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Abstract

The mechanisms by which ultraviolet (UV) and visible light interact with nonconjugated molecules
remain poorly understood. Traditionally, proteins lacking aromatic residues and prosthetic groups
were believed to be optically silent at wavelengths longer than 250 nm. However, growing ex-
perimental evidence over the past decade has challenged this assumption, showing that proteins
devoid of aromatic and conjugated groups can absorb light in the near-UV beyond 300 nm and
emit in the visible region. Understanding the origins of this phenomenon offers exciting opportuni-
ties for designing noninvasive spectroscopic probes to study local interactions in biological systems.

Among the emerging cases of nonaromatic and nonconjugated light absorption and emission,
the synthetic protein a3C stands out as an interesting example. Recent experiments demonstrated
that a3C exhibits a broad UV-visible absorption band between 250-800 nm [I], attributed to
charge-transfer excitations between charged amino acids, and emission in the 310-550 nm range
upon excitation at 295 nm [2].

In this work, we investigate the origins of this unconventional absorption and emission in «a3C.
An unsupervised machine learning approach is used to automatically detect statistically significant
structural motifs, that are then subjected to QM /MM simulations of the full protein in explicit
solvent using the time dependent density-functional tight-binding (TD-DFTB) method. This in-
tegrated approach streamlines the identification of statistically significant structural motifs and
their direct connection to the observed absorption and emission features.

Our simulated absorption spectra calculations reveal unconventional absorption features span-
ning 250-350 nm, with the arginine-glutamic acid interactions contributing to all transitions beyond
300 nm. However, the simulated absorption tail remains notably shorter than what is observed
experimentally. In particular, our calculations do not predict any absorption between 400 and
800 nm. Transitions in this range appear only when environmental interactions are neglected -
a simplification we consider physically inaccurate. To investigate the source of this discrepancy
between simulated and experimental results, we examined the influence of nuclear quantum effects
(NQESs) on the absorption spectra. Incorporating these effects significantly broaden the spectrum
and redshift it by approximately 100 nm, extending the calculated absorption to about 450 nm.

Excited-state dynamics provide additional insight into the emission behavior. Although the
arginine-glutamic acid interactions are more prone to low-energy electronic transitions, they con-
tribute minimally to emission. Instead the backbone interactions appear to be the most important
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for the emission of the protein, when its a-helical structure remains intact. The resulting emission
profile considering contributions from all the three types of interactions (arginine-glutamic acid,
other side-chain interactions, and backbone H-bond contacts) combined, are in better agreement
with the experimentally reported emission spectrum. Nonradiative relaxation to the ground state
primarily proceeds through secondary-structure distortions, proton transfer, and arginine depla-
narization.

In summary, this study elucidates the molecular basis of unconventional nonaromatic fluores-
cence using a3C as a model system. Hydrogen bonding and charge-transfer interactions, par-
ticularly between arginine and glutamic acid residues, drive near-UV absorption, while backbone
interactions dominate emission. The results highlight challenges and opportunities from both com-
putational and experimental perspectives. Discrepancies at longer wavelengths highlight the need
to incorporate nuclear quantum effects for quantitative accuracy. Experimentally, a3C variants
with targeted arginine mutations and minimal peptide analogs could clarify the roles of hydrogen
bonding and structural rigidity, guiding the design of new noninvasive fluorescent probes.
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Chapter 1

Introduction

Light-matter interactions are fundamental to many biological processes, as well as technological
innovations [4} [5, 16, [7]. The way molecules absorb, emit, and transform energy upon exposure to
light underpins a wide range of natural phenomena and engineered systems. By investigating the
photophysical and photochemical properties of molecular systems, researchers can gain insights
into how light drives essential biological functions such as vision, photosynthesis, and circadian
regulation [5, [§]. These studies also shed light on energy transfer mechanisms, electron dynamics,
and conformational changes that govern molecular behavior under illumination [4] [5].

In animals, vision is a crucial sense for survival, and although it involves highly complex
biological mechanisms, it begins with light-driven events. Photons interact with specialized light-
sensitive proteins known as Rhodopsins in the retina, triggering conformational changes in their
chromophores [9, [10], initiating a series of biochemical and electrical processes that ultimately
generate neural signals interpreted by the brain as vision.

The profound impact of these light-induced processes extends far beyond individual sensory
perception, influencing behavior, survival strategies, and ecological dynamics. In birds, for ex-
ample, vision plays a central role in flight [11], in detecting predators or locating prey [12], and
in identifying flowers for nectar feeding which, in turn, facilitate pollination[13]. Another central
example is photosynthesis, through which plants, algae, and certain bacteria convert light energy
into chemical energy [14]. This process starts the global food chain, and maintain the planet’s
oxygen supply. Bioluminescence similarly illustrates the ecological significance of light, allowing
organisms to produce their own light through luciferin—luciferase reactions. This self-emitted glow
serves functions such as communication, camouflage, and attracting mates or prey, exemplified by
fireflies on land and countless deep-sea species that rely on light in the absence of sunlight [15].

Beyond biological contexts, understanding light—matter interactions is crucial for developing
advanced materials and technologies. The sun, the most abundant source of renewable energy,
drives efforts to harness light efficiently through technologies such as dye-sensitized solar cells
(DSSCs), inspired by photosynthesis [16]. DSSCs, employ light-harvesting dyes that can be from
natural plants, offering a low-cost, flexible and environmental friendly alternative to conventional
silicon-based photovoltaics [I7, [18]. Similarly, in biomedicine, photodynamic therapy (PDT) ap-



CHAPTER 1. INTRODUCTION 2

plies the same principles by using a photosensitizer, light at specific photon energies and oxygen,
to generate reactive oxygen species that selectively destroy diseased cells, offering a targeted and
minimally invasive approach to cancer treatment [19] 20, 21].

Light—-matter interactions also form the foundation of display technologies, where specialized
molecules and materials control the generation, modulation, and emission of photons to create vi-
sual interfaces [22]. These capabilities underpin a wide range of applications, from high-definition
televisions, smartphones, and flexible displays to virtual and augmented reality devices. Beyond
commercial electronics, advances in light-matter engineering are also applied in medical imaging,
optical sensors, and photonic circuits [23] 24].

Collectively, these examples illustrate how understanding and harnessing light—matter interactions
has potential to drive innovation across disciplines, shaping sustainable technologies.

The growing demand for improved and novel light-based technologies underscores the impor-
tance of tailoring these interactions at the molecular and atomic scale [5]. In medicine, for example,
the need for noninvasive cancer treatments highlights the importance of designing photosensitizing
drugs suitable for various tissues and organs, with required penetration depth and biocompatibility
[25, 26| 27]. Similarly in the context of DSSCs, which outperform other photovoltaic technologies
indoor, and are well-suited for internet of things applications, there is need of designing dyes with
improved efficiency and stability for organic DSSCs [28|, 29| 30}, B1]. This requires careful tailoring
of molecular properties to match the optical characteristics of different biological/chemical envi-
ronments. These examples illustrate a broader principle: understanding the interaction of light
with matter at the molecular and atomic scale is essential for advancing sustainable technologies.

1.1 Photophysical Properties of Molecules

When light (treated as a stream of photons) interacts with a molecule, absorption occurs if a
photon’s energy matches the molecule’s quantized energy gaps. Light of different frequencies can
induce transitions between various types of quantum states. Ultraviolet (UV) and visible light
primarily drive transitions between electronic energy levels, which are further split into vibra-
tional and rotational sub-levels. These electronic states are described by potential energy surfaces
(PESs), which represent how the energy of a molecule depends on the positions of its nuclei [32].
Each electronic state - such as the ground state (Sp) or an excited state - corresponds to a distinct
PES with a characteristic minimum corresponding to a stable molecular geometry.

Absorption in the UV /visible range promotes the molecule from its stable electronic ground
state to an excited electronic state, which is inherently unstable and short-lived. Excited-state
molecules can undergo two general types of processes: photochemical and photophysical. In pho-
tochemical processes, the absorbed energy induces chemical transformations such as bond breaking,
formation, or rearrangement, thereby altering the molecule’s chemical identity. In contrast, during
photophysical processes, the molecule relaxes without undergoing chemical change. These pro-
cesses are described in Figure below, know as Jablonski diagram [33] 34].
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Following excitation, the molecule rapidly dissipates excess vibrational energy through vibra-
tional relaxation, towards the lowest vibrational level within that excited electronic state. During
this process, it may undergo internal conversion (IC), a nonradiative transition between electronic
states of the same spin multiplicity, or intersystem crossing (ISC), a transition between states of
different spin multiplicities, such as from a singlet (S;) to a triplet (T;) state. Once in the lowest
excited state, the system can return to the ground state either nonradiatively or by emitting light.
Nonradiative transitions are often facilitated by intersections of potential energy surfaces known as
conical intersections. The latter process, known as radiative decay, manifests as fluorescence when
emission occurs from a singlet state, or phosphorescence when it originates from a triplet state.
Due to prior loss through vibrational relaxation, the emitted photon always has lower energy, and
thus a longer wavelength, than the absorbed one. The difference between the absorbed and emitted
photon energy is known as the Stokes shift. Following the fact that electrons are much lighter and
move much faster than nuclei, Franck-Condon principle states that electronic transitions occur so
rapidly that nuclear positions remain essentially unchanged. Consequently, these transitions are
represented as vertical lines on Jablonski diagram [33].

O A-Absorption

U B - Vibrational Relaxation (non-radiative)

F O C-Internal Conversion (non-radiative)
U D - Inter system Crossing (non-radiative)

I\/\/\/\/\/’ O E - Fluorescence (radiative)

U F-Phosphorescence (radiative)

ENERGY
m

= =
\ /
\ /

« \ 7

\4

COORDINATES
Figure 1.1: Jablonski diagram.

These photophysical processes occur across a wide range of timescales. Energy absorption is the
fastest, taking place within femtoseconds, followed by internal conversion on the order of picosec-
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onds. Fluorescence typically occurs within nanoseconds, whereas phosphorescence is much slower,
lasting from microseconds to milliseconds [33],[34]. The extended lifetime of phosphorescence arises
from its involvement of a spin-forbidden transition between states of different multiplicities. These
timescales are influenced in part by the energy gaps between potential energy surfaces, which
generally decrease at higher excitation energies. Consequently, Kasha’s rule states that photon
emission occurs predominantly from the lowest excited states, florescence from S; and phospho-
rescence from Ty [35].

Beyond their description in terms of spin multiplicity, the excited states involved in these pho-
tophysical processes can also be understood in terms of the molecular orbitals participating in the
electronic excitation, which provides a chemically intuitive framework for interpreting the transi-
tions shown in a Jablonski diagram. In organic molecules, o orbitals arise from head-on overlap of
atomic orbitals and form the framework of single bonds, 7 orbitals result from side-on overlap and
are characteristic of multiple bonds and conjugated systems, and nonbonding (n) orbitals corre-
spond to localized lone pairs on heteroatoms. Electronic excitation maybe equivalently described
involving the promotion of an electron from one of these occupied orbitals to a higher-energy
antibonding orbital. Although transition probabilities are formally governed by symmetry-based
selection rules, this orbital-based description provides clear insight into the energies and spectro-
scopic behavior of different excitations.

One of the highest-energy electronic excitations is the o — ¢* transition, in which an electron is
promoted from a o bonding orbital to a ¢* antibonding orbital. Such transitions are characteristic
of saturated molecules such as alkanes and occur in the far-ultraviolet region; consequently, they
are rarely observed in conventional UV-visible spectroscopy. Transitions involving nonbonding (n)
orbitals, including n — ¢* and n — 7* excitations, are commonly found in heteroatom-containing
molecules such as alcohols, amines, and carbonyl compounds. Although these transitions fall
within the UV range, they are typically weak due to limited orbital overlap and their partially
symmetry-forbidden nature. In contrast, m — 7* transitions are characteristic of unsaturated
and conjugated systems, including alkenes, dienes, and aromatic molecules [32]. These transitions
occur at moderate energies and are usually intense, as they are symmetry-allowed and involve
substantial redistribution of electron density, leading to large transition dipole moments.

On the top of these, when electronic excitation results in a very large redistribution of electron
density, the process is classified as a charge-transfer (CT) transition. In such transitions, electron
density is effectively shifted from an electron-rich (donor) region to an electron-poor (acceptor)
region, either within a single molecule or between interacting molecular species.

1.2 Aromatic and Nonaromatic Photophysics

A molecule’s photophysical behavior is inherently determined by its structure. Biomolecules, like
proteins, feature intrinsic light absorption or emission, but only a small subset of their chemical
groups contribute efficiently to absorption and fluorescence in the near UV range. Most amino acid
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residues are optically silent in near UV, while a select group of molecular motifs act as endogenous
chromophores (motifs that absorb light of a given wavelength) and, in rarer cases, fluorophores
(motifs that fluoresce). Distinguishing between structural elements that merely absorb light and
those that can re-emit it is essential for accurately interpreting spectra [36].

Previous studies have consistently shown that proteins exhibiting significant intrinsic fluores-
cence share common structural features that stabilize their electronic states, thereby enhancing
absorption and emission in the UV-visible range [37, [38]. One of the fundamental intramolecular
mechanisms for stabilizing organic systems is extended conjugation, which involves a sequence of
alternating single and double bonds that allows delocalization of 7 electrons across a molecular
segment. Conjugation lowers the energy gap between the highest occupied and lowest unoccupied
molecular orbitals (HOMO-LUMO), enabling excitation by lower-energy photons [37]. This is il-
lustrated in Figure [1.2]

N NN NN

<—====>

Figure 1.2: Conjugation: energy gap decreases with increase of degree of conjugation (from left to
right).

