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Abstract

Protein kinases regulate cellular signal transduction and are key therapeutic targets. Among
Src family kinases (SFKs), Lyn plays a critical role in immune signaling and cancer but remains
less well characterized. To probe its regulatory mechanisms, a full-length model of Lyn was
constructed, comprising the SH3, SH2, and SH1 (kinase) domains. The conformational dynamics
of this model were analyzed using molecular dynamics (MD) simulations, network-based analysis,
and machine learning.

Apo wild-type, ATP-bound, dasatinib-bound, and six cancer-associated mutants (K275A,
E290D/K, I364L/N) were simulated for a total of 78 µs. Principal component and cross-
correlation analyses revealed that ATP stabilizes domain interfaces and strengthens SH2–SH1
coupling. In contrast, dasatinib and oncogenic mutations weaken long-range correlations and
partially decouple SH3 and SH2 modules from the catalytic domain. Local flexibility changes in
the αC helix and hinge region were found to align with Molecular Mechanics Poisson–Boltzmann
Surface Area (MM/PBSA) estimates and ligand interactions.

Through network analysis, 44 dynamically central residues were identified, forming a collective
allosteric connector spanning the SH3, SH2, SH1, and linker regions. These connectors mediate
interdomain communication, preserve activation loop contacts, and anchor critical salt bridges,
such as K275–E290 and K275–D385. The fragmentation of these networks under inhibitor bind-
ing or mutation reflects a disruption of regulatory communication.

A random forest classifier was trained on MD-derived features, including interdomain distances,
regulatory spine integrity, and salt-bridge occupancies, to distinguish active-like from inactive-
like ensembles, achieving high predictive accuracy (AUC = 0.98). Interdomain coupling and
activation loop contacts were identified as primary contributors by feature importance analysis,
consistent with network-derived insights.

Comparative sequence analysis across SFKs showed that many allosteric connectors are con-
served, particularly in the activation loop, αC helix, and SH2–SH1 linker. However, several
Lyn-specific residues, such as P73 in the SH3 domain, linker residue I227, and K343, D346, and
I475 within the αE and αF helices, were found to diverge across the family and serve as high-
scoring connectors. Structural mapping revealed overlap between Lyn connectors and a known
distant allosteric inhibitor binding pocket in ABL1 kinase (the Asciminib site). The αE and
αF helices at the SH1C–SH2 interface emerged as Lyn-specific, flexible hotspots responsive to
mutations, suggesting potential druggable regulatory sites beyond the traditional ATP cleft.

Together, these findings support the concept of selective allosteric modulation of Lyn kinase.
Through the integrated use of long-timescale MD, network analysis, and machine learning, a
general framework is provided for uncovering hidden regulatory nodes in kinases and guiding
structure-based drug discovery. This approach is broadly applicable to dissecting allosteric con-
trol in multidomain signaling proteins across the kinome.
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Zusammenfassung

Proteinkinasen regulieren die zelluläre Signaltransduktion und stellen zentrale therapeutische An-
griffsziele dar. Innerhalb der Src-Familie-Kinasen (SFKs) spielt Lyn eine entscheidende Rolle bei
der Immun-Signalisierung und in der Onkogenese, ist jedoch strukturell weniger charakterisiert.
Um deren Regulationsmechanismen zu untersuchen, wurde ein Vollstruktur-Modell von Lyn
konstruiert, welches die SH3-, SH2- und SH1- (Kinase-) Domänen umfasst. Die Konformations-
dynamik dieses Modells wurde mittels Molekulardynamik-Simulationen (MD), netzwerkbasierter
Analysen und maschinellem Lernen untersucht.

Apo-Wildtyp, ATP-gebundene und Dasatinib-gebundene Zustände sowie sechs krebsassozi-
ierte Mutanten (K275A, E290D/K, I364L/N) wurden über insgesamt 78 µs simuliert.
Hauptkomponenten- und Kreuzkorrelationsanalysen zeigten, dass ATP die Domänen-
Grenzflächen stabilisiert und die SH2–SH1-Kopplung stärkt. Im Gegensatz dazu schwächen
Dasatinib und onkogene Mutationen weitreichende Korrelationen und entkoppeln die SH3-
und SH2-Module teilweise von der katalytischen Domäne. Lokale Flexibilitätsänderungen in
der αC-Helix und der Scharnierregion korrelierten mit MM/PBSA-Abschätzungen und Ligand-
Interaktionen.

Mittels Netzwerk-Analyse wurden 44 dynamisch zentrale Reste identifiziert, die ein kollektives
allosterisches Verbindungsnetzwerk bilden, welches die SH3-, SH2-, SH1- und Linker-Regionen
überspannt. Diese Verbindungen vermitteln die Kommunikation zwischen den Domänen, er-
halten Kontakte der Aktivierungsschleife aufrecht und verankern kritische Salzbrücken wie
K275–E290 und K275–D385. Die Fragmentierung dieser Netzwerke unter Inhibitorbindung oder
Mutation spiegelt die Unterbrechung der regulatorischen Kommunikation wider.

Ein Random-Forest-Klassifikator wurde auf MD-basierten Merkmalen trainiert, um aktiv-
ähnliche von inaktiv-ähnlichen Ensembles zu unterscheiden (AUC = 0,98). Die
Merkmalsrelevanz-Analyse identifizierte die Kopplung zwischen den Domänen und Kontakte
der Aktivierungsschleife als primäre Faktoren, was mit den Erkenntnissen der Netzwerkanalyse
übereinstimmt.

Sequenzvergleiche innerhalb der SFK-Familie zeigten, dass viele allosterische Verbindungen
konserviert sind, insbesondere in der Aktivierungsschleife, der αC-Helix und dem SH2–SH1-
Linker. Dennoch divergieren Lyn-spezifische Reste, wie P73 in der SH3-Domäne, der Linker-
Rest I227 sowie K343, D346 und I475 in den αE- und αF-Helices, innerhalb der Familie und
fungieren als zentrale Knotenpunkte. Strukturelles Mapping ergab Überschneidungen zwischen
Lyn-Knotenpunkten und einer bekannten allosterischen Bindungstasche in der ABL1-Kinase
(Asciminib-Bindungsstelle). Die αE- und αF-Helices an der SH1C–SH2-Schnittstelle erwiesen
sich als Lyn-spezifische, flexible Hotspots, was auf potenzielle allosterische Regulationsstellen
jenseits der ATP-Bindungstasche hindeutet.

