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Abstract

Proteins participate in every important aspect of known living systems. The amino acid
sequence of a protein contains information about the physicochemical properties, the three-
dimensional structure, and its function. However, connecting protein sequence to function
is still an open challenge, particularly for protein families with many intramolecular
interactions and therefore multiple functions. In this thesis, |1 show how I got insights into
protein function using its evolutionary history, previous biological annotations, and
Molecular Dynamics (MD) simulations. | developed two methods, one that relies on the
ortholog conjecture and one that does not, and | used them to obtain mechanistic details on
the Epidermal Growth Factor Receptor (EGFR), an important protein involved in
development and cancer. By employing mutated ligands of EGFR, | found that these ligands
are able to activate the receptor in alternative ways by affecting the stability of the
dimerization interface of the receptor, therefore resulting in different downstream pathway
activations. On another note, after looking at the evolutionary history of EGFR gene
duplication, I discovered a pattern of protein sequence evolution that is related to a a special
case of functional divergence between paralogs herein named “Meta-functionalization”.
Then, | extended my analysis to more duplicated proteins, showing that Meta-
functionalization could be a common mechanism for paralogs functional diversification. My
software provided a way to identify the occurrence of this event and the residues responsible
for it. In addition to EGFR, I investigated the dynamics of two proteins, scDH and hAGT —
respectively, a Rossman fold dehydrogenases and the human Alanine-glyoxylate
aminotransferases— by performing MD simulations. In this last part, my data extends on the
experimental knowledge and provides mechanistic insights on the functional transition of
these protein mutants and variants. Overall, my thesis shows a deep interconnection between
functional divergence and protein sequence, structure, and dynamics, that can be exploited
for the prediction of functional residues or the identification of evolutionary events. The
conceptual foundations of this study could be used in other fields where gene duplication
and functional residues play an important part, as for example in the search of mutants with
alternative functions in protein engineering, and in the study of oncogene evolution after
copy number variation in cancer biology.
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Introduction

Living systems are patchworks of repurposed parts miraculously working together.
The logic behind their formation is simple, as evolution works by just filtering random
variability. However, the outcomes of this process are so astonishing that they can trick even
the eyes of the experts into thinking of a greater plan behind it. For example, we observed
wings and flippers appear in bats and seals, co-opted from primordial limbs, to serve their
specific purpose. At the microscopic scale, the changes that we see might be less evident,
but their results can be as dramatic. Adding one single human gene in a chimpanzee brain
organoid increased the number of basal progenitor cells to be human-like (Fischer et al.,
2022), or a human protein fusion might induce terminal diseases, as in the Philadelphia
chromosome leukemia (Nowell & Hungerford, 1960). We are a product of evolution.
Therefore, understanding its mechanism would answer the great questions of how we came
to exist and why.

Evolution takes place at multiple levels (genes, cells, organisms, populations) and with
different subjects (living things, languages, memes). However, a good starting point to study
it would be the most basal subject: genes and their encoded proteins. The raw material of
evolution is found at the central dogma of molecular biology, where DNA, RNA, and
proteins are tightly intertwined. This system is already a complex one; how it arose is still
one of the biggest mysteries, as we cannot yet decompose it in stable, self-replicating smaller
parts (Alberts et al., 2008). There are many unknowns regarding the status quo in Biology
and how it became the norm. Thus, a study of evolution at the molecular level is now overdue.

Proteins

Proteins are the molecular effectors of the cell, taking part in many important processes
for sustaining life at the most basal level. A protein is generally made by combinations of
one or more domains, independently foldable units tightly connected to a specific function.
The intrinsic modular structure of proteins led to a “biological big bang” (Dokholyan,
Shakhnovich, & Shakhnovich, 2002) that geared up the range of possible protein structures,
by mechanisms still unknown (Moore, Bjoérklund, Ekman, Bornberg-Bauer, & Elofsson,
2008). However, testing a hypothesis in such a remote past using the current methods is
challenging. The protein world is extremely non-homogeneous, limited by functional and
mechanical constrains (Koonin, Wolf, & Karev, 2002).. To capture the diversity of protein
functions, several classifications have been proposed. In a straightforward manner, the
enzyme commission (EC) number categorize every protein according to the chemical
reaction that they catalyze (Barrett, 1997). While this classification provides useful data on
the metabolic network structure of an organism, EC numbers are restricted to the
biochemical function, thus excluding most proteins involved in other functions. Instead, the
Gene Ontology (GO) consortium proposed a relational representation of protein function
divided in three main aspects: the molecular function, the cellular component, and the
biological process (Ashburner et al., 2000). This general classification takes into account the
contextual nature of protein function, where multi-functionality, or “Moonlighting”, is a
common feature that confound protein annotation (Constance J. Jeffery, 1999). Proteins with
multiple functions are informally referred as moonlighting, from moonlighting workers,
having an additional job (Copley, 2012; C. J. Jeffery, 2003). The relevance of moonlighting
proteins has been deeply analyzed by Piatigorsky in his book ‘Gene sharing and Evolution’,
mainly focusing on protein crystallin (Piatigorsky, 2007).



