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Abstract

This thesis, entitled “Computational and Theoretical Investigation of Energy Materials and
Biological Systems”, primarily focuses on elucidating how molecular-level interactions govern
structural, dynamical, and functional properties of diverse systems, spanning from chemical to
biological domains. The works employ molecular dynamics simulations in synergy with the
theoretical frameworks of physical chemistry, statistical physics, and modern machine learning
techniques. The systems studied encompass Li-ion battery electrolytes (LIBs), aqueous Zn-ion
battery electrolytes (AZIBs), and an enzyme known as Laccase, which holds significant
potential for application in the textile industry. The central theme of this thesis is the in-depth
investigation of ion transport in battery electrolyte systems, alongside the exploration of the
structure—function relationship of Laccase. In addition, the development of a novel enhanced

sampling method for studying the kinetics of biological processes is presented.

We began by exploring the effects of ion-ion, ion-solvent and solvent-solvent interactions on
the complex ion transport phenomena in battery electrolytes. In particular, we examined the
capabilities and limitations of the Van Hove function (VHF) in capturing ion-ion dynamical
correlations and assessing their influence on ionic conductivity within the framework of the
Onsager’s transport theory for concentrated electrolyte solutions. Our analysis demonstrates
the potential of the VHF to identify different types of ion—ion dynamical correlations; however,
we emphasize the need for caution when relying solely on the VHF to fully characterize these
correlations and their impact on ion transport in battery electrolytes. Subsequently, to
investigate the influence of ion-solvent and solvent-solvent interactions, we explored the role
of water structure and dynamics in the presence of a co-solvent on ion transport phenomena in
a representative experimental AZIB electrolyte system. Our results reveal that the co-solvent
modulated water hydrogen bond (H-bond) network and dynamics around cations are strongly
correlated with ion transport properties and provide a microscopic explanation on the
experimentally observed mundane viscosity dependence of ionic conductivity in AZIB systems
in the presence of co-solvent. Our findings will certainly help to understand ion transport for

developing next generation battery electrolytes.

Next, we investigated the structure—function relationship of a fungal laccase, capable of

degrading textile industry dye effluents. Our results elucidate the molecular thermodynamic



origin of the experimentally observed substrate promiscuity in laccase, revealing the
remarkable flexibility of its active site in accommodating dye molecules of diverse shapes and
charges. Moreover, using extensive molecular dynamics simulations integrated with advanced
machine learning techniques, we comprehensively characterized the free energy landscape of
the laccase apo form. Based on our analysis, we hypothesize that dye binding occurs
predominantly via a conformational selection mechanism, with inter-residue hydrogen bonds
playing a key role in governing the slow kinetics associated with transitions between different
dye molecule binding competent metastable states of the apo enzyme. Furthermore, our

findings underscore the presence of allosteric regulation in laccase.

Finally, we introduce a new enhanced sampling approach, termed “WeTICA”, built upon the
weighted ensemble (WE) path sampling algorithm. Our method employs a low-dimensional
linear collective variable space to enhance sampling toward a specified target state. WeTICA
has demonstrated success in capturing the unfolding kinetics of several benchmark proteins
and holds promise for investigating a broad range of biological processes in a straightforward

and user-friendly manner.
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Introduction

Molecular level interactions, that is, the forces (for example, electrostatic interactions, van der Waals
forces, covalent bonding etc) acting between the atoms and molecules are the foundation of all natural
phenomena'?. These interactions govern the intricate dynamics and reactivity of atoms and molecules,
ultimately shape the macroscopic behaviours of complex physical, chemical and biological systems.
Various experimental techniques are designed and employed to quantify macroscopic phenomena in an
accessible, human-readable format®*; however, experimental results alone are typically insufficient to
completely elucidate the underlying molecular level mechanisms of a system's observed macroscopic

behaviours. Nevertheless, by connecting the molecular level insights to experimental observations

one can validate theoretical models, and design innovative solutions across fields like materials science,

chemistry, and biology.

Computer simulation is a virtual microscope used to describe the microscopic evolution of atoms and
molecules of a system, provided a model that mimics the interactions between them>®. Therefore,
computer simulation provides molecular level insights behind macroscopic experimental observations.
Moreover, computer simulation also acts as a bridge between theory and experiment’. We can validate
a theoretical model by simulating it and subsequently compare the results with experiment. There are
two main classes of computer simulation techniques: (i) Molecular dynamics (MD)* and (ii) Monte
Carlo (MC)’. However, there are lots of hybrid techniques as well that combine the both'®'?. In this
thesis, we will mostly talk about various applications of classical MD in understanding molecular level
interactions that govern the dynamics of various systems. Classical MD works by numerically
integrating Newton’s equations of motion for the atoms. Therefore MD provides atomistic insights into

the structure and dynamics of complex systems®, making it a powerful tool across fields like material



science, chemistry and biology'*">. Moreover, it is important to note that computer simulation is not a

historical phenomenon, but a rapidly developing field of science.

The potential of MD in providing molecular level insights behind experimental observations was first
demonstrated in the pioneering work of A. Rahman in 1964, where the author simulated liquid argon
using Lennard-Jones potential'®. The first MD simulation study on biological system was conducted in
1975 by Levitt and Warshel'”. Later, in 1976, the first MD simulation study to understand a biological
process, the first step in the vision process, was conducted'®. This study provided molecular level
descriptions of the events that happen after absorbing a photon by rhodopsin, thereby complemented
the observations from Raman and picosecond laser experiments. Subsequently, in 1977, MD simulation
study of folding of the bovine pancreatic trypsin inhibitor (BPTI) was performed by solving the
equations of motion for the atoms using an empirical potential energy function'®. The results showed
that proteins were not rigid and their internal motions play a functional role. Although, all these initial
studies showed the ability of MD in providing in-depth understanding of various biological processes,
the unavailability of optimize algorithms and powerful computers prohibited simulations of long time
scale processes. Now a days, development of numerous advanced simulation algorithms and availability
of supercomputers have immensely contributed to the development of this field*® . Today, some of

the major applications of MD in biology are sampling the conformational space of biomolecules®®2*,

29-31 32-34

computing thermodynamics of biological processes™ ', studying enzymatic reactions and

35-39

quantifying protein-ligand binding/unbinding for drug discovery etc. Moreover, the application of

MD is not restricted only to biology. MD has widespread applications in other fields like material
science and chemistry'®'44°,

On the other hand, the late 1990s witnessed the rise of research on electrochemical energy storage
devices, such as rechargeable batteries, employing MD simulations* *. The main components of a
rechargeable battery cells are electrolyte, electrodes and separator*’. The electrolyte is an extremely
important part of a battery cell, which plays the role of an ion conducting medium as well as an
electronic insulator**°. Electrode materials determine energy density, cyclic efficiency and lifetime of
a battery cell. MD simulations are extremely advantageous in understanding the structure and dynamics
of ions and solvents in electrolyte and examining chemical reactions at the electrode-electrolyte
interface to gain molecular level insights for improving battery design®’. For example, MD simulations
can be used to compute macroscopic observables, such as the self-diffusion coefficients of ions*®. Thus,
MD not only provides a molecular level picture of ion transport, but also makes it possible to predict
several electrolyte properties without the need of doing sophisticated and expensive experiments, such
as nuclear magnetic resonance (NMR)*. Moreover, Ab initio molecular dynamics (AIMD) has also
made it possible to study the decomposition of solvents and ions on the electrode interface to understand

the molecular level mechanism responsible for the formation of solid electrolyte interfaces (SEIs)**>*



and cathode electrolyte interfaces (CEIs)™>°, which are crucial for the long lifetime and efficiency of

a battery cell.

While battery electrolytes and biological systems serve distinct purposes, they share a fundamental
commonality; precise molecular interactions lead to solution structure and functionality. In battery

56,57

electrolytes, ion-ion and ion-solvent interactions dictate performance”™’, much like inter-residue, inter-

atomic and protein-bound water interactions dictate protein structure and drive function®®*. Moreover,

60-62

both fields face challenges; battery electrolytes require improved safety and energy density™ -, while

biological systems demand deeper insights into the structure-function relationship to understand and
prevent complex diseases®***,

Interdisciplinary approach, like integrating chemistry, physics, and biology together is driving the
development of next-generation theories®>®. Together, these domains exemplify how molecular-level
understanding fuels transformative technologies for a sustainable and healthier future. Therefore, in this
thesis, we have explored how the molecular level interactions govern the functionality of battery
electrolytes as well as an enzyme with industrial relevance using MD simulations complemented by

several theories from physical chemistry, statistical physics and machine learning (ML) approaches.

This thesis is comprised of a total of 8 chapters, with this introductory chapter being the first one. In

Chapter 2, we have discussed about the theories and methodologies used in this thesis work.

In Chapter 3, we have discussed the role of microscopic directional correlations in the movement of
ions arising due to the electrostatic interaction between them, in dictating ionic conductivity and
investigated the potential of a pair correlation function, known as Van Hove function (VHF)?, in order
to capture the ion dynamical correlations from MD simulation data. When ions of same or opposite type
move in the same direction, the directional correlation between their movement is said to be positive,
while if they move in opposite direction, their movement is anti-correlated. Onsager transport theory
and the corresponding transport coefficients are widely used to understand these correlations®®®,
However, computing these coefficients from MD simulation is not a trivial task. On the other hand, the
VHF is also capable of determining correlated motions and computing VHFs from MD simulation data
is much simpler than computing the Onsager transport coefficients. However, identifying various types
of ion correlated motions in battery electrolytes using VHF is not well explored. Thus, we have
conducted MD simulations of a representative experimental lithium-ion battery (LIB) electrolyte
system’ - lithium hexafluorophosphate (LiPF) at different concentrations in (9:1 wt%) mixture of ethyl
methyl carbonate (EMC) and fluoroethylene carbonate (FEC) using general Amber force filed
(GAFF2)"" at room temperature in order to explore the capabilities and limitations of using VHF to
investigate different types of ion dynamical correlations. We have concluded that the analysis of VHF

can qualitatively describe both the positive correlation between the movement of cations and anions at



different salt concentrations and the negative correlation between cation-cation and anion-anion present
at high salt concentration, but it cannot foretell which correlation is dominating at any given electrolyte
concentration. This type of quantitative information can be obtained only via Onsager’s approach. This
could be seen as a limitation of relying solely on VHF to fully understand ion correlation in electrolyte

media.

Next, we have investigated how ion-solvent interactions and solvent dynamics affect ion transport in
battery electrolyte solutions in aqueous zinc ion batteries. Currently, the non-aqueous LIBs are
dominating the electrochemical energy storage industry because of their high energy density and long
life cycle. However, increasing concern about limited lithium resources, high cost and safety issues
have seriously hindered the continuous large scale manufacturing of LIBs’>. Sodium-ion batteries
(SIBs)” and potassium-ion batteries (KIBs)’* are plausible alternatives to LIBs because of the relative
abundant of sodium (potassium) over lithium, but suffer from low energy density, high operating cost
and security issues. These drawbacks of SIBs and KIBs have motivated the scientists to explore
alternative battery chemistry. Aqueous zinc-ion (Zn?*) batteries (AZIBs) are gaining popularities due
to several factors over LIBs, but the corrosion of the zinc metal anode through reaction with the Zn?*
ion solvated water molecules hinder its practical usage’. The use of various co-solvents as AZIB

electrolyte additives has been proven to be very effective in treating anode corrosion’”.

In Chapter 4, we have investigated correlations between ionic conductivity, that characterizes ion
transport and co-solvent modulated water structure and dynamics in AZIB electrolyte solutions. We
have performed all-atom classical MD simulation of an experimental AZIB system’®; 2M Zn(OTf),
aqueous solution with tetramethylurea (TMU) as a co-solvent at room temperature. We have found that
the presence of TMU increases the residence time of water molecules inside Zn?* solvation shell by
promoting prolonged hydrogen bonding (H-bond) between solvated waters and their immediate
neighbouring water molecules. Moreover, we have observed that ionic conductivity is positively
correlated with the number of water-water H-bonds around Zn?* ions, but anti-correlated with both the
Zn?* solvation shell water residence time and aforementioned water-water H-bond lifetime. The
increase in water-water H-bond lifetime around Zn?" ions enforces the vehicular movement of Zn?*,
thus slows down ion transport and decreases ionic conductivity. Macroscopically, this is reflected in the
overall rise in solution viscosity with increasing TMU concentration. Furthermore, we have also
investigated the role of ion-ion correlations using the Onsager’s transport coefficients in dictating ionic

conductivity and the transference number of AZIB electrolytes.

Upon discussing the role of molecular level interactions, e.g ion-ion and ion-solvent interactions in
dictating the macroscopic transport properties, such as ionic conductivity and transference number of

the battery electrolyte solutions using MD simulations and several theoretical approaches, we will now



shift gear and discuss the role of molecular level interactions to the function of an enzyme, known as
Laccases (EC 1.10.3.2)"*°, which is capable of degrading industrial dye effluents. Laccases belong to
the family of multicopper oxidoreductases (MCOs)®*' found mostly in white-rot fungi, have been
experimentally observed to decolorize dye wastewater to different extents. Laccases can oxidize a
variety of phenols, polyphenols, aromatic amines and non-phenolic organic compounds using oxygen

as a reactant and release water as the only by-product®.

In Chapter 5, we have explored the molecular thermodynamic origin of the substrate promiscuity® in
a fungal laccase (PDB: 1K'YA) using molecular docking® and MD simulation studies. We choose five
dye molecules with varying charge, size and shape: brilliant blue, coumarin 343, methyl green, crystal
violet and thioflavin T. We have discovered the presence of various distinct conformations of a loop
(resids: 159-164) in the protein active site that can accommodate the wide range of dye molecules. We
have also observed that the diverse selection of dye molecules exhibits surprisingly similar binding

affinity due to cancellation of different thermodynamic factors.

In Chapter 6, we have identified and characterized different metastable apo conformations of the
laccase using MD simulations coupled with various machine learning (ML) techniques to unveil the
binding mechanism of the aforementioned dye effluents to the laccase. We have identified key residue
pairs using the Random forests classifier® that can distinguish protein apo and bound states, and
compared two different classes of dimensionality reduction methods; time-lagged Independent

8687 and variational autoencoder (a non-linear method)*®,

Component Analysis (TICA, a linear method)
to obtain the best low dimensional representation for the laccase apo conformational landscape. We
then performed kinetic clustering using the neural network implementation of variational approach for
Markov processes (VAMPnets)* to identify metastable apo conformations of laccase. Finally, we have
found dye effluent binding competent protein conformations that could possibly lead to ligand binding
via conformational selection mechanism®. Hydrogen bond occupancy analysis showed significant
difference in inter-residue hydrogen bond network among these metastable conformations, results in

1°!. These observations have shown the vital role of

sluggish kinetics as revealed by Markov State Mode
inter-residue interactions in controlling protein conformational changes. Moreover, we have also
proposed an allosteric connection®® between the active site loop (resids:159-264) and a distal loop
(resids: 332-337) in laccase. Therefore, these two studies provide a complete molecular level

understanding on the dye degradation mechanism by laccase.

Despite the remarkable advances in MD software and hardware that enable us to access millisecond
time scales at the atomistic resolution, normal MD simulations usually struggle to overcome the barriers
associated with different processes making such events rare and difficult to capture. A plethora of

methods, known as enhanced sampling techniques, have been developed as a solution for sampling rare



events” %, Weighted Ensemble (WE) simulation, a special class of enhanced sampling technique, offers
a way to directly calculate kinetic rate constants from biased trajectories without the need to modify the
underlying energy landscape using bias potentials’™*®. Conventional WE algorithms use different
binning schemes to partition the collective variable (CV) space separating the two metastable states of

interest.

In Chapter 7, we have discussed our attempt in developing a new “binless” WE simulation algorithm
to bypass the hurdles of optimizing binning procedures. Our proposed protocol called “WeTICA” uses
a low dimensional CV space to drive the WE simulation towards the specified target state. We have
applied this new algorithm to recover the unfolding kinetics of three proteins: A) TC5b Trp-cage mutant,
B) TC10b Trp-cage mutant and C) Protein G with unfolding times®® spanning the range between 3 ps —
40 ps using projections along predefined fixed Time-lagged Independent Component Analysis
(TICA)*** eigenvectors as CVs. Calculated unfolding times converge to the reported values with good
accuracy with more than one order of magnitude less cumulative WE simulation time than the unfolding
time scales with or without a priori knowledge of the CVs that can capture unfolding. Our algorithm
can be used with other linear CVs, not limited to TICA. Moreover, the new walker selection criteria for
resampling employed in this algorithm can be used on more sophisticated nonlinear CV space for further

improvements of binless WE methods.

The final chapter of this thesis is Chapter 8, which includes concluding remarks and possible areas of

future research.
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Theory & methodology

2.1 Onsager’s theory of ion transport in concentrated electrolytes

Onsager transport equation'? characterizing ion transport in concentrated electrolyte is shown in Eq.

2.1)
Ji = — %L Vi, @.1)

where Jj is the flux of species i (cations or anions), ﬁuj denotes the gradient in electrochemical potential
acting on species j and the summation is over all the species (including species i) in the system. LUs are
called Onsager transport coefficients. These coefficients satisfy Onsager reciprocal relation’: LU = LJi,
and thus form a symmetric matrix. One way of computing these coefficients from MD simulation is

using the Einstein’s relation as follows®*:

1= Lo lim & ([0 - 7O 5p[i© - #0)), 22)
and
U= o im 55 (iE0 - 2Ol [Fo - #0]). e3)

In Egs. (2.2) and (2.3), £* denotes the position of the o' ion of species i relative to the center-of-mass

position of the entire system, V is the volume of the simulation box, T the temperature and kg is the

11



Boltzmann constant. The mathematical expression of Li! (in Eq. (2.3)) can be divided into a self-part
and a distinct part. In Eq. (2.3), summation for « = [3 corresponds to the self-part and a # [ to the

distinct part. Therefore, self-part of Ll can be calculated from the following relation®*,

i 1 .. d R R
self = gty A o TA[F O — F(0)]?), (2.4)

and the distinct part can be computed indirectly as Licilistinct = LI - isielf .

Electrostatic interactions between ions give rise to directional correlations between the movement of
ions. If ions of same and/or opposite type move preferentially in the same direction, directional
correlation between their movement is called positive’. If they move in opposite direction, their relative
motion is anti-correlated. The Onsager coefficients capture the effects of these ion dynamical
correlations on the transport properties of concentrated electrolyte solutions, for example, ionic

conductivity and transference number.

Ionic conductivity (o), ion self-diffusion coefficient (D;) and cation transference number (t,) can be

computed from these coefficients as follows™:

0 = FZ ZIZ] Zi Z]' LIJ 5 (25)
RT i
Di = = Lser (2.6)
and
7 7 Lij
t, = 2 %% .7)

Yk X1Zk z LK 7

where F is the Faraday’s constant, z, = — z_ are the partial charges of ions, R is the real gas constant

and c; is the density of ions of type i.

For a binary electrolyte, only three transport coefficients L**, L™~ and L*~ are required to completely

characterize ion transport. Ionic conductivity (o) can be partitioned into five components as follows™:

— R2(,27++ 27-— 27++ 27-- +—
og=F (Z+Lself + Z—Lself + Z+]-‘distinct + Z—Ldistinct + 2Z+Z—L )

_ + - ++ —— +—
= Ogelf + Oself + Odistinct + Ogistinct — 20 (2~8)

12



For an infinitely dilute ideal solution of non-interacting ions, the sum of all the distinct cross terms in
Eq. (2.8) is zero. Thus, for an infinitely dilute solution, the resulting conductivity follows the Nernst-

Einstein (NE) value: ONg = Ogajf + Ogelf -

For positive correlation between the movement of cations and anions, 6t~ > 0. Conversely, for anti-
correlated cation-anion motion, 6t~ < 0. Similarly, for positive correlation between the movement of
like-charged ions, distinct components (03t i ot and Ogigeinet ) become positive. Therefore, by
observing the sign of these different conductivity components, one can also identify the nature of the
directional correlations in ion movement that determines the net ionic conductivity of a given electrolyte
system. Moreover, these distinct terms typically decrease the net conductivity from the ideal NE value

in concentrated electrolyte solutions.

Furthermore, for binary electrolyte solutions, the expression for cation transference number (t, ) in Eq.

(2.7) and its ideal solution value (tI}jE) become’

ziLt 4z, z LT

b = zZL*t++z2L- "+ 2z,z L*- 2:9)
and

ZZ L++
tl-HE — +Yself (210)

T —
Z+Lself + Z—Lself

2.2 Van Hove function: pair correlation function in space and time

Correlated motions can also be captured using the Van Hove function (VHF)*’, which is a pair

correlation function in real-space and time. The VHF is defined as®’

G, O = —5= SN, TN (8(r — [5® — FO)])) . (2.11)

N4mrZdr
where N is the number of molecules, ;(t) is the position of the i™ molecule at time t, §(r) is the Dirac
delta function. G (r, t) is composed of a self-part G (1, t) and a distinct part Gq (1, t). The self-part
represents the probability of finding a molecule at a distance r at a time t given that it wasatr=0att=

0. Meanwhile, the distinct part represents the probability of finding a molecule at a distance r at time t

given that another molecule was atr =0 at t = 0. Gq (T, 0) is identical to the radial distribution function
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(RDF). In this thesis, the self-part and the distinct part of the VHF, denoted as G&(r, t) and Gg’ﬁ (r, v)

respectively, are calculated using the following equations from MD simulation data'®"

Gs(r, ) = m T8 — [f) — HOD) (2.12)
and
G, ©) = m She B (8(r — [B® — B0)]). (2.13)

where Ny and Ng are the number of ions of species (cations or anions) a and 8 respectively, V is the
volume of the simulation box. To make Gg’ﬁ(r, t) ~ 1 at large r and large t, the original definition in

Eq. (2.11) is modified by the division through pg = % To calculate the intra-species (@ = ) distinct

part of the VHF, one should consider the distinct ions of the same type, that is, the sum in Eq. (2.13)

should run fori # j.

2.3 Autocorrelation functions

2.3.1 Residence time autocorrelation function

Residence time of a molecule is the time it spends in a specific region of space'?. In solvation dynamics
study, the residence time of molecules inside the solvation shell of another molecules is one of the
important properties. Residence time can be computed using the residence time autocorrelation

function'® from MD simulation data as defined in Eq. (2.14):

(Hjj(0)Hj; ()
(H;;(0)H;(0))’

C(t) = (2.14)

where Hj;(t) = 1ifthe i™ molecule lies inside the solvation shell of the j™ molecule at time t or H;; (D) =

0 otherwise and (... ) indicates ensemble average over different time origins. The simulated C(t) can be

. . : _(t/)P . .
fitted with a stretched exponential function C(t) = e (*/2) , where 1 denotes the residence time and

the parameter 3 determines the nature of the exponential decay.

14



2.3.2 Structural hydrogen bond autocorrelation function
Hydrogen bond (H-bond) plays an important role in various chemical and biological processes. The

14,15

structural H-bond relaxation ™, influenced by both translational and orientational molecular diffusion

is quantified by the autocorrelation function defined in Eq. (2.15):

(hjj (0)hj; (1))

Cup(t) = (h;;(0)h;5(0))’

(2.15)

Where the variable h;;(t) denotes the presence or absence of a H-bond between two molecules i and |
at time t. More specifically, if a H-bond exists between two molecules at time t, then hy ) =1,
otherwise h;;(t) = 0. In simulation, the criteria for the formation of H-bond employed are: (i) rpp <

3.5 A and (ii) 150° < Opya < 180°, where rp, and Opyyu are the donor (D) - acceptor (A) distance

and D—hydrogen (H) - A angle, respectively.

The simulated Cyg(t) is usually fitted with the sum of three exponential functions and time integrated

analytically to obtain the structural H-bond relaxation time tyg as follows:

oo oo 3 _t/ _ 3
g = J, dtCug(t) = [, dt X ae M= YA, (2.16)
where a; are the fit parameters such that Y3, a; = 1.

2.3.3 Pressure autocorrelation function and shear viscosity

Shear viscosity 1 can be obtained from the Green-Kubo integral of the pressure autocorrelation function

defined in Eq. (2.17) as follows'®"",

N= ot do At Pap(O)Peg(0), @.17)

where V,Kg and T represent the box volume, the Boltzmann constant and temperature of the system,
respectively. Pg denotes the cross-diagonal terms of the pressure tensor. Although the pressure
autocorrelation function theoretically decays to zero in the long time, leading to the convergence of Eq.
(2.17), in practical application fluctuations prevent the integral from converging to a constant value'®,
To tackle this issue, instead of taking a single off-diagonal pressure component to calculate pressure
autocorrelation function, the autocorrelation functions are computed for five independent pressure

components Py, Pyy, Pyy, (PXX - Pyy) /2 and (Pyy - PZZ) /2 and the average of them are calculated.
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2.4 Dimensionality reduction techniques

Typically, the raw MD data contains the positions of all the atoms in the system (say, N number of
atoms) and the systems under study are usually composed of thousands of atoms. Thus, the raw MD
data is very high dimensional (3N dimensional). Therefore, in studying biological systems, it is very
useful to visualize the different metastable conformational states of a biomolecule using a lower
dimensional representation of the actual high dimensional data. There are several ways to reduce the

dimensionality of a dataset as follows:

2.4.1 Principal component analysis (PCA)
Principal Component Analysis (PCA)'* is a widely used linear dimensionality reduction technique
that aims to reduce the dimensionality of a dataset while preserving as much variance in the original

data as possible. Mathematically, PCA works by first constructing a covariance matrix Cj; using the

high dimensional input time series dataset X = {[X];}, [X];IZ, [X];?, ... }, where [x];} is the feature vector

with N elements at time t; as follows:
Cy = ((xi — =D(x— (x)), (2.18)

where x; denotes the i feature. Then the orthogonal eigenvectors of this matrix are calculated and
sorted in descending order according to the corresponding eigenvalues. Subsequently, the input time
series dataset X is projected on the top d (< N) eigenvectors corresponding to the largest d eigenvalues,
known as the principal component (PC) eigenvectors. The eigenvector with the largest eigenvalue
captures the direction in which the variance in the input dataset is maximum and the corresponding

projection of the input dataset on this eigenvector is called the first principal component (PC1).

2.4.2 Time-lagged independent component analysis (TICA)

Time-lagged Independent Component Analysis (TICA)*'* is another linear dimensionality reduction
technique. But unlike PCA, TICA tries to capture the slow processes from the input time series data X.
It is particularly useful in the context of MD simulation where understanding the slow processes reveals
information about the conformational changes and functional mechanisms of biomolecules.

Mathematically, TICA works by first constructing an instantaneous covariance matrix Cg like PCA (Eq.