Zusammenfassend unterstützen diese Ergebnisse das Konzept einer selektiven allosterischen Mod-
ulation der Lyn-Kinase. Die Integration von Langzeit-MD, Netzwerkanalyse und maschinellem
Lernen bietet einen allgemeinen Rahmen zur Identifizierung verborgener regulatorischer Knoten-
punkte und zur Unterstützung der strukturbasierten Wirkstoffforschung innerhalb des Kinoms.
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Chapter 1

General Introduction

You are the sun, disguised in a veil.
You are the divine, hiding from yourself.

If only you could lift that veil,
you would see,

even in your loneliest darkness,
the astonishing light of your own being.

– Hafiz (14th-century poet and mystic)



1.1 Protein Kinases as Master Regulators of Cellular
Signaling

Protein kinases are enzymes that selectively catalyze the transfer of a phosphate group to
specific amino acid residues on protein substrates, a reaction known as phosphorylation.
The catalytic mechanism relies on adenosine triphosphate (ATP) as the phosphate donor.
During phosphorylation, the enzyme cleaves the γ-phosphate from ATP and covalently
attaches it to the hydroxyl group of the target amino acids [1–3]. In contrast to other
kinase families, such as lipid, carbohydrate, and nucleotide kinases, that typically act
on non-protein biomolecules, protein kinases primarily phosphorylate protein substrates.
Through this modification, they regulate a wide range of essential cellular processes, in-
cluding signal transduction, cell-cycle progression, apoptosis, differentiation, metabolism,
and survival [1, 4]. Phosphorylation often initiates complex signaling cascades that in-
corporate multiple regulatory mechanisms, enabling cells to precisely sense and respond
to diverse external and internal stimuli. Even subtle alterations in kinase activity can
lead to significant downstream effects, underscoring their function as key control points
in cellular regulation [5].

The human genome encodes approximately 538 protein kinase genes, collectively referred
to as the human kinome, which represents about 2 percent of all human genes [6,7]. Phos-
phoproteomic studies estimate that up to one-third of the human proteome undergoes
phosphorylation, highlighting the extensive reach of kinase-mediated regulation across di-
verse signaling pathways [8,9]. Based on sequence similarity, biochemical properties, and
the type of amino acid residues they phosphorylate, these kinases can be classified into
groups, families, and subfamilies. A dendrogram known as the human kinome tree illus-
trates these evolutionary relationships by clustering kinases according to the divergence
of their catalytic domain sequences (Figure 1.1).

Seven major groups are typically defined and color-coded in the tree: AGC (protein ki-
nase A, G, and C families), CAMK (calcium/calmodulin-dependent protein kinases), CK1
(casein kinase 1 family), CMGC (CDK, MAPK, GSK3, CLK families), STE (homologs
of yeast sterile kinases), TK (tyrosine kinases), and TKL (tyrosine kinase-like kinases)
[10]. Each group reflects evolutionary relationships based on conserved catalytic domain
sequences and regulatory motifs. Among these, TKs form a distinct and functionally
important group that phosphorylates substrate proteins on tyrosine residues, a modifi-
cation essential for regulating cell proliferation, differentiation, migration, and immune
responses [11].
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Figure 1.1: The human kinome tree. Classification of pro-
tein kinases into seven major groups based on sequence similarity
of their catalytic domains. Each branch represents a kinase, and
branch length reflects the degree of sequence divergence. The tree
illustrates the diversity and evolutionary relationships within the ki-
nase superfamily. Illustration reproduced courtesy of Cell Signaling
Technology (www.cellsignal.com). The figure was reconstructed us-
ing CORAL [12], based on the original kinome classification scheme.

In contrast, kinases in the AGC,
CAMK, CK1, CMGC, and STE
groups primarily phosphorylate
serine or threonine residues. While
some dual-specificity kinases, such
as MEK within the CMGC group,
can phosphorylate both threonine
and tyrosine residues, tyrosine
phosphorylation is predominantly
mediated by TK family members.
The TKL group, though struc-
turally related to TKs, largely
contains serine/threonine kinases
[13, 14]. This functional diver-
sity underscores the evolutionary
divergence and specialized roles
of each kinase group in cellular
signaling. In addition to these
typical kinases, the remaining are
classified as atypical protein ki-
nases, which lack sequence simi-
larity to conventional kinase fam-
ilies but are predicted or known
to possess kinase activity, with
some sharing a conserved struc-
tural fold [15,16]. The evolution-
ary organization of the kinome
tree may offer insights into the

possible substrates and biological roles of poorly characterized kinases. In some cases,
proximity within the tree has been used to infer functional similarities or predict signal-
ing roles based on known members [17].

Despite acting on a wide variety of substrates, most protein kinases share a highly con-
served catalytic domain architecture composed of two lobes: an N-terminal lobe (N-lobe)
and a C-terminal lobe (C-lobe). The N-lobe features a five-stranded β-sheet, a glycine-rich
P-loop (GxGxxG) that helps position ATP, and the dynamic αC-helix, which is essen-
tial for aligning catalytic residues. It also contains a conserved lysine in the β3 strand
that participates in ATP binding. The C-lobe is predominantly α-helical and includes the
catalytic loop, the activation loop, and the substrate-binding site [18].

3
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N-lobe

C-lobe

β3

αC-helix

P-loop

DFG

HRD

A-loop

Active Site

Figure 1.2: Structural overview of the catalytic domain.
Schematic representation of a canonical protein kinase catalytic
domain, highlighting the N-lobe and C-lobe, and the key structural
motifs such as the β3 strand, P-loop, αC-helix, HRD and DFG
motifs, and the activation loop (A-loop). A bound ATP analog,
shown in stick representation with the surrounding binding surface
(highlighted in orange), illustrates the active site nestled between
the two lobes. These conserved structural features are essential
for coordinating ATP binding, substrate positioning, and catalytic
function.

