. reflections 16,013 (1,574) 16,541 (1,642)
19.5(28.8) / 18.2 (20.9) /
0,
Ruork/ Reee (%) 23.2 (34.1) 22.1 (24.4)
Ramachandran Plot (%)
Outliers 0.00 0.00
Allowed 2.99 2.25
Favored 97.01 97.75
B-factors
Protein 34.6 43.2
Ligand/ion 37.9 31.8
Water 39.5 53.3
r.m.s deviations
Bond lengths (A) 0.007 0.007
Bond angles (°) 0.841 0.935
PDB ID 8GDY 8GDU

* Values inparentheses represent statistics for the highest resolution shell.
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Chapter 4. Sidechain Dynamics

4.1 Entropy-Enthalpy Compensation

Protein crystallization would require thair engineered surfadeatures favor
energetically stablespatially directional packing interactioasross protein interfaceserthe
nonspecific interactions that drive amorphous precipitafioh. e  H u rpreviolisastndy39]
confirmedthatthatthis crystallization propensity varies between different proteindthe
Bulk-KR datadiscussed in the previous chaftatherindicates hat effective engineering of
surface properties to maximize favorable enthalpic interactions in crystal packing interfaces
improveprotein crystallizationpropensitywithout compromising solubilitystability or native
fold. These data suggest that Igpgjar side chainflike arginine)that formfavorablepacking
interactiongplay an important role in favoring crystallization over amorphous precipitation,
while hydrophobic sidechains are less effecbeeausdt may bemore difficult for thento
mediatefavorable and persisteintteractionsThe largescale computational analyses from my
lab along with the BUBKR data provides an initial steppingstdnaunderstand the relevant
chemistries driving protein crystallizatioMore interestingly, our data stands in direct contrast
to earlier workwhich suggested that the minimization of protein surface entropy is the clear path
forward to driving crystallization. Ultimatelyhe fact that high entropy KR substitutions can
drive protein crystallization by maximizing enthalpically favorable interactsoiggiestentropy
enthalpy compensatidf8-100] on proteins surfacesay play a critical rolén influencing

proteincrystallizability.
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For arginine, or any othgolar sidechain, to participate in a crygtalkcking contact, it
mustbe put into a immobilizing configuration,and his poses an entropic barrigr forming a
crystatpackingcontactMy | @npublishedindingsindicate that enhancing the stability of
flexible, polarsidechains through engineered 4aitiging interactions on the protein surface
often enhances crystallization. Howeuere are observadstances where engineered salt
bridging residues adopt a different conformation protruding from the protein sinferystal
packing contacts. This suggests tstableinteractions within the protein structure, which limit
sidechain motion, can impede éomnmational changes necessary for promoting crystallization.
Therefore, while higkentropy sidechains on the protein surface haropestallization due to the
entropic penalty associated with their immobilization in crygtalking interfaces, favorable
interactions that reduce their entropy on the protein surface can hinder crystallization if these
interactions need to be disrupted fioe sidechain to undergo conformational charigats
facilitatethe formation otrystatpacking contast Furthermore, ifin arginine sidechain is
participating in an intramolecular hydrogen bonding contact on the surface, then that sidechain
may be less likely to form a crystal packing contact because it may be enthalpically and
entropically unfavorable to do so. By the satoken, if breaking the intramolecular bdond
form a more geometrically stable, and by consequence more enthalpically facoyatdé
packing contact, then that sidechain may be more likely to break from its intramolecular
interactions to form a crydtpacking interfaceThese opposing factors give rise to a classic
dilemma of entropyenthalpy compensation, which is likely to impact the properties of protein
crystallization and solubilityTo this end, understaingthe entropyenthalpy compensation
behi nd ability toforrnsmldiescrystal packing contaetkile being a higkentropy

sidechain can yield finer insight to the entropic and enthalpic contributions to protein
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crystallization.To gain insight in tls context, probing the fine details of sidechain dynamics will
give insight into how this entropgnthalpy compensation phenomeiituences the formation

of crystatpacking contacts.

4.2 Protein SidechainDynamics

Proteindynamic---specifically sidechain and backbone dynama®critically important
for the stability fold, and function of proteirj$01-103]. Proteins are inherently dynamic and
sample a variety of different conformationg he different amino acid sequerxcand native
structure of different proteindrives different proteins taccesdlifferentconfigurational space
These motiongan becharacterized by the protein's thermodynamics (conformational states and
their relative energies) and kinetics (the transition between conformationa). Stakeslynamics
of sidechains involve processes suchbasd stretching, bending and rotamer conversions.
Moreover, therelevant conformational changes that sidechains experigmmgpen in the
picosecond (ps) to nanosecb(ns) timescaleand thelarger conformational changes that the
proteinexperiencefapperon the ns to microsecond (us) to millisecond (ms) time$t@#e106].
Therefore, techniques that can probe these propeitibe relevant timescales are necessary for
understanding these dynamicsTechniquessuch as nuclear magnetic resonance (NMR)
spectroscopy and molecular dynam({®4D) simulations have been employed to study protein

sidechain dynamicat these timescal¢$07].
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Example Potential Energy Landscape of Arginine

Potential Energy

CH/ 1

Figure 13. Example Arginine Sidechain Dynamics and Potential Energy Landscapé his plotis a

visual example illustrating the potential energy peak of the most energetically unfavorable arginine
conformation and the potentially energy valtE#ithe most energetically favorable arginine conformation.
This plotis not intended to show tlectual energetic landscape of arginine; just a visual of the two
most extreme case#& r g i ndorfoenétienal flexibility arises fronits unique physciochemical
architecture-a 4 carbon aliphatic chain with a guanidium terminal grallowing for a range ofotamer
configurations and each wiits own respective potential enerdihis exampleotential energy landscape

of the arginine sidechain exploreee most energetically favorable arginine conformation and the most

energetically unfavorableonformation The potential energjandscape reveals multiple local minima and
transition states, representing different stable conformations and the barriers to interconversion between

them. This dynamic behavior is essential for arginine's diverse functional roles, such asppotégin
interactions, enzyme catalysis, and signal transduction. Understanding the conformational dynamics of
arginine's sidechaiwould provide insight intthow these dynamics give rise to experimental observables

such as crystgbacking prpensity
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4.3NMR and the Square of the Generalized Order Parameter

Nuclear Magnetic Resonance (NMR) spectroscopy is a powerful tool for investigating
protein sidechain dynamics at the atomic ldwelproviding informationabout the motions and
conformations of sidechaing vitro, shedding light on their role in protein function. NMR
experiments can probe the dynamics of sidechains on various timescales, ranging from
picoseconds to milliseconds. One commonly used NMR technique is relaxation measurements,
which provide insights it the rates of sidechain motiod98]. Through these techniques, NMR
enables the characterization of sidechain dynamics and their impact on protein structure and
function.

NMR spectroscopy is a powerful technique for studying proteins at the atomic level. It
relies on the unique magnetic properties of certain atomic nuclei, such as hydrogen and carbon
13, which are abundant in proteifi$ie theoretical and experimental bases of NMR spectroscopy
and their application to proteitgve been widely discussgD, 108110].