The three aspects of protein function depend on a plethora of factors, including
protein-protein interactions, post-translational modifications (e.g., phosphorylation and
methylation), compartmentalization, complex formation, and so on. However, the most
fundamental factor that determines protein function is protein structure and its dynamics
(Hensen et al., 2012). For example, enzymes usually fold into pockets that can bind the
substrates and move to release the products. The knowledge of protein structure can be
divided into four levels, from primary to quaternary. At the very base, primary structure, or
protein sequence, is encoded by the DNA, thus providing a direct connection between gene
mutations and function. This simple representation by a sequence of characters hides a multi-
layer depth of knowledge, derived from the sequence itself and from the comparison to other
existing proteins.

Primary structure

The most abundant data of the protein world is sequences. In recent decades, protein
sequences have been obtained as a byproduct of genomic data, with a higher rate than any
other characterization of individual proteins. The reason behind it is the effort by the
international scientific community towards obtaining as many genomic (Hotaling, Kelley,
& Frandsen, 2021) and metagenomic (L. R. Thompson et al., 2017) DNA sequences as
possible. UniRef90, an online resource collecting non-redundant protein sequences (Suzek,
Huang, McGarvey, Mazumder, & Wu, 2007), has about 102 entries, at least three orders of
magnitude more than the databases for protein structure, the PDB (Berman et al., 2000), and
protein function, the Gene Ontology database (Ashburner et al., 2000; Thomas et al., 2022).

There is a long history of protein-sequence-based bioinformatics. From the 70s onward,
scientist tried to answer important biological questions about proteins despite the limited
computational resources and data available. At that time, protein folding was one of the main
topics of discussion. The mindset driving the scientific efforts in that period is hinted by the
Nobel winning work behind Anfinsen’s dogma (Anfinsen, 1973). Anfinsen stated that a
protein sequence is enough to determine its three-dimensional structure. From then on, a
concerted effort was spent on developing more and more refined computational methods to
effectively predict protein structure. Starting from 1994, the best methods have been tested
biannually in the CASP challenge (Pereira et al., 2021). CASP, or Critical Assessment of
Protein Structure, is a double-blind study where several research groups submit their
developed algorithms to predict the unknown structure of proteins. During the years, the
community steadily progressed, until one method that particularly excelled was found in
CASP14. Fifty years after the Anfinsen’s dogma, AlphaFold2 (Jumper et al., 2021) provided
a general solution to the protein folding problem that will inevitably extend the potential of
the simple protein sequence. Consistently predicting the tertiary structure of a protein from
its sequence is a paradigm shift in Bioinformatics that produced an immediate impact, while
paving the way for many more applications yet to come.

In alternative to structure prediction, protein sequences have been used to define and
identify protein domains. Thanks to the accumulation of sequences in biological repositories,
scientists were able to identify patterns of similarity between parts of them, in what has been
named protein domain. Domains are units of conserved sequences (Schaeffer & Daggett,
2011) that are usually related to independently folding units sharing a particular function
(Finn et al., 2008; Marchler-Bauer et al., 2007). The presence and architecture of domains
in a protein sequence can be obtained with several methods (Y. Wang, Zhang, Zhong, &
Xue, 2021), usually involving Hidden Markov Models (Eddy, Mitchison, & Durbin, 1995;
Remmert, Biegert, Hauser, & Soding, 2012), statistical models representing the alternative
sequences that a domain can be found with. The identification of domains on a protein



sequence is referred to as “Annotating” the sequence, and it often provides indications about
the general function of the protein (Rojano et al., 2022). The significant development of
domain annotation was built on top of the efficient global and local alignment algorithms
developed in the early stages of Bioinformatics (Altschul, Gish, Miller, Myers, & Lipman,
1990; Higgins, Thompson, & Gibson, 1996; Needleman & Wunsch, 1970). Since that time,
it was clear that the repeated patterns observed in protein sequences would be critical to
understand the protein world, by the use of a measure that could let scientists glance into the
world of primitive amino acid sequences: sequence conservation (Eck & Dayhoff, 1966).

Sequence conservation

Protein sequence contains much more information than the list of its amino acids. The
sequence can be used to predict physicochemical properties of the amino acid chain, like the
acid dissociation constant (pKa), molecular weight (Mw), or solubility (Oeller, Kang,
Sormanni, & Vendruscolo, 2022). The amino acid composition was even used as a measure
of similarity between proteins (Yu, Zhang, Gutman, Shi, & Dehmer, 2017) to obtain an
alignment-free measure with comparable results to competitors such as Clustal W (J. D.
Thompson, Higgins, & Gibson, 1994). Though, a further layer of information was extracted
by moving from the analysis of a single protein sequence to the comparison of similar
proteins observed in public databases. Initially, the comparison of similar protein sequences
led to the development of PAM (Dayhoff M, 1972) and BLOSUM (Henikoff & Henikoff,
1992) matrices, a statistical model of the observed amino acid substitutions. These matrices
quantify the observations regarding variable positions in a protein alignment at discrete
similarity thresholds, using empirical data. The expected value of each amino acid
substitution worked well as a background distribution and was later used to establish
evolutionary distance and phylogenetic relationships (Sonnhammer & Hollich, 2005).