In proteins devoid prosthetic groups, conjugation arises exclusively from presence of aromatic
amino acids. Therefore, in the rest of this thesis, nonconjugated proteins are referred to as nonaro-
matic protein.

Aromatic residues, including tryptophan (maximum absorption/emission: ~ 280 nm/350 nm),
tyrosine (maximum absorption/emission: ~ 275 nm/305 nm), and phenylalanine (maximum ab-
sorption/emission: ~ 257 nm/280 nm) [33} 139} 140], possess planar and cyclic 7 systems that follow
Hiickel’s (4n+2) rule [41]. This structural arrangement (illustrated in Figure facilitates strong,
symmetry-allowed m — 7* transitions, enabling the excited states to decay efficiently via radiative
pathways. Consequently, over the years, these aromatic amino acids have been recognized as the
primary contributors to the absorption of UV radiation at wavelengths longer than 250 nm (E <
5 eV) and to emission in the near-UV region. As a result, they have been extensively studied and
exploited in a wide range of applications [36, 42| [43] 44].
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O 0 O

OH CH OH

HN NH; HO NH; NH.

Figure 1.3: Aromatic amino acids: tryptophan on left panel, tyrosine in the middle and pheny-
lalanine on the right panel.

Recent studies, nonetheless, challenge this view, showing that even nonaromatic systems with
no w-conjugation, including proteins [1} 45] [46] [47, [48], [49] [50], supramolecular assemblies consti-
tuting amino acids[2] [51], polyamino acids [52} [53], amino acid crystals [54], 55], peptides [56] [57],
and sugar polymers[58] can exhibit unconventional absorption and emission in the near-UV and
visible region of the spectrum. There have also been reports of so-called cluster-triggered emission
in a wide variety of supra-molecular assemblies [59] [60, [61] 62]. This unexpected behavior has
prompted growing interest in reexamining the photophysical properties of biomolecules previously
considered optically inactive in this range.

Several mechanisms have been proposed to explain the origin of these unconventional optical
properties. Near-UV (340-380 nm) excitations in amyloid protein structures have been attributed
to proton transfer between the N- and C-termini [47], as well as to the formation of stabilized
n — m* states resulting from distortions of amide and carbonyl (C=0) bonds within carboxyl
groups [38]. In the latter case, luminescence becomes possible because rigid secondary structures
hinder access to nonradiative decay pathways [38]. Furthermore, carbonyl bond elongation has
been identified as a principal nonradiative decay mechanism in peptides [63]; when C=0 stretch-
ing is artificially constrained, the excited state becomes more stable and its lifetime significantly
increases. Enhanced fluorescence in protein-like structures has also been linked to short hydrogen
bonds, which restrict C=0 elongation and thus suppress nonradiative relaxation [55]. Additional
studies suggest that polylysine and other polyamino acid systems exhibit intrinsic visible emission
through clustering-triggered emission (CTE) [52], and that environment-dependent crystal pack-
ing can induce or modulate such emission [54]. Despite these findings, different systems appear to
exhibit intrinsic absorption and emission arising from distinct molecular origins, which may not
be shared across all materials. Therefore, the general mechanism underlying these unconventional
photophysical properties remains unresolved.

1.3 The Scope of the Study

In this study we investigate the origin of unconventional photophysical properties of nonaromatic
proteins, using a3C protein as a case study. The a3C protein is a synthetic, monomeric three helix
bundle protein, indicated in Figure [L.4] with over 50% of its constituent amino acid charged at
neutral pH. It has a total of 67 residues, 36 of which are: 17 lysines (Lys), indicated in green, and
two arginine (Arg) in blue, positively charges, and 17 glutamic acid (Glu) in orange, negatively
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charged.

Figure 1.4: Structural representation of the a3C protein illustrating its three-helix bundle sec-
ondary structure. The protein backbone is shown in cartoon style (light grey), while charged
residues are displayed in ball-and-stick representation, with glutamic acid residues colored orange,
lysine residues green, and arginine residues blue.

Given the preceding discussion, one would expect that the a3C protein would not be optically
active beyond 250 nm - in other words, none of its electronic states would be excited by a photon
with a wavelength longer than 250 nm. However, recent experiments by Prasad et al. [1] revealed
that this protein absorbs over a broad range of spectrum, from 250 nm to 800 nm, as indicated on
the left panel of Figure [1.5

UV /visible absorption spectra were measured at room temperature, for a3C protein dissolved
in ionized water at different concentrations (5-105 uM), with additional studies on the pH depen-
dence at 85 puM. The the protein solution was found to absorb moderately in range 250-300 nm,
with a tail extending to 800 nm. The molar extinction coefficient at 280 nm was found to be
e = 4531 4+ 133 M~'em™! which is around four fifths that of Tryptophan (¢ &~ 5500 M~tcm™!).
The results further revealed a linear relationship between absorbance and concentration at 270,
350, and 700 nm, indicating that the protein molecules remain in their monomeric form over the
studied concentration range. The absorption spectrum is smooth, and potential scattering con-
tributions were assessed by simulating Rayleigh scattering spectra, which scale inversely with the
fourth power of the wavelength. Overlaying these simulations with the experimental absorption
spectrum confirmed the absence of significant scattering effects.

Further experiments conducted five years later by Kumar et al. [2] have shown that a3C emit
weakly in near UV and visible region, between 310 nm and 550 nm when excited at 295 nm. In their
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work, they investigate the effect of a3C protein on Tryptophan fluorescence. This was achieved
through a comparative analysis time-resolved fluorescence, of N-Acetyl-L-tryptophanamide (NATA)
at 20 uM in the presence of either the a3C or the agW mutant (a tryptophan-containing variant
of a3C), at concentrations up to 100 uM. It is worthy to note that the samples were excited exclu-
sively at 295 nm. The resulting emission spectrum for a3C is shown on the right panel of Figure[1.5]
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Figure 1.5: Experimental spectra of a3C protein. The left panel shows absorption spectrum from
250 nm to 800 nm, adapted from reference [1]. The right panel shows absorption (black dashed

line), and emission (orange line) spectrum in range 310-550 nm upon excitation at 295 nm, adapted
from reference [2].

In their work, Prasad and collaborators proceeded with investigation of the origin of unconven-
tional absorption in proteins through simulations of lysine and glutamic acid dimers in vacuum.
The choice of using lysine and glutamic acid was motivated by the abundance of these residues
in proteins and their propensity to form salt bridges or spatially proximal interactions within
approximately 6 A. The authors extracted lysine-glutamic acid dimer structures from molecular
dynamics simulations of the a3C protein in aqueous solution, at varying inter-residue separations,
and capped the dangling bonds with glycine. Time-dependent density functional theory (TD-
DFT) calculations were then performed on these isolated dimers in vacuum. Their results revealed
that dimers separated by less than 3 A exhibited electronic transitions only below 300 nm, while
those separated by 3-4 A showed transitions extending beyond 300 nm, reaching up to 400 nm.
Dimers separated by 5-6 A displayed transitions in the whole visible range. With these findings,
summarized in Figure (adapted from [I]), Prasad and collaborators proposed that this ab-

sorption arises from charge transfer between glutamic acid and lysine residues that exhibit spacial
interactions between 5-6 A.
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Figure 1.6: Simulated absorption spectra from reference [1], for distally separated lysine-glutamic
acid dimers, chosen from shadded region of RDF (on the right panel): 2-3 A in red, 3-4 A in green
and 5-6 A in blue. Blue and pink lobes show regions with increase and decrease in electron density
respectively.

While these results are intriguing, the computational methodology raises some concerns. First,
the study assumes a priori that lysine-glutamic acid interactions are the relevant contributors to
the observed absorption, potentially overlooking other possible relevant structures. Second, the
electronic structure calculations were performed on dimers extracted from the protein and placed
in vacuum, thereby neglecting the complex environmental effects present in the native protein and
solvent. This limitation becomes increasingly significant as the separations distance between the
dimers increases. At larger separations, such as around 6 A, the neglected environment includes
molecules (either other protein residues or water) that are directly bonded to the each of the two
groups which could play an essential role in mediating their electronic interactions. Therefore we
think these structures used do not represent the real interactions in the system.

In this work, we aim to investigate the optical properties of the a3C protein using a more
agnostic and data-driven approach. Specifically, we address two central questions: (i) what is the
origin of the unconventional absorption observed in the a3C protein, and (ii) which structural
factors stabilize its excited state sufficiently to permit light emission, and, related to this, what the
primary nonradiative vibrational relaxation pathways are. To this end, we employ unsupervised
machine learning techniques to identify the most relevant intermolecular interactions within the
system. Electronic structure calculations are then performed on these identified local environments,
explicitly accounting for their respective environment. While this inclusion of environmental effects
increases the computational cost, it is mitigated through the use of a validated semi-empirical
electronic structure method. The theoretical foundations of these methods are presented in Chapter
while Chapter |3| details the procedures used to estimate the absorption properties of different
local structure in a3C and elucidates the origins of its near-UV absorption. Chapter |4] focuses
on the characterization of excited states, and the final chapter presents the final conclusions and
future perspectives of this work.



Chapter 2

Methods

In this chapter, we detail the theoretical foundations of the computational methodologies employed
in this thesis. We start with classical molecular dynamics simulations, a method that allows us
to generate atomic positions of the protein in its aqueous environment. Then we discuss machine
learning methods used to describe the local atomic environments in an agnostic fashion, and to
identify the relevant structural patterns. This is followed by an overview of the quantum me-
chanics/molecular mechanics (QM/MM) method, which was applied to selected configurations of
interest, on which electronic structure calculations were done, enabling inclusion of environmental
effects. Finally, we describe the methods used to conduct the ground and excited state electronic
structure calculations and dynamics.

2.1 Classical Molecular Dynamics

Molecular dynamics (MD) is a computational method used to study the motion of atoms within
molecular systems. It provides detailed structural and dynamical information that is valuable for
a wide range of applications, including explaining the mechanisms underlying biological processes
like protein folding and enzyme catalysis [64} [65], guiding the design and discovery of new materials
and drugs, and complementing experimental observations through atomistic insights. In principle,
atoms (comprising of protons, neutrons and electrons) are quantum mechanical particles, and their
motion should be ideally modeled quantum mechanically. However the computational cost of such
a quantum treatment becomes prohibitive for large systems such as biological macromolecules.
In the context of molecular dynamics, therefore, several approximations are made, to enable the
study of such systems. The nuclei are modeled as classical particles that move according to
Newton’s law of motion, under the influence of an effective potential energy which is represented
by mathematical equations known as a force field. Over the years, various force fields have been
built AMBER [66], GROMOS [67] and CHARMM [68] for molecules and SPC [69], TIP3P [70]
and TIP4P [71] specifically designed to describe the properties of water. These models differ in
their specific combinations of parameters, but the basic building blocks are similar. A force field
considers two main types of interactions: bonded and nonbonded.

U= Ubonded + Unonbonded (21>

10
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Bonded interactions include bond stretching and angle bending, typically modeled as harmonic
potentials, as well as dihedral torsions, which are often represented by periodic functions. Some
force fields also incorporate improper dihedrals to maintain the planarity of specific molecular
groups [72] [73].

Ubonded == Z kb<7ﬂ - ro)2 + Z ]{59(9 - 90)2 + Z Vn[l + COS(’I?,¢ - F}/)] (22)

bonds angles dihedrals

Non-bonded interactions consist of electrostatic forces described by Coulomb’s law, and van der
Waals forces, commonly modeled using the Lennard-Jones potential:

U =S [4e, (754 7 45 2.3
nonbonded = Z €ij ﬁ + Tﬁ + 471'607’7;]' ( ' )

i< g T

The force field parameters, such as bond force constants, equilibrium geometries, atomic charges,
and van der Waals coefficients, are carefully derived from experimental data and/or high-level
quantum mechanical calculations to ensure accuracy of MD simulations.

Essentially, each atom move in response to the force arising from interactions with all other
atoms in the system. The force on the i atom in a system of N atoms is computed from the
potential energy of the system with respect to position of atoms, according to the equation below:

" oU(r1,...,Tx)

F,=— - 24
8ri ( )
which gives it an acceleration of
E
=t 2.5
a4 m; ( )

where m; is the atom’s mass. Numerically, the equations of motion are solved using finite difference
methods by discretizing time into small intervals, At, typically on the order of 1-2 femtoseconds
to accurately capture the fastest atomic motions, such as bond vibrations. One commonly used
integration method is the Verlet [74] and velocity Verlet algorithm[75], which integrate Newton’s
law using Taylor expansion of position. For velocity Verlet, the position of atom ¢ is updated as
follow:

rilt 4 At) = 1i(8) + ()AL + %ai(t)AtQ (2.6)

forces for r(t + At) are updated, and acceleration at t + At is calculated as

—

Fi(t + At)

a;(t + At) =
m;

and the velocity can be calculated in the following way:
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To have a control on thermodynamic conditions of the system during MD simulations, ther-
mostats for temperature control, like Nose-Hoover [76] and velocity-rescale [77], and barostat for
pressure control like Parrinello-Rahman [78] are used.

As the MD simulation progresses, the system evolves over time, generating a trajectory - a
sequence of time-ordered atomic positions and velocities. Each time step in the simulation provides
a complete set of atomic coordinates, representing one specific configuration of the system in phase
space. By sampling configurations that are sufficiently separated in time along the trajectory,
statistical correlations between successive frames are minimized. These uncorrelated configurations
serve as the basis for subsequent analyses, facilitating the computation of the system’s structural
and dynamical properties.