Quantifying sidechain dynamics is particularly important in elucidatingrteehanisms
by which proteins adopt different conformations and bind liga@ise way to quantify the
stachastic properties of molecules, namely their finer sidechain motions, is through the
autocorrelation function which describes the relationship of a variable to itself at ditierent
intervals (lag times)Assuming that the overall tumbling of the protein and its internal motions are
independent, the correlation functiont)3fan be separated inta@{) and G(t) [111], representing
the orientational time correlation functions for tumbling and internal motions, respectively. In the
case of isotropic tumbling, where rotational motion is random in all directions, this separation
allows for a morecomprehensive understanding of the overall orientational dynamics of the

system.Utilizing the unit vector that describes timstantaneousrientation of thebond vector
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within the protein's frame of referendeis possible to represent the orientational time correlation

function for internal motionfl11, 112]
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Equation 5 is particularly important for investigating angular fluctuations using optical or
magnetic resonance spectroscopMdR studies of protein sidechain dynamics have contributed
to the development and application of the generalized order param®tan(Sthe correlation
times that describe mol ecul @Jas\valuabe paiamegor( UR) a
characterizing sidechain moti¢ghl2, 113] NMR relaxation rates are determined by the Fourier
transform (spectral density) of the autocorrelation functionthese relaxatiomates provide
information about the correlation functiamd by extension, protein dynami®ddVIR relaxation
experiments, such as 15N relaxation measurements, have been extensively employed to determine
S?values for atom pairs [109, 1114.9]. These measurements allow the determination of S2 values
at different timescales, providing insights into the range of motion and oaetional dynamics
of sidechains and protein backbone atoms. However, NMR measurements of these quantities are
not scalable to hundreds of proteins in a short time fr&reflects the amplitude of motion for
a given bond vector, providing quantitative information about the flexibility and dynamics of
sidechainsand backbone atomdhe instantaneou®rientation ofa bond vectorat timet is
represented by a unit vectaot) andthe dynamics of its orientation can be characterizealtinge

correlation function C(t).
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Figure 14. Arginine N tH (Bond Vector Order Parameter. Th e -HNJU bond vect or order

arginine plays a significant role in elucidating the dynamics and flexibility of its sidechain. This order
parameter quantifies the extent oHUabbgdmeetctand.yv
the guanidinium groupThe order parameter quantifies the distribution of orientations exhibited by a
specific bond vector throughout a defirptiod such asluring an MD simulationVisualized as a sphere,

this parameter represenktgtpossible orientations of the bond vedikachmagentalot corresponds to the
orientation of theN kH Ubond vectoof arginine (colored magenta on the arginine sidectaia)specific

frame within the simulation. When the distribution of digsmapped oubver the different spatial
coordinates iaccesse®n theright side,the bond vector accesses a small portion of 3D Spaosaing

rigid behavior, leading toraorder parametetloser to 1.In the middle, a moderatzed distribution of

dots suggests increased flexibility, resulting in a-naidge order parameter value. On life side, if the

dots cover the entire sphere, it signifies that the bond vector is distributed evenly throughout the simulation
time, reflecting a low order parameter valoeser to 0 Analyzing the order parameter enables a
comprehensive understanding of the bond vector's dynamics, rangingdiono flexible, and provides
valuable insights into the behavior gorperties of the molecule under study.
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4.4 Arginine Sidechain Dynamics
In additontoar gi ni neb6és interesting role in drivi
the previous chaptett, also has a unique role among the other 20 amirdsaBielative to other
polar sidechains, arginirgenerally adoptsmaelectricakcharge that is relatively resilient to change
in its chemical environmeit14]. This unique property adrginine provides nature with a means
of placing aeliablypositive charge igritical areas of proteinsuch as in active sites or at protein
ligand interfacesGi ven ar gi ni ne & sontexhundgretanding dsl dgnamican t h
provide meaningfuinsight to ligand binding and protein functioim this spirit, an extensive
amount of NMR studies probingnd quantifyingarginine sidechain dynamickave been
published Specifically, theS? value of NGHUbond vector of ajinine has been subject to many
NMR studies providing insight to the pss dynamics of arginine sidechaifisl5-119]. As it
relates to the entropic and enthalpic contributions that g¢nigtein crystallization, quantifying
arginine sidechain dynamics acrosside array ofcrystallizable proteingvill provide insight to
thequestionwhetherenthalpyentropy compensatiaa taking place during protein crystallization
To gain statistically meaningful insight in this context would require probing sidechain dynamics
of many proteinsUnfortunately, NMR studieprobing sidechain dynami@se time consuming
and although fedsle for just a few proteinghey are certainly not scalable to hundreds or even
tens of proteinsn the allotted time for a PhD studemnless there is someone out there who
wo u | ohindéatlO+yearPhland i f youdr e pldage remenbertogeasbmeng t h
fresh air every now and again. But | digress. To this end, molecular dynamics provides a suitable

alternative to for quantifying sidechain dynamics.
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Chapter 5. Molecular Dynamics

5.1 Introduction to Molecular Dynamics

Molecular Dynamics (MD)is a computational simulation technique used to study the
movement and interactions of atoms and molecules over time. It is a powerful tool in the field of
computational chemistry and materials scierethe heart of MD simulations is a potential
energy functiorthatallows the force and potential energy experienced by any given atom relative
to the positions of the other atorirs the systenmto be calculated at a particular time point
Newt onds equations of mot i orausemdedinedldngtmofimeu mer i c
and a usedefined samplingperiodfor all atoms in the system of interacting particles, producing
a trajectory of atomic coordinates as a function of {ib2®, 121] In an ideal world, the potential
energy functions defined in MD simulations would l@sed on quantum mechanics, bstof
2023, there is not enough computational power to make these calculations feaslatgefor
biomolecules like proteinslo overcome this problenscientist have builtlassicalforcefields
which describe the interactions and forces between atoms in molecules in an MD system. The use

of forcefieldsin MD have made MD simulationmactical for the study of protein dynam[&22].

5.2May the Force (fields) be With You, Luke

Levitt and Lifson iilhe totdl enoletutc pdtérdgial eneérgytise d t |
composed of many terms. Its exact form is unknown and the expression for potentiausedrgy
in the present cal cul ad[l23) Despitethe ondanouy undestenesafp p r o x
this statement, these approximations are the mainstay of modern day forcefields ayiohadlyd

by scientiss [124]. The forcefield in an MD simulation ultimately describes the total potential
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energy in terms of individual energy contributions from bonds, angktial charges, repulsion
forces and the like. Beloaretheterms taken to account whdaveloping forcefieldsised in MD

simulations:

Bonded Angles Van der Waals

@

0o—-0
Dihedrals Electrostatics

Figure 15. lllustration of Energy Terms in Forcefields. Interactions between atornan be categorized

into two types: bonded and ndwonded interactions. Bonded interactions involve the stretching of covalent
bonds, the bending of bond angles, and the potentials associated with dihedral angles around bonds. On the
other hand, notbondedinteractions are influenced by the distance between atoms indimeasional

space, which includes van der Waals forces and electrostatic interactions.

The potential energy is divided into two components: bonded and nonbonded terms.
Bonded terms refer to interactions between atoms connected by chemical bonds, while nonbonded
terms involve interactions between atoms in thimeensional space. The bond andlartgrms
can be described as harmonic potentials, the electrostatic term follows Coulomb's law to represent
interactions between atoms with fixed atomic charges (such as hydrogen bonds), and the van der
Waals term is modeled using a Lennrdohes6-12 potential[125, 126] The computational costs

primarily arise from the nonbonded terms, which is why techniques like the Ri&steEwald
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method were developed to address h#¥]. Furthermore, simplifications are made by assuming
that there is no interaction between pairs of atoms beyond a certain distancehetitofin be
defined by the usett's important to note that in terms of bonded terms, covalent bonds cannot be
broken or formed during molecular dynamics (MD) simulations. Consequently, while MD
simulations can explore the intramolecular dynamics of a protein system, complex prikesses
enzymatic catalysis cannot be easily modeled using these forcefields

The first step in parameterizing a forcefield is to determine the stretching and bending
terms of bonded atoms. This can be done with quantum chemical calcutatiansno acid$ike
Density Functional TheoryDFT) methods and then fit into the forcefidlal parameterize the
amino acidsSimilarly, the van der Walls (vdW) and electrostatic forces cacobgputationally
parametrizedor single organic molecules like amino acids. This could invalnaingpure liquid
state simulationsand then fit the vdWparameters and partial charges to experimental
thermodynamic measurements like heat of vaporization and deBtrostatics camvolve
center and oftenter charge® better parameterize data with available experimental datee
big three forcefields widely used in MD simulations are the OPLS forcéfigil, Amber[129]
and Charmnj130]. Althoughthese forcefields are parameterized using different methodologies
and parameterization techniques, they follow a general functional form describing the total

potential energy of the system as shown below:
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Ultimately, the choice of the best fofedd depends on the specific context. Each force
field family undergoes active development, leading to the release of new versions every few years,
each with its own performance characterististive developments of forcefields are important
because poorly designed forcefields can fail docurately capture the dynamics and
conformational populationsf proteinsobserved in experiments, even with unlimited simulation
time and flawless numerical behavi@ecause facefieldsare approximations, this can lead to
discrepancieselative to experimenof the conformational and energy landscapes that proteins
traverse during MD simulation®loreover, since proteins are generally simulated in solvent,
typically water, water molecules must also be faithfgrametrizedo accurately capture the
physiochemical properties of watérluch like forcefields, there are different water models to
choose from such as TIP3P, TIP4P, TIP5P and SPX3E134]. The choice of water model is

alsodependent on theontext of the investigation.
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Themaindistinction among various water models lies in the number of interaction points
or sites they employ. The threge modelTIP3P, which is the mostwidely used due to its
computational efficiencyincorporates three interaction points that correspond to the three atoms
in a water molecule (each site carries a point chahgepntrast, the fousite and fivesite models
feature four and five interaction points or sites, respectively, necessitating the inclusion of dummy

atoms with a negative chargo accommodate these additional points.