Not only what is observed, but also what is not observed is an exploitable piece of
information. This is the concept behind the measure of sequence conservation. Considering
a protein Multiple Sequence Alignment (MSA), where the sequence of similar proteins is
aligned to find corresponding positions, some columns might be found without a change of
amino acid. These sites usually represent a position in the protein that has a critical function;
for example, one in charge of the catalysis in the substrate binding pocket of an enzyme. In
these cases, the position is said to be conserved and it likely means that a variation of amino
acid is not favorable. In fact, sequence conservation was observed to be inversely correlated
with tolerance to mutation (Guo, Choe, & Loeb, 2004). In the years, several methods have
been developed to quantify sequence conservation. One of the first and commonly used
method calculates the Shannon entropy of columns in the MSA (Durbin et al., 1998), but
other more elaborate approaches make use of Von Neumann entropy (Caffrey, Somaroo,
Hughes, Mintseris, & Huang, 2004), Bayesian phylogenetic tree evolutionary rates
(Ashkenazy, Erez, Martz, Pupko, & Ben-Tal, 2010; Mayrose, Graur, Ben-Tal, & Pupko,
2004), or Jensen-Shannon divergence (Capra & Singh, 2007). The work on conservation
was used as a foundation for more specific analyses of protein function, including but not
limited to co-evolution measures (de Juan, Pazos, & Valencia, 2013), contact predictions
(Skwark, Abdel-Rehim, & Elofsson, 2013), functional residues (discussed later) and protein
structure predictions (Jumper et al., 2021).

Homology and duplication

The protein sequences we observe today are the product of million years of refinement
through evolution. Just like in human society, two proteins might be related to each other by



sharing a common ancestor. The measure of sequence similarity, or conservation, between
them might reflect their degree of relatedness. Proteins that share a common evolutionary
origin are called homologs. When they are found in different organisms, if they correspond
to the same protein in the progenitor, they are called orthologs (Fitch, 1970). The
identification of orthologs is essential in many phylogenetic analyses and comparative
genomics (Gabaldon & Koonin, 2013), but it is still an open problem in Bioinformatics. The
underlying mechanism governing protein evolution makes the ortholog relationship difficult
to detect. Positive selection increases the rate of mutation observed on the DNA, reducing
the degree of conservation between homologs. When the sequence identity, a rough measure
of conservation, is below 30%, the homology becomes more challenging to predict with
current methodologies. The area below this threshold is commonly known as the “Twilight
zone” of sequence similarity (Rost, 1999). Additionally, rearrangements at the chromosome
level could generate hybrid proteins with fused or recombined domains (Bjoérklund, Ekman,
Light, Frey-Skott, & Elofsson, 2005). When a genetic mechanism generates two copies of a
gene, two identical proteins start to diverge semi-independently. If the two genes were
generated in a Whole Genome Duplication (WGD) event, the two copies are called ohnologs,
else the general term is paralogues. A notable effort is ongoing to correctly identify orthologs
and paralogs among false positive protein sequences (Altenhoff et al., 2020). Searching for
the most similar annotated ortholog is also a common practice when studying an unknown
protein (Loewenstein et al., 2009). The underlying assumption, named as “The Ortholog
Conjecture”, is that orthologs are more likely to share the same function rather than paralogs.
This hypothesis generated a heated debate (Chen & Zhang, 2012; Nehrt, Clark, Radivojac,
& Hahn, 2011; Stamboulian, Guerrero, Hahn, & Radivojac, 2020), showing that there is a
missing gap in our knowledge of protein homology. By addressing it, we might uncover
deep insights into the evolution of proteins and possibly of the mechanism of evolution in
general.

Duplication and function

“Natural selection merely modified, while redundancy created” (Ohno, 1970). With
this sentence, Susumu Ohno underlined the importance of gene duplication as a generator of
novelty. Ohno is the first to compile a broad perspective of gene duplication in his fore
sighting work: “Evolution by gene duplication”, in 1970. First, he argues about the
conservativeness of natural selection. As later confirmed by studies of protein fitness
landscape, the freedom of a protein mutating from one functional optimum to another one is
limited by the loss in fitness of the transition steps. When this transition happens, it was
observed to involve usually a ‘generalist’ intermediate protein, that is able to carry out
multiple functions at the same time (Levin et al., 2009). Ohno makes a point by arguing that
duplication overcomes this constrain by providing a fresh template that could be modified
multiple times, as long as the spare copy is still carrying out the original function. Two
classic examples of this process are the trypsin/chymotrypsin (Baptista, Jonson, Hough, &
Petersen, 1998; McLachlan, 1979) and the hemoglobin (Storz, 2016). Both proteins had a
similar fate. The duplication and subsequent divergence from an ancestral protein led to new
activities. Ohno’s views on duplication are fascinating, still they leave some questions
unanswered. Foremost, how a new function emerges from a duplicated gene. Knowing this
would have a cascade effect on answering how duplicated genes get fixed inside a population,
and how the initial redundancy is maintained in spite of the risk of pseudogenization and
other shortcomings of gene duplication.