A visual representation of the cat-
alytic domain structural features is
provided in Figure 1.2. Several
highly conserved motifs, including
the β3 strand, the HRD motif, and
the DFG motif, form the structural
and functional core of the active
site. Their coordinated arrange-
ment is stabilized by the regulatory
spine, a hydrophobic network that
spans both lobes and links ATP
binding to active-site organization.
Activation often involves phospho-
rylation of the activation loop, pro-
moting a conformational shift that
aligns these elements into a catalyt-
ically competent state [19–21].

Beyond structural rearrangements,
the activity of protein kinases is
finely regulated by several addi-
tional mechanisms that ensure pre-
cise control in response to cellular
signals [22,23]. Phosphorylation of-
ten serves as a central switch: while
modification at activation loops en-
hances catalytic function, phospho-
rylation at inhibitory sites can sup-
press activity. Specific sequence motifs, such as docking sites, facilitate interactions with
substrates or regulatory partners. Scaffold and adaptor proteins further organize ki-
nases into signaling complexes, defining when and where they function. Spatial control
is also achieved through regulated subcellular localization, with kinases becoming active
only upon reaching certain cellular compartments. In some cases, oligomerization into
dimers or larger assemblies is necessary for full activation. Furthermore, binding of the
modulators at sites distant from the active site (allosteric ligands) can trigger conforma-
tional changes that modulate kinase function. Together, these diverse regulatory layers
enable kinases to act as context-dependent molecular switches within complex signaling
networks [4, 24].

The significance of protein kinases arises from their central role in maintaining cellular
homeostasis and their frequent dysregulation in human disease. Aberrant kinase activity,
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resulting from activating mutations, overexpression, chromosomal translocations, or mis-
regulation by upstream signals, is a hallmark of various pathologies, particularly cancer,
inflammatory disorders, and neurodegenerative conditions. These disease-related roles
have positioned protein kinases as highly attractive targets for therapeutic intervention.
The development of small-molecule kinase inhibitors, particularly ATP-competitive com-
pounds, has significantly reshaped targeted cancer therapy by enabling the modulation of
dysregulated signaling pathways. Several clinically approved inhibitors, such as imatinib
for chronic myeloid leukemia (CML), capmatinib for non-small cell lung cancer, and tu-
catinib for HER2-positive breast cancer, have demonstrated therapeutic benefit [25–27].
Beyond oncology, kinase inhibitors have shown efficacy in treating immune-mediated and
inflammatory diseases. For instance, tofacitinib and ruxolitinib inhibitors are used to
manage rheumatoid arthritis and myelofibrosis, respectively [28, 29].

While these agents have shown substantial efficacy, many exhibit multi-target activity,
leading to potential off-target effects that must be carefully considered in clinical applica-
tion. Although ATP-competitive inhibitors have achieved major clinical successes across
various malignancies, the highly conserved architecture of the ATP-binding site presents
a fundamental challenge to selectivity [30]. Many kinases possess nearly identical ATP
pockets that differ by only a few residues. This high degree of homology makes it diffi-
cult to design small molecules that bind selectively to a single kinase. As a result, many
inhibitors affect multiple targets, increasing the risk of off-target effects and adaptive
resistance through signaling network plasticity [31–33]. Moreover, ATP-competitive in-
hibitors are designed to fully block kinase activity, but this approach may not be ideal
for kinases whose functions vary across different biological contexts. In such cases, ther-
apeutic strategies that fine-tune kinase activity or selectively redirect signaling pathways
may offer greater benefit [34,35].

To overcome these challenges, alternative therapeutic strategies are being explored. One
prominent example is the allosteric MEK inhibitor trametinib, which binds to a pocket
adjacent to the ATP-binding site. By stabilizing MEK in an inactive conformation, tram-
etinib prevents downstream activation without directly competing with ATP, allowing for
greater selectivity [36]. Other approaches include the use of HSP90 inhibitors, which indi-
rectly destabilize oncogenic kinases by interfering with their chaperone-mediated folding
and stability [37]. Emerging applications extend to rare genetic disorders and neurologi-
cal diseases. Selumetinib, a MEK inhibitor, was initially approved in 2020 for pediatric
patients aged 2 years and older with neurofibromatosis type 1 (NF1) and On Novem-
ber 19, 2025, this indication was expanded by the FDA to include adult patients with
the same condition. Beyond NF1, kinase inhibitors such as selumetinib are also under
active investigation for non-oncologic diseases, including Alzheimer disease and cardiovas-
cular disorders [38–40]. These emerging modalities highlight the ongoing need to refine
kinase-targeted therapies based on biological context and molecular mechanism.
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1.2 Src Family Kinases and the Structure, Function,
and Regulation of Lyn

Among the various subclasses of protein kinases, TKs represent a particularly relevant
group due to their roles in controlling key cellular decisions such as growth, survival,
and differentiation [41]. These enzymes catalyze the phosphorylation of tyrosine residues
on target proteins and are divided into two major categories: receptor tyrosine kinases
(RTKs) and non-receptor tyrosine kinases (nRTKs). The human genome contains 90
unique TK genes, of which 58 produce membrane-spanning RTKs that respond to ex-
tracellular ligands. The remaining 32 encode nRTKs that mediate intracellular signaling
downstream of activated receptors [42, 43].