(2.18)) and an additional time-lagged covariance matrix CiT]- for a pre-defined lag-time t as follows:

Cf = ((i(to) = N (x5(to + © = X))y (2.19)
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where T denotes the lag-time and (... );, represents ensemble average over different time origins t,.

Then, the general eigenvalue problem C®v; = A;C°v; is solved to find the orthogonal eigenvectors v;.
Subsequently, the input time series dataset X is projected on the top d (< N) eigenvectors corresponding
to the largest d eigenvalues to obtain the time-lagged independent components. The eigenvector

corresponding to the largest eigenvalue captures the direction of the slowest process.

2.4.3 Variational autoencoder (VAE)

26 is a neural network based deep learning model used to generate low

Variational autoencoder (VAE)
dimensional latent space from high dimensional data. VAE comprises an encoder and a decoder as
shown in Figure 2.1. Unlike normal autoencoder, VAE encodes the input data as a distribution over the
latent space instead of encoding to deterministic single points to avoid overfitting or memorization. The
loss function of VAE consisted of two parts: a reconstruction loss term as shown in Eq. (2.20) is
calculated as the mean squared error (MSE) between the original and reconstructed data, and the
regularization term defined as the Kullback-Leibler (KL) divergence’” between the distribution

produced by the encoder and a standard prior gaussian distribution as shown in Eq. (2.21). VAE loss

function is mathematically expressed in Eq. (2.22) as a sum of these two terms.

2
Luse = 5 2 (xi = (8o (x)))", (220)
_ ) p(z)
LKL - qu(ZIXI) 10g <QG(Z|X1)) dz, (2.21)
Lyag = Lusg + Lk » (2.22)

where x; is the original input data, z is the latent variable, N is the number of samples, f,, is the decoder

function, gg is the encoder function, p(z) is the latent prior distribution and qg(z|x;) is the latent
posterior distribution generated by the encoder. If we want both of the distributions to be gaussian as
well as the prior gaussian distribution with mean = 0 and variance = 1, then the KL-divergence (L)

term in Eq. (2.21) becomes,
1
Ly, = —3 [Zi, 1 +1og(0?) — oF — p?] (2.23)

In Eq. (2.23), n is the number of latent variables, uand o2 are the mean and variance of the latent

variables, respectively.
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data

Figure 2.1 A basic autoencoder architecture.

2.5 Markov State Model

Markov State Model (MSM)*7!' has made it possible to study the long time scale processes in
biomolecular dynamics using short MD simulation trajectories. MSM discretizes MD simulation
trajectories into a set of discrete metastable states, where transitions between the states are Markovian
i.e memoryless. The dynamics is modelled using a transition probability matrix T(t) for a given lag-

time T, where Tj;(T) represents the conditional probability of finding the system in state j at time t + T
provided the system was in state i at time t. However, choosing the correct lag-time t for which the

transitions show Markovianity is not trivial. To find the optimal lag-time, implied time scales (t;) for

lag-time T, t; = — ﬁ , where A < 1 are the eigenvalues of the respective transition matrix T(t), are

calculated. If the transitions are Markovian, t; does not depend on the choice of t. Therefore,
convergence to Markovianity is tested by calculating t; for various lag-times {t}.

The conventional pipeline****

of building a MSM starts with featurization from molecular coordinates,
followed by dimensionality reduction, grouping related conformations into hundreds of microstates
using dimension-reduced data, estimate a MSM and finally coarse-grain the estimated MSM down to a

few metastable states using Robust Perron Cluster Analysis (PCCA+)*

to obtain an easily interpretable
model. However, recent developments in neural network based deep learning methods have made it

possible to construct a single end-to-end framework for building MSM?*.
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2.5.1 VAMPnets

Employing the variational approach for Markov processes using neural networks (VAMPnets)* for
molecular kinetics is a deep learning model that aims to combine the whole MSM building pipeline in
a single end-to-end framework and provides a fuzzy kinetic clustering directly from molecular
coordinates by maximizing a VAMP variational score e.g VAMP2 score*®. VAMPnets works by first
transforming the molecular coordinates {X;} to features or latent variables; X, (X) = (Xo1(X), Xo2(X),

X03(X), . Xom X)) and x; (%) = ((11(X), X12(X), X13(X), ... Xam (X)) such that the dynamics in

these variables are approximately governed by a linear operator matrix K as;

El: (Xe+0)] = KT E[xo(xp)], (2.24)

where [E stands for expectation values and T is the lag-time. Given feature transformations ¥, and x; ,

the following covariance metrices are constructed,

Coo = E¢ [Xo(Xt) Xo (Xt)T] (2.25)
Cor = E¢ [Xox0) Xa (Xt+‘E)T] (2.26)
Ci1 = Eppr 0 Kesr) XI(xt+‘t)T] (2.27)

The optimal K that minimizes the least square error [E; [||x1 (Xer0) — Ko (xt)”Z] is K= Cg¢ Coy.
Now the remaining problem is to find the suitable transformations X, and x; employing the VAMP

theorem. For any two linearly independent functions X, (x) and X, (X), the VAMP2 score is defined as
1 1
the Frobenius norm of the matrix C,7 Co C

2
11 2

1 2

1
VAMP2 score = [|C,; Cos C,,° (2.28)

11

To find the optimize X, and X4, the VAMP2 score is maximized using two neural network lobes in

VAMPnets.
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2.6 Protein-ligand binding energy calculation

In this thesis work, we have used two methods to calculate protein-ligand binding energy from MD
simulation data®”": (A) Molecular Mechanics/Generalized Born Surface Area (MM/GBSA) and (B)

Thermodynamic integration (TT).

2.6.1 Molecular Mechanics/Generalized Born Surface Area (MM/GBSA)

The binding free energy for a protein-ligand complex can be estimated as****

AGping = (Geom) — (Grec) — (Grig) (2.29)

where COM = Complex (receptor + ligand), REC = Receptor, LIG = Ligand.

Each term to the right in Eq. (2.29) is given by

(Gx) = (Emm) — (GsoL) — (TS) (2.30)

where SOL = Solvation, MM = Molecular Mechanics.

AGping can also be represented as,

In Eq. (2.31), AH corresponds to the enthalpy of binding, and -TAS to the change in conformational
entropy associated with ligand binding. When the entropic term is dismissed, the computed value is the
energetic part of free energy, which is usually sufficient for comparing relative binding free energies.
We have not considered the entropic component of binding free energy in our works. Within the
MM/GBSA framework, the binding energy is estimated as a difference between the effective solvation
energy of the ligand in the complex with the receptor as compared to the ligand in aqueous solution

environment. The solvation energy is computed using Generalized Born(GB) continuum electrostatic

method for the polar part and surface area (SA) method for the non-polar part as follows:

AGgor = AGpolar + AGnon—polar = AGgp + AGnon—polar (2.33)
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AGpon-polar = NPrgnsion X ASASA + NPoppsgr (2.34)

AEym corresponds to the molecular mechanical (MM) energy changes in the gas phase, and the non-
polar component of the solvation energy is usually assumed to be proportional to the molecule’s total
solvent accessible surface area (SASA) with a proportionality constant derived from experimental

solvation energies of small non-polar molecules.

2.6.2 Thermodynamic integration (TI)

In this method a coupling parameter A (values lies between 0 and 1) is used to monitor the transition
from state-1 with potential energy function U; (for example, ligand fully interacting with the
surrounding environment) to state-2 with potential energy function U, (e.g no non-bonded interactions

between the ligand and the surrounding environment i.e decoupled) according to Eq. (2.35)*

When A =0, the system is in state-1 and for A =1 the system is in state-2. A large number of intermediate

non-physical states are created at different A values. Then, for each intermediate state, ensemble average
. . . . . . du, .
of the derivative of potential energy with respect to the coupling parameter A i.e (ﬁb‘ is computed,

where the brackets denote ensemble average. Free energy difference between the two end states is

computed as follows*':

AG=GA=1)—GA=0)= [ () di. (236)

Therefore, the free energy difference is the area under the curve of (i—g);\ vs A plot.

Ligand binding free energy is the difference between the solvation energy of ligand in water without
any receptor and the solvation energy of ligand bound to the receptor. Final binding free energy is

calculated as follows%:

— prot 1 1
AGbind - = AGe]ec+vdw+rest + AGZ(I)eX+VdW + AGﬁgS‘tI_On (237)
where AGSlreoctwdw +rest — iree energy change for ligand decoupling form receptor in the presence of

restraints, AGSXY, .. = free energy change for ligand decoupling in water without the presence of

receptor and AGﬁgé‘t’_on = free energy change to restraint the decoupled ligand in water without receptor.
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AGEQY ., is calculated using the following equation™,

1
2
8m2vo (KrKeAKeBK¢AK¢B K¢c)

r3sin@,sinfp (2mKT)3

AGY . = RTIn (2.38)

In Eq. (2.38), R = Ideal gas constant, T = Temperature (300K), ro = reference distance for restraints
applied to ligand, 8, and By are reference angles for restraints , Ky are force constants for one distance
(10), two angles (8, and 8g) and three dihedral (¢, , dg, d¢) restraints and V° = volume corresponding

to one molar standard state = 1.66 nm>.

2.7 Enhanced sampling methods

MD is plagued by a time scale problem. The integration time step in MD, a few femtoseconds, is many
orders of magnitude small than the timescale of the biophysical processes of interest. Usually relevant
conformations or metastable states of a biomolecule belong to different free energy basins separated by
high energy barriers. Therefore, in practice, normal MD simulation remains stuck in one of the energy
basins for a long time. Several enhanced sampling methods have been developed over the years for the
quick exploration of the free energy surface as well as enable the calculations of thermodynamic and
kinetic properties of the system®*". In this thesis work, we have used two different classes of enhanced
sampling methods: (A) Metadynamics®® ® and (B) Weighted Ensemble®** path sampling. In the

following sections, we provide a brief theoretical description of these methods.

2.7.1 Metadynamics

Metadynamics belongs to a class of enhanced sampling methods where a bias potential or force is
applied along some predefined degrees of freedom called collective variables (CVs) to enhance the
sampling. In the earlier versions of metadynamics, a history-dependent repulsive bias as a function of
the CVs is added to the Hamiltonian of the system. Let’s define a set of n CVs, S(R) as a function of

molecular coordinates R as

S(R) = (5:(R), S2(R), S3(R), ... Sp(R)). (2.39)

At time t, the metadynamics bias potential V (S, t) is represented by a sum of gaussians deposited along

the CVs and can be written as®
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(Si(R)— Si(R(t')))Z

2
20

Ve(S,t) = fotdt’ooexp - (2.40)

In Eq. (2.40), o; is the width of the Gaussian for the i CV, w is defined as w = tﬂ, W is the Gaussian
G

height and 1 is the stride rate. This repulsive bias potential discourages the system from revisiting the
conformations that have been already sampled.

)64,65

Recently, on-the-fly probability enhanced sampling (OPES method has been developed as a

successor of metadynamics.

2.7.2 Weighted ensemble path sampling

626667 i5 a special kind of enhanced sampling methods where

Weighted ensemble (WE) path sampling
no external bias potential has been deposited along the CVs like metadynamics, instead an ensemble of
trajectories are run simultaneously to enhance the sampling. Therefore, WE is unbiased in the sense that
this method does not modify the underlying equilibrium distribution. In the conventional WE protocol,
the configurational space is mapped onto a low dimensional CV space that describes the transition of
interest, followed by dividing it into bins (say, M bins) with a target allocation of n trajectories per bin.
Each trajectory is assigned with a weight or probability w§ at any time t such that the weights are
normalized: ¥ wi = 1. Initially n trajectories are started from a single bin pre-assigned with weights

wE = - Next the trajectories are propagated forward in time for a time interval T according to the

natural dynamics of the system. Trajectories that reach new bin are “cloned” or “split” to reach the
maximum allocation of n trajectories in that bin. Conversely, if the number of trajectories in each bin
exceeds the maximum allocation, then some trajectories are pruned with their survival probability
proportional to their weights; this process is called “merging”. The sum of the weights in each bin is
always maintained in the trajectory resampling (cloning + merging) processes. In this way, the
simulations evolve under the natural dynamics of the system with trajectory resampling for many
iterations to enhance the sampling of rare events. Furthermore, WE setup also uses a “recycling”
boundary condition at the target state to achieve non-equilibrium steady state and computation of rate

constant of any processes.

To calculate the first order rate constant of transition between the two states A and B, the Hill relation

between the flux and mean first passage time (MFPT) is used as follows®*:
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1
MFPT, _glpal = Flux(A SB:SS) (2.41)

where Flux(A — B; SS) is the probability per unit time to arrive at state B in A-to-B non-equilibrium
steady state condition and p is the distribution of trajectory starting points within state A. Rate constant

is equal to the inverse of MFPT of the process.

24



References:

N N D W

10

11

12
13
14
15

16
17
18
19

20
21
22

23
24

K. D. Fong, H. K. Bergstrom, B. D. McCloskey and K. K. Mandadapu, A/IChE Journal, 2020,
66, ¢17091.

L. Onsager, Physical Review, 1931, 37, 405.

K. D. Fong, J. Self, B. D. McCloskey and K. A. Persson, Macromolecules, 2020, 53, 9503-9512.
K. D. Fong, J. Self, B. D. McCloskey and K. A. Persson, Macromolecules, 2021, 54,2575-2591.
N. M. Vargas-Barbosa and B. Roling, ChemElectroChem, 2020, 7, 367-385.

L. Van Hove, Physical Review, 1954, 95, 249,

C. Donati, J. F. Douglas, W. Kob, S. J. Plimpton, P. H. Poole and S. C. Glotzer, Phys Rev Lett,
1998, 80, 2338.

B. Wu, T. Iwashita and T. Egami, Phys Rev Lett, 2018, 120, 135502.

Y. Shinohara, A. S. Ivanov, D. Maltsev, G. E. Granroth, D. L. Abernathy, S. Dai and T. Egami,
Journal of Physical Chemistry Letters, 2022, 13, 5956-5962.

Y. Shinohara, R. Matsumoto, M. W. Thompson, C. W. Ryu, W. Dmowski, T. Iwashita, D.
Ishikawa, A. Q. R. Baron, P. T. Cummings and T. Egami, Journal of Physical Chemistry Letters,
2019, 10, 7119-7125.

R. A. Matsumoto, M. W. Thompson, V. Q. Vuong, W. Zhang, Y. Shinohara, A. C. T. van Duin,
P.R. C. Kent, S. Irle, T. Egami and P. T. Cummings, J Chem Theory Comput, 2021, 17, 5992—
6005.

H. R. Sanchez, Journal of Physical Chemistry B, 2022, 126, 8804—8812.

P. Kubisiak, P. Wrébel and A. Eilmes, Journal of Physical Chemistry B, 2020, 124, 413—421.
D. C. Rapaport, Mol Phys, 1983, 50, 1151-1162.

K. Chahara, T. Ohno, M. Kasai, Y. Kozono, R. Von Helmolt, J. Wecker, B. Holzapfel, L. Schultz,
K. Samwer and S. Jin, Nature 1996 379:6560, 1996, 379, 55-57.

E. M. Kirova and G. E. Norman, J Phys Conf Ser, 2015, 653, 012106.

Y. Zhang, A. Otani and E. J. Maginn, J Chem Theory Comput, 2015, 11, 3537-3546.

B. Hess, J Chem Phys, 2002, 116, 209-217.

M. A. Balsera, W. Wriggers, Y. Oono and K. Schulten, Journal of Physical Chemistry, 1996,
100, 2567-2572.

C. C. David and D. J. Jacobs, Methods in Molecular Biology, 2014, 1084, 193-226.

L. Molgedey and H. G. Schuster, Phys Rev Lett, 1994, 72, 3634.

G. Pérez-Hernandez, F. Paul, T. Giorgino, G. De Fabritiis and F. Noé, Journal of Chemical
Physics.

S. Schultze and H. Grubmiiller, J Chem Theory Comput, 2021, 17, 5766-5776.

C. R. Schwantes and V. S. Pande, J Chem Theory Comput, 2013, 9, 2000-2009.

25



25

26

27

28
29
30
31

32
33
34
35
36
37
38
39
40

41
42
43

44

45

46

47

48

49

50

51

D. P. Kingma and M. Welling, Foundations and Trends in Machine Learning, 2019, 12, 307—
392.

Z. Belkacemi, M. Bianciotto, H. Minoux, T. Leliévre, G. Stoltz and P. Gkeka, Journal of
Chemical Physics, 2023, 159, 24122.

D. L. Belov and R. D. Armstrong, British Journal of Mathematical and Statistical Psychology,
2011, 64, 291-309.

B. E. Husic and V. S. Pande, J Am Chem Soc, 2018, 140, 2386-2396.

V. S. Pande, K. Beauchamp and G. R. Bowman, Methods, 2010, 52, 99-105.

J. D. Chodera and F. Noé, Curr Opin Struct Biol, 2014, 25, 135-144.

R. D. Malmstrom, C. T. Lee, A. T. Van Wart and R. E. Amaro, J Chem Theory Comput, 2014,
10, 2648-2657.

G. R. Bowman, 2014, 7-22.

W. Wang, S. Cao, L. Zhu and X. Huang, Wiley Interdiscip Rev Comput Mol Sci.

S. Roblitz and M. Weber, Adv Data Anal Classif, 2013, 7, 147-179.

A. Mardt, L. Pasquali, H. Wu and F. Noé, Nature Communications 2018 9:1, 2018, 9, 1-11.

H. Wu and F. Noé, J Nonlinear Sci, 2020, 30, 23—66.

H. J. Woo and B. Roux, Proc Natl Acad Sci U S A4, 2005, 102, 6825-6830.

M. K. Gilson and H. X. Zhou, Annu Rev Biophys Biomol Struct, 2007, 36, 21-42.

H. Gouda, I. D. Kuntz, D. A. Case and P. A. Kollman, Biopolymers, 2003, 68, 16—34.

M. S. E. Valdés-Tresanco, M. S. E. Valdés-Tresanco, P. A. Valiente and E. Moreno, J Chem
Theory Comput, 2021, 17, 6281-6291.

T. Hou, J. Wang, Y. Li and W. Wang, J Chem Inf Model, 2011, 51, 69-82.

J. Srinivasan, J. Miller, P. A. Kollman and D. A. Case, J Biomol Struct Dyn, 1998, 16, 671-682.
E. Wang, H. Sun, J. Wang, Z. Wang, H. Liu, J. Z. H. Zhang and T. Hou, Chem Rev, 2019, 119,
9478-9508.

P. A. Kollman, I. Massova, C. Reyes, B. Kuhn, S. Huo, L. Chong, M. Lee, T. Lee, Y. Duan, W.
Wang, O. Donini, P. Cieplak, J. Srinivasan, D. A. Case and T. E. Cheatham, Acc Chem Res, 2000,
33, 889-897.

T. P. Straatsma and H. J. C. Berendsen, J Chem Phys, 1988, 89, 5876-5886.

S. Bruckner and S. Boresch, J Comput Chem, 2011, 32, 1320-1333.

G. Hummer, J Chem Phys, 2001, 114, 7330-7337.

M. J. Mitchell and J. A. McCammon, J Comput Chem, 1991, 12, 271-275.

C. X. Wang, Y. Y. Shi, F. Zhou and L. Wang, Proteins: Structure, Function, and Bioinformatics,
1993, 15, 5-9.

M. Lawrenz, R. Baron, Y. Wang and J. A. McCammon, Methods in Molecular Biology, 2012,
819, 469-486.

M. Aldeghi, A. Heifetz, M. J. Bodkin, S. Knapp and P. C. Biggin, Chem Sci, 2015, 7, 207-218.

26



52
53

54

55

56
57
58

59
60
61
62
63

64

65

66

67

P. V. Klimovich, M. R. Shirts and D. L. Mobley, J Comput Aided Mol Des, 2015, 29, 397—411.
S. Boresch, F. Tettinger, M. Leitgeb and M. Karplus, Journal of Physical Chemistry B, 2003,
107, 9535-9551.

R. C. Bernardi, M. C. R. Melo and K. Schulten, Biochimica et Biophysica Acta (BBA) - General
Subjects, 2015, 1850, 872-877.

Y. I. Yang, Q. Shao, J. Zhang, L. Yang and Y. Q. Gao, Journal of Chemical Physics, 2019, 151,
70902.

F. Sohraby and A. Nunes-Alves, Trends Biochem Sci, 2023, 48, 437—449.

S. Mehdi, Z. Smith, L. Herron, Z. Zou and P. Tiwary, Annu Rev Phys Chem, 2024, 75, 347-370.
A. Laio and F. L. Gervasio, Reports on Progress in Physics, DOI:10.1088/0034-
4885/71/12/126601.

G. Bussi and A. Laio, Nature Reviews Physics, 2020, 2, 200-212.

A. Barducci, G. Bussi and M. Parrinello, Phys Rev Lett, 2008, 100, 020603.

G. A. Huber and S. Kim, Biophys J, 1996, 70, 97-110.

D. M. Zuckerman and L. T. Chong, Annu Rev Biophys, 2017, 46, 43-57.

A. Barducci, M. Bonomi and M. Parrinello, Wiley Interdiscip Rev Comput Mol Sci, 2011, 1,
826-843.

M. Invernizzi and M. Parrinello, Journal of Physical Chemistry Letters, 2020, 11, 2731-2736.
V. Rizzi, S. Aureli, N. Ansari and F. L. Gervasio, J Chem Theory Comput, 2023, 19, 5731-5742.
D. Aristoff, J. Copperman, G. Simpson, R. J. Webber and D. M. Zuckerman, Journal of
Chemical Physics.

B. W. Zhang, D. Jasnow and D. M. Zuckerman, Journal of Chemical Physics.

27



28



Exploring the capabilities and limitations of the Van
Hove function to understand directional correlations

in ion movements within Li-ion battery electrolytes

3.1 Introduction

Lithium-ion batteries (LIB) are powering our modern society with its widespread use in electric devices
and vehicles because of their high energy density and long life cycle'?. One of the components in a LIB
cell, the electrolyte, plays the critical role in proper functioning of LIB by enabling ion transport
between the electrodes®*. Usually, LIB energy materials contain lithium salt at 1 M concentration’.
Interestingly, a few experimental studies®’ have shown good thermal and reactive stabilities of different
electrolytes at higher salt concentrations (> 1 M), fueling research on such concentrated electrolytes®”.
Ionic conductivity of an electrolyte is the most important property that one aims at tuning for a better
battery designing purpose. lonic conductivity can be calculated from the Nernst-Einstein (NE) equation
using the self-diffusion coefficients of cation and anion derived from either NMR experiments'® or MD
simulations''. However, the NE conductivity is only a good approximation at very dilute salt
concentrations. This is because the NE formulation does not contain the effects of directional correlation
between the movement of ions'?. At moderate to higher salt concentrations, motion of a particular ion
is affected by the movement of other ions because of the strong electrostatic interactions between
them'®. As discussed in section 2.1 of Chapter 2, if ions of the same or opposite charges move into the
same direction, then correlation between their movement is said to be positive. If ions move in opposite

directions, their relative motions become anti-correlated'. In those scenarios, different correlations
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between the movement of ions have significant effect on the mechanism of ion transport in electrolyte
solutions and the final ionic conductivities. This necessitates the need of a molecular level
understanding of the directional correlation in ion transport. Fortunately, MD simulations provide a
way to build microscopic understanding of various phenomena employing the well-established theories

of statistical mechanics"’.

Onsager transport equation (Eq. (2.1)) provides a powerful framework for analysing transport in
concentrated electrolyte solutions from the relevant MD simulation data'®. This equation contains
Onsager transport coefficients, LU, which capture the aforementioned directional correlations in ion
movements. These coefficients can be used to split the total conductivity into individual components
arising from a variety of correlated motions between ions, and the signs of these conductivity
components reveal the nature of correlations and their effects on the final conductivity. These transport
coefficients can also be derived from experimentally measured quantities (e.g self-diffusion
coefficients)'”. This framework was utilised earlier to understand transport in polymer based

1819 A few nonintuitive

electrolytes, polyelectrolyte solutions and polymerized ionic liquids.
phenomena, such as, negative cation transference number and anti-correlated cation-anion motion were
discussed in those works. Ion correlations in BMIM/BF, based electrolytes were also studied.”” This
work showed that ion dynamics in highly concentrated electrolyte solutions were dominated by anti-
correlated motions of ions (same or opposite charge types) and the nature of correlation changes from
dilute electrolyte solution to the pure ionic liquid limit. This approach was also used to explore
correlations associated with ion transport in LiTFSI/EMIM-TFSI and NaTFSI/EMIM-TFSI based
electrolytes,”! and the authors found that positive correlation between cations and anions decreased
conductivity. Furthermore, this approach was used to describe transport in aqueous electrolyte
solutions®. A somewhat similar approach was employed® to separate the net conductivity into different
individual components where velocity correlation functions between distinct ions of the same or
opposite charges were examined to explain ion transport in ionic liquids and electrolyte solutions.
Several other studies have also employed the Onsager transport coefficient framework to understand
ion correlation in a variety of systems®**’. A recent study discusses good practices of computing ionic
conductivity from MD simulation data®®. In spite of the success of this theory to elucidate directional
correlations associated with ion movement, computing Onsager transport coefficients from MD
simulation data is a non-trivial exercise. This is mainly because of the following two reasons: (i)
extraction of the Onsager transport coefficients from simulations requires large scale simulation data %

and (ii) chance of getting large errors in the reported values is high®.

On the other hand, the Van Hove function® (VHF) expressed in Eq. (2.11), is also capable of capturing

correlated motion between particles. Because VHF is a time dependent probability distribution function,
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it is far easier to calculate than the Onsager transport coefficients, LU , from MD simulation data.
Interestingly, collective dynamics of ions in molten inorganic salts®' and water-ion/ion-ion interactions
in aqueous solutions®*** have already been studied through the Van Hove function. In addition, the
correlated motion involving different anions in polymerized ionic liquids has also been studied via

analysing the simulated distinct part of the VHF.**

In this chapter, we have discussed the capabilities and limitations of using the VHF to identify
correlations in ion movement and validate the predictions against the results obtained from the
Onsager’s theory by using all atom classical MD simulations of lithium hexafluorophosphate (LiPF)
solutions in the mixture of ethyl methyl carbonate (EMC) and fluoroethylene carbonate (FEC) at
different LiPF¢ concentrations at 313 K. The solvent mixture was prepared with 9:1 weight-percentage
(wt%) ratio of EMC and FEC respectively. These choices of this solvent mixture and the electrolyte
(LiPF¢) were motivated by the existing experimental study®’. Figure 3.1 represents the schematic

diagrams of the ions and the solvent species considered in this work.