More recent theories have stressed the importance of sub-functionalization in the
protein duplication context (Rastogi & Liberles, 2005). Sub-functionalization happens when



the two paralogs retain only a subset of the functions of the original protein. The two paralogs
are therefore able to specialize one function, without the risk of compromising other
functions now carried out solely by the second copy. Interestingly, this process does not
require a selective pressure to take place. A neutral mutation setting gives a “more
parsimonious” explanation of duplication retention in genomes. This model is referred in
literature as the Duplication-Degeneration-Complementation (DDC) model (Force et al.,
1999). The relationship between sub- and neo-functionalization is still hotly debated. Work
on duplicated HOX genes expression in zebrafish seems to support the DDC model, though
modelling work by Rastogi and Liberles shows how sub- functionalization is restricted to
the first phase after duplication, while neo-functionalization has an everlasting presence with
time (Rastogi & Liberles, 2005). Another work based on computational modeling showed
that mutational robustness might also play a role in the balance of sub-functionalization
outcomes (Sikosek, Chan, & Bornberg-Bauer, 2012). The concept of sub-functionalization
can only be applied to multifunctional proteins. Though, the preponderance of
multifunctional proteins can be inferred by the complexity of protein networks. An
interesting picture of how the complex topology of protein networks may increase its
reliability is found in Kitano 2009(Hase, Tanaka, Suzuki, Nakagawa, & Kitano, 2009). In
the context of biological networks, protein duplication has been suggested as an important
mechanism, both for increasing robustness and as a mechanism to generate a scale-free like
distributions in biological networks (Hughes & Friedman, 2005). Protein connectivity and
duplications have a further interesting implication. Highly connected “HUB” proteins have
a slower rate of evolution compared to their interacting partners, at least in human (Alvarez-
Ponce, Feyertag, & Chakraborty, 2017). Duplication of hub proteins often result in the
uneven loss of protein interactions (Roth et al., 2007), though rearranging the connectivity
of the two copies. This event might act as a release of the evolutionary constrains of the
protein, from a definite time point initiator, the time of duplication. This gives an optimal
source to study how evolution affects the protein at the sequence and functional level.

Function connected to sequence

The primary structure of a protein reflects its chemical composition. In theory, this
information encodes much more than the 3D-structure. However, the underlying process that
governs protein folding is still not completely understood (Li, Fooksa, Heinze, & Meiler,
2018). While artificial intelligence paved the way to solve this problem (Jumper et al., 2021,
Senior et al., 2020), the tertiary structure is still not sufficient to unequivocally predict the
function of all proteins. For this reason, several research groups have focused their efforts in
creating algorithms for this purpose. Most approaches are based on amino acid sequence,
combining available structural and evolutionary information (Nemoto, Saito, & Oikawa,
2013). A remarkable work was achieved in Evolutionary Trace (ET) (Lichtarge, Bourne, &
Cohen, 1996), an algorithm that ranks amino acid residues in a protein sequence by their
relative evolutionary importance. This pioneering work opened the road for more algorithms
with a similar purpose. In ConSurf webserver (Ashkenazy et al., 2016), evolutionary rates
of single amino acid are mapped from an input query protein, by several steps that involve
homologs detection in protein databases, generation of a phylogenetic tree, and using
advanced probabilistic evolutionary models (Pupko, Bell, Mayrose, Glaser, & Ben-Tal,
2002). A meaningful contribution to improve the accuracy of functional cluster prediction
was obtained by the integration of Direct-Coupling Analysis (DCA) (Morcos et al., 2011),
or other measures of co-evolution. Additionally, protein function could be tracked using
Sequence Similarity Networks (SSNs) (Atkinson, Morris, Ferrin, & Babbitt, 2009). SSNs
can compare hundred thousand of sequences in a computationally affordable way, by using



an all-vs-all distance matrix, usually representing sequence similarity. This approach was
successfully employed to track SARS-CoV-2 mutations across US (Patil, Catanese, Brayton,
Lofgren, & Gebremedhin, 2022). For a more complete collection of the existing
methodologies for protein functional inference, refer to the review (Lee, Redfern, & Orengo,
2007).

A relevant number of published articles is devoted to the detection of Specificity
Determining Sites (SDSs). SDS are positions that are involved in conferring a different
function among subsets of a protein family homologs. Detection of SDSs is relevant for
understanding the evolution of function after gene duplications and might be the base for
protein engineering experiments and in silico evolution. SDS are the end product of the
functional divergence of proteins after gene duplication, though their detection is hindered
by the presence of neutrally evolving sites (Kimura, 1991). To date, three types of functional
divergence have been described, depending on the evolutionary rate after duplication
(Chakraborty & Chakrabarti, 2014). Type 1 sites resemble Ohno’s view of duplication,
where one of the two subfamilies show high degree of conservation, while the second
subfamily presents a high evolutionary rate. In the case of type 2 divergence, high
conservation is present in both subfamilies, preceded by an early differentiation that lowered
the identity among the two. A third type of divergence was also identified: Marginally
Conserved (MC) sites. For MC sites, no apparent sign of conservation is observed within
any of the subfamilies (Chakrabarti, Bryant, & Panchenko, 2007).