5.3 Statistical Ensembles

MD systems can further be described using a thermodynataicstical ensembl&here
are threewidely used statisticabnsemblesusedwhen running an MD simulationThe NVE
ensemble, also known as the microcanonical ensemble, éassemble that describes a closed
system with a fixed number of particles (N), fixed volume (V), and fixed total energin(te
NVE ensemble, the system is isolated from its surroundings, meaning it does not exchange energy
or particles with an external reservoir. The total energy of the system remains constant throughout
the simulation, which allows for the investiigat of systems where energy is conserddw NVT
ensemble, also known as the canonical ensemble,éasemble that describes a system with a
fixed number of particles (N), fixed volume (V), and fixed temperature (T). The NVT ensemble is
used when simulating systems in contact with a heat bath or when studying systems under constant
temperature conditionsn this ensemble, the system can exchange energy with the heat bath,
allowing it to reach and maintain thermal equilibrium at the specified temperbktoadly, the
NPT ensemble, also known as the isothefis@baric ensemble, imansemble that describes a
system with a fixed number of particles (N), fixed pressure (P), and fixed temperaturédT).

NPT ensemble is used when simulating systems under constant temperature and pressure
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conditions, where the system can exchange both energy and volume with its surroundings. This
ensemble allows for the simulation of systems in contact with a heat bath under a specific external
pressurg135-137].

When using the NVT or NPT ensembles, the pressure and temperature must be controlled
using barostats and thermostat®ne commonly used thermostat in MD simulations is the
Langevin thermostat, which adds a stochastic force to the equations of motion to simulate the
random collisions between particles and the surrounding medium. This stochastic force provides
a mechanismdr energy exchange between the system and the heat bath, allowing the system to
reach the desired temperatuFer pressure, a commonlyagsbarostat is the isotropic or semi
isotropic Berendsen barostafjichscales the box dimensions in response to pressure fluctuations,

allowing the system to equilibrate at the specified pre§4Gts 138]

Table 4. Summary of Forcefield Parameters

Forcefields Water Models Statistical Sampling Rate Simulation
Ensembles Length
Amber TIP3P NVT Varies on need| Varies on need
Charmm TIP4P NPT (but longer is
OPLS TIPSP NVE better)
SPC

5.4Timesteps and Timescalesf MD

In MD simulations, the choice of time step plays a crucial role in determining the accuracy
and efficiency of the simulation. The time step represents the interval at which the equations of
motion are numerically integrated to update the positions and velafipesticles in the system.

The timestepn which these calculations are made can have a significant impact on the accuracy
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and length of time it takes to run an MD simulatilmrereasing the timesteps for these calculations
will allow for faster calculation times, but if the timesteps become too long, the calculations
become wildly inaccurate. Fortunately, algorithms exist to optimize the timestepswhken
running an MD simulationThe fastest motions MD systemsre bond vibrationsetween atoms
connected to hydrogen atonisvo algorithms help restrain these mot: SHAKE andRATTLE
algorithms[139, 140] These algorithms allow MD simulations ¢alculate energies and update
velocities every 2.5 femtoseconddoreover,the RESPA141] integratorsplits the interactions

in theMD system into different levels of detail, each associated with a specific time step. The basic
idea is to divide the forces into higlequency and lowirequency components. The high
frequency forces, typically associated with fast motions such as bondionkraare integrated

with smaller time steps, while the lefnequency forces, associated with slower motions like global
translations and rotations, are integrated with larger time tépisis to say, to &ithfully capture

the molecular motions, MD simulations are integrated in femtosecond timesteps which increases
the accuracy of MD simulations, but at a cost of increased computational time.

When it comes to the total amount of simulated timariMD simulation, one thing is
clear longer is better( d o n 6 t BExXxperimental) observations of proteinas those in
enzymological assays or NMR studies, are based off an ensemble average of the beh@ior of
individual protein moleculedn MD simulations, howevebservations and quantifications are
based offa single protein molecule being simulated by a forcefield that has been previously
descri bed as a 0 ghisoceuld leadptp disagréemeats between dMD and
experimental observables, but MD simulations are run with the assumption thatgtthcEr

hypothesis is true, namely, that given a very long (namely infinite) simulationthengimulation
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should sample all possible configurational spaces weighted by the Boltzmann Distribdgpn

[143].
Protein Dynamics Timescales
fs ps ns us >ms
) Vibrational ] < >
motions Rotamer < Helical > _ .
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Figure 16. Protein Dynamics atDifferent Timescales. Protein dynamics encompass a wide range of
processes that occur over various timescales, contributing to the functional and structural properties of
proteins. At the fastest timescales, ranging from picoseconds to nanoseteralsal motions such as

bond vibrations, side chain rotations, and fluctuations of secondary structure elements. Moving to longer
timescales, in the microsecond to millisecond ratigge aremore collective motions involving domain
movements, loop rearrangenmts, and conformational transitions. Finally, on the slower timescales,
spanning milliseconds to secondBere arelargerscale conformational changes, protein folding and
unfolding events, and proteprotein association and dissociation procedgés simulations are primed

to elucidate the mechanisms of protein dynamics in the fs to thedawnescaledNamely, the sidechain
dynamicsthis thesis is exploring happen specifically in the ps teuswimescales.

The motivation for this is to simulate protein behavior for as long as computationally
feasible to maximize the energy landscape that is explored by a single protein molecule during an
MD simulation. In other words, the longer the MD simulation, the more likely it igntare
faithfully capture sidechain dynamics that are likely to be observed in experimentatieed
given computational achievements in the field such as the invent of Al 3it is possible
to simulate proteins on the order of microseconds in less than a day. Unfortunately,
supercomputers like these aret wildly accessibléo academicsThus, for the purpose of this

thesis, MD simulations are performed NNIDIA Titan RTX graphical processing units (GPU)
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which still provide MD simulations on the order of microsecors in a matter of days instead
of hours However, this thesis is focused proteinmotions that happern timescales shorter than
the tumbling time of a roughlgpherical, 470 amino acid protein (~10nJ)hus,the needed MD
simulation lengthsfor this thesisdo not necessarily need to be hundredseven tensof
microseconds long. But it woulthve beerool as hell if they were

Equation 5 provides a pathway to estimating bond vector dynamics in MD simulations at
timet and lagt. S? from equation 5 is defined as the positive limit of equation Sagproaches

infinity or namely, as the simulation runs for a very long time. Essent@(lys> infinity) = S2. It

is important to note that t Bissotlimiedw a dpacdid e | fr
model or type of motion for theond vector It quantifiesthe correlation betweebond vector
orientations adifferent time intervals, irrespective of how the bond transitions between these
different orientationsMD simulations provide information about bond vector orientations so it

then becomes useftd write equation 4 in terms of x,y,z coordinates. This makes it practical to
compute the order parameter directly from snapshots from trajectories. The derivation of the

following equation was formalized by Chatfield , Szabo and Brooks (1998).