Figure 3.1: Li" , PF; ions and solvent molecules are shown in ball-stick representation. O (oxygen)
atoms are in red, C (carbon) atoms in green, P (phosphorus) atom in blue, F (fluorine) atoms in brown,

and H (hydrogen) atoms in silver colour.
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3.2 Computational details

All atom classical MD simulations were performed for electrolyte solutions with varying salt
concentration. The number of cations, anions and solvent molecules used are given in Table 3.1. We
used General Amber Force Field (GAFF)*® to model the interactions in our systems. This is because
GAFF demonstrated a good performance in describing transport properties of electrolyte solutions®’.
Force field parameters for Li* ions and non-bonded parameters for PF; anions were taken from an
existing work®®. Bonded parameters for PF; ions were also taken from an work reported earlier’’. All
partial charges of the ions were scaled using an existing methodology*” in order to include the effects
of electronic polarizability. Atomic partial charges of the solvent molecules were derived by first
optimizing their structure using the Becke’s three-parameter exchange function combined with the Lee-

Yang-Parr correlational functional (B3LYP)*' ™

at the level of aug-cc-pvdz theory using the Gaussian
16 package** and then fitting the electrostatic potential surface employing the RESP method*. Topology
files for the solvent molecules were generated using the LEaP program in the AmberTools2022* and

converted to GROMACS format (.gro & .top) via the parmed utility of the AmberTools2022.

All the simulations were performed using the GROMACS v2021.5 software package®’. The initial
configurations of molecules in the box of 45 A x 45A x 45 A dimensions were generated via the
PACKMOL software*®. These initial configurations were first energy minimized using the steepest
descent method and then equilibrated for 3ns in the NPT ensemble at a temperature of 313K and
pressure of 1 atm. Temperature and pressure were controlled through the velocity rescaling method*’
with a time constant of 0.1 ps and the Berendsen barostat’® with a time constant of 1 ps. All simulations
were performed under the periodic boundary conditions, and the long range electrostatic interactions
were dealt with by using the particle mesh Ewald (PME)*' summation method. The cut-off distances
for the electrostatic and the van der Waals interactions were set to 12 A. Bonds containing hydrogen
atoms were constrained with LINCS algorithm™. Newton’s equations of motion were numerically
integrated using the leap-frog algorithm. Electrolyte concentrations were calculated based on the
average box volumes after the initial equilibration in the NPT ensemble (see Table 3.1). Final production
run of 405 ns for each of the electrolyte concentrations studied was conducted in the NVT ensemble
starting from these ‘NPT-equilibrated’ solution structures. Frames were saved at every 0.5 ps interval.
First 5 ns of each trajectory was considered as further equilibration of the system in the NVT ensemble
and as a result, only the last 400 ns of each trajectory was used for data analysis. All of the trajectories

were processed using the MDAnalysis python package®-* for further analysis.
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Table 3.1: Number of cations (Li*), anions (PFg) and solvent molecules (EMC and FEC) used in this
study are given below. Salt concentrations (in molarity (M) and molality (m) units) for each simulation

box were calculated after initial NPT equilibration.

Number of Number of Number of Number of Salt concentration
Lit PF; EMC FEC Molarity (M) | Molality (m)
11 11 260 28 0.36 0.37
25 25 260 28 0.80 0.83
37 37 260 28 1.15 1.23
47 47 260 28 1.45 1.57
60 60 260 28 1.80 2.00
80 80 260 28 2.32 2.67
100 100 260 28 2.80 3.33

3.3 Results and discussions

3.3.1 Validation of the force field parameters

Before exploring the capabilities and limitations of the VHF in describing the correlations in ion
dynamics, it is essential to validate the forcefield parameters employed in this study. As a first step, we
compared our simulated LiPF¢ concentration dependent ionic conductivities at 313 K with those from
experiments®®>. The comparison is shown in Figure 3.2. Predicted ionic conductivity values were
calculated using the Onsager transport coefficients from our simulation data using Eq. (2.8). Notice in
Figure 3.2 that the simulated conductivities agree well with those from experiments at low LiPF¢
concentrations, but gradually become lower (than experiments) upon the increase of the salt
concentration. This is the demerit of using non-polarizable force field”. Nevertheless, this non-
polarizable force field (GAFF) with scaled charges capture qualitatively correctly the experimental non-
monotonic LiPFg concentration dependence of the solution conductivity. Total conductivity increases
initially, reaches a maximum at around 1.5 M salt concentration and then decreases. This type of non-
monotonic behaviour of conductivity with varying salt concentrations has also been reported in several
previous studies®* ™. Since the use of polarizable force field is computationally highly expensive® and
the chosen parameters can capture the trend (concentration dependence of conductivity) correctly, we

used these trajectories for further analysis.
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Figure 3.2: Comparison between the simulated (“Sim”) and experimental (“Expt”) ionic conductivities

(o) at different LiPF¢ concentrations at 313K temperature.

3.3.2 Capturing ion-ion correlations using the Onsager transport coefficients

In the previous section 3.3.1, we have examined the utility of the force filed parameters employed by
comparing the simulated ionic conductivities with those from experiments. As we focus on investigating
the capabilities and limitations of the VHF to study correlations in ion movements in electrolytes, we
would examine both positively correlated and anti-correlated ion movements in our electrolyte
solutions. In this section we explore these correlations by using the Onsager transport coefficient

framework.

We calculated the individual components of the total conductivity using the Onsager transport
coefficients, L**, L™~ and L*~ from Egs. (2.2), (2.3) and (2.4). We first divided each 400 ns long
trajectories into 40 equal parts of 10 ns. All these individual segments were treated as independent
trajectories. We then calculated the displacements of ionic species for each of these independent
trajectories. In order to capture the true diffusive transport, slopes should be calculated when term in

the angular bracket of Egs. (2.2), (2.3) and (2.4) are linear with respect to time®; that is,
5a3p ([ - O] « [0 - FO)]) ¢ 9 and T (O = FOP) « € with §=1.As
shown in the representative plot in Figure 3.A.1, MSD curves for each of the independent short
trajectories were not well-behaved. Thus, it was very difficult to find a significant portion of the linear

regime for fitting. Therefore, instead of calculating slopes for each of these individual MSD curves, we

performed averaging over all the MSD curves (obtained from independent trajectories) and the averaged
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results are shown in Figure 3.A.2. This exercise generated a relatively smoother MSD curves for each
of the salt concentration studied here. Slope of the lines after averaging were used to calculate L** , L7,
Lt, Lt} and Ly by using Egs. (2.2), (2.3) and (2.4). For all the simulations in this work, Onsager
coefficients were calculated for time windows when & was between 0.95 to 1.02. This ensured fitting
in the linear regime of the MSD plots. After calculating the coefficients, different components of the
correlated ionic conductivity (o) were determined using Eq. (2.8). The results are shown in Figure 3.3a.
Both o}t and 03i5tince share the same sign at every salt concentration. Thus, we choose to plot the
ratios of different components of the conductivity to the net conductivity, (0 §istinct + Odistinct) /0 and
20%~ /o in Figure 3.3b at low (0.36 M), medium (1.45 M) and high (2.80 M) LiPF, concentrations.
Figure 3.3b shows that at low electrolyte concentrations, the signs of the components arising from the
correlations of ions of the same charge-type (03istinct + Odistinct)> and from cation-anion correlation
(20*%7) are positive. As discussed in section 2.1 of Chapter 2, positive sign of the conductivity
components indicates a positively correlated ionic motions between cation-cation, anion-anion and
cation-anion. Therefore, at low LiPF¢ concentration, all of the three types of motions are positively
correlated. It can also be noted that cation-anion positive correlation renders the strongest impact among

all in modulating the net conductivity at low LiPF concentrations.

We further calculated the inverse Haven ratios H™! = L, where o is the correlated ionic conductivit
ONE y

and ong is the ideal Nernst-Einstein ionic conductivity. Thus, when the effects of different ion
correlations are mutually cancelled, that is, when 6 =~ oyg , H™! approaches unity. In Figure 3.3c, we
plot the inverse Haven ratios H™ and net ionic conductivities at different salt concentrations. Notice
that the net ionic conductivity is maximum when H™? is nearest to unity, that is, when the combined

effect of all the different ion correlations is the least.

Positive correlation in cation-anion dynamics at low LiPFg concentration indicates the formation of
contact ion pairs (CIPs) even in dilute electrolyte solutions. But why? At low electrolyte concentrations,
electrolyte-dissociation is supposed to be complete and the resultant ions are expected to be properly
solvated by the solvent molecules in solutions. To investigate this aspect, we defined three types of Li*
association with anions in its first solvation shell (for example, zero anion, one anion and = 2 anions)

based on Lit — P(PFy) distance®*®. If the distances between a Li* ionand P atoms in all PF anions
are greater than the position of the first minima in the corresponding radial distribution functions (RDFs)
of Li* — P(PFy), which is 4.1 A (see Figure 3.A.3), then no anions are present in the first solvation
shell of this particular Li* ion. If the distance between a Li* ion and P atom of exactly one PFg ion is
less than 4.1 & , then only one anion is present in the first solvation shell of this Li* ion. This cation is
then considered to form CIP. Cations with more than one anion in its first solvation shell is part of an

aggregate (cluster of cation and anions). The results for the lowest LiPF¢ concentration (0.36 M) are
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shown in Figure 3.3d and those for solutions with varying LiPF¢ concentration is shown in Figure 3.A.4.
It is shown that at this lowest electrolyte concentration, most of the cations formed CIPs (aggregates ~
5%). It is worth mentioning that, unlike dilute electrolyte solutions, ions in concentrated solutions form
aggregates. Thus, it is somewhat confusing to identify CIPs in the presence of aggregates by using this
simple distance cutoff-based definition®. However, this kind of CIP identification method works
properly when the percentage of aggregates are negligible in the solution. In this study, at this lowest
salt concentration, population of aggregates in the system is ~ 5%. At this low salt concentration, the
distance-based criterion to identify CIPs worked correctly. However, with increasing salt concentration,
aggregate population increases rapidly (see Figure 3.A.4). Therefore, in the presence of significant

number of aggregates, this algorithm may face problem to distinguish between CIPs and aggregates.

EMC has low dielectric constant (~ 3 at 25°C)* and FEC has lower Li-ion solvation ability than EMC
due to the presence of F atom®. Thus, choosing EMC and FEC at 9:1 ratio causes poor Li-ion solvation
and the presence of CIPs even at the lowest LiPFg concentration studied here. Electrostatic attraction
between the ions of opposite charges in CIP are the reason for their positively correlated motion at low

LiPF¢ concentrations.

With increasing LiPFgs concentration, sign of these different components changes. Sign of
(0fitinct + Odistinct) /0 are changing from positive to negative and the impact of positive correlation
between cation-anion diminishes with increasing LiPFg concentration. This indicates that the nature of
the correlated ion motions is changing upon increasing LiPF¢ concentration. Negative signs of the
components arising from the correlations between ions of same charge-type indicate anti-correlated
motion between cation-cation, anion-anion at high LiPFg concentrations. Cation-anion correlation is
still positive at high salt concentration although it is changing gradually to negative correlation.
Therefore, we observe here that the positive motional correlations between ions of the same and
different charge-types that characterize the solutions at low LiPF¢ concentrations vanish upon
increasing LiPFg concentration and eventually become anti-correlated at high concentrations®. In
addition, we also note that at high LiPF, concentrations, the anti-correlated dynamics of ions of the
same charge-type (cation-cation and anion-anion) imparts a stronger impact on the net conductivity than
the cation-anion correlation. It is therefore clear the system being studied here is dynamically complex
and offers an opportunity to study the impact of electrolyte concentration dependent positive and anti-
correlated ion dynamics on net conductivity. Consequently, this system is suitable to explore the

capabilities and limitations of the VHF to identify the directional correlations in ion movements.
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Figure 3.3: a) Variation of the net ionic conductivity (o) and its different components with salt

concentration. b) Ratios of different components to the net ionic conductivity are shown at low (0.36

M), medium (1.45 M) and high (2.80 M) salt concentrations. ¢) Inverse Haven ratio H™! = GL and
NE

the net ionic conductivities ¢ are shown as a function of salt concentration. Notice that o is the
maximum when H™1 is closest to unity . d) Fraction of Li* ions with various number of anions in its
first solvation shell at the lowest (0.36 M) salt concentration. Most of the Li* ions are part of CIPs even

at this lowest salt concentration.

3.3.3 Residence time of anions in the first solvation shell of Li* ions
We used the positions of the Li* ions and P atoms of PF; ions to calculate the residence time

autocorrelation function C(t) using Eq. (2.14) and fitted with multi-exponential function to calculate

oo 0 _t
the residence time T as follows: T = fo C(dt = fo Y.a;e /i dt, where a; and b; are the fit

parameters, and Y, a; =1. The threshold value was taken as 4.1 A which corresponded to the position of
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the first minimum in the radial distribution function between Lit*- P(PFy) pair (see Figure 3.A.3). The
autocorrelation functions were calculated for three independent sets of trajectories to ensure better
averaging. The simulated correlation functions at different salt concentrations for one set of trajectories
are shown in Figure 3.4a (see Figure 3.A.5 for the other two sets of trajectories). Tail portions of these
correlation functions were wavy in nature, thus excluded during multi-exponential fits. The fit
parameters are provided in Table 3.A.1. In Figure 3.4b, we have shown the ideal ionic conductivities
ong (conductivity calculated via the Nernst-Einstein equation) and the average anion residence times
T in the solvation shell of Li* ions as a function of salt concentration. Data in this figure indicate that
as T increases, oyg decreases and oyg becomes the maximum when T is the minimum. A previous
study® reported a linear relationship between the self-diffusivities of ions and the inverse of T. Thus
when T becomes shorter, ions diffuse faster. As ong values were calculated from the self-diffusivities
of cations and anions, oyg increased when T decreased. This explains the observed relationship between

ONE and T.

Figure 3.4: a) Residence time autocorrelation functions for anion exchange in the solvation shell of Li*
ions are shown as a function of salt concentration. b) Ideal ionic conductivities, oyg, and the anion
residence times, T, are shown a function of salt concentration. Error bars represent standard error of

mean.
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3.3.4 Capturing ion-ion correlations using the Van Hove functions:

3.3.4.1 Cation-anion correlation

First, we will look at the correlation between the movement of cations and anions. We calculated the

S
distinct parts of VHFs, G]; PFs (r, t), using Eq. (2.13) at three representative salt concentrations: 0.36

M, 1.45 M and 2.80 M using the positions of Li* ions and P-atoms of PFg ions at different times. In

the upper row of the Figure 3.5, the results, GgiJr_PFg (r, t) — 1, are shown in a series of different times.
It can be seen that as the time increases, not only the height of the nearest neighbour peaks around r =
2.9 A decreases, but also the peak position slightly moves towards small r with time at all the three salt
concentrations. This shows positive correlation between the movement of cations and anions. However,
the rate of this peak height decrease becomes slower at higher salt concentration. The decay rate of peak
heights in the distinct part of the VHF represents the correlation time scale between the neighboring
atoms with the central atom*****’_ If this correlation time scale exceeds the random diffusive time scale
of the neighboring atoms, then the movement of the peak position towards small r values with time will
not be associated with the positive correlation, rather it would be purely because of random diffusion.
As the rate of the peak height decrease becomes slower at higher salt concentration, that is, correlation
time increases, we need to compare these two different time scales to draw accurate conclusions. To

calculate the correlation time scale between Li* and PFg ions, we fitted the decay of the nearest

Lit—PFg (r
)

neighbour peak height (normalized) around r = 2.9 A of G d t) — 1 curves with a two-step

t t

2 B
relaxation function: Ae (le) +(1-Ae (E) with 744 < 74, , Where 74, represents the time
scale associated with the ballistic motion of PFg ions caged by the surrounding Li* ions and 74,
represents the correlation time scale of nearest neighbour PFg ions with the central Li* ion*2. The fitting

parameters are provided in Table 3.A.2. In the middle row of the Figure 3.5, we have shown the self-
parts of the VHFs, G: Fo (1, t) calculated using Eq. (2.12) for PFy ions at different times and at different
salt concentrations mentioned above. Since GS Fo (1, t) represents the displacement of PFg ions from its
initial positions, the position of the maximum of GS Fo (1, t) represents the most probable distance that

PFg ions can travel during the time interval t. The decay rate of the peak of G:Fg (r,t) is associated with

the random diffusive time scale of PFg ions. The decay behavior of this peak height (normalized) of

- t \B1
GE Fo (r,t) was fitted using sum of two stretched exponential functions: Ae (T51) +(1-

t \B2
A)e (Tsz) with 741 < T4, , Where 74 represents the time scale associated with the ballistic motion

of ions and 7, represents the random diffusive time scale of PFg ions. The fitting parameters are

provided in Table 3.A.3.
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Figure 3.5: Upper row, the distinct parts of the VHFs between of Li* ions and PFg ions,

Lit-PFg

Gy

(r, t) — 1, are plotted at different times for three representative salt concentrations. The data

show that the nearest neighbour peak around r = 2.9 A slightly moves towards small r values with time.

This indicates positive correlation between cations and anions. Middle row, the self-parts of VHFs for
PFg ions, GS Fo (r,t), are plotted at different times at those salt concentrations. Lower row, the decay
of the normalized peak height of G: Fo (1, t) and the nearest neighbour peak height of G]&i+_PFg (r, t) —
1 are plotted. The calculated diffusive time scales (denoted as ‘EEFE) of PFg ions and the Lit — PFg

Lit-

o PFg
correlation time scales (denoted as T ¢) are also shown.
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In the lower row of the Figure 3.5, we have shown the decay of the normalized peak heights for

- . S
GE Fo (r,t) and the nearest neighbour peak height around r = 2.9 A of G]&l PFe (r, t) — 1 as well as

provide the diffusive time scales (75, denoted as rEFG) of PFg ions and the Lit — PFg correlation time

Lit

PFg
scales (Tq, denoted as T4

—_— - . .+_ -
PFG) at the three salt concentrations. We can see that T]c“ll PFe < Tg © at

both the low and high salt concentrations. Therefore, the movement of the nearest neighbour peak

. Lit-PFg
positions of G dl ¢ (r,

t) — 1 towards small r with time indeed reflects positive correlation between
cations and anions at every salt concentration. Interestingly, we noted that the Onsager’s approach
highlighted the same positive correlations between cations and anions. Thus, the predictions from both
these theoretical frameworks at this concentration regime are consistent with each other. Thus, in this

way the VHF can be analyzed to capture positive correlations in electrolytes.

3.3.4.2 Cation-cation and anion-anion correlations:

Upon describing the ability of the VHF to capture the positive correlation, now we need to look at its
ability to capture negative correlation in ion movements. Onsager’s approach highlighted negative
correlations between cation-cation and anion-anion at medium (1.45 M) and high (2.80 M) salt
concentrations. In Figure 3.6, we have shown the distinct parts of the VHFs for cation-cation
Glaﬁ_ Li"(r, ©) — 1 and anion-anion GgFg ~PFe (r, t) — 1 at different times for medium and high salt
concentrations. The results for low salt concentration (0.36 M) are shown in Figure 3.A.6. It can be seen

that for both Lit — Li* and PF; — PFg correlations, the first peak decays very quickly, whereas the

second peak aroundr = 9.8 A in Glai+_ Li* (r, t) — 1 moves away from r = 0. Following the same fitting

procedures as mentioned earlier, we calculated the Lit — Li* correlation time scale after fitting the

decay of the peak height around r = 9.8 A in G]&i+_ Li* (r, t) — 1. The fitting parameters are provided
in Table 3.A.4. The diffusive time scale of Li* ions were obtained by fitting the decay of the normalized
peak height of the self-parts of the VHFs of Li* ions, G§i+ (r, t). Fit parameters are provided in Table
3.A3. G]§i+ (r,t) at different times at medium and high salt concentrations are shown in Figure 3.A.7.
The Lit — Li* correlation time scales are smaller than the diffusive time scales of Lit ions at both
medium and high salt concentrations (see Figure 3.A.8). This represents negative correlation between
the movement of Li* ions at medium to high salt concentrations. For PF; — PF; correlation, the
correlation peaks decay at a much faster rate than Li* — Li* correlation. So, the same is true also for
the PFg — PFg correlation. Due to the choice of very less number of ions (11 pairs of ions, see Table
3.1) in the simulation box at 0.36 M concentration, G]ai+_ Li* (r, ) —1and GgFg ~PFs (r, t) — 1 curves

at this low concentration are not smooth enough (Figure 3.A.6) to calculate correlation time scales from

the decay of the peak height. Note that this result also matches with the predictions from Onsager’s

41



theory (Figure 3.3b). Thus, the VHF is capable of capturing both positive and negative correlations

between the movement of ions in electrolytes.

Figure 3.6: The distinct parts of VHFs for cation-cation G]ai+_ Li+(r, t) —1 and anion-anion

PF

Gy g_PFg(r, t) — 1 are plotted at different times for medium (1.45 M) and high (2.80 M) salt

concentrations.

3.4 Conclusions

In this work we systematically investigated directional correlations in ion movements using the VHFs
in a mixture of EMC and FEC with varying LiPFg salt concentration at 313 K. We first employed the
Onsager transport coefficients to understand the nature of correlations in ion movements in this solution
at different LiPF4 concentrations. We observed that at low electrolyte concentration, positive correlation
exists between cation-cation, anion-anion and cation-anion motions. This positive correlation
diminishes upon increasing the concentration of the electrolyte employed and anti-correlation appears

for cation-cation and anion-anion motions at high concentration.
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The VHFs successfully capture both the positive correlation between cation-anion motion at different
salt concentrations and the anti-correlation between ions of same charge-type at high salt concentration.
All these predictions using the VHFs are in good agreement with those from the Onsager’s theory. On
the other hand, VHFs cannot foretell which correlation is dominating at any given electrolyte
concentration. This type of quantitative information can be obtained from Onsager’s approach only.
This may be considered as a limitation of relying solely on the VHFs for a complete understanding of
ion correlations in electrolyte media. Our study presented here, therefore, shows a systematic protocol
to identify different types of correlated motions between ions using the VHF and may help in choosing
the suitable approach from this pair of the VHF and the Onsager’s framework while studying correlated

ion dynamics in LIB electrolytes.
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Appendix 3.A

_t
Table 3.A.1: Fit parameters in the equation: C(t) = Y3_, a; e / bi, used to calculate anion residence
times in the first solvation shell of cations using the residence time correlation functions. Residence

times were calculated using the equation: T = Y, a; b; . Goodness-of-fit was measured in terms of

.- 2 . 2
. . . 1 i 1
coefficient of determination, x? = 1-— Ei(t?rlgma — riﬁt) / Ei(riorlgma - rorlglnal) . Three

independent set of trajectories (Set-1,2,3) were used to calculate residence times. Fitting was performed

up to 2.5 ns to exclude the kinky tail portions.

Set-1
Salt conc. a b; (ps) a, b, (ps) as bs (ps) x? T (ps)

M)

0.36 0.09 10.53 0.24 224.52 0.67 2697.32 0.99 1841.08
0.80 0.08 4.97 0.16 95.18 0.76 1122.32 0.98 874.77
1.15 0.14 18.04 0.29 337.85 0.57 1482.39 0.99 937.83
1.45 0.13 16.99 0.30 451.81 0.57 1435.35 0.99 957.67
1.80 0.11 14.73 0.33 413.79 0.56 1739.53 0.97 1104.13
2.32 0.09 13.23 0.26 475.66 0.65 2025.74 0.98 1438.13
2.80 0.08 11.37 0.17 500.75 0.75 2423.41 0.99 1905.41

Set-2
0.36 0.09 10.56 0.14 142.03 0.75 1587.59 0.99 1221.19
0.80 0.17 31.12 0.56 704.43 0.27 3222.81 0.98 1272.43
1.15 0.09 7.29 0.21 158.10 0.70 1301.61 0.97 942.42
1.45 0.11 9.18 0.31 276.46 0.58 1573.49 0.97 1003.05
1.80 0.10 12.52 0.21 304.22 0.69 1484.02 0.98 1084.65
2.32 0.10 17.66 0.28 606.94 0.62 2108.63 0.98 1469.13
2.80 0.06 8.28 0.09 234.51 0.85 2416.89 0.99 2070.19
Set-3

0.36 0.08 0.39 0.15 148.96 0.77 1682.20 0.98 1310.66
0.80 0.12 13.99 0.19 181.17 0.69 1144.80 0.99 827.00
1.15 0.09 7.70 0.19 149.87 0.72 943.08 0.97 703.17
1.45 0.10 11.95 0.19 243.23 0.71 1089.63 0.98 815.75
1.80 0.09 7.16 0.19 196.94 0.72 1286.47 0.96 963.10
2.32 0.08 9.39 0.17 294.76 0.75 1588.39 0.98 1233.92
2.80 0.06 8.01 0.10 253.50 0.84 1813.09 0.99 1540.90
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Table 3.A.2: Fit parameters in the equation: A e (E) +(1-Ae (sz) , used to fit the decay of the

normalized nearest neighbour peak height around r = 2.9 A of the distinct parts of the VHFs for cation-

Lit-PFg

anion, Gy (r, t)—1.
Salt conc. (M) A Tq1 (ps) T4z (ps) B
0.36 0.23 0.65 5.47 0.31
1.45 0.29 0.68 11.67 0.37
2.80 0.27 0.15 28.04 0.39

B1
Table 3.A.3: Fit parameters in the equation: Ae (ﬁ) +(1-Ae (

the normalized peak height of the self-parts of the Van Hove functions for cations and anions, G]§i+ (r,©)

and GSFE (1, t) respectively.

t

B2
) , used to fit the decay of

For GS Fo (1, t) peak height decay
Salt conc. (M) A Ts1 (PS) Tso (PS) B1 B
0.36 0.56 7.02 161.26 0.80 0.47
1.45 0.51 8.64 222.61 0.71 0.51
2.80 0.44 10.69 361.16 0.64 0.54
For G]§i+ (r,t) peak height decay
0.36 0.52 6.83 132.11 0.82 0.48
1.45 0.53 8.86 223.39 0.70 0.51
2.80 0.48 11.51 449.96 0.62 0.62

t t

2 B
Table 3.A.4: Fit parameters in the equation: A e (E) +(1-Ae (E) , used to fit the decay of the
normalized peak height around r = 9.8 A of the distinct parts of the Van Hove functions for cation-

cation, G]&i+_ Lit (r, t) —1.

Salt conc. (M) A Tq1 (ps) T4z (ps) B
1.45 0.25 55.14 83.88 0.64
2.80 0.06 83.83 206.64 0.58
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Figure 3.A.1: Collective mean squared displacements (MSD in general term) of all 40 independent
trajectories are shown alongside the average curve (red line). Each of the MSD curve of the independent
trajectories is very kinky in nature. Slope of the averaged curve (red line) is used to calculate L** at
0.80 M salt concentration. Same procedure was applied to calculate all the other Onsager transport

coefficients for all salt concentrations.