In the last two decades, several computational algorithms have been developed for the
detection of SDSs. These algorithms can be divided in five categories based on their mode
of detection: entropy-based, evolutionary rate-based, automated subgrouping-based, 3D
structure-based, machine learning- and feature-based. The methods appear to have a certain
degree of complementarity. In fact, ensemble approaches that combined predictions made
by different algorithms were are able to outperform each single method (Chakrabarti &
Panchenko, 2009).

Function connected to structure and dynamics

Biological function is believed to be determined by the molecular structure of proteins
(Leman et al., 2020). Following this principle, several methods have been developed to
employ protein structure in a wide range of applications. Arguably, the most comprehensive
collection is Rosetta, an impressive toolset of Bioinformatics software that can address
structure prediction (Song et al., 2013), de-novo protein design (Jacobs et al., 2016), docking
(Meiler & Baker, 2006), and much more. Typically, structural analysis is performed when
there is a need to modify desired properties of a protein through mutations. Though, the
complexity of the search grows exponentially with the length of the sequence. The number
of possible proteins that differs for only one mutation from a starting sequence is 19%, where
L is the protein length. This number rapidly increases with more mutations. Therefore, one
of the greatest challenges is to reduce the complexity of finding mutations that have a desired
effect in a gigantic search space. When a structure is available, rational design is still one of
the most frequent approaches. The manual curation of an expert can identify the residues
responsible of specific biochemical properties, like thermostability, substrate specificity, and
Kinetic behavior (Pongsupasa, Anuwan, Maenpuen, & Wongnate, 2022). Depending on the
application, rational design can have different approaches, ranging from purely
combinatorial to highly rational, usually aided by design tools (Korendovych, 2018).
Rational design can also be improved by a directed evolution approach (Yip et al., 2011).
The directed evolution strategy consists of several rounds of simulated evolution, enacted
by inducing mutations and successively selecting a desired property of the mutants (Bloom



& Arnold, 2009). Protein mutations are an efficient strategy to study the wild-type protein
functions, as well as the effect of deleterious variants. These studies rely on the observation
of a phenotype that will explain how the wild-type protein is disrupted when mutated in
specific positions.

As previously described, the three-dimensional structure of proteins is commonly
employed to track or understand protein function. However, this representation overlooks
the fourth dimension: time. In fact, proteins are in a vibrating environment where movement
and interactions are fundamental to carry out their functions. Protein dynamics becomes
particularly relevant when the protein structure has multiple conformations or no
conformation at all, as in Intrinsically Disordered Proteins (IDPs) (Dunker et al., 2001). IDP
or IDP regions exhibit a biological activity even though having no stable structure (Oldfield
& Dunker, 2014), and have been considered a big part of the dark proteome (Perdigéo et al.,
2015). It is clear that much more can be understood of protein functions by looking at time-
dependent properties of proteins. Insights into protein dynamics can be obtained
experimentally using for example Nuclear Magnetic Resonance (NMR) spectroscopy
(Wathrich, 2001) or Fluorescence Resonance Energy Transfer (FRET) spectroscopy (Mazal
& Haran, 2019). An initial evaluation of the dynamics of the different parts of a protein can
be already obtained from x-ray B-factors (Rueda et al., 2007), though with several
limitations of applicability (Sun, Liu, Qu, Feng, & Reetz, 2019). Beside experimental
methods, computational methods provide more freedom to investigate and alter a system of
interest. Among all, molecular dynamics is a method that allows a detailed analysis of the
system (M. Karplus & McCammon, 2002). Molecular Dynamics (MD) software like
CHARMM (Brooks et al., 2009), AMBER (J. Wang, Wolf, Caldwell, Kollman, & Case,
2004) and GROMACS (Van Der Spoel et al., 2005) simulate Newton’s equation of motion
on full-atom models of proteins or other molecules. MD simulations have been successfully
applied to uncover mechanistic details of how protein function, in particular concerning
protein folding and enzyme catalysis (M. Karplus & Kuriyan, 2005). The software and
hardware required to perform MD simulations has become more accessible and powerful
during the years, leading to a growing attention by the scientific community (Hollingsworth
& Dror, 2018) and pharmaceutical industry (De Vivo, Masetti, Bottegoni, & Cavalli, 2016).
Regardless, full-atom classical MD has several disadvantages. Firstly, it requires a structure
to start with, which in case of IDPs, multidomain, or transmembrane proteins could be
challenging to obtain. The simulation requires very short time steps (~10-%%s), resulting in a
very high computational load when studying slower biological processes. Furthermore, in a
classical MD, no covalent bonds form or break, denying the possibility to observe an
enzymatic reaction taking place. To overcome these limitations, several modifications have
been proposed. A type of mixed MD simulation combining quantum mechanics and
molecular mechanics (QM/MM) has been successful in describing chemical reactions in a
computational cost-efficient way (Senn & Thiel, 2009). Meanwhile, an increased sampling
of conformations or time can be obtained with steered MD (Bernardi, Melo, & Schulten,
2015; Harpole & Delemotte, 2018), or coarse-grained simulations (Marrink & Tieleman,
2013). Overall, MD simulations generate a representation of protein dynamics that often
reflects experimental characterization (Rueda et al., 2007). This view of the simulated
molecular world allows us to investigate the closest layer to protein function, and it gives us
an additional way to classify proteins using their range of motions, in the so called dynasome
(Hensen et al., 2012).

