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Abstract

Microscopic understanding of relaxation in biomolecular systems like protein

is much more complicated than a typical condensed matter system due to in-

volvement a large number of degrees of freedom over a wide range of timescales

(femto-seconds to seconds). Structural changes can be induced in a protein

by various agents like approach of ligands, altering solvent conditions, and

thermodynamic properties. In this thesis we aim to describe microscopic aspects

of structural relaxation in protein through change in conformational fluctuations.

Dihedral angles are microscopic degrees of freedom to describe protein confor-

mations. We address static and dynamic aspects of conformational fluctuations in

terms of dihedral angle using the molecular dynamics trajectory. The relaxation

of dihedral angle is not probed via the existing experimental tools. The backbone

dihedral angle have been estimated from NMR data. This leads us to examine

if protein dihedral fluctuations can be associated to the NMR cross correlated

dipolar fluctuations. We shows that the zero frequency spectral density function

of dipole and dihedral fluctuations, using all atom molecular dynamics trajectory,

are well correlated. Thus, structural relaxation of protein in terms of dihedral

angle fluctuations can be probed using CCR rates of NMR.

We illustrate conformational fluctuations of protein in molten globule (MG)

state. The MG state of a protein is dynamic in nature, where conformational

states are inter converted on nanosecond time scales. Here we compare the

conformational fluctuations of the MG state to those of intrinsic disordered

proteins (IDPs). We consider protein, α-lactalbumin (aLA), which shows an MG

state at low pH upon removal of the calcium (Ca2+) ion. We find that the MG state

of a protein behaves as an intrinsic disorder protein, although the disorder here

is induced by external conditions. We further explore functionality of protein at

MG state. In MG state, aLA acts as a carrier of fatty acid like oleic acid (OLA)

that shows cytotoxic activity against cancer cell line. We characterize binding

of aLA with OLA microscopically. We find that the metastable conformational

fluctuations shift from ligand binding site to the Ca2+ ion binding site as OLA



is removed from the protein.

We also build a coarse-grained model of protein with structural information

using the effective free energy profile obtained from all-atom molecular dynamics.

We show that using such a model, one can reproduce the protein structure

comparable to the crystal structure and all atom simulation.



সারাংশ

প্রোটিনের ন্যায় জৈব অনরু ক্ষেত্রে , তাদের গতি প্রকৃতি বোঝার অন্যতম উপায় হলো প্রোটিনের মধ্যে থাকা বিভিন্ন
অ্যামিনো এসিডের শিথিলকরণ | সাধারণত প্রোটিনের গঠনগত পরিবর্ত নে মধ্যে দিয়ে অ্যামিনো এসিডের শিথিলকরন ঘটে
থাকে | এই থিসিসে আমরা প্রোটিনের গঠনগত পরিবর্ত নের বিভিন্ন দিকগুলি বিশেষত সময় সাপেক্ষ দিকগুলির দিকে
নজরপাত করেছি | আমরা প্রোটিনের বিভিন্ন অ্যামিনো এসিডের ডিহেড্রাল কোন কে প্রোটিনের প্রধান ডিগ্রী অফ ফ্রিডম
হিসেবে ব্যবহার করেছি | শিথিলকরণ এর ওপর ভিত্তি করে মলূত চারটি বিষয়ে আমরা আলোকপাত করেছি : (ক)
প্রোটিনের শিথিলকরন কে কোনো ভাবে কোনোরকম পরীক্ষামলূক বিষয়ের সাথে সম্বন্ধ স্থাপন করা যায় কিনা , (খ)
আলফা ল্যাক্টালবমুিন প্রোটিনের মোল্টেন গ্লোবলু অবস্থায় প্রোটিনের গঠনমলূক পরিবর্ত ন, (গ) মোল্টেন গ্লোবলু অবস্থায়
আলফা ল্যাক্টালবমুিন প্রোটিনের কোনো ফ্যাটি এসিডের সাথে বন্ধনের প্রবণতা, (ঘ) মডেল গণনার মাধ্যমে প্রোটিনের
কোর্স গ্র্যান বর্ণনা |

ডিহেড্রাল কোন এর পরিপ্রেক্ষিতে এখনো প্রোটিনের শিথিলতা কোনো ধরনের পরীক্ষামলূক পরিমাপের মাধ্যমে অনসুন্ধান
করা সম্ভব হয়ে ওঠে নি | যদিও, প্রোটিনের প্রধান চেন এর ডিহেড্রাল কোণকে নিউক্লেয়ার ম্যাগনেটিক রেসোনেন্স এর তথ্য
থেকে অনমুান করা যায় । আমরা এখানে দেখতে চেয়েছি প্রোটিনের ডিহেড্রাল কোন এর সময় সাপেক্ষ পরিবর্ত ন কে
নিউক্লেয়ার ম্যাগনেটিক রেসোনেন্স এর দ্বারা পরিমাপযোগ্য প্রোটিনের ডাইপোলের ক্রস কোরেলেটেড রিলাক্সেশন হারের
সাথে সম্পর্ক যুক্ত করা যায় কিনা | আমরা দেখিয়েছি যে ডাইপোল এবং ডাইহেড্রাল এর সময়সাপেক্ষ পরিবর্ত ন মলিকুলার
ডাইনামিক্স এর গতিপথ ব্যবহার করে পাওয়া শনূ্য ফ্রিকোয়েন্সির স্পেক্ট্রাল ফাঙ্কশন মাধ্যমে ভালভাবে সম্পর্ক যুক্ত।
এইভাবে, ডিহেড্রাল কোণ এর সময় সাপেক্ষ পরিবর্ত ন এর মাদ্ধমে প্রোটিনের শিথিলতা, নিউক্লেয়ার ম্যাগনেটিক রেসোনেন্স
এর থেকে পাওয়া ক্রস কোরেলেটেড রিলাক্সেশন হারের সাহায্যে পরিমাপ করা যেতে পারে।

আমরা প্রোটিনের মোল্টেন গ্লোবলু অবস্থায় প্রোটিনের গঠনগত পরিবর্ত ন নিয়ে আলোচনা করেছি | প্রোটিন মোল্টেন
গ্লোবলু অবস্থায় অত্যন্ত গতিশীল, যেখানে গঠনমলূক অবস্থা ন্যানোসেকেন্ড টাইম স্কেলে আন্তঃরূপান্তরিত হয়। এখানে
আমরা প্রোটিনের মোল্টেন গ্লোবলু অবস্থায় তার গঠন মলূক অবস্থার পরিবর্ত নকে ইন্ট্রিন্সিক ডিস্ অর্ড ার প্রোটিনের সাথে
তুলনা করেছি | আমরা প্রোটিন আলফা-ল্যাকটালবমুিনকে বিবেচনা করেছি, যা ক্যালসিয়াম আয়ন অপসারণের ফলে কম
পি এইচ -এ মোল্টেন গ্লোবলু অবস্থায় পরিবর্তি ত হয়। আমরা দেখতে পেয়েছি যে প্রোটিন তার মোল্টেন গ্লোবলু অবস্থা
ইন্ট্রিন্সিক ডিস্ অর্ড ার প্রোটিনের ন্যায় আচরণ করে, যদিও এখানে ডিস্ অর্ড ার প্রকৃতি বাহ্যিক অবস্থার দ্বারা প্ররোচিত
হয়।

আমরা প্রোটিনের মোল্টেন গ্লোবলু অবস্থায় প্রোটিনের কার্যকারিতার ওপর আলোকপাত করেছি | মোল্টেন গ্লোবলু অবস্থায়
আলফা ল্যাক্টালবমুিন প্রোটিন, ওলিক এসিডের ন্যায় ফ্যাটি এসিডের বাহক হিসাবে কাজ করে যা ক্যান্সার কোষ লাইনের
বিরুদ্ধে সাইটোটক্সিক কার্যকলাপ দেখায়। আমরা ওলিক এসিডের সাথে প্রোটিনের বন্ধন প্রবণতা নিয়ে আলোচনা করেছি |
আমরা পেয়েছি যে প্রোটিনের সাথে ওলিক এসিডের বন্ধনের জন্য যে পরিমান শক্তি দরকার তা আগের পরীক্ষামলূক
ফলাফলের সাথে তুলনীয়। আমাদের কাজ সম্ভাব্য ড্রাগ অ্যাপ্লিকেশনের জন্য সহায়ক হতে  পারে |

আমরা প্রোটিনের মডেল গণনার মাধ্যমে প্রোটিনের কোর্স গ্র্যান বর্ণনা দিতে সক্ষম হয়েছি | আমাদের মডেল গণনার
মাদ্ধমে আমরা ডিহেড্রাল কোণ এর মাধ্যমে প্রোটিনের কাঠামোগত বর্ণনা দিতে পেরেছি | মলিকুলার ডাইনামিক্স এর
গতিপথ থেকে প্রাপ্ত কার্যকর মকু্ত শক্তি প্রোফাইল ব্যবহার করে মলূত প্রোটিনের মডেলটি তৈরী করেছি | মডেল তৈরির
ক্ষেত্রে আমরা মন্টি কার্লো সিমলুেশন পদ্ধতির ব্যবহার করেছি | আমরা দেখিয়েছি যে এই ধরনের একটি মডেল ব্যবহার
করে পাওয়া প্রত্যেক অ্যামিনো এসিডের ডিহেড্রাল কোণ, পরীক্ষামলূক ক্রিস্টাল কাঠামো থেকে পাওয়া প্রত্যেক অ্যামিনো
এসিডের ডিহেড্রাল কোনের সাথে তুলনীয় | এই মডেলটি কোষের মধ্যে অনেকগুলি প্রোটিন সম্পর্কি ত কোনো
বায়োফিজিক্যাল বা বায়োকেমিকাল পদ্ধতির মডেল অধ্যয়ন এর ক্ষেত্রে উপযোগী হতে পারে |
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1 Introduction

Relaxation phenomena describe time dependent changes of physical quan-
tities following external perturbations. They are good probes for infor-

mation on the local environment of the system. Microscopic understanding
of relaxation phenomena in biomolecular systems like protein is much more
complicated than a typical condensed matter system due to involvement of
a wide range of dynamical timescales (femto-seconds to seconds) and a large
number of degrees of freedom.1, 2 Microscopic understanding of protein function
in terms of structural relaxation presents major challenge due to this extended
range of timescales as well as various interactions.

Structural relaxation of protein molecules can be induced by various agents
like approach of ligands, altering solvent conditions, and thermodynamic prop-
erties. The structural relaxation in protein typically includes conformational
fluctuations. Microscopic descriptions of conformational fluctuations involve
relaxation of structural degree of freedom like the dihedral angles of the protein.

Experimental techniques like X-ray and NMR are able to probe information
on protein conformations. But they have their own limitations. X-Ray based
information is possible only if a protein can be crystallized. Fig.1.1(a) shows
three dimensional structure of protein Ubiquitin (PDB ID:1UBQ) obtained from
X-Ray crystallography. Helix and Sheet are marked in red and yellow color
respectively. The data obtained from X-Ray is accompanied by B-factor, which
gives deviation of atomic coordinate about their mean position due to thermal
fluctuations. B-factor may contain model error, invalid restrains, including lattice
imperfections. Alternatively, NMR provides information about protein relaxation,
but is limited only to the millisecond time range.3, 4 NMR signal is also limited
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1. Introduction

to smaller protein and NMR spectra are not well-defined, in particular for large
proteins and proteins which lack in secondary structure. All atom simulations,
supplementary to the experiments, can provide microscopic information on
proteins ranging from a pico-second (ps) to a microsecond (µs) time window,
with both dynamic and static properties.5

Classical all atom molecular dynamics can simulate physical motion of the
atom by solving Newton’s equation of motion, which is comparable to experi-
mental conditions. Protein dihedral angle can be used as conformational degrees
of freedom to understand protein functionality efficiently.6–8 Dihedral angle is
the angle between two planes. Protein backbone chain consists of three dihedral
(φ, ψ, ω) angle and side chain consists of five dihedral (χi, i = 1, .., 5). Fig.1.1(b)
shows a schematic representation of protein backbone dihedral angle φ and ψ. φi
is defined as angle between Ci−1 −Ni − Cα,i and Ni − Cα,i − Ci planes and ψi is
defined as angle between Ni − Cα,i − Ci and Cα,i − Ci −Ni+1, where i is residue
index. χ1, side chain dihedral is defined as the angle between Ni − Cα,i − Cβ,i
and Cα,i − Cβ,i − Cγ,i.

In this thesis, we address static and dynamic aspects of conformational fluctu-
ations in terms of dihedral angle to understand structural relaxation microscop-
ically.9 First, we relate the dihedral fluctuations to experimentally measurable
quantities. The structural relaxation of protein in terms of dihedral angle is not
probed via any kind of experimental measurement. Although, the backbone
dihedral angle have been estimated from NMR data. Here, we consider if protein
dihedral fluctuations can be associated to the NMR cross correlated dipolar
fluctuations. We show that the zero frequency spectral density function of dipole
and dihedral fluctuations, using all atom molecular dynamics trajectory, are
well correlated. Thus, structural relaxation of protein in terms of dihedral angle
fluctuations can be probed using CCR rates of NMR. We illustrate conformational
fluctuations of protein at molten globule (MG) state induced by lowering the
solvent pH. The MG state of a protein is dynamic in nature, where conformational
states are inter converted on nanosecond time scales. Here we compare the
conformational fluctuations of the MG state to those of intrinsic disordered
proteins (IDPs). We consider protein, α-lactalbumin (aLA), which shows an MG
state at low pH upon removal of the calcium (Ca2+) ion. It is observed that the
long live fluctuations are localised to the Ca2+ binding site. We find that the MG
state of a protein behaves as an intrinsic disorder protein, although the disorder
here is induced by external conditions. We also explore functionality of protein
at MG state. In MG state, aLA acts as a carrier of fatty acid like oleic acid (OLA)
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1. Introduction

Figure 1.1: (a) Three dimensional structure of protein along with its secondary structure
component. Helix is marked in red color and sheet is in yellow color, (b) Schematic
representation of protein dihedral angle φ and ψ along with NMR sensitive dipole
Hi −Ni/Cα,i −Hα,i

that shows cytotoxic activity against cancer cell line. We characterize the dihedral
fluctuations as the ligand is liberated from the active site of protein. The long
live fluctuations occur near the ligand binding site which eventually transferred
towards Ca2+ binding site as ligand is taken away from protein. We also build a
coarse-grained model of protein with structural information using the effective
free energy profile obtained from all-atom molecular dynamics. We show that
using such a model, one can reproduce the protein structure comparable to the
crystal structure and all atom simulation. This study may be useful to study
phenomena involving many protein molecules, like protein aggregations.

The rest of the chapter is organised as follows: In section 1.1, we describe
how to relate structural relaxation of protein with some experimental measurable
quantities. In section 1.2, we look at structural relaxation of protein out of its
native structure where we discuss conformational fluctuations of protein at MG
state. Section 1.3 illustrates our investigations on ligand binding ability of protein
at MG state. Section 1.4 depicts our finding on coarse-grained representation
of protein including structural information.

1.1 Correlated dihedral and dipolar fluctuations in

protein

Coordination between functional parts of protein controls ligand binding, essen-
tial for various biophysical and biochemical phenomena inside the cell. Some-
times proteins become functional following ligand binding at a far site, known
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1.1. Correlated dihedral and dipolar fluctuations in protein

as allostery. Recent study10, 11 suggest that dihedral angles are convenient micro-
scopic variables to describe the equilibrium aspects, including thermodynamics
of conformational changes upon ligand binding7and allostery in protein.6, 12

Although dihedral fluctuations play a key role in protein function, they are not
directly amenable to experiment due to the limitations of the experimental probe.

The NMR experiments probe dipolar fluctuations in terms of cross-correlated
relaxation (CCR) rates, given by the zero frequency spectral density function
of the fluctuations.13, 14 Fig.1.1(b) shows that backbone dihedrals φi and ψi

involve the NMR sensitive dipole pairs like Hi−Ni/Cα,i−Hα,i where i is residue
index. One would, therefore, expect the backbone dihedral to be sensitive to the
fluctuations of mutual orientation of these dipoles.

The major problem in relating the dihedral fluctuations to those of dipoles is
the issue of timescale. While the dihedral fluctuations take place in nanoseconds,
the CCR rates provide integrated information over time on dipole orientation
correlation function. If the dipolar fluctuations at timescales of nanoseconds
have an important contribution to CCR, CCR may act as markers for backbone
dihedral fluctuations as well.

We use molecular dynamics (MD) computer simulations to compute different
time dependent correlation functions (TDCF) of the mutual dipolar orientations
for both intra-residue and sequential dipole vectors and the backbone dihedral
angles over the equilibrated portion of molecular dynamics trajectory for proteins,
GB3 and Ubiquitin(Ub). The TDCFs of fluctuations, for dipolar orientation
TDCFs, are given by the second order Legendre polynomial of angle between
two dipole vectors. We calculate time dependent autocorrelation functions for
dihedral fluctuations as well.

We observe that the dipolar and dihedral fluctuations decay typically within
few nanosecond (ns) time scale. Zero frequency spectral function integrated
over nanoseconds of dipolar fluctuations can capture the experimental CCR
suggesting that the short time (ns) decay of the dipolar fluctuations well describe
the experimental data. Next, we check to what extent the intra-residual dipolar
fluctuations are correlated to the dihedral fluctuations. We find that the zero-
frequency intra-residual dipolar fluctuations are well correlated to those of the
dihedral fluctuations. We also examine correlation plot for sequential dipolar
fluctuations and the dihedral fluctuations. We find that ψ auto-correlations in
particular are better correlated to the sequential orientation fluctuations.

Thus, we conclude that the fluctuations at the timescale of a few tens of
nanoseconds can capture the experimental CCR of dipolar fluctuations. Within
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1. Introduction

Figure 1.2: At low pH, enhance fluctuations occur in Ca2+ binding region ofα-lactalbumin
and Ca2+ ion comes out. The protein goes into a molten globule state.

this timescale, the zero frequency mode of dihedral fluctuations and dipolar
fluctuations are correlated well. Hence, CCR obtained through NMR can be
a marker of dihedral fluctuations.

1.2 Conformational fluctuations in molten globule

state

Many proteins show structural fluctuations in a near denaturing-condition, while
retaining their overall tertiary structures.15 Such states are called Molten Globule
(MG) state of the protein. The MG state is induced by various denaturing
conditions like high temperature, pH, high pressure and due to the presence
of various denaturing chemicals like urea.16 The structural and functional
characterization of the MG is largely lacking, since the MG states are not directly
amenable to crystallization. Earlier experimental and theoretical studies show
that the MG state of the protein is dynamic in nature, where conformational states
are inter converted on nanosecond time scales.17 These observations lead us to
study and compare conformational fluctuations of the MG state induced by the
external agents to those of intrinsically disordered proteins (IDP).18

Here, we consider a milk protein α-lactalbumin (aLA). Fig.1.2 shows protein
structure at its holo state (with Ca2+ ion). The protein converts to MG state at
low pH upon removal of calcium (Ca2+) ion.19 We compare the microscopic
fluctuations in the state of aLA to those of IDP. Since maintaining low pH is
essential for the formation of the MG state of aLA, we perform biased constant
pH molecular dynamics (CpHMD) via a hybrid scheme where explicit water
molecules are taken into account in the MD simulations. We use the dihedral
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1.3. Fatty acid binding with α-lactalbumin in molten globule (MG) state

principal component analysis, the density based clustering method, and the
machine learning technique to identify the conformational fluctuations8, 20–25

in the MG state.
We find the presence of metastable states spanned by the dihedral angles

in the MG state of aLA . We find that residues belonging to a stable secondary
structure in the crystal structure are responsible for the fluctuations, suggesting
enhanced conformational fluctuations.

Thus, our results suggest that protein in MG state is similar to IDP. However,
it is important to keep in mind that the MG state is induced by external effects like
lowering of the solution pH and, hence, can be viewed as an induced disordered
protein. Our results suggest the following scenario of the MG state. At low pH,
there are enhanced fluctuations near the Ca2+ binding region and eventually Ca2+

ion will come out from protein. As a result, protein converts into molten globule
state(Fig.1.2). Our study will be helpful to understand the functionality of a
protein in partly denatured conditions, as in the MG state.

1.3 Fatty acid binding with α-lactalbumin in molten

globule (MG) state

In the previous section we find fluctuations in the MG state of aLA (MG-aLA).
MG-aLA is known to bind with ligand26 like oleic acid (OLA). The complex
formed between MG state of aLA (MG-aLA) and OLA, known as XAMLET (aLA
made lethal where X stands for the name of the mammal) draws considerable
attention due to its potential application of cytotoxic activity against cancer cells.19

It is envisaged that OLA has cytotoxic activities where MG-aLA acts like a carrier
of OLA. Earlier experimental observations suggest that OLA binds with aLA at
MG state near the cleft region of protein, with binding energy approximately
-9.45 kcal/mol.27 The microscopic understanding of binding is not yet established
due to lack of crystal structure. Here, we explore OLA binding to MG state of
aLA through microscopic simulations.