2.2 Unsupervised Learning Techniques

MD simulations generate vast amounts of data, capturing the time evolution of atomic positions.
For a system containing N atoms, the configurational space is 3N-dimensional. However, it is often
seen that the most relevant structural and dynamical characteristics reside on a low dimensional
manifold within this high-dimensional configurational space [79] 80, 81} [82] [83] 84]. Direct analysis
of such high-dimensional data is challenging, as it is difficult to discern which degrees of freedom
are most relevant to the system’s behavior [85] 86].

Traditionally, researchers extract chemically meaningful information via the construction of
low dimensional descriptors, referred to as collective variables (CVs), based on the features of
atomic configurations, such as interatomic distances, bond angles, or hydrogen bond networks,
and monitor their evolution throughout the trajectory. Sets of such CVs have been shown to
succeed at capturing the effects of local, pair-wise interactions [85] 87, 88, [89] and allow projecting
the system’s probability density onto reduced dimensional support. The equilibrium probability
distribution projected onto the CV space is given by :

P(s) = %/dré(s — s(r))e V™ (2.9)

where U(r) is the potential energy and Z the partition function. One can build an effective free
energy surface (FES) from this through the Boltzmann relation as :

F(s) = —kgTIn[P(s)]+ C (2.10)

where kp is the Boltzmann constant, 7" is the temperature, and C'is an arbitrary reference constant.

The FES provides an interpretable thermodynamic landscape, highlighting metastable states
(minima), transition barriers, and connectivity between basins [90]. From a data-analysis per-
spective, constructing an FES and estimating densities are equivalent tasks - both recover the
underlying probability distribution on the reduced manifold, where clusters correspond to high-
density (low-free-energy) regions.
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However, traditional CVs are often limited in their ability to describe collective phenomena
governed by many-body correlations, such as conformational rearrangements and phase transi-
tions. To overcome these limitations, machine learning-based descriptors have emerged as power-
ful alternatives capable of systematically capturing complex, many-body interactions [91] 92] 93].
Descriptors built on symmetry-preserving bases [94], 95] and cluster expansions [96]) have become
increasingly popular [84] [97]. These descriptors are often themselves inherently high-dimensional,
containing thousands of components per atomic site. While this expressiveness allows the encod-
ing of complex correlations, it often limits their use as CVs themselves. Consequently, additional
dimensionality reduction is frequently performed to extract a small number of low-dimensional,
physically meaningful variables that capture the essential slow modes of the system [98].

Building on these foundations, we employed an unsupervised machine learning approach to
systematically uncover structural features relevant to the photophysics under investigation. This
method enabled the identification of recurring and representative structural motifs, which were sub-
sequently used for further analysis and quantum mechanical calculations. This workflow consisted
of three key steps: (1) the application of a local atomic descriptor to quantitatively characterize
the atomic environments, (2) estimation of the dataset’s intrinsic dimensionality (ID) and the
implementation of dimensionality reduction strategies, and (3) the use of clustering algorithms to
group structurally similar environments to get a low-dimensional projection of the configurational
probability density.

2.2.1 Smooth Overlap of Atomic Positions

Smooth overlap of atomic positions (SOAP) descriptor has emerged as a powerful technique for
encoding information about local environments in a wide variety of molecular systems, including
organic molecules [99], biological systems [100] [101], solid-state systems [102] [103] [104], and also
in liquid water [79, 85] [105] [106, 107, [108]. The SOAP descriptor captures the spatial distri-
bution of atoms surrounding a central atom by representing the positions of neighboring atoms
within a defined cutoff radius. Its key strength lies in its ability to construct a smooth, contin-
uous representation of the local atomic environment that is both physically meaningful and robust.

Being physically meaningful in this context requires preserving the fundamental symmetries
and invariances dictated by the underlying physics. These ensure that equivalent physical con-
figurations are represented identically, independent of arbitrary choices such as coordinate origin
(translational invariance), molecular orientation (rotational invariance), or atom indexing (permu-
tational invariance). How this is brought to effect, is rooted in the mathematical construction of
the descriptor:

Given an atomic environment y around a central atom, one determines the local density as a

sum of Gaussian functions with variance o centered on each of its neighbors including the central
atom itself,

px(r) =D _exp <—%> (2.11)
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here, r; are the positions of neighboring atoms. The use of relative position naturally brings
translational invariance. Moreover, representing the local atomic density as a sum over neighbors
guarantees that swapping the indices of atoms does not affect the calculation, thereby providing
permutational invariance.
The atomic neighbor density can be expanded in terms of radial basis functions and spherical
harmonics Y}, such that,

Nmaz Imax l

() =Y DS Cutmn(r) Vi (0, ) (2.12)

n=0 [=0 m=—1

where the c,;,, are the expansion coefficients. From the atomic density representation, one can
construct a rotationally invariant power spectrum vector p whose elements are defined as:

8

However, this power spectrum is high-dimensional, resulting in large and complex datasets that
hinder straightforward interpretation. Consequently, dimensionality reduction techniques are nec-
essary to facilitate meaningful analysis.

»
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Figure 2.1: A description of an example of environment y, with two atom types (red and blue),
centered at the center of atom c, with radius R, to be described by SOAP using Gaussian functions
with half-width o.
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2.2.2 Intrinsic Dimension

In many high-dimensional datasets, correlations among degrees of freedom constrain the data to
a lower-dimensional manifold, meaning that the system’s essential features can be captured by
a reduced set of variables. A similar behavior is expected for the SOAP spectrum (Eqn.
defined in the previous section, where correlated variations among atomic environments confine
the data to a lower-dimensional manifold. Identifying this manifold enables accurate estimation
of the probability density in SOAP space and the detection of dominant structural motifs.

The dimensionality of this manifold - the intrinsic dimension (ID) - quantifies the minimum
number of coordinates required to represent the dataset without significant loss of information
[109, 110, 111]. It provides a judicious estimate of the number of degrees of freedom governing
the structural variability of the system and is crucial crucial for estimating probability densities
on the correct low-dimensional support. However, estimating the ID is a challenging task because
data density typically varies across the manifold, making it necessary to jointly estimate both the
intrinsic dimension and the local data density for accurate characterization [84].

Several methods exist for estimating the dimensionality of a manifold, often leveraging projec-
tion techniques. One of the common approaches is Principal Component Analysis (PCA) [112],
which projects the data onto a lower-dimensional subspace by minimizing the reconstruction error.
PCA identifies directions (principal components) that capture the greatest variance in the data,
allowing for an estimate of the intrinsic dimensionality based on the number of components needed
to retain a significant portion of the variance. Another widely used approach is Uniform Manifold
Approximation and Projection (UMAP) [113], employs a nonlinear projection that maintains the
topological relationships among data points. Other methods include Isomap [114], which preserves
geodesic distances along the manifold, and t-SNE [I15], which emphasizes local neighborhood re-
lationships.

For the purpose of this work, the recent Two-Nearest Neighbor (Two-NN) method, developed
by Facco and the collaborators [116] is used. Here the ID is computed based on information from
the first and second nearest neighbors of each data point. Considering just the first and second
neighbor, reduces the effect of non homogeneous density. It was shown in their work that the ratio
of the second to the first nearest neighbor distances (y; = r7/r}) follows a specific distribution,
which is not density dependent namely,

P(p;) = % (2.14)

)

where d is the ID. Assuming independence of sampled ratios p;, the ID can be estimated through
a maximum likelihood technique as:

i—— N (2.15)

N
2121 log(ﬂi)
where N is the total number of samples in the dataset.
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2.2.3 Density Peak Advanced Clustering

Once the ID is determined, the effective free energy surface (FES) with the relevant states may be
recovered in the high-dimensional SOAP space by estimating the probability density on the cor-
responding ‘ID’-dimensional manifold. This can be achieved through clustering methods, which
partition the configurational space based on similarities in local structure or density [117]. Among
these, density-based clustering algorithms are particularly suited for molecular data, as they iden-
tify clusters as peaks in the underlying probability distribution without requiring explicit dimen-
sionality reduction, thereby preserving the full structural information. In this work, we employ the
Density Peak Advanced (DPA) algorithm [3], which integrates intrinsic dimension estimation with
adaptive nearest-neighbor density estimation to robustly identify clusters and their boundaries in
high-dimensional spaces.

A. Density Estimation

Density estimation methods fall into two broad categories: parametric and nonparametric. Para-
metric methods assume a predefined functional form for the distribution, which can be limiting
for complex, unknown distributions [I18]. Nonparametric methods, such as the classic k-nearest
neighbor (k-NN) estimator [119], do not impose such assumptions, making them more flexible for
heterogeneous data.

However, traditional k-NN methods have a fixed neighborhood size k, which make them unsuit-
able for data with highly variable local densities. To overcome this, we utilize the Point Adaptive
k-nearest neighbor (PAk) estimator developed by [120]. Unlike standard k-NN, PA% determines
an adaptive neighborhood size k; for each data point 7, selecting the largest & for which the local
density remains statistically constant. This is determined via a likelihood ratio test comparing the
density estimates at k& and k+ 1 with a high confidence threshold (p=107%). Having obtained k;, it
is then used to calculate the density of point ¢ in low dimension d equal to the intrinsic dimension
in the following way:

k.
ke 2.16
P Tgi ( )

B. Clustering

From these density estimates, the algorithm constructs a density topography to identify clusters
as local maxima in the transformed density function:

gi = log(p;) — € (2.17)

where ¢; accounts for the variance in log(p;), ensuring that only stable, high-density peaks are
selected. Each non-peak point is assigned to the cluster of its nearest neighbor with a higher
g-value. Then from the boundary data points between clusters, saddle points are identified. These
are points with locally maximal g values along cluster borders. Genuine clusters are validated
by requiring the difference in log-densities between cluster centers and saddle points to exceed a
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threshold Z times the combined density fluctuations, where Z controls statistical confidence and
is the sole adjustable parameter in DPA.
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Figure 2.2: A 2D description of an example of density topography and clusters selection in DPA
scheme, adapted from reference[3].

2.3 Quantum Mechanics/Molecular Mechanics (QM/MM)

From the methods described above, classical MD simulations provided representative configura-
tions of the system, from which unsupervised learning protocol reveled relevant local interactions
within the system. However, the information accessible from classical MD alone is insufficient to
investigate the optical properties, specifically, the absorption and emission characteristics of the
a3C protein, which is the ultimate objective of this study. As discussed earlier in section clas-
sical MD does not treat electrons explicitly; it provides only the positions and velocities of atomic
nuclei evolving on a predefined potential energy surface. Consequently, electronic distributions
and their rearrangements cannot be captured within this framework. To explore the electronic
structure and related spectroscopic properties of the system, it is therefore necessary to employ
quantum mechanical (QM) methods beyond the scope of classical MD.

Available quantum mechanical methods are computationally demanding and thus impractical
for investigating large systems [121], 122} [123]. Also, isolating local interactions from their environ-
ment and modeling them in vacuum can alter their intrinsic properties significantly [124] [125] [126].
To overcome these limitations and accurately characterize the electronic structure of our system,
we employ a hybrid quantum mechanics/molecular mechanics (QM/MM) approach. This method
allows the region of interest to be treated at the quantum level while simultaneously incorporating
the effects of its surrounding environment with computationally efficient molecular mechanics. The
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portion treated quantum mechanically is referred to as the QM region, whereas the surrounding
environment described using classical mechanics constitutes the MM region.

Figure 2.3: A QM/MM system representation.

Several strategies have been developed to compute the total energy of the QM /MM system. The
first of these is subtractive scheme [127]. In this method, three calculations are done: 1) molecular
mechanical energy of the entire system, 2) quantum mechanical energy of the QM region and 3)
the molecular mechanical energy of the QM region. The total energy of the QM/MM system is
then obtained by subtracting the MM energy of the QM region from the sum of the first two terms,
to avoid double consideration of QM energy, as expressed by the following equation:

Equm(S) = Exa(S) + Equ(QM) — Exnu(QM) (2.18)

This is a simple way for finding the total energy of the system, easy to implement, with no ar-
tificial QM /MM interaction problems at the interface and can be easily generalized to multiple
layers QM /MM systems, like in the ONIOM method [128] [129]. However, it treats the QM/MM
boundary classically. This means, the quantum calculations on the QM region are performed with
no consideration to existence of MM region. In other words, the resulting electronic density is
similar to that in vacuum. Therefore, this method is not commonly used. In recent improvements,
the quantum calculations in QM region are done in presence of MM charges [130]. This way they
polarize the QM region, and the method is more accurate than where the interactions are simply
classical.

The second way of computing the QM /MM system’s total energy is by additive scheme. With
this method, the interactions between QM and MM regions are explicitly computed and the total
energy of the system is obtained by taking the sum of MM energy, QM energy and that of QM /MM
interactions:

Equnm(S) = Exa(MM) 4 Equ(QM) + Equivm (2.19)

This QM-MM coupling term, Eqyam, constitutes bonded interactions (when present), electro-
static and van der Waals interactions between QM and MM atoms. If at the boundary there is a
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covalent bond between an atom in QM region and another atom in MM region, then the bonded
interaction is necessary and is computed classically. For the cases where the QM region - MM
region are like solute - solvent, which does not involve any covalent bond between them at the
boundary, the bonded energy is not necessary, and the QM-MM interactions is given by just the
sum of non-bonded contributions. The Van der Waals interactions between QM and MM atoms
are also computed at MM level. In this method, the most important part of the QM/MM inter-
actions is electrostatics, and the name of the scheme is derived from how it is treated.