Figure 3.A.2: Each collective mean squared displacement lines (MSD in general term) represents the
average over 40 independent trajectories. Slope of these lines were used to calculate corresponding

Onsager transport coefficients at different salt concentrations.
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Figure 3.A.3: Radial distribution function (RDF) between Li*-P(PFg). Position of the first minima is
at 4.1 A. This is the extent of first solvation shell of Li* . Cumulative number or the average number of

anions within a distance r are also shown by the dashed lines. Average number of anions in the first

solvation shell of cations increases with increasing salt concentration.

Figure 3.A.4: Fraction of Li* ions with different number of anions in its first solvation shell is plotted

as a function of salt concentration.
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Figure 3.A.5. Residence time autocorrelation functions between Li* — P(PF;) are plotted at different

salt concentrations for the other two independent set of trajectories (a, b).

Figure 3.A.6. The distinct parts of Van Hove functions for cation-cation G]ai+_ Lit (r, t) — 1 and anion-

anion GgFﬁ ~PFs (r, t) — 1 at different times are shown for 0.36 M salt concentration.
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Figure 3.A.7. Self-parts of the Van Hove functions for Li* ions, Gé‘ﬁ (r,t), are plotted at different times

and at different salt concentrations.

.. i*t— Lit ot R i
Figure 3.A.8. Li* — Li* correlation time scales (5 =" ) and Li* ion diffusive time scales r]§‘+ are
g d

shown at medium (1.45 M) and high (2.80 M) salt concentrations.
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Correlations between ionic conductivity and co-
solvent modulated water structure and dynamics in

aqueous Zn-ion battery electrolytes

4.1 Introduction

Energy demands of the modern society have considerably increased because of massive technological
and societal developments in the recent years'?. Excessive consumption of fossil fuels and the
consequential environmental issues have compelled researchers in exploring green sustainable energy
resources’. Electrochemical energy storage devices, such as rechargeable batteries, play a vital role
among the renewable energy sources*’. Currently, non-aqueous lithium-ion batteries (LIBs) are
dominating the electrochemical energy storage industry because of their high energy density and long
life cycle®. However, the increasing concern about limited lithium resources, high cost and safety issues
have seriously hindered the continuous large scale manufacturing of LIBs’. Sodium-ion batteries (SIBs)
and potassium-ion batteries (KIBs) are plausible alternatives to LIBs because of the relative abundance
of sodium (potassium) over lithium, but suffer from low energy density, high operating cost and critical
security concerns'®'?. These drawbacks of SIBs and KIBs have motivated the scientists to explore

further alternatives that are associated with low cost, high energy density and long life cycles."

Aqueous rechargeable batteries offer a promising alternative because of their low cost, inherent safety

and environment friendliness'*'*. Furthermore, the aqueous electrolyte systems offer at least one order
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of magnitude higher ionic conductivity than that of non-aqueous counterparts'®. In a broad class of
aqueous batteries, aqueous zinc ion batteries (AZIBs) have recently been studied extensively to support
large scale production of energy storage systems'’ 2. The main components of a rechargeable AZIB
cell are the Zn metal anode, Zn?* host cathode, electrolyte and separator. Zn offers several advantages
in aqueous electrochemical systems. Zn is relatively cheaper and shows relatively higher
electrochemical stability in aqueous medium as compared to lithium or sodium?'. Furthermore, Zn metal
anode possesses high volumetric capacity and low redox potential (-0.76 V vs standard hydrogen

electrode) suitable for battery operation in aqueous media.

In spite of the above advantages, poisoning of Zn metal anode due to corrosion and the consequent
effects on battery lifespan have hampered the large scale commercialization of AZIBs***. The low
redox potential of Zn anode triggers the hydrogen evolution reaction, leading to reduction of H,0 into
H, during Zn deposition at the anode®®. This leads to corrosion of Zn metal anode and formation of Zn
dendrites. The uneven Zn platting with [Zn(H,0)4]2* solvation structure in AZIBs may be responsible
for triggering such a poisoning. Several strategies have been developed over the years to mitigate Zn
metal anode corrosion”’ . One of the strategies is to reduce the number of coordinated H, 0 molecules
inside the solvation shell of Zn?* ions through either adequate electrolyte additives or adding an
appropriate co-solvent with higher donor number than water’'*2, A few experimental studies used
propylene carbonate (PC) as a co-solvent in aqueous zinc triflate (Zn(OTf),) electrolyte solution and
showed the formation of hydrophobic solid electrolyte interface (SEI) along with decreased water
activity on the Zn metal anode**~**. Another experimental study used methanol as a co-solvent in ZnSO,
aqueous electrolyte and reported that the Zn?* coordinated H,0 molecules interact with the co-solvent
molecules, weakening Zn2?% solvation and water activity’’. This significantly boosted the Zn
reversibility, and dendrite free Zn platting enhanced the performance of the battery cell. Ethanol as a
co-solvent was also used in aqueous Zn(OTf), solution to boost the Zn reversibility and long-term

1*. Another experimental study used dimethyl sulfoxide (DMSO) in aqueous ZnCl,

durability of cel
solution and showed that DMSO replaces H,0 molecules inside Zn?* solvation sheath and thus limits
water decomposition and Zn dendrite growth?’. Furthermore, several studies used tetramethylurea as a
co-solvent to regulate the Zn?* solvation structure’*°. This co-solvent electrolyte engineering for
AZIBs has appeared as a very effective and straightforward technique to avoid Zn metal anode
corrosion®. Apart from experimental studies, recently machine learning (ML) approaches have also

been developed for AZIB electrolyte additive screening®'.
Despite the availability of several experimental studies on AZIB electrolyte engineering with different

co-solvents, a detailed molecular level picture of how co-solvent mitigates anode poisoning via

modulating structure and dynamics of water molecules that are around Zn?* ions (solvation shell) and
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their correlations to ion transport and conductivity are yet to emerge. For this, we have performed all-
atom classical molecular dynamics (MD) simulations of a representative experimental AZIB system®,
that is, 2M aqueous zinc triflate (Zn(OTf),) solutions with varying concentrations of tetramethylurea
(TMU) as a co-solvent at room temperature. We have investigated the effects of co-solvent on water
structure and dynamics, and explored correlations, if any, of the co-solvent altered water structure and
dynamics to the calculated ionic conductivity. Figure 4.1 provides schematic diagrams of OTf~ ion and

TMU molecule.

Figure 4.1. A ball-stick representation of OTf™ ion and tetramethylurea (TMU) molecule.

4.2 Computational details

All atom classical MD simulations were performed for five AZIB electrolyte solutions with varying
TMU concentration (TMU vol% = 0, 10, 20, 30, 40). Electrolyte solution with no TMU (zero TMU
vol%) is considered as the base electrolyte. The number of Zn?* cations, OTf ™ anions, water and TMU
molecules used in this study are provided in Table 4.1. We have employed two different models for the
electrolyte solutions: (i) OPC3 model for water*” and the corresponding Zn?* ion parameters* + an
eight site potential model for TMU*°  and (ii) SPC/E model for water*® and the corresponding Zn?*
ion parameters*’ + the same eight site potential model for TMU. The parameters for the OTf~ ions were
taken from an earlier”® wok and the same parameters were used for both the electrolyte models. Atomic
partial charges of the ions were scaled by a factor 0.8 to include the effects of electronic polarization as

done in several previous AZIB electrolyte simulation studies**.
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All the simulations reported in this study were performed using GROMACS v2022.5 software
package’". Initial configurations of the molecules in the box of 50 A x 50 A x 50 A dimensions were
generated using the PACKMOL software®?. These initial configurations were first energy minimized by
the steepest descent method and then equilibrated in the NPT ensemble at a temperature of 300 K and
pressure of 1 atm. until the densities converge sufficiently. Temperature and pressure were controlled
through velocity rescaling method™> with a time constant of 0.1 ps and Berendsen barostat™ with a time
constant of 1 ps, respectively. All simulations were performed under the periodic boundary conditions,
and the long-range electrostatic interactions were handled by using the particle mesh Ewald (PME)
summation method. The cut-off distances for the electrostatic and van der Waals interactions were set
to 12 A. Newton’s equations of motions were numerically integrated using the leap-frog algorithm with
a time step of 1 fs. The equilibrated electrolyte salt concentrations in molarity (M) for all the five
systems were ~ 2M (see Table 4.1) that matches with the experimental concentration®. The systems
were further equilibrated for 1 ns in NVT ensemble starting from these ‘NPT-equilibrated’ solution

structures before performing production simulations.

Initially, 400 ns of simulations were performed for all the five OPC3 water model electrolyte systems
and only for the TMU vol% = 40 system modelled using the SPC/E water in NVT ensemble with a
frame saving interval of 5 fs. It turned out that the OPC3 water model performed better than the SPC/E
water model for estimating shear viscosities of the AZIB electrolyte solutions in the presence of TMU
(see the discussion in the section 4.3.1). Therefore, production runs of 600 ns length for all the OPC3
water model electrolyte systems were performed in NVT ensemble with a frame saving interval of 1 ps.
All the trajectories were analysed using various GROMACS utilities and the MDAnalysis python
package™.

Table 4.1. Number of cation (Zn?*), anion (OTf~), water and TMU molecules used are given. Salt

concentrations in molarity (M) for each simulation box were calculated after NPT equilibrations.

System Number of Number of Number of Number of Salt
(TMU vol%) Zn?* OTf~ waters TMU concentration
M)
0 95 190 2000 0 1.979
10 95 190 1795 31 1.977
20 95 190 1597 61 1.970
30 95 190 1393 92 1.979
40 95 190 1195 122 1.978
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4.3 Results and discussions

4.3.1 Force field validation

The force field parameters were validated by comparing the ionic conductivities (o) and shear
viscosities (1) of both the base electrolyte system (zero TMU vol%) as well as in the presence of TMU
with the available experimental data®®. Ionic conductivities were calculated using the Onsager transport
coefficients as discussed in section 2.1 of Chapter 2. Each 600 ns long production trajectory was divided
into 10 equal segments. Segments were treated as independent trajectories. Subsequently, the transport
coefficients were calculated from these 10 independent trajectories using Egs. (2.2), (2.3) and (2.4). The
net ionic conductivity (o) was then calculated using Eq. (2.8) and the results are shown in Figure 4.2(a).
All individual collective mean squared displacement plots for all the systems are shown in Figure 4.A.1-

4.A5.

Shear viscosities were calculated using the Green-Kubo (GK) integral formula given in Eq. (2.17).
Every 400 ns long trajectories were divided into 40 equal parts and all these individual segments were
treated as independent trajectories. To calculate shear viscosities, Eq. (2.17) was applied on each of
these 40 independent trajectories and the average was taken. Dependence of the viscosity coefficients
on the upper limit of the GK integration averaged over these 40 independent trajectories for various
electrolyte systems are shown in Figure 4.A.6. Simulated viscosity values computed for the OPC3 water
model systems are plotted in the inset of Figure 4.2(a) and for the SPC/E water model is provided in
Table 4.2.

Table 4.2. Simulated shear viscosities (1) for the TMU vol% = 40 electrolyte system modelled with
the OPC3 and SPC/E water are provided and compared with the experimental result. Errors represent

the standard error.

Model 1 (cP)

Experimental 7.00

OPC3 water electrolyte system 16.12 + 1.54

SPC/E water electrolyte system 18.35 +1.91

As shown in Figure 4.2(a), in the absence of TMU, both the shear viscosity and ionic conductivity
match remarkably well with the corresponding experimental values as the OPC3 water model was
proven to accurately reproduce the dynamical properties of bulk water at room temperature**’.

However, in the presence of TMU, simulation data reproduced both the properties with reasonable
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accuracy at low TMU concentrations (up to 20 vol%), but largely overestimated the shear viscosity at
the highest TMU concentration (see the inset of Figure 4.2(a)). As a result, simulated ionic conductivity
was found to be ~ 33% less than the experimental value at this highest TMU concentration as shown in
Figure 4.2(a). Using the SPC/E water model and the corresponding Zn?* ion parameters for the highest
TMU concentration system did not improve the estimation of the shear viscosity (see Table 4.2).
Therefore, we decided to work with the OPC3 water model as this water model captured qualitatively
correctly the experimental TMU concentration dependent viscosity and ionic conductivity of these

AZIB electrolyte systems with remarkable quantitative accuracy at low TMU concentrations.

4.3.2 Ionic conductivity, ion-ion correlations and cation transference number

Different components of ionic conductivity are plotted in Figure 4.2(b) as a function of TMU
concentration. It can be observed that, due to the combined effect of different ion-ion correlations, the
net ionic conductivities are smaller than the ideal NE values (oyg). Moreover, in the absence of TMU,
all the three components o3t .« » Ogistinet @nd 20% ~ are negative. This indicates the presence of
anti-correlated motion between cation-cation, anion-anion and cation-anion in AZIB electrolyte system
in the absence of the co-solvent, TMU. This is expected as water, being a high dielectric constant
(78.4)® solvent, facilitates ion disassociation in electrolyte solutions and thus produces a considerable
number of free ions. As shown in Eq. (2.8), while cation-anion anti-correlation has positive contribution
to the net ionic conductivity, anti-correlations between like-charged ions negatively impact the
conductivity. Furthermore, Figure 4.2(b) suggests that the magnitude of these correlated ion motion
contributions (to conductivity) decreases with increasing TMU concentration. Therefore, the negative
impact of cation-cation and anion-anion anti-correlations to the net ionic conductivity decreases at
higher TMU concentrations. Moreover, positive contribution coming from cation-anion anti-correlation
also decreases with increasing TMU concentration. This decrease in anti-correlations in the presence of
TMU is due to slower movement of cations and anions as captured by the respective mean squared
displacements (see Figure 4.A.1-4.A.5). In addition, the contributions from each of these three different
ion-ion correlations, although comparable in magnitude and remains negative across the TMU

concentrations studied, gradually decreases to nearly vanish at the highest TMU concentration explored.
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Figure 4.2. a) Simulated (Sim) ionic conductivities (o) are plotted against TMU concentration (in
vol%) and compared with the experimental®® (Expt) values. Simulated and experimental viscosities (1)
are shown in the inset. b) Different components of the total ionic conductivity arise due to different ion-
ion correlations are plotted with respect to TMU concentration. ¢) Correlation between ionic
conductivity and viscosity is shown using both of the simulated and experimental data. Quantities are

normalized by the corresponding values of the base electrolyte solution (zero TMU vol%).

expt _

Experimental®® and simulated viscosities and ionic conductivities for the base electrolyte are: Npase =

2.54 cP,nd™ =240 +0.30 P00 = 6.4 S/m and ofi™ = 6.43 +0.32 S/m. Pearson

base base base

correlation coefficient (r) values are also provided. d) Cation transference numbers are plotted as a

function of TMU concentration. All error bars represent standard error of the mean.

The solution viscosity dependence of net ionic conductivity is shown in Figure 4.2(c), where both the
quantities have been normalised by their respective values at the zero TMU vol%. As expected,
conductivity decreases with solution viscosity. This inverse proportionality relation between ionic
conductivity and viscosity is quantified by using the Pearson correlation coefficient (r) calculated using

both experimental and simulation data. Similar r values suggest that our simulations correctly capture
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the experimental correlation between ionic conductivity and viscosity, although simulated viscosities

were overestimated and conductivities were underestimated at higher TMU concentrations.

The true cation transference number t, that incorporates the effects of these ion-ion correlations for
concentrated electrolyte solutions and its ideal solution value t}F are calculated using Egs. (2.9) and
(2.10) and are plotted as a function of TMU concentration in Figure 4.2(d). In the absence of TMU,
t, ~ 0.61 and tYE ~ 0.58. These simulated transference numbers match well with the available
experimental data®®. Moreover, while tYF remains almost unchanged irrespective of the TMU
concentration, t, slightly increases as TMU concentration increases. This increase in Zn?* transference
number with increasing TMU concentration is due to the weakening of cation-anion interaction® with
increasing TMU concentration as shown in Figure 4.2(b). Since the effects of cation-anion interaction
is not taken into account in tE, the ideal Zn?* transference number remains unchanged. Furthermore,
we also observed that the values of t.. are always larger than t}\E for all the systems and the differences
become more prominent at higher TMU concentrations. Since the contributions of different ion-ion
correlations are comparable in magnitude as shown in Figure 4.2(b), pairwise cancellation of their
effects (Eq. (2.9)) leads to larger values for t, than tYE. Therefore, while the combined effects of
different ion-ion correlations decrease ionic conductivity from the ideal NE value, presence of these
correlations causes the true cation transference number of AZIB electrolyte solutions to become larger
than its ideal value approximation. Therefore, it can be concluded that correlated ion dynamics are
playing an important role in dictating ion transport and performance of AZIB electrolytes in the

presence of co-solvents.

From all these discussions, it may appear that increase of solution viscosity upon addition of the
cosolvent is the reason for the observed reduction in ionic conductivity of AZIB electrolytes with
increasing TMU concentration. However, this explanation lacks any microscopic insight because the
presence of TMU and interaction with Zn?* are likely to significantly impact both the water-water
hydrogen bond (H-bond) network structure and dynamics of water molecules that are engaged in
solvating the doubly charged cation. The residence time of water molecules in the solvation shell and
the water-water H-bond lifetime are two particularly important factors as they may provide critical
information regarding the vehicular mode®' of Zn?* transport in AZIB batteries. This molecular picture
is completely missing in the mundane viscosity dependence of ionic conductivity and thus warrants a

closer examination.

60



4.3.3 Arrangements of water molecules inside Zn?* solvation shell

Here, we have investigated the effects of TMU on the microscopic arrangements of water molecules
inside Zn?* solvation shell. To estimate Zn?* solvation shell size, we have calculated the radial
distribution functions (RDFs) between Zn?* — O(water) and Zn?* — O(TMU) (see Figure 4.A.7). The
minima of the RDFs appeared at 2.3 A distance from Zn?* ions. Thus, 2.3 A was chosen as the radius
of the solvation shell centred around Zn?* ions for both water and TMU molecules. The coordination
numbers of water and TMU molecules inside the Zn?* ion solvation shell were calculated by integrating
the corresponding RDFs up to r = 2.3 A (see Figure 4.A.7) and the results are shown in Figure 4.3(a).
In the absence of TMU, Zn?* ions are coordinated by ~ 6 water molecules. This observation matches
with the results from several previous studies*®*. With the increase of TMU concentration in the
solutions, TMU is gradually replacing water molecules inside the solvation shell of Zn?*, but total
coordination number is maintained at ~ 6. Interestingly, water is the major component inside Zn?*

solvation shell even at the highest TMU concentration studied (TMU vol%=40).

In order to probe the microscopic arrangements of water molecules inside Zn?* solvation shell in the
absence or presence of the co-solvent TMU, we have computed the tetrahedral angle distributions of
water molecules that are located inside Zn?* solvation shell for all the TMU concentrations and the
results are shown in Figure 4.3(b). We have also added the tetrahedral angle distribution of pure bulk
water in the same plot for comparison. As shown in Figure 4.3(b), the tetrahedral angle distributions of
water molecules that are inside Zn?* solvation shell differ significantly from that of bulk water. Two
sharp peaks around 60° and 92° angles in the tetrahedral angle distributions and the complete absence
of the characteristic peak® at ~ 104° demonstrate the significant modifications in the tetrahedral
network structure of water molecules that are engaged in directly solvating Zn?* cations and a
representative snapshot of Zn?* solvation shell is shown in Figure 4.3(c). This dramatic shift in the
tetrahedral angle distribution of water molecules inside Zn?* shell from that of neat water is expected
due to the high charge density of Zn?* ions which breaks the tetrahedral hydrogen bond network of
water®. Moreover, these two sharp and well-separated peaks suggest that water molecules, while being
engaged in solvation of Zn?*, splits into two types of different orientational structures. The near-
insensitivity of these two peak heights to TMU concentration may indicate that excluded volume effects
due to steric repulsion along with electrostatic interactions regulate the maximum number of TMU
molecules that can co-populate the Zn?* solvation shell in these aqueous solutions. The interaction
energy between Zn?* and water (-49 kJ/mol)®* is more than an order of magnitude higher than urea-
water interaction energy (-4 kJ/mol)*®. Thus, water interacts more strongly with Zn?* ions than urea.
Thus, TMU is not capable enough to modify the arrangements of water molecules inside Zn?* solvation
shell even if it enters into the solvation shell. TMU can only replace Zn?* solvated water molecules

because of its higher donor number than water™.
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Figure 4.3. a) Coordination number of water (WAT) and tetramethylurea (TMU) molecules inside Zn?*
solvation shell as a function of TMU concentration (vol%). b) Tetrahedral angle distribution for water
molecules residing inside Zn?* solvation shell at different TMU concentrations. Tetrahedral angle
distribution of pure bulk water is also added in the same plot for comparison. ¢) A representative
snapshot of Zn?* ion solvation shell is shown. The local arrangements of Zn?* ion solvated water
molecules (in ball-stick representation) that gives rise to the two angles where sharp peaks have been
observed in the tetrahedral angle distribution are also highlighted. TMU molecules are shown in licorice
representation. Zn?* ion is coloured in violet, oxygen atoms are in red, carbon atoms are in green and
nitrogen atoms are in blue. d) Tetrahedral angle distribution of water molecules residing inside the

solvation shell of OTf ™~ ions at different TMU concentrations.

In Figure 4.3(d), we have also shown the tetrahedral angle distribution of water molecules inside the
solvation shell of OTf~ ions. Again two sharp peaks in the same positions as that of Zn?* have been

observed, but this time the peak height around 60° angle slightly increases with the TMU concentration
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due to the much lower interaction energy between OTf~ ion and water (-8.34 kJ/mol)*’ as compared to
the interaction energy between Zn?* and water. However, the peak height around 92° remains almost

unaffected.

4.3.4 Structure and dynamics of water molecules around Zn?* ions and their correlations
with ionic conductivity

Water molecules residing just above Zn?* solvation shell are capable of forming H-bonds with water
molecules that are inside Zn?* solvation shell (within 2.3 A distance from Zn?*). Therefore, these
outside waters can directly participate in Zn?* solvation shell water exchange process by re-organising
their H-bond network. The vicinity of Zn?* ion is defined as a spherical region of radius 6 A centred
around Zn?* ion. The average number of water-water and water-TMU H-bonds in this region are plotted
in Figure 4.4(a). Figure 4.4(a) shows that the number of water-water H-bonds around Zn?* ions
decrease with increase in TMU concentration, whereas the average number of water-TMU H-bond

increases.

To investigated the dynamical behaviour of water molecules around Zn?* ions, we calculated the
structural H-bond lifetime (tyg) of waters that are in the vicinity of Zn?* ions using the structural H-
bond autocorrelation function using Eq. (2.15). Each 600 ns long trajectories were divided into 3 equal
segments and each segment was treated as independent trajectory. Structural H-bond autocorrelation
functions were calculated for each independent trajectories for every system, fitted with a triple-
exponential function given in Eq. (2.16) and averaged over the independent trajectories to calculate
Tyg- The autocorrelation functions are shown in Figure 4.A.8(a-c) and the fit parameters are provided
in Table 4.A.1. The average tyg values are plotted against TMU concentration in Figure 4.4(b). We can
see that the structural H-bond lifetime of water molecules in the vicinity of Zn?* ion increases with

TMU concentration.

We calculated the residence time (tg) of water molecules inside Zn2* solvation shell using the
residence time autocorrelation function given in Eq. (2.14) on the single 600 ns long trajectories and
fitted with a stretched exponential function as discussed in section 2.3.1 of Chapter 2 to compute the
time scales. The residence time autocorrelation functions are shown in Figure 4.A.8(d) and the fit

parameters are provided in Table 4.A.2. The simulated tg values are plotted in the inset of Figure 4.4(Db).
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Figure 4.4. a) Average number of water-water (WAT-WAT) and water-tetramethylurea (WAT-TMU)
hydrogen bonds in the vicinity of Zn?* ions (within 6 A distance from Zn?*), b) Average structural H-
bond lifetimes (tyg) of waters in the vicinity of Zn?* ions are plotted as a function of TMU
concentration (vol%). Symbol size represents standard error of the mean. Residence time of waters (tgr)
inside Zn?* solvation shell (within 2.3 A distance from Zn?*) are shown in the inset. ¢) Correlation
between ionic conductivity and average number of water-water hydrogen bonds in the vicinity of Zn?*
ions. d) Correlations between ionic conductivity and both the time scales are shown. All the quantities
are normalized by the corresponding values of the base electrolyte solution, that is in the absence of
TMU,  (Ngg)base = 17.28, Typpase = 941 + 0.02 psand Trpase = 62 ns. Pearson correlation

coefficients (r) are also provided.

It is interesting to note that water residence time inside Zn?* solvation shell increases with TMU
concentration. Thus, the presence of TMU decreases the number of water molecules inside Zn?*
solvation shell (see Figure 4.3(a)), although TMU compels water molecules to spend longer times inside

Zn?* solvation shell as compared to the same in the absence of TMU. Therefore, in the presence of
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TMU, Zn?* solvation shell water molecules remain H-boned with their neighbouring water molecules
for longer durations, making water exchange inside Zn?* solvation shell slower, in spite of the fact that
the number of water-water hydrogen bond decreases. This suggests the vehicular mode of ion transport

where Zn%* moves with its solvation shell that contains both TMU and water®'.

In Figure 4.4(c), we have shown the correlation between ionic conductivity and average number of
water-water H-bonds in the vicinity of Zn?* ions with r ~ +0.99. This signifies strong positive
correlation between these two quantities. This means that water-water H-bond in the vicinity of Zn?*
ions is critically important for Zn?* mobility in AZIB in the presence of TMU. Similarly, correlations
between ionic conductivity and tg and, tyg are shown in Figure 4.4(d). Figure 4.4(d) indicates that the
TMU concentration dependency of ionic conductivity is strongly anti-correlated to these two
microscopic timescales. This anti-correlation between co-solvent dependent behaviour of ionic
conductivity and water H-bond lifetime in the vicinity of Zn?* ions can be understood on a physical
ground as follows: strong interaction between Zn?* and its solvation shell water molecules promotes
Zn?* transport in a vehicular fashion, that is, Zn?* moves along with its solvation shell water
molecules®®®. With increase in TMU concentration, as the solvation shell water molecules remain H-
bonded to their neighbouring water molecules for longer durations, this hinders the movement of Zn?*
ions. Macroscopically, this is reflected in the overall rise in solution viscosity with increasing TMU
concentration (see Figure 4.2(a)). Subsequently, this causes slower ion transport and reduces ionic

conductivity.