Since the binding modes are not known experimentally, so first we find the
active residues of MG-aLA for OLA binding. Recent experiments and theoretical
works suggest that thermodynamics based on the dihedral fluctuations of a
protein in different conformations play a vital role in ligand binding.7 The
thermodynamic free energy (∆G) and entropy (T∆S) costs are estimated using
histogram base method(HBM) from the distributions of dihedral angle in the
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1. Introduction

respective conformations. Residues having, ∆G, T∆S > 0.0 are identified
as destabilized and disordered residues. These residues are active in ligand
binding.28 This yields the binding mode between the ligand and the protein. We
apply similar approach to identify active residues in MG-aLA for OLA binding.
We calculate the changes in conformational free energy(∆G) and entropy(T∆S)
of dihedral angle at MG state and neutral state. Fig.1.3 show the active residues
in green color over the energy minimized structure of MG-aLA-OLA complex.

Figure 1.3: Cartoon representation of aLA at MG state
along with the OLA. Hydrophobic tail of OLA binds
in the cleft region. Binding residues are marked in
green color over the energy minimized structure of
the complex.

We perform MD simula-
tions on the complex and ob-
serve that the ligand remain
in the vicinity of the active
sites. We estimate the binding
free energy using the umbrella
sampling method.29 Here, we
generate a series of configu-
rations by keeping the centre
of mass of the protein and
the ligand at fixed distances.
We estimate the binding free
energy ∼ 8.3 kcal/mol which
compares well with the exper-
imental results.

We find that upon com-
plex formation metastability
decrease. We perform cluster-
ing and machine learning base
analysis to identify essential
coordinates (EC) of the system
at complex state. We find that
the binding site residues play
role as EC in the conformation
fluctuations. We further perform the machine learning based analysis on the
steered MD trajectories where the protein and ligand are hold at a given distance.
As the ligand goes further away, the ECs are shifted towards the residues of Ca2+

binding region, suggesting that the Ca2+ binding residues have allosteric control
on the ligand binding, confirming the suggestions in earlier work.30, 31

We also check the relaxation of water molecules near the protein surface in
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1.4. Coarse grained model of protein

terms of various dynamical quantities like solvent residence time, translational
and rotational diffusion. We observe that water molecules near the protein and
OLA surface exhibit sub diffusive behaviour. We find that the water molecules
close to both protein and ligand have slower timescale and lower diffusion
constant compared to the bulk. This suggests heterogeneous behaviour of
water at the protein ligand interface in agreement to other systems reported
in the literature.32

Thus, we have related the conformational change of protein aLA at MG state
due to binding with fatty acid like OLA. Our analysis reveals that protein MG
state become stabilized upon OLA binding and the binding energy is comparable
with earlier experimental observations. The fluctuations at the binding site may
be helpful to release the ligand.

1.4 Coarse grained model of protein

Many cellular phenomena involve a large number of bio-molecules ranging from
water, small and medium-size oligomers and co-polymers (peptides, proteins,
RNA, etc) to huge co-polymers, such as DNA. For instance, protein aggregation
is a complex process for which computational study is still difficult due to
the involvement of broad range of lengths and time scale.33 Classical all-atom
molecular modelling is still limited by its algorithmic efficiency and the available
computing power.34 Lowering the representation from all atom to coarse grained
(CG) model shows possibility to study systems involving large numbers of bio-
molecules where typically a group of chemical moieties are represented by a
single entity.35, 36 It is known that protein functionality largely depends on its
structure.37 However, structural information has not been properly addressed
in the CG models of proteins.35, 36

We build a CG model of protein incorporating structural information. We
represent an amino acid as a bead with spring given by the radius of gyration
over the all-atom trajectory. The model interactions between beads are governed
by bonding and stretching as bonded interactions and Van Der Waals type
interaction as non-bonded interactions. Each bead is assigned with a couple
of degrees of freedom representing the backbone dihedral angles. The energy
cost of these degree of freedom is obtained from the negative logarithmic of the
joint distribution of the fluctuations of the backbone dihedrals in fully atomic
simulations. We consider solvent explicitly in the model where solvents are
interacted with polymer beads via repulsive part of Lennard-Jones interaction.
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1. Introduction

Figure 1.4: All atom to coarse-grained representation of protein amino acid residues. Red
corresponds to hydrophobic and green corresponds to hydrophilic amino acid. Beads
are connected via harmonic spring

We use the Monte Carlo (MC) method to generate conformations considering
model solvent interactions. The initial values of the dihedral angle of each amino
acid residues are taken from protein crystal structure data. When we construct
MC move, we compute the energy cost due to different interactions like bonded,
non-bonded and solvent contributions. We also change the dihedral degree
of freedom and construct the energy cost by using potential generated from
all-atom simulation.

We show that using such model one can reproduce well the protein structure
comparable to the crystal structure and all atom data. We also used this dihedral
coupling information for other proteins to check transferability of the model.
We find that one can get well structural information for other protein like
lambda N protein and ubiquitin protein based on dihedral coupling information
of protein GB3.

Thus, we propose a simple coarse-grained description of protein models
where dihedral information is included. This can pave the way for CG model
with structural information.

The organization of the rest of the thesis is as follows: In chapter 2 we discuss
how structural relaxation of protein in terms of dihedral angle could be related
to some experimental measurable quantity using time dependent correlation
function analysis. Chapter 3 consider conformational fluctuations of protein like
aLA at molten globule state (MG). We extend this work in Chapter 4 to study
the OLA binding of aLA in MG state. In Chapter 5, we discuss on CG model of
protein along with structural information in terms of dihedral angle.
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2 Correlated dihedral and dipolar
fluctuations in a protein

2.1 Introduction

Ligand binding sites in a protein are often separated by distances much
larger than atomic sizes.12, 38 However, their dihedral angles fluctuate

in a correlated manner, which is revealed in a number of studies by the Pear-
son correlation coefficient.11, 39 The Pearson correlation coefficient, given by
covariance of two variables, is a purely static quantity. In the case of functional
residues, the correlations have intrinsic timescales that control the rate of binding
events. It has been shown that one can generalize the covariance between two
variables with a time lag to construct a time-dependent correlation function
(TDCF)40 of fluctuations of dihedral angles.41 The time-dependent correlations
of dihedral fluctuations persist till nanosecond (ns) even for spatially distant
functional residues.41 Such time scales are suitable for ligand binding. Although
the dihedral fluctuations can easily be constructed theoretically, the nanosecond
timescales of the correlated fluctuations down to the spatial resolution of the
residues are not yet directly amenable to experimental probes. It is interesting to
ask if the dihedral fluctuations can be related to an experimentally measurable
quantity. Nuclear magnetic resonance (NMR) techniques42 are used to probe
atomic motions through dipolar fluctuations in a protein.13, 14, 43–59 The collective

Based on publications: 1. Abhik Ghosh Moulick, J. Chakrabarti, Correlated dipolar and
dihedral fluctuations in a protein, Chemical Physics Letters 797 (2022) 139574.; 2.Abhik Ghosh
Moulick, J. Chakrabarti, Correlation between protein bond vector and dihedral fluctuations, AIP
Conference Proceedings 2265, 030036 (2020)
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2. Correlated dihedral and dipolar fluctuations in a protein

dynamics of a group of atoms60–62 is given in terms of cross correlated relaxation
(CCR)63 rates, usually expressed as the zero frequency spectral density function
J(0) of the fluctuations of the mutual orientation of two spatially separated dipole
vectors in a protein.64, 65 Experiments often consider fluctuations in mutual
orientation between HN − N and Cα − Hα dipole pairs. Such data have been
reported for GB3.66 The effects of dynamics of protein on CCR rates have been
probed in a number of studies.67–70

Figure 2.1: Schematic diagram of dipoles (within
ellipses) used in the present study. The backbone
dihedral angles φ and ψ are shown by arrows.

The angle between C
′
i−1 −

Ni − Cα
i and Ni − Cα

i − C
′
i

planes, defines the backbone
dihedral φ. Similarly, the an-
gle between Ni − Cα

i − C
′
i

and Cα
i − C

′
i −Ni+1 planes de-

fines the backbone dihedral ψ.
Thus, the backbone dihedrals
involve the dipole pairs HN

i −
Ni/Cα

i − Hα
i (Figure2.1). Ear-

lier work46 shows that NMR
cross correlation coefficients
can be utilized to determine
simultaneously the backbone
φ and ψ angles. The method depends on measuring cross correlated dipolar
relaxation, which in turn depends on the angle γ between dipole vectors HN −N
andCα−Hα. Another way of probing dihedral angle experimentally is J-coupling,
where the relationship between 3 bond J-coupling (3J) and intervening dihedral
is used. Those experimental studies depend on either average angle obtained
from a multi-state structure or summing up of CCR rates of each individual states.
Such an approach, however, loses information on the correlated motion. It is
not, therefore, obvious if the dihedral fluctuations can be captured from dipolar
fluctuations. One would, however, expect the backbone dihedral to be sensitive
to the fluctuations of mutual orientation of these dipoles, which is supported by
preliminary data.71 The major problem in relating the dihedral fluctuations to
those of dipoles is the issue of timescale. While the dihedral fluctuations take
place in nanoseconds, the CCR rates provide integrated information over time on
dipole orientation correlation function. If the dipolar fluctuations at timescales of
nanoseconds have an important contribution to CCR, CCR may act as markers
for backbone dihedral fluctuations as well.
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2.2. Methods

Motivated by this, we examine the zero frequency spectral functions of intra-
residual backbone dihedral angles and HN − N/Cα − Hα dipolar orientation
fluctuations in two proteins, GB3 and Ubiquitin (Ub). We use molecular dynamics
(MD) computer simulation to compute different TDCFs of the mutual dipolar
orientations for both intra-residue and sequential dipole vectors and the backbone
dihedral angles over equilibrated portion of the trajectory. We extract the zero
frequency spectral function for all the correlation functions by numerically
integrating the correlation functions up to a time so that the entire decay of
the initial correlations is captured.

We observe that the correlations of dipolar fluctuations of both the proteins
persist up to a few nanoseconds, in agreement with earlier works.72 We compare
the zero frequency spectral functions for the both intra-residue and sequential
dipole orientation fluctuations to the experimentally available CCR data for
GB3. We find that the theoretical data for dipolar fluctuations capture well the
experimental CCR data for both intra-residue and sequential dipole vectors.
Thus, the experimental CCR is largely accounted for by short time decay of the
correlation functions. Similarly, time dependent correlation fluctuations of the
dihedral angle (φ,ψ) possess correlation up to tens of nanoseconds, which agrees
to earlier study.41 We extract the zero frequency spectral functions for these
fluctuations also, considering the short time decay. We observe that the residues
belonging to the helix region of both proteins show faster decay of dihedral
auto-correlation functions compared to those belonging to the beta-sheet and
loop regions. The dihedral φ of helix residues show moderate correlation with
intra-residue dipolar fluctuation. On the other hand, the sequential dipolar
fluctuations are strongly correlated with dihedral ψ.

2.2 Methods

2.2.1 System preparation & simulation details

We consider GB3 (PDB id: 2OED)73 with 56 amino acids and Ubiquitin (PDB
id : 1UBQ)74 with 76 amino acids in our studies. Amber99sb force field (ff)75 is
used in the GROMACS software package76 for simulation. The details of force
field and simulation techniques are given in Appendix A1 and A2 respectively.
The TIP3P77 water model is considered for solvent molecules, and counter-ions
are added for electroneutrality. Particle Mesh Ewald method is used to assess
long ranged electrostatic energy. 10 Angstrom (Å) is considered as truncation
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2. Correlated dihedral and dipolar fluctuations in a protein

limit for both Lennard-Jones and short range interactions. Both proteins are
solvated in cubic box. After energy minimization, the systems are equilibrated
through NVT and NPT simulations using position restraints on heavy atoms
at 300K Temperature and 1 Bar pressure, respectively. The production NPT
runs are executed for 1.05 µs with 2 fs time step integration employing periodic
boundary conditions in all directions.

2.2.2 Analysis

Time-dependent correlation function (TDCF) between two dynamic variables A
and B for time interval ∆t where ∆t = |t2 − t1| is defined as:

CA;B(∆t) = 〈(A[t2]− A〉)(B[t1]−B)〉 (2.1)

Here angular A and B denote ensemble average of the corresponding quantity
over the entire simulation trajectory. The angular brackets denote the average
over the choices of the initial time. One can choose without loss of generality,
t1 = 0 and t2 = ∆t. The details of computation are given in Ref.41

The time-dependent correlation function (TDCF) of fluctuations for dipolar
orientation TDCFs, are given by the second order Legendre polynomial of
angle between two dipole vectors. Let the orientations of two dipole vectors
at two different times are given by θ(t), φ(t) and θ(0), φ(0) in a given reference
frame. The addition theorem of the spherical harmonics yields P2(cos(γ)) =∑2
m=−2 Y2,m(θ(t), φ(t))Y2,m(θ(0), φ(0)) where γ is the angle between the two dipole

vectors. Using this, we find for intra-residue dipolar mutual orientation fluctua-
tions,Ci

dipole(∆t) = 〈P2(cos(γ))〉. Here 〈...〉 denotes the average over initial time (0)
with respect to which the time difference ∆t is measured. Both the dipoles belong
to the same (i-th) residue. Similarly, TDCFs Ci,i−1

dipole(∆t) for sequential dipolar
fluctuations are constructed from the second order Legendre polynomial of angle
between dipole vectors belonging to the i-th residue and the (i− 1)-th residue.

We calculate the dihedral angles for backbone φ and ψ from the atomic
positions. Time-dependent auto correlation functions for dihedral fluctuation
is defined using Eq. 2.1 where variables are replaced by sine of dihedral angles
(φ and ψ of a given residue R).

The spectral density function J(ω) is defined as the Fourier transform of
the correlation function C(t).78, 79

JA,B(ω) = 2
∫ ∞

0
CA,B(t).cos(ωt)dt (2.2)
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2.3. Results & discussions

which corresponds to an integral over time for zero frequency. The integrals are
computed numerically from the auto-correlation functions using the 10 point
Gaussian quadrature. The correlation between variables are expressed in terms
of Pearson correlation (r) coefficient. r-value is defined as the covariance of the
two variables divided by the product of their standard deviations.80

2.3 Results & discussions

The equilibration of all-atom MD simulations of the system is ensured from the
saturation of root-mean-square deviation (RMSD) of the backbone atoms, as
shown in Figure2.2(a) for protein GB3 and (b) for Ub. We perform the analysis
over the equilibrated part of the trajectory (beyond 250 ns). To validate the
simulations, we compare the crystal structure of the proteins with the average
structures over the equilibrated trajectory. The aligned conformations for both
structures are in Figure2.2(c) for GB3 and Figure2.2(d) for Ub. For GB3, all
heavy-atom RMSD is 1.21 Å and for Ub, RMSD is 1.80 Å. We also compare ψ − φ
Ramachandran plot for both the crystal and average structures for both proteins
Figure2.2(e)-(f). The Ramachandran plots show good structural similarities of
both the proteins with the experimental crystal structures.

We divide the simulation trajectory after RMSD saturation into 8 equal
windows, each consisting of configurations stored for 100ns. This time interval is
sufficient to guarantee the decay of the TDCFs so that each window can be treated
as independent as far as the dipolar fluctuations are concerned. We consider the
TDCF of fluctuations of dipolar orientation using Eq.2.1 in each separate window.
Finally, average over all windows is considered for final analysis.

2.3.1 Zero frequency spectral functions for dipolar orientation fluctuations

We consider the intra-residue dipole pairs HN − N and Cα − Hα of residue i.
Experimental CCR data cannot distinguish between the orientation fluctuations
between the direct and the cross pairs, HN −N/Cα −Hα and, HN − Cα/N −Hα

respectively. Hence, we consider both the pairs in our calculations. The TDCF is
normalized by ∆t = 0 value. Let us illustrate the case of Isoleucine (I7) of GB3
which belongs to the beta-sheet of the protein crystal structure. Fig.2.3(a) and
(b) show the direct and cross dipole TDCFs for I7, CI7

dipole(∆t). The correlation
functions decay within a few ns, along with oscillations of small amplitudes about
zero at larger times. The insets show semi-log plots of the correlation function,
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2. Correlated dihedral and dipolar fluctuations in a protein

Figure 2.2: RMSD plot of (a) GB3, (b) Ub over 1.05 µs using Amber force field.Overlapped
image of initial and average structure of (c) GB3, (d) Ub. Green color represent initial
structure and cyan represents average structure. The Ramachandran plot of residues in
(e) GB3 (f) Ub using Amber force field; Filled rectangle represents the crystal structure
and hollow rectangle shows simulated average structure obtained from the equilibrated
trajectory.

where the vertical axis is the logarithm of the correlation function. The solid line
shows the fitted line, and the symbols show the simulated data. The plots suggest
that at short time, the decay is exponential. The temporal correlation functions
for the other cases show similar behaviour. We also show typical cases of dipolar
fluctuations of Ub. Figure2.3(c) and (d) show the direct and cross dipolar TDCF
CK6
dipole(∆t) for Lysine, K6. This residue belongs to the beta sheet region in the

crystal structure. Here again, the TDCFs decay within a few ns to zero value.
The fitted semi-log plots are shown in the in corresponding insets. The short
time data in the insets confirm an exponential decay. The dipolar orientation
fluctuations of the other residues show similar behaviour.

As representative cases for sequential dipolar TDCF, we consider HN − N
dipole of i-th residue and Cα −Hα dipole of (i− 1)-th residue. Fig.2.4(a) and (b)
show sequential dipolar TDCFs for residues Isoleucine (I7) and Valine (V6) of
GB3 protein. The correlation function CI7,V 6

dipole(∆t) (Fig.2.4(a)) decays to zero value
within 10 ns for GB3. TDCFs for cross pair shows similar behaviour (Fig.2.4(b)).
Insets show the semi-log plot of the correlation functions up to which it decays
to zero, where the solid lines represent the fitted lines. We also illustrate the
sequential dipolar fluctuations for Ub Figure. 2.4(c) and (d). TDCFs follows a
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2.3. Results & discussions

Figure 2.3: TDCFs of dipolar orientational fluctuations for Isoleucine, I7 of GB3
(CI7dipole(∆t)) (a) direct, and (b) cross pair of dipoles. Similar TDCFs for Lysine, K6
(CK6

dipole(∆t)) (c) direct, and (d) cross pair, of Ub. Inset:Short time behaviour of TDCFs
in terms of semi log plot of the correlation functions. The solid line represents the best
linear fit.

similar trend as GB3 protein. Correlation decays to zero value within 10ns, as
well as oscillations about zero value. For cross dipole pairs, long time oscillations
are larger for both proteins. The short time behaviours in both cases are shown
in terms of semi log plot in the corresponding insets. Here also, these plots
confirm exponential decay of the TDCF in time.

We examine timescales of the exponential decay of the TDCFs. Since the
long time oscillations have low amplitude, we restrict only to the short time
decay shown in the insets of Fig.2.3 and Fig.2.4. We fit the initial decay data to
an exponential form, Ci

dipole(∆t)/Ci
dipole(0) = exp(−∆t/τ idipole) where τ idipole is the

timescale of decay of correlation for the ith residue, also known as the correlation
timescale. We estimate τ idipole from the slopes of linear fitting of semi-log plots
in the insets. Fig.2.5(a) shows the histogram H(τdipole) of the timescale where
τdipole belongs to the set {τ idipole} considering dipolar fluctuations, both direct and
cross, for all the residues in GB3. We similarly estimate τ i,i−1

dipole from the small-time
decay in Ci,i−1

dipole(∆t) data. This histogram H(τdipole) with τdipole from the set of
{τ i,i−1
dipole} is also shown in Fig.2.5(a). The histograms for both intra-residual and
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2. Correlated dihedral and dipolar fluctuations in a protein

Figure 2.4: TDCFs (CI7,V 6
dipole(∆t)) of dipolar orientational fluctuations for two neighbour-

ing residues (ith with ith − 1):residues I7 and V6 of GB3 (a) for direct pair, and (b) cross
pair. Similar TDCFs (CT7,K6

dipole (∆t)) plot for residues T7 and K6 of Ub (c) for direct, and (d)
cross pair of dipoles. Inset:Short time behaviour of TDCFs in terms of semi log plot of
the correlation functions. The solid line represents the best linear fit.

sequential dipolar correlation timescales are quite similar. Fig.2.5(b) represents
similar H(τdipole) plot for Ub for both {τ idipole} and {τ i,i−1

dipole}. The histograms show
that the majority of the correlation timescale is just a few ns (∼2 ns).