The combination of protein sequence, structure, and dynamics data provides an
opportunity to study protein function beyond the limits conveyed by the physical entity. In
light of the recent technological developments, we can now explore protein function broadly
through a phylogenetic tree, thus refining our understanding of the mechanism of evolution,



and its spontaneous generation of complexity. In the previous parts, |1 showed how the new
methods that brought a technological advancement are built upon previous discoveries.
Likewise, the scope of this work is twofold; to develop new methods based on the current
methodologies, and to find new applications to the existing algorithms. Overall, the method
development and data analysis that | performed in this work showcase an extension of what
is achievable by protein bioinformatics. Though, the specifics of each chapter will be
discussed accordingly in the following sections.



1.Chapter 1

Detecting Functional Divergence Among the
Paralogous Ligands of the Epidermal Growth
Factor Receptor

(Published in Journal of Biological Chemistry as “Single EGF mutants
unravel the mechanism for stabilization of Epidermal Growth Factor
Receptor (EGFR) system”)

1.1. Introduction

The Epidermal Growth Factor Receptor is a membrane-anchored receptor tyrosine
kinase, member of the ErbB protein family. The fact that proteins in this family are involved
in multiple cancer types has increased the interest in elucidating its mechanism of action and
related disfunctions. EGFR is ubiquitously expressed, taking part in several physiological
functions such as development, cell adhesion and migration, tissue regeneration, and others.
In mice, the knock-out mutant suffers premature death, with abnormalities in multiple tissues.
When transformed in oncogene, the dysregulated activation of EGFR can induce survival,
proliferation, migration, growth and inhibition of apoptosis through the activation of a
multitude of downstream pathways (Wee & Wang, 2017). The effects of EGFR activation
are cell-type specific (Bjorkelund, Gedda, & Andersson, 2011; Johnson, Baxter, Vlodavsky,
& Gospodarowicz, 1980) for yet unknown reasons. In human, the seven paralogous ligands
of EGFR induce different pathways selectively with a mechanism that is independent of the
ligand binding affinity or potency (Wilson, Gilmore, Foley, Lemmon, & Riese, 2009), in a
process labeled as ‘biased signaling” (Lane, May, Parton, Sexton, & Christopoulos, 2017).
While much work has been done to study the effects of the binding of wild type ligands to
the receptor, the effects of mutated ligands on the ‘biased signaling’” of EGFR is
underexplored.

In this work, | developed a methodology to identify the functional residues involved
in the paralog-specific function of EGFR ligands. The method relies on conservation and co-
evolution measures based on the known evolutionary relationships of the paralogs, and their
interaction to the receptor protein. Then, I analyzed the effects at the receptor and cell level
of four modified EGF ligands that have been mutated at the high scoring positions. Although
having comparable binding affinities, the EGF mutants induced a different level of
phosphorylation of the receptor and growth rate in Bj5-ta fibroblasts. Finally, molecular
dynamics showed that the binding of the mutant ligands had an effect on the dimerization
interface of EGFR.

1.2. Published Article

Pascarelli S, Merzhakupova D, Uechi G-I, Laurino P. Binding of single-mutant epidermal
growth factor (EGF) ligands alters the stability of the EGF receptor dimer and promotes
growth signaling. Journal of Biological Chemistry. 2021;297(1).
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1.3. Conclusions

In this chapter, I showed how the evolutionary context of a family of paralogs can be
used to identify residues involved in paralog specific functions. The paralogous ligands of
EGFR all share one function, the ability to bind the receptor. However, they induce
different pathways by ‘biased signaling’. With the DIRPred method, I identified four
positions that, when mutated in EGF, altered the ligand effect on the receptor. This study
shows an interesting way investigate the mechanism of function of the EGF receptor, by
mutating on the ligands, that has the potential to be applied in other protein-protein
interaction systems.
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2.Chapter 2

Protein Sequence Patterns of Evolution Signal
Functional Transitions in Large Phylogenies

(Published in PLoS computational biology as “Inter-paralog amino acid
inversion events in large phylogenies of duplicated proteins”)