Within the nRTK category, the Src family kinases (SFKs) represent a canonical group of
cytoplasmic nRTKs. First identified through the viral oncogene v-Src from Rous sarcoma
virus, this family includes nine members in vertebrates: Src, Yes, Fyn, Fgr, Lyn, Hck,
Lck, Blk, and Yrk. In humans, eight are expressed (excluding Yrk) [44]. Based on
phylogenetic and structural features, SFKs are divided into two major subfamilies: the
Src-related subfamily, known as Src-A, that includes Src, Fyn, Yes, and Fgr, the LYN-
related subfamily, known as Src-B, which includes Lyn, Hck, Lck, and Blk [45]. Frk
(Fyn-related kinase), along with Brk and Srm, is structurally related to SFKs and shares
overall domain similarity. However, due to the absence of the N-terminal myristoylation
signal required for membrane localization and their distinct regulatory properties, these
kinases are classified as BRK family kinases (BFKs) rather than classical members of the
Src family [46,47].

Although SFKs share high sequence conservation and a common domain organization,
they display remarkable cell-type specificity and functional divergence. They are widely
expressed in hematopoietic cells, neurons, epithelial tissues, and fibroblasts, where they
regulate processes as diverse as cell adhesion, motility, proliferation, differentiation, and
immune receptor signaling [4,47]. The classification and evolutionary relationships among
SFKs are depicted in Figure 1.3. To further illustrate the internal organization of the SFK
members, this figure provides a comparison of their domain architectures and conserved
regulatory residues across SFKs. This representation highlights their division into two
major subgroups, based on sequence similarity and regulatory features, while emphasizing
conserved elements such as the Src homology 3 (SH3) domain, the Src homology 2 (SH2)
domain, two interconnecting linkers, and the catalytic Src homology 1 (SH1) or kinase
domain, as well as critical tyrosine residues involved in activation and inhibition.
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Figure 1.3: Phylogenetic and structural features of SFKs. This figure illustrates the classification and
domain architecture of SFKs. The upper right panel shows the placement of SFKs within the TK group of the
human kinome. The inset on the left highlights their phylogenetic relationships, separating the family into two
subgroups: Src-A (SRC, FYN, YES, FGR) and Src-B (LYN, HCK, LCK, BLK), based on sequence similarity [1].
The lower panel depicts the conserved domain organization of each SFK, including the SH3, SH2, and SH1
(kinase) domains, along with interdomain linker regions. Key regulatory tyrosine residues are marked in red (e.g.,
Src Y419 and Y530; Lyn Y397 and Y508), reflecting conserved phosphorylation sites involved in activation and
inhibition. This conserved organization underpins a common regulatory mechanism across SFKs despite their
functional divergence.

Among SFKs, Lyn holds a distinctive position due to its pronounced ability to medi-
ate both activating and inhibitory signaling in immune cells [48–50]. While most SFK
members, such as Src, Fyn, and Yes, are primarily involved in promoting cell activa-

7



tion, proliferation, and migration [51], Lyn plays a dual regulatory role that is especially
important in immune cells. This includes initiating signaling cascades downstream of
immunoreceptors, as well as providing negative feedback to maintain immune balance
and prevent overactivation. In contrast, the inhibitory functions of other SFKs are either
limited, context-dependent, or not well established. While members like Src, Fyn, and
Yes are mainly expressed in epithelial and neuronal tissues and often implicated in solid
tumors, Lyn is predominantly expressed in immune cells involved in signaling, such as B
lymphocytes, mast cells, and cells of the myeloid lineage. [49,52].

Among all immune cell types, B lymphocytes exhibit the highest levels of Lyn expression,
reflecting its critical involvement in B cell receptor (BCR) signaling [53]. Upon BCR en-
gagement, Lyn acts as one of the initiating kinases by phosphorylating immunoreceptor
tyrosine-based activation motifs (ITAMs) on the Igα and Igβ chains. This triggers down-
stream signaling cascades involving the PI3K/AKT and MAPK/ERK pathways. In par-
allel, Lyn also phosphorylates immunoreceptor tyrosine-based inhibitory motifs (ITIMs)
on inhibitory receptors such as CD22 and FcγRIIB [54–56].This regulatory balance dis-
tinguishes Lyn as a key modulator of immune cell behavior, integrating activating and
inhibitory signals to control B cell activation, maintain immune tolerance, and prevent
hyperactivation [57–59]. In contrast, Lyn expression is lower but still functionally rel-
evant in other immune cells such as macrophages, monocytes, neutrophils, mast cells,
and platelets, where it regulates inflammatory responses, adhesion, and migration. While
Lyn is also detectable in some non-immune tissues, such as epithelial and neural cells, its
expression in those contexts is relatively low, and its function is less clearly defined [54].

Consistent with other SFKs, Lyn adopts a modular domain architecture consisting of
catalytic domain (SH1 or kinase), two regulatory domains (SH2 and SH3), and two in-
terconnecting linkers (SH3–SH2 linker and SH2–SH1 linker) [60, 61]. This arrangement
enables a tightly regulated conformational switch between inactive and active states. In
the autoinhibited conformation, the SH2 domain binds to a phosphorylated tyrosine in
the C-terminal tail, while the SH3 domain interacts with the SH2–kinase linker, stabiliz-
ing an inactive kinase fold. Activation occurs through dephosphorylation of the tail or
competitive ligand binding that disrupts these intramolecular contacts, thereby realigning
the catalytic motifs for full enzymatic activity [62,63]. Figure 1.4 illustrates the modular
architecture of Lyn and its structural transition between inactive and active conforma-
tions.
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Figure 1.4: Domain organization and conformational states of full-length Lyn kinase. Top: Schematic
representation of Lyn modular architecture, comprising SH3, SH2, and SH1 (kinase) domains, connected by
flexible linkers. Key catalytic residues (e.g., K275 and Y397) are indicated. Bottom: Cartoon depiction of the
conformational switch between the active (left) and inactive (right) states. In the inactive-like conformation, SH3
engages the SH2–SH1 linker and SH2 interacts with the phosphorylated C-terminal tail, stabilizing autoinhibition.
In the active-like conformation, SH3 is displaced, allowing for an open, catalytically competent conformation.