4.4 Conclusions

Addition of co-solvents with donor number higher than water in AZIB electrolytes is a promising
approach to prevent Zn dendrite formation and Zn metal anode corrosion. In this work, we have
provided a molecular level picture of how the presence of such co-solvents affect the structure and
dynamics of water molecules around Zn?* ions, highlighted the correlations between ionic conductivity
and co-solvent induced modifications in water structure and dynamics. In addition, we have discussed
the importance of various ion-ion correlations in regulating solution ionic conductivity and the true
transference number of AZIB electrolyte solutions. We have performed all-atom classical molecular
dynamics simulations of a representative AZIB electrolyte system: 2M Zn(OTf), aqueous solution with

varying concentration of tetramethylurea as a co-solvent at room temperature.
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Structural analyses have shown that while tetramethylurea replaces water molecules inside Zn%*
solvation shell, its presence does not further alter the microscopic orientational arrangements of the
water molecules surrounding Zn?*ions. Furthermore, in the presence of tetramethylurea, the residence
time of water molecules inside Zn?* solvation shell increases due to the increase in H-bond lifetime
between the solvation shell water molecules and their immediate neighbouring water molecules.
Moreover, average number of water-water H-bonds around Zn?* ions decreases with increase in

tetramethylurea concentration.

Moreover, we have observed that ionic conductivity is positively correlated to the number of water-
water H-bonds around Zn?* ions, but anti-correlated to both the Zn?* solvation shell water residence
times and water-water H-bond lifetimes. The increase in water-water H-bond lifetimes around Zn?*
ions supports the notion of vehicular movement of Zn?* in these solutions. The TMU concentration
dependence of water H-bond lifetimes and residence times provides a microscopic explanation to the
experimentally observed viscosity dependence of ionic conductivity for the studied system.
Furthermore, we have also investigated the role of ion-ion correlations using the Onsager’s transport
coefficients in dictating ionic conductivity and the transference number of AZIB electrolytes. Our
results, therefore, have not only provided microscopic insights into the co-solvent induced change in
the solution conductivity in terms of modulated water structure and dynamics but also revealed an
important relationship that macroscopic ionic conductivity constructs with the microscopic water H-
bond network and dynamics. These findings probably suggest extensive and deeper investigations into
co-solvent induced changes in bulk AZIB electrolytes as well as in the presence of electrochemical

interfaces to develop more effective electrolyte engineering strategies.
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Appendix 4. A

Table 4.A.1. Parameters obtained after fitting the structural H-bond auto correlation functions Cyg(t).

The structural H-bond lifetimes (tyg) were computed using Eq. (2.16) .

Set-1
System a; T1 (PS) az T2 (PS) az 3 (ps) | Ttus (PS)
(TMU vol%)
0 0.07 0.69 0.56 7.78 0.37 13.57 943
10 0.07 0.75 0.63 8.93 0.30 18.15 10.97
20 0.06 0.77 0.60 947 0.34 19.71 12.40
30 0.06 0.85 0.62 10.78 0.32 25.62 15.02
40 0.06 0.98 0.63 12.75 0.31 38.12 20.10
Set-2
0 0.07 0.67 0.47 7.31 0.46 12.78 9.36
10 0.05 0.74 0.67 8.93 0.28 18.15 10.94
20 0.06 0.76 0.62 9.45 0.32 19.72 12.39
30 0.05 0.86 0.64 10.78 0.31 25.65 15.06
40 0.05 1.04 0.64 12.78 0.31 38.25 20.15
Set-3
0 0.07 0.71 0.55 7.75 0.38 13.46 942
10 0.07 0.81 0.65 8.96 0.28 18.03 10.90
20 0.06 0.75 0.61 9.54 0.33 20.12 12.38
30 0.06 0.88 0.62 10.84 0.32 26.75 15.43
40 0.05 0.98 0.60 12.54 0.35 36.17 20.02

B
Table 4.A.2. Fit parameters in the equation: C(t) = e~ (tr)" used to fit the simulated residence time

autocorrelation functions. Here T denotes the water residence time inside Zn?* solvation shell.

System B TR (ns)
(TMU vol%)
0 0.973 63.58
10 0.963 74.15
20 0.989 75.02
30 0.977 102.91
40 0.932 132.52
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Figure 4.A.1. Collective mean squared displacement lines (MSD in general term) of 10 independent
trajectories for the TMU vol% = 0 system. Slopes of these lines were used to calculate the Onsager

coefficients.

Figure 4.A.2. Collective mean squared displacement lines (MSD in general term) of 10 independent
trajectories for the TMU vol% = 10 system. Slopes of these lines were used to calculate the Onsager

coefficients.
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Figure 4.A.3 Collective mean squared displacement lines (MSD in general term) of 10 independent
trajectories for the TMU vol% = 20 system. Slopes of these lines were used to calculate the Onsager

coefficients.

Figure 4.A.4 Collective mean squared displacement lines (MSD in general term) of 10 independent
trajectories for the TMU vol% = 30 system. Slopes of these lines were used to calculate the Onsager

coefficients.
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Figure 4.A.5 Collective mean squared displacement lines (MSD in general term) of 10 independent
trajectories for the TMU vol% = 40 system. Slopes of these lines were used to calculate the Onsager

coefficients.

Figure 4.A.6. Dependence of the simulated shear viscosities on the upper limit of the Green-Kubo integration,
denoted as n(t), averaged over 40 independent trajectories are shown for a) various electrolyte systems
modelled with OPC3 water and b) the TMU vol% = 40 electrolyte system modelled with the SPC/E water. The

shaded region represents the standard error of the mean. Dashed lines represent experimental values.
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Figure 4.A.7. The radial distribution functions g(r) multiplied by the solvent molecule number densities
(p) between a) Zn?* and oxygen (O) atom of water (H,0), denoted as Zn?* — O(H,0) and b) Zn?* and
O atom of TMU, denoted as Zn?* — O(TMU) are plotted. The average number of solvent molecules
n(r) = for dr p g(r) at a distance r from Zn?* ions are plotted for different values of r. Coordination
number of H,0 and TMU inside the Zn?* solvation sheath is the value of the integral up tor = 2.3 A,

corresponds to the minimum of the corresponding g(r).

Figure 4.A.8. a)-c) Structural hydrogen bond autocorrelation functions, Cyg(t) and d) residence time

autocorrelation functions, C(t) are plotted. Fittings are also shown. X-axes are in log scale.
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Molecular thermodynamic origin of substrate
promiscuity in the enzyme laccase: Toward a broad

spectrum degrader of dye effluents

5.1 Introduction

Urbanization and industrialization are causing serious contamination of water bodies, resulting in
harmful effects not only to the ecosystem but also to the health of all living creatures'. Among all the
pollutants that are discharged into water bodies, textile industry effluents are complex and contain a
wide variety of dyes®. Dyes are also used in cosmetics, pharmaceuticals, paper, leather etc® . These dye
effluents are often carcinogenic. Furthermore, the absorption of light by textile dyes creates problems
to photosynthetic aquatic plants and algae®. This emerging problem necessitates the need for new ways

to treat and degrade these effluents’*®.

Interestingly, white rot fungi are known to be some of the most efficient microorganisms capable of
breaking down synthetic dyes’. They generate a class of enzymes called laccases (EC 1.10.3.2), which
belong to the family of multicopper oxidases (MCOs)'’. They can oxidize a variety of phenolic and
non-phenolic compounds using oxygen as reactant and generate water as the only by-product''. That’s
why laccases are also known as “green catalysts”. Due to the easy availability and capability of

degrading a variety of synthetic dyes, implementation of laccase mediated processes for treating and
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improving water quality offers a promising economical and ecofriendly solution to a complex

problem'* !¢,

The ability of an enzyme to act upon a broad range of substrates is known as ‘substrate promiscuity’'”'®,
Previous studies have suggested that hydrophobicity, flexibility and protonation states of the active site
residues could play an important role in enzyme promiscuity'®. A recent study*’ has proposed that
substrate promiscuity is a continuum feature of enzymes and the presence of various conformational
states of the active site that are capable of accommodating ligands with different shapes and sizes may

be one of the mechanisms to achieve substrate promiscuity.

In this chapter, we discussed why laccases are substrate promiscuous by studying the binding of several
dye molecules to the known active site of a laccase from the white-rot fungus Tramates Versicolor (TvL)
(PDB: 1KYA)*' as shown in Figure 5.1 using experimental, molecular docking and MD simulations. It
is important to note that this crystallize structure of the laccase was in its active state, that is, bound to
a ligand named 2,5-xylidine. The active site of this laccase from TvL made up of the following
residues™: D150, A161, F162, P163, L164, D206, G392, H458, F332 and F337. Among these residues
Al61, F162, P163, 1164 and G392 are non-polar, and D150 and D206 are negatively charged at pH 7.
The catalytic site of the protein consists of four copper atoms. The one close to the active site is known
as T1 copper and the other three copper atoms form a trinuclear copper cluster (TNC)®. T1 copper is
connected with the TNC via a conserved cysteine-histidine bridge**. This T1 copper is involved in the
oxidation of substrates”>*, Earlier studies have reported that H458 and D206 residues are important for
the catalytic function of the enzyme?’. These residues are involved in hydrogen bonding and m-stacking

interactions with the substrates.
We have selected a set of five dye molecules with large variation in their net charge, size and shape: (i)

Methyl Green, (ii) Crystal Violet, (iii) Thioflavin T, (iv) Coumarin 343, and (v) Brilliant Blue. Their

chemical structures and net charges are shown in Figure 5.2.
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Figure 5.1: Crystallographic structure of the laccase from TvL (PDB ID: 1KYA). The active site

residues, T1 copper and the trinuclear copper cluster (TNC) are shown separately (inset).

Figure 5.2: Chemical structures of the dye molecules used in this study.
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5.2 Experimental and computational details

5.2.1 Experimental details

TvL Laccase and the dyes were purchased from Sigma-Aldrich. Stock solutions of laccase
(concentration 8 mg/mL) were prepared in deionized water and stored at 4°C**%, The solutions were
centrifuged to remove insoluble materials. An UV—visible spectrophotometer (UV-2600, Shimadzu)
was used for recording steady state absorption. Solution concentrations for coumarin-343, brilliant blue,
thioflavin T and methyl green were 10 uM, and solution concentration for crystal violet was 1 pM.
These solution concentrations were used to maintain a uniform optical density (OD ~ 0.2) in all our
experiments. 300 pL of laccase was added to the coumarin-343 solution, 100 pL of laccase was added
to brilliant blue solution and 50 pL of laccase was added to crystal violet, methyl green and thioflavin

T solution.

5.2.2 Molecular docking

Autodock Vina v1.2.2* was used to perform the molecular docking of the dye molecules into the active
site of the laccase. The 3D structures of the dyes were downloaded from PubChem. The receptor grid
used in molecular docking was defined based on the active site residues mentioned above. Several
binding poses for the ligands were obtained. The binding pose with the lowest docking score was
selected for initial MD simulation. The interactions (hydrogen bonds and hydrophobic interactions) of
the protein with the ligands were analysed and depicted with LigPlot+*'. Docking scores of the dye

molecules in the active site of laccase crystallographic structure are given in Table 5.A.1.

5.2.3 MD simulation details

The T1 copper and tri-nuclear copper cluster (TNC) in laccase’s catalytic site were parameterized using
the Metal Centre Parameter Builder (MCPB.py)** tool included in the AmberTools20 package™ to
introduce bonded interactions between the copper ions and coordinating amino acid residues in laccase
so that the copper coordination remains preserved during MD simulation runs. The atomic partial
charges were derived from electrostatic calculations using Gaussian 16 software*. All coppers were
modelled as Cu?*. The LJ parameters for the copper ions were taken from a previous work™.
Protonation state assignment to the titratable amino acid residues was performed in two steps. In the
first step, we calculated the pK, values of the titratable amino acid residues using PROPKA-3.4.0*°. In
the next step, we calculated deprotonated fractions of the deeply buried titratable amino acid residues
in the protein based on the PROPKA prediction using explicit solvent constant pH molecular dynamics
simulation (CpHMD)* at pH 7 by using Amber18 package®. The protonation states of the residues

were then assigned based on all of these results. The protonation states of the copper coordinated
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histidine residues were determined based on the copper coordinating atom information as provided in
the PDB file. For example, the d-nitrogen in the side chain of H458 is one of the T1 copper coordinated
atoms. So, H458 must be protonated at e-nitrogen position. The final protonation states of the titratable
residues are provided in Table 5.A.2. The structure and topology files were then prepared using the tleap
interface of AmberTools*®. The missing residue side chain atoms were added by the tleap program . The
systems were inserted into a cubic TIP3P* water box with at least 1.2 nm between any atom of the
protein and the edge of the box. The solvated systems were neutralized by adding counterions into the

box. The number of counterions and water molecules in the simulation boxes are given in Table 5.A.3.

The ff14SB force field*’ was used to model all the amino acid residues. Dye molecules were represented
using the General AMBER force field (GAFF2)* parameters generated using the Antechamber utility
of AmberTools20. As shown in a previous study*, the pK, value of the carboxylic acid group present
in coumarin 343 is 4.65 and the protonation and deprotonation of the coumarin 343 molecule occur at
this carboxyl group. This result indicates that this dye is anionic at neutral pH (pH 7). Hence, the net
charge of coumarin 343 is taken as -1. Charge of brilliant blue is -2, thioflavin T is +1, crystal violet is
+1 and methyl green is +2. The partial atomic charges on the dyes were derived by first optimizing the
structures using Becke’s three-parameter exchange function combined with the Lee-Yang-Parr
correlational functional (B3LYP)** and 6-311++G(2d,2p)*** basis set using the Gaussian 16 package

and then fitting the electrostatic potential surface using the RESP method*.

All simulations were performed using GROMACS 2019.6%. All systems were first energy minimized
using the steepest descent method and then two-step equilibration were performed in NVT and NPT
ensembles. The temperature was maintained at 300K using velocity rescale method*® and the pressure
was kept constant at 1 atm using Parinello-Rahman barostat™. All simulations were performed using
periodic boundary conditions and the long range electrostatic interactions were handled using the
particle mesh Ewald (PME)*® summation method. The cut-off distance for electrostatic and van der
Waals interactions was set to 1.0 nm. Bonds containing hydrogen atoms were constrained with LINCS>®
and the integration time step was set to 2 fs. Trajectories were generated in protein apo state for 2 us,
in different dye bound states for 1 us each and in protein apo state after deleting the five dye molecules
from the active site for 1 ps each. Interaction statistics on the ligand bound trajectories were analysed

using ProLIF program™.
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5.3 Results and discussions

5.3.1 Evidence of dye degradation by laccase from experiments

In order to confirm that these dye molecules can indeed degraded by laccases, we have carried out
systematic UV-visible absorption spectroscopy of these dyes in the presence of laccase and the results
are shown in Figure 5.A.1. It is quite evident that the absorption intensity of all the dye molecules
studied dropped significantly after laccase treatment but the time elapsed to notice any significant drop
in absorption intensity varies from a few hours to more than one day for these dye molecules. It is quite
remarkable that laccase can bind and degrade the dye molecules with such large variation in charge
(polar interactions) and size (non-polar interactions). UV-visible absorption spectroscopy results not
only confirm the ability of laccase to degrade the chosen dye molecules in this study but it also shows
that efficacy of dye degradation varies across the different molecules. Subsequent discussion will focus
on exploring the molecular mechanism behind this experimentally observed substrate promiscuity using

computational methodologies.

5.3.2 Molecular docking and initial MD results for laccase-coumarin 343 binding

At first, we have carried out rigid molecular docking of the five dye molecules near the active site of
the crystal structure of laccase. The corresponding docking scores are reported in Table 5.A.1. Figure
5.A.2 shows the docked poses of all dye molecules corresponding to the lowest docking score. Distances
between the dye molecules and D206 and H458 in the best docked poses near the active site of the

crystal structure of laccase are listed in Table 5.A.4.

At first, we initiated MD simulation for the protein and coumarin 343 (C343) complex starting from the
docked structure. After an initial 500ns run, we took three different structures from the trajectory where
the dye C343 remains closely bound to the active site. Subsequently, three independent trajectories
(500ns each) were generated from each of these structures. Interestingly, we found that the C343
binding poses and the conformation of the loop covering the active site varies significantly across these
independent MD runs. Figure 5.A.3a shows the representative active site configurations for C343.
Although a part of the C343 molecule remains close to the catalytic H458 residue, the overall binding
pose may vary considerably. Moreover, the loop covering the active site (residues 159-164) shows
significant variation in the conformation depending on the specific binding pose (Figure 5.A.3b).
Moreover, the binding pose does not remain same as the docked configuration, which was based on the
crystal structure and did not allow for conformational change in the active site. Moreover, hydrogen
bond analysis between the protein and C343 (Figure 5.A.3d) showed that in the two binding poses for
C343, two oxygen atoms of the carboxyl group made hydrogen bonds with the N€ H -atom of H458
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very frequently, but the third pose was not involved in hydrogen bonding with H458 due to a different

orientation.

An important take home message from this analysis is that rigid docking based on the crystal structure
of the receptor can often be misleading. Specifically for the laccase system the crystal structure
corresponds to the active site being partially hidden in a closed pocket. Hence, all the dye molecules

exhibit relatively lower docking score (affinity).

5.3.3 Results for all the five laccase-dye complexes

As observed earlier the receptor may exists in at least three distinct conformations (Figure 5.A.3b)
depending on the binding pose of C343. Hence, we decided to dock again the other four dye molecules
to all these conformations rather than the crystal structure. Distances between the dye molecules and
D206 and H458 in the best docked poses near the active site of laccase conformations found in C343
study are listed in Table 5.A.5. Interestingly, this approach leads to significantly lower docking score
(Figure 5.A.4) as these partially open loop conformations allow the larger dye molecules to be
accommodated. For example, for Brilliant Blue the lowest docking score (-10.807 Kcal/mol in Figure
5.A.4a) was found for active site conformation corresponding to the binding pose-B of C343. This
conformation of the active site offers the largest space for ligand binding. We find that both crystal
violet and methyl green are giving lowest docking scores in the same protein conformation and their
docked poses are also quite similar (Figure 5.A.4). Thioflavin T is giving the lowest docking score in
the same protein conformation where C343 binding energy is the lowest and their binding poses are
also quite similar. In all the binding poses the dye molecules are bound close to the catalytic residue
H458 (Table 5.A.5) justifying the ability of this enzyme to degrade these molecules. While a part of the
dye molecule interacts closely with the catalytic H458, the remaining part may adopt different
orientations and stabilised by different residues around the flexible loop region, primarily through

hydrophobic and non-polar interactions.

MD simulation trajectories starting from these new docked poses (selective to different loop
conformations depending on lowest docking score) showed that all the ligands remain stable in the
originally docked configuration at the simulation timescale. The binding poses of all the five dye
molecules and the corresponding protein active site conformations are shown in Figure 5.3. In all these
binding poses dye molecules stay close to the H458 residue in the binding pocket as shown by the
distance plot between the centre-of-mass (COM) of the dye heavy atoms and the centre of mass of the
H458 residue heavy atoms in Figure 5.3a. Binding poses of Crystal Violet and Methyl Green are
identical. The loop (residues 159-164) can exists in significantly different conformations that can

accommodate the dye molecules with different shapes and sizes.
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Figure 5.3: a) Distance between the centre-of-mass (COM) of dye molecule heavy atoms and the COM
of H458 heavy atoms. Inset shows the minimum distance plots between dye molecules and H458 in
stable bound poses. b) Superposition of the binding poses of all the five dye molecules. ¢) Various

conformations of a loop in the active site of laccase in crystal structure and in dye bound poses.

In Figure 5.4, we show the 2d interaction diagrams®"** for the stable bound poses of the dye molecules
in the active site of laccase. Brilliant Blue and C343 make hydrogen bonds with the side chain N€ H -
atom of H458 due to the presence of hydrogen bond acceptor atom in these dye molecules. As there are
several hydrophobic amino acid residues present in the active site; L158, G159, P160, A161, P163 and
L164, majority of the interactions between the protein and the dye molecules are hydrophobic in nature.
In Figure 5.A.5, we show the interaction statistics between the protein and the ligands calculated using
the trajectories where the dye molecules are stable in the active site of laccase. There also we can see
that hydrophobic, n-stacking and hydrogen bonding interactions are predominant between the ligand

and the protein, but the major interactions are hydrophobic in all the five cases.
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Figure 5.4: 2D interaction diagrams between the dye molecules and the protein in the stable binding
poses of the dyes. O atoms are in red, N atoms in blue, C atoms in cyan and S atoms in yellow. Hydrogen
bonds are represented by green dashed lines. Dye molecules are mostly interacting with hydrophobic

residues.

So far we have established that the active site loop of laccase can exists in multiple distinct
conformations to accommodate diverse substrate molecules. It would be interesting to explore whether
these conformational states may exist in the “apo” state of the enzyme as well (conformational
selection)™, or these conformations can exist only in the presence of the substrate (induced fit)*. In
order to explore the mechanism of dye binding to the active site of laccase, we exhaustively sampled
the apo form of protein (for 2 us). Moreover, we ran another set of apo trajectories starting at the
respective substrate bound conformations, but after deleting the substrate molecules to generate the apo

)57,58

state. We performed Principal Component Analysis (PCA on these trajectories using MDAnalysis

python package® to characterise the conformational space of the protein. The theory of PCA is
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discussed in section 2.4.1 of Chapter 2. Results are shown in Figure 5.A.6. We have found that there
exist several distinct stable protein conformations where thioflavin T, methyl green and crystal violet
can be bound. These conformations may exist as metastable states in the apo form (without ligand) as
well. These results suggest that ‘conformational selection’ might be the dominant mechanism of ligand
binding for some of the dye molecules, but more detailed kinetic analysis along with enhanced sampling
simulations need to be taken up for a more exhaustive and quantitative understanding of the ligand

binding mechanism in such systems with flexible receptor site.

5.3.4 Binding energy calculation

The binding energy calculations using Molecular Mechanics/Generalized Born Surface Area
(MM/GBSA)® method are shown in Table 5.1. The theory behind MM/GBSA method is discussed in
section 2.6.1 of Chapter 2. Interestingly, the overall binding energy for each dye molecule is quite
comparable, although the relative contributions of the individual terms vary significantly. The
magnitudes of non-polar solvation energy and van der Waals energy are the highest for Brilliant Blue
as it is the largest dye among all. Change in electrostatic interaction energy is positive for the negatively
charged dye molecules Coumarin 343 and Brilliant Blue, whereas it is negative for the positively
charged dye molecules Thioflavin T, Crystal Violet and Methyl Green. This happens due to the presence
of negatively charged D150 and D206 residues in the active site creating a negative electrostatic
potential surface as shown in Figure 5.5. The electrostatic interactions are unfavorable for binding for
negatively charged dye molecules. The change in polar solvation energy opposes that of change in the

electrostatic energy component due to the dielectric screening by the solvent.
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Table 5.1: Binding energy for all the dye molecules computed using MM/GBSA method. The error bars

represent the standard error of mean of the corresponding energy terms.

Energy terms Brilliant Blue Coumarin 343 Thioflavin T Crystal Violet Methyl Green

(Charge -2) (Charge -1) (Charge +1) (Charge +1) (Charge +2)
(kcal/mol (keal/mol) (kcal/mol) (kcal/mol) (kcal/mol)

van der Waal Energy -55.18 £ 0.06 -41.92+£0.10 -42.45+£0.03 -40.68 £ 0.05 -43.46 £ 0.04

Electrostatic Energy 95.01 £0.23 53.96 + 0.60 -148.87 £ 0.11 -117.33 £0.11 -243.57+0.17

Polar Solvation Energy | -65.94+0.21 -36.62 £0.61 162.63 +0.11 130.55+0.11 257.94+£0.17

Electrostatic Energy 29.06 +0.32 17.34 £ 0.86 13.76 £ 0.16 13.22+0.15 14.37+0.24

+

Polar Solvation Energy

Non-Polar  Solvation -7.33+£0.01 -4.33+£0.01 -4.35+0.01 -4.68 +0.01 -4.95+0.01

Energy

Total Binding Energy -33.48 £ 0.06 -28.97 £ 0.11 -33.06 = 0.03 -32.12 £ 0.05 -34.03 + 0.04

Figure 5.5: Electrostatic potential surface of the protein active site: Due to the presence of D150 and

D206 residues in the binding site, binding pocket has a dominant negative electrostatic potential. The

. . . . . kpT
color bar representing the electrostatic potential surface is in the units of %.
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Interestingly, although the magnitudes of each type of energy terms differ for each dye molecules, a
large cancellation between them leads to almost the same binding energy for all the five dye molecules.
The change in the total polar terms including electrostatic and polar solvation energy is positive in all
five cases, which disfavors binding across all ligands. However, the non-polar terms, i.e. van der Waals
and non-polar solvation energies are favoring the binding. Residue-wise contributions towards the

overall binding energies have been shown in the Figure 5.A.9.

While MM/GBSA can provide a reasonable estimate of the relative binding affinity trends between the
dye molecules, it misses several factors like explicit solvation, entropic contributions etc. Hence, we
have also calculated the absolute binding free energies of two representative dye molecules Coumarin
343 (charge -1) and Crystal Violet (charge +1) using the more robust Thermodynamic integration (TI)
approach® %, The theory behind TI is discussed in section 2.6.2 of Chapter 2 and the A-values used are
provided in Table 5.A.6. The results are shown in Table 5.A.7, Figure 5.A.10 and Figure 5.A.11. These
binding free energy values also confirm that despite having large difference in charge and shape,
Coumarin 343 and Crystal Violet have almost similar binding free energy (about -9 kcal/mol). This is
in agreement with our proposal about ligand promiscuity and the qualitative trends observed from the

MM/GBSA calculations.

5.4 Conclusions

In conclusion, we have demonstrated that due to the inherent conformational adaptability (plasticity) in
the laccase active site rendered by the multiple possible conformational states of the surrounding loop
regions, laccase can bind a plethora of dye molecules with largely varying charges and size. There is a
clear relationship between the shapes of the dye molecules and the corresponding shape or conformation
of the protein active site. The mechanism of binding may vary from a conformation selection model to

induced fit model.

The MM/GBSA and TI binding energy calculations have shown that although the contribution of
different energy terms to the overall binding energy may differ largely in magnitude, a large cancellation
between them results in almost similar binding energy values for the different dye molecules. The
interaction between the protein and the dyes is primarily hydrophobic in nature even for the charged
dyes due to cancellation between the direct Coulomb interaction and the polar solvation energy
component. Thus, our results provide a molecular thermodynamic basis of the substrate promiscuity in

laccase with potential implications in designing a broad-spectrum enzymatic approach towards
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treatment of industrial dye effluents. Moreover, these insights should be relevant to other classes of

enzymes demonstrating substrate promiscuity as well.
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Appendix 5.A

Table 5.A.1: Docking scores for each dye molecule docked in the active site of laccase in crystallize

conformation. All the docking scores are in Kcal/mol.

Dye Molecules Pose-1 Pose-2 Pose-3 Pose-4
Coumarin 343 -6.846 -6.590 -6.503 -6.370
Thioflavin T -6.334 -5.729 -5.433 -4.972
Crystal Violet -5.205 -5.195 -5.054 -5.051
Methyl Green -5.180 -5.156 -5.105 -5.100
Brilliant Blue -8.240 -8.199 -8.134 -7.879

Table 5.A.2: Protonation states of the titratable residues used in this study.