The electrostatic interactions between the two regions, MM point charges and QM charge
density can be treated at three deferent level. The lower level is mechanical embedding where
the electrostatic interactions are modeled as MM-MM electrostatic interactions. The QM part is
not polarized by the MM environment. The second level is electrostatic embedding scheme [131],
where the QM-MM electrostatic interaction is treated at quantum level. The QM calculations
are done in presence of MM point charges, that way the QM charge distribution reacts to point
charge distribution and is polarized by it. However, the QM region does not polarize the MM
region. The third level which is the highest, and in principle the best approximation, is using
polarized embedding schemes [132]. This makes the rigid MM charges model flexible that there is
mutual polarization between QM and MM regions. This is however substantially more expensive,
as the mutual polarization is done in a self-consistent manner. Also this method requires using
a polarizable force field to describe the MM region, which are not available yet for all kinds of
system. Therefore, among the three methods, electrostatic embedding is the most widely used and
it is the method used for this study.

In QM /MM calculations, overpolarization of the QM region by its environment is unavoidable,
as QM electron density can penetrate the MM region due to the inadequate description of Pauli
repulsion in MM models, such as Lennard-Jones potentials. This effect is particularly pronounced
when MM atoms are close to the QM region or when diffuse basis sets are employed [133] [134],
and is commonly mitigated by screening short-range electrostatic interactions [135].

A further challenge occurs at covalent bonds crossing the QM /MM boundary, which create
unsaturated valence orbitals in the QM region. This is typically resolved by introducing a link
atom, usually hydrogen to saturate the orbital. To minimize artificial interactions, the charge of
the boundary atom is redistributed among its neighboring atoms, preserving the total charge of
the system [135] [136] 137].

2.4 Density Functional Tight Binding

The QM /MM framework enables the investigation of the electronic structure of the quantum me-
chanical (QM) region embedded within a classical molecular mechanics (MM) environment. The
MM environment is modeled using molecular dynamics (MD) simulations, as described above,
while the QM region is treated fully quantum mechanically, allowing for an accurate description
of electronic properties in the context of its surrounding environment.
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One of the common approaches to calculate the systems’ electronic structure is through density
functional theory (DFT). DFT determines the ground-state electronic structure of a system using
the electron density as the fundamental variable [I38]. The method is founded on two key theorems
formulated by Hohenberg and Kohn [139]. The first theorem establishes that all ground-state
properties of a many-electron system are uniquely determined by the electron density. The second
theorem introduces a variational principle, stating that for any trial electron density that integrates
to the correct number of electrons, the corresponding total energy will be greater than or equal to
the true ground-state energy. Consequently, in DF'T, the total energy of the system is expressed
as a functional of the electron density, which is then minimized self-consistently to obtain the
ground-state energy and density.

Eppr = Elp(r)] (2.20)

Though widely used in materials science [140] 141} [142], catalysis [143] 144, [145] [146], spec-
troscopy and photochemistry [147, [148], and in studying water and aqueous systems [149], DFT is
limited by the size of systems it can be applied to, as noted previously. For the large QM regions
considered here, full DFT calculations quickly become computationally prohibitive [123].

To address this limitation, we employ Density Functional Tight Binding (DFTB), a DFT-
based tight-binding approach. The tight binding method approximates electronic band structures
in condensed-phase systems by assuming that electrons are primarily localized around their par-
ent atoms but can hop to neighboring atoms [150]. This assumption makes the method very
useful in modeling systems where electronic states are relatively localized, and significantly re-
duces computational cost. DFTB combines the computational efficiency of the the tight binding
method with the accuracy of DFT, enabling the study of large systems at speeds at two orders of
magnitude faster than conventional DFT while maintaining excellent agreement with DFT accu-
racy [151) [152] [153]. This make it particularly useful in modeling complex biomolecular systems
[154} [155].

Like in DFT, density is a fundamental quantity for the DFTB method and it is decomposed
into a fixed reference density and a small fluctuating term:

p(r) = po(r) + dp(r) (2.21)

Here, the reference density, po(r), represents the sum of atomic densities in a confined potential.

The DFTB total energy is then obtained by taking the truncated Taylor expansion of DF'T energy,

around that reference density pp, up to a chosen order: first order (DFTBI1) [156], the second

(DFTB2) [157] or third order (DFTB3) [158]. The third order approximation is mathematically
expressed as:

Eprreslpo + 6p] & Eo[po] + Eilpo, 6p] + Ealpo, (0p)°] + Es[po, (6p)°] (2.22)

The FEy[po] in equation is the repulsive term, and can be expressed as a sum of pairwise
repulsive potential energy:
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Eolpo) = 3 B (2.23)

A>B

and the first order term, Ej[pg] is the band structure energy:

occC.

Ei[po] = Zni<¢i\ﬂ[ﬂo]|¢i> (2.24)

with H|[p| = T+ V.s¢[p] the Kohn-Sham Hamiltonian that includes the external potential, Hartree
and the exchange-correlation contribution. It is important to note that these first two terms of
equation the repulsive term and the band energy, depend only on the reference density.

Using a linear combination of atomic orbital basis, molecular orbitals can be described as:
Ui =Y cuitu(r — Ra) (2.25)
m

where R4 is a position vector of atom A. The elements of the zero-order Hamiltonian, H° = H|[py],
are approximated as follow:

HS, = (¢u|T + Vigslpa + psllén), neAveB (2.26)

These pairwise terms in equation and the overlap matrix terms: S, = (¢,|¢,), along with
the repulsive terms in equation [2.23] are the semi-empirical terms which are precomputed from
higher ab-intio methods and saved in the so called Slater Koster files [152] [159].

The second order term in the Taylor series, E5, accounts for charge redistribution effects.
Assuming that, the electronic density fluctuations on atom A can be represented by Mulliken
charge [160], Aga = ga — Z4, the second term become:

1
By = ; YapAqaAqp (2.27)

where 74p represents the electron interactions of the Slater-type spherical charge densities on atom
A and B. Since Mulliken charges depends on the molecular orbitals, evaluation of this second term
require a self-consistent procedure. This term offers more accurate description of the charge trans-
fer interactions [157].

The third order term, Ej3, includes the fluctuations in Mulliken charges, capturing higher order
polarization effects. It is expressed as:

1 2
By =3 ;B;FAB(AQA) Agp (2.28)

0 . . . i :
g AD . Substituting relations all the terms in equation [2.22| gives:
qa qa

where I'yp =
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‘e 1 1
Eprras|po + dp] = E Exp+ g g N CpiCri ,w + 3 E YapAqalAgp + 3 g Tap(Aga)*Ags
; AB AB

A>B i

(2.29)
The forces are computed by taking the derivative of the total energy with respect to atomic
coordinates, R, subject to the Kohn-Sham orbital normalization constraint: [¢;d* = 1 as
indicated in the following equation

EDFTBS — Z n;€; (Z Z C/“Cw 7 1)] Vk, T (230)

AB v

0
ORy.

Fkx:

where k is an atom index, and = € {1,2,3} a cartesian coordinate index.

The accuracy of the DFTB method strongly depends on the quality of the underlying pa-
rameter sets. Considerable effort has therefore been devoted to the development and validation
of suitable parameters, as well as benchmarking DFTB against DFT and higher level methods,
to assess its accuracy and applicability for ground state calculations across a wide range of systems.

Gauss and co-workers [152] introduced the OB3 parameter set for DFTB3, optimized for
molecules containing C, H, N, and O. Benchmarks on small organic molecules indicated that
it particularly describes well geometry for the nonbonded interactions like hydrogen bonding.
While conventional DFT employing generalized gradient approximation (GGA) functionals (e.g.,
BLYP and PBE) generally yields higher accuracy when used with sufficiently large basis sets,
DFTB3/0B3 often outperforms GGA-DFT calculations based on small basis sets, offering an ad-
vantageous balance between accuracy and computational efficiency. Similarly, Vuong et al. [159]
developed parameters and benchmarked long-range-corrected DFTB2 (LC-DFTB2) and evaluated
their performance on biologically relevant molecules. Their results demonstrated that LC-DFTB2
mitigates self-interaction errors and overpolarization effects inherent to standard DFT. Moreover,
the method improves the description of charge-transfer excited states, while yielding geometries
and vibrational frequencies comparable to those obtained with DFTB3/OB3.

2.5 Time Dependent Density Functional Tight Binding

DFTB, that is just described above, is a ground state method, that provide only information at the
ground state. To be able to study spectral properties, therefore, we needed a method that provides
information about excited state properties. We employed the time-dependent density functional
tight-binding (TD-DFTB) method, developed analogously to the original TD-DFT approach [161]
162]. Asin DFTB, the central quantity is the electron density; however, in TD-DFTB, this density
is time-dependent rather than stationary. Moreover, it evolves within the framework of a time-
dependent local Kohn—Sham potential, allowing the method to capture the dynamics of electronic
excitations efficiently.
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= Z@(r, t) (2.31)

A natural approach to solve a DFT/DFTB time dependent problem, would be by going for its
numerical solution, where DFT/DFTB calculations are done at t = 0, and then propagated it
in time to find the electronic excited state structure. By applying a Fourier transform to the
time-dependent response, one can obtain the entire excitation spectrum in a single calculation
[162]. However, this approach does not provide detailed information about individual electronic
transitions, such as their oscillator strengths or specific contributions to the spectrum.

To address this limitation, the widely used Casida formalism provides an alternative framework
[163} [164]. The approach described here represents an extension of the original time-dependent
density functional tight-binding method incorporating long-range correction, commonly referred
to as long-range corrected TD-DFTB (LC-TD-DFTB).

In this approach, the excitation energies and excited states are accessed through solving the

following eigenvalue problem:
A B) (X 1 0 X
(5 0)()-26 5 6) 0

where () is the excitation energy and X, Y provide access to the state properties. Using indices
{1, J,...} to label occupied orbitals, and {a, b, ...} for unoccupied orbitals, and ¢ and ¢’ spin indices,
matrices A and B can be expressed as:

61‘ '50, 500’("}' o’
= 2TV L Kinebier (2.33)
Njer — Npo

Biaa,jba’ = Kiaa,bja’ (234)

Aiaa,jba’

where wjp,r = €bo’ — €, With n;on4, and nj,np, and K the coupling matrix. And the forces
are obtained from the derivative of {2 with respect to the perturbation, s as follow:

oOH;, dS.,,
Z ( /u/a - a:: Wuya) (235)
vlve + fEOW kA
+ Z (ll’ ‘ C 88 | ) F'uyg,,.;)\g/ (236)
uvorAo’
lrw
viv ~
+ Z M ‘ )F/LZ/O',I{)\O'/ (237>
purokAo’!

where € is the excitation energy, H° the zero-order Hamiltonian, and S the overlap matrix. P,
W and I' are the relaxed one particle difference, the weighted energy and the two particle density
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matrices respectively.

The TD-DFTB method has also been benchmarked against first-principles approaches to as-
sess its accuracy and applicability for excited-state calculations across various systems. Using a
benchmark set of 100 molecules, Sokolov et al. evaluated the accuracy of LC-TD-DFT potential
energy surfaces by comparison with second-order approximate coupled cluster (CC2) calculations
[165] [166]. A mean deviation of 0.31 eV was reported, indicating that LC-TD-DFT is an efficient
and reliable method for obtaining excited-state geometries, optical properties of large biomolecules,
and excited-state dynamics.

The applicability of (TD-)DFTB has further been demonstrated in QM /MM studies. Bold and
co-workers applied LC-DFTB2 to chromophores in large light-harvesting complexes and rhodopsins,
showing that the method is efficient and reliable for sampling absorption energies [167]. Consis-
tent conclusions were reported by Miron and collaborators in their investigation of non-aromatic
fluorescence in L-pyroglutamine—ammonium crystals [I53]. Their study demonstrated that DFTB
correctly captures the origin of fluorescence in this system, as well as the nonradiative decay path-
ways in non-fluorescent L-glutamine. Collectively, these studies, among many others, encourage
the use of DFTB methods in combination with classical force fields within QM /MM frameworks,
to enable simulations of realistic systems with improved sampling efficiency.

In light of its demonstrated accuracy and efficiency for excited-state properties and dynamics,
this LC-TD-DFTB method is employed for the excited-state simulations in this work; for simplicity,
it is referred to as TD-DFTB throughout the rest of the manuscript.



Chapter 3

The Origins of UV Absorption in the
a3C Protein

The work presented in this Chapter was carried out in collaboration with Gonzalo Diaz Miron,
and has been published in Reference [168].

3.1 Introduction

Building on the foundations established in the earlier chapters, we next focus to exploring the
origins of unusual UV-visible absorption properties of a3C. Recently, Prasad et al. showed us-
ing UV-vis absorption spectroscopy that azC [1], which is devoid of any aromatic or conjugated
groups, shows a broad absorption between 250-800 nm. Using excited-state quantum chemistry
calculations of amino acids extracted from the protein and modeled in vacuum, they found that low
energy transitions between 250-800 nm could be attributed to charge-transfer transitions between
negatively charged carboxylate groups and backbone groups as well as positively charged lysines.
These calculations were shown to quantitatively reproduce the experimental spectrum.