In human Lyn kinase, autophosphorylation of Lyn Y397 (corresponding to Src Y419)
within the activation loop induces a conformational change that enhances nucleotide
binding and aligns the catalytic residues for phosphoryl transfer, thereby increasing ki-
nase activity. In contrast, phosphorylation of the C-terminal regulatory site Lyn Y508
(corresponding to Src Y530) by C-terminal Src kinase (Csk) stabilizes a closed, inactive
conformation. In this state, the SH2 domain binds intramolecularly to the phosphory-
lated tail, while the SH3 domain engages the SH2–kinase linker, effectively locking the
enzyme in an autoinhibited form. This built-in autoregulatory mechanism highlights
how the non-catalytic SH2/SH3 modules exert long-range allosteric control over the SH1
catalytic domain, enforcing precise temporal and spatial regulation of Lyn signaling func-
tion [58,64]. This tightly controlled on–off mechanism is essential for maintaining normal
immune signaling thresholds. However, when Lyn is overexpressed, the regulatory balance
between activation and inhibition can be disrupted. The high expression and functional
importance of Lyn in B cells underscore its relevance in B cell–related disorders, includ-
ing autoimmunity and hematologic malignancies [65, 66]. The consequences of disrupted
Lyn function are most apparent in disease settings. In autoimmune conditions like sys-
temic lupus erythematosus (SLE), defective negative signaling through Lyn leads to B cell
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hyperactivation and loss of self-tolerance. In hematologic malignancies such as chronic
lymphocytic leukemia (CLL) and acute myeloid leukemia (AML), Lyn is often overex-
pressed and constitutively active, promoting continuous survival signaling, resistance to
apoptosis, and dysregulated interactions with the tumor microenvironment [65,67]. These
aberrant signals not only drive malignant transformation but also reinforce drug resistance
and immune dysfunction.

To visualize these interconnected roles, Figure 1.5 illustrates the downstream consequences
of Lyn overexpression. The schematic representation integrates molecular events, such
as phosphorylation of ITAMs and subsequent hyperactivation of the PI3K/AKT and
MAPK/ERK pathways, with key cellular phenotypes, including increased proliferation,
apoptosis resistance, disrupted adhesion, and enhanced migration. These aberrant cellular
behaviors ultimately contribute to disease-related outcomes such as oncogenic transfor-
mation, immune dysregulation, and resistance to tyrosine kinase inhibitors [68]. While
the figure highlights BCR signaling as a representative context, these mechanisms are not
restricted to B cells alone. Lyn plays a critical regulatory role in multiple immune cell
types, where its overexpression can similarly perturb signaling thresholds and immune
balance. However, the effects of Lyn are especially significant in B cells, where it shows
the highest expression levels. In these cells, the consequences of Lyn dysregulation are
well characterized and have been strongly associated with disease [48, 69].

Although several ATP-competitive inhibitors targeting SFKs, such as bosutinib and PP2,
have demonstrated therapeutic efficacy in both pre-clinical and clinical settings, these
compounds often suffer from limited selectivity and carry a high risk of off-target effects
due to the conserved nature of the ATP-binding pocket across kinases [70, 71]. This
presents a major limitation for efforts aimed at specifically modulating Lyn activity with-
out broadly inhibiting other kinases. Dasatinib, a dual Src/Abl inhibitor, binds the ATP-
binding site of Lyn with high affinity and is one of the most widely used SFK inhibitors in
both research and clinical applications [72]. However, its broad activity profile can inter-
fere with multiple kinases beyond Lyn, complicating its therapeutic precision [73]. One
notable alternative strategy involves indirect modulation of Lyn through protein stability
pathways. For instance, the HSP90 inhibitor NVP-BEP800 has been reported to reduce
Lyn protein levels and inhibit the growth of B cell acute lymphoblastic leukemia by in-
terfering with NF-κB signaling [74]. These findings highlight the therapeutic potential of
non-ATP competitive approaches that bypass the challenges of targeting the kinase active
site directly.
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Figure 1.5: Disease-related consequences of Lyn kinase overexpression in B cells. Lyn overexpression
enhances ITAM phosphorylation on the BCR complex, resulting in the hyperactivation of downstream PI3K/AKT
and MAPK/ERK signaling cascades. This sustained signaling drives altered cellular behaviors, including in-
creased proliferation, reduced apoptosis, disrupted adhesion, and enhanced migration. These changes culminate
in disease-associated outcomes such as oncogenic transformation, resistance to tyrosine kinase inhibitors, and
immune dysregulation, as observed in hematologic malignancies and autoimmune disorders.

Considering these insights, SFKs represent a conserved yet functionally diverse group of
signaling enzymes, and Lyn exemplifies the complex interplay between signal amplifica-
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tion and inhibition. Its unique role in immune regulation and leukemogenesis highlights
both the therapeutic promise and the challenges of targeting kinases with dual regulatory
functions. A deeper understanding of Lyn structural organization, domain communica-
tion, and conformational dynamics is therefore essential. Insights into how its regulatory
modules cooperate, how residues propagate signals across domains, and how disease-
associated perturbations shift these equilibria will be critical for designing interventions
that modulate Lyn with precision rather than complete inhibition [75]. Such knowledge
has implications not only for basic kinase biology but also for the development of ther-
apeutic strategies that selectively reshape aberrant signaling while preserving essential
physiological control. In this sense, Lyn serves as both a model for studying allosteric
regulation in multidomain kinases and a compelling target whose complexity mirrors the
challenges of modern precision medicine.

1.3 Allosteric Regulation in Multidomain Kinases

Domains are independently folded units within a protein, each capable of performing dis-
tinct structural or functional roles. In multidomain kinases, such modular organization
enables complex regulatory mechanisms through coordinated domain–domain interac-
tions. Allostery refers to the process by which perturbations at one site of a protein,
such as ligand binding, post-translational modifications, or conformational shifts, alter
the activity at a distant functional site [76]. In protein kinases, allostery enables spatial
and temporal integration of upstream cues to precisely control phosphorylation activity.
These principles are illustrated in Figure 1.6, where an allosteric binding site communi-
cates with the active site through an internal network of residues. These networks are
composed of dynamically coupled residues that bridge distant domains and enable long-
range regulation of catalytic activity. Such allosteric networks represent the structural
foundation for fine-tuned control in multidomain kinases. At the molecular level, this
regulation relies on a network of non-covalent interactions, including hydrogen bonds,
salt bridges, and side-chain contacts. Certain residues act as communication connectors,
transmitting allosteric conformational perturbations across the protein and coordinating
conformational transitions that influence catalytic output [77].