We check if the fluctuations of the dipolar orientations in the time window of
the decay time of the correlated dipolar fluctuations captures the experimental
CCR. The time integral of the corresponding TDCF has been computed numer-
ically up to twice of the correlation timescale so that the initial decay of the
correlations is entirely captured in the integral. Since the experimental CCRs
are given in terms of the algebraic sum of zero frequency spectral function for
both HN −N/Cα −Hα and HN − Cα/N −Hα dipole pairs, we compute the zero
frequency spectral function J (i)

dipole as sum for both the direct and cross dipole pair
for the intra-residue and similarly J (i,i−1)

dipole for the sequential dipolar fluctuations.
We consider in particular GB3, for which experimental data are available.66, 81

The experimental CCR rates are given by average of data set measured using
doubly in-phase and anti-phase inter-conversion (DIAI) method and an average
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2.3. Results & discussions

Figure 2.5: Histogram (H(τdipole)) of auto-
correlation timescale for (a) GB3 and (b) Ub
considering dipole pair HN − N/Cα − Hα

(both direct and cross pairs). Intra-residual
and sequential correlation timescales are
marked with different symbol. (c) Corre-
lation diagram between experimental CCR
and theoretical J (i)

dipole for GB3 for intra-
residual HN − N/Cα − Hα dipole, con-
sidering both dipole and cross pairs. (d)
Correlation diagram between experimental
CCR and theoretical J(0) (J (i,i−1)

dipole ) consider-
ingHN−N dipole in ith residue andCα−Hα

dipole in (i-1)th residue of GB3. Hollow scat-
ter points are represented as outlier residues.
Dipole pairs for outlier J (i,i−1)

dipole values in
correlation plot, belonging to the (e) helix
and (f) loop and sheet.

of data set measured using both all component evolution (ACE) and mixed
multiple quantum (MMQ) method. Fig.2.5(c) shows the correlation plot between
the estimated theoretical J (i)

dipole, and available experimental CCR data. Fig.2.5(c)
shows theoretical J (i)

dipole of the majority of the residues of GB3 are moderately
correlated with the experimental CCR with the Pearson correlation coefficient,
r=0.41. Amino acid Glutamine, Q2 and Glycine residues are excluded due to
unavailability of experimental data. The terminal residues are not included as
well. We show linear regression through the data, along with the upper and lower
boundaries determined from the errors in the regression parameters. The upper
boundary around the linear regression line is plotted by considering minimum
intercept and maximum slope. Similarly, the lower boundary about the regression
line is plotted, considering maximum intercept and minimum slope. It turns
out that the majority of observations fall within the boundaries, suggesting that
the short time decay of the dipolar fluctuations well describe the experimental
data. Note that this is by no means obvious because the experimental data is an
integrated information over experimentally available large time, while we have
considered time only large enough to capture the initial decay in the integration.

Fig.2.5(d) shows correlation plot between theoretical J (i,i−1)
dipole which is a sum of

the sequential direct and cross dipolar fluctuations and the experimental CCR.81

Here also the experimental CCR rates are given by average of data set measured
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2. Correlated dihedral and dipolar fluctuations in a protein

using ACE and DIAI method. Terminal residues and residues next to Glycine are
not considered in the calculation due to lack of experimental data. It shows that
most of the residues are well correlated with experimental CCR. The measured
Pearson correlation value by considering residues represented by filled circle in
the Fig.2.5(d), r=0.59. Thus, the initial decay of dipolar fluctuation even for distant
residues are able to capture experimental CCR efficiently. Residue pairs for which
J

(i,i−1)
dipole values are considered outlier (hollow circle) in correlation plot shows a

specific feature. Most of the residues pair belongs to central alpha-helix region in
crystal structure (Fig.2.5(e)), and a few others to loop and sheet region Fig.2.5(f).

Figure 2.6: Correlation plot be-
tween experimental CCR and sec-
ond order Legendre polynomial of
cosine of average angle obtained
from simulation. Value of correla-
tion coefficient is 0.26.

One can as well compute angle between
two dipoles (γavg) averaged over a trajec-
tory. An estimate of CCR rate can be given
P2(cos γavg).64 We find that P2(cos γavg) show
poorer correlation with experimental CCR
(Fig.2.6). This establishes the importance of
dynamic feature of dipolar fluctuations.

2.3.2 TDCFs and zero frequency spectral

functions for dihedral fluctuations

We show the TDCF for backbone dihedral
fluctuations for representative cases in Fig.2.7
where the insets show the short time data.
Fig.2.7(a) and (b) show cases for GB3. CI7

φφ(∆t)
decays to zero in 20 ns (Fig.2.7(a)). CI7

ψψ(∆t)
show similar time dependence (Fig.2.7(b)).
Both cases reveal that at long times, the TDCFs
fluctuate around the zero value. The semi log
plots in the insets represent short time behavior, which confirms exponential
decay. As representative cases in Ub, we show the dihedral correlation functions
for Lysine, K6 in Figs.2.7(c)-(d) and the small-time behaviour in the corresponding
insets. CK6

φφ (∆t) loses initial correlation within 10 ns (Fig.2.7(c) and inset). CK6
ψψ (∆t)

fluctuates around zero value following initial decay within 20 ns (Fig.2.7(d)). The
overall nature of TDCF of the dihedral fluctuations is in agreement with the
previous report.41

The short time behaviour in the semi-log plots in the insets reveal that the
initial decay has an extremely fast component of the duration of less than a ns.
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2.3. Results & discussions

Figure 2.7: TDCFs between various dihedral fluctuations of Isoleucine, I7 of GB3:(a)
CI7φφ(∆t), (b) CI7ψψ(∆t); (c) CK6

φφ (∆t), (d) CK6
φφ (∆t) of Lysine, K6 of Ub. Insets show short

time nature of TDCFs in semilog plot. The solid lines are the best linear fits and the
symbols are simulated data.

This is followed by a slower decay of a few ns. This is in contrast to dipolar
orientation fluctuations, which typically exhibit a single decay. Inset of Fig.2.8(a)
shows the histogramsH(τdihedral) of the slower timescales τdihedral belonging to the
set {τR,φ, τR,ψ} of the dihedral auto-correlation functions of all the residues in GB3
where τR,φ and τR,ψ are timescales of φ and ψ fluctuations respectively. Inset of
Fig.2.8(b) shows similar plot of histogram of dihedral auto-correlation timescale
(H(τdihedral)) of Ub. The histograms show that the timescales of correlations for
dihedral fluctuations are mostly similar to the dipolar fluctuations (Fig.2.5(a)),
although in some cases the dihedral fluctuations are slower than the dipolar
orientation fluctuations. This observation is in agreement with earlier work that
dihedral fluctuations occur in nanosecond timescale.41

We consider twice τdihedral as the upper limit of integration over time for
computing the zero frequency spectral function of the dihedral fluctuations to
include the initial decay. We denote the zero frequency spectral function for
the dihedral fluctuations by JR(φφ, 0) and JR(ψψ, 0) for the backbone dihedral
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2. Correlated dihedral and dipolar fluctuations in a protein

Figure 2.8: Histogram H(Jdihedral) of
Jdihedral values for (a) GB3 protein
considering both φ and ψ dihedral angle.
Inset: Histogram (H(τdihedral) of correlation
timescales for dihedral angle fluctuations
τdihedral. (b) Similar plot for Ub. Crystal
structure of GB3(2OED.pdb) where red color
represents residues having Jdihedral value
less than 0.1 for (c) φ and (d) ψ. Crystal
structure of Ub(1UBQ.pdb) where red color
represents residues having Jdihedral value
less than 0.1 for (e) φ and (f) ψ.

angles φ and ψ respectively for a given residue R. We show the histogram of zero
frequency spectral function (Jdihedral) belonging to the set {JR(φφ, 0), JR(ψψ, 0)}
considering those for both the dihedral angles of all the residues of GB3 in
Fig.2.8(a) and Ub in Fig.2.8(b). We observe that there is a sharp peak for low
Jdihedral along with a tail extending to larger values. This behaviour is similar to
the histograms of τdihedral (Inset). This similarity is expected since the integration
over the entire time range yields the correlation timescale if the TDCF has a
purely exponential time dependence. This suggests that the effect of long time
tail in the zero frequency spectral functions of the dihedral fluctuations is not
strong. Next, we denote the Jdihedral value corresponding to half of the peak
value of H(Jdihedral) by Jc. We mark the residues in red in Fig.2.8(c) residues
with JR(φφ, 0) < Jc and in Fig.2.8(d) those with JR(ψψ, 0) < Jc. These residues
primarily belong to the helix structure. Thus, the perturbation in the backbone
dihedral angles of the residues belonging to the helix decay faster than the
residues in the other secondary structure, which could be assigned to more
stability of the helix residues.82 Fig.2.8(e) and (f) which show that the residues
having JR(φφ, 0) < Jc and JR(ψψ, 0) < Jc respectively for Ub also belong to
the helix as in the case of GB3.

In order to distinguish the dihedral fluctuations based on the secondary struc-
tural element, we calculate dihedral angle distributions for residues belonging
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2.3. Results & discussions

Figure 2.9: (a) Histogram H(Sφ)
of standard deviation Sφ for dis-
tribution of dihedral φ and (b)
histogram H(Sψ) of ψ for GB3.
Different symbols are used for
different secondary structure, i.e.
helix, sheet and loop. (c) and (d)
show similar plot for protein Ub.

to different secondary structures, namely, helix, sheet and loop. The width of
the distribution, given by the standard deviation, is a measure of fluctuation
of the corresponding dihedral angle. We show in Fig.2.9(a) histogram (H(Sφ))
of standard deviation of distribution of dihedral angle φ, Sφ for residues based
on the secondary structures of GB3. The figure shows that standard deviation
of fluctuation for residues of helix region is less than compared to residues of
sheet and loop region. Similar feature is present in H(Sψ) plot in Fig.2.9(b) where
Sψ stands for standard deviation of distribution of ψ. The histograms H(Sφ)
(Fig.2.9(c)) and H(Sψ) (Fig.2.9(d)) of Ub show similar trend.

2.3.3 Correlation between dipolar and dihedral fluctuations

Next, we check to what extent the intra-residual dipolar fluctuations are corre-
lated with the dihedral fluctuations. The correlation data based on the secondary
structural elements are shown together for GB3 and Ub in Fig.2.10, using different
symbols. We take both the proteins together, for the dihedral fluctuations show
similar feature in both cases. Moreover, this allows us to have better statistics.
Fig.2.10(a)and (b) show the correlation plot for dihedral φ and ψ respectively for
the residues in helix region of the proteins. Linear regression lines are shown
in both cases, considering both proteins. Pearson correlation coefficient (r) for
dihedral φ is 0.49 and 0.45 for dihedral ψ. Fig.2.10 (c) and (d) show correlation plot
for φ and ψ of residues in sheet region. Here r=0.35 for φ (Fig.2.10(c)) and r=0.46
for ψ (Fig.2.10(d)). Residues of loop region also show similar characteristics
in Fig.2.10(e)-(f) where r=0.41 and r=0.34 for dihedral φ and ψ respectively.
Linear regression line are shown in all cases. Thus, overall, the dihedral and
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2. Correlated dihedral and dipolar fluctuations in a protein

Figure 2.10: Correlation plot
between zero frequency spec-
tral functions of dihedral angle
and intra-residual dipolar fluctu-
ations of ith residue based on sec-
ondary structure.: (a) JR(φφ, 0)
vs J (i)

dipole ; (b) JR(ψψ, 0) vs J (i)
dipole

for residues in the helix. (c)
JR(φφ, 0) vs J (i)

dipole, (d) JR(ψψ, 0)
vs J

(i)
dipole for residues in sheet

structure. (e) Similar plot for di-
hedral φ and (f) ψ respectively for
loop residues. Different proteins
are represented using different
symbol. Inset shows similar cor-
relation plot by considering only
internal dynamics.

dipolar fluctuations show moderate correlation for these proteins, the Pearson
correlations being in the range 0.35-0.45.

Next, we examine correlation plot for sequential dipolar fluctuations and
the dihedral fluctuations. Residues JR(φφ, 0) < Jc and JR(ψψ, 0) < Jc do
not show correlation with dipolar fluctuations. Hence, we consider cases for
JR(φφ, 0) > Jc and JR(ψψ, 0) > Jc. Since the residue pairs may belong to
different secondary structure, we do not classify the residues in terms of structural
elements. Fig.2.11(a) and (b) show correlation plots for J (i,i−1)

dipole with dihedral
JR(φφ, 0) and JR(ψψ, 0) respectively for GB3. The value of r=0.79 for φ and
0.55 for ψ. However, for Ub, J (i,i−1)

dipole values are poorly correlated with dihe-
dral fluctuations JR(φφ, 0) (Fig.2.11(c)), while the correlation is strong between
J

(i,i−1)
dipole and JR(ψψ, 0) (Fig.2.11(d))with the r=0.70. These observations suggest

that ψ auto-correlations in particular are better correlated with the sequential
orientation fluctuations.

Despite moderate values of the Pearson coefficients, our data suggest that the
intra-residue dipolar orientation fluctuations show marginally stronger corre-
lation with φ fluctuations, particularly in the helix region of the proteins. This
may be related to the earlier result46 that the intra-residue dipole vector involves
dihedral φ. On the other hand, ψ fluctuations are well correlated to sequential
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2.3. Results & discussions

Figure 2.11: Correlation plot be-
tween zero frequency spectral
functions of intra-residue dihe-
dral angle and sequential dipole:
(a) JR(φφ, 0), and (b) JR(ψψ, 0),
with J

(i,i−1)
dipole for GB3 Similar

plot for Ub: (c) JR(φφ, 0), (d)
JR(ψψ, 0), with J (i,i−1)

dipole .

Figure 2.12: TDCFs of HN −N/Cα −Hα dipole pair due to the internal motion of the
protein. (a) For GB3, Valine (V6), Glutamic acid (E15), Alanine(A29), Glutamine (Q32),
Threonine(T44) and Phenylalanine (F62) are considered. (b) For Ub, Lysine (K16), Leucine
(L15), Serine (S20), Glutamic acid (E34), Isoleucine (I44), Arginine (R54) are considered.
Unit of ∆t is nano second. Comparison of intrnal and total TDCF for residue Tyrosine(Y3)
of GB3. Internal correlation for dihedral (c)φ and dihedral (d)ψ. Total correlation for
dihedral (e)φ and dihedral (f)ψ. Nature of TDCFs are same in both cases.

dipolar fluctuations, which is qualitatively in agreement that the sequential
dipolar angles involves ψ.46 So far, we have not factored out the overall protein
motion (rotation and translation) in computing the correlation functions. The
contributions of the internal motion only Cdipole

int (∆t) can be obtained by removing
rotational and translational motion of protein by aligning the simulated structures
to a reference one. The internal correlation function can be fitted to the dipolar
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2. Correlated dihedral and dipolar fluctuations in a protein

Figure 2.13: Correlation plot considering
internal dynamics for GB3: (a) JR(φφ, 0),
(b)JR(ψψ, 0) with J

(i,i−1)
dipole . Similar plot

for Ub:(c) JR(φφ, 0), (d) JR(ψψ, 0), with
J

(i,i−1)
dipole .

Intra-residual
Secondary
structure rφ rψ

Helix 0.44 0.66
Sheet 0.60 0.47
Loop 0.32 0.25

Sequential
Protein rφ rψ

GB3 0.46 0.50
Ub 0.48 0.454

Table 2.1: Pearson correlation
coefficients for intra-residual and
sequential.

correlation decay curve using Lipari-Szabo model free78 approach:

Cdipole
int (∆t) = S2 + (1− S2)e−( ∆t

τe
) (2.3)

Here S2 and τe define the order parameter and effective internal correlation
time.78 Some representative data are shown in Fig.2.12(a) for GB3 and Fig.2.12(b)
for Ub. The dihedral correlations remain unaffected(Fig.2.12(c)-(f)). Fig.2.12(c)-
(d) shows dihedral TDCFs considering internal motion only for dihedral φ and
ψ respectively for protein GB3. Total correlation plot (Fig.2.12(e)-(f)) for same
dihedral angles suggest that dihedral angle TDCFs nature remain unchanged.
Insets of Fig.2.10 and Fig.2.13 show correlation plots between zero frequency
spectral functions of the dihedral and dipolar fluctuations. The Pearson corre-
lation coefficients shown in Table. 2.1 for different cases suggest well correlated
dipolar and dihedral fluctuations even for internal dynamics.

One can generate additional correlation functions using the simulated trajec-
tory. For instance, we construct the correlation function from the time series of
the values of P2(cos γ). We calculate γ from the trajectory used in the calculation
of Cdipole

int (∆t). We have calculated J
(i)
2 , by integrating, the corresponding TDCF

with timescale capturing the initial decay of the correlation. Fig.2.14(a) shows
correlation plot of J (i)

2 with JR(φφ, 0) and Fig.2.14(b) that with JR(ψψ, 0) for GB3.
r=0.52 for dihedral φ and 0.86 for dihedral ψ respectively. Both figures and high
correlation coefficient suggest that dihedral fluctuation is well correlated with
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2.4. Conclusions

Figure 2.14: Correlation plot between zero
frequency spectral functions of dihedral
angle and dipole: (a) JR(φφ, 0), and (b)
JR(ψψ, 0) with J (i)

2 for GB3; (c) JR(φφ, 0) (d)
JR(ψψ, 0) with J

(i)
2 for Ub. The Amberff

are used in both cases. Correlation plot for
dihedral (e) and (f) with J

(i)
2 for Ub, using

the CHARMM force field.

J
(i)
2 . The nature of correlation plot remains the same for Ub as GB3 (Fig.2.14(c)

for φ and (d) for ψ) with r=0.4 for dihedral φ, and r=0.96 for ψ. We carry out the
analysis for protein Ub using different force field like the CHARMM force field83

and get similar results, shown in Fig.2.14(e) and (f). The values of r for φ and
ψ are 0.44 and 0.93 respectively. Thus, the correlation pattern between J (i)

2 and
JR(φφ, 0) and JR(ψψ, 0) appear to be independent of the protein.

2.4 Conclusions

To summarize, the fluctuations at the timescale of a few tens of nanoseconds can
capture the experimental CCR of dipolar fluctuations. Within this timescale, the
zero frequency spectral functions of the intra-residue dipolar fluctuations and
backbone dihedral φ show moderate correlations, depending on the secondary
structural elements. Similarly, backbone dihedral ψ show good correlation
with sequential dipolar fluctuations. Our calculations predict the existence of a
universal relation among the zero frequency spectral function of the dihedral fluc-
tuations and that of the time dependent correlation function of the second order
Legendre polynomial of angle between two dipoles, which needs experimental
verification.Thus, the experimental CCR may act as a good marker for dihedral
fluctuations as well. It may be noted that relaxation time scales may depend on
the solvent model.84 However, for constructing the correlation diagram between
the two sets of data, correction due to differences in time scales is unlikely
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2. Correlated dihedral and dipolar fluctuations in a protein

to be important. However, it may be worthwhile to verify the correlation of
fluctuations using other solvent models as well.
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Appendix

A1. Molecular dynamics(MD) simulation algorithm

MD simulation85 is necessary tools which can be used to obtain time dependent
trajectory of particle numerically. Consider a system of N particles in three
dimension where ~ri = ~r1, ~r2, ...., ~rN and ~pi = ~p1, ~p2, ...., ~pN denote the position
and momentum of i = 1, 2, ..., N particles. The mass of each particle is mi =
m1,m2, ...,mN and the total force acting within the particle is ~Fi. Particles are
assumed to be interact via conservative pair potential V (rij), where rij = ~ri − ~rj

i.e depends only on the pair separation. Hence, the force ~Fi acting on ith particle
due to all other jth particles can be obtained using the gradient of V (rij) i.e.
~Fi = ∑N

j=1−∇V (rij). Thus, time dependent particle trajectory can be obtained
using Newton’s second law of motion, ~Fi = mi.~ai, where ai is acceleration of ith

particle. In general, Verlet algorithm85 is widely used algorithm which is based
on central difference algorithm. In this algorithm, position of particle, ~r(t+ ∆t)
at later time t+ ∆t can be obtained from the position and acceleration of particle
at time t and positions from the previous step, ~r(t − ∆t).