In this work we avoid choosing hydrogen-bonding patters a priori by employing an unsuper-
vised learning approach to identify relevant structural motifs of the a3C protein that subsequently
serve as input for QM/MM simulations from which TD-DFTB simulations are performed. Our
procedure automatically identifies three structural motifs involving the amide-peptide backbone,
lysine and finally arginine amino acid all of which form thermodynamically stable clusters involv-
ing hydrogen bonding interactions with other protein chemical groups as well as water molecules.
These three clusters are then used to perform QM /MM simulations and subsequently excited state
calculations. Interestingly, we find that hydrogen bonding interactions involving arginine and car-
boxylate groups seem to be the key interactions leading to charge-transfer excitations extending
from 250-350 nm. The extent of this red-edge absorption is highly sensitive to the local chemistry
and solvation included into the QM region. For some of the systems studied, we also examine the
role of nuclear quantum effects (NQESs).

The following sections elaborate on the computational details, results and discussions and
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finally the conclusion of the investigation.
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3.2 Computational Details

In this section, we describe the computational protocols employed to study the optical properties
of the a3C protein in aqueous solution. Our methodology involves several key steps, summarized
in Figure|3.1]

b c
1 2 3
a3C - MD Unsupervised Clustering Absorption Spectra
A
RS~ T L —>
e
vl <

Figure 3.1: The three steps in our data-driven approach are summarized in the scheme. The first
step (1) involves performing MD simulations of the a3C protein. Configurations obtained from
the MD are then used to build local-atomic descriptors followed by dimensionality reduction and
subsequently clustering (2). Finally, the identified clusters are then used perform calculations using
TD-DFTB to obtain absorption spectra.

Initially, we conducted classical molecular dynamics (MD) simulations of a3C in water (1).
The trajectory was then pipelined using machine learning techniques to automatically identify the
relevant structural patterns (2). From these identified clusters, we performed Quantum Mechan-
ics/Molecular Mechanics (QM/MM) simulations on the ground electronic state (3). Finally, we
computed the absorption spectra for each relevant cluster, providing insights into the protein’s
optical properties. In the following, we will describe the specific details for each of these steps.

3.2.1 Classical Molecular Dynamics Simulations

We began by constructing the system using the conformation of the a3C protein obtained through
nuclear magnetic resonance (NMR) from the Protein Data Bank (PDB code 2LXY) [169]. The
protein was then solvated in a rectangular box of water molecules with dimensions 6.7 x 5.6 x 6.0
nm?, and two chloride ions were added to neutralize the system. For all classical simulations, we
employed the GROMACS software suite [170], using the CHARMM2T7 force field [72] for the protein
and the TIP3P model [70] for water molecules as used in a previous study [1I]. Our simulation
protocol began with 10000 steps of energy minimization to relax the system and remove any
steric clashes or unfavorable contacts. This was followed by an initial 100 ps equilibration process
involving a gradual rise in temperature from 0 K to 300 K using the NVT ensemble. Subsequently,
a 200 ps equilibration at constant pressure and temperature (1 atm and 300 K) was performed
using the NPT ensemble to equilibrate the density. The final production run consisted of a 1 ps
simulation in the NPT ensemble, maintaining the same temperature and pressure. The V-rescale
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thermostat [77] was used to control the temperature, while the Parrinello-Rahman barostat [78]
was employed for pressure coupling. The protein maintained its three-helix bundle structure over
the simulation period (see Figure in the Appendix). A subset of the MD trajectory that
consists of configurations sampled at every 100 ps (a dataset with 10000 frames) was used for
subsequent calculations.

3.2.2 Identification of Relevant Local Structures

Using configurations extracted from the MD simulation, we applied machine learning algorithms
to identify the most relevant structural motifs that could serve as input for the optical calculations.
This process involves three critical steps: firstly the use of a local atomic descriptor to characterize
the local environments, secondly estimating the intrinsic dimension (ID) of the dataset and finally,
a clustering technique to group similar environments together.

We used SOAP to describe local environments in our MD simulations chosen in this way: we
put SOAP centers on all nitrogen atoms of the protein, and include in the environment, nitrogen
and oxygen atoms regardless of whether they come from the protein or water molecule type. We
employed a cutoff radius of 4 A, chosen based on the radial distribution functions between nitrogen
and neighboring oxygen atoms (see Figure in the Appendix). Our motivation for using this
setup to build the chemical environments is dictated by the fact that the strong polar interactions
in a3C involve N-H hydrogen bond donors either along the protein backbone or coming from the
side-chains. Using the oxygens of the protein to build SOAP centers led to the identification of
very similar statistically significant clusters. We have found that increasing the cutoff radius does
not change the outcome of our results (see Figure in the Appendix). The width of the Gaussian
function was set to 0.25 A, consistent with previous studies from our group [85]. The maximum
number of radial (7,,4,) and angular basis (,,,,) functions was set to 8 and 6, respectively. Using
the DScribe software package [171], the SOAP power spectra were computed for 90x 10000 local
environments (90 SOAP centers each of the 10000 frames).

With the SOAP features in hand we employed the Two-NN estimator [116] to estimate its ID,
we then employed the Point Adaptive k-nearest neighbor estimator (PA%) to construct the high-
dimensional free energies. The combination of these unsupervised techniques has been successfully
used in our group for several other applications involving liquid water [79, [106] and concentrated
acids [105]. In our analysis, we randomly sampled 100000 data points from the SOAP dataset
and performed DPA clustering using Z = 14. Note that the Z-parameter in DPA determines the
statistical confidence of the cluster. The sensitivity of our results to the choice of this parameter
are discussed in the Appendix, see Figure We use distance-based analysis of data-manifolds in
Python (DADApy)[172], a Python software library, for all the analysis. For visualization purposes,
we employed the Uniform Manifold Approximation and Projection (UMAP) method [113], to
project the high-dimensional dataset into a 2D space. Additionally, we also performed the same
analysis using the HDBSCAN clustering method [173] for comparison and validation obtaining
consistent results.
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3.2.3 Ground State QM /MM Dynamics

Following the identification of the different clusters in our system, 10 distinct configurations were
randomly selected from each cluster to run the QM/MM ground state electronic simulations. Be-
fore delving into the details of these simulations, we will describe our protocol for partitioning the
system into the QM and MM regions.

The output provided by our clustering technique identifies various environments around the
hydrogen bonds involving the nitrogen atom and its bound proton. Therefore for the QM region,
we included all atoms that are approximately within a radius of 4 A from the center of mass of
these hydrogen bonds. In some cases, if we identified a charged amino acid at the boundary, it
was also included into the QM region. Each QM region comprises of up a maximum of 100 atoms
including both solvent and protein atoms. Hydrogen atoms were added as needed at the bound-
aries of the QM /MM to serve as link atoms [I31], [174]. The remainder of the system was assigned
to the MM region. To assess the sensitivity of our analysis to the role of including QM waters, we
also repeated some of our simulations removing all the waters from the QM region (see Results
and Discussion for details).

The QM /MM simulations were run using the electrostatic embedding scheme [I31], in which
the electrostatic potential of the MM region influences the QM region, providing a more accurate
representation of the interactions between the QM and MM regions. This approach ensures that
the electronic structure of the QM region is properly polarized by the surrounding MM environ-
ment. All the simulations were performed using the GENESIS software [175] [176], which handles
the propagation of nuclei and all MM calculations. The force field employed in this simulations
are CHARMMS36 [177] and TIP3P water model [70]. Each simulation was run for 5 ps with a
timestep of 0.5 fs, using the canonical-sampling velocity-scaling thermostat [178] to maintain a
constant temperature at 300 K. For the QM calculations, we employed the Density Functional
Tight Binding (DFTB) theory as implemented in the DFTB+ package [179], utilizing third-order
corrections with the 3ob Slater-Koster parameters [152]. For more methodological details, the
reader is referred to previous literature on the topic [133] [180].

3.2.4 Absorption Spectra Calculations

For each of the previously run QM /MM ground state simulations, we selected 100 snapshots at 50
fs intervals and performed excited state calculations on these configurations. We used two different
setups for these calculations: the QM /MM absorption spectra, where the MM region was included
as point charges, and the QM vacuum absorption spectra, where all MM atoms were excluded
from the calculation.

We utilized the DF'TB+ software for these calculations, employing Tight-Binding Time-Dependent
Density Functional Theory (TD-DFTB) [162] with Long-Range corrections using the ob2 Slater-
Koster parameters [159]. For each conformation, a total of 30 excited states were calculated. When
computing and displaying the spectra, each electronic transition was broadened using a Gaussian
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function with a width of 1 nm.

3.2.5 Path-Integral Simulations

In order to assess the role of nuclear quantum effects (NQEs) on the absorption spectra, we con-
ducted path-integral molecular dynamics simulations on the electronic ground-state for a selected
cluster (see Results for more details). We selected a QM system from our protein and ran a sim-
ulation with classical nuclei in a vacuum using DFTB+ software employing the same parameters
as previously described. Path integral simulations for the same cluster in vacuum were simulated
using DFTB+[179] and i-Pi [I81, [182] software, with the PIGLET thermostat [183] and four beads.
In a previous work we have shown that the effect on the absorption spectra comparing classical and
quantum simulations is qualitatively captured using both 2 and 6 beads [184]. Both classical and
quantum simulations were performed at a constant temperature of 300 K for 30 ps with a timestep
of 0.5 fs. After completing the ground state simulations, we selected 100 equidistant frames and
determined the absorption spectra using TD-DFTB [162] using the same conditions as described
earlier. All 4 beads of the path integral were used to compute the absorption spectra and therefore
a total of 400 frames were used.

3.3 Results and Discussion

In this section, we begin by first presenting the results that emerge from our unsupervised clustering
of the local environments in the protein and their subsequent role on determining the absorption
spectra.

3.3.1 Hydrogen-Bond Network Motifs

Our unsupervised clustering procedure in SOAP space yields three statistically dominant clusters.
The left panel of Figure displays the UMAP projections colored based on the three dominant
clusters obtained using the DPA method for a SOAP cut-off radii of 4 A. The first cluster en-
compasses approximately 77% of the regions, while the second and third clusters contain 16% and
7%, respectively. Less than 0.2% of the total data-points are unclassified and are illustrated in the
projection as black points. We have found that the existence of these three clusters is preserved for
radial cutoffs that extend to larger values of 8 A as well as changing the Z parameter (see Figure
in the Appendix). Overall, the three clusters consistently occupy over 99% of the population.
The right panel of Figure shows the outcome using another clustering method namely, HDB-
SCAN which yields a total of 5 clusters. However, three of the clusters essentially occupy 83% of
the population similar to DPA.
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Figure 3.2: UMAP projections of the dominant clusters obtained using the DPA method (left) and
HDBSCAN (right). The color codes correspond to the different clusters (4 in the case of DPA and
5 in the case of HDBSCAN).

Having identified three statistically dominant clusters in the protein, we turned next to in-
terpreting their chemical origin. As already eluded to earlier, since a3C consists of three helices,
one might expect to see strong hydrogen bonds along the helix. Indeed, the largest cluster re-
ferred to in the rest of the manuscript as C1, consists of regions centered on nitrogen atoms of
the protein backbone. These nitrogen atoms form intra-chain hydrogen bonds with oxygen atoms
on the protein backbone (see leftmost panel of Figure and occasionally also with water oxygens.

Cluster-2 (C2) the second largest cluster, is primarily composed of regions centered on ni-
trogen atoms on the side chains of lysine residues (middle panel of Figure . A small but
non-insignificant proportion of this cluster consist of nitrogen atoms at the N-terminus of the
protein, particularly on glycine, the first residue. These nitrogen atoms are highly exposed to
the solvent and form hydrogen bonds with the side chains of glutamic acid residues and water
molecules. Finally cluster-3 (C3) is dominated by the side-chains of arginine (rightmost panel of
Figure . These nitrogen atoms are also exposed to the solvent forming hydrogen bonds with
the side chains of glutamic acid and water. The chemical origin of the three dominant clusters
obtained with HDBSCAN are fully consistent with these preceding findings.
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Figure 3.3: Schematic snapshots of the three clusters obtained from our analysis. Panel a) shows
the backbone of the protein which primarily involves hydrogen-bonding of the amide-bonds along
the helix (cluster-1, C1) . Panel b) shows lysine and glutamic acid hydrogen bonded to each other
including some water molecules (cluster-2, C2). Panel c¢) shows arginine and glutamic acid side
chains hydrogen bonded to each other also including some solvation water (cluster-3, C3).

3.3.2 Absorption Spectra

As eluded to earlier in the Introduction, Prasad and co-workers recently examined using UV absorp-
tion spectroscopy the optical properties of the a3C protein in solution where a broad UV absorption
between 250-800 nm was identified [I]. In order to interpret the physical origins of this long-tail
absorption, they conducted time-dependent density functional theory (TD-DFT) calculations in
vacuum using clusters extracted from the protein. Focusing specifically on hydrogen-bonding in-
teractions involving the charged amino (NH3T) and carboxylate (COO™) groups coming from the
lysine and glutamic-acid side chains, they found charge-transfer excitations between these moieties
that ranged between approximately 300-800 nm. The magnitude and intensity of these transitions
was found to be rather sensitive to specific geometrical and environmental effects. For example,
they found that pairs of charged amino acids that were positioned further away from each other
(~5-6A) were more likely to lead to lower energy excitations.

The preceding results were conducted using TD-DFT with the range-separated functional
CAM-B3LYP [185]. While this in principle provides a more accurate treatment of the electronic
structure, it is computationally expensive and therefore limited to small system sizes. Our ap-
proach of using TD-DFTB overcomes these challenges due to its more computationally tractable
semi-empirical nature. Figure [3.4] shows the absorption spectra of the systems selected with our
unsupervised algorithm described in the previous section in vacuum.
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Figure 3.4: Absorption spectra of conformations sampled from the three clusters calculated using
QM clusters devoid quantum water molecules in vacuum. The inset shows the spectra in range
500 - 800 nm, and corresponding excitations.