This is especially relevant for SFKs like Lyn, where signaling output is governed not only
by catalytic activity but also by long-range communication between regulatory and cat-
alytic domains. The SH3 and SH2 domains and their interconnecting linkers dynamically
communicate with the SH1 domain [78]. Inactive conformations involve intramolecu-
lar interactions that constrain kinase activity, while activation disrupts these contacts
to permit proper catalytic alignment (see Figure 1.4). This flexible interaction between
domains enables the kinase to sample a spectrum of conformations rather than shifting
strictly between “on” and “off” states. As a result, structural changes at distant regions
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can subtly adjust overall activity, allowing the kinase output to be finely regulated rather
than absolutely switched [79].

Active Site

Allosteric Site

Figure 1.6: Allosteric communication in a multido-
main kinase. Schematic representation of a kinase protein
illustrating the spatial relationship between the allosteric site
(green) and the catalytic active site (red). The protein is or-
ganized into modular domains, each shown in a different color.
The allosteric site represents a distal pocket where regula-
tory ligands may bind, away from the catalytic center. Black
spheres connected by dashed lines indicate residues forming an
allosteric network, a dynamic, non-covalent interaction path-
way that transmits conformational changes across domains.
This intramolecular network enables communication between
distant regions, allowing signals from the allosteric site to mod-
ulate activity at the active site and coordinate kinase function
across the full protein structure.

In disease contexts, such as CLL, dis-
ruption of this allosteric network con-
tributes to aberrant Lyn activation
[67]. Therapeutically, allosteric regu-
lation presents a promising opportu-
nity for kinase targeting. Unlike ATP-
competitive inhibitors, which fre-
quently bind conserved ATP pock-
ets and affect multiple kinases, al-
losteric inhibitors interact with less
conserved regions. This improves se-
lectivity, reduces toxicity, and allows
more precise modulation of signaling
pathways [31, 80]. Clinically approved
examples include trametinib, which
targets MEK1/2, and asciminib, an
ABL kinase allosteric inhibitor that
binds a site distinct from the ATP
pocket [81, 82]. Given the reliance
of Lyn on allosteric regulation, selec-
tively targeting its regulatory inter-
faces and intramolecular network con-
nectors offers a more precise therapeu-
tic strategy than conventional ATP-
competitive inhibitors such as dasa-
tinib. [49].

Exploring these mechanisms not only enhances understanding of Lyn kinase physiological
role in immune homeostasis but also informs the design of next-generation therapeutics
capable of selectively modulating kinase function.

1.4 Computational Approaches to Lyn Dynamics

Identifying allosteric sites remains a major challenge, particularly when such regions are
transient, conformationally masked, or poorly resolved in experimental structures. While
crystallography and cryo-electron microscopy have transformed structural biology, they
primarily capture static snapshots that often miss the dynamic flexibility essential for
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function. This limitation is especially relevant for multidomain kinases like Lyn, where
interdomain interactions and long-range allosteric coupling are inherently dynamic pro-
cesses. The absence of a complete full-length structure of Lyn further complicates con-
ventional structure-based analysis [58].

Homology modeling offers a valuable solution by enabling the construction of full-length
structural models, which can be further investigated using simulation-based techniques to
assess conformational stability, domain crosstalk, and potential allosteric sites. In partic-
ular, molecular dynamics (MD) simulations provide a powerful complementary approach
by tracking atomic motions over time and revealing dynamic features inaccessible to static
methods [83].

The power of MD lies in its ability to reveal hidden dynamic behaviors, transient confor-
mations, and communication pathways that are often invisible in crystallographic data.
For protein kinases, MD has been instrumental in uncovering alternative conformations
of the activation loop, DFG motif rearrangements, domain movements, and interactions
between regulatory elements such as the SH2 and SH3 domains [84]. In particular, MD
can capture rare but functionally critical events such as domain opening, allosteric pocket
formation, and interdomain uncoupling, which may serve as targets for selective inhibition
or modulation.

Analysis of the simulation data helps extract biologically meaningful patterns from high-
dimensional data. Statistical tools and structural metrics can quantify motions, identify
correlated fluctuations, and compare conformational states. In recent years, network-
based and machine learning (ML) approaches have further expanded the ability to inter-
pret complex dynamics and recognize regulatory features within large proteins [85]. An
overview of the integrated computational strategy is illustrated in Figure 1.7.

Simulating Lyn in apo, ligand-bound, and mutant forms reveals how perturbations prop-
agate across domains and alter functional states. Given these considerations, computa-
tional approaches, anchored by MD simulations and enriched by statistical and network-
based analyses, provide a powerful framework for studying protein kinase dynamics [86,
87].

As computational power and algorithmic sophistication continue to grow, these tools will
play an increasingly central role in both basic science and drug discovery efforts target-
ing complex, allosterically regulated enzymes like Lyn. Such insights not only advance
the fundamental understanding of kinase biology but also guide the rational design of
next-generation therapeutics that achieve selectivity through dynamic, allosteric modu-
lation. A detailed description of the computational methodologies employed in this work
is provided in Chapters 2 and 3.
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Figure 1.7: Conceptual overview of analysis strategies applied to molecular dynamics simulations.
The schematic outlines key computational approaches used to extract structural and dynamic information from
MD trajectories. These include classical structural metrics, statistical and correlation-based analyses, network
modeling of residue communication, and ML methods for state classification.