2.1. Introduction

In this chapter, I shifted my focus on the EGF receptor to study the mechanisms of
protein evolution after gene duplication. During vertebrate evolution, EGFR was included
in the set of proteins that have been preserved after multiple rounds of genome duplication.
The expansion of protein kinases in the genomic repertoire of higher vertebrate is considered
one of the funding reasons of their complexity (Brunet, Volff, & Schartl, 2016).
Phylogenetic studies suggest that one copy of EGFR was already present in the last common
ancestor of the metazoans. Though, the expansion of EGFR family of RTK and ligands
happened in the Chordata clade, as well as independently in few other Bilateria, like
Platyhelminthes and Annelida (Barberan, Martin-Duran, & Cebria, 2016). Interestingly,
among Chordata, the conservation of EGFR shows alternating levels of amino acid similarity
across its domains. High degree of conservation is found in the protein kinase domain (~90%
similarity), while much lower conservation is observed when comparing the extra cellular
domains (~60%). According to Laisney et al., this reflects a lineage specific co-evolution of
the ECD with its ligands (Laisney, Braasch, Walter, Meierjohann, & Schartl, 2010). In
particular, | chose to focus on the fish lineage for several contributing factors: 1) Ray-finned
fish is the most successful vertebrate radiation event and therefore a powerful model group
to focus on the evolution of the EGFR system (Volff, 2005); 2) The breadth of the ray-finned
fish phylogeny offers a unique opportunity to study the EGFR system in the light of different
evolutionary pressures and adaptive traits; 3) bursts of gene duplication events in specific
lineages, like the cichlids (Brawand et al., 2014) has been suggested to have contributed to
evolutionary novelty of the EGFR system in fish species. 4) More than 80 fish genomes have
been recently deposited in online databases.

My analysis of fish EGFR veered on finding patterns of protein sequence evolution
that could point to functional transitions. In the following paper, | identified a swapping
pattern between opposite paralogs for a particular subclade of teleost fish, the cypriniformes.
In their two copies of EGFR, EGFRa and EGFRb, some positions are conserved as in the
opposite paralog, compared to the rest of the phylogeny. I named this event “Inter-paralog
inversion”, and showed that it might be related to a Swap of functions between the paralogs.

2.2. Published Article

Pascarelli S, Laurino P. Inter-paralog amino acid inversion events in large phylogenies of
duplicated proteins. PLoS computational biology. 2022;18(4):e1010016.
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2.3. Conclusions

While biological databases get increasingly bigger, our ability to make use of all this
data has a slower pace. With the analysis performed in this chapter, | aimed at providing a
method to follow protein function in wide phylogenies, in the context of gene duplication.
The mechanism behind functional transitions between paralogs is still not clear. However,
the inter-paralog inversions appear to be a possible signal of when it happens. Detecting
these functional transitions has an impact in inference by homology and functional residue
prediction.
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3.Chapter 3

Molecular Dynamics Provides a Mechanistical
Explanation of Protein Function

(Published in Proceedings of the National Academy of Sciences as
“Insertions and deletions mediated functional divergence of Rossmann
fold enzymes ”, and in Proteins Science as “Protein dynamics induced by
cryptic genetic variations shape the fitness of alanine:glyoxylate
aminotransferase”)

3.1. Introduction

Previous studies showed how proteins are not rigid folds tightly linked to one structure
and one function (James & Tawfik, 2003). Rather, protein dynamics is a fundamental
property that directly contributes to promiscuity of function and, therefore, to protein
evolvability (Meier & Ozbek, 2007; Tokuriki & Tawfik, 2009). Protein dynamics can be
effectively simulated using Molecular Dynamics (MD) for a variety of purposes (Martin
Karplus & Petsko, 1990). In the works reported in here, | use standard MD to track protein
function, first on a cofactor-binding Rossmann fold, and then on the medically relevant
human Alanine::glyoxylate aminotransferase.

3.2. Published Article 1

Toledo-Patifio S, Pascarelli S, Uechi GlI, Laurino P. Insertions and deletions mediated
functional divergence of Rossmann fold enzymes. Proc Natl Acad Sci U S A.
2022;119(48):2207965119. Epub 2022/11/24. doi: 10.1073/pnas.2207965119. PubMed
PMID: 36417431.

3.3. Published Article 2

Dindo M, Pascarelli S, Chiasserini D, Grottelli S, Costantini C, Uechi Gl, Giardina G,
Laurino P, Cellini B. Structural dynamics shape the fitness window of alanine: glyoxylate
aminotransferase. Protein Sci. 2022;31(5):e4303.

3.4. Conclusions

In this chapter, | reported the results of MD analysis of scDH and AGT proteins and
their mutants. The simulations revealed that scDH cofactor specificity can be re-engineered
by InDels in the the B1-loop-al region of the Rossmann fold. This MD substantiated a
putative path of functional transition in Rossmann folds, which shows how the plasticity of
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this folds might have contributed to their evolutionary success. On the other hand, the MD
simulations of AGT minor allele showed crucial differences to the major allele, explaining
why the minor allele is more susceptible to disease-causing variants. Overall, MD
simulations are a promising method to understand protein functions in a structure-full
scientific world of the future.
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Conclusions

There are multiple ways to look at protein function, each one reflecting a different
aspect of the knowledge of the system. As such, the aspect of function under examination
determines the challenge of the problem and how effective a bioinformatic analysis will be.
In this thesis, | focused on the causal interpretation of functionality mediated by physical
contacts, direct or indirect, defined in the Pittsburgh model as the “Interactions’ hierarchical
order (Keeling, Garza, Nartey, & Carvunis, 2019). The need of a defined set of rules
explaining protein function arose from the field of de novo gene emergence, where the
possibility of a transition between non-functional and functional locus is studied. How
function in defined is then crucial to calculate the feasibility and the probability of a de novo
gene emergence event. In this thesis, | do not examine such events. Although, using one of
the Pittsburgh model definitions will help to clarify the meaning of protein function and its
evolutionary implications in this thesis. As such, the Pittsburgh model might prove to be
useful for the entire protein sciences community.