Using Taylor series expansion,

~r(t+ ∆t) = ~r(t) + ∆t.~v(t) + 1
2 .∆t

2.~a(t) + ..... (2.4)

~r(t−∆t) = ~r(t)−∆t.~v(t) + 1
2 .∆t

2.~a(t) + ..... (2.5)

Finally, combining these equations gives,

~r(t+ ∆t) = 2~r(t)− ~r(t−∆t) + ∆t2.~a(t) (2.6)

The velocity can be obtained using the formula,

~v(t) = ~r(t+ ∆t)− ~r(t−∆t)
2∆t (2.7)

The trajectories from MD simulation is useful to calculate both static and dynamic
quantities of a system.
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A2. Force-field used in bio-molecular simulation

In our study, we used GROMACS and AMBER simulation package which used
parallel computation for biomolecular simulation. Here we performed all atom
MD simulation for protein. In this package, the interaction between biomolecules
and interaction of biomolecules with solvent or any other biomolecules is gov-
erned by some well established force field like CHARMM, AMBER and GROMOS.
The parameters of force field are derived based on semi empirical quantum
mechanical calculations or by fitting experimental data like X-Ray, neutron and
electron diffraction, NMR etc. The result of the simulation can be improved based
on accurate choice of the force fields. The force field contains both bonded and
non-bonded interactions. The bonded interactions is expressed bond stretching,
bond rotations, and torsional dihedrals via simple harmonic oscillations. Non
bonded interaction includes Lennard-Jones(LJ) and Coulomb interactions.

The form of the potential energy is:

V =
∑
bonds

kb(r − r0)2 +
∑
angles

kθ(θ − θ0)2 +
∑

torsions

kφ[1 + cos(nφ− δ)]+

∑
improper

kw(w − w0)2 +
∑
LJ

4ε[(σij
rij

)12 − (σij
rij

)6] +
∑
elec

qiqj
4πεrε0rij

(2.8)

Here, the first term is related to energy cost due to bond stretching where kb
is bond force constant and (r − r0) is deviation of bond length from equilibrium
position r0. Similarly, second term accounts for change in bond angles from
equilibrium value θ0 with force constant kθ. In the third term, kφ is dihedral
force constant, n represents the multiplicity number and δ is phase shift. Fourth
term is for the improper i.e. deviation of outer plane bending from equilibration
(w0). The last two term represents non-bonded interaction between pair of atoms
where ε corresponds to the depth of the potential and σij accounts for the distance
at which intermolecular potential between two particles is zero. The last term
is responsible for the Coulombic interactions, where qi and qj corresponds to
charge of the ith and jth particles. rij = |ri − rj| represents the magnitude of the
distance between particles and ε0, εr corresponds to permittivity of the vacuum
and relativity permittivity respectively.

A3. Periodic boundary condition and minimum image convention

In the all atom MD simulation, system is initially kept in a central box. Now, in
order to mimic truly infinite bulk system, periodic boundary condition (PBC)
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is implemented in all direction. Now finite length box size, L can influence
surface effect, so that particles near the surface exposed to different force than
the bulk. Now this effect can be minimized by considering that the central box
is surrounded by infinite replica. Hence, if any atom leaves the simulation box
during simulation, its image will enter the box via opposite face. In the course of
simulation, PBC is accompanied with minimum image convention, where one
particle will interact with the closest image of another atom among all the boxes.
A cut of (rc ∼ L/2) is introduced for truncating the long-ranged interaction to
avoid the interaction between an atom in centre box with its mirror image in
other replica boxes. This approach makes simulation less expensive.

A4. Particle Mesh Ewald (PME) methods

Long range interactions goes off as r−n, with n≤4. We use particle mesh Ewald
(PME)86 method to take care long ranged contributions of electrostatic inter-
actions. In this method, the interaction potential is splitted into two parts;
the long range interaction is estimated in Fourier space and short range part
is estimated in real space. Discrete Fast-Fourier transform (FFT) is used to
approximate reciprocal-space term of the standard Ewald summation using
a discrete convolution on an interpolating grid.
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3 Conformational fluctuations in
the molten globule state

3.1 Introduction

Some proteins show structural fluctuations in certain parts in a near dena-
turing condition, while retaining their overall tertiary structures. Such

states are called Molten Globule (MG) state of the protein.15 The MG state
is induced by various denaturing conditions like high temperature, pH, high
pressure and due to the presence of various denaturing chemicals like urea.16, 87, 88

MG states, despite having structural fluctuations, show binding with ligands.
Many of such complexes have functional relevance. For instance, the complexes
of fatty acids and MG of α-lactalbumin (aLA) protein, ubiquitously present in
milk,19, 89, 90 in an acidic solvent show cytotoxic activities against cancer cells. Such
potential applications make the MG states interesting. However, the structural
and functional characterization of the MG is largely lacking, since the MG states
are not directly amenable to crystallization.

Intrinsic disordered proteins (IDP)18 are also known to lack well-defined
conformation and exist as highly dynamic conformational ensemble either at
secondary or tertiary level. The IDPs inherently posses meta-stable conforma-
tions91 instead of well-defined minima in energy landscape, unlike that observed
in ordered protein. The intrinsic dynamic nature helps IDP to participate in
functional ligand binding.92 Likewise, the structures of a protein, like aLA in the

Based on publications: Conformational fluctuations in the molten globule state of α-
lactalbumin, Abhik Ghosh Moulick, J. Chakrabarti, Phys. Chem. Chem. Phys., 2022, 24, 21348.
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3.1. Introduction

MG state, are highly dynamic and flexible.17 Experimental studies using time
resolved fluorescence suggest that conformation fluctuations in the MG state
occur on nanosecond (ns) time scales.93 However, it is not a priori evident that the
conformation fluctuations in MG state of such protein have resemblances to those
in IDP, since the MG states are induced by external conditions quite unlike the IDP.

Figure 3.1: Initial crystal structure of holo α-
lactalbumin protein. Ca2+ ion is shown in yellow,
and crystal water participating in the coordination of
the ion is shown in magenta. The secondary structure
element of the alpha-helical (A1-A4) and the beta-
sheet (B1-B3) domains are marked.

With this backdrop, we
study the microscopic nature
of conformation fluctuations
in the MG state of aLA. Fig.3.1
shows the crystal structure of
Ca2+ loaded (holo-) aLA. The
data show that the protein has
a α-helical domains (A1-A4)
and a beta sheet domain (B1-
B3) separated by a cleft. Un-
der physiological conditions,
the Ca2+ ion is coordinated to
this protein by the carbonyl
oxygen of Lysine (LYS)79 and
Aspartate (ASP)84, side chain
carboxylates of ASP82, ASP87,
ASP88 and the crystal waters.
At acidic pH, protons compete
with Ca2+ for the carboxylate
oxygen and disturb the Ca2+

ions coordination. Fluores-
cence and Circular dichroism
(CD) data reveal that binding of Ca2+ to aLA show pronounced change in
structure and function of the protein.94–96 Calorimetric study shows that Ca2+

ion reduce molecular flexibility and increases thermal stability of the protein.97

The removal of the ion reduces the overall stability of the protein98 resulting MG
states of the protein. The MG state of aLA show binding with fatty acids99–103 like
oleic acid (OLA) having cytotoxic activities. Thus, aLA in the MG state acts like a
carrier of cytotoxic factors. These complexes are called XAMLET, namely, aLA
made lethal where X stands for the name of the mammal.104–106

Various biophysical techniques are extensively used to characterize MG state
of aLA. Secondary structure and tertiary packing interactions in MG state are
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3. Conformational fluctuations in the molten globule state

probed using the CD method.107 Refolding kinetics of aLA is addressed following
the time-dependent change in the CD spectra. The decay time of aLA is affected
by its holo- and apo-forms. Amide hydrogen exchange measurements have been
used to investigate the most persistent structure in MG state.108

Molecular dynamics (MD) simulations are essential tools to study MG state
of protein17, 109, 110 due to lack of crystallization. However, the traditional MD
simulations have severe limitations in studying the MG state of aLA. The solution
pH plays a vital role in the molten globule formation of aLA by changing the
protonation states of titrable residues.17 pKa value determines the protonation
states of a given residue in a protein, which in turns depend on both intra- and
inter-molecular electrostatic interactions with neighboring residues. Traditional
molecular dynamics simulations use fixed protonation state of titrable residues.
As a result, pH must be explicitly included as an external parameter that allows
the protonation state of titrable residues to change in response to changes in
the chemical environment. Recent development in this direction uses a discrete
method where the protonation states of the titrable residues are updated using
the Monte Carlo moves as per the generalized Born energy cost due to changes
in the charged states of the residues in a continuum.111 Such scheme, also known
as constant pH molecular dynamics method(CpHMD),111 has been utilized using
the continuum solvent model to get MG states of aLA.17 The MG state has
been shown in canine milk lysozyme,110 using normal molecular dynamics
simulation at different temperatures and the replica exchange umbrella sampling
method at implicit solvent conditions. These works, however, do not address
the conformation fluctuations in the MG state.

Since maintaining low pH is essential for the formation of the MG state of
aLA, we perform CpHMD via a hybrid scheme where explicit water molecules
are taken into account in the MD simulations, but the charged state is updated
using the implicit solvent model. The water molecules are explicitly taken to
ensure coordination of the ion in neutral pH conditions. We find that the structure
and ion coordination from the hybrid simulation compare well to those from
normal all-atom calculations at neutral pH. Next, we study aLA at low pH(=2) to
take the system in MG state. We characterize the MG state in terms of radius of
gyration (Rg) and contact map. We also examine internal motion of the protein
at neutral and pH=2.0 condition in terms of Lipari-Szabo order parameter (S2)78

and internal correlation time (τe).72, 112 We employ the dihedral angle based
principal component analysis,23 the density based clustering and the machine
learning techniques8, 20–25to identify meta-stability in MG state. In MG state, we
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find that Rg increases on average while native contact decreases. We observe a
decrease in S2 along with an increase in τe. Our analysis reveals meta-stability
via a number of helix residues in the crystal structure. In the MG state, these
residues lack well-defined secondary structure, have lower structural persistence
(SP ), a longer dihedral autocorrelation timescale, and dynamic correlations with
fatty acid binding residues.

3.2 Methods

3.2.1 System preparation

The protein used in this study is bovine α-lactalbumin in both holo (with Ca2+

ion, RCSB PDB ID: 1F6R) and apo (without Ca2+ ion, RCSB PDB ID: 1F6S)113

form. Initial structure is shows in Fig.3.1. Both initial structures have six identical
chains, in which we choose only the first chain for the simulation.

3.2.2 Simulation Details

We use the protocol suggested by Swails et al.114 to simulate CpHMD in an explicit
solvent, keeping the number of particles (N), volume (V) and temperature (T)
fixed. At first, MD (See chapter 2, Appendix A1) is carried out with a constant set
of protonation states. Then the MD is stopped, and the solvent is stripped. Here
the potential is changed to the Generalized Born (GB) potential and protonation
states are changed for each titrable residue randomly. The electrostatic energy
due to this transition is used to make a Monte Carlo decision regarding the
acceptance or rejection of a new protonation state.111 If an attempt is accepted,
the solute is frozen and MD is performed on the solvent to relax the solvent
distribution around the new protonation states.

The AMBER115 package gives definitions for titrating side chains of aspartate
(ASP), glutamate (GLU), histidine (HIS), lysine (LYS), tyrosine (TYR), and cysteine
(CYS). We use ASP and GLU for titration at pH=2. Due to high acidic pH (=2),
HIS is excluded. At neutral condition, pH=7, only HIS is considered for titration
as pKa (HIS) = 6.5. Since, CpHMD simulation in the AMBER package does
not support C or N terminal titrable residues, they are excluded for titration
during simulation. Systems are parametrized using the AMBER FF10 force field
(ff).75 This ff is equivalent to the AMBER FF99SB for protein. TIP3P77 water is
used as solvent in truncated octahedron box around protein. Total 7349 water
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3. Conformational fluctuations in the molten globule state

molecules are added in the box. The system is neutralized by placing 8 Na+

atoms randomly. The total number of atoms inside the box is 24077. The volume
of the box is 272559.837 Å3.

After making the topology, the system is minimized using 5000 steps, follow-
ing both the steepest descent and the conjugate gradient with 10kcal/mol.Å2

positional restraint applied to the backbone. The system is then heated at constant
volume, varying the temperature slowly from 10K to 300K over 1000ps. The
salt concentration of the system is set at the default value of 0.15M. All bonds
involving hydrogen atoms were constrained using the SHAKE algorithm.116 The
heated structures are equilibrated for 5 ns, maintaining a constant temperature
using Langevin dynamics and a constant pressure using the Berendsen barostat.
Consecutive MC trials are separated by 2 femtosecond(fs) time steps. The
production run is done using a similar protocol for a further 195 ns at constant
volume and temperature using Langevin dynamics. We also perform normal
molecular dynamics of the holo form of α-lactalbumin protein without CpHMD
using the AMBER FF99SB force field for 200 ns.

We performed a total of 4 sets of simulations: (1) the CpHMD and (2) normal
MD on holo-aLA in neutral medium (PH=7.0) in explicit water for validation
of the CpHMD method we adopted. (3) Then we perform a simulation of apo-
aLA at acidic pH(=2.0) using the CpHMD. (4) We further carry out CpHMD
simulation on apo-aLA in neutral medium.

3.2.3 Analysis

Structural characterization

We calculate the following quantities to characterize the structures:

1. The root mean square fluctuations (RMSF) for the backbone Cα atoms.

2. The radius of gyration (Rg) is calculated as the average distance of Cα an
atom from their centre of mass (~RCM ). The square of Rg is defined as,

R2
g =

∑
imi(~ri − ~RCM)2∑

imi.
(3.1)

Here mi and ~ri is the mass and position vector of i-th Cα atom.

3. Native contacts are taken to exist between two residues if two specified
atoms of the two residues are closer than a specific cutoff value.
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All analysis are done using CPPTRAJ tools of AMBER.117

Structural persistence

The structural persistence (Sp) parameter is defined as:118

Sp = 1
Nres

Nres∑
i=1

e−(∆φi/∆φmax).e−(∆ψi/∆ψmax) (3.2)

Here, Nres denotes the total number of residues. ∆φi and ∆ψi represents change
in dihedral φ and ψ of i-th residue with respect to initial crystal structure.
∆φmax and ∆ψmax denotes the maximum permissible change in dihedral angle in
Ramachandran space without considering direction. Sp = 1 denotes no change
in protein conformation, whereas low Sp represents a higher deviation from the
reference structure. Structural persistence for a single residue is calculated in
a similar manner. However, summation and averaging over time is done for
a single residue instead of the full protein.

Correlation functions and order parameter

In general, dipolar interaction between two nuclei can be measured using NMR.
The correlation function for such cases is defined as:

Ctot(t) = 〈P2(µ̂i(t).µ̂i(0))〉 (3.3)

Where µ̂i(t) is the unit dipole moment vector pointing along the given dipole,
and P2(x) = (1/2)(3x2−1) is a second order Legendre polynomial. 〈..〉 represents
that averaging is performed over all given dipoles at different time origins. For
macromolecules like protein, the timescale associated with internal motion is
faster than overall motion, and hence, these two motions could be considered
independently. Thus, Ctot(t) can be factorized into correlation functions for
overall motions (CO(t)) and internal motions (CI(t)) of the protein. CI(t) can
be calculated after removing the center of mass of rotational and translational
motion of protein with reference to initial structure.

The relaxation behavior of CI(t) can be quantified by fitting the CI(t) decay
curve with the Lipari-Szabo model free approach78

CI(t) = S2 + (1− S2)e−( t
τe

) (3.4)
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Where S2 and τe are defined as Lipari-Szabo order parameter and effective
internal correlation time of a given dipole. It is important to note that S2 and 〈τe〉
can be calculated from NMR relaxation data. Parameter S2 denotes the level of
spatial rigidity of a given dipole. S2=1 denotes totally rigid state, whereas 0 value
represents entirely free motion. Here we considered two dipoles of the protein
backbone, i.e. N-H and C-N dipoles. Here, internal correlation functions (CI(t))
averaged over all C-N and N-H dipoles respectively at both neutral and pH=2.

Essential coordinate identification using clustering and machine learning tech-
nique

We use a systematic approach to identify low dimensional essential coordinate
(EC) of the system using modern clustering and supervised machine learning
technique as suggested by Brandt et al.8 We start with 3N dimensional coordinate
of the system obtained from MD simulation. Therefore, we calculate protein
backbone dihedral angle φ and ψ, referred as MD coordinate using inhouse code.
Initially, principal component analysis technique based on dihedral angle by
Sittel et al.23 is used to obtain low dimensional description of the dynamics
of the system. The detail of the method is in Appendix A1. Next, density
based and dynamical based clustering techniques is used to identify metastable
conformational state. Details of the clustering is in Appendix A2-A3. In the final
step, a supervised machine learning technique has been used to obtain EC of
the system. Details of the method is in the Appendix A4.

Dynamical cross correlation

Correlated motion between various protein segment can be defined in terms of
simple cross correlation C(i, j) functions119, 120 of various residues. If ∆ri and
∆rj are the displacement vectors of i-th and j-th Cα atom of the protein, then
corresponding C(i, j) is defined as,

C(i, j) = 〈∆ri.∆rj〉
〈∆r2

i 〉1/2〈∆r2
j 〉1/2

(3.5)

Here, the angular bracket signifies the ensemble average. C(i, j) varies between -1
(anti correlated motion) and +1 (correlated motion). The movement of correlated
residues is in the same direction, whereas anti-correlated residues are in the
opposite direction. It is noted that we have used the trajectory at t = 0 as
the reference structure, and all other structures are aligned with respect to
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that reference structure. Calculations are done using the Bio3D suite of R
programming packages.121

3.3 Results

Residue Name Residue Predicted pKa
Value Offset Value Fraction of

protonation
7 GLU 3.675 1.675 0.956
11 GLU 3.334 1.334 0.987
14 GLU 3.869 1.869 0.794
25 GLU 2.586 0.586 0.998
37 ASP 3.239 1.239 0.945
46 ASP 3.652 1.652 0.978
49 GLU 3.933 1.933 0.988
63 ASP 2.472 0.472 0.748
64 ASP 3.270 1.270 0.949
78 ASP 2.714 0.714 0.838
82 ASP 2.594 0.594 0.797
83 ASP 3.077 1.077 0.923
84 ASP 2.784 0.784 0.859
87 ASP 2.052 0.052 0.530
88 ASP 3.499 1.499 0.969
97 ASP 3.392 1.392 0.961
113 GLU 4.661 2.661 0.998
116 ASP 3.282 1.282 0.950
121 GLU 4.091 2.091 0.992

Table 3.1: Predicted pKa values of titrable residues during CpHMD simulations at pH=2.
The offset value is defined as the difference between predicted pKa and system pH.
Fraction of time titrable residues remain protonated during simulations.

At first, we validate structures obtained from CpHMD and normal MD
simulation of the holo-structure at neutral pH. Fig.3.2 (a) shows the overlapped
structures. The root-mean-square deviation between the atoms is found to be
only 0.479 Å with similar overall secondary structures. This shows the validity
of the hybrid simulations. Table 3.1 shows the predicted pKa value of titrable
residues obtained from the CpHMD simulations at pH=2. This prediction is
considered accurate if the offset value, i.e., the absolute value of the difference
between the predicted pKa and system pH, is less than 2.0.111 Table S1 shows that
most of the titrable residues have an offset value of less than 2.0.

After equilibration, the whole trajectory is divided into 4 windows. Window

52



3. Conformational fluctuations in the molten globule state

Figure 3.2: (a)
Overlapped average
structure obtained from
normal MD simulation
(green) and constant
pH MD simulations
(cyan) at neutral pH.
Root mean square
distance between two
structure is 0.479 Å,
(b)Autocorrelation plot
of radius of gyration
(Rg). Histogram of (c)
native (Nnc) and (d) non-
native(Nn/nc) contact
for different window.
Different windows are
represented as different
colours.

size is chosen based on autocorrelation of radius of gyration (Rg) where Rg is
calculated using Eq.3.1. Fig.3.2(b) shows autocorrelation plot of Rg. The decay
of correlation takes place within 40ns. We consider each window of ∼45ns to
ensure that they can be treated as independent. We check convergence of the
simulation based on native and non-native contact between residues based on
Cα atom in each window. Fig.3.2(c)-(d) shows histogram of native (Nnc) and
non-native (Nn/nc) contact for each window. The overlaps of the histograms in
native and non-native contact suggest the convergence of the simulated structures
of apo-aLA using the CpHMD method. We check the convergence of all other
quantities in a similar way. We use the histograms of the quantities of interest
over the windows and compute the window mean. The mean values of the
window means are taken as the mean of the given quantity. The error of the
mean is given by σ/

√
n (n=4), where σ is the standard deviation of the mean

values over the windows and n represents the number of window. The average
value of native contact is 382.54±2.67 and non-native contact is 43.93±3.08. In
the following, "neutral" refers to the holo-aLA in neutral solvent condition with
normal MD production runs.
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Figure 3.3: a) RMSF per residue
for both apo-aLA at pH2 and
holo-aLA at neutral. Histogram
of (b) radius of gyration (H(Rg)),
Contact map of protein-native
contact at (c) neutral, (d) pH2
and non-native contact at (e) neu-
tral and (f) pH2. Native contact
decreases and nonnative contact
increases at pH2 as compared to
neutral.