Residue Names & ID Protonation states
(Three letter codes)
AIITYR Protonated
(charge 0)
AIILYS Protonated
(charge +1)
Al ARG Protonated
(charge +1)
All ASP Deprotonated
(charge -1)
All GLU Deprotonated
(charge -1)
HIS Protonated at both 8§-N &
(ID:: 153, 216, 402) &-N positions (HIP).
(charge +1)
HIS Protonated at 8-N positions
(ID:: 64, 109, 111, 398, 400, | only (HID).
452, 454) (charge 0)
HIS Protonated at €-N positions

(ID::55, 66, 91, 306, 395,
458)

only (HIE).
(charge 0)
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Table 5.A.3: The number of counterions and water molecules in the simulation boxes.

Protein State Number of water Number of Na" ions
molecules

Protein apo state 17230 14
Brilliant Blue (charge -2) bound state 17687 16
Crystal violet (charge +1) bound state 18226 13
Methyl Green (charge +2) bound state 18648 12
Thioflavin T (charge +1) bound state 18493 13
Coumarin 343 (charge -1) bound state 17228 15
Protein apo state after deleting 20141 14
brilliant blue dye from active site
Protein apo state after deleting 17907 14
crystal violet dye from active site
Protein apo state after deleting 18124 14
methyl green dye from active site
Protein apo state after deleting 18131 14
thioflavin T dye from active site
Protein apo state after deleting 17944 14
coumarin 343 dye from active site

Table 5.A.4: Distance between the centre of mass (COM) of the dye molecules in the docked poses
and the centre of mass of D206 & H458 individually and minimum distance between dye heavy atoms

and D206 & H458 heavy atoms in the crystallographic protein conformation.

Dye Molecules COM Distance (A) Minimum Distance (&)
From COM From COM Min distance Min distance
of D206 of H458 From D206 From H458
Brilliant Blue 9.73 10.17 342 2.94
Crystal Violet 10.55 9.26 3.24 3.81
Methyl Green 10.59 9.31 3.19 3.85
Thioflavin T 8.06 9.17 4.08 3.50
Coumarin-343 9.82 8.36 3.05 2.83
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Table 5.A.5: Distance between the centre of mass (COM) of the dye molecules in the docked poses
and the centre of mass of D206 & H458 individually and minimum distance between dye heavy atoms

and D206 & H458 heavy atoms in the protein conformations obtained from Coumarin-343 study.

Dye Molecules COM Distance (A) Minimum Distance (&)
From COM From COM Min distance Min distance
of D206 of H458 From D206 From H458
Brilliant Blue 8.45 7.09 3.30 2.83
Crystal Violet 5.29 8.07 3.46 3.86
Methyl Green 5.25 7.86 3.41 3.57
Thioflavin T 6.08 9.86 4.25 3.56

Table 5.A.6: A values used to decouple coulomb and van der Waals interactions between the dye

molecules and the surrounding environments, apply restraints to the dye molecules.

Coumarin 343 Crystal Violet
Transformation A Values Transformation A Values
Dye decoupling Coul=0.0, 0.1, 0.2, Dye decoupling Coul=0.0, 0.1, 0.2,
in water without 0.3,0.4,0.5,0.6,0.7, in water without 0.3,0.4,0.5,0.6,0.7,
the protein 0.8,0.9,1.0. the protein 0.8,0.9,1.0.
Vdw=0.0, 0.05, 0.10, Vdw=0.0, 0.05, 0.10,
0.15, 0.20, 0.25, 0.30, 0.15, 0.20, 0.25, 0.30,
0.35, 0.40, 0.45, 0.50, 0.35, 0.40, 0.45, 0.50,
0.55, 0.60, 0.65, 0.70, 0.55, 0.60, 0.65, 0.70,
0.75, 0.80, 0.83, 0.85, 0.75, 0.80, 0.85, 0.90,
0.90, 0.95, 1.00 0.95, 1.00
Dye decoupling while | Coul= 0.0, 0.1, 0.2, Dye decoupling while | Coul=0.0, 0.1, 0.2,
bound to the protein 0.3,04,0.5,0.6,0.7, bound to the protein 0.3,04,0.5,0.6,0.7,
0.8,0.9,1.0. 0.8,0.9,1.0.
Vdw=0.0, 0.05, 0.10, Vdw=0.0, 0.05, 0.10,
0.15, 0.20, 0.25, 0.30, 0.15, 0.20, 0.25, 0.30,
0.35, 0.40, 0.45, 0.50, 0.35, 0.40, 0.45, 0.50,
0.55, 0.60, 0.65, 0.70, 0.55, 0.60, 0.65, 0.70,
0.75, 0.80, 0.83, 0.85, 0.75, 0.80, 0.83, 0.85,
0.90, 0.95, 1.00 0.90, 0.95, 1.00
Apply restraints to the | 0.0, 0.01, 0.025, 0.05, | Apply restraints to the | 0.0, 0.01, 0.025, 0.05,
dye while bound to the | 0.075, 0.1, 0.15, 0.2, dye while bound to the | 0.075, 0.1, 0.15, 0.2,
protein 0.3,0.5,0.75,1.0 protein 0.3,0.5,0.75,1.0
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Table 5.A.7: Binding free energies of coumarin 343 and crystal violet using TIL.

coumarin 343 from
protein in the presence

vdw = 17.561 £ 0.206,
rest=0.953 £ 0.013)

violet from protein in
the presence of

Coumarin 343 Crystal Violet
(Charge -1) (Charge +1)
Components Value (Kcal/mol) Components Value (Kcal/mol)
AGE:lreoct+vdw+rest 102.837 +0.197 AGE:lreoct+vdw+rest 31.462 +0.267
(Decoupling of (elec=84.323 £ 0.059, (Decoupling of crystal (elec=21.091 £ 0.062,

vdw = 8.705 £ 0.277,
rest = 1.666 = 0.037)

coumarin 343 from
water without protein)

vdw = 1.720 + 0.063)

violet from water
without protein)

of restraints) restraints)
AG et s vaw 87.179 +0.073 AGS 16.882 + 0.084
(Decoupling of (elec=85.470 £ 0.037, | (Decoupling of crystal | (elec=17.972+0.017,

vdw = -1.091 + 0.082)

(elec=1.147 = 0.069,
vdw = -15.841 + 0.215)

AGS2Y on 6.367 AGSY 6.081
(Add restraints on (Add restraints on
decoupled coumarin decoupled crystal violet
343 in water) in water)
AGping -9.291 £ 0.210 AGping -8.499 + 0.280

(elec=-3.119 = 0.064,
vdw =-9.796 + 0.289)

Figure 5.A.1: UV-Visible absorption spectra of the solutions of pure dye molecules and with the

addition of laccase.
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Figure 5.A.2: Docked poses of the dye molecules in the active site of the crystallize protein

conformation corresponding to the lowest docking scores (pose-1 from Table 5.A.1).

Figure 5.A.3: a) Three different stable binding poses (A, B, C) of coumarin-343 in the substrate active
site of laccase. b) Three different conformations of a loop in the active site corresponding to the three
different binding poses of coumarin-343. ¢) Distance plot between centre-of-mass (COM) of coumarin
343 heavy atoms and COM of H458 heavy atoms in the three stable ligand bound trajectories. d)
Hydrogen bond analysis in these three stable bound poses of coumarin 343. Hydrogen bonds are
calculated between the carboxyl oxygen atoms of coumarin 343 (hydrogen bond acceptor atoms) and
amide nitrogen atom (hydrogen bond donor) in the side chain of H458. Cut-off distance is taken as 0.35

nm.
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Figure 5.A.4: a) For brilliant blue, lowest docking score (-10.807 Kcal/mol) pose was found in the
protein active site conformation corresponding the binding pose-B of coumarin 343. This conformation
of the active site offers largest space for ligand binding and since brilliant blue is also the largest dye,
this is acceptable. b) Methyl green and crystal violet docked poses are identical. For both of them
lowest docking score poses were found in the protein active site conformation corresponding to the
binding pose-C of coumarin 343. As their shapes are identical, this is also acceptable. ¢) For thioflavin
T, lowest docking score (-7.583 Kcal/mol) pose was found in the protein active site conformation
corresponding to the binding pose-A of coumarin 343. All the docking scores in the picture are in

Kcal/mol.

Figure 5.A.5: Protein-ligand interaction statistics calculated using the stable ligand bound trajectories

of the protein-ligand complex. Major interactions are hydrophobic, n-stacking in all the five cases.

95



Figure 5.A.6: a) Protein apo state conformational space sampled for 2 ps during the simulation
projected on PC1-PC2 plane. b) Free energy surface for protein apo state (for 2 ps). ¢) Protein apo state
and dye bound state (1 us each) conformational spaces are projected on PC1-PC2 plane. d) Protein apo
state and protein apo state (after deleting dye molecules from the active site in their bound poses 1 ps

each) conformational spaces are projected on PC1-PC2 plane.

Figure 5.A.7: Distance between the COM of dye molecules and the COM of the active site residue
heavy atoms for 1 ps long ligand bound trajectories. Inset shows the minimum distance plot between

the dye heavy atoms and a group of D206 & H458 heavy atoms.
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Figure 5.A.8: Root mean squared displacement (RMSD) of protein backbone atoms from the various

MD simulations.

Figure 5.A.9: Contribution of the residues in the binding pocket of the laccase to the MM-GB/SA
binding energy of each dye molecule in their binding poses. Negatively charged Asp-150, Asp-206,
Asp-456 have significant contributions to the binding energy. This shows that strength of the
electrostatic interactions between the charged dyes and these charged amino acid residues overwhelmed
the hydrophobic interactions, although statistics have shown that most of the interactions between the

ligands and the protein are hydrophobic.
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Figure 5.A.10: (j—;});\ vs A plots for coumarin 343 decoupling from protein and coumarin 343 decoupling

in water without protein. Free energy difference is the area under the curve. Cubic interpolation line is
represented by silver colour. Different energy components are shown in colour: red for electrostatic,

green for van der Waals and violet for attaching restraints to the ligand.

Figure 5.A.11: (3—2)1 vs A plots for crystal violet decoupling from protein and crystal violet decoupling

in water without protein. Free energy difference is the area under the curve. Cubic interpolation line is
represented by silver colour. Different energy components are shown in colour: red for electrostatic,

green for van der Waals and violet for attaching restraints to the ligand.
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Unveiling dye effluent binding mechanism and
allostery in laccase wusing molecular dynamics

combined with machine learning approaches

6.1 Introduction

In Chapter 5, We have discussed the molecular origin of substrate promiscuity in laccase using UV-
visible absorption spectroscopy and classical MD simulations. We discovered that a loop (loop-1;
resids:G159-P160-A161-F162-P163-L164) in the laccase active site can have various distinct
conformations while remain bound to the six ligands; coumarin 343, thioflavin T, methyl green, crystal
violet, brilliant blue and 2,5-xylidine. Furthermore, binding energy calculations revealed surprisingly

similar binding affinity of the ligands irrespective of their different shape and charge.

The mechanism of ligand binding to biomolecules generally proceeds via two competing pathways':
(i) “conformational selection mechanism”, where ligand binds to a pre-existing binding competent
conformation of the protein (could be a less populated or high energy one) and stabilizes this preferred
conformation; (ii) “induced fit mechanism”, where ligand binds to the less binding competent but
predominant protein conformation followed by a protein conformational change to stabilize the protein-
ligand complex. For an ideal induced fit mechanism, the ligand induced conformation should not be
present in apo protein. As mentioned earlier, we have found various distinct ligand bound conformations
of laccase. Therefore, a question naturally arises whether the dye molecule binding to the laccase

proceeded via conformational selection or induced fit mechanism. Precise identification of the
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mechanism requires extensive calculation of equilibrium rate constants or flux through each pathway**.
However, one possible way to qualitatively answer this question from MD simulation data is to find as
many as possible metastable apo conformations of the laccase and compare the bound conformations

with them. A recent study reveals the binding pathway of a pollutant to the laccase’.

In the last two decades, Markov State Model (MSM)6’7, build from MD simulations, becomes the most
popular kinetic model to describe protein conformational changes by capturing the dynamics through
transitions among discrete metastable conformational states. In spite of great advances in making
algorithms for building reliable MSMs, finding good feature dataset and a low dimensional projection

space that best describes the conformational landscape of a biomolecule is still not a trivial task®.

For the last couple of years, machine learning and artificial intelligence (AI/ML) revolutionize the field
of computational chemistry’. Particularly, ML-based methods for analysing and enhancing MD

1011 "With this motivation, we have also used

simulations unlock new ways of seeing the unseen
numerous ML techniques to complement MD simulations. Useful features can be identified using the
Random Forests (RF) classification algorithm'?. RF classifier, a supervised ML-based method, is one
of the most popular feature selection methods that can identify a small subset of important features from
a large set of input variables. RF classifier ranks the input variables using some feature importance
metric. This algorithm assigns lower importance score to the large amount of input variables that are
unnecessary to describe the processes of interest. This way, this method filters out the insignificant input

variables. A recent study showcased the ability of the RF classifier to identify key amino acid residue

pairs that can distinguish between the apo and ligand bound protein conformations'?.

Time-lagged independent component analysis (TICA)''> is a widely used linear dimensionality
reduction method, which can efficiently learn the slow processes and generates projections of the high
dimensional data along some slow degrees of freedom. Over the years, TICA has played an important
role in the quantitative description of various biomolecular processes'® . However, often, when dealing
with high dimensional data, it is not possible to differentiate well the states of a system using a linear
dimensionality reduction method". In the recent years, non-linear dimensionality reduction methods,
such as UMAP?, t-SNE?!, variational autoencoder’”? and time-lagged autoencoder” have gain
popularities in building low dimensional spaces that discriminates well the states of a system. Among
these, variational autoencoder (VAE), a neural network based deep learning model, has shown its
potential to generate low dimensional latent space where different states of complex chemical and

biomolecular systems are well discriminable**?’,

The performance of linear and non-linear
dimensionality reduction methods depend on the choice of input feature dataset and complexity of the

system.
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In this present chapter, we have discussed the possible dye binding mechanism to laccase using classical
MD simulations coupled with several aforementioned ML approaches. We first identified useful residue
pairs of the protein as features using the RF classifier. Subsequently, we have compared the two different
classes of dimensionality reduction methods: (i) linear method TICA and (ii) non-linear method VAE
to obtain the best low dimensional representation for the laccase apo conformational landscape. We then
performed kinetic clustering using VAMPnets® to identify metastable apo conformations of the laccase.
We have also calculated the transition rates between the metastable conformational states of laccase
using MSM. Finally, we have provided an allosteric connection between loop-1 and another loop that

is far away from loop-1.

6.2 Computational details

6.2.1 Equilibrium MD simulation protocols

Force field information and other modelling details of the protein are provided in the previous Chapter
5. For this present study, we performed 100 classical MD simulations of 500 ns each starting from 100
different conformations of laccase obtained from metadynamics simulations. Metadynamics parameter
details for this present work is discussed in section 6.2.4. Thus, a total of 50 ps trajectories were
generated. All the systems were solvated with ~ 19000 TIP3P? waters and neutralized by adding 14
Na' ions into the simulation box. All the simulations were performed using GROMACS 2024.2
software®. All systems were first energy minimized using the steepest descent method followed by
equilibrations in NVT and NPT ensembles. The temperature was maintained at 300K using velocity
rescale method®' and the pressure was kept constant at 1 atm using Parinello-Rahman barostat™. All
simulations were performed under periodic boundary conditions and the long range electrostatic
interactions were handled using the particle mesh Ewald (PME) summation method*. Both the cut-off
distances for electrostatic and van der Waals interactions were set to 1.0 nm. Bonds containing hydrogen
atoms were constrained with LINCS* and the integration time step was set to 2 fs. Frames were saved

every 100 ps and the first 100 ns from each trajectory was discarded from further analyses.

6.2.2 Random forests classifier details

We took the five 1 ps long dye molecule bound trajectories and last 500 ns of a 1 us long apo trajectory
generated after deleting the 2,5-xylidine ligand from the crystallized active structure of laccase for RF
analysis. Frames of each trajectory were labelled to distinguish between the six different conformational
states. At first a frame was extracted from the apo trajectory and considered as a reference structure.

Then, from this reference structure, we selected all the pairs of heavy atoms which were more than three
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residues apart, calculated the distances between these pairs and identified ~ 1500 residue pairs such that
the heavy atom minimum distance for each pair was less than or equal to 4.5 A using MDTraj python
package®. C, — C, atom distances of the residue pairs for all the six trajectories were used as input
dataset for RF classifier. 70% of the input data was used for training and 30% for validation. In this
work, we employed the default RF method implemented in the scikit-learn python package®® to identify
a small number of features from this large set of distance pairs. The default method uses the mean
decrease in impurity of gini impurity'? as the feature importance score. The RF classifier consisted of
10 estimators. Accuracy score for the validation dataset was 0.998. Cross-validation was performed for

200 different input datasets generated randomly.

6.2.3 HDBSCAN clustering

Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) identifies
clusters of varying densities without specifying the number of clusters beforehand. We converted the
six 500 ns long apo trajectories (last 500 ns of 1 us long trajectories generated after deleting the six
ligands from the laccase active site, referred as “ligand delete apo trajectories”) to feature dataset using
the selected C, — C, atom distance pairs obtained from the RF analysis using PyEMMA 2.5.7°7 and
subsequently performed HDBSCAN clustering on this high dimensional feature space using the scikit-
learn python package®. One of the main parameters of HDBSCAN clustering method is, min_samples,
defines the minimum number of points in a cluster. We used min_samples = 1000 and 2000 to test

convergence of the results.

6.2.4 TICA-Metadynamics simulation

We performed time-lagged independent component analysis (TICA)'*!3

on the six 500 ns long “ligand
delete apo trajectories” used in HDBSCAN clustering with the aforementioned set of selected distance
pairs as features using PYEMMA 2.5.7*7 with 20 ns lag-time. Theory of TICA is presented in section
2.4.2 of Chapter 2. The first four TICA components were used as collective variables (CVs) to perform
four TICA-Metadynamics (TICA-MetaD)***’ enhanced sampling simulations of 100 ns each starting
from different structures. Theory of metadynamics is discussed in section 2.7.1 of Chapter 2. These
TICA-MetaD simulations were performed using GROMACS 2021.5* patched with PLUMED 2.7.4%.
In our TICA-MetaD simulations, the Gaussian bias was deposited every 500 steps with a height of 1.2
kJ/mol and width of 0.5 nm. The height of the Gaussian hill was tempered with a bias factor of 8. All
the metadynamics simulation trajectories were projected on the same four TICA eigenvectors (see

Figure 6.A.1a-c) and 100 different structures spanning the whole 2D TICA space (see Figure 6.A.1d-f)

were selected to generate 100 short equilibrium trajectories as discussed in section 6.2.1. We finally
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performed another TICA on the combined 43 ps discrete equilibrium apo trajectories ( 100 x 400 ns

generated in the present study and 6 X 500 ns used in HDBSCAN clustering) using 20 ns of lag-time.

6.2.5 VAE latent space construction

Theory of VAE is discussed in section 2.4.3 of Chapter 2. We trained the VAE on the total of 43 ps
discrete equilibrium apo trajectories used for TICA using PyTorch for constructing a 2-dimensional
latent space to visualize the apo conformational landscape of laccase. We employed the same set of
distance pairs used in HDBSCAN clustering and TICA to construct a large dataset from the trajectories
for VAE training and validation. Subsequently, this dataset was normalized using the StandardScaler
function of the scikit-learn python package®. The encoder block of VAE comprised of four fully
connected hidden layers with nodes 300-200-100-20, leading to a latent space layer with 2 nodes and
the decoder part mirrors the encoder. We used tanh activation function in the first hidden layer followed
by the ReLU activation function for all the other hidden layers. 70% of the total input data was used to
train VAE model with 20 epochs and 30% data was used for validation. The model was trained using
the Adam optimizer*' with a learning rate of 0.00001. Mini-batch learning was employed with a batch
size of 500. See Figure 6.A.2 for the VAE loss of training and validation.

6.2.6 VAMPnets model details

We performed VAMPnets analysis on the same data used for the VAE latent space construction using
Deeptime*. Theory of VAMPnets is discussed in section 2.5.1 in Chapter 2. We used 350 ns of lag-time
to generate instantaneous and time-lagged datasets for VAMPnets training and validation. The input
data was normalized using the StandardScaler function of the scikit-learn python library*® before
feeding to the neural networks. VAMPnets neural network lobes for both the instantaneous and time-
lagged data shared the same architecture with three fully connected hidden layers with nodes 36-24-16
and a output layer with varying dimensions: 4, 5 and 6. Therefore, 4, 5 and 6-clusters VAMPnets models
were investigated for our system. ReLU activation function was used for all the hidden neurons, while
the output layer used a softmax activation function in order to obtain fuzzy discretization of the state
space to the target number of clusters. 80% of the total input data was used to train the models with 100
epochs and 20% data was used for validation for each output dimensions. The models were trained
using the Adam optimizer*' with a learning rate of 0.0001. Mini-batch learning was employed with a

batch size of 500. See Figure 6.A.3 for the VAMP2* scores of training and validation.

6.2.7 Markov state modelling
Theory of MSM is discussed in section 2.5 of Chapter 2. In this present study, we built a MSM directly

from the VAMPnets 5-clusters discretization for a lag-time of 70 ns from the cumulative 43 ps discrete
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trajectories using Deeptime*. Inter-state transition rates and stationary probabilities of the states were

calculated from the MSM.

6.3 Results and discussions

6.3.1 Feature selection using RF classifier and identifying conformational clusters in the
high dimensional feature space

We performed the RF analysis to identify the key residue pairs of the laccase which can be used as
features. Feature importance was derived for each input features and used as a measure of relative
importance of a feature over others. The top 38 features capture 80% of the total feature importance as
shown in Figure 6.1a. These 38 residue pairs are shown in Figure 6.1b by lines connecting the C,, atoms
of the respective residues and listed in Table 6.1. Interestingly, we found that many residues out of these
38 pairs present in the active site loop (G159-P160-A161-F162-P163-1.164) as well as in the catalytic
site of laccase (see Figure 6.1b). To assess the uniqueness of these identified residue pairs, we repeated
the whole RF protocol for 200 replicates. The probability of observing at least # number of different
residue pairs out of the 38 pairs is plotted in Figure 6.A.4. C, — C, atom distances of these 38 residue
pairs were used as features for dimensionality reduction, deriving CVs for enhanced sampling and

subsequent kinetic modelling of our system.

Before constructing the low dimensional projection space for the laccase apo conformational landscape,
we opted to identify conformational clusters in this 38 dimensional feature space derived from the RF
classifier. We performed HDBSCAN clustering with different minimum cluster sizes on this high
dimensional space. We found that the six apo trajectories belong to six different clusters in this high
dimensional feature space (see Figure 6.A.5). Moreover, identical clusters have been obtained for
different minimum cluster sizes, showing the convergence of the results (Figure 6.A.5). In the next
section 6.3.2, this identification of different conformational clusters in the high dimensional feature
space will be used to find the best low dimensional projection space for the laccase apo conformational

landscape.
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Table 6.1. Selected residue pairs from the RF analysis.

F337 - A461 T105 — S225 K157 — E460
F44 - V126 P163 — D206 V425 — H454
F162 — F457 H66 — R243 F162 —F337
P4 — G38 A390 - H395 F337 -F344
G401 — N445 H402 — W449 Al155 -G159
F397 — F404 Cl117 -Al56 P163 —F457
Q70 - F97 W65 -Q70 F337 —H395
F162 — A461 N336 - A461 P446 —N478
H452 — F463 F330 —T428 182 — F344
A329 —-1339 F450 — 1459 M328 — N340
T114 — F457 T114 —A156 Q70 —W449
V154 - G159 F44 — V99 1356 — A475
A156 — F457 F162 - G334
a) |, b)
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Figure 6.1. a) Cumulative feature importance for the top 200 features. The top 38 features capture
80% of the total feature importance as shown by the black dashed lines. b) 38 selected residue pairs
identified using the RF classifier are shown on the laccase 3D structure. The lines connect the C
atoms (blue spheres) of the residue pairs. The thickness of a connection represents the importance of
the respective residue pair. The green lines involve the residues present in the active site loop (G159-

P160-A161-F162-P163-L164) and in the catalytic site of laccase. The active site loop is shown in

Number of features

magenta colour and the copper atoms are shown as orange spheres.
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6.3.2 Identifying the best low dimensional projection space for the laccase apo
conformational landscape: TICA vs VAE

In this section, we discuss and compare different low dimensional projection spaces for our system. We
have performed TICA on this cumulative 43 us discrete trajectories. In addition, a 2-dimensional VAE
latent space was also constructed using the same input feature dataset for the new TICA. The projections
of the six “ligand delete apo trajectories”, on the TICA eigenvectors and on the VAE latent space are
shown Figure 6.2a-b, respectively. Both the projection plots are coloured according to the clusters
obtained from the HDBSCAN method performed on the high dimensional feature space. Note that each
“ligand delete apo trajectories” belongs to different clusters on the high dimensional feature space as
observed in the previous section. Here, we can also see that on both of these low dimensional projection
spaces, each trajectory also belongs to separate clusters. However, substantial overlaps between these
different clusters have been observed on the 2-dimesional TICA space, whereas all the clusters are well
separated on the 2-dimesional VAE latent space. Thus, the VAE latent space correctly mapped the high

dimensional feature space for our system.

tIC 2
25

tIC 1 M1

Figure 6.2. a-b) Projections of the six “ligand delete apo trajectories” on the first two TICA
eigenvectors (tIC 1 and tIC 2) and on the 2-dimensional VAE latent space ([; and [1,), respectively.
Both the plots are coloured according to the clusters obtained from HDBSCAN analysis performed on
the high dimensional feature space. ¢-d) Implied timescale vs lag-time plots from K-means microstate
clustering on the high dimensional TICA space and 2-dimensional VAE latent space, respectively.
Standard errors are shown. Grey area covers the area where implied timescale is less than or equal to

lag-time.
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Furthermore, we calculated the implied timescales (see section 2.5 of Chapter 2) to identify the time
scales of the slowest processes to assess the quality of the projections. We performed K-means
clustering on the 10-dimensional TICA space as well as on the 2-dimesional VAE latent space and
subsequently estimated the implied timescales for various lag-times. Implied timescale vs lag-time plots
derived from TICA and VAE projection spaces are shown in Figure 6.2c-d, respectively. Similar time
scales were predicted in both of the scenarios. However, the errors associated with the largest time scale
are marginally higher for the VAE latent space compared to that of the TICA projection space. These
results indicate that the 2-dimensional VAE latent space not only correctly mapped the high dimensional
feature space, it also correctly encodes the same slow processes learned by TICA even though there was
no time information in VAE training. Thus, VAE outperformed TICA as a dimensionality reduction
method in our case both in terms of correctly mapping the high dimensional space as well as encoding
the slow processes for our system. So, we choose the VAE latent space as the best low dimensional

space for describing the laccase apo conformational landscape.