Yal o)

This is a computationally cheap way to compute the order parameter and as long as the
total simulation length is at least 10x longer than the original decay time of the autocorrelation

function, any positive bias from the decay would be negligible usingtien 6[111].
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5.5 Sidechain DynamicsCrystal Packing Propensity,and Bulk MD

MD simulations and NMR studies can both provide information about sidechain dynamics
of proteins under investigation. MD simulations, however, are much more scalable than NMR
studies providing a path forwatd quantify sidechain dynamics across multiple protein crystal
structures and correlate those dynamiith experimentally derived crystal packing propensity.
Fortunately for MD simulations, measuring the order parameter for a bond vector from an MD
simulation is relatively more straightforward thaeasuring it from NMR datas described in the
previous section$he rest of this thesis will discuss the development of an MD protocol that yields
sidechain ordeparametersnostconsistent with those derived from NMR studies. Next, it will
discuss the correlative analyses employed to determine any meaningful relationship between

sidechain dynamics, sidechain entr@oyl crystal packing propensity.
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Chapter 6: Building an MD Protocol for Faithful S2 Calculations

6.1: Proteins with NMR Derived Arginine Sidechain Order Parameters

To find any meaningfulnamely a statistically significanglationship betweearystal
packing propensity and arginine sidechain order parametegsjustbe sure to havsidechain
dynamicsdata froma large numbeprotein® the sample size has to be sufficiently laye
discussed previously, MD simulations provide a scalable rougstonating these dynamies
masseTo be confident in the order parameter results from MD, it is important to make sure that
the results obtained from MD are consistent wiperimental results from NMR. To this end,
the first task of this thesis was to obtain a set of protein crystal stsifiusghich there is
experimental order parameter data available for. As of the writing of this thesis, extensive
literature search provided a total gfuBirelated proteins for which experimental sidechain order
parameter dator argininewas availale. Shown below are the 6 proteins along with their PDB
IDs for whichexperimental sidechain order parameter data is available for. Two of the structures
used in therotocol developmeranalysisvere derived from Alphafold2l'his isdue to poor
refinement of these structures in the PDB. The usage of Alphafold2idahesis will be
discussed further in this chapter, but for now, Alphafold2 providedtstesthat remained
faithful to the 3D crystal structure, but with bettefinement metrics which will also be

provided and discussed further in this chapter.

58



1A K 119 Al phaBol d

VR
NG o 2259 @
A ‘ 2
}& v d b
1AAY
. 1 1

Figure 17: Proteins with Sidechain S2 Parameters Derived from NMRPDB ID 2RN2 isanenzyme
(RNaseH)specifically degrades RNA moieties of a DNA/RNA hybrid in an endonucleolytic mang&er
coli [63]. PDB ID 1AKI is the structure of hen egghite lysozymg145]. PDB ID 1190 isa modified
version of the core d lysozyme for the T4 bacteriophabequatrovirud146]. PDB ID 1UKEis a
UMP/CMP Kinase from slime mold, however, the order parameteailable are from the apo enzyme
without any ligand$147]. PDB ID 1AAY is a zinefinger DNA binding proteinfound inMus musculus
[148]. PDB ID 6MRO is a modified version of a methyl transferase fsgthanosarcina acetivorans
order parameter data from this protein is not publicly assessable as of this writgigeantb me directly
from the palmer lab. Sidechains with available NMR order parameters are shown in stick figure format.
Arginines are red, lysines are magenta, histidines aredilitaminesare orange anasparginegare
green.

For each protein, their associatd#/R-derived order parameters are available for the
reported sidechains. Below is a table that lists the proteins by their PDB ID and the available
experimental order parameters.

Table 5. Summary of Available NMR Derived Order Parameterqd115-117, 119, 149]

PDBID RESID | RESNAME S2
2RN2 27 ARG 0.74
2RN2 29 ARG 0.17
2RN2 31 ARG 0.16
2RN2 41 ARG 0.24
2RN2 46 ARG 0.86
2RN2 75 ARG 0.4
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2RN2 88 ARG 0.21

2RN2 106 ARG 0.87

2RN2 132 ARG 0.46

2RN2 138 ARG 0.49

1AAY 103 ARG 0.393
1AAY 114 ARG 0.292
1AAY 127 ARG 0.883
1AAY 142 ARG 0.666
1AAY 155 ARG 0.899
1AAY 170 ARG 0.302
1AAY 178 ARG 0.63

1AAY 133 LYS 0.378
1AAY 161 LYS 0.335
1AAY 179 LYS 0.258
1AAY 118 ARG 0.968
1AAY 124 ARG 0.968
1AAY 146 ARG 0.962
1AAY 174 ARG 0.908
1AAY 180 ARG 0.897
1AAY 115 ARG 0.351
1AAY 138 ARG 0.108
1AAY 187 ARG 0.085
1AAY 171 LYS 0.219
1AAY 183 LYS 0.322
1AAY 189 LYS 0.075
1UKE 28 ARG 0.77

1UKE 42 ARG 0.106
1UKE 93 ARG 0.143
1UKE 127 ARG 0.416
1UKE 131 ARG 0.193
1UKE 137 ARG 0.112
1UKE 148 ARG 0.298
1L90 8 ARG 0.462
1L90 14 ARG 0.229
1L90 52 ARG 0.813
1L90 95 ARG 0.797
1L90 96 ARG 0.629
1L90 148 ARG 0.821
1L90 154 ARG 0.343
1L90 76 ARG 0.18

1L90 80 ARG 0.193
1L90 119 ARG 0.201
1L90 125 ARG 0.197
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1L90 137 ARG 0.225
6MRO 32 ARG 0.07
6MRO 35 ARG 0.32
6MRO 43 ARG 0.69
6MRO 77 ARG 0.61
6MRO 117 ARG 0.74
6MRO 122 ARG 0.26
6MRO 151 ARG 0.54
6MRO 152 ARG 0.25
6MRO 184 ARG 0.57
6MRO 185 ARG 0.5

1AKI 28 TRP 0.9

1AKI 61 ARG 0.28

1AKI 62 TRP 0.41

1AKI 63 TRP 0.88

1AKI 73 ARG 0.12

1AKI 108 TRP 0.87

1AKI 111 TRP 0.88

1AKI 112 TRP 0.31

1AKI 114 ARG 0.27

1AKI 123 TRP 0.85

1AKI 125 ARG 0.05

1AKI 19 ASN 0.43

1AKI 27 ASN 0.72

1AKI 37 ASN 0.51

1AKI 39 ASN 0.74

1AKI 41 GLN 0.19

1AKI 44 ASN 0.51

1AKI 46 ASN 0.62

1AKI 57 GLN 0.82

1AKI 59 ASN 0.78

1AKI 65 ASN 0.57

1AKI 74 ASN 0.74
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6.2: Building the System andFinding an Optimal Block Size

There areseverainteractingeffects that willcritically influenceresults when attempting
to estimateNMR order parametenssing MD simulationsFirst,due totechnical limiations
NMR measurements are insensitivestdechairtransitionsthatoccur more slowlghan roughly
5 times the tumbling timef the protein Theseransitionswill be masked byroteintumbling in
theNMR tube On the other handransitionsthatphysically occur within that timescadan be
missed in computational analyses of the MD simulatibtiee transition rate in the simulation is
systematically slowethan the physical transition rateven though the relative energy levefs
different rotamer states is believed to be accurately captured by MD forcefeldisansition
rate between themay be systematically reducbdcause forcefields overestimate tiggght of
theenergy barriers between those stf14-123. Thereforea simple autocorrelation analysis
of an MD trajectory o the NMR timescale will not necessarily provide the most accurate
estimate of sidechain order paramggerddifferentMD analysis schemes must be empirically
evaluatedo determine their reliability in modelirgxperimental datdJltimately, the goabf
these empirical evaluatiomsto find a set oMD analysisparameters thahostfaithfully
recapitulate NMR sidechain order parameters.

The first MD protocol parameter investigated in this project was the block size in which
the order parameter is calculat&the longest simulation time carried out for the purpose of
obtaining MD derived order parameters was[ll§]. Gi ven t he | abds GPU c:
doubled the time and ran the first set of simulations for a total simulation time of 2 us sampling
the trajectories every 10 ps. To see if calculating the order parameters and averaging them across
varying block sizegmpacted the accuracy of the measurement, the 2us simulations had the order

parameters calculated across all 2 us, blocked every 100 ns and averaged, blocked every 50ns
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and averaged and blocked every 25 ns and averaged. Previous work has shown that the optimal
block size should be five times the tumbling time when measuring the order parameter for the N
H backbone bond vect§t50], but the optimal block size for measuring the order parameter for
sidechain bond vectors where motions can be more complicated could be different. Moreover,
sincetheorder parameters report about intemmaitions, internal motions need to be separated
from overalltumbling148]. This can be done explicitly by orientationadlyjgning each
snapshot relative to a reference strucsargprior to calculating the order parameters, all frames
in subsequent trajectories had theialgha backbone atoms superimposed to the first frame in
the trajectory.