3.3.1 Conformations in the MG state

Fig. 3.3(a) shows RMSF per residue for holo-aLA at neutral solvent using normal
MD and apo-aLA at acidic solvent using the CpHMD simulations. The data
suggest that RMSF increases at acidic pH compared to the holo-aLA in neutral
condition. Radius of gyration (Rg) as given in Eq.3.1 measures compactness of
any protein. Rg is computed for each conformation. Fig. 3.3(b) shows histograms
(H(Rg)) ofRg for both holo-aLA in neutral and apo-aLA in acidic pH using over a
representative window. The average value of Rg obtained from simulation using
window averaging at MG state is 14.75±0.03 Å is slightly larger than holo-aLA
in the neutral case, with an average Rg = 14.40±0.01Å. Qualitatively, this is in
agreement to earlier experimental observations and simulations.122–125

The native contacts in a denatured protein decrease, as revealed by the nuclear
magnetic resonance (NMR) chemical shift dispersion spectra.17, 126, 127 Fig. 3.3(c)-
(d) shows native contact map of holo-aLA at neutral medium and apo-aLA
at pH=2 with 7 Å cut off between Cα atom as reference atom of the residues.
The native contacts decrease at acidic pH. Non-native contact map is shown in
Fig. 3.3(e) for neutral and (f) for pH=2 case. The maps show that non-native
contacts, on the other hand, increase at acidic pH than in the neutral case, in
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3. Conformational fluctuations in the molten globule state

Figure 3.4: Joint prob-
ability distribution of
SASA and SP at (a) pH2
and (b) neutral. Inter-
nal correlation functions
(CI(t)) for the (c) C-N
bond dipole and (d) N-
H bond dipole. The sym-
bols show the original
curve, while the fitted
line is shown in solid.

agreement to earlier simulation studies.17

Earlier works show changes in the solvent accessible surface area (SASA) in
the molten globule state.17 Fluorescence studies suggest that solvent accessibility
of Tryptophan residue in the MG state increases as compared to the neutral
state.128, 129 Earlier implicit solvent based analysis on MG state also shows similar
result.17 Accordingly, we calculate the SASA. Table 3.2 shows the SASA values
of Tryptophan(W) residue at neutral and molten state. We observe increase of
SASA of Tryptophan(W) at MG state compared to the neutral case. The structural
persistence (SP ) (see Eq.3.2) is sensitive to changes in structural preferences. We
show the joint probability distributions of SASA and SP at both acidic and neutral
pH in Fig.3.4(a) and (b) respectively. Compared to neutral pH, we observe that
the lower structural persistence is correlated with a higher SASA value at acidic
pH. Thus, the apo-aLA in acidic medium is in MG state.

Condition W60 W104 W118
Neutral 4Å2 16Å2 19Å2

pH2 19Å2 96Å2 34Å2

Table 3.2: SASA value of Tryptophan(W) residues at neutral and acidic pH.

We also consider the dynamics of protein backbone N-H and C-N dipoles.
Fig.3.4(c) and (d) shows internal correlation functions (CI(t)) (see Eq.3.3) av-
eraged over all C-N and N-H dipoles respectively for aLA at acidic pH and
holo-aLA at neutral condition. CI(t) decay slowly at acidic pH compared to the
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Dipole Condition S2 τe(ns)
N-H Neutral 0.82(0.003) 0.08(0.02)
N-H pH 2 0.61(0.02) 0.82(0.17)
C-N Neutral 0.93(0.003) 0.8(0.06)
C-N pH 2 0.77(0.02) 2.40(0.17)

Table 3.3: Order parameter (S2), internal correlation time (τe) for the backbone N-H
dipole and C-N dipole of α-lactalbumin protein at both neutral and pH2. Error obtained
using window analysis are shown in parentheses.

Figure 3.5: Free energy
landscape obtained
from dPCA+ for (a)
PC1, (b)PC2, (c)PC3,
(d)PC4, and (e)PC5.
(f) PC6-10. Y axis
represents negative log
of population of PCs.

neutral case. We quantify the correlation relaxation further by fitting CI(t) using
Eq.3.4. The fitted parameters of Eq.3.4 are shown with error bars in Table 3.3. The
data suggest that lowering the pH reduce the order parameter (S2) values for
both dipole, while the correlation time (τe) increases in comparison to the neutral
holo-aLA. The reduction in S2 is consistent with the formation of the MG state.
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3.3.2 Meta-stability in the MG state

Figure 3.6: (a) Autocorrelation function of
principal component 1-5, (b) Number of mi-
crostate, plotted as function of the minimal
population Pmin. Pmin=30 (shown by arrow)
value used in the analysis to avoid initial
drop .

Next, we consider the fluctuations in
the MG state in the dihedral angles
using the dPCA+ method23 over the
simulated trajectory (see in the Method
section). One dimensional free energy
landscapes for PC1 to PC5 are shown
in Fig.3.5(a)-(e) all of which show the
presence of meta-stable states. Rep-
resentative cases of PC 6-10, where
meta-stability is absent, are shown in
Fig.3.5(f). Metastability gradually de-
crease for higher PCs. Fig.3.6(a) shows
auto-correlation plot(CPC

X (∆t)) using
where X ∈ (1, 5). We fit the data
to an exponential form, CPC

X (∆t) =
A exp(−∆t/τPC), where τPC is the auto
correlation timescale. τPC is maximum
for PC1, represents the slowest mode
in the system. We chose PC 1-5 for
further analysis.

Next, we use the density based geometrical cluster analysis22 over the hyper-
space spanned by the dihedral PC1-5 (see Methods for details) to identify high
density clusters. Fig.3.6(b) shows how the number of microstates changes as
Pmin increases. It is required to choose Pmin large enough to avoid an initial drop.
Here, we chose, Pmin = 30 which provides 56 microstates based on clustering
analysis. Next, we use the most probable path (MPP) algorithm (see Methods
for details) to reduce microstates into a set of meta-stable states. We obtain 27
metastable conformational states using a lag time of τ=40 picoseconds and a
minimum meta-stability of Qmin=0.92, eliminating spurious transitions in the
vicinity of the energy barrier by coring as discussed in Nagel et al.25 The first
6 highly populated states out of 27 metastable states carry about 50% of the
total population. Fig.3.7(a)-(e) shows the representative secondary structure of
first five populated state. Each conformation from metastable states supports
conformational fluctuations in MG state.
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Figure 3.7: Representative sec-
ondary structures of the first
six highly populated metastable
states of aLA in the MG state.
Structures are arranged as per
decreasing population. Confor-
mation (a) corresponds to the
metastable states having the high-
est populations. Conformations
(b–e) correspond to the other 4
populated metastable states, with
population decreasing gradually
from (b) to (e). (f) Accuracy loss
plot of the XGBoost classifier. The
figure is shown as a function
of the number of discarded co-
ordinates. The accuracy of all
metastable states drops drasti-
cally upon removing the last 10
coordinates.

3.3.3 Location of the ECs

Given the meta-stable states, we use the XGBoost model (see in the Method
section) on MD data to identify the relative importance of the dihedral angles in
the MG state. Fig.3.7(f) shows an accuracy plot of the XGBoost algorithm. The
thick black line represents state averaged accuracy. The accuracy remains constant
upon discarding up to 232 coordinates. Accuracy decreases sharply for most
of the states by discarding the last 10 coordinates. These coordinates, shown in
Table 4 as per decreasing importance along with the secondary structure element
in the crystal structure, are the essential coordinates (EC). The most essential
coordinate is ψ80 as it is obtained at the final iteration of the XGBoost, removing
all other coordinates. The ECs are shown in Table 3.4. We also perform XGBoost
analysis over a randomly selected window to check how much EC changes. We
keep Pmin=30 as earlier and obtain 31 microstates after density based clustering.
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Finally, we acquire 15 metastable conformational states using a lag time of τ=40
picoseconds and a minimum meta-stability of Qmin=0.92. Obtained ECs are
tabulated in Table 3.4 as per decreasing importance. We find ψ80, φ79 and φ17 as
EC like in the earlier case. This also confirms the convergence of the metastable
state over our simulated trajectory. Our analysis suggests that the region near the
calcium binding loop plays an essential role in molten globule formation.

We highlight the residues having essential coordinates over the crystal struc-
ture (Fig.3.8(a)) in red color. We find that only φ122 and φ114 belongs to loop
residues, while all others belong to helix residues. The essential coordinate ψ80
belongs to amino acid residue PHE80, which belongs to the helix near the calcium
binding loop. Similarly, the residue LYS79 having the essential coordinate φ79
directly coordinates to calcium ion. We find in Fig.3.8(b) that most residues
having the essential coordinates prefer unstructured or bend conformation,
suggesting that these residues lack well-defined secondary structural elements
in the MG state.

We compare the structural and dynamic features of the ECs to those of the
non-ECs. We show the φ − ψ correlation plot for residue PHE80 in Fig.3.8(c).
Comparing the Ramachandran plot, we find that the conformations in PHE80 lie
within the helix, sheet, and unstructured region whereas secondary element in
crystal structure was in helix region. This indicates that the residue undergoes
fluctuations in the structural element. This is consistent with the data in Fig.3.8(b).
On the other hand, the φ − ψ correlation plot for VAL8 which is assigned as
non-essential coordinate, suggests conformations only confined within the helix
region (Fig.3.8(d)) as it was in crystal structure. This indicates there is no change
in the structural element throughout the simulation.

We characterize essential and non-essential coordinates in terms of SP . We
consider two data sets, one of the residues having the ECs and the other consisting
of the remaining residues. The histograms of the structural persistence (H(SP ))
for these sets are shown in Fig.3.8(e). We find that residues containing EC
coordinate posses low SP , whereas non-EC coordinates have a higher value of SP .

We further compute the time dependent correlation functions(Cθ
dihedral(∆t))

(TDCF) of dihedral fluctuations, using the method discussed in Ref.130 Fig.3.8(f)
shows dihedral auto-correlation functions of the first 5 essential coordinates.
The TDCF is normalized by ∆t = 0 value. We fit the initial decay data with
an exponential form Cθ

dihedral(∆t) = A exp(−∆t/τ θdihedral). τ θdihedral is the decay
timescale. The histogram of the correlation decay timescales (H(τ θdihedral)) for the
EC and non-EC dihedrals are shown in the inset of Fig.3.8(f). We observe that
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Figure 3.8: (a) Crystal structure
of α-Lactalbumin showing the
essential in red. Putative bind-
ing sites are present within the
black circle. (b) Conformational
preference of residues having es-
sential coordinates. in φ-ψ corre-
lation plots (c) Phenylalanine80
and (d)Valine8. (e) Histogram
of structural persistence (SP ) for
residues containing essential co-
ordinates and non-essential co-
ordinates. The lines are guides
to the eyes. (f) Dihedral auto
correlation function of first 5 es-
sential coordinates. The inset
shows the histogram of correla-
tion timescales of essential and
non-essential coordinates.

ECs have higher value of correlation timescales compared to non-EC. Average
correlation timescales obtained using window averaging, 〈τ θdihedral〉 for ECs is
3.13±0.76 ns and for non-ECs 2.45±0.21 ns, suggesting that the fluctuations in
the EC are longer lived than those in non-EC degrees of freedom.

Window1 Window2
EC Residue Name Structure EC Residue Name Structure
ψ80 Phenylalanine(PHE) Helix ψ20 Glycine(GLY) Helix
ψ18 Tyrosine(TYR) Helix φ100 Glycine(GLY) Helix
φ79 Lysine(LYS) Helix ψ80 Phenylalanine(PHE) Helix
φ17 Glycine(GLY) Helix φ20 Glycine(GLY) Helix
ψ109 Alanine(ALA) Helix φ79 Lysine(LYS) Helix
φ122 Lysine(LYS) Loop φ17 Glycine(GLY) Helix
φ114 Lysine(LYS) Loop φ87 Aspartate(ASP) Helix
ψ99 Valine(VAL) Helix ψ82 Aspartate(ASP) Helix
ψ105 Leucine(LEU) Helix ψ19 Glycine(GLY) Helix
φ77 Cysteine(CYS) Helix φ91 Cysteine(CYS) Helix

Table 3.4: Residues which possess ECs pH=2. Secondary structure for each residue in
initial crystal structure is mentioned.
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Apo, CpHMD, Neutral Holo, Normal MD, Neutral
EC Residue Name Structure EC Residue Name Structure
φ18 Tyrosine(TYR) Helix φ68 Histidine(HIS) Loop
ψ68 Histidine(HIS) Loop ψ121 Glutamic Acid(GLU) Loop
ψ122 Lysine(LYS) Loop ψ120 Cysteine(CYS) Loop
φ19 Glycine(GLY) Helix ψ16 Lysine(LYS) Helix
φ45 Aspargine(ASN) Loop φ63 Aspartate(ASP) Loop
φ121 Glutamic Acid(GLU) Loop ψ67 Proline(PRO) Loop
φ17 Glycine(GLY) Helix ψ66 Aspargine(ASN) Loop
φ20 Glycine(GLY) Loop φ121 Glutamic Acid(GLU) Loop
ψ18 Tyrosine(TYR) Helix ψ68 Histidine(HIS) Loop
ψ16 Lysine(LYS) Helix ψ104 Tryptophan(TRP) Helix

Table 3.5: EC obtained using XGBoost method at neutral condition using both CpHMD
and Normal MD.

3.3.4 Comparison to IDP

The IDPs are known to sample conformational space by stochastically switching
to different states separated by large energy barriers. This is reflected in terms of
meta-stable states observed in the aggregation prone IDP like hIAPP.91 Likewise,
we find metastable states, separated by an energy barrier, in the MG state of aLA
(Fig.3.5). We find that ECs are initially belong to a stable secondary structure,
suggesting enhanced conformational fluctuations. This nature of the protein at
MG state is similar to IDP. However, it is important to keep in mind that the MG
state is induced by external effects like lowering of the solution pH and, hence,
can be viewed as an induced disordered protein.

Experimental data suggest that the MG in aLA is realized in the absence of
the Ca2+ ion.98 This is supported by our data as well. We perform a CpHMD
simulation with apo-aLA in neutral solvent conditions. Fig.3.9(a) shows dihedral
PCs obtained in this case. High meta-stability is present where many of the
ECs belong to stable structures in the initial crystal structure (Table3.5) as in the
MG state. We contrast the conformation fluctuations in holo-aLA in the neutral
solvent conditions. The free energy profiles obtained from the dPCA+ analysis
(Fig.3.9(e)) show the presence of meta-stable states. However, in contrast to apo-
aLA, the essential dihedral angles in the neutral case for the holo-protein mostly
lie on the loop region in the crystal structure (Table3.5) and prefer unstructured
conformation over the trajectory (Fig.3.9(h)). Thus, the loss of Ca2+ ion is the
primary factor to realize the MG state of aLA.
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Figure 3.9: Identification of essential coordinate for apo (Ca2+ ion is shown for better
understanding) protein applying constant pH simulation at pH7.(a) Principal component
obtained from dPCA+ analysis. PCs 1-5 are shown in figure. (b) Accuracy loss plot of
XGBoost classifier. The figure is shown as a function of number of discarded coordinate.
Accuracy of all metastable states drops drastically upon removing of mostly last 10
coordinates., (c) Residues having essential coordinates are marked in initial crystal
structure. They are colored in red. (d) Conformational preference of those residues
having essential coordinates. Similar analysis for Identification of essential coordinate for
holo protein using unbiased molecular dynamics simulation at neutral pH. (e) PCs 1-5
obtained using dPCA+, (f) Accuracy loss plot of XGBoost classifier, (g) Residues having
essential coordinates are marked in initial crystal structure. All non-essential residues
belong to loop region. (h) Conformational preference of those residues having essential
coordinates.

3.3.5 Implication for functionality

It is known that in the MG state, aLA binds to fatty acids, like oleic acid (OLA)
with negatively charged carboxylate (COO−) head groups and long hydrophobic
tail to form cytotoxic complex.28, 30, 131 Experiments28 suggest that the binding
sites for OLA binding lies between A1 and A2 helices (Fig. 3.8(a)) and the cleft
region. Table.3.6 shows putative binding residues of OLA with nature. Among
the ECs, VAL99 of the cleft region and GLY17 of the A1 helix are putative binding
residues. Thus, some residues directly participating in the OLA binding bear
the essential coordinates. We correlate the fluctuations of the ECs in Ca2+

binding loop to the SASA of the OLA binding residues. As ligand binding
is mainly due to hydrophobic interaction, we consider hydrophobic residues
of cleft region. Fig.3.10(a) shows a correlation plot between SASA of ILE89
and dihedral ψ fluctuations of PHE80 (Fig.3.10(a)). The correlation plot shows
different clusters corresponding to different structural elements of PHE80. We
also check the correlation plot between SASA of ILE89 and dihedral φ fluctuations

62



3. Conformational fluctuations in the molten globule state

Residue Nature Residue Nature
VAL8 Hydrophobic PHE53 Hydrophobic
PHE9 Hydrophobic ILE55 Hydrophobic
ARG10 Basic LYS58 Basic
LEU12 Hydrophobic ILE59 Hydrophobic
LYS13 Basic TRP60 Hydrophobic
LYS16 Basic ILE89 Hydrophobic
GLY17 Hydrophobic MET90 Hydrophobic
GLY19 Hydrophobic VAL92 Hydrophobic
GLY20 Hydrophobic LYS93 Basic
VAL21 Hydrophobic LYS94 Basic
LEU23 Hydrophobic ILE95 Hydrophobic
TRP26 Hydrophobic LEU96 Hydrophobic
VAL27 Hydrophobic LYS98 Basic
PHE31 Hydrophobic VAL99 Hydrophobic
HIS32 Basic GLY100 Hydrophobic
GLY51 Hydrophobic ILE101 Hydrophobic
LEU52 Hydrophobic TRP104 Hydrophobic

Table 3.6: Putative binding sites of Oleic acid (OLA) with nature.

Figure 3.10: Correlation plot
between SASA value of
Isoleucine89 with (a) dihedral ψ
fluctuations of Phenylalanine80,
(b) dihedral φ fluctuations of
Lysine79, (c) φ of Valine8 and (d)
ψ of Valine8.

of LYS79(Fig.3.10(b)). Correlation plot shows different clusters in two different
regions of conformational space which is similar as PHE80. It may be noted that
PHE80 and LYS79 are distant from ILE89, suggesting allostery38, 132, 133 between
these residues. The correlation plots for other ECs and putative binding residue
shows different clusters as the conformations of EC changes. We contrast the
SASA of ILE89 with dihedral φ (Fig.3.10(c)) and ψ (Fig.3.10(d)) fluctuations of
VAL8, which has only non-essential coordinates. The correlation plot shows
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Figure 3.11: DCCM map be-
tween residues having essen-
tial coordinates with all other
residues. Box 1 represents the
DCCM map between GLY17 and
TYR18 with putative binding
residues of the interfacial cleft,
box 2 represents the DCCM
map between LYS79 and PHE80
with putative binding residues
of the A1 helix, and box 3 rep-
resents the DCCM map between
LEU105, ALA109, and LYS114
with residues of A1 and A2 he-
lices

that the SASA fluctuations are not correlated to those of the dihedrals. Thus,
the fluctuations in Ca2+ binding loop residues help the OLA binding residues
to get exposed.

We further elucidate the connection between putative binding residues and
the EC via the dynamical cross correlation (Eq.3.5) map of Cα atom fluctuations
belonging to these residues (Fig.3.11). DCCM plot shows that GLY17 and TYR18
are anti-correlated with putative binding residues of the inter-facial cleft (marked
as 1). Similarly, LYS79 and PHE80 are dynamically anti-correlated with residues
of the A1 helix (marked as 2). Residues LEU105, ALA109 and LYS114 show
dynamic anti-correlation with residues of A1 and A2 helices (marked as 3). Such
anti-correlated motion between residues results in the opening of the inter-facial
cleft required for OLA binding to aLA in an acidic medium.