As shown in Figure C1 does not exhibit any transitions beyond 300 nm, consistent with
what one would expect from transitions involving only the protein backbone. In contrast, C2, which
is primarily associated with the charged amino acids Lys and Glu, displays transitions within the
300-800 nm region. This behavior aligns with findings from the previous work of Prasad [1].
However, an important distinction is that our systems were selected using an agnostic approach.
Notably, our approach also identifies a distinct cluster, which primarily involves hydrogen-bonding
(HB) interactions with the charged amino acid Arg. Our calculations further revealed that this
cluster exhibits absorption within the 300-800 nm range. It is important to emphasize that our un-
supervised approach is designed to identify structural fingerprints linked to statistically significant
hydrogen-bonding patterns, rather than those motifs inherently optically active. Nevertheless, our
excited-state calculations demonstrated that certain HB patterns exhibit absorption in the UV-Vis
region.

Having demonstrated that our protocol using the clusters emerging from our unsupervised
protocol with TD-DFTB produces similar results to those reported by Prasad et. al. [I], we
are now in a position to move to applying it to the full protein. With the three clusters in
hand we examined how these different motifs modulate the absorption spectra in a more realistic
environment. We thus extracted the spectra conducting QM /MM simulations with DF'TB on the
electronic ground state and then determining the excited states of the system where short-range
interactions with nearby protein and water moieties were included in the QM region, while the
long-range interactions were treated by explicitly including the protein and water groups with
classical electrostatics.
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Figure 3.5: Absorption spectra obtained from the three clusters with inset showing a zoom-in of
the transitions above 200 nm. Out of the three clusters, C3 is the only one that displays transitions
between 300-350nm.

Figure |3.5| compares the absorption spectra obtained for the three clusters averaging over a
total of 1000 independent snapshots. At first glance, Figure appears to show that the spectra
from all three clusters are dominated by a high intensity transition below 200 nm. In particular,
C1 is peaked at 180 nm, C2 is characterized by a bi-modal structure involving a peak at 123 and
146 nm and finally, C3 has a single peak at 148 nm. However, upon closer examination C1 and C2
feature a tail in the absorption extending up to 280 nm as seen in the inset plots. It thus appears
that the peptide backbone interactions and those involving lysine forming hydrogen bonds with the
carboxylate when embedded in a realistic environment, no longer feature low-energy excitations
below 300 nm.

In contrast, C3 appears to be the only case where one observes a tail beyond 300 nm with
a few some transitions near 340 nm. These transitions albeit weak, indicate that the hydrogen
bonds involving arginine appear to be the only ones that introduce electronic states that appear in
the mid UVA (315-400nm) region. Thus the inclusion of both the water and protein environment
through a QM /MM setup does not lead to a long-tail of UV-absorption as seen in the vacuum sim-
ulations. To ensure that this behavior is not an artifact of our TD-DFTB approach, we repeated
the calculations for vacuum and QM /MM systems for cluster-2 using the TD-DFT/CAM-B3LYP
method, as reported by Prasad [1]. As shown in Figure S4 in the supplementary information, the
observed blue shift when transitioning from vacuum to the inclusion of the environment is also
present in the TD-DFT calculations.

In order to understand the electronic origins of the low energy tails of the spectrum for each
cluster, we examined the molecular orbitals (MO) associated with the lowest energy excitations
as shown in the two panels of Figure [3.6 The electronic transitions in C1 correspond to a charge
transfer n to 7* excitation from an amide-backbone group of one amino acid to another. In C2
instead, the low energy transitions correspond to a localized n to 7 excitation on the carbonyl
group of the glutamic acid side-chain. Finally, the transitions higher than 300 nm found in the tail
of C3 involves a HOMO-LUMO n to 7* transition from the carboxylate group of glutamic acid to
the guanidinium side-chain of arginine.
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Figure 3.6: Low energy transitions in the first and the third cluster. The left panel a) shows a
charge transfer from one amide group to another in C1, and the right panel b) shows a charge
transfer from a glutamic acid carboxylate group to a guanidinium group of arginine in C3.

The preceding results show that absorption spectra for all three clusters do not present any
excitations above 350 nm. This observation differs from the experiments which display a long tail
of absorption extending from 400-800 nm (see Figure [3.7(a)). Over the years, there have been
several studies showing the importance of solvation, specifically, the inclusion of explicit water
molecules[184] (186, [187, [188] [189] in tuning the optical absorption of organic molecules. Since our
studies here involve a full QM /MM framework, we are in a unique position to examine the relative
role of QM vs MM waters/protein in tuning the optical absorption.

Panel (b) of Figure shows the absorption spectra obtained from our normal QM /MM setup
described earlier, to two other situations: i) the first involves carving out the QM region and
converting it into a cluster in vacuum with the appropriate capping using hydrogen atoms which
can in principle also contain QM water molecules (solid green curve) and ii) same as i) but now
without including any waters into the QM cluster (solid red curve). Moving from the full QM /MM
to scenario ii) results in a significant red-shift of 200 nm and furthermore introduces a long-tail
in the absorption between 500-800 nm. This feature puts the theoretical predictions into closer
agreement with the experiments with the caveat of course, that it does not include a realistic
description of both the protein and water environment. Upon inclusion of water molecules into the
QM region of the cluster, there is a blue-shift of approximately 100 nm moving the first excitations
higher up in energy. A similar blue-shift was also observed previously by Prasad and co-workers
[1]. On the other hand, if we take our original QM /MM systems and change all the QM waters
into MM (therefore keeping only the protein atoms in the QM region) there is a small blue shift
in the spectrum of about 20 nm as shown in Figure [3.7(c).
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Figure 3.7: Panel (a) show the experimental absorption spectrum of a3C ranging from 250 nm, with
the tail extending to 800 nm, adapted from [1]. Panel (b) shows cluster-3 simulated absorption
spectra, smoothened with a Gaussian of 10 nm width, calculated in three ways: 1) using our
normal QM /MM setup described in the methods (solid blue curve), 2) using a QM cluster in
vacuum (solid green curve) and 3) on QM cluster devoid quantum water molecules (solid red
curve). The inset shows absorption spectrum for case 3) and corresponding excitations. Panel c)
compares the absorption spectra from the full QM /MM protocol with and without the inclusion
of water molecules in the QM part. Finally, panel d) shows the absorption spectra comparing
classical and quantum simulations that show the role of nuclear quantum effects.

All in all, our findings show an important and critical challenge of comparing absorption spectra
from experiments with theory. On the one hand, it is possible to construct a model that almost
quantitatively reproduces the experimental trends, in this case a QM cluster in vacuum. Building
systems that in principle account for environmental effects such as the protein and water, intro-
duces bigger discrepancies between the theoretical predictions and experiments. It should however
be stressed that our QM /MM approach appears to correctly capture an important region of the
spectrum between 300-350nm that does not arise from aromatic groups.

In the last decade, there has been a growing body of theoretical work showing the importance of
including nuclear quantum effects (NQEs) into molecular simulations [190]. Specifically, zero-point
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energy (ZPE) fluctuations have been shown to affect structural [191] [192], dynamical [192| [193]
and electronic [184] [189] [194] [195] 196 197 [198] properties of hydrogen-bonded systems. Due to
the larger structural distortions induced by enhanced fluctuations of vibrational coordinates, ab-
sorption spectra can display substantial red-shifts in energy introducing lower-energy excitations
that are completely absent in classical simulations.

In order to assess the sensitivity of our results to the role of NQEs we conducted path-integral
simulations coupled with a colored noise thermostat (PIGLET) focusing on trying to understand
how NQEs would shift energies in cluster-3 which displayed the lowest energy transition. Due to
the computational cost, we could only conduct this analysis on the QM cluster in vacuum with a
few solvating water molecules. Figure [3.7(d) compares the absorption spectra obtained from the
classical runs to PIGLET. In the latter, the lowest energy excitation only reaches 260 nm while
in the case of the PIGLET runs this extends to 340 nm. Thus NQEs lead to a red-shift in the
spectra of approximately 80 nm (around 1.1 eV). This however still remains blue shifted from the
experimental values by at least 200 nm (around 1.4 eV).

3.4 Conclusions and Perspectives

There is currently a very active area of research from both experimental and theoretical fronts
looking into the spectroscopic origins of biological systems that display a tendency to absorb UV
radiation above 300 nm. A better fundamental understanding of this phenomena holds the promise
to allow for designing non-invasive probes for biophysical processes. In this work, we have focused
our efforts on studying the optical properties of a3C a synthetic protein which was recently shown
to display near UV-visible absorption creating a long-tail of excitations between 300-800 nm. These
previous studies conducted computational work on gas-phase clusters which were shown to repro-
duce the experimental observations.

Here instead, we employ a data-driven approach where state-of-the-art unsupervised learning
approaches are used to automatically discover statistically important structural motifs in the pro-
tein. These are then used to conduct QM/MM simulations and optical absorption calculations,
where the environment involving both protein and water molecules are included. This is achieved
through the use of a tight-binding approach which we have recently demonstrated to give an excel-
lent compromise between computational efficiency and accuracy for studying electronic properties
of hydrogen-bond networks.

Our results leads to a somewhat surprising conclusion namely that a realistic inclusion of both
the protein and water environment eliminates the long-tail of optical absorption between 400-800
nm (3.1-1.55 eV). Instead, our approach correctly captures features between 300-350 nm which
arise from charge-transfer excitations between arginine and carboxylate groups. We propose, by
conducting proof-of-concept path-integral simulations that one can expect an additional red-shift
of up to 1 eV when quantum effects are included. This could lead to a red-tail absorption extending
to approximately 450 nm in the case of cluster-3. Clearly more work is needed to better understand
the origins of the discrepancies. On the experimental side, it would be interesting to examine how
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the absorption spectra change in a3C using site-mutagenesis that target different amino acids such
as some specific lysine or arginine groups.



Chapter 4

On the Mechanism of Fluorescence in
the a3C Protein

4.1 Introduction

In the previous chapter, we explored the absorption properties of the a3C protein, which have
been reported to span the range of 250-800 nm. Using a combination of unsupervised learning
techniques and absorption calculations within a QM/MM framework, we identified three poten-
tial chromophoric interactions responsible for absorption in the 250-350 nm region: backbone
interactions, amino-carboxylate (lysine-glutamic acid) interactions, and guanidinium-carboxylate
(arginine-glutamic acid) interactions.

With these results and tools in hand, we revisit the work of Kumar and collaborators [2] where
they demonstrate that excitation in proteins within the 295-305 nm range is not solely due to tryp-
tophan, but can also arise from other, unlabeled chromophores that emit weakly in this region.
Through a comparative analysis of the emission spectra of N-Acetyl-L-tryptophanamide (NATA)
and the agW mutant (a tryptophan-containing variant of a3C) under 295 nm excitation, they
observed that a3C exhibited weak emission between 310 and 550 nm.

The absorption spectrum of a3C reported in the 250-800 nm range [1] is particularly intriguing.
The observation of weak emission from this protein further suggests that its chromophores are not
merely absorbing species but are also capable of radiative decay, implying the existence of relatively
stable excited states. Although our calculations did not predict any electronic transitions beyond
350 nm for a3C, we did observe unconventional absorption features in the 250-350 nm region. No-
tably, the experimental excitation at 295 nm falls within this predicted range, lending confidence
to the relevance of our simulations and enabling meaningful comparison with experimental findings.

In this chapter, we focus on exploring the excited-state dynamics of a3C, including the key vi-
brational relaxation pathways responsible for nonradiative decay, as well as the vibrational modes
that may stabilize the excited state long enough to produce the observed weak emission. In ad-
dition, we aim to identify which of the proposed chromophores contribute to this emission and to
estimate their relative contributions.

39
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These investigations require excited-state computations, which are significantly more compu-
tationally demanding than the ground-state simulations discussed in the previous chapter. This
work is ongoing, and the results presented here are preliminary, pending further simulations and
increased statistical sampling.

4.2 Computational Methods

Ten independent configurations were selected from cluster-1, twenty-one from cluster-2, and six-
teen from cluster-3. For each configuration, the QM region was defined and QM/MM molecular
dynamics simulations were performed for 5 ps in the electronic ground state, following the protocol
described in Chapter [3] The final snapshot of each equilibrated ground-state trajectory was then
vertically excited, and subsequent QM /MM dynamics were carried out on the lowest singlet excited
state (Sp) for 1 ps, again following the procedure outlined in Chapter (3| For each snapshot, a total
of ten electronic states were computed. Nonadiabatic couplings associated with the breakdown of
the Born—Oppenheimer approximation were not treated explicitly.

It is worth noting that although a simulation time of 1 ps is much shorter than the fluorescence
timescale, which typically lies in the nanosecond regime, it is sufficient to capture ultrafast nonra-
diative decay processes. This timescale therefore enables the identification of primary nonradiative
decay pathways and the vibrational modes that contribute to excited-state stabilization, which is
the main objective of this study.

A Chap 4 cI

AE,

Chap 3

Energy

Sl)

Coordinates

Figure 4.1: Illustration of electronic structure calculations done in Chapter |3|and those covered in
this Chapter [4]

An excited-state trajectory was considered to approach a conical intersection sufficient to en-
able nonradiative decay, when the energy gap between the electronic ground state and the first
excited state (denoted as AE in Figure |4.1)) decreased to 0.2 eV; varying this threshold to values
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below 0.5 eV yielded consistent results. Structural changes along the excited-state trajectories
were analyzed to extract vibrational modes associated with nonradiative decay within each clus-
ter. For trajectories exhibiting decay, only the part of the trajectory preceding the decay threshold
was retained for subsequent analysis. In contrast, from trajectories that did not undergo decay,
emission spectra were predicted from the lowest-energy non-decayed electronic transitions sampled
after the first 200 fs and subsequently broadened using a Gaussian function with a width of 3 nm.