1.5 Knowledge Gap and Research Objectives

Despite decades of work on SFKs, key aspects of Lyn structure and regulation remain
poorly characterized. No experimentally determined structure exists for the full-length
protein, and available crystallographic data are limited to isolated domains that often lack
flexible loops and terminal segments, including the activation loop. These static models
fail to capture the coordinated structural changes required for transitions between active
and inactive states or to explain how regulatory domains influence the catalytic core. As
a result, the effects of ligand binding and disease-associated mutations on Lyn dynamic
behavior and interdomain coupling remain unresolved.
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Drug development strategies have traditionally targeted the conserved ATP-binding cleft
shared among protein kinases. However, achieving selectivity at this site remains a major
challenge, particularly within the Src family, due to the high structural similarity of
their ATP-binding pockets. As a result, limited attention has been given to the distinct
modular regulatory architecture of Lyn kinase or its therapeutic potential. Alternative
regulatory regions, including non-canonical binding pockets and interdomain interfaces,
have not been thoroughly characterized, yet they may offer a promising route for selective
modulation.

To address these unresolved questions, the study is guided by the following objectives:

1. To characterize how ligand binding and single-point mutations impact the confor-
mational dynamics of Lyn.

2. To identify long-range interdomain interactions and key residues that mediate al-
losteric regulation.

3. To develop a machine learning classifier that evaluates which structural and dynamic
features most effectively differentiate functional states.

Taken together, these aims are designed to enhance the understanding of structural flexi-
bility and allosteric communication in Lyn kinase. The integration of molecular dynamics
simulations, network-based analysis, and machine learning classification enables the iden-
tification of key structural and dynamic features that may support the development of
more selective strategies for modulating Lyn function than those targeting the conserved
ATP-binding site.
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Chapter 2

Molecular Dynamics Methodology for
the Study of Biomolecules

Nature! We are surrounded by her, we are embraced by her.
Powerless to separate ourselves from her, and powerless to

penetrate beyond her,
we are drawn into the circle of her dance, She speaks

unceasingly with us,
and betrays not her secret,

All things are she, and she in all things.

– Goethe (18th-century poet and philosopher)



Parameterization and Molecular Simulation Framework

Understanding biological macromolecules and their interactions requires methods capable
of describing both the electronic and atomic levels of organization. Biomolecules such as
proteins, nucleic acids, and their complexes display a remarkable range of structural flexi-
bility and chemical reactivity that cannot be captured by a single theoretical approach. To
comprehend how local chemical events, such as charge redistribution or hydrogen bond-
ing, influence large-scale conformational changes and biological function, it is essential to
combine frameworks that describe different physical scales of matter [88,89].

To overcome this challenge, quantum mechanics (QM) and molecular mechanics (MM)
are employed in a complementary manner, each addressing specific aspects of molecular
behavior. Their integration provides a conceptual foundation for modeling and simulating
complex biological systems with both accuracy and efficiency. Although the simulations in
this thesis are based entirely on classical MD, a theoretical overview of QM is included, as
its principles underpin the development of MM force fields and were essential for deriving
accurate partial charges for the ligand analyzed in later chapters.

Quantum Mechanics. QM provides an atomistic framework that explains how elec-
tron behavior shapes molecular properties through wave functions and discrete energy
levels. In this study, QM calculations were performed for the inhibitor dasatinib to ob-
tain an optimized geometry and electrostatic potential–derived atomic charges, which
were later incorporated into the MD framework. In this context, the properties of a
molecule, including its geometry, bonding pattern, dipole moment, and reactivity, emerge
from solving the Schrödinger equation, which defines the allowed energy levels of the
system:

ĤΨ = EΨ (2.1)

Here, Ĥ is the Hamiltonian operator representing the total energy of the system, Ψ is the
electronic wave function, and E is the energy eigenvalue. Because exact solutions are pos-
sible only for small systems, practical quantum chemical methods rely on approximations
that balance accuracy and computational efficiency [90].

Among these, density functional theory (DFT) is one of the most widely used approaches
for molecular systems. DFT replaces the complex many-electron wave function with the
electron density ρ(r), allowing efficient evaluation of total energy while incorporating
electron correlation effects. The total electronic energy can be expressed as:

E[ρ] = T [ρ] + Vne[ρ] + J [ρ] + Exc[ρ] (2.2)
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where T [ρ] is the kinetic energy, Vne[ρ] is the electron–nuclear attraction, J [ρ] is the
classical electron–electron repulsion, and Exc[ρ] is the exchange–correlation functional.
This energy functional combines contributions from kinetic, electron–nuclear, Coulomb,
and exchange–correlation interactions. Because the exact form of Exc[ρ] is unknown,
approximate functionals must be used to make DFT practically applicable.

Hybrid functionals such as B3LYP combine Hartree–Fock exchange with DFT correlation
terms, producing reliable results for organic and biological molecules [91]. DFT is widely
used to compute partial charges and optimized geometries for small-molecule ligands,
which are required when integrating such molecules into classical force fields. The choice
of basis set, such as 6-31G(d), determines the level of mathematical detail in representing
atomic orbitals. Because most biological processes occur in aqueous environments, sol-
vation effects are often modeled implicitly using the Solvation Model based on Density
(SMD), which treats the solvent as a polarizable continuum surrounding the solute. The
choice of basis set influences the accuracy of computed electrostatic potentials, and there-
fore affects the quality of charge models embedded in MD [92]. Here, the B3LYP hybrid
functional, the 6-31G(d) basis set, and the SMD solvation model were chosen to provide a
reliable balance between accuracy and computational efficiency in deriving partial charges
for the ligand.

These quantum-mechanical principles form the physical basis of classical force fields, which
approximate the underlying electronic interactions using simplified empirical potentials.
Next, MM formalisms are introduced, which serve as the core of classical biomolecular
simulations.

Molecular Mechanics. While QM achieves high accuracy, its computational cost in-
creases rapidly with system size. MM provides an efficient alternative for studying large
biomolecular systems by describing them with classical physics. Atoms are treated as
small spheres connected by springs that represent chemical bonds, and molecular en-
ergy is calculated from potential functions based on experimental data and quantum
results [93, 94].