In this work, I showed how an in-silico analysis of protein sequence, structure, and
dynamics can be used to test the target protein’s ability to interact with other proteins or
small ligands, thereby predicting protein function. Initially, I developed a computational
method to identify the specific functional residues that are involved in a function that is
altered among paralogs (chapter one). The method makes use of the ortholog conjecture: the
assumption that functions are more conserved among orthologs. The test case of this method
was performed on the Epidermal Growth Factor Receptor (EGFR) and its ligands. The
ligands of EGFR all share the ability to bind the receptor while inducing different pathway
activations. The analysis of conservation among orthologs and paralogs and the coevolution
measures highlighted some residues in the ligands that, when mutated, altered the signaling
cascade induced by the binding. Successive validation showed that the binding to the
receptor, the property shared by all paralogous ligands, was not affected. Instead, a
difference was observed in the dynamics of the ligand-receptor complex, specifically at the
dimerization arm. | hereby obtained relevant data about the binding modes and signal
transduction of the EGFR-ligands system. However, the method developed in this chapter
has limited applicability outside those cases where orthologs do not share the same function.
Also, it might overlook enabling mutations that act at a distance from the active site, usually
missed by the commonly used covariation methods (Ding et al., 2022).

In the next chapter, | focused on the case where the ortholog conjecture does not hold
true. | constructed a model to describe protein evolution after gene duplication and 1 used it
to study the duplication of the EGF receptor in the fish lineage. Through the application of
the model, it was possible to observe a specific pattern in the duplicated protein sequence
conservation, named “inter-paralog residue inversion”, in a subgroup of fish. I hypothesize
that this conservation pattern is a proxy of a functional swap between paralogous proteins,
signaling a break between the ancestry (or orthology) and the functional relationship. By
using this model, I showed a way to follow the complex functional relationships in families
of paralogous proteins that underwent sub-functionalization. Additionally, the analysis |
performed pointed to which residues might be responsible for the functional swap, and which
sub-function (or activated pathway) is affected by the event.

Lastly, in chapter three, | presented how molecular dynamics provides an opportunity
to go beyond sequence and structure analysis. In the NAD(P)/FAD-binding Rossmann folds,
previous studies showed that a glycine-rich motif in the B1-loop-al region was required to
form a network of hydrogen bonds responsible for stabilizing the cofactor binding loop
(Dym & Eisenberg, 2001). By performing MD simulations of a selected dehydrogenase
(scDH), I observed that only a subset of the hydrogen bonds was required for NAD binding.
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In contrast to a previous report on the hydrogen bond pattern within the GxGxxG motif or
NAD binding Rossmann folds (Kleiger & Eisenberg, 2002), we did not observe the bond
between the first and the last glycine of the motif. Meanwhile, in the deletion mutant AscDH
simulations, the missing interactions did not affect the SAM binding property, showing a
possible way in which InDels could shape cofactor specificity of Rossmann fold enzymes.
In the second paper of chapter three, | analyzed the protein dynamics of two variants of
human alanine glyoxylate aminotransferase. The minor allele (AGT-Mi) differs by just two
substitutions, P11L and 1340M, to the major allele (AGT-Ma), distally from the active site.
However, AGT-Mi was shown to have a reduced activity and is a susceptibility factor to
disease-causing mutations for primary hyperoxaluria. My analysis showed how these two
distal residues have a propagating effect on the protein dynamics that influence the active
site and two helices lying at the edge of disorder. Overall, MD simulations provided a
mechanistic explanation for the alterations of protein function, even when the evolutionary
context was not sufficient.

In conclusion, my work shows three approaches that use protein sequence, structure,
and dynamics to study protein functional divergence. The methods developed in the first two
chapters to identify functional residues will become an added value for protein scientists.
Though, further work will be required to test the generality of these methods. In particular,
both DIRpred and DIRphy will need to be tested on more proteins, possibly from different
species, and, for the latter, on more duplication events with a different time frame compared
to the teleost specific whole genome duplication. Meanwhile, the approach used in the two
works of chapter three is a demonstration of the applicability of Alphafold 2 model structures
for the analysis of protein mutations using molecular dynamics. In this way, | obtained
molecular insights that explained the experimental data observed for the two systems of
interest. However, this approach could not be used in all those cases where one structural
model could not be obtained or is not representative of the entire ensemble of structural
variation of one protein, as could be for an intrinsically disordered protein or one with large
structural rearrangements. In those cases, new methodologies will need to be developed.
Overall, my contributions to protein bioinformatics demonstrate that this is a thriving field
that let us understand and foresee functions in the molecular world. Further developments
will be necessary to harness the vast extension of biological data, but in exchange it might
reveal deep truths about the great mechanism that generated complexity on Earth: evolution.
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