3.4 Conclusions

In conclusion, we explore the conformation fluctuations and meta-stability in
the MG state of aLA in terms of essential coordinates using density based
clustering and a machine learning approach. We find metastability in the free
energy landscape of apo-aLA at MG state. ECs responsible for metastability in
the MG state prefer unstructured or bend conformations, although in crystal
structure they possess a stable secondary structure. Residues participating in
the coordination of Ca2+ ion (PHE80 and LYS79) act as essential coordinates of
the system. Thus, the removal of Ca2+ initiates metastability in the protein upon
lowering of pH. The ECs play a major role in opening up the putative fatty acid
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3. Conformational fluctuations in the molten globule state

binding sites. These features in the MG state are similar to those of IDP. It will be
worthwhile to understand the binding of fatty acids in such a disordered state of
protein. Our study will be helpful to understand the functionality of a protein
in partly denatured conditions, as in the MG state.
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Appendix

A1. Dihedral principal component analysis

Protein is well described by the backbone dihedral angles φ and ψ. Hence, we
use principal component analysis on dihedral angles based on newly devel-
oped dPCA+ method by Sittel et al.23 Traditional principal component analysis
sometimes produces errors in the computation of the covariance matrix and
the projection of circular coordinates on the eigenvector. The dPCA+ method
minimizes these errors by shifting the dihedrals periodically to set the maximal
sampling gap at the periodic boundary. This method primarily makes use of
the well-known fact that dihedral angles, due to steric hindrance, do not cover
the entire space of dihedral space [−π : π] but are bounded in a specific region.
One can obtain free energy landscape by applying the dPCA+ method to MD
data of a protein. Based on the shape of a one dimensional projection of the free
energy landscape, further important principal components can be chosen for
analysis. In our analysis, we exclude the terminal residues.

We also analyze the PCs based on time evolution of auto correlation functions
which is defined as,

CPC
X (∆t) = 〈δVi(t+ ∆t)δVi(0)〉

δV 2
i

(3.6)

with δVi(t) = Vi(t) − 〈Vi〉, X-denotes PC number.

A2. Density based clustering

We perform a robust density based geometrical cluster analysis22 over a landscape
in the hyperspace spanned by the dihedral PCs. For every structure in the
trajectory, we count the number of frames within a fixed radius R from the given
frame inside the hypersphere. Normalization of the count gives the density
of sampling probability P. Free energy is estimated using the equation ∆G =
−kBT lnP . To begin, an energy cut off value at relatively low free energy (F < 0.1
kBT ) is defined. All structures below the cut-off are considered, and the others
are ignored. Selected frames that are closer than a certain lumping radius (dlump)
are assigned to the same cluster. The energy cut-off is increased gradually at
a step of 0.1 kBT until all clusters are converged at the energy barrier. In this
way, all structures get specific cluster membership. Nagel et al.25 shows that in
most cases, dlump itself is a good choice for clustering radius R. Here, we consider
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3. Conformational fluctuations in the molten globule state

both R and dlump equal to 0.521. At the end of density based clustering, when all
data points are considered, a minimal population (Pmin) of each state is given
as percentage of all data points. This prevents from considering various small
microstates within the same minimum, which may form due to local free energy
fluctuations. Because Pmin affects the number of microstates, it should be chosen
based on the desired coarse graining level.

A3. Dynamical clustering

Density based geometrical clustering is expected to give a valid description of
the primary description of the system if the conformational states of different
geometrical states are separated by large barriers. But, sometimes small structural
changes are observed. Even in the case of a rare transition between states,
geometrically different but dynamically close states are artificially separated.
On the other hand, in the case of low sampling, dynamically distinct states are
considered as geometrically close and thus may be allotted wrongly. This error
can be minimized by considering a dynamic clustering method that combines
MD frames that are near in time evolution instead of geometrical evolution. Here,
we use the most probable path (MPP) algorithm developed by Jain et al.20, 21for
dynamical clustering. At first, given a set of microstates, the transition matrix of
these states is calculated. For a given state, if self transition probability is lower
than certain metastability criterion Qmin ∈ (0,1], then the state will be merged
with the state having the highest transition probability and lower free energy.
The process is reiterated until for a given Qmin no further transitions happen.
Here, we choose Qmin = 0.92 for further calculations.

A4. Essential internal coordinates (EC)

We have used supervised machine learning techniques to find essential coordi-
nates for meta-stability in the MG state. We identify an essential coordinate of the
system in the meta-stable state using the extreme gradient boosting (XGBoost)
algorithm.134 In this algorithm, given a trajectory of MD coordinates in terms
of dihedral angle and a meta-stable states obtained from clustering, a machine
learning model is constructed by minimizing a loss function. The overall accuracy
of the model can be estimated by dividing the available data into train and test
sets. The importance of a coordinate is given by the gain of the loss function
value. Any MD coordinate which has a higher gain in loss function is more
important for characterizing the state than others. Given a trained model, all the
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3.4. Conclusions

dihedrals are sorted as per their importance. When a non-essential dihedral is
discarded, the accuracy of the model does not change significantly. Thus, one
can identify essential internal coordinates that are necessary to discriminate the
states explicitly. Here, all XGBoost parameters are chosen as in Ref.8
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4 Fatty acid binding with α-
lactalbumin in MG state

4.1 Introduction

Previous chapter shows that α-lactalbumin (aLA) protein found in milk, has
the ability to adopt the MG state (MG-aLA) in acidic pH condition.15, 99–103

The conformation fluctuations in MG-aLA are similar to those in the Intrinsically
disordered proteins (IDP). Although it is known that the inherent dynamic nature
of IDPs play a key role in rapid ligand recognition,92, 135, 136 nothing analogous is
known about ligand recognition by proteins in the MG state.

It is observed that bovine Holo-aLA is unable to bind oleic acid (OLA).
But, MG-aLA binds to OLA with binding free energy -9.45 kcal/mol.26 This
MG-aLA-OLA complex, popularly known as XAMLET, X species (stands for
human, bovine, goat or other species) α-lactalbumin Made lethal to tumor
cells, performs cyto-toxic activities. aLA in MG state acts as carrier of the
cyto-toxic factor OLA.104–106 It has been proposed that OLA stabilizes the MG
state in XAMLET.137 Fatty acid like OLA is amphipathic in nature, i.e., they
have negatively charged carboxylate (COO-) head-groups and long hydrophobic
tail. Experimental studies28 suggest that the putative binding site of OLA lie
between the A1 and A2 helices and the inter-facial cleft (See, chapter 3, Fig.3.1).
However, no experimentally probed structure of the XAMLET complex has
been reported so far.

Here, we explore binding of bovine MG-aLA with OLA using the all atom
molecular dynamics (MD) simulations. Since there is no experimental data
available on the binding mode, first we determine the binding residues of MG-
aLA to OLA with the help of thermodynamic cost of conformation changes.
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4.1. Introduction

Recent studies show that the free energy and entropy costs associated with
conformation changes can be calculated based on the dihedral fluctuations of
a protein over simulated trajectories in different conformations.7, 30, 138 Confor-
mationally destabilized residues with increasing free energy and disordered
residues with increasing entropy in a given state with respect to a reference state
are shown to participate in binding events in the given conformation state.30 We
simulate the protein at neutral pH and pH=2 using the constant pH molecular
dynamics (CpHMD) technique,111 and find out the conformationally destabilized
and disordered residues in MG-aLA with respect to the Holo-aLA. We use these
residues as bias to dock OLA to a representative conformation of the MG-aLA
over the simulated trajectory. We further carry out MD simulations on the
docked complex to generate the conformations of the MG-aLA-OLA complex and
compute the conformational thermodynamics with respect to MG-aLA from the
dihedral angle distributions. We further estimate the binding free energy using
the umbrella sampling (US) method29 for MG-aLA-OLA using the separation
between the centre of mass of the protein and the ligand as reaction coordinate.
We also explore the kinetics where we study conformational fluctuations for
different separations between the protein and the ligand binding using the steered
molecular dynamics and the machine learning techniques.8

Our conformation thermodynamics data show that residues near the cleft
region are prone to binding, in agreement with the earlier study.28 Further, OLA
binding to the MG-aLA in the MG-aLA-OLA complex gives conformational
stability and order with respect to MG-aLA. The binding energy is comparable
with earlier experimental results26 in MG state. The conformational fluctuations
show that the most essential coordinates(EC) in the conformation fluctuations31

belong to the ligand binding residue LEU52, LYS94, ILE95, GLY100, ILE101. As
the ligand goes further away, the EC is shifted towards the residues of Ca2+

binding region, suggesting that the Ca2+ binding residues have allosteric control
on the ligand binding as suggested in earlier works.30, 31 The average water
number around the residues having the essential coordinates increases as the
ligand goes further away. Thus, water molecules around the essential coordinates
are perturbed in complex formation, suggesting their key role in OLA binding
at MG state. We also check the dynamics of water molecules near the protein
surface. It shows that the water molecules close to both protein and ligand
have sub diffusive behavior.
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4. Fatty acid binding with α-lactalbumin in MG state

4.2 Methods & analysis

4.2.1 Constant pH molecular dynamics

The protein considered in this study is Bovine-α-lactalbumin in both holo (with
Ca2+ ion, RCSB PDB ID: 1F6R) and apo (without Ca2+ ion, RCSB PDB ID: 1F6S)113

form as discussed in previous chapter. For constant pH molecular dynamics
(CpHMD) we follow similar protocol as discussed in chapter 3.

4.2.2 Conformational thermodynamics

The free energy and entropy associated with conformational changes are com-
puted from the histograms of the dihedral angles as reported earlier.7 The
conformational free energy and entropy cost for an individual protein residue
can be estimated by taking the sum of contribution of free energy and entropy of
each dihedral in that residue. We compute this with our in house tools, which
can be obtained from GitHub (https://github.com/snbsoftmatter/confthermo).
Residues having ∆G,T∆S > 0.0 are identified as destabilized and disordered
residues. These residues are active in ligand binding. This yields the binding
mode between the ligand and the protein.

4.2.3 Protein-ligand complex preparation

Clustering & docking

As no crystal structure is available for MG-aLA, we use K-means clustering117, 139

to identify representative structure over the trajectory of CpHMD run at pH=2.0.
In molecular simulation, clustering represents the grouping of similar confor-
mations together. Similarity is determined by a distance metric, where the
smaller distance represents more similar structures. Here, coordinate root-mean-
square deviation (RMSD) is used as distant metric. Clustering is computed using
CPPTRAJ tools of AMBER.117 Next, we dock protein structure obtained from
clustering of MG-aLA using the HADDOCK.140, 141 We dock the ligand using
conformationally destabilized and disordered residues of cleft region as bias.
The docking protocol consists of following stages, at first a rigid body energy
minimization and then MD base refinement process provides model structures.
Basis on Z score, therefore, the top cluster is chosen. Details of docking are in
Table 4.1. The OLA molecule is taken from the crystal structure of liver fatty
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4.2. Methods & analysis

acid binding protein–oleate complex (PDB ID: 1LFO). We use similar protocol
to construct the model for Holo-aLA-OLA complex.

HADDOCK score -34.4 +/- 2.4
Cluster size 19
RMSD from the overall lowest-energy structure 1.9 +/- 0.0
Van der Waals energy -21.8 +/- 1.1
Electrostatic energy -93.6 +/- 1.4
Desolvation energy -6.7 +/- 0.2
Restraints violation energy 34.9 +/- 19.2
Buried Surface Area 613.0 +/- 11.9
Z-Score -2.0

Table 4.1: Docking study on MG-aLA-OLA system.

MD simulations of protein-ligand complex

The MD simulations (See chapter 2, Appendix A1) of the docked complex are
performed using GROMACS76 simulation package with Amber99Sb force field75

and TIP3P77 water model. The GROMACS parameter for OLA are generated
using Antechamber and Acpype. Antechamber parametrizes the molecule using
general AMBER force field (GAFF).142 Acpype is python interface to antechamber,
which provide GROMACS topologies.143

AMBER CpHMD method provides fraction of time titrable residues proto-
nated during the simulation. Table.3.1 of the previous chapter shows fraction
of time titrable residues remain protonated during simulations. Based on this,
we set protonation state of titrable residues in GROMACS.

We further perform a total of 2 sets of simulations : (i) MG-aLA-OLA and
(ii) Holo-aLA-OLA complexes. At first, systems are immersed in cubic box of
dimension 7.221x7.221x7.221 nm3 and 7.725x7.725x7.725 nm3 respectively. 11 Cl-

ion is required for protein-ligand complex at MG state. Holo-aLA required 6 Na+

ion to neutralize the complex structure. Minimization is done for 50,000 steps
using the steepest descent algorithms. All bonds in the protein are constrained
using the LINCS algorithm. Equations of motion are integrated using leap-frog
algorithm with an integration time step of 2fs. Systems are equilibrated through 2
steps (NVT and NPT) using position restraints to heavy atoms. The NVT and NPT
equilibration is carried out at 300K Temperature and 1 Bar pressure. Afterward
the full all-atom simulations are performed for 1 µs with 2 femtosecond time step
integration employing periodic boundary conditions in all directions.
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4. Fatty acid binding with α-lactalbumin in MG state

To address the dynamics of hydration water, we save the trajectory at 0.1 ps
resolution for post-processing analysis. Dynamical quantities are calculated by
separating 100 ns trajectory after equilibration, into 10 blocks, with a 1 ns duration
for every block and maintaining a gap of 10 ns between two consecutive blocks.

4.2.4 Steered MD & Umbrella sampling(US) simulation

The equilibrated structure of MG-aLA-OLA complex is selected for US study. The
initial system is prepared using GROMACS software and protein-OLA complex
at MG state is made parallel to Y axis. The dimension of the box is 6.53x11.95x4.34
nm3. The prepared box is solvated, neutralized, minimized following previous
simulation protocol. The box is further equilibrated at a specific temperature
(NVT) and specific pressure (NPT) similar to the previous MD simulation setup.
The US method initiates with steered molecular dynamics(SMD) method using
distance between center of mass as reaction coordinates. The OLA molecule
is pulled from binding residues of protein towards the bulk solvent for 500
picosecond (ps) with 1000 kJ/mol-nm force. OLA molecule is pulled at the
rate of 0.01 nm per ps. Snapshots are saved at each picosecond during the
course of pulling, hence total 500 configurations are generated. We extract 22
required frames from the SMD trajectory to prepare the umbrella sampling
windows, where the distance between each configuration is 0.2 nm. These
configurations serve as initial structure of US simulation and each frame is
independently equilibrated, performing NPT equilibration for 100 ps. Next,
MD is performed for each individual configurations. The potential of mean
force (PMF) is calculated from equilibrated trajectory of US simulation using
weighted histogram analysis method (WHAM),144 included in GROMACS. One
can calculate binding energy from PMF curve by subtracting the PMF value
at the position of ligand at the maximum distance from the PMF value at the
position of ligand at minimum distance from the protein. We also run separate
umbrella sampling where complex structure obtained from equilibrium MD
trajectory is used as initial configuration. In total, we performed 4.3 µs of US
simulation. The details of the method of steered molecular dynamics, umbrella
sampling and WHAM is in Appendix A1.

4.2.5 Identification of essential coordinates (EC)

We identify essential coordinate of the system for various position of OLA
molecule from aLA at MG state. For this, we use SMD techniques as discussed

73



4.2. Methods & analysis

earlier, where distance between center of mass between protein and ligand is
used as reaction coordinate. Essential coordinate is identified using the method
described by Brandt et al.8 The method is used earlier to identify essential
coordinates in the MG state of aLA (MG-aLA) in Abhik et al.31 The details of
the method is in Appendix A1-A4 of chapter 3.

4.2.6 Dynamical cross-correlation analysis

The method of calculating dynamical cross correlation function, C(i, j) between
various Cα atom of the protein is already discussed in previous chapter.

4.2.7 Radial distribution function

We calculate radial distribution function (rdf), g(r) to understand the arrange-
ment of water around protein surface. The rdf is calculated using the follow-
ing equations:

g(r) = 〈 1
ρN

N∑
i=1

N∑
j=1

δ(rij − r)〉 (4.1)

where denotes the total number of water molecules, ρN is the particle density
and the angular bracket represents average over time origins.

4.2.8 Dynamical parameters of water

Residence time(τR)

The residence time of a water molecule is calculated from the survival time
correlation function.145, 146 The survival time correlation function is defined as

CS(t) = 〈Pi(t)Pi(0)〉
〈Pi(0)Pi(0)〉 (4.2)

where, Pi=1 if the i-th water molecule continuously present within the solvation
shell for a time t and 0 otherwise. The angular bracket signifies that the averaging
is done over both time and water molecule. We fit the decay curve of CR(t) can
be fitted with bi-exponential function of the form

CS(t) =
2∑
i=1

Ai exp (− t

τi
) (4.3)
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to calculate average residence time (〈τR〉) of water molecule where, τi corresponds
to different time constants and Ai corresponds to their relative contributions
respectively. 〈τR〉 is related to 〈τi〉 via the equation

〈τR〉 =
∑
i

Ai.τi (4.4)

Translation diffusion coefficient(DE)

The mean square displacement (MSD) is defined as,

〈∆r2〉 = 〈|ri(t)− ri(0)|2〉 (4.5)

where, ri(t) and ri(0) represents the position vector of i-th water oxygen atom
at time t and at time t=0. Here, angular brackets signify that the averaging is
computed over all tagged water molecule at different time origins.

Rotational orientation

The rotational motion of water molecule can be probed through reorientation
dynamics of water dipole, ~µ (vector joining the central oxygen atom of water
molecule and specific hydrogen atom attached with oxygen atom). We calculate
the dipole-dipole reorientation time correlation function (TCF), Cµ(t), defined as

Cµ(t) = 〈µ̂i(t).µ̂i(0)〉
〈µ̂i(0).µ̂i(0)〉 (4.6)

Here µ̂(t) is the i-th water molecule’s unit dipole moment vector at time t. Here
also averaging is done over all tagged water molecule at different time origin.
Decay curve of Cµ(t) can be fitted with tri-exponential functions to calculate
amplitude-weighted average reorientation time constant, (〈τµ〉) as earlier.

4.3 Results & Discussions

4.3.1 MG-aLA-OLA complex

First, we consider the equilibrium aspects of OLA binding to MG-aLA. We
identify conformationally destabilized and disordered residues of the cleft region
in MG-aLA compared to the Holo-aLA. This set of residues consists of a large
number of hydrophobic residues and a few basic residues. Fig.4.1(a) shows data
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Figure 4.1: (a) Conformational thermodynamics change at molten globule state with
respect to neutral state, (b) Equilibrated structure of MG-aLA-OLA complex. Hy-
drophobic tail of the OLA goes into the cleft region, (c) Equilibrated structure of
Holo-aLA-OLA complex. OLA remain outside the protein cleft region all over the
simulation, (d) Conformational thermodynamics change of active residues at MG-aLA-
OLA conformations w.r.t MG-aLA conformations.

for changes in conformational thermodynamics, free energy (∆G) and entropy
(T∆S) of those residues. Here, the change in free energy and entropy consist of
contributions due to the change in dihedral distributions of backbone dihedral
angle φ, ψ and side chain dihedral angle χi, i = 1, .., 5. We consider them as
active residues to dock OLA to a representative structure of the protein in
the MG state which is subject to MD simulations. An equilibrium structure
from MD trajectory of MG-aLA-OLA complex is shown in Fig.4.1(b). The long
hydrophobic tail of OLA extends towards the interfacial cleft. Fig.4.1(c) shows
an equilibrium structure from MD trajectory of Holo-aLA-OLA. It shows that
OLA does not bind into cleft region of Holo-aLA. It suggest that at neutral
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4. Fatty acid binding with α-lactalbumin in MG state

Figure 4.2: (a) ∆G (b) T∆S of active residues in equilibrated structure. Green color
shows stabilized/ordered residues, and red corresponds to destabilized/disordered
residues. (c) Residues of aLA involved to form binding interface with OLA are marked
in green, (d) PMF curve of protein-ligand complex obtained from umbrella sampling
method for MG-aLA-OLA conformations

condition binding does not happen.
Next, we check the conformational free energy and entropy costs of the

MG-aLA-OLA complex with respect to MG-aLA are shown in Fig.4.1(d). We
show the conformational thermodynamics change ∆G and ∆S of those active
residues for OLA binding by adding all dihedral contributions. We find that
all binding residues have ∆G is negative except TRP60, MET90, LEU96, ILE98 .
Those residues are marked in red color in the equilibrated structure of MG-aLA-
OLA in Fig.4.2(a). Most of the active residue are ordered except TRP60, LEU96
and ILE98. Those residues are colored in red in Fig.4.2(b). The total change in
∆G and ∆S of the binding region of aLA at MG-aLA conformations are 26.20
kJ/mol and 68.84 kJ/mol. But due to presence of OLA binding at MG-aLA-OLA
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Complex OLA at 1.34 nm OLA at 1.93 nm OLA at 2.5 nm

EC Residue
Name EC Residue

Name EC Residue
Name EC Residue

Name
φ95 ILE φ63 ASP φ39 GLN ψ17 GLY
ψ18 TYR φ23 LEU φ84 ASP ψ13 LYS
φ100 GLY ψ107 HIS ψ54 GLN ψ24 PRO
φ20 GLY ψ13 LYS ψ64 ASP ψ81 LEU
φ19 GLY φ88 ASP ψ91 CYS ψ40 ALA
ψ52 LEU φ49 GLU ψ39 GLN φ24 PRO
ψ94 LYS φ54 GLN φ56 ASN φ13 LYS
ψ101 ILE φ24 PRO φ64 ASP φ87 ASP
ψ19 GLY φ56 ASN ψ53 PHE φ25 GLU
φ94 LYS φ53 PHE ψ32 HIS ψ55 ILE

Table 4.2: Essential coordinate for 4 different cases

conformations, the change in ∆G and ∆S of the binding region becomes -5.47
kJ/mol and -24.8 kJ/mol. It suggests that overall binding region of aLA become
stabilized and ordered due to OLA binding.