Subsequent analyses of the secondary structures involved Ramachandran plots [199, 200], which
provides a convenient way to visualize energetically allowed geometries of a given amino acid on a
polypeptide chain using ® (C-N-Ca-C) and ¥ (N-Ca-C-N) dihedral angles. Plotting the two kinds
of dihedrals from a polypeptide/protein against each other, reveal distinct regions corresponding
to two common secondary structures: a-helices and [-sheets, with the former in upper region of
the third quadrant (of the [-180°,180°] vs [-180°,180°] graph) where both dihedrals are negative.
It also highlights forbidden regions which arise due to steric clashes between atoms.

4.3 Results and Discussion

Here we explore the types of excitations that occur in the three clusters, relative stability of excited
state structures, the vibrational mode via which they decay, and finally, the calculated emission
spectra.

4.3.1 Initial Excitations

As discussed in the previous chapter, the lowest-energy electronic transitions Sy — S; observed
across all three clusters correspond to n — 7* excitations, each originating from distinct regions
of the protein.

In cluster-1, which involves structural regions centered on interchain hydrogen bonds along the
protein backbone, the transitions are characterized by charge transfer between consecutive turns
of the helical backbone. In this case, the n molecular orbital is localized on one chain, while the
corresponding 7* orbital resides on the adjacent chain.

Cluster-2 consists of side-chain structures centered on hydrogen bonding between the carboxy-
late group of glutamic acid and the amino group of lysine. Here, the excitations are localized
within the carboxylate group, with both the n and 7* molecular orbitals residing on the same

group.

Finally in cluster-3, which involves side-chain interactions between the carboxylate group of
glutamic acid and the guanidinium group of arginine, the transitions involve charge transfer from
the carboxylate group to the guanidinium group.

These represent the lowest-energy transitions activated upon excitation of the final equilibrated
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frame in the electronic ground state. The corresponding lowest excitation energies for clusters 1,
2, and 3 were approximately 250 nm, 224 nm, and 266 nm, respectively.

4.3.2 Energy Gap Time Evolution

After the 1 ps dynamics of the configurations in the lowest excited state, our analysis began by
examining the temporal evolution of the energy gap across all three clusters. We observed that,
within each cluster, some trajectories exhibited clear decay behaviors while others did not. In
cluster-1, among the ten simulated trajectories, three showed a clear decay, while seven did not.
Of these seven, three trajectories approached the decay threshold but did not cross it, whereas
four showed no decay at all. Accordingly, we categorized the trajectories into three groups: strictly
decayed, almost decayed, and strictly non-decayed. In cluster-2, out of twenty-one trajectories,
twelve were strictly decayed and nine were strictly non-decayed. In cluster-3, only one out of
sixteen trajectories did not exhibit decay.

Figure illustrates the time series of the energy gap for these trajectories. Strictly decayed
trajectories are shown in orange, the mean and standard deviation of the almost decayed trajec-
tories are represented in grey, and the mean and standard deviation of the strictly non-decayed
trajectories are shown in blue for each cluster.
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Figure 4.2: Energy gap time evolution in cluster-1 (on left panel), cluster-2 (middle) and cluster-3

(right panel). Orange curve are for individual strictly decayed trajectories, while blue curves and

shaded region are for average and standard deviation of strictly not decayed trajectories. The

grey curve and shaded region in cluster-1 is for the mean and standard deviation of energy gap in
almost decayed trajectories.

Recognizing that 40% of the structures in cluster-1 and 43% in cluster-2 remain stable in ex-
cited state throughout the simulation, whereas only 6% in cluster-3 do not decay, we infer that
cluster-3 appears to contribute the least to emission of the a3C protein. Moreover, since over 90%
of the trajectories in this cluster decay within the first 200 fs of the dynamics, it likely accesses
the conical intersection more rapidly than the other clusters. Together, these observations indicate
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that cluster-3 plays a minimal role in the emission of a3C. It is noteworthy that across all the three
cases, more trajectories decay than those which do not. This is in agreement with the experimental
emission which was found to be weak.

Following this observation, we proceeded to investigate the underlying structural factors facil-
itating the decay in these trajectories, and the estimated emission from the non-decayed ones in
each cluster to see in which region each contributes.

4.3.3 Cluster-1 Vibrational Relaxation Modes and Estimated Emis-
sion

We systematically explore the vibrational modes of structures native to each cluster starting with
cluster-1 which comprises of structures located along the backbone. We identified the Ca-N (alpha
carbon - nitrogen) bond stretching as the most prominent vibrational mode that correlated with
the energy gap. In all the cluster-1 decayed trajectories, the energy gap consistently decreases with
the Ca-N bond stretching. This correlation is illustrated in Figure 4.3| which shows the energy gap
versus Ca-N bond length.
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Figure 4.3: Illustration of the stretched Ca-N bond on the protein backbone (left panel), and the
correlation between energy gap and the Ca-N bond length in cluster-1 strictly decayed trajectories.

Looking beyond the Ca-N bond stretching, which represents the most prominent mode corre-
lated with energy gap, several additional structural parameters also exhibit notable correlations,
including the C-O bond stretching, and the C-N-Ca angle. Therefore we examined the the sec-
ondary structure itself as a whole, with the help of Ramachandran plots [199] 200].

Figure presents the two-dimensional probability density of the ¥/® backbone dihedral an-
gles in the Ramachandran plots, for the three categories of trajectories: strictly decayed (left panel,
shown in orange), almost decayed (middle, shown in grey), and strictly non-decayed (right, shown
in blue). The plots show that in all the three cases, the ¥/® values are more dense in the a-helices
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region as expected. However, the helices on left and middle explore farther W/® values from those
of the ideal a-helix, which show that the a-helical structure is distorted in those cases. The helical
structure of the strictly not decayed remain relatively stable.
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Figure 4.4: Two-dimensional probability density of W/® dihedral angles in the Ramachandran
plots for the three trajectory categories within cluster-1. The strictly decayed in orange (left
panel), the almost decayed in grey (middle panel), and the strictly non-decayed group in blue

(right panel).

Having observed the distortion of the helical structure, we next investigated whether it arose
as a result of excitation or was already present in the ground state. We assess this by comparing
ground states and excited state Ramachandran plots for the decayed trajectories. These plots
are shown in Figure where the excited state are in orange (left panel) and the corresponding
ground state in blue (right panel). The results indicate that, in the ground state, structures occupy
predominantly the a-helical region, confirming that the excited state conformations were initially
close to pure helical prior to excitation.
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Figure 4.5: Two-dimensional probability density of W/® dihedral angles in the Ramachandran
plots for the strictly decayed cluster-1 excited state trajectories (left panel) and corresponding
ground state categories (right panel).

To investigate how localized or delocalized the helical distortions are, and to determine when
the distortions begin, relative to the decay time, we further analyzed the 2D probability densities
of the ¥/® dihedrals in the Ramachandran plots for the decayed trajectories. Specifically, we
compared two different trajectories slices: one corresponding to configurations with an energy gap
greater than 2 eV and the other with an energy gap below 2 eV. For each structure or trajectory,
the analysis focused on the most affected helical turn, identified as the one with the largest Ca-N
bond stretching. The results are shown in Figure below.

The left panel presents the data over the entire simulation period up to decay, while the middle
and right panels correspond to the first and second trajectory slices, respectively. Comparison be-
tween the left panels of Figures[4.4]and [4.6]indicates that the distortions are not confined to a single
helical turn. The distinct ¥/® distributions suggest that some combinations present in Figure
arise from helical turns not analyzed in Figure |4.6, Furthermore, the results shown in the middle
and right panels of Figure [4.6]reveal that distortions in the helical conformations appear well before
the onset of decay, indicating a gradual loss of structural integrity rather than an abrupt transition.
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Figure 4.6: Two-dimensional probability density of W/® dihedral angles in the Ramachandran
plots for decayed trajectories in cluster-1 plotted using dihedrals on the most affected helical turn.
From the excitation to decay (left panel), from excitation to energy gap of 2 eV (middle panel),
and from energy gap of 2 eV to decay (right panel).

Overall, these findings suggest the following scenario: the ground-state structures, initially in
their native helical conformation, may undergo vibrational relaxation upon excitation, leading to
gradual helical distortion. Vibrational modes such as Ca—N and C-O bond stretching appear to
drive the system toward a conical intersection. In cases where vibrational relaxation does not sig-
nificantly distort the secondary structure, the configuration remains trapped in the lowest excited
state, which may result in emission. This behavior is illustrated in Figure below.
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Figure 4.7: Illustration of cluster-1 structures that exhibit emission: the glowing, undistorted a-
helix (left panel), and the non-emissive, distorted helical structure (right panel).
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Such emission were computed using 40% of the trajectories in cluster-1 which did not decay
within 1 ps. This is under the assumption that they would remain sufficiently long in the S; state
to emit radiation. The left panel Figure 4.8 show the normalized estimated emission which lies
below 400 nm, the vertical line is the lowest Sy —S; transition. This emission is weak as can
be seen from the right panel of Figure [4.8] It show distribution of the oscillator strength of the
emission which is below 0.01.
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Figure 4.8: The calculated lowest excitation energy and emission spectra in cluster-1 (on left) and
the corresponding oscillator strength (on right).

4.3.4 Cluster-2 Vibrational Relaxation Modes and Estimated Emis-
sion

The excitations in cluster-2 are n — 7* localized on carboxylate group of glutamic acid side chain.
In this cluster, proton transfer was identified as the dominant decay pathway. The left panel of
Figure [4.9| show representative molecular structures within this cluster, which are characterized by
a hydrogen bond between a carboxylate group and amino group. In this context, proton transfer
refers to the movement of a hydrogen atom from the nitrogen atom where it is initially bonded, to
the oxygen atom of the carboxylate group. Accordingly, the proton transfer coordinate is defined
as the difference between the N-H and O-H bond lengths.

The right panel of Figure 4.9| show proton transfer distribution for cluster-2 trajectories, in
ground state (blue) and in the excited state (orange). In absence of proton transfer, the O-H bond
is longer than the N-H bond, indicating that H and O are not in close proximity. This behavior
is observed in ground state, where proton transfer coordinate assumes positive values, typically
between 0 and 1, or in some cases, significantly higher. In contrast, upon proton transfer, the
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proton transfer coordinate crosses zero to negative values, as observed in excited state.

W Ground state

i‘ \,\*‘4 Excited state

Proton Transfer Coordinates [A]

Figure 4.9: Left panel: illustration of the proton (H) transfer from a nitrogen (N) atom on the
side chain of lysine amino acid, to an oxygen (O) atom on glutamic acid side chain. Right panel:

density plot of proton transfer coordinates in cluster-2, for ground state (in blue) and excited state
(in orange).

This mode was found to correlate well with the energy gap. Specifically, as the proton move
from the nitrogen atom towards the oxygen atom, the energy gap decreases. This is shown in a box
plot for energy gap versus proton transfer coordinate. In the plot, the lower and upper boundaries
of each box represent the 25 and 75" percentile of the energy gap distribution respectively, while
the horizontal line within the box indicate the median value. The lines extending from the box
indicate the minimum and maximum energy gap values. Overall the figure show a clear trend of
that decreasing energy gap as the proton transfer occurs.
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Figure 4.10: A box plot for the correlation of energy gap with proton transfer coordinates in
cluster-2.

We also examined several other vibrational modes that have been reported to influence the
stabilization or destabilization of the the excited state, including the stretching of the C-O bond
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[63] in on the carboxylate group in our system. However these modes were found not to be directly
correlated with the energy gap. Compared to the ground state, these bonds get longer in the
excited state, irrespective of whether the dynamics decay or not. This may be attributed to the
fact that it is at this carboxylate group that the initial local excitation happens. Figure 4.11
depicts the distribution of bond lengths between the carbon and oxygen atoms of the carboxylate
groups in cluster-2 for electronic ground and excited state, decayed and nondecayed structures.
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Figure 4.11: Distribution of C-O bond lengths, in ground and excited states for decayed (on left)
and non-decayed dynamics (on right) in cluster-2. Vertical dashed lines indicate the average bond
length in each state.

Assuming that 46% of the trajectories that did not decay within 1 ps would remain sufficiently
long in S; state to emit radiation, their overall computed emission and corresponding oscillator
strength is presented in Figure[4.12] Upon excitation around 224 nm, indicated as a vertical dashed
line, cluster-2 is expected to emit in range 250-550 nm, in agreement with the reported range [2].
However, the oscillator strength distribution, on the right panel of the same figure, indicates that
this emission very weak, below 0.002, ten times less than that of cluster-1.
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Figure 4.12: The calculated lowest excitation energy and emission spectra in cluster-2 (on left)
and the corresponding oscillator strength distribution (on right).

4.3.5 Cluster-3 Vibrational Relaxation Modes and Estimated Emis-
sion

Lastly, in cluster-3, n— 7* transitions are HOMO-LUMO charge transfers, with HOMO located
on a carboxylate group of glutamic acid and LUMO on guanidinium group of arginine residue. We
found that the primary mode driving decay of all of this cluster’s trajectories is arginine depla-
narization.