The starting point for optimization of the MD protocol to estimate NMR order parameters
was preparing the crystal structures described above for simulation using the Desmond MD
program [151] implemented in the Schrodinger Suite Software packhgebsequenMD
simulations used the Desmond package and preflageshme way using the Schrodinger
Maestro Protein Preparation WizaMissing hydrogens were explicitly added to tmgstal
structures and the-Mind Gterminal ends of the proteins were cappdéext, the PROPKA pH
[152] algorithm was usetb assign pKa valueand ionization statet® the different sidechaing a
a neutral pH of 2. The structures werthenenergy minimizedparameterized with the OPLS4
forcefield andsolvatedn the TIP3P water modéh an orthorhombic box with a 10 Angstrom
buffer region from solute to box boundaNext, the system had 0.15M of NaCl salt addgen
how these crystal structures had either Na+ erddk in the asymmetric uni@nce the system
was fully built and parameterizetthe proteins were thamn through aelaxation protocol
before the 2us production rufihe system was relaxed and enenginimized using standard

protocolsfrom the umbrella Schrodinger Suite Software packa&fjectrostatics were calculated
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with the particle mesh Ewald method using Aar@stromcutoff [153][154]. A RESPA
integrator was used with a time step of 1 fs for bonded andsraye norbonded interactions,
as well as 3 fs for lonrgange electrostatiqé41]. Theprotein is simulated forl2ps at 10K
under the NVT ensemble with restraints on solute heavy afimesnext 24ps are run under the
same conditions except for no restraints. The 2us production run isxeeumted with the
appropriate parameters for that run.
Once the MD simulations are complete, analyses of the trajectoridsragiey in-house
python prograrewrapped around the VMIPython library{155]. Visualizatons of data are also
done in python.
Below are the results of the different blocking analyses under the OPLS4 forcefield under

different statistical ensembld3iscussions of the resulése provided in the following section.
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Figure 18: Order Parameters Calculated Across Entire Trajectory for PDBIDs 1L90 and 1UKE.
Spearman, Pearson and R2 values are shsvenmeasure of agreement between simulated order
parameters and experimentally derived ones.
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Figure 19: Order Parameters Calculated Across Entire Trajectory for PDB IDs 2RN2 and 1AKI.
Spearman, Pearson and R2 values are shown as a measure of agreement between simulated order
parameters and experimentally derived ones.
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Figure 20: Order Parameters Calculated Across Entire Trajectory for PDB IDs 1AAY and 6MRO.
Spearman, Pearson and R2 values are shown as a measure of agreement between simulated order
parameters and experimentally derived ones.
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Figure 21: Order Parameters Calculated Across Different Block Sizes for PDB ID 2RNZSpearman,
Pearson and R2 values are shown as a measure of agreement between simulated order parameters and
experimentally derived ones. Green lines repreensample standard deviation.
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Figure 22: Order Parameters Calculated Across Different Block Sizes for PDB ID 1AAYSpearman,
Pearson and R2 values are shown as a measure of agreement between simulated order parameters and
experimentally derived ones. Green lines represent the sample standard deviation.
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Figure 23: Order Parameters Calculated Across Different Block Sizes for PDB ID 6MRO.
Spearman, Pearson and R2 values are shown as a measure of agreement between simulated order
parameters and experimentally derived ones. Green lines represent the sample standard deviation.
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Figure 24: Order Parameters Calculated Across Different Block Sizes for PDB ID 1L9(Gpearman,
Pearson and R2 values are shown as a measure of agreement between simulated order parameters and
experimentally derived ones. Green lines represent the sample standard deviation.
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Figure 25: Order Parameters Calculated Across Different Block Sizes for PDB ID 1UKESpearman,
Pearson and R2 values are shown as a measure of agreement between simulated order parameters and
experimentally derived ones. Green lines represent the sample standard deviation.
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Figure 26: Order Parameters Calculated Across Different Block Sizes for PDB ID 1AKISpearman,
Pearson and R2 values are shown as a measure of agreement between simulated order parameters and
experimentally derived ones. Green lines represent the sample standard deviation.
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Figure 27: Bar Plot of the Averages and Error Bars (Sample Standard Deviation) of the Spearman
Correlation. TheSpearman correlation focuses on the rank order of the data. It range4 tmnl,

where values close to +1 indicate a strong positive monotonic relationship, values eloselicate a
strong negative monotonic relationship, and a value closedsaggests a weak or no monotonic
relationship.The yaxis is the average Spearmaatue of all 6 proteinsegregatedly their block size.
Moreovwer, the are clustered by the statistical ensemble they were analyAéthat.is made immediately
clear is that the worst performing blocking scheme is the one where the order parameter is calculated
across the entire 2us trajectoMore subtly the NVT ensemblen averageslightly outperforms the NPT
ensembleandmore obviously outperforms the NVE ensemBli simulations were performed in the
OPLSA4 forcefield.
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Figure 28: Bar Plot of the Averages and Error Bars (Sample Standard Deviation) of the Pearson
Correlation. The Pearson correlation coefficient, developed by Karl Pearson, is a statistical measure that
guantifies the strength and direction of the linear relationship between two continuous variables. It ranges
from -1 to +1, where a value close to +1 indicategrang positive linear relationship, a value closelto
indicates a strong negative linear relationship, and a value close to zero suggests a weak or no linear
relationship. The Pearson correlation is particularly useful in determining the degree of linear dependency
between variables and can help identify potential patterns or trends in th€hdgtaaxis is the average
Pearsorvalue of all 6 proteins segregated by their block size. Moreover, they are clustered by the
statistical ensemble they were analyzed in. What is made immediately clear is that the worst performing
blocking scheme is the one where the order parametecidatald across the entire 2usjéctory. More

subtly the NVT ensemble, on average, slightly outperforms tfe éhsemble and more obviously
outperforms the RT ensemble. All simulations were performed in the OPLS4 forcefield.
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Figure 29: Bar Plot of the Averages and ErrorBars (Sample Standard Deviation) of the R

Correlation. The coefficient of determination, commonly referred to axjRared (R?), is a statistical

measure that indicates the proportion of the variance in the dependent variable that can be explained by
the independent variable(s). It ranges from 0 to 1, wheadua of 1 indicates that all the variability in

the dependent variable is accounted for by the independent variable(s), and a value of 0 suggests that the
independent variable(s) do not explain ahyhe variance in the dependent variablesqRared is often

used in regression analysis and provides a measure of the goodness of fit of a regression model. It helps
assess the strength and predictive power of the model, with higgmpreRed values inditing a better fit

and greater ability to explain the observed datey-axis is the average Pearson value of all 6 proteins
segregated by their block size. Moreover, they are clustered by the statistical ensemble they were
analyzed in. What is made immediately clear is that the worst performing blocking scheme is the one
where the order parameter is calculated across the entire 2us trajectory. More subtly the NVT ensembile,
on average, slightly outperforms the NVE ensemble and more obviously outperforms the NPT ensemble.
All simulations were performed in the OPLS4 forcefield.