We identify binding interface in MG-aLA-OLA conformations based on
minimum distance between any two pair of atom (dmin). Here, we consider
protein Cα atom and main chain carbon atom of OLA. Residues responsible to
form binding interface are marked in green color over the protein in equilibrated
structure in Fig.4.2(c). We find that active residues like ILE59, ILE95, LYS98,
VAL99, GLY100 form binding interface along with some other residues like
ARG10, LYS13, LYS16, GLY17, LEU23 of A1-A2 helices and LYS58 of interfacial
cleft. It is to be noted that experimental study suggest that putative binding site
of OLA lies between the A1 and A2 helices and the interfacial cleft.28

We calculate binding energy between protein-ligand using umbrella sampling
techniques (Details are in Method section) where the reaction coordinate is the
center-of-mass (COM) distance between the ligand and the protein. Fig.4.2(d)
shows PMF curve of protein-ligand complex for MG-aLA-OLA. For, MG-aLA-
OLA case, the binding energy of protein-ligand complex is approximately -8.3
kcal/mol, which is comparable with earlier experimental observations.26 We
calculate the error bar in PMF by averaging multiple PMF obtained from various
independent umbrella sampling simulations.

Next, we check metastability for MG-aLA-OLA complex. Fig.4.3(a)-(c) shows
free energy landscape (FEL) of principal components (PC1-3) obtained using
dPCA+ method. FEL plot for MG-aLA-OLA conformations are marked in blue,
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4. Fatty acid binding with α-lactalbumin in MG state

Figure 4.3: Free energy landscape obtained from dPCA+ along (a) PC1, (b) PC2, (c)
PC3 for MG-aLA-OLA (blue) and MG-aLA (red). Y axis represents negative log of
population of PCs (H), (d) Residues having essential coordinate in MG-aLA-OLA
complex. Histogram of ∆G value for all residues considering (e) φ dihedral, (f) ψ
dihedral angle. Value of ∆G for essential residues are marked inside the blue box.

whereas MG-aLA conformations are marked in red. We find that metastability is
changed in complex formation. Along PC1-PC2, metastability is reduced for MG-
aLA-OLA conformations as compared to MG-aLA conformations. Along, PC3
metastability completely vanished in MG-aLA-OLA complex, whereas for MG-
aLA metastability still present. Reduction in metastability suggests that at MG-
aLA-OLA conformations, protein has more stable state as compared to MG-aLA
conformations which is consistent with the conformational thermodynamics data.

We identify essential coordinates (EC) of the system using clustering and
supervised machine learning base analysis.8 Residue having essential coordinates
in protein are colored (red) over the crystal structure of the protein in Fig.4.3(d).
Ca2+ binding region is marked within a red circle. ECs are also tabulated in
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Table.4.2 where most EC which is obtained in the final iteration of XGBoost,
removing all other coordinates, is marked in bold. In complex MG-aLA-OLA,
ECs mostly belong to the putative binding site of OLA. φ95 acts as most essential
coordinate, which belongs to the residue ILE95. It is to be noted that residues
having EC like ILE95, LYS94, GLY100, ILE101, LEU52 also acts as active residue
for ligand binding. It suggests that at complex state the dynamics of the system
mostly governed by some of the binding residues.

Next, we discuss the free energy change of ∆G of ECs at MG-aLA-OLA
conformations with respect to MG-aLA conformation based on conformational
thermodynamics. Fig.4.3(e)-(f) shows histogram of free energy change for φ and
ψ degree of freedoms (H(∆Gφ) andH(∆Gψ) ) of all residues. We check where the
free energy change of residues having essential coordinate fall in the histogram.
Fig.4.3(e) shows for φ degree of freedom, residues having ECs, ∆G values are
clustered near 0 value. Data points are marked within a blue box. Similarly, for ψ
degree of freedom (Fig.4.3(f)), most of the residues fall neighborhood zero value.
It suggests that residues having EC clustered near the low energy change region.

The secondary structural section forming the binding region of protein are
known to reveal correlated motions during the recognition process of ligand.147

We compute to this end the dynamic cross correlation map C(i,j)119, 147 between
protein residues, (see in the method section). Fig.4.4(a) shows binding region of
the protein at MG state in color, where green color corresponds to hydrophobic
and basic residues of A1-A2 region and red color represents hydrophobic and
basic residues of cleft region. We compare DCCM map for two different cases: (i)
MG-aLA (Fig.4.4(b)), and (ii) MG-aLA-OLA complex (Fig.4.4(c). In MG-aLA, the
residues of ligand binding region are negatively correlated(Fig.4.4(b)). The region
of interest is marked within the box. The region involved in anti-correlated
motion in the protein segment primarily belongs to green and red region of
the protein in Fig.4.4(a). Anti-correlated motions between residues of protein
decrease in MG-aLA-OLA(Fig.4.4(c)). This suggests that the long ranged anti-
correlated motion between protein segments are involved in ligand binding.

4.3.2 Kinetics of OLA binding to MG-aLA

The presence of the long-ranged correlations are also revealed from the fluctuation
spectra for various separation between the protein and the ligand. We carry
out all-atom MD simulations on various configurations with fixed the distance
between centers of mass of the protein and the ligand obtained during the steered
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4. Fatty acid binding with α-lactalbumin in MG state

Figure 4.4: a) Binding region of the protein
at MG state in color, where blue color corre-
sponds to hydrophobic and basic residues
of A1-A2 region and red color represents hy-
drophobic and basic residues of cleft region.
Dynamic cross correlation map (DCCM) for
two different cases, (b) MG-aLA and (c) MG-
aLA-OLA complex.

molecular dynamics simulations. Residue having essential coordinates in protein
are colored (red) over the crystal structure of the protein for 3 different cases in
Fig.4.5(a)-(c). Ca2+ binding region is marked within a red circle. Table.4.2 shows
that essential coordinates and corresponding amino acid name for different cases.
Fig.4.3(d) already shows residues having ECs in the complex. When ligand is
fixed at a distance of 1.34 nm, most EC shifted to ASP63 and corresponding
degree of freedom is, φ63 which is near one of the binding residue TRP60. In
these conformations, ECs are started to shift towards one of the residue of Ca2+

binding region (Fig.4.5(a)) i.e. ASP88 and corresponding EC is φ88. When ligand
is at 1.93 nm (Fig.4.5(b)), most EC belongs to GLN39. In this conformation, φ
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4.3. Results & Discussions

dihedral angle of ASP84 acts as one of the EC. Due to further pulling of ligand
up to 2.5 nm, most EC shifted to GLY17 and residue LEU81 acts as one of the
essential coordinates, Fig.4.5(c). It is noted that ASP82, ASP87 and ASP88 directly
participate in Ca2+ coordination. We already discuss in previous chapter31 that
at MG-aLA conformations, EC belongs to ψ80 and φ79. Thus, there is shifting
of EC from ligand binding residues when ligand is in complex to Ca2+ binding
loop region as ligand-protein distance increased. This suggests allostery between
OLA binding and the Ca2+ binding loop residues.

We calculate average water number (〈NR
w (d)〉) around the R th residue, con-

sidering a 5 Å cutoff around the residues for separation d between COM of
the protein and ligand. We consider, in particular 〈N ILE95

w (d)〉, 〈NLY S94
w (d)〉 and

〈NTRP60
w (d)〉. It is important to point out that ILE95 contains EC φ95, LYS94

contains EC both φ94 and ψ94. Fig.4.5(d) shows 〈NR
w (d)〉 around residue ILE95

and LYS 94 for different position of ligand from protein. As ligand goes further
from protein, 〈NR

w (d)〉 increases around their residues. We fit the dataset for
ILE95 and LYS94 with y = xα to find the dependency of 〈NRes

w (d)〉with distance
between ligand and protein. We find that the exponent α value for ILE95 is
0.71 and for LYS94 is 0.24. On the contrary, TRP60, which acts as one of the
binding residue of protein but not as EC, does not show any change. Thus, the
hydration level of the residues having ECs change markedly upon displacement
of the ligand. In other words, when the hydrophobic tail of OLA approaches
the binding residues having EC, it replaces water molecules and goes into the
binding pocket, making a stable complex.

4.3.3 Dynamics of water near protein surface

We explore the relaxation of water in terms of various dynamical quantities like
solvent residence time, translational and rotational diffusion at the interface. To
identify the interface, we calculate radial distribution function (g(r)) of water
molecule around Cα atom of amino acid residues as discussed in methods.
Fig.4.6(a) shows g(r) plot for MG-aLA (black) and MG-aLA-OLA(red). The peak
is mostly unaffected due to complex formation in MG-aLA-OLA as compared
to MG-aLA. We consider the water molecules up to 6 Å to probe the dynamics
of the water at the interface. We consider the dynamics of hydration water
around the protein in the MG-aLA-OLA (system 1), the ligand in MG-aLA-OLA
(system 2), the protein in MG-aLA (system 3) and common to both protein and
ligand (system 4).32 The residence time of water molecule are calculated from
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4. Fatty acid binding with α-lactalbumin in MG state

Figure 4.5: Essential coordinates are colored in red over crystal structure of aLA for
different position of OLA i.e. (a) OLA at 1.34 nm, (b) OLA at 1.93 nm, (c) OLA at 2.5
nm. The ligand is shown in the figure. For better understanding, we show Ca2+ binding
region of protein aLA along with Ca2+. (d) Average number of water molecule (〈NR

w (d)〉)
around ILE95 (blue), LYS94(red) and TRP60 (green).

the survival time auto-correlation function CS(t) (See in Methods).146 Fig.4.6(b)
shows that CS(t) for hydration water common to both protein and ligand exhibit
slower decay of CS(t) than all other cases. We fit the CS(t) with bi-exponential
functions. 〈τR〉 for different systems are given in Table.4.3 that confirms that
hydration water molecules common to both protein and ligand are the slowest.
The dynamics of water around the protein and the ligand are not affected much
by the presence of the other (system 1, 2 and 3).

This is further reflected in the mean-square-displacement (MSD) curve (See
in Methods) where water molecule is tracked up to the survival time. Fig.4.6(c)
shows MSD curve for different systems, where common water molecules exhibit
the slowest motion as compared to other systems. The nature of the MSD
suggest that water molecules present near the interface of protein exhibit a sub
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Figure 4.6: (a) Radial distribution function,g(r) of water molecules as a function of dis-
tance from the protein at MG-aLA and MG-aLA-OLA conformations, ((b) Survival time
correlation function (CS(∆t)), (c) mean square displacement (〈∆r2〉), (d) Reorientation
time correlation function (Cµ(∆t)) for different systems. Systems are defined as follows:
system 1: hydration water around protein in complex, system 2: hydration water around
ligand in complex, system 3: hydration water around protein in free state (without ligand)
and system 4: water molecules which are simultaneously present within a distance of 6Å
from protein and ligand in complex i.e. common to both protein and ligand. Color is
different for different systems.

linear time dependency.32 We fit the MSD data with 〈∆r2〉 ∼ tα. We calculate
α value for different system and tabulated in Table.4.3. It shows that α < 1,
confirming the sub linear dependency. The water molecules common to both
protein and OLA have the least α value. It suggests that those water molecules
exhibit slower dynamics, as suggested from residence time. The dipole-dipole
reorientation time correlation function (TCF), Cµ(t) (See in Methods) in Fig.4.6(d)
shows that the common water molecules possess slow decay which is also
confirmed by amplitude-weighted average reorientation time constant, 〈τµ〉 (see
Table.4.3), obtained from the fitted decay curve with a multi (tri-)exponential
dependence. We find that common water molecules exhibit higher 〈τµ〉 value
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System 1 System 2 System 3 System 4
〈τR〉 (ps) 48.74 62.81 50.41 102.64

α 0.58 0.56 0.57 0.41
〈τµ〉 (ps) 20.52 22.59 16.5 282.22

Table 4.3: Residence time, exponents and average reorientational time constants for
different systems.

as compared to others. Hydration water molecules in system 1, 2 and 3 show
similar dynamics. We find that lower α value corresponds to higher 〈τµ〉. Water
molecules close to both protein and ligand (system 4) exhibit the lowered value
of α and thus higher 〈τµ〉.

4.4 Conclusions

In conclusion, we have related the conformational change of protein aLA at MG
state due to binding with fatty acid like OLA. The investigation reveals that
protein MG state become stabilized upon OLA binding. The fluctuations in the
complex is governed by degrees of freedom of some binding residues, which
are eventually transferred to the Ca2+ binding region as ligand is completely
separated out from the protein. The free energy change for those binding residues
having EC along φ and ψ dihedral lies near the zero value. It suggests by small
cost of free energy they are able to bind with OLA and form XAMLET complex.
This low value of free energy might help in drug release. Our study is helpful
in the microscopic understanding of OLA binding with protein at MG state and
in stabilizing XAMLET for cancer treatment.
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Appendix

A1. Steered molecular dynamics & umbrella sampling

For any kind of complex biological or chemical system, if the phase space is
separated by high energy barrier then conventional molecular dynamics is not
able to sample the phase space properly. Now to deal with this sampling problem,
one can use some kind of biased molecular dynamics or enhanced sampling
techniques. Steered molecular dynamics (SMD) and Umbrella Sampling (US)
are two commonly used techniques in complex biological or chemical system
to explore the kinetics of processes like protein ligand binding, protein folding
e.t.c.148 In this methods, at first a suitable reaction coordinate(ξ) is identified
which represents the progress of the phenomena.

Here in protein-ligand system we choose centre of mass between protein-
ligand as reaction coordinates. At first SMD techniques is used to pull the
ligand by applying a constant force keeping the protein fixed. The position of
ligand is maintained using a bias potential. Thus one can generate a series of
configurations along the reaction coordinates. Out of this, some conformations
are used as starting conformations of umbrella sampling. Here the bias potential
applied on the system is Vi(ξ) which is only function of ξ. Hence, biased energy
of the system is

U b
i (r) = Ui(r) + Vi(ξ) (4.7)

Now, one can obtain the unbiased probability distributions (P u
i (ξ)),

P u
i (ξ) =

∫
exp[−βUi(r)]δ(ξ − ξi)dr∫

exp[−βUi(r)dr
(4.8)

Here one can get biased probability distribution along reaction coordinate,
P b
i (ξ) as follows

P b
i (ξ) =

∫
exp[−βUi(r) + Vi(ξ)]δ(ξ − ξi)dr∫

exp[−βUi(r) + Vi(ξ)]dr
(4.9)

therefore,

P b
i (ξ) = exp(−βVi(ξ))

∫
exp[−βUi(r)]δ(ξ − ξi)dr∫
exp[−βUi(r) + Vi(ξ)]dr

(4.10)
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Now, equation 4.10 can be written as equation 4.8 as follows,

P u
i (ξ) = P b

i (ξ)exp[βVi(ξ)]〈exp[−βVi(ξ)]〉 (4.11)

From here one can get the free energy as follows,

Ai(ξ) = − 1
β
ln(P b

i (ξ))− Vi(ξ) + Fi (4.12)

where, Fi = − 1
β
ln(〈exp[−βVi(ξ)]〉) depends on applied bias potential which is

need to be determined.
Now to obtain a global potential mean force(PMF) curve, one need to combine

free energy of each window. So, calculation of Fi is necessary to get global PMF
curve. The Weighted Histogram Analysis Method (WHAM) is popular technique
to calculate PMF from set of US simulations.

A2. Weighted Histogram Analysis Method (WHAM)

WHAM144 is a popular method to obtain the unbiased PMF by combining
the data from biased probability distributions obtained from US simulation
in multiple windows along reaction coordinate. The unbiased probability dis-
tribution is as follows,

P u(ξ) =
N∑
i=1

wi(ξ)P u
i (ξ) (4.13)

Now, for a one dimensional reaction coordinate, the WHAM is given by

P u(ξ) =
∑N
i ni(ξ)P b

i (ξ)∑N
j njexp[−β(Vj(ξ)− Fj)]

(4.14)

and

exp[−βFj] =
∫
exp[−βVj(ξ)]P u(ξ)dξ (4.15)

Here, ni is defined as total number of data points in i-th histogram. One can
get unbiased probability distributions by iteratively solving eqn. 4.14 and 4.15
until convergence is obtained.
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Coarse-grained model of
protein with structural infor-
mations

5.1 Introduction

In previous chapters, we show that dihedral angles provide insight to the
function of protein. Typically, dihedral angle information extracted from

the all atom description of the protein. We treat each atom including solvent
explicitly and interactions between atoms are described based on validated
force-field. In such calculations, we get detailed description of each atom and
chemical bonds of the system. The major drawback is that the all atom approach
is computationally very expensive. It requires high computational resources
due to involvement of large number of degree of freedoms. Considering more
than a single protein is propitiously difficult.34

Often, various cellular phenomena involve ample number of bio-molecules
ranging from water, small and medium-size oligomers and co-polymers (peptides,
proteins, RNA, etc.) to huge co-polymers, such as DNA. For instance, obtaining
all atom description in the process of membraneless organelles via aggregation
of intrinsically disordered protein149 are computationally challenging. Lowering
the representation from all explicit atoms to coarse grained (CG) model is called
for to study systems involving large numbers of bio-molecules.35, 36

Coarse grained representation of protein is already discussed in earlier liter-
atures.35, 36, 150 The main purpose of those studies was to reduce the number of
degrees of freedom. The simple lattice protein-like HP models are the examples
of such kind.151–154 In this model, each amino acid is either represented as
hydrophobic or polar which ignore protein backbone information. This model
is widely used to understand folding pathway of the protein. Bagchi et al.155
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5. Coarse-grained model of protein with structural informations

represent a CG model of protein where amino acid of protein is represented in
terms of two atoms. One atom represents the backbone Cα atom, while the other
one represents the whole side chain residues. The model investigates the folding
dynamics and energy landscape picture of protein conformations for two different
protein HP-36 and amyloid beta using extensive Brownian dynamics simulations.

Due to reduction in degrees of freedom, conformational space become re-
stricted. It is known that that protein functionality largely depends on its
structure.37 Earlier studies suggest that protein structural and functional aspects
could be understood in terms of protein dihedral angles.7, 12, 41 The main drawback
of earlier CG model is these kinds of analysis does not provide any structural
information in. Motivated by this, we study a simple polymer model to make
a CG description of protein with dihedral angle information. We consider each
amino acid of protein as a bead. Beads have both bonded and non-bonded
interactions between them. Bonded interactions are mainly governed by bending
of two consecutive beads and stretching of three consecutive beads. Non-
bonded interaction is given by Lennard-Jones(L-J) 12-6 potential. We model
the solvent as follows: Solvophobic beads interact with solvent particles via
repulsive interactions. Solvophilic beads interact with solvent via L-J potential.
Each bead is assigned with two additional degrees of freedom to represent two
dihedral angles. Coupling between the dihedral in the model is given using free
energy landscape obtained from all atom molecular dynamics simulation. We
use Monte Carlo (MC) method to generate conformations based on the model
interactions. We consider protein GB3 which have 56 amino acid residues. Our
simulation study shows good structural agreement of average dihedral angle
obtained from coarse-grained simulations with the crystal structure. We also
check whether one can reproduce structural similarity for other protein based on
our CG model using energy profile generated for GB3. We test this on protein
ubiquitin (Ub) and disordered Bacteriophage λN protein. We find similarity in
secondary structure element for ubiquitin. For λN protein, we find similarity
during comparison with the crystal structure.

5.2 Model and simulation method

5.2.1 All atom simulation to generate dihedral interaction

All-Atom molecular dynamics (See chapter 2, Appendix A1) simulations are
used to generate free energy profile of conformational variables φ and ψ dihedral
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angle of protein. The dihedral couplings are estimated as follows: (i)The dihedral
angles, φ and ψ, are computed from atomic coordinates of the residues. (ii) For
the intra-residue coupling, joint probability distribution for dihedral P (φ, ψ) are
calculated. P (φ, ψ) gives the probability of φ and ψ occurring simultaneously.
We obtain free energy profile from the joint probability distributions based on
formula: G(φ, ψ) = −kBT ln(P (φ, ψ)). Finally, for intra-residual coupling we got
two energy profile, one corresponds to all hydrophobic amino acid residues
and other hydrophilic amino acid residues. (iii) We use similar method to
calculate free energy profile for inter residual dihedral coupling. For the inter
residue dihedral couplings, a 7Å cut-off is taken about a given residue in each
frame. Then dihedral angles of corresponding residues are characterized based
on hydrophobicity and hydrophilicity of the residues. Finally, three possible
combinations of data sets are calculated: hydrophobic-hydrophobic, hydrophobic-
hydrophilic/hydrophilic-hydrophobic, hydrophilic-hydrophilic. For each set, 4
possible dihedral combinations are possible and negative logarithmic of each
joint distribution gives a corresponding free energy profile.

We consider GB3 (PDB id: 2OED)73 with 56 amino acids in our studies.
Amber99sb force field (ff)75 is used in the GROMACS software package76 for
simulation. The TIP3P water model is considered for solvent molecules, and
counter-ions are added for electroneutrality. Particle Mesh Ewald method is
used to assess long ranged electrostatic energy.86 10 Angstrom (Å) is considered
as truncation limit for both Lennard-Jones and short range interactions. GB3
protein is solvated in a cubic box of dimensions 5.6x5.6x5.6 nm3 with 5524 water
molecules 2 Na+ ions are added to attain electrical neutralization. Minimization
is done for 50,000 steps using the steepest descent algorithms. All bonds in
the protein are constrained using the LINCS method. Equations of motion
are integrated using leap-frog algorithm with an integration time step of 2
femtosecond (fs). Systems are equilibrated through NVT and NPT simulations
using position restraints on heavy atoms at 300K Temperature and 1 Bar pressure,
respectively. The production NPT runs are executed for 1.05 µs with 2 fs time
step integration employing periodic boundary conditions in all directions. The
average radius of gyration of the residues (4Å) is taken to be the bead diameter.

We also consider two other proteins: (i) protein ubiquitin (PDB ID: 1UBQ) and
(ii) disordered Bacteriophage λN protein (PDB ID: 1QFQ).156 The initial model
structure for disordered protein is taken without RNA from PDB structure 1QFQ.
We perform all atom simulation of both protein using GROMACS. Detailed of
ubiquitin simulation is already discussed in chapter 2. For, λN simulations we
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used a cubic water box of dimensions 6.87249x6.87249x6.87249 nm3 with the
periodic boundary conditions in all directions. Electroneutrality is maintained
with adding 6 Cl - atom. The system is energy minimized for 50,000 steps using
the steepest descent algorithms. Lennard-Jones and short-range electrostatic
interactions are truncated at 10 Å. Long Range electrostatic energy is calculated
using PME method. For the equilibration of the system, NVT equilibration phase
is followed by a longer NPT phase equilibration. Temperature and pressure
are kept at 300K and 1 bar. Production MD is run for 1 microsecond using 2
femtosecond time step integration.

5.2.2 Coarse-grained model

The protein is modelled as a flexible polymer chain by a bead spring model,
where each beads correspond to an amino acid of protein. The bonded interaction
between beads corresponds to stretching between neighboring beads with cutoffs,
Vbond = kb(l − l0)2 where l is the distance between two successive beads, kb
is force constant and l0 is equilibrium bond length.157 Here, we choose l0 =
0.7
√

2σ according to Ref157 and σ is the diameter of each bead. The change
in bond angle costs energy: Vangle(θ) = 1

2kθ cos2 θ, where kθ is force constant
and θ = cos−1( ~rij . ~rjk

| ~rij || ~rjk|
) is the angle between three consecutive monomers i, j, k.

Force constants kb and kθ are chosen as 30.0ε/σ2 and 10.0ε/σ2 respectively. Non-
bonded interaction between two monomer is governed by Lennard-Jones(L-J)
12-6 potential, Vlj(r) = 4ε[(σ

r
)12 − (σ

r
)6], r < 2 1

6σ. The solvent interaction is of
L-J type i.e. Vlj(r) = 4ε[(σ

r
)12 − (σ

r
)6], the bead-solvent interactions are of two

types: (i) solvophobic beads interact with solvent beads via repulsive interaction,
VSolvophobic(r) = 4ε[(σ

r
)12]; and (ii) solvophilic-solvent interactions with L-J type

interaction, VSolvophilic(r) = 4ε[(σ
r
)12 − (σ

r
)6] .

We perform Monte-Carlo (MC) simulation on CG model of protein in canoni-
cal (NVT) ensemble utilizing metropolis algorithm where each bead is assigned
its position and two dihedral angles. When we construct MC move, we compute
the energy cost due to different interactions like bonded, non-bonded and solvent
contributions. We also change the dihedral degree of freedom and calculate
the energy cost from potential generated from all-atom simulation using linear
interpolation. The interaction between dihedrals of a solvophobic bead is taken
from free energy profile of hydrophobic beads. The interaction between dihedrals
of a solvophilic bead is taken from free energy profile of hydrophilic beads.
Details of MC simulation is described in Appendix A1. MC simulations are
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carried out in a cubic box of length L=10.6 in reduced unit with periodic boundary
conditions in all direction. The system temperature is set as kBT = 1 with kB

being the Boltzmann’s constant and T is the temperature. The total number of
particle is 1000 where 56 beads correspond to protein residue and the remaining
are solvent particles. For inter-residual dihedral coupling, we set a cut-off 1.6σ
which satisfies that inter-residual coupling is considered only if two residues
are specific cutoff. We perform 1,00,000 number of MC steps out of which
first 30,000 MC steps are discarded for equilibration, as judged by potential
energy of the system.

Different quantities like solvent distributions, dihedral angle are averaged for
configurations85 of last 70,000 steps of multiple independent trajectories.

5.3 Results and discussion

We perform all-atom simulation on GB3 to calculate the free energy profile. The
coarse-grained model of GB3 is considered as per the sequence of the protein
where the hydrophilic amino acids are represented by solvophilic beads while
hydrophobic amino acids are represented by solvophobic beads. The initial value
of dihedral angle of each bead is taken from protein crystal structure data.

5.3.1 Free energy profile

Intra residual dihedrals: Fig.5.1(a)-(b) shows free energy landscape (FEL) (φ vs ψ)
for intraresidual dihedral coupling. Fig.5.1(a) shows FEL plot for hydrophobic
residues and Fig.5.1(b) shows FEL plot for hydrophilic residues. For hydrophobic
residues, two deep minima (A1 and A2 region in Fig.5.1(a)) and a shallow
minima (A3 region in Fig.5.1(a)) are observed in the free energy surface. On the
other hand, for hydrophilic residues deep minima region B1 and B2 (Fig.5.1(b))
remain same as hydrophobic FEL. Although, another deep minima is observed
in FEL (Region B3) for hydrophilic residues, which is absent in the FEL plot
for hydrophobic residues.

Inter-residual dihedral: Next, we discuss on FEL (φ vs ψ) for inter-residual dihe-
dral coupling in Fig.5.2. Fig.5.2(a)-(d) shows FEL plot for various combination of
dihedral angle of two different solvophobic resiudes. Fig.5.2(a) shows FEL plot
for dihedral φi and φj where i,j corresponds to two different residue within a cut
off of 7 Å Cα − Cα distances. Deep minima along with some shallow minima is
observed in FEL. The FEL plot is changed for dihedral φi and ψj combination
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Figure 5.1: Free energy landscape for in-
traresidual dihedral coupling, considering
all (a) hydrophobic residues and (b) hy-
drophilic residues. Minimum energy region
are marked.

(Fig.5.2(b)) due to the presence of some extra deep minima. The position of one
deep minima remain same as dihedral φi and φj combination. The position of
minimae is changed for ψi and φj combination (Fig.5.2(c)). Fig.5.2(d) shows FEL
plot for ψ dihedral for two different residues. We observe that the positions of
minima is changed. If we compare FEL plots Fig.5.2(a)-(d), we find that for every
possible combination of dihedral angle, there is a deep minima which remain
same in all FEL plot (Region M1 in the figure).

Next, Fig.5.2(e)-(h) shows similar FEL plot if one residue is hydrophobic
other one is hydrophilic or vice versa. Fig.5.2(e) shows FEL plot for dihedral
φ. The nature of FEL is comparable with Fig.5.2(a) i.e. φi and φj FEL plot for
hydrophobic residues. Deep minima remain in the same position as earlier
hydrophobic-hydrophobic case. Similarly, position of energy minima for φ-ψ
dihedral combination (Fig.5.2(e)) mostly remain the same as φ-ψ dihedral combi-
nation for hydrophobic-hydrophobic residue combination(Fig.5.2(f)). Fig.5.2(g)-
(h) shows FEL plot for ψi − φj and ψi − ψj combination. A common region of
deep minima is present in same position for both cases.
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Figure 5.2: Free energy landscape for interresidual dihedral coupling considering (a-d)
hydrophobic-hydrophobic residues and (e-h) hydrophobic-hydrophilic/hydrophilic-
hydrophobic residues, (i-l) hydrophilic-hydrophilic residues. Common region of deep
minima, M is marked by a circle in all figure.

Next, we discuss on FEL for hydrophilic-hydrophilic residue combination,
Fig.5.2(i)-(l). Here we also find similarity with earlier cases. For φ-φ dihedral
angle, FEL plot in hydrophilic-hydrophilic residue combination, is similar with
earlier cases (Fig.5.2(a) and (e)). The position of most of the deep minima in
other cases φi-ψj (Fig.5.2(j)), ψi-ψj (Fig.5.2(k)) and ψi-ψj (Fig.5.2(l)) are different.
Although in all cases for hydrophilic-hydrophilic residues, one deep minima
is in the same position.

Overall, the analysis on FEL of inter residual dihedral coupling suggest that
position of a deep minima is fixed in all possible combination. We marked that
portion, M by a circle in each plot.
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Figure 5.3: Solvent distributions around solvophobic and solvophilic bead

5.3.2 Comparison of dihedral distributions for CG and all atom simulations

Fig.5.3(a) shows solvent distribution around solvophobic bead (black) and solvophilic
bead (red). The distribution shows that first peak of solvent distributions is higher
for solvophilic beads as compared to solvophobic beads. It suggests the solvent
distributions as per the interactions.

Next, we compare the structural element of each residue obtained from
the coarse-grained MC simulation with initial crystal structure and average
structure based on all atom simulations. Table.5.1 tabulates secondary structural
element for each residue of GB3 for three different cases, namely: (i) initial crystal
structure, (ii) average structure obtained from all atom MD simulations. (iii)
average structure obtained from CG MC simulation. Here average conformation
is obtained based on averaging over all equilirbated conformations. We identify
helix (H), sheet (S) and unstructured (U) region based on the dihedral angles
(φ and ψ) from known range.158 Unstructured region corresponds to other than
helix and sheet region of protein. At first we check similarity of secondary
structural element obtained from MC simulation with initial crystal structure. We
find that secondary structural element remain same for 73% residues. Next we
compare secondary structural element obtained from MC to average structure
obtained from all atom simulations. We found that secondary structure remain
intact for approx 70 % residues.

5.3.3 Ramachandran plot (RC) analysis

We further consider φ−ψ Ramachandran plot (RC) to compare average structure
obtained from MC run with crystal structure and average structure obtained
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5.3. Results and discussion

Res Crystal
Structure

Average
Structure

(MD)

Average
Structure

(MC)
Res Crystal

Structure

Average
Structure

(MD)

Average
Structure

(MC)
1 U S U 29 H H H
2 S S S 30 H H H
3 S S S 31 H H H
4 S S S 32 H H H
5 S S S 33 H H H
6 S S S 34 H H H
7 S S S 35 H H H
8 S S S 36 H H H
9 U U U 37 H H U

10 U U H 38 U U U
11 U U H 39 U U S
12 U U S 40 U U S
13 S S S 41 U U H
14 S S U 42 S S S
15 S S U 43 S S S
16 S S U 44 S S S
17 S S U 45 S S S
18 S S S 46 S S S
19 S S S 47 U U H
20 U S U 48 U U H
21 U U H 49 U U U
22 H U U 50 U S U
23 H H H 51 S S S
24 H H H 52 S S S
25 H H H 53 S S S
26 H H H 54 S S S
27 H H H 55 S S S
28 H H H 56 S S S

Table 5.1: Comparison of secondary structural element for GB3 protein. MD denotes
trajectory of all atom molecular dynamics simulations and MC denotes conformations
based on monte carlo simulations. ’H’ signifies Helix, ’S’ signifies sheet and ’U’
corresponds to other than element helix or sheet i.e. loop/coil/turn/bend region of the
protein.

from all atom molecular dynamics simulations. Fig.5.4(a) shows a correlation
plot where green circles represent crystal structure and solid triangles represent
average CG structure. The average dihedral angle obtained from MD simulation
is marked in φ− ψ plot as black circle. Secondary structure is comparable to the
crystal structure and average structure obtained from MD of the protein GB3.
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Figure 5.4: Comparison of Ramachandran plot for different structure obtained from
crystal structure, average structure based on MD simulations and average structure
based on MC simulations for (a) protein GB3, (b) protein Ub, (c) λN protein. Triangle
represents average dihedral angle obtained from MC and green circle represents initial
dihedral angle of amino acids obtained from crystal structure and black circle represents
average dihedral angle of amino acids obtained from all atom MD simulations.

5.3.4 Transferability of the coarse-grained model to other proteins

Next we check transferability of the model where we use free energy profile
obtained from all atom simulation of GB3 to Ub. At first coarse grained model
of Ub are arranged according to the sequence of amino acids in Ub based on
hydrophobic and hydrophilic nature as discussed earlier. The bonded and non
bonded interactions are all same as GB3 protein. Table.5.2 shows secondary
structural element for each residue for three different cases. Average structure
generated using CG Monte Carlo method shows 70% structural similarity with
initial crystal structure. The secondary structure remain intact for 68.4% residues
when secondary structure element is compared with average structure generated
using all atom molecular dynamics simulations. Fig.5.4(b) shows comparison
of RC plot for ubiquitin. RC plot for Ub protein suggests that average structure
obtained from CG Monte Carlo is comparable with crystal structure as well as
average structure generated from all atom molecular dynamics simulations.

Next, we consider protein λN keeping the bonded and non-bonded interaction
same as GB3. Beads are arranged according to hydrophilic and hydrophobic
nature of amino acids present in the protein sequence of λN. Table.5.3 tabulates
secondary structural element for λN protein. We observe that 65% residues
possess the same secondary structure element in average structure obtained from
MC simulations as compared to initial crystal structure. We get a lower (∼)50%
similarity percentage in comparison with average structure based on all atom
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MD simulations. The low value of percentage might be due to the disordered
nature of protein and choice of proper force field during GB3 simulation. RC
plot for λN protein is in Fig.5.4(c). Thus, the energy profile generated using
GB3, can be used to generate conformations for other proteins like ubiquitin
which shows high structural similarity with all atom descriptions. It attributes
the transferability of model effectively.

5.4 Conclusions

In conclusion, we build up a CG representation of protein where the amino
acids are treated as beads with dihedral angle as additional degrees of freedom.
We find structural similarity for each residue with all atom descriptions. The
transferability of the model is validated using FEL obtained from all atom
molecular dynamics of GB3 to other protein like Ub and λN protein. This can
open the way for the CG model of protein with structural information and may
be useful to study phenomena involving many protein molecules, like protein
aggregations. A combined molecular dynamics and Monte Carlo approach might
be useful to obtain time dependent information.
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Res Crystal
Structure

Average
Structure

(MD)

Average
Structure

(MC)
Res Crystal

Structure

Average
Structure

(MD)

Average
Structure

(MC)
1 S S U 39 U H H
2 S S S 40 S H H
3 S S S 41 S S S
4 S S S 42 S S S
5 S S S 43 S S S
6 S S S 44 S S S
7 S S S 45 S U S
8 U U U 46 U U U
9 U U U 47 U U U
10 S S U 48 S U S
11 S S S 49 S U S
12 S S S 50 S U S
13 S S S 51 U U S
14 S S S 52 U U U
15 S S S 53 U U H
16 S S S 54 U U U
17 S S H 55 U U S
18 U U U 56 H H H
19 U U H 57 H H H
20 U U U 58 H H H
21 U U S 59 H H H
22 U U S 60 U U U
23 H H H 61 U U S
24 H H H 62 U U S
25 H H H 63 U U S
26 H H H 64 S U U
27 H H H 65 S U H
28 H H H 66 S S S
29 H H H 67 S S S
30 H H H 68 S S S
31 H H H 69 S S S
32 H H H 70 S S S
33 H H H 71 S S S
34 H H U 72 S U S
35 U U S 73 U U S
36 U U S 74 U U S
37 U U S 75 U U U
38 U H H 76 U U U

Table 5.2: Comparison of secondary structural element for Ub protein.
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Res Crystal
Structure

Average
Structure

(MD)

Average
Structure

(MC)
Res Crystal

Structure

Average
Structure

(MD)

Average
Structure

(MC)
2 U U U 20 H H U
3 U U H 21 H H U
4 H U H 22 U U H
5 H U H 23 U U H
6 H U H 24 U U U
7 H U H 25 U U S
8 H U H 26 U U U
9 H U H 27 U U U

10 H U U 28 U U U
11 H H H 29 U U S
12 H H H 30 U U S
13 H H H 31 U U U
14 H H H 32 U U H
15 H H H 33 U U S
16 H H H 34 U U S
17 H H H 35 U U S
18 H H H 36 U U U
19 H H H

Table 5.3: Comparison of secondary structural element for λN protein.
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Appendix

A1. Monte Carlo simulations (MC)

MC85 is a popular method of molecular simulation which is used to obtain conse-
quence of stochastic process using random number generation and probabilistic
statistics. The method of simulation is closely related to random experiment
where outcome is not known apriori. In this method random walk algorithm is
used to perform equilibrium sampling over the statistical ensemble. For a system
of N particle, the partition function Q is defined as:

Q = c
∫
dpNdrNexp[−H(rN ,pN)

kBT
] (5.1)

where, q and p signifies coordinate and momenta of each particle, Hamiltonian
H(rN ,pN) represents total energy of the system, kB is Boltzmann’s constant and
T is temperature. The pre-factor c is defined as c = 1

h3NN ! . The expectation value
of any variable A (〈A〉) is defined as:

〈A〉 =
∫
dpNdrNA(rN ,pN)exp[−H(rN ,pN )

kBT
]∫

dpNdrNexp[−H(rN ,pN )
kBT

]
(5.2)

Now, k, kinetic energy solely depends on momentum hence above equation can
be solved analytically only for the momentum term.

Rather directly computing the integral
∫
drNA(rN)exp[−u(rN )

kBT
], it is computed

as; ∫
drNA(rN)exp[−u(rN)

kBT
]/

∫
drNexp[−u(rN)

kBT
] (5.3)

The term
exp[−u(rN )

kBT
]∫

drNexp[−u(rN )
kBT

]
is defined as the probability density of finding the system

in a configuration space around rN . Hence, here the relative probability of visiting
different point of the configuration space is considered rather consideration of
absolute probability.

Now the sampling around probable configuration space is done using metropo-
lis algorithm. At first, a random particle at random position is chosen and
corresponding potential energy (u(rN)) is computed. Therefore a random dis-
placement, ∆ is given to the particle so that new position is r′ = r + ∆ and new
potential energy is u(r’N). If change of energy ∆U = u(r’N)− u(rN) is negative
then new configuration is considered as updated one. Now, the probability
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of finding the particle in the new position is, pn ∝ exp[−u(r’N )
kBT

] and in the old

position is po ∝ exp[−u(rN )
kBT

]. If the ratio (pn
pi

) greater than a random number
between 0 to 1 then also the new position is updated. The process continues
for all particles in the system.

Periodic boundary condition and minimum image convention is applied
along all direction. A cut off is considered for the truncation of the interaction.
Now, if the amount of random displacement is small then all moves will be
accepted, which results poor sampling of the configuration space. Similarly, if
the displacement is large then all moves will be rejected. If the total number
of trial move is Ntrial displacing all the particle of number N and the number
for which the MC move is accepted, Naccept then the value of displacement is
controlled throughout the simulation such a way so that the acceptance ratio
(Naccept/Ntrial) reaches to a optimal value of 0.5. It ensures proper sampling of
equilibrium phase space. Therefore, one can compute various thermodynamical
quantity over the conformations.
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