6.3.3 Comparing the performance of different kinetic clustering methods to identify
laccase metastable apo conformational states: PCCA+ vs VAMPnets

As the superiority of the VAE latent space as a dimensionality reduction method over TICA for our
system has been established, we built a MSM using 70 ns of lag-time using the K-means clustering
performed on the 2-dimensional VAE latent space and subsequently coarse-grained the model using
PCCA+* kinetic clustering method to identify metastable apo conformational states of laccase. Initially,
PCCA+ kinetic clustering was performed with 3 output states. These 3 metastable states are shown in
Figure 6.A.6 on the 2-dimensional VAE latent space. We observed that the PCCA+ generated metastable
states were not well separated on the VAE projection space. Moreover, PCCA+ clustering to more than
3 metastable states could not be performed because of the appearance of negative elements while coarse-

graining the corresponding transition matrices.

To examine whether we can obtain more than 3 metastable states, we performed VAMPnets with 4, 5
and 6 output states. Subsequently, implied time scales for various lag-times were calculated for the 4, 5
and 6-clusters VAMPnets models. In Figure 6.3a-b, we have shown the implied time scales at various
lag-times for the 4 and 5-clusters VAMPnets models, respectively and the same plot for the 6-clusters
VAMPnets model is shown in Figure 6.A.7a. 4 and 5-clusters VAMPnets models produced least errors
for the largest implied time scale, whereas the errors associated with that of the 6-clusters VAMPnets
model are pretty high (see Figure 6.A.7a). Moreover, as shown in Figure 6.3a-b, the time scales were
predicted similarly for the 4 and 5-clusters VAMPnets models, showing convergence of the results.
Furthermore, note that the higher implied timescales were predicted from the VAMPnets than TICA,

consistent with observations from a recent study®. In Figure 6.3c-d, we have shown the VAMPnets
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generated 4 and 5-state clustering on the 2-dimensional VAE latent space, respectively. 6 VAMPnets
clusters are shown in Figure 6.A.7b. It can be seen that all the VAMPnet generated clusters are well
separated on the VAE latent space unlike the PCCA+ generated clusters. In addition, VAMPnets has
been able to identify more metastable apo conformational states of laccase than PCCA+. Finally, we
decided to select the metastable conformations obtained from the 5-clusters VAMPnets model for

further analyses.

a) b)
c) d)
[\ [\
= =3
4 clusters 5 clusters
H1 H1

Figure 6.3. a-b) Implied timescale vs lag-time plots for the 4 and 5-clusters VAMPnets models,
respectively. Standard errors are shown. Grey area covers the area where implied timescale is less than
or equal to lag-time. c-d) 4 and 5 VAMPnets clusters are shown on the VAE latent space. Different

clusters are shown using different colours.
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6.3.4 Laccase apo free energy surface, metastable conformational states and Markov state
model

The final five apo metastable conformational states of the laccase, denoted as S1-S5, obtained from the
5-clusters VAMPnets model are shown on the 2-dimensional VAE latent space in Figure 6.4a. A MSM
was constructed from this five state assigned discreate trajectories using a lag-time of 70 ns. The MSM
passed the Chapman-Kolmogorov (CK) test (Figure 6.A.8). The reweighted laccase apo free energy
surface (FES) is shown in Figure 6.4b. Representative conformations of the laccase active site in these
five metastable states are shown in Figure 6.4c. Note that five distinct conformations of the laccase

active site have been observed in these five metastable states.

Inter-state transition rates and stationary probabilities of these five metastable states were calculated
from the MSM. Highest stationary probability of the state S2 makes it the predominant laccase apo state
followed by the state S4 and others. We have provided a kinetic network in Figure 6.4d by omitting

transitions with rates smaller than 1 ms~?!

, 1.e mean first passage time (MFPT) greater than 1000 s for
visual clarity. It can be seen that the transition rates between different laccase apo metastable
conformations are very low (all in the order of ms™1). Moreover, S1 — S4 transition is the fastest

among all, while the rates of all the other transitions are at least one order of magnitude smaller.

Several studies have proposed hydrogen bond as a good reaction coordinate to understand protein
conformational changes*®*®. Therefore, to understand why the inter-state transitions have such sluggish
kinetics and provide a physical picture associated with these transitions in terms of inter-residue
hydrogen bond breaking and formation, we performed hydrogen bond occupancy analysis*’ using 50
conformations taken from each of the five metastable state free energy basins. We generated a collection
of residue pairs that were found to be hydrogen bonded in at least one-third conformations out of 50
and the corresponding occupancy values were calculated for all the five states. Then the lists of
occupancy values were compared for each pair of states to calculate the percentage dissimilarities in
hydrogen bond networks. In Figure 6.4e, we have shown the percentage dissimilarities in hydrogen
bond networks for each pair of metastable states and found that the dissimilarities in hydrogen bonding
for each pair of metastable states are more than 40%. Therefore, all the metastable conformational states
are significantly different from each other in terms of presence or absence of inter-residue hydrogen
bonds. In Figure 6.4f, we have shown those inter-residue hydrogen bonds that need to form and break
to make a transition from the second most populated apo state S4 to the most populated state S2 of
laccase. Similar pictures for some of the other inter-state transitions are shown in Figure 6.A.9. It can
be observed that these hydrogen bonds are scattered throughout the entire protein, not localised only
around the active site. All these results indicate that to make a transition between any two metastable

states, the protein has to perform a large amount of hydrogen bond reformation (breaking and making)
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at a global level, not only limited around the active site. This could be a possible reason of observing

such slow transitions between the metastable apo conformations of laccase.

After finding these metastable apo conformational states of the laccase, we are now in a position to
qualitatively investigate whether different dye molecule binding to the laccase occur via conformation

selection or induced fit mechanism.

a) b) c) S2 S3

Residues: 159-164
Residues: 390-393

e) f) sams2

2.9 ms-1

Figure 6.4. a) Apo metastable states (S1-S5) of the laccase obtained from the 5-cluster VAMPnets
model are shown on the 2-dimensional VAE latent space. b) Reweighted laccase apo free energy
surface. ¢) Representative conformations of the active site of the laccase in these five states. Copper
atoms are shown as orange spheres. d) A kinetic network shows transition rates between the

metastable states. Transitions with rates smaller than 1 ms™?

are not shown for visual clarity. Width
of a arrow is proportional to the corresponding transition rate, whereas circle size represents the
stationary probability of the respective metastable state. e) Percentage dissimilarities for a collection
of inter-residue hydrogen bonds (Hbond) between each pair of states. f) Inter-residue hydrogen bonds
that need to form (green lines) and break (red lines) for the S4 — S2 transition. The lines connect the
C, atoms (blue spheres) of the respective residue pairs. The active site loop (G159-P160-A161-F162-

P163-L164) is shown in magenta colour and the copper atoms are shown as orange spheres.
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6.3.5 Dye molecule binding to laccase: Conformational selection or Induced fit

In this section, we will try to qualitatively answer whether the five dye molecules, e.g brilliant blue,
coumarin 343, crystal violet, methyl green and thioflavin T, bind to the laccase via conformational
selection or induced fit by projecting the dye bound laccase conformations on the apo FES. The results
are shown in Figure 6.5a. This figure shows that projections of all the five dye bound laccase
conformations reside on different regions of the apo FES. A close inspection further reveals that
different dye bound laccase conformations are actually correspond to different laccase apo metastable
states: (i) brilliant blue bound laccase conformations are residing in the S3 state, (ii) methyl green,
coumarin 343 and thioflavin T bound conformations are residing in the S4 state and (iii) crystal violet
bound conformations are residing in the S1 state. Therefore, these laccase apo metastable conformations
are dye molecule binding competent conformations. Also note that as discussed in the previous section
6.3.4, among these five metastable states, S2 is the predominant one. Thus, all the five dye molecules
bind to higher energy laccase apo conformations. From all these observations, we hypothesize that these

five dye molecule binding to the laccase proceeded possibly via conformational selection mechanism.

Ligand bound Ligand delete

Figure 6.5. a) Projections of the brilliant blue (BB), coumarin 343 (CM), crystal violet (CV), methyl
green (MG) and thioflavin T (TT) bound protein conformations (labelled as Ligand bound) on the
laccase apo FES. b) Projections of the last 500 ns of the respective apo protein trajectories generated

after deleting the dyes from the laccase active site (labelled as Ligand delete).
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In Figure 6.5b, we have shown the projections of the last 500 ns of the respective apo protein trajectories
generated after deleting the dyes from the laccase active site. It can be seen that while the protein moves
to the local minimum after removing brilliant blue dye, it resides roughly in the same locations of the
respective regions on the FES after deleting the other four dyes from the laccase active site. Laccase
apo and holo FES should be compared to calculate how much the population of these binding competent
metastable states change in holo as compared to apo in order to develop a deeper understanding of the

dye molecule binding phenomenon.

6.3.6 Allostery in laccase

Interestingly, we have observed that another loop (loop-2; resids:331-337) shows significant
conformational difference in the 5 laccase apo metastable states as shown in Figure 6.6a. In the state
S2, this loop is disordered, whereas in the states S4 and S5, this loop forms anti-parallel (3-sheet and
helix respectively. Loop-2 is around 2 nm away from the loop-1 (resids:G159-P160-A161-F162-P163-
L164) and forms the other end of the laccase active site. Moreover, we have observed that residues F332
and F337 residing in loop-2 are in different orientations in different metastable states. Previous
experimental mutation study has shown that F332A mutation dramatically affects the catalytic
efficiency of laccase®. Therefore, from all these observation, we propose that there is an allosteric

connection between the loop-1 and loop-2 in laccase.

We have investigated this allosteric connection using mutual information theory and correlationplus
python package®'. In Figure 6.6b, we have shown the correlations between pairs of residues in these
two loops. We can observed that the motions of the two loops are highly correlated. In Figure 6.6¢, we
have provided an possible allosteric pathway starts from the residue F332 (source) in loop-2 and ends
at the residue F162 (sink) in loop-1 derived from the correlation values. We have also observed
significant change in some inter-residue hydrogen bond occupancies around these two loops. These

residue pairs are also shown in Figure 6.6c.
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b)

Figure 6.6. a) Different conformations of the loop-2 (resids: 331-337) in different metastable states
are shown. b) Correlations between the pairs of residues residing in these two loops are derived from
linear mutual information theory. ¢) Possible allosteric pathway starts from F332 (source, C, atom as
red sphere) in loop-2 and ends at F162 (sink, C, atom as red sphere) in loop-1. The residues residing
on this pathway are also shown. The green lines connect the C, atoms (pink spheres) of the residue
pairs that show significant difference in inter-residue hydrogen bond occupancies. Cu atoms are shown

as orange spheres.

6.4 Conclusions

We have discussed the dye binding mechanism to laccase using classical MD simulations coupled with
various machine learning approaches. We started our analysis of simulation data using the Random
Forests classifier to identify important set of residue pairs as features for our system. Using the selected
residue pairs and HDBSCAN clustering method, we discovered the existence of distinct apo
conformational clusters in the high dimensional feature space. Subsequently, we compared the results
of two different classes of dimensionality reduction methods: (i) a linear method, time-lagged
independent component analysis (TICA) and (ii) a non-linear method, variational autoencoder (VAE)

to obtain the best low dimensional representation for our system. The results showed that 2-dimensional
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VAE latent space not only correctly mapped the high dimensional feature space, it also encoded the
same slow processes learned by TICA even though there was no time information in VAE training.

Thus, We conclude that VAE outperformed TICA as a dimensionality reduction method for our system.

We next performed kinetic clustering using VAMPnets deep learning method. A Bayesian MSM built
from the VAMPnets clustering to 5 metastable states showed that the transition between these states
were very slow (transition rates were in the order of ms~1). Hydrogen bond occupancy analysis showed
that all these states are significantly different from each other in terms of inter-residue hydrogen bond
network. In addition, we also found out that these hydrogen bonds are scattered throughout the entire
protein, not localised only around the active site. Therefore, we conclude that to make a transition
between any two metastable states, the protein has to perform a lots of hydrogen bond reformation at a
global level. This physical picture provides a way to understand the observed slow transitions between

the metastable states.

Projections of the five dye molecule bound protein conformations on the apo free energy surface
revealed that all the laccase bound conformations corresponded to different aforementioned apo
metastable conformational states of the protein. Therefore, the dye molecules bind to the pre-existing
conformations of the laccase. From all these observations, we hypothesize that these five dye molecule
binding to the laccase proceeded possibly via conformational selection mechanism. However, laccase
apo and holo free energy surface should be compared to calculate how much the population of these
binding competent metastable states change in holo as compared to apo in order to develop a deeper

understanding of the dye binding phenomenon.

We have also observed significant conformational change occurred in another loop in these metastable
states, far away from the active site loop. Together with experimental mutation data and allosteric
analyses, we have proposed an allosteric connection between this loop and our previously identified

active site loop.
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Appendix 6.A

Figure 6.A.1. a) — ¢) Projections of the 6 apo “ligand delete apo trajectories” and 5 TICA-
Metadynamics trajectories are shown on different TICA eigenvectors. d) — f) The crosses denote
100 different conformations used to generate 100 short equilibrium trajectories. g) — i) 100 short

equilibrium trajectories are projected on different TICA eigenvectors.

Figure 6.A.2. Variational autoencoder loss of training and validation.
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a) 4-clusters b) S-clusters ¢) 6-clusters

Figure 6.A.3. a) — ¢) VAMP2 scores for 4, 5, and 6-cluster VAMPnets model training and validation.

Figure 6.A.4. Probability of observing at least n number of different residue pairs out of the 38

selected residue pairs over replicates of Random Forest analysis.

Figure 6.A.5. HDBSCAN assigned clusters for the six “ligand delete apo trajectories” for two

min_samples parameter values.
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Figure 6.A.6. 3 clusters obtained from the PCCA+ kinetic clustering method are shown on the VAE

projection space. Different clusters are shown using different colours.

6 clusters

Figure 6.A.7. a) Implied timescale vs lag-time plots for the 6-cluster VAMPnets model. Standard
errors are shown. Grey area covers the area where implied timescale is less than or equal to lag-
time. b) The 6 clusters are shown on the VAE projection space. Different clusters are shown by

different colours.
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Figure 6.A.8. Chapman-Kolmogorov (CK) test 5 state MSM.
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S1% S2 S3® S2
Figure 6.A.9. Inter-residue hydrogen bonds that need to form (green lines) and break (red lines) for

the corresponding transition. The lines connect the C, atoms (blue spheres) of the respective residue
pairs. The active site loop (G159-P160-A161-F162-P163-L.164) is shown in magenta colour and the

copper atoms are shown as orange spheres.
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WeTICA: A directed search weighted ensemble
based enhanced sampling method to estimate rare

event Kinetics in a reduced dimensional space

7.1 Introduction

MD simulation is an indispensable tool to understand different biomolecular processes and calculate
associated thermodynamic and kinetic properties, for example, binding energy of a ligand to a target
receptor'?, free energy landscape of proteins® and kinetic rate constants associated with ligand
dissociation (and association) from (to) a target receptor* °. Despite the remarkable advances in MD
software and hardware that enable us to access millisecond time scales at atomistic resolution, normal
MD simulations usually struggle to overcome the barriers associated with different processes making

such events rare and difficult to capture.

A plethora of methods, known as enhanced sampling techniques, have been developed as a solution for

sampling rare events. Some of the popular methods are Metadynamics (MetaD)”'? and its different

variants'?, adaptive biasing force (ABF)"*'®, Gaussian-accelerated molecular dynamics (GaMD)'"'¥,

19-23 )24,25

Replica exchange methods” ~°, T —Random acceleration molecular dynamics (TRAMD and
various methods employing machine learning based techniques** . These enhanced sampling methods

not only facilitate quick exploration of the rugged biomolecular free energy landscape, but also enable
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the calculation of rare event kinetics*®

(MSM)36_39.

and building kinetic models like the Markov state model

As discussed in section 2.7.2 of Chapter 2, weighted ensemble (WE)*** simulation is a special class
of enhanced sampling method capable of calculating kinetics of rare events. WE has proven to be useful
in studying many biologically relevant systems*>'. WESTPA***> is a popular toolkit to perform and
analyse WE simulations. Generally, in conventional WE protocol, the configurational space is mapped
onto a low dimensional collective variable (CV) space that describes the transition of interest, followed
by dividing it into bins. Several trajectories (called “walkers” in WE framework) pre-assigned with
probabilities or weights are simultaneously initiated from the initial structure. Walkers that reach new
bins are cloned, that is, two new simulations will be started from that configuration, and walkers residing
in the same bin will be merged™. In this way, the simulations evolve under the natural dynamics of the
system with trajectory resampling (cloning + merging) for many iterations to enhance the sampling of
rare events. WE simulation protocol has been successfully combined with other methods like
milestoning (WEM)***, gaussian accelerated molecular dynamics (GaMD-WE)*’, neural networks
(DeepWEST)*® to improve sampling and computing thermodynamic and kinetic properties. Since the
resampling decisions are made based on the exploration of new bins in the CV space, the choice of
appropriate CV space and binning schemes affect the algorithm’s performance. Different binning
techniques like voronoi polyhedral®, finite temperature string method®', minimal adaptive binning
(MAB)®, mean first passage time (MFPT) binning® have been developed to partition the CV space.
Despite these mathematical developments, determination of good CV space and optimizing the binning

scheme are still non-trivial tasks.

Resampling Ensembles by Variation Optimization or REVO®*® is a popular “binless” WE simulation
algorithm based on the optimization of a quantity called “trajectory variation”, which can be considered
as a metric of how different the walkers are from each other. The use of binless WE method can bypass
the hurdles of optimizing binning schemes to obtain quantitatively accurate and converged results. In a
recent study®, REVO was used to calculate residence times (in minutes time scales) of various
inhibitors of soluble epoxide hydrolase (sEH). Despite the success of this algorithm, the current
implementation of REVO in WE software Wepy®’ cannot be directly used to study other biologically
relevant diverse class of problems like protein folding-unfolding or transition between different

metastable conformational states of biomolecules.

To broaden the applicability of binless WE methods, in this chapter we have discussed about the
development of a new binless WE algorithm utilizing the fundamental principles of the REVO
algorithm. Our algorithm , named WeTICA, has been implemented based on the Wepy®’ codebase. Our
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proposed protocol uses a fixed pre-defined low dimensional linear CV space to drive the WE
simulations toward the specified target state. In this work, we have demonstrated the performance of
this new algorithm using projections along time-lagged Independent Component Analysis (TICA)®
eigenvectors (see section 2.4.2) as CVs to recover the unfolding kinetics of three benchmark proteins:
1) TC5b Trp-cage mutant, 2) TC10b Trp-cage mutant and 3) Protein G with known unfolding times

spanning the range between 3 us — 40 ps.

7.2 Method

We have defined a new “trajectory variation” (V) function as follows:

V= Vi = Zidi; (7.1)

from target

where df., target 18 the distance of walker i measured from the target state conformation using some

distance metric and the summation is over all the walkers at each cycle. Although the original algorithm
of REVO used a different form for the variation function®, our algorithm works similarly by

maximizing this parameter V (Eq. (7.1)) using trajectory resampling.

Root mean squared distance (RMSD) between protein backbone atoms is a very high dimensional
distance metric routinely used to quantify the difference between two conformational states. However,
the RMSD CV suffers from a significant degeneracy problem at larger values. Thus, having a large and
same RMSD value of two walkers with respect to some distant reference state does not necessarily
mean that they have the same conformation/state. This degeneracy problem becomes increasingly

pronounced with higher dimensionality of the problem.

The choice of a lower dimensional CV space not only tackles the degeneracy issue associated with high
dimensions, but choosing appropriate CVs can separate the metastable states of interest and capture the
transition processes between the states. However, we should always keep in mind that any projection
from a higher dimensional space to lower dimensional space has other demerits as well. Time-lagged
independent component analysis (TICA)*"" is capable of capturing slow modes in a molecular process.
TICA is a linear dimensionality reduction method where the actual high dimensional descriptor data
sets are projected on some leading TICA eigenvectors to visualize important metastable states in a low

dimensional representation (see section 2.4.2 of Chapter 2). Furthermore, TICA components are not
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L7 their use as CVs

only widely used to build MSMs for studying kinetics from MD simulation data
for enhanced sampling is also established”*. Thus, we decided to project all the walkers after every cycle
on some pre-defined TICA eigenvectors using some descriptor datasets and then calculate the Euclidean
distances between the projections of the walkers and the projection of the target state conformation. So,
the TICA eigenvectors serve as CVs in our algorithm. Note that the eigenvectors will be fixed
throughout the entire simulation and due to the flexibility of this algorithm, any larger number of CVs
(TICA eigenvectors) can be used without significant computational cost, unlike other popular enhanced

sampling methods like umbrella sampling or metadynamics. Moreover, this algorithm can be used with

any linear dimensionality reduction methods and is not just limited to TICA.

The difmm target parameter in Eq. (7.1) is the Euclidean distance between the projection of the i-th
walker and the projection of the target state conformation on this fixed TICA projection plane. We have
implemented two different sets of input featurization schemes: 1) pair-wise distances between the
C, atoms, and 2) distances between any set of selected atom pairs. Apart from calculating db. target >
we also calculate distance between every pair of walkers dj; to make the merging decision based on

some distance cutoff on the same TICA projection plane.

Since variation V; of the walker i is defined as the inverse of its distance from target (Eq. (7.1)), the
walker that is closest to the target has the largest variation value. As a result, this algorithm selects the
walker i which is closest to the target for cloning and the walker j which is farthest from the target as
the first candidate for merging to fulfill the objective of maximizing total variation V. Then it will search
for another walker & (excluding 7 and j) for the second candidate to form the merging pair with walker
J if the distance between walker j and walker & is less than some predefined cut-off distance dpyerge,
such thatdjx < dperge and wj + wi < pmay. Here wj and wy are the weights of the walker j and
walker £, respectively, and ppax is the maximum weight that a walker can hold. We set ppax = 0.20
and any walker whose weight after cloning becomes less than p,;, = 10712 is prohibited from

cloning.

After selecting a suitable merging pair, a walker from that merging pair (j, k) is randomly selected for
continuation with the total weight (wj + wy) and the other walker is discontinued. Like the original
algorithm of REVO, this selection scheme goes on until V reaches a local maximum or no walkers are
left for cloning and merging, at which point the ensemble is again propagated forward in time by the

MD integrator.
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To correctly calculate rate, it is necessary to recognise when the system has moved from the initial state
basin and arrived in the desired one even if the precise knowledge of the corresponding transition state
is not known'?. We have used the target state conformation to steer the process to the correct direction.
When a walker reaches inside a hypersphere of radius dyy,rp centred around the projection of the target
state conformation on the same projection plane, it is considered that the walker crosses into the final
desired state basin. Then the corresponding weight of the walker will be saved and that walker will be
re-initiated with the starting conformation. This process is called warping and the corresponding walker
is called warped walker. Mean first passage time (MFPT) is calculated directly from the weights of the

warped walkers as follows:

MFPT = — (7.2)

XG0 eu Wit

where T'is the total simulation time, U is a set of tuples denoting the walker indices i and the time point
t when the walker is warped, wj  is the weight of the warped walker i at that time point 7. A full workflow
diagram illustrating our algorithm is presented in Figure 7.1. Table 7.A.1 summarizes the key

differences between the original REVO algorithm and our proposed algorithm.

Calculate the distance of each
a walkers from the target on some
- predefined linear CV space
after N steps of MD

—! y N i

Start: Perform normal MD
with N, walkers for N steps
from starting conformation.

Again start normal MD form the Resampling: Select Walke'rs
@ . closest to the target for cloning
2 resampled walker conformations | <G
S and walkers farthest from the
3 for N steps. 4 . .
b arget as merging pairs
=
g I e e e e e e e e e e e e e e e e e e - —m———— -
— a i 1
Stop the simulation and O
calculate MFPT. Check progress: Gradual decrease of é
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No g
1 Yes =
]
! 3
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with time ?

Figure 7.1: Workflow diagram illustrating the WeTICA algorithm.
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7.3 Guidelines for choosing WeTICA simulation parameters

Setting up a WeTICA simulation requires careful optimisation of certain input parameters to ensure
efficient sampling of the productive trajectories. Here we provide some specific guidelines for choosing
these parameters such as the number of walkers, generation and dimensionality of the CV space, walker

merging distance dpyerge and the walker warping distance dy,rp that aim to an efficient and correct

computation of MFPTs.

7.3.1 Number of walkers: Increasing the number of walkers will speed up the search process, but
running greater number of simulations simultaneously will increase the computational wall time due to
the limited number of computational resources. Thus, we advise to choose the number of walkers

keeping a balance between these two factors.

7.3.2 Generation and dimensionality of CV space: The TICA eigenvectors should be computed
before starting WeTICA simulations from unbiased MD trajectories (mostly in the two end states). As
test cases, we have performed WeTICA simulations using TICA eigenvectors generated from both long
unbiased trajectory and two short end-state simulation trajectories as discussed in the later sections of

this chapter. It turns out that this method is working in both cases.

Since the major goal of this kind of enhanced sampling methods is to compute the kinetics of transition
between the states, choose the minimum number of TICA eigenvectors as CVs that can ensure a proper

separation of the two end states to avoid degeneracy arising due to large number of dimensions.

7.3.3 The choice of d,erge: Create a distribution using the distances between all the pair-wise
projection points of the initial state ensemble conformations and then use the position of the minimum
of this distance distribution as dperge- This choice of dperge Will resemble the approximate size of the

initial state basin on that CV space and thus ensure that the merging walker pairs belong to the same

basin.

7.3.4 The choice of dy,.p: Create a distribution using the distances between all the pair-wise

projection points of the target state ensemble conformations and then use the position of the minimum

of this distance distribution as dyarp. This choice of dyarp Will resemble the approximate size of the

target state basin on that CV space and thus ensure that the walkers have arrived in the target state basin

when they are warped.
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However, if the target state has high entropy (large number of possible configurations) with a flat basin
in the free energy landscape, for example, targets in the protein unfolding or ligand unbinding processes,
it might be difficult to sample enough data using short trajectories to obtain approximate size of the
target state basin. In such cases, if the value for dy,rp is not carefully chosen, the walkers may diffuse
randomly without entering the hypersphere of radius dyyarp centred around the representative target
state conformation even though they have already reached the target state basin. This will slow down
the convergence of the WeTICA simulation. In such cases, we advise to test various values of dyarp
while ensuring sufficient escape form the initial state basin and choose the largest value as dyarp to

speed up convergence and accurate calculation of rate constants.