The NMR derived order parameter are from sidechain motions probed from timescales less
than the tumbling time of the protein which, for example, is roughlysi@or RNaseH. This
highlights the fact that the measurement of the order parameter dependent on the timescales in

which the order parameter is being calculated. For example, if an arginine sidechain in RNaseH
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accesses different rotamer conformations eveng,5NMR derived order parameters that probe
motionsin the ps time scalvould yield a value closer to 1 identifying a relatively rigid sidechain.
However, an MD derived order parameter for the same sidechain, if measured on timescales longer
than 5ns, would identify a sidechain that is more flexible and yield an order parameter less than
that of the NMR derived observation because it would take into account rotamer flips observed on
those longer timescaleghis is perhaps obvious in the protein PDB ID 1AAY, where averaging
across the entire trajectory yields MD order parameters largely less than the NMR derived ones,
but upon blocking, the outliers move closer to the NMR derived order parameter. Sidactiains

order parameters higher than those from NMR observations may indicate that the MD simulation
has not fully captured the dynamics the sidechain experiences on longer timescales such as larger
conformational changes that build or break salt bridgirgraations that change the dynamics of

the sidechain under investigation. This can also lead to MD derived order parameters not in
agreement with NMR derived ones. To this end, the question arises if there are motions that happen
on longer time timescaleban the simulation has captured. Namely, if the autocorrelation of the

bond vector reaches a plateau.
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Figure 30: Autocorrelation Plots of Arginine NOHUBond Vectors in PDB ID 2RN2.Equation 5 was

used tocalculate the time correlation function of arginine sidechains in PDB 2RN2 across the entire
trajectory.Given memory limitations on the computer used to generate these plots, the trajectories for this
analyses were read inastride of 20 frames so that the computer would not c&sgen lines are order
parameters calculated by Equation 6 and red lines are the NMR derived experimental order palfameters.
there is anynotion, the autocorrelation function will decay from 1 and inloing-time limit, should

plateau to the order parametéalues past roughly 1 microsecond slibboé taken with a grain oflsa

because each point after 1 microsecond was calculated at ladhatlasgely decreased the total amount

of frames averaged at each proceeding point. Hence the wide spread of dots as the function moves
towards a lag time of 2 microseconds where the total number of frames to average at that time point is 1.
It is important to note the scabé the yaxis in the different plots, they differ across sidechains.

The closer the green and red lines are together in the above figure, the better the
agreement between simulated and experimentally derived order parahdetdhg.the plateau,

green lines and red lines should be close together as is the case for R88 and R106. Interestingly,
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R756s curve does not plateau in 2us indicatin
sampling though the trajectory. Furthermore, RB78irectly across from a tryptophan and their
geometries are such that R75 aki@i20can participate icationpi interactionswith
tryptophanés ring gr ou panddepeéndiagog how ofteretfesetwpu ani d
sidechains twist away from one another, it could affect the total configurational space sampled

by R75duringthe simulationFurthermore, d#on-pi interactions can be attractive or repulsive
depending on gametries and energetics which adds to the complexity of the sidechain dynamics
involved in these types of interacti¢hS6]. Lastly, cationpi interactions from tryptophan are
coupled with complexlony er m mot i ons further shining | ight

autocorrelation function curve.

R75 and W120 Dynamics in PDBID 2RN2

T=1us T=1.4us

Figure 31: Arginine and Tryptophan Dynamics in PDBID 2RN2.Arginine and tryptophan, two amino
acids commonly found in proteins, have the potential to engaggionpi interactionsCationpi

interactions occur when the aromatic rings of adjacent molecules align in a parallel or offset manner,
allowing for favorable electron overlap. In this case, the guanidinium group of arginine can forrptation
interactions with the indole ring of tryptophan, resulting in a stabilizirgiguking interaction. However,
despite the potential for stromgtionpi interactiondbetween these amino acids, the dynamics of the
surrounding protein structure, particularly loop dynamics, can render these interactions nascent or
transient. Proteins are flexible entities that undergo conformational changes, including the movement of
loopregions. Such loop dynamicsuch as the loop W120 sits @an modulate the accessibility and

stability of cationpi interactions, hindering the optimal alignment required for strong interactions.
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Consequently, theationpi interactions between arginine and tryptophan may be-fhed or weaker

due to fluctuations in their relative orientation caused by loop dynamargover, the forcefield

parameters that define the catjpinnteractions may not be accurate enough to describe thifeeal
dynamics of these types of interactions leading to order parameters from MD that are not in agreement
with experimentThe NMR order parameter of W120 was measured t0.88 +/1 0.01[157] and in the

MD simulation, it was measured to 868 +£ 0.23. Given the flexibility of the region and the loop
dynamics driving the motions of W120, the disagreement in order parameters here may most likely be
due to insufficient sampling of the loop dynamics during MD simulations. Longer simulaties mhay
improve agreement between these two values.

Blocking the trajectories into different chunks of time prior to calculating the order
parameters made a notice difference in termhefMD data agreeing with NMR derived data.
More specifically, blocking theddD simulations into 5@1s chunks has the best edge in terms of
accuracy over other blocking schemes. Although, one may argue that blocking the trajectories into
25ns chunks provides comparable averagenrrelation coefficients when compared to the 50ns
time chunks. Howeer, one thing to notice is that the 50ns chunks provides the smallest error bars
compared to all other blocking schesaSo, from this data, the decision was made to block
trajectories into 5s chunksfor subsequent analyseBromisingly, similar conclusions were
foundinAndr ew Hs ud Lolumbia Wniversityfwheasenblocking trajectories intori)
chunks demonstrated concordant behavior for order parameters caléotasedeucine, leucine

and valine methyl groups in MD and NMR.

6.3: Finding an Optimal Forcefield and Statistical Ensemble

Different forcefields and different statistical ensemblesvzay thebehaviorof a protein
under investigation in an MD simulation significanlyp8-160]. Knowing which forcefieldand
statistical ensemble give the best order parameter estimates is foitkeathfully capturing the
dynamics of sidechains. To this eddferent forcefields in combination with different statistical

ensembles were tested to see which combination gave the best esttmsategortant to note,
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across all these test simulations, the variables kept constanthwestarting structures for the
simulation runsthe water model, the temperature of the simulatitres50ns blocking of

trajectories and the starting seed for the assignment of initial velocities for each atom. All this to
say,great care was taken to make sure that these test simulations were all in the spirit of an
ARapples to appleso comparison scheme.

The Schrodinger Software Package does have built in functionality to parameterize
molecular simulation systems with any forcefield other than the OPLS4/@RLiSrcefields.
Fortunately, the team at D.E.Shaw Resedmleloped the VIPARR utility to allow users to
parameterize their system with the Amber and Charmm forcefigddsimingthe latest iteration
of each forcefield represerdas effort tavardsa more accurate description of a molecular
system, protein structures were paedenized with thdatest iteration of each forcefie{ds of
the writing of this thesis)Amberff19SB, OPLS4 and Charmma36bmfortunately, PDB IDs
1AAY and 6MRO, upon parameterization of differémtcefieldsother than OPLS4, kept
returning errors. Namely because the VIPARR utility had difficulty finding parameters for the
coordination bonds of the histidine to the Zinc atoms in 1AAY (which are critical for that
proteirts strictural stability) and the-8denosyl homocysteine (SAH) ligand in 6MRO. The
decision was made to test the forcefiaddsthe4 protein crystal structures that did not have any
ligands or coordination bondgltimately, each of the 4, ligaritiee proteins were parameterized
with each forcefielcaind simulated for 2us under each statistical ensemble. The results of these

runs are shown below:
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Figure 32: Order Parameters Calculated Across Different Forcefields and Statistical Ensembles

PDB ID 2RN2. Spearman, Pearson and R2 values are shown as a measure of agreement between
simulated order parameters and experimentally derived ones. Blue lines represent the sample standard
deviation.

83



S?2 MD

['OPLS4’, 'NPT', '2us’, 'Blocked’, '50ns']

['OPLS4', 'NVE', '2us', 'Blocked’, '50ns']

1L90

['OPL54', 'NVT', '2us’, 'Blocked’, '50ns']

1.0 Spearman:0.734 . 1.04 Spearman: 0.818 . 1.04 Spearman: 0.86 .
s s ’
Pearson: 0.746 fl Pearson: 0.807 /l Pearson: 0.887 /I
LI 7 e
0.84 R:0557 ,* 0.8] FR:0652 d 0.8 R:0787 ,
; . ;
] - - + -~
7 ° , + S
.
0.6 4 /{ 0.6 e 0.6 e
d 4 s
. . .
. ; .
. .
l’ I’ l’
0.4 J - 0.4 , 0.4 4 p
; . ;
[ s F e "
4 | 7 /
; . ;
0.2 4 f 0.2 1 4 0.2
S b s
. . .
J’ l’ I'
. . /
0.0 ¢ 0.04 0.04 ¢
['Amber’, 'NPT', '2us', 'Blocked’, '50ns'] ['Amber’, 'NVT', '2us’, 'Blocked', '50ns’ ['Charmm’, 'NPT', '2us’, 'Blocked’, '50ns']
1.0 Spearman:0.832 . 1.04 Spearman: 0.853 . 1.0 Spearman: 0.804 ,
. . .
. . ;
Pearson: 0.92 s Pearson: 0.877 s Pearson: 0.734 4
%, . /
084 R*:o0848 yd 0.8] R:o768 v 084 R*:0539 ,
s # s
+ e -~ P
. ¢, P
. .
0.6 4 Ve 0.6 4 0.6 e
; . ;
el ’ e
. ; .
4L . ,
. + .
0.4 e 0.4 S + 0.4 /
. . -
- .
. , .
- / .
. . .
0.2 4 *’ 0.2 1 0.2 +
. ’ ‘%
. ’ /
. . .
; . ;
l’ /’ l’
0.0 « 0.04 “ 0.04 ¢
['‘Charmm’, 'NVE', '2us’, 'Blocked’, '50ns'] ['Charmm’, 'NVT', '2us’, '‘Blocked’, '50ns’] 10
1.0 Spearman:0.776 . 1.04 Spearman: 0.671 . '
# s
Pearson: 0.757 ’fl Pearson: 0.639 ’/l
. .
ogd Reosma - 0.8 R:0.408 0.8 A
B s : s
. .
. ;
. .
, s
0.6 1 ;’% %' 0.6 S 0.6 1
- .
. .
4 4
- L,
I, f,
0.4 , 0.4 1 L 0.4 1
-
/’ l’
- L] .
0.2 + 0.2 | +’ 0]
. /
. .
f’ I,
# s
0.0 ¢ 0.04 7
- - r - - - - r 0.0 1= - - - r -
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

S?2 NMR

Figure 33: Order Parameters Calculated Across Different Forcefields and Statistical Ensembles

PDB ID 1L90. Spearman, Pearson and R2 values are shown as a measure of agreement between
simulated order parameters and experimentally derived ones. Blue lines represent the sample standard
deviation.This protein completed unfolded during the 2us simulation run under the Amber forcefield with
the NVE statistical ensemble.
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Figure 34: Order Parameters Calculated Across Different Forcefields and Statistical Ensembles

PDB ID 1UKE. Spearman, Pearson and R2 values are shown as a measure of agreement between
simulated order parameters and experimentally derived ones. Blue lines represent the sample standard
deviation. This protein completed unfolded during the 2us simulation run tined@mber forcefield with

the NVE statistical ensemble.
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Figure 35: Order Parameters Calculated Across Different Forcefields and Statistical Ensembles

PDB ID 1AKI. Spearman, Pearson and R2 values are shown as a measure of agreement between
simulated order parameters and experimentally derived ones. Blue lines represent the sample standard
deviation.
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Correlation Coefficients Across Forcefields and Statistical

Ensembles
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Figure 36: Bar Plot of Correlation Coefficient Averages and Error BarsRepresentingSample
Standard Deviation. All forcefields except Amber ran to completion under the NVE statistical
ensembleAll proteins unfolded during the NVE runs under the Amber forcefidlith suggests that
different forcefields behave differently under different statistical ensengilese the total energy is
conserved in an NVE ensemblehen potential energy is lost, kinetic energy increases to keep the total
energy constant. If enough potential energy lowering configuratiensampled at a given time during
the simulation, the kinetienergy can increase to the point where the stabilizing interaatiemestroyed
upon an increase in kinetic energy. On short time scales, this may not be an issue, it may even lead to an
increase sampling rate of some motions, but given enoughtlimprotein would be more likely to

unfold in the NVE ensemble. The best performing forcefield/ensemblke graiAmbeNVT.

Amber/NPT, OPLS4/NVT and OPLS4/NVE.

In terms of performancéhe Amberff19SB and OPLS4 force fields gave the best
estimates of the order parameters relative to NWHe. choice was made to move forward with
the Amberff19SB forcefield under the NVT statistical ensemble becassxplained later in
the thesis, the Amber forcefield does a better of job handling hydrogen bonds relative to OPLS4;
this becomes critically important for order parameters around 0.5 where the sidechain dynamics
may be significantly influenced by hydyen bonding partners. Moreover, althoulgé t
Amber/NPT combination gave standard deviations less than that AftherNVT ensemble,

the NPT ensemble addeg to24 hours of extra computational time relative to the NVT
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ensembleGiven how the purpose of this part of the thesis to run MD simulations on many
proteins, time is of the essend®. be clear, however, the smaller variance from the
Amberff19B/NPT parameters make it a better method to run MD simulations on for this
purpose, and with more computational power, this combination would have been the default
method.So,now we have an MD protocol to run with using the following parameters: 2us
production run, TIP3P water model, sampling every 10d§M NaCl, Amberff®SB forcefield
and theNVT statistical ensemble

One interestingjuestion is to ask how the different forcefields affect the dihedral angles
of the sidechainslhe rotameric populations that different sidechains access in a forcefield can
be prognostic ofhe good, or bad, behavior of the forcefield. To see th@parameterizations of
Amber, Charmm and OPLS4, differ, PDB ID 2RN2 had its dihedral angles analyzed across the
trajedory for the Chil, Chi2 and Chi3 angles. Ultimately, the angle of ehtite threalihedral
angleswas recorded at every frame of the trajectory and plotted against one another in the scatter

plot below:
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Figure 37: Dihedral Plots ofall Arginines Across Different Forcefields in PDB ID 2RN2The Y-axis

are the Chil angles,-&xis are the Chi2 anglesndthe color coding and color bar reflect the Chi3 angles.
The dihedral angle distributions in molecular dynamics force fialdenber,Charmm and OPLS4,

exhibit variations that reflect the different parametrizativategiesand target datasets used in their
development. These force fields utilize empirical potential energy functions to describe molecular
interactionsArginine sidechains under the Amber and Charmm forcefield populate similar states relative
to the OPLS4 forcefieldArginine sidechainthat populate many states R39,and 41 are associated

with lower order parameters reflectimgpre dynamics sidechains and consequently, the sampling of
many configuratioal states. Converselgrginines such as R46 and 106 sample relatively few states
indeed, are associated with higher order parameters reflecting constrained sidechain dytwamics.
interestingly Amber and Charmm forcefields have arginine sidechaipsilating similar configurational
states relative to the OPLS4 forcefield that populate sedediberally.

Now thatthe parameters for the Bulk MD simulations have been It#taais left to

procure a set of highuality crystal structures to run these analyses on.

6.4: Crystal Structure Quality for Faithful Sidechain Dynamics in MD Simulations

PDB (Protein Data Bank) files follow a standardized format that allows for the
representation and exchange of protein structure data. The format of PDB files is based-on a text
based file format, where each line serves a specific purpose and providéslassemation
about the protein structur@DB files typically begin with a header section that includes general
information about the structure, such as the title, authors, release date, and experimental details.
This section helps to identify and prde context to the structuréhe next section of the PDB
file contains information about the atoms and their coordinates. Each line in this section
corresponds to a single atom and includes details such as the atom name, its position in three
dimensional space (X, Y, Z coordinates)ddhe residue it belongs teollowing the atomic
coordinates section, there may be additional sections providing information about the protein's
connectivity, secondary structure assignments, and any ligands or cofactmigdothe protein.

These sections are crucial for understanding the protein's interactions and functional aspects.
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PDB files also contain information about #weperimental methods used to determine the
structure, including details about the data collection, refinement, and validation procedures.
Additionally, they may include references to relevant scientific literature.

To be confident in thquality of the refinement of the crystal structures, high resolution
crystal structuresdeally less than 2 Angstroms, should provide protein structures that are of
high quality.Moreover, high quality proteiarystalstructureshould, in theory, provideealistic
dihedral angles and sidechain conformatittrag faithfully capturdavorable and biologically
meaningful intramolecular bonds. Unfortunately, the quality of a crystal structure, even at high
resolutions, does not neceslyamean that the refinement is accurgt6l1]. For this project, it is
important to obtain high quality crystal structures to minimize the probability of poor refinement
although it may be an uphill battléthe quality of the starting crystal structure is poor, then any
downstream results from MD simulations may faathfully capture the dynamics of the protein
on these short timescales. In theory, even with a-goality crystal structure, if simulated for
long enough, it will find its native conformation. This endeavor, however, would regginads
of simulation length and our computers can only manage a couple of microseconds at best. So,
the quality of the starting structure is critically important.