In MM, the potential energy of a molecular system is calculated as the sum of bonded
and nonbonded interactions. Bonded terms include bond stretching, angle bending, and
torsional rotations, while nonbonded terms account for van der Waals and electrostatic
interactions between atoms that are not directly bonded. These components together
define the approximate potential energy surface that governs atomic interactions and
forms the foundation for biomolecular simulations [95]. A more detailed formulation of
the energy function used in this work is presented in the section titled Force Field Models
for Biomolecular Systems.

MM can be used to minimize the energy of a structure or to compare the stability of
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different conformations. Energy minimization yields a static structure on the potential
energy surface, which also serves as the foundation for all subsequent molecular dynamics
simulations. It allows efficient modeling of large proteins, nucleic acids, and membranes,
and helps explore flexibility, folding, and molecular interactions at scales that are not
accessible to QM. In this study, force field parameters for the protein and solvent were
taken from established parameter sets used in biomolecular simulations (e.g., CHARMM),
while ligand parameters were supplemented with atomic charges derived from QM calcu-
lations.MM provides the potential energy surface that underlies MD simulations, enabling
the exploration of system behavior beyond static structures.

2.1 Molecular Dynamics

MD extends MM by adding the dimension of time to the description of molecular systems.
It uses the potential energy surface defined by the force field to compute interatomic forces
and applies the second law of Newton to determine atomic motion [96]. The motion of
each atom is described by the classical equations of motion based on the second law of
Newton:

Fi = miai = −∂U
∂ri

(2.3)

where Fi is the force acting on atom i, mi is its mass, ai is its acceleration, and U is
the potential energy obtained from MM. These forces are computed from empirical force
fields which provide parameters for bonded and nonbonded interactions [97]. The resulting
equations of motion are solved iteratively using numerical integration algorithms such as
velocity Verlet and leapfrog, which updates the positions and velocities of atoms over very
short time steps, typically on the order of one to two femtoseconds. By repeating these
calculations for millions of steps, MD generates a time-dependent trajectory that describes
how all atoms in the system move and interact under realistic physical conditions [98].

To maintain stability and reproduce the desired thermodynamic ensemble, simulations
are usually performed at constant temperature and pressure, controlled by coupling al-
gorithms such as thermostats and barostats. From the resulting trajectories, one can
observe molecular motions, domain rearrangements, and conformational transitions that
are essential for understanding protein flexibility and function. These simulations also
allow the calculation of dynamic properties such as diffusion coefficients, hydrogen bond
lifetimes, and conformational free energy changes, linking atomic-level motions to macro-
scopic observables [89].

The major strength of MD lies in its ability to bridge structure and function. It reveals how
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interactions between atoms, driven by forces derived from the potential energy surface,
lead to collective structural changes over time. For proteins, this includes domain motion,
allosteric signaling, and the dynamic stabilization of ligand binding events. Through these
simulations, the temporal evolution of biomolecules can be studied at an atomistic level
with realistic environmental effects, including explicit solvent and ions, which are essential
for capturing biologically relevant behavior [94,98].

The schematic illustration in Figure 2.1 summarizes the overall concept of the multiscale
modeling strategy. In this schematic representation, the ligand is treated with QM to
obtain accurate atomic parameters, which are then incorporated into the MD simulation
using MM. This integration of QM precision with MM and MD efficiency provides the
conceptual foundation for realistic atomistic simulations of biomolecular systems [99].

Ligand 
with QM-derived 

parameters

MM-treated MD 
simulations

Figure 2.1: Schematic representation of a multiscale molecular simulation system. The figure il-
lustrates a protein system simulated in a fully solvated and ionized environment, reflecting biologically relevant
conditions. The ligand was parameterized using QM calculations for geometry optimization and charge assign-
ment. These QM-derived parameters were then incorporated into the MM framework to enable efficient MD
simulations.

In this study, MD simulations were performed using the GROMACS 2022.4 software
package [100], which provides an efficient and widely validated framework for simulat-
ing biomolecular systems. The key parameters and methodological choices applied in
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GROMACS for the present work are described in the following subsections.

2.1.1 Force Field Models for Biomolecular Systems

The reliability of MD simulations depends critically on the accuracy of the force field used
to describe atomic interactions. A force field defines how the potential energy of a molecu-
lar system varies with the positions of all atoms and provides the mathematical framework
for calculating the forces that drive motion during simulation [93, 94]. Each force field
consists of mathematical functions and parameter sets derived from experimental data
and high-level QM calculations.

Although the potential energy function is based on MM principles, its use in MD requires
carefully developed and validated parameters to reproduce realistic physical behavior.
Several widely used biomolecular force fields exist, each built on similar physical princi-
ples but tuned differently to achieve the best balance between accuracy, transferability,
and computational efficiency. For example, AMBER [101] and CHARMM [94] are op-
timized mainly for proteins and nucleic acids, while OPLS [102] is designed for small
organic molecules and condensed-phase systems. GROMOS [103] emphasizes compatibil-
ity with experimental thermodynamic data and is often used for simulations in solution.
Together, these force fields provide the practical foundation for most atomistic simulations
in structural biology [93,95].

In this work, the CHARMM36 all-atom additive force field was employed to describe pro-
teins, ligands, and solvent molecules. CHARMM36 has been extensively optimized and
validated for a wide range of biological systems, offering accurate treatment of bonded and
nonbonded interactions [94]. Its parameters are derived from high-level QM calculations
and experimental data to reproduce both bonded and non-bonded interaction energies
with high accuracy. This force field is fully compatible with the TIP3P water model and
includes parameter sets for ions, enabling faithful reproduction of solvated protein–ligand
systems under physiological conditions. Partial atomic charges for the ligand were gener-
ated from QM electrostatic potential fitting and were incorporated into the CHARMM36
framework following the standard ligand parameterization protocol.

The CHARMM36 force field follows the general MM functional form but includes addi-
tional terms, such as improper dihedrals and refined Lennard–Jones parameters, to better
reproduce experimental geometries and interaction energies. Its total potential energy is
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given by:
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∑
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Compared with the general MM expression, CHARMM introduces two additional terms.