7.4 Computational details

7.4.1 TCSb mutant of Trp-cage

The NMR structure (PDB ID: 1L.2Y™) of the 20-residue TC5b Trp-cage mutant was modelled using
CHARMMS36 force filed”. The protein was solvated in a cubic box of ~44 A side length containing
2679 TIP3P’® water molecules and one Cl™ ion to neutralize the system. The system was then energy
minimized using the steepest descent algorithm and equilibrated for 200 ps in NPT ensemble at 300K
temperature and 1 atm pressure using GROMACS v2019.6"". Production run was conducted in NPT
ensemble for 1.85 us at the same temperature and pressure. Temperature and pressure were maintained
using velocity rescale method’”® with time constant of 0.1 ps and Parrinelo-Rahman barostat” with a
time constant of 2 ps respectively. All simulations were performed under periodic boundary conditions
and the long range electrostatic interactions were handled using the Particle Mesh Ewald (PME)*
summation method. The cut-off distances for electrostatic and van der Waals interactions were set to
10 A. Bonds containing hydrogen atoms were constrained with LINCS®!. Leap-frog integrator was used
with an integration time step of 2 fs. Frames were saved at every 20 ps interval. After the completion
of the production simulation, fraction of native contacts (Q) were calculated using MDTraj python
package™ for all the frames of the entire 1.85 ps trajectory with respect to the first frame considered as
the folded structure. A snapshot with Q ~ 0.2 was taken as a representative of the unfolded state
ensemble. This representative unfolded conformation was used as the target state conformation for the
subsequent WeTICA simulations. Folded and the representative unfolded structures for this Trp-cage

mutant are shown in Figure 7.2a.

We choose 153 C, — C, atom pair wise distances (C, atoms are at least 2 residues apart i.e i and i+3)

as the feature to calculate TICA eigenvectors trained on the entire 1.85 ps long folding-unfolding
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trajectory with a lag-time of 10 ns using PYEMMA v2.5.12 Python package®. The first two TICA
eigenvectors (TIC1 and TIC2) were used as CVs to perform several independent WeTICA simulations
in NPT ensemble starting from the solvated folded structure. Details of the WeTICA simulation

parameters are provided in Table 7.1.

7.4.2 TC10b mutant of Trp-cage

We took the 208 ps long explicit solvent K8A mutant of the 20-residue Trp-cage mini protein (TC10b)
simulation trajectory generated by D.E Shaw Research®. The closest experimental structure is PDB ID:
2JOF™®, The protein was modelled using CHARMM?22* force field* and solvated with TIP3P’® water
molecules. We calculated the Q values of every frames of this trajectory with respect to the first frame
considered as the folded structure. A snapshot with Q ~ 0.2 was taken as a representative of the unfolded
state. This representative unfolded conformation was used as the target state conformation for the
subsequent WeTICA simulations. Folded and the representative unfolded structures for this Trp-cage

mutant are shown in Figure 7.2b.

This folded structure was solvated in a cubic box of ~ 43 A side length with 2505 TIP3P”® water
molecules, 0.65 mM NaCl concentration and modelled using CHARMM22* force field*® with Asp &
Arg side chains in their charged states. Again a set of 153 C, — C, atom pair wise distances was used
as the feature to calculate TICA eigenvectors trained on the entire 208 ps long Anton folding-unfolding
trajectory of this mutant using a lag-time of 10 ns. First two TICA eigenvectors were used as CVs to
perform several independent WeTICA simulations in NVT ensemble starting from the solvated folded

structure. Details of the WeTICA simulation parameters for this Trp-cage mutant are provided in Table

7.1.
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Figure 7.2: Upper row shows the folded structures and the lower row shows the representative unfolded
structures in cartoon representation for a) TC5b Trp-cage mutant b) TC10b K8A Trp-cage mutant and
¢) Protein G, respectively. These unfolded structures were used as the target state conformations in the

corresponding WeTICA simulations.

7.4.3 Protein G

We took two trajectory segments of 2 ps long sampled the folded and unfolded states from the 168 ps
long explicit solvent N37A/A46D/D77A triple mutant of the redesigned protein G variant NuG2
(closest experimental structure PDB ID:1MI0*) simulation trajectory generated by D.E Shaw
Research®. The protein was modelled using CHARMM22* force field*® and solvated with TIP3P®
water molecules. We calculated the Q values of every frames of these two trajectories. A snapshot with
Q ~ 0.2 was taken as a representative of the unfolded state. This representative unfolded conformation
was used as the target state conformation for the subsequent WeTICA simulations. Folded and the

representative unfolded structures are shown in Figure 7.2c.

TICA eigenvectors were calculated using C, — C, atom pair wise distances as the feature for a lag-
time of 20 ns trained on these two end-state trajectories. The folded structure was modelled using
CHARMM22* force field® with Asp, Glu and Lys side chains in their charged states and solvated with
100 mM NaCl salt concentration in a cubic box of ~57 A side length with 5438 TIP3P"® water

molecules. The solvated structure was energy minimized and equilibrated at 350K temperature. The
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first two eigenvectors were used to perform several independent WeTICA simulations in NVT

ensemble from the equilibrated solvated folded structure. Details of the WeTICA simulation parameters

are provided in Table 7.1.

All WE simulations were performed using a modified version of the Wepy®” v1.1.0 software. Dynamics

was performed using OpenMM v7.5.1%. Validation of the chosen WeTICA simulation parameters will

be addressed in the next section while discussing results.

Table 7.1: Details of the WeTICA simulation parameters for the three systems.

Parameters Trp-cage (TCSb) Trp-cage (TC10b) Protein G

No. of walkers N, 24 24 24

Temperature 300K 290K 350K

Feature Cx — Cy atom pair- | C4 — C, atom pair-wise | C, — C, atom pair-
wise distances distances wise distances

Eigenvectors First two TICA | First two TICA | First two TICA
eigenvectors. eigenvectors. eigenvectors.

Non-bonded cut-off 10 A 9.04 9.5 A

Integration time step 2 fs 2 fs 2 fs

Resampling interval 20 ps 20 ps 20 ps

Merge dist. dmerge 0.50 0.50 0.25

Warp dist. dwarp 0.75 0.75 1.40

7.5 Results and discussions

7.5.1 Unfolding kinetics of TC10b Trp-cage mutant

We first calculated the unfolding time (t,) of the TC10b Trp-cage mutant using our protocol. Simulated

unfolding time of 3 £ 1 ps at 290K temperature was reported from the direct analysis of the 208 ps

long unbiased Anton trajectory™ of this mutant as well as from a high resolution MSM built from the

same trajectory®’. Projections of all the frames of the entire Anton trajectory on the first two TICA

eigenvectors (TIC1 and TIC2) used in WeTICA simulations were labelled with the O values of the
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corresponding conformations (see Figure 7.A.1). A clear separation between the folded and unfolded
state ensembles on this projection plane validates the choice of this projection space to run the WeTICA

simulations.

We set dperge = 0.50 and dyy,rp = 0.75 for walker merging and warping, respectively. Notice that
dmerge = 0.50 and dyy,rp = 0.75 correspond to the locations close to the first minima of the distance
distributions between pairs of projection points for the folded and unfolded state basins, respectively
(Figure 7.A.2). These cut-off distances were chosen to resemble the approximate size of the folded and

unfolded state regions on this TICA space. Thus, this choice of the dyarp ensures the arrival of the

walkers in the unfolded state basin. In Figure 7.3a, we have shown the projections of a normal MD
trajectory segment and WeTICA unfolding trajectory on the free energy surface (FES) derived using the
projection of the full Anton trajectory. We can see that in normal MD the system got stuck in the folded
state basin for 500 ns whereas in WeTICA simulation it has reached the unfolded region within ~ 6 ns.
This highlights the sampling efficiency of our algorithm. In Figure 7.3b, we have plotted the Q values
of this WeTICA unfolding trajectory with time. In the inset of the Figure 7.3b, we have shown the
distribution of the Q values of the warped walker conformations. This Q value distribution has a broad
range (0.7 — 0.2) and also shows that all the walkers indeed left the folded state basin and crossed into
the unfolded state region when they were warped by the algorithm to calculate unfolding kinetics. Note
that due to the broad spread of the unfolded state basin as compared to the folded one (Figure 7.3a),

larger values for dyarp can be tested while ensuring proper escape of the walkers form the folded state

basin (Q = 0.80) to speed up convergence as discussed in Section 7.3.4. The same folded conformation
was used in the fraction of native contact analysis for both normal MD and WeTICA unfolding

trajectories.

The cumulative sum of the unfolding probabilities from each independent WeTICA simulations as well
as the average result as a function of the total simulation time are plotted in Figure 7.3c. Average
aggregated unfolding probability was used to subsequently calculate the unfolding time (t,) of this
Trp-cage mutant using Eq. (7.2). The final result is shown in Figure 7.3d. Unfolding time calculation

8489 (3 + 1 ps) within few “ns” of total simulation time. Computed

converged to the reported value
unfolding time of 3.77 £ 0.15 ps (average and standard error of the data shown in the inset of Figure
7.3d) matches reasonably well with the previously reported simulated unfolding time. Therefore, our
methodology not only enhances the sampling rate compared to unbiased MD, it also successfully

reproduces the unfolding time with significantly less computational cost.
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Figure 7.3: a) Projections of the normal MD trajectory segment and WeTICA unfolding trajectory on
the first two TICA eigenvectors (TIC1 and TIC2) are shown on the free energy surface derived from
the Anton trajectory. b) Fraction of native contacts (Q) with time are plotted for this WeTICA unfolding
trajectory. Inset shows the distribution of the Q values of the warped walker conformations. ¢) The
cumulative sum of the unfolding probabilities from each independent WeTICA simulations as well as
the average result as a function of the total simulation time are plotted. Blue shaded region represents
the standard error of the mean (std err). d) Computed unfolding time (t,,) is plotted as a function of the
total simulation time. Reported value (red line) represents the previously simulated unfolding time (3 +
1 ps) for the TC10b mutant of Trp-cage protein. Inset shows a close view of the converged region. Red

shaded regions represent the standard error of the reported value.

138



7.5.2 Unfolding kinetics of TC5b Trp-cage mutant

We next calculated the unfolding time (t,) of the Trp-cage TC5b variant using our methodology. The
experimental unfolding time of this mutant is 12.7 ps at 296K temperature®. Projections of all the
frames of the 1.85 ps long normal MD trajectory on the first two TICA eigenvectors (TIC1 and TIC2)
used in WeTICA simulations were labelled with the Q values of the corresponding conformations
(Figure 7.A.3). A clear separation between the folded and unfolded state basins for this system validates

the use of this projection space for the WeTICA simulations.

We choose dperge = 0.50 and dyy,rp = 0.75 for walker merging and warping, respectively. Note that
dmerge = 0.50 and dyy,rp = 0.75 again correspond to the locations close to the positions of the first
minima of the distance distributions between pairs of projection points for the folded and unfolded
state basins, respectively (Figure 7.A.4). In Figure 7.4a, we have shown the comparison between a
segment of normal MD trajectory and WeTICA unfolding trajectory on the free energy surface (FES)
derived using the full normal MD trajectory. We can see that in normal MD the system got stuck in the
folded basin for 500 ns whereas in WeTICA simulation the protein unfolds within ~ 20 ns. In Figure
7.4b, we have plotted the Q values of this WeTICA unfolding trajectory with time. In the inset of the
Figure 7.4b, we have shown the distribution of the Q values of the warped walker conformations. This
distribution of the Q values has a broad range (0.7 — 0.2) and also shows that all the walkers indeed left
the folded state basin (Q = 0.80) and arrived at the unfolded state basin when they were warped by

the algorithm. As discussed in section 7.3.4, larger values for dyarp can be chosen in this case also.

The cumulative sum of the unfolding probabilities from each independent WeTICA simulations as well
as the average result as a function of the total simulation time are plotted in Figure 7.4c. Average
aggregated unfolding probability was used to subsequently calculate the unfolding time (t,) of this
Trp-cage mutant. The final result is shown in Figure 7.4d. The calculated unfolding time converged to
the experimental value® (12.7 us) within at least one order of magnitude less cumulative WE
simulation time than the unfolding time scale. Computed unfolding time of 12.87 =+ 0.09 ps (average
and standard error of the data shown in the inset of Figure 7.4d) matches reasonably well with the

experimental unfolding time.
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Figure 7.4: a) Projections of the normal MD trajectory segment and WeTICA unfolding trajectory on
the first two TICA eigenvectors (TIC1 and TIC2) are shown on the free energy surface derived from
the 1.85 ps long normal MD trajectory. b) Fraction of native contacts (Q) with time are plotted for this
WeTICA unfolding trajectory. Inset shows the distribution of the Q values of the warped walker
conformations. ¢) The cumulative sum of the unfolding probabilities from each independent WeTICA
simulations as well as the average result as a function of the total simulation time are plotted. Blue
shaded region represents standard error of the mean (std err). d) Computed unfolding time (t) is
plotted as a function of the total simulation time. Reported value (red line) represents the experimental
unfolding time (12.7 ps) for the TC5b mutant of Trp-cage protein. Inset shows a close view of the

converged region.

For both the mutants of the Trp-cage mini protein, WeTICA simulations produced reasonably accurate
unfolding times with only few “ns” of simulations. However, we calculated the TICA eigenvectors
(CVs) for these two systems using long enough unbiased trajectories where several folding-unfolding
events have been observed. Thus, by construction, the TICA eigenvectors are embedded with all the
necessary information related to the slow folding-unfolding processes. But in most of the practical
scenarios, the appropriate CVs that can capture the transition of interest are not known a priori due to

the time scale limitation of unbiased MD simulation. On the other hand we can always generate TICA
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eigenvectors trained on two short end-state trajectories with perhaps no hopping between the two states.
Now the question naturally arises: will our method be able to calculate rare event kinetics using CVs
derived from such two end-state simulation trajectories? We will discuss this scenario using the example

of the unfolding of Protein G in the next section 7.5.3.

7.5.3 Unfolding kinetics of Protein G

Simulated unfolding time of 37 + 10 ps at 350K temperature was reported from the direct analysis of
several us long Anton trajectories of redesigned Protein G* variant NuG2. The projections of the two
Anton simulation trajectory segments belong to the folded and unfolded states on the first two TICA
eigenvectors as used in WeTICA simulations are shown in Figure 7.5a. Each projection point is labelled
according to the Q value of the corresponding conformation. Note that this time the folded and unfolded
state regions are disconnected on this TICA projection plane as compared to the previous two examples.
We set dpyerge = 0.25, which corresponds to the position of the minimum of the distance distribution
between pairs of projection points for the folded state basin (Figure 7.A.6). As we have discussed in
section 7.3.4 and assuming that only 2 us unbiased trajectory may not be sufficient to sample the whole
unfolded state of large proteins like Protein G, we cannot confidently calculate the approximate size of
the unfolded state region for large systems using short trajectories. Thus, we decided to check different
values for the dyy,rp parameter while ensuring proper escape of the walkers form the folded state basin
(Q = 0.80). This is accomplished by monitoring the Q values of three productive WeTICA unfolding
trajectories generated using three different values for dyarp = 1.0,1.2 and 1.4 with time. The results
are shown in Figure 7.5b. We can see that in all three cases, the Q values of the walkers are within 0.7-
0.6 when they were warped by the algorithm. This ensures that all the walkers have indeed left the
folded state basin sufficiently before getting warped by the algorithm. Thus, we decided to take the
maximum value, thatis, dyarp = 1.4 for all the independent WeTICA simulations of Protein G to speed

up convergence and accurate calculation of unfolding MFPT.

The cumulative sum of the unfolding probabilities from each independent WeTICA simulations as well
as the average result as a function of the total simulation time are plotted in Figure 7.5c. This average
aggregated unfolding probability was used to subsequently calculate the unfolding time (t,,) of Protein
G. The final result is shown in Figure 7.5d. The calculated unfolding time converged to the previously
reported value® (37 + 10 ps) within more than one order of magnitude less cumulative WE simulation
time than the unfolding time scale. Computed unfolding time of 47.35 + 0.39 ps (average and standard

error of the data shown in the inset of Figure 7.5d) also matches reasonably well with the reported value.
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Figure 7.5: a) Frames from the two unbiased Anton trajectory segments (2 ps each) belong to the
folded and unfolded states after projecting on the first two TICA eigenvectors (TIC1 and TIC2) are
shown on a scatter plot. Each point is coloured according to the fraction of native contact (Q) value of
the corresponding conformation. b) Fraction of native contacts (Q) of three productive WeTICA
unfolding trajectories generated using three different values for dyy,rp, are plotted with time. The shaded
region represents the folded basin (Q = 0.80). ¢) The cumulative sum of the unfolding probabilities
from each independent WeTICA simulations as well as the average result as a function of the total
simulation time are plotted. Blue shaded region represents standard error of the mean (std err). d)
Computed unfolding time (t) is plotted against the total simulation time. Reported value (red line)
represents the previously simulated unfolding time (37 % 10 ps). Inset shows a close view of the

converged region. Red shaded regions represent the standard error (std err) of the reported value.
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From all the above mentioned results for the three systems, we can conclude that our methodology
significantly enhances the sampling and capable of computing kinetic rate constants with reasonable
accuracy with or without a priori knowledge of correct CVs that can capture unfolding. The computed
unfolding times for the three proteins are provided in Table 7.2 and several information, for example,
total number of unfolding events and total number of WE cycles related to the independent WeTICA

simulations for the three systems are provided in Table 7.A.2.

Table 7.2: Computed unfolding times (t,) with standard errors for the three proteins are provided and

compared with the previously reported simulated (Sim) and experimental (Expt) values.

Systems T, (ns) produced in this T, (ns) reported in
work literature®*°
TC10b Trp-cage mutant 3.77 £ 0.15 3 +1(Sim)
TC5b Trp-cage mutant 12.87 £+ 0.09 12.7 (Expt)
Protein G 47.35 +0.39 37 + 10 (Sim)

7.6 Conclusions

In this work, we have developed a new “binless” WE simulation method named WeTICA utilizing the
fundamental ideas from the REVO WE algorithm. Our proposed protocol uses fixed predefined linear
CV space to drive the WE simulations towards the specified target state. We have demonstrated the
performance of this new algorithm by recovering the unfolding kinetics of three proteins: 1) TC5b Trp-
cage mutant, 2) TC10b Trp-cage mutant and 3) Protein G using Time-lagged Independent Component
Analysis (TICA) eigenvectors as our predefined CVs.

For the two Trp-cage mutants, first we calculated TICA eigenvectors using long trajectories where

several folding-unfolding events occurred. The first two TICA eigenvectors were used as CVs to guide

the WeTICA simulations toward the target unfolded state. The calculated unfolding times converged to
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the reported unfolding times (in ps order) within feasible cumulative simulation time (within few “ns”)

for both the mutants.

In the third case of Protein G, we generated TICA eigenvectors trained on two end-state trajectories
where the system was trapped inside the folded and unfolded state basins with no hopping between the
two states. Our protocol again successfully reproduced the kinetics of Protein G unfolding using TICA

eigenvectors computed from these two end state trajectories within practical simulation time.

Thus, our proposed protocol is working with or without a priori knowledge of the CVs that can capture
the transitions of interest (in this case, unfolding). Although we used TICA to construct our CV space,
generality of our algorithm allow the use of any linear projection methods e.g recently developed
harmonic linear discriminant analysis (HLDA), which was proven as good CV for studying transitions
between two metastable states’'*2. The performance of our method can be tested with this kind of newly
developed linear CVs in future. Moreover, this new way of walker selection for resampling can also be
used on more sophisticated nonlinear CV space e.g variational autoencoder (VAE) latent space’*** for
further improvements of binless WE methods. We believe that the generality and efficiency of the WE
algorithm presented here will be helpful to study kinetics of a diverse class of biologically relevant
problems. All the data required to reproduce our results and the python codes to run WeTICA are
available at https://github.com/TeamSuman/WeTICA .
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Appendix 7.A

Table 7.A.1: Key comparisons between the original REVO and our algorithm

Original REVO algorithm

Our Algorithm

1) The current implementation is only limited to
the study of ligand binding/unbinding and cannot
be directly used for other diverse classes of
problems like protein folding-unfolding or
transition between different metastable states of
biomolecules.

1) The goal is to generalize the scope of REVO-
based binless methods to a diverse class of
problems, not

limited to ligand

binding/unbinding.

2) Cloning and merging of walkers are decided
based on ligand RMSD between a pair of walkers
dj;.

2) Cloning and merging are decided based on
projections of the lower
dimensional CV space, where we calculate the

walkers on a

Euclidean distance d;; between those projections
of walkers and also their distance from the target

. i
conformation d¢., target:

3) Variation V is defined as

V= ZVi = ZZ(E—DQ bid;

3) Variation V' is defined as

1
i

4) Clone that walker which is farthest from all
other walkers.

7 from target
4) Clone that walker which is closest to the target
state conformation.
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Table 7.A.2: Information related to all the independent WeTICA simulations.

System Number of warping | Total number of cycles Total simulation time
events (ns)
Run

1 311 1461 701.28
2 264 1460 700.80

Trp-cage

(TC10b) 3 113 1465 703.20
4 159 1466 703.40
5 127 1470 705.60
1 36 2502 1200.96
2 48 2505 1202.40

Trp-cage

(TC5b) 3 87 2515 1207.20
4 48 2501 1200.48
5 53 2498 1199.04
1 113 2800 1344.00

Protein G 2 90 2805 1346.40
3 126 2810 1348.80
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Figure 7.A.1: Frames of the Anton trajectory of the TC10b Trp-cage mutant after projecting on the first
two TICA eigenvectors (TIC1 and TIC2) are shown as a scatter plot. Each point is coloured according

to the fraction of native contact (Q) value of the corresponding conformation.

Figure 7.A.2: Distribution of pairwise distances between the projection points of the Anton trajectory

frames on the TIC1 vs TIC2 plane in the folded and unfolded state regions for TC10b Trp-cage mutant.
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Figure 7.A.3: Frames of the normal MD trajectory of the TC5b Trp-cage mutant after projecting on the
first two TICA eigenvectors (TIC1 and TIC2) are shown as a scatter plot. Each point is coloured

according to the fraction of native contact (Q) value of the corresponding conformation.

Figure 7.A.4: Distribution of pairwise distances between the projection points of the 1.85 us long
normal MD simulation trajectory frames on the TIC1 vs TIC2 plane in the folded and unfolded state
basins for TC5b Trp-cage mutant.
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Figure 7.A.5: The projections (in black colour points) of the folded and unfolded state trajectories on
the TICA eigenvectors trained using only the end-state simulation trajectories on the free energy surface
derived using TICA eigenvectors trained on the full 168 us long Anton trajectory of Protein G. This
shows that the TICA eigenvectors calculated from the end-state simulations capture the same slow

process as the full length trajectory TICA model.

Figure 7.A.6: Distribution of pair-wise distances between the projection points of the 2us long Anton

trajectory frames on the TIC1 vs TIC2 plane in the folded state basin for Protein G.
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Concluding remarks and future problems

8.1 Concluding remarks

In this thesis, we have investigated how the intermolecular interactions govern the dynamics and
functionality of chemical and biological systems using molecular dynamics (MD) simulations
complemented by the theories of physical chemistry, statistical physics and machine learning
approaches. The chapter-wise conclusions are discussed at the end of the respective chapters. Therefore,
we opt not to re-iterate them here. Instead, in this chapter we have discussed the broad conclusions

about our works and highlighted some intriguing problems which can be explored in near future.

Our studies have shown how ion-ion, ion-solvent and solvent-solvent interactions affect ion transport
in battery electrolyte solutions. We have used both the Onsager’ transport theory and Van Hove function
in understanding various ion-ion dynamical correlations and investigated how these correlations shape
the complex transport phenomena in concentrated battery electrolyte systems. Furthermore, we have
also investigated how the interactions between a co-solvent and water molecules in aqueous zinc-ion
battery electrolyte solutions dictate the transport of zinc cations. We have shown that how the
interactions between co-solvent and water molecules alter the structure and dynamics of waters around
zinc cations. We have found that this altered structure and dynamics of water molecules around zinc

ions are strongly correlated with the ionic conductivity of the solutions. Our results and analysis
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procedures will help in developing molecular level investigations of ion transport for designing next

generation battery electrolytes.

Next, we have also investigated the interactions between several dye molecules, which are used in
textile industry, with an enzyme known as Laccase and shown the ability of this enzyme to degrade a
variety of dye molecules irrespective of their different shape and charge. Our studies have provided
microscopic explanations behind laccase’s substrate promiscuous nature and shown that the dye
molecule binding to the enzyme possibly happened via conformational selection mechanism. Moreover,
we have also shown in our studies that how different machine learning (ML) methods can be used to
extract useful information from the simulation data of complex biomolecules. Furthermore, we have
also developed an enhanced sampling algorithm to study kinetics of different biological processes. Our
method has proven to be successful in recovering the unfolding kinetics of various small proteins and

has the potential to be used in studying a diverse class of biological processes.

Now, we will discuss some of the possible future areas of research based on this thesis work.

8.2 Future problems

8.2.1 Development of machine learning potentials (MLPs)

In Chapter 3 & 4, we have seen that the conventional classical force fields have failed to correctly model
the intermolecular interactions at high salt concentration used in battery electrolytes. As a result, we
have observed that ion transport properties, such as ionic conductivity lacks quantitative accuracy at
high salt concentration. Machine learning potentials (MLPs) have revolutionised the field of atomistic
simulations in recent years'>. MLPs have enable the simulation of variety of systems with long
timescales processes at ab initio level accuracy’. Use of MLPs are greatly enhancing the accuracy and
efficiency of molecular modelling. Therefore, development of MLPs to study ion transport in

concentrated battery electrolyte solutions is a promising area of future research.

8.2.2 Understanding ion transport near electrolyte-electrode interfaces

In this thesis, we have investigated complex ion transport phenomena in bulk battery electrolyte
solutions. However, several studies have shown that ion-ion interactions and ion transport properties
are significantly different in confined electrolytes and/or in the presence of electrochemical surfaces*
¢ Moreover, several classical MD simulation studies have also shown the prevalence of ion-ion
interactions under confinement. Therefore, investigating complex ion transport phenomena under
confinement using classical MD simulations using MLPs can be explored in future works for making

better electrolyte engineering strategies.
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8.2.3 Development of binless weighted ensemble path sampling methods

In Chapter 7, we have discussed not only the importance of developing binless weighted ensemble (WE)
based path sampling methods, we have also developed a binless WE method called ‘WeTICA’ and
showed the success of this method in studying the unfolding kinetics of several small test protein
systems. Our method can be tested to study more complex biological processes in future. Moreover,
one can also work in developing more advanced and sophisticated binless WE based path sampling

methods in future.
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