It is also important that the crystal structure contains all its constituent amino acids and
that there are no gaps in the structure. Some crystal structures contain gaps in disordered regions
because they do not full resolve undery crystallographjl62]. These missing regions can be
manually reconstructed using molecular modeling progsarak as Pymobutthey can be labor
intensive and there is no guarantee thatthaually builtdisordered region maintains the
s t r u cirtvitro cerdiguration. Also, high resolution crystal structures can have electron

density maps that show the same sidechain in different configuraftosgposes a problem,
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because although it is easy to randomly pick one of the configurations, the problem of which
configuration is the most favorable one is still a probl€herefore, not only do the crystal
structures used for bulk MD simulations need to be of high resolution and complete seguence
single, but favorable configuration for every sidechain must also be chosen.

Proteins are often crystallized witHigand; however ligands pose a significant problem.
Bound ligands within the PDB exhibit a notable degreenafxpectednternal strairalong witha
multitude ofdistorted rings, unfavorable contacts, and unconventmrdbrmationsand
configurationg163]. This is a problem, because much like how a faithful MD simulaifan
protein requires a protein with no chain breaks or odd conformations, similarly with proteins
bound to ligands, theonformations of the ligand can drive the behavior of the protein during an
MD simulation.Moreover, given the vast chemical spac&@f possibledruglike ligands
[164], it is curently unfeasible to develop forcefield parameters for every individual ligand.
Therefore, forcefield developers develop parameters for atom[yfplto account for the vast
chemical complexity introduced by ligands. Atom types can include organic funajiangls
but can be expanded to include different types of bond geometries and atom bonding partners.
Ultimately, the parameterizations of ligands in MD simulations are not ligpadific, they are
atom type specifiand since the assigned parameters are more general relative to amino acids,
for the sake of recapitulating faithful sidechain dynamics, the bulk MDanlysncluded
unbound apo proteinsecause ligands may introduce a level additional complexity and
refinement that the apo proteins can avoid.

Protein crystal structuresnd their sidechain configuratioase biased towards crystal
packing contactgEl66-168]. The sidechain configurations of crystal structures, specifically those

involved in crystal packing contacts, may be configurationsatepoorly sampled during the
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pr ot ei n ényitro Metning, that an MD simulath may not necessarily be ablessrape
these biases in the 2us simulation time and therefore, biasing results aiyiidhecs of the
sidechairare so that ihas already formed a crystal packing cont&otit is imperative thahe
sidechain configurations in the crystal structures be refined to maximize possible intramolecular
interactions that are likely to happienvivoversus configurations that are biased towards the
crystal packing interface.

Much like any crystal lattice with unit cel] protein crystal structures are essentially
repeatingpatterns ofunit cells comprised of asymmetric uniésymmetric units aréhe smallest
portion of the crystal structure where symmetry operations can be applied to generate the unit
cell[169]. The entire functional protein, whether it is a monomer, dionéwo or more protein
subunits that give rise to the entire protein, is called the biological assembly. The biological
assembly may or may not contained in the asymmetric Moiteover, the biological assembly
may be a single asymmetric unit or multiple copies of the biological assembly may be contained
in the asymmetric un[tL70]. For the purposes of this peot, the MD simulations are trying to
capturein vitro sidechaindynamics thagive rise to the formation of crystal packing contacts; it
is not trying to simulate the behavior of the crystal packing interfaces and contacts themselves.
Moreover, the interface of two or more interacting proteins may give rise to further
complicationsof controlling for sidechain dynamics in MD simulations so it is important that the
proteins in this study are monomers with only one copy oétitiee biological assembly in the
asymmetric unit. Namely, that the crystal structure under investigation is complete in the
asymmetric unit with no other protein interactions as this could bias the results of the simulation

towards dynamics that are aldgan place in crystal packing interactions.
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Lastly, the proteins themselves must be divergent in sequence so that all observations are
truly independentRunning MD simulations on 100 proteins that are 80% similar in sequence
will bias the results towards these sets of pheieetically similar proteins and the results may
not be generalizable to more divergent proteins. To ensure that the proteins under investigation
behave independently from one another, it is critical to make suri#irasequences are
diverged

To summarize, these bulk MD simulations require unrelated protein crystal structures that
are ligand free, monomeas the biological assembly aimdthe asymmetric unit, compleite the
protein sequence and resolved to less than 2 Angstidrissis daunting tasto do manually,
thankfully, the PISCES webserver is an automated PDB culling tool that automatically retrieves
PDB IDs based on the above critgd&@1]. Although the webserver retrieves PDB IDs that are
of high refinement quality, the problem of sidechain conformations that are biased towards the
crystal packing interface still exist. Moreover, the problem of a single sidechain adopting
multiple conformatns in the crystal structure is also present, so although this webserver gives
high quality structures, these two big problems ren&arsolve this problemAlphaFold2 was

utilized to regenerate experimentally determined protein structures with maeaimeng.

6.5: AlphaFold2

AlphaFold2, an advanced Al system developed by DeepMind, leveragesfsitadeart
deep learninglgorithms and computational techniques to predict the 3D structures of proteins
from their amino acid sequend&$. This breakthrough technology, introduced in 2020, has
garnered immense recognition for its exceptional accuracy and potential impact in diverse

scientific domains such as drug discovery, bioengineering, and molecular bibhagy.
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functionality of AlphaFold2 revolves around a tstep approach, utilizing multiple sequence
alignment and neural network architecture. The system capitalizes on an extensive dataset of
known protein structures to train its neural networks, enaliliiogmnake precise predictions.

The first step oAlphaFold2 employs multiple sequence alignm@msA), a
computational technique that identiflesmologougrotein sequences across various species.
This allows AlphaFold2 to find protein structures that contain similar sequencgsit query
The goal of this to identify the 3D conformations related sequencesatbpi relate those
conformations to the input query. The second stedptiaFold2 employs a novel neural
network architecture comprising generative and discriminative rmaodgredict the 3D structure
ofthe proteinDeep mi nd has termed t heir TheRkveftrmenie ur al
a key component of AlphaFold 2, and it is responsible for extracting informatiortHedtSA
and building an accurate representation of the parts of the protein in close contact. The
Evoformer is a transformdrased architecture, which means that it usesasightion to learn
relationships between different parts of the MSA. However, the Bweioalso haseveral
unique features #t make it particularly weluited for protein structure predictid@ne of the
key features of the Evoformer is that it uses a pair representation. This means that the Evoformer
learns to represent each pair of amino acids in the MSA as a single vector. This representation is
then used to learn the geometric proximityre famino acids. Thisontrasts withmost other
deep learning models for protein structure prediction, which only learn to represent the geometric
proximity of amino acids individuallyThe otheikey featurds that it usesesidual connections.
These conraions allow the Evoformer to learn lomgnge dependencies between different parts
of the MSA. This is important for protein structure prediction, as the folding of a protein is a

complex process that involves many different parts of the protein integagith each other.
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This generative model generates a set of potential structures, while the discriminative model
evaluates their quality. This iterative process iteratively refines the predictions, ultimately
improving the accuracy and reliability of the results.

Al phaFol d26s ability to accurately predict
ALphaFol d2 to become a bi g tAsibrelated tothia prgectyr uct ur
AlphaFold2can effectively do the dirty work of providing protein structures where the crystal
counterparts have gaps in the sequentidbe while yielding sidechain conformations that may
not be biased towards the crystal packing interface and unlike high quality crystal structures,
provides a pathway for picking a singlanformation and instead of the conformation being

picked randomly, its picked through a higtitgined neural network.
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PDB ID 1UCS PDB ID 2CCQ
RMSD: 0.355 A RMSD: 0.295A

PDB ID 2RN2 PDB ID 3QPA
RMSD: 0.669A RMSD: 0412A
PDB ID 6MRS PDB ID 4XDX
RMSD: 0.919A RMSD: 0.889A

Figure 38: AlphaFold2 Structures Aligned to their Crystal Counterparts. The alpha carbon

backbone alignment of AlphaFold2 structuséews a remarkable degree of similarity to their crystal
structure counterparts. AlphaFold2, an advanced protein folding prediction system, has demonstrated
impressive accuracy in predicting protein structures. When comparing the alpha carbon backbone
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