In its ideal geometry, the guanidinium group’s central carbon atom and the three nitrogen atoms
to which it is bonded, all lie on the same plane. Arginine deplanarization refers to the distance from
the central carbon to the plane formed by the three nitrogens, as illustrated in panel (a) and (b) of
Figure [4.13} for the carbon and the three nitrogen atoms in plane and the carbon out of the plane
made by the three nitrogens respectively. This distance exhibits greater fluctuations in the excited
state compared to the ground state. In ground state it remain bounded by 0.15 A, whereas in
the excited state it can reach values up 0.4 A, as shown in the histogram in panel (c) of Figure m
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Figure 4.13: Panel (a) depicts carbon lying in the three nitrogen plane, and (b) carbon out of the
plane their plane (arginine deplanarization). Panel (¢) show density plot of arginine deplanalization
in cluster-3, for ground state (in blue), and excited state (orange) structures.

The correlation between arginine deplanarization and the energy gap is illustrated in the box
plot shown in Figure As evident from the figure, both maximum and median values of en-
ergy gap drop sharply once the deplanarization fluctuations exceeds 0.15 A. This increase in plane
distortions accelerates the system’s progression towards the conical intersection.

Figure 4.14: A box plot for correlation between energy gap and arginine deplanarization.
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Even if both clusters 2 and 3 are centered on hydrogen bonding that involves carboxylate group,
unlike cluster-2, the excited carboxylate C-O bond in cluster-3 do not deviate from their ground
state values in a similar way. For the decayed group, C-O bond lengths are slightly shorter than
their corresponding ground state values, whereas, for the non-decayed structures, they become
significantly longer, as illustrated in Figure
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Figure 4.15: Distribution of the C-O bond lengths in carboxylate groups, in ground and excited
states for decayed (on left) and non-decayed dynamics (on right) in cluster-3. Vertical dashed lines
indicate the average bond length in each state.

Therefore, we observe that the primary vibrational mode responsible for driving the decay of
Cluster-3 structures - arginine deplanarization - is coupled to slightly shorter C-O bond lengths.
In contrast, excited-state structures that do not decay exhibit larger fluctuations in C-O bond
lengths but maintain much lower arginine deplanarization, closely resembling the ground-state

configuration.

Cluster-3 has been identified to be the one that is more prone to low energy electronic excita-
tions, but also the one which contributes the least to the emission of a3C. However, we also sought
to identify the spectral region to which the surviving long-lived structures would contribute to
emission. Therefore, we estimated its emission spectrum using its nondecayed structures, and the
corresponding oscillator strength. From Figure below, we can see that this cluster exhibits the
emission in the whole reported range, 300-350 nm, with peak in range 350-400 nm. Its oscillator
strength however, is very small, below 0.001.
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Figure 4.16: The calculated lowest excitation energy and emission spectra in cluster-2 (on left)
and the corresponding oscillator strength distribution (on right).

4.4 Relative Emission of the Three Clusters

Comparison of the results obtained for each of these clusters suggests that, when their secondary
structure is not distorted, chromophores in cluster-1 may emit in range 250-400 nm, exhibiting
the maximum intensity between 280-320 nm. In cluster-2, as long as the vibrational modes hinder
the proton transfer, emission may occur primarily between 250-400 nm, exhibiting the maximum
intensity around 320 nm, and low intensity extending up to 550 nm. Structures in cluster-3 where
vibrational relaxations hinder the arginine deplanalization, exhibit a more red-shifted emission
spectrum, spanning 300-550 nm, with maximum intensity around 400 nm. These trends are illus-

trated in Figure (left panel).

The right panel shows distributions of their corresponding oscillator strengths on a logarithmic
scale. Although all oscillator strengths are weak (below 0.04), their magnitudes differ substan-
tially: for cluster-3, values lie between 107#-1073; for cluster-2 they can reach up to 1072; and for
cluster-1, they extend an order of magnitude higher, up to 1071.
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Figure 4.17: Comparison between computed emission (left panel) and density of the oscillator
strength (right panel), for cluster-1 (blue curve), cluster-2 (green curve) and cluster-3 (orange
curve).

Altogether, these results indicate that cluster-3 contributes the least to the emission of a3C,
with its weak oscillator strength and primary emission occurring around 400 nm and beyond.
Cluster-2 shows an intermediate contribution, emitting at slightly higher energies with moderately
increased oscillator strength. In contrast, cluster-1 contributes predominantly around 300 nm,
exhibiting the highest oscillator strength among the three. Combined, these findings reproduce a
pattern consistent with the reported experimental emission spectrum, which displays a maximum
around 350 nm and strong intensity between 310-400 nm.

4.5 Conclusions and Perspectives

In this chapter we focused on anomalous emission by an nonaromatic azC protein that have been
reported by Kumar and the collaborators [2]. Their study showed that the protein exhibits weak
emission in 310-550 nm region of the spectrum, when excited at 295 nm.

Using the main hydrogen bonding motifs for local interactions in a3C that have been identified
in Chapter , we conducted their excited dynamics in QM /MM framework, where the electronic
structure of the clusters configurations were described by DFTB/TD-DFTB, taking into account
the effects of their environment, that includes both protein and solvent.

Our preliminary results provide insight into the origin of the weak emission observed in a3C, as
well as the main vibrational modes through which the system relaxes nonradiativelly back to the
ground state. Assuming that the structures stable during our simulation time remain sufficiently
long in the excited state, and that the relative proportions of decayed and non-decayed trajectories
within the three clusters would not change significantly with a larger sampling size, we draw the
following conclusion: chromophores in cluster-1 are likely the primary contributors to the observed
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weak emission of the a3C, whereas cluster-3 contributes the least. The combined contributions of
all clusters reproduce a spectrum similar to that reported in the experiment [2].

The dominant vibratonal relaxation pathways responsible for nonradiative decay differ among
the clusters: helical distrortions, mainly driven by the Ca-N bond stretching, in cluster-1, proton
transfer in cluster-2 and arginine deplanalization in cluster-3. Fluorophores in this context, cor-
respond to structures within each cluster in which the vibrational modes are not significantly active.

These findings, together with those discussed in the previous chapter, suggest that many cluster-
3 structures may enhance absorption but not emission. The secondary a-helical structure of the
a3C protein appears to play a crucial role in stabilizing n— 7* transitions in the excited states. A
similar conclusion has been drawn in studies investigating the optical properties of amyloids, where
emission has been associated with their cross-5 sheet secondary structure [38, [45]. Moreover, a
recent study by Gonzalez and the collaborators reported nonaromatic fluorescence arising from a
single a-helix in solution, which they attributed to a-helical folding [57].

Based on our current identification of the possible decay-associated vibrational modes across
the three clusters, the next step will be to verify whether these modes indeed drive the decay
process through constrained dynamics simulations. It would also be of interest to perform non-
adiabatic ab initio molecular dynamics to examine the relative population of the excited states and
to determine whether the protein returns to its native structure after relaxing back to the ground
state.



Chapter 5

Conclusions and Perspectives

In this work, we explore the optical properties of nonaromatic systems using a3C as a case
study. This topic has attracted significant research interest because these systems display un-
conventional optical behaviors that challenge the long-standing belief that only aromatic and con-
jugated compounds absorb light beyond 250 nm. As discussed in the Introduction [ several
studies have reported systems exhibiting such unconventional absorption and emission proper-
ties [45] 46l 147, 48| [49] [50] 54, [55] [56] 57], and various suggestions have been proposed to explain
the origins of these effects [38, 146} 52| [54], [55] 63]. However the general mechanism remains unclear.

The focus of our study is on a synthetic, and highly charged nonaromatic protein, a3C, which
have been reported by Prasad and collaborators to absorb light in the 250-800 nm range, in its
monomeric form [I]. In their work they investigated the origins of this absorption, assuming that
the key interactions involved lysine and glutamic acid residues. They performed the the electronic
structure calculations on dimers of these amino acids in vacuum, and successfully reproduced the
experimental absorption spectra. From this, they concluded that the origin of long tail arises form
charge transfer interactions between spatial proximal (5-6 A) glutamic acid and lysine residues.

Additionally, the same protein has been reported by Kumar and the collaborators [2] to exhibit
fluorescence. In a comparative analysis of the emission spectra of N-Acetyl-L-tryptophanamide
(NATA) and the asW mutant (a tryptophan-containing variant of a3C) under 295 nm excitation,
they observed that a3C displayed weak emission between 310 and 550 nm.

While lysine-glutamic acid interactions may indeed play an important role, we argue that they
are not sufficient to account for all relevant interactions in a3C. Given that the protein contains
highly charged side chains and exists in aqueous solution, it may be inaccurate to neglect solvent
effects in electronic structure calculations. This limitation becomes especially significant when
charged residues are spatially close, as their interactions may be mediated by solvent molecules
and other nearby side chains.

In this work, we investigated the origins of the absorption and emission properties of a3C in

an agnostic manner. Rather than selecting specific interactions a priori, we use unsupervised ma-
chine learning approaches to identify relevant structural motifs. These motifs then serve as initial

26
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conditions for optical property calculations, which are performed within a QM/MM framework to
account for environmental effects. The theoretical foundations of these methods are presented in
Chapter [2l In Chapter 3] we establish absorption properties by performing electronic ground-state
optimizations followed by single-point excited-state calculations. In Chapter 4, we examine emis-
sion properties through excited-state dynamics simulations in the lowest excited state.

We identify three main types of local structures in the system: backbone interactions , amino-
carboxylate interactions (primarily between lysine and glutamic acid), and guanidinium-carboxylate
interactions (between arginine and glutamic acid). Our absorption spectra calculations reveal un-
conventional absorption features spanning 250-350 nm, with the arginine-glutamic acid interac-
tions contributing to all transitions beyond 300 nm. However, the simulated absorption tail is
much shorter than what is observed experimentally. In particular, our calculations do not predict
any absorption between 400 and 800 nm. Transitions in this range appear only when environmen-
tal interactions are neglected-a simplification we consider physically inaccurate. To investigate the
source of this discrepancy between simulated and experimental results, we examined the influence
of nuclear quantum effects on the absorption spectra. We found that these effects significantly
broaden the spectrum and redshift it by approximately 100 nm, extending the calculated absorp-
tion to around 450 nm.

Finally we focused on the emission properties of a3C. It was found that the arginine-glutamic
acid structures, although associated with low electronic energy transitions, contribute the least
to the experimentally observed weak emission. These structures primarily relax from the excited
state back to the ground state through arginine deplanarization. In contrast, backbone interac-
tions appear to play a more significant role: as long as the a-helical structure remains undistorted,
these regions exhibit the strongest emission within the 250-400 nm range. When considering con-
tributions from all three types of interactions together, the resulting emission spectrum is in good
agreement with the experimentally reported one.

These results highlight challenges and opportunities from both computational and experimen-
tal perspectives. On the computational side, it would be valuable to investigate the absorption
properties while explicitly including NQEs to better assess their influence and enable comparison
with existing results. Experimentally, since our findings suggest that arginine-glutamic acid inter-
actions are more prone to absorb photons at longer wavelengths, it would be interesting to study
a3C variants with certain residues mutated to arginine. We speculate that such mutations might
enhance absorption but not emission. As our results indicate that emission depends primarily on
maintaining the a-helical structure, it would also be worthwhile to identify the smallest peptide
capable of exhibiting near-UV absorption and emission.
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Supporting Information for Chapter 3

Structural Stability of a3C over 1 us MD Trajectory
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Figure A.1: Root mean square displacement of a3C calculated over a one microsecond trajectory.
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RMSF w.r.t. average structure
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Figure A.2: Root mean square fluctuation of residues of a3C calculated over a one microsecond
trajectory.
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Figure A.3: Radial distribution function between all nitrogen atoms in a3C protein and all oxygen
atoms in the system. We chose Re;=4 A the value below which all the sharp peaks were found.
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DPA Clusters for Various Z and R,., Parameters
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Figure A.4: DPA clusters for various Z and R, values. Panel a: Z = 14 and R..; = 4A, panel b:

Z =4 and R.,; = 4A, panel ¢: Z =14 and R.,; = GA, and panel d: Z =14 and R.; = 8A.
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Figure A.5: Excition energy obtained from 100 conformations of Cluster-2 calculated using TD-
DFTB and TD-DFT/CAM-B3LYP/6-311G(d,p), in QM /MM (blue lines) and in vacuum (orange

lines).
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Figure A.6: Comparison between TD-DFTB and TD-DFT predictions of the lowest-energy elec-
tronic transition wavelengths for two characteristic Lys-Glu dimers at distances of 2.5 A (a) and
4.5 A(b). The upper panel illustrates the molecular orbitals involved in the charge transfer tran-
sition. The lower panel provides a numerical comparison of the lowest-energy electronic transition
wavelengths (in nm) calculated using TD-DFTB and CAM-B3LYP for the two dimers. The cor-
responding first excitation energies are 3.52, 4.08, 1.83 and 1.85 eV for 352, 304, 678, 671 nm
respectivelly.
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The Stability of the Hydrogen Bonds throughout the 5 ps QM /MM
Trajectory
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Figure A.7: Nitrogen - Oxygen bond lengths. Panel (a) shows the time series of the QM/MM
dynamics for lysine - glutamic acid salt bridge in cluster-2, with its corresponding distribution in
panel (b). Panel (c¢) shows the time series in the QM /MM dynamics for arginine - glutamic acid
salt bridge in cluster-3, with the corresponding distribution in panel (d).
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The Convergence of the Absorption Spectra QM /MM Trajectory-wise
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Figure A.8: Average and standard deviation for the absorption spectra calculated on configuration

sampled from cluster-2 (panel a) and cluster-3 (panel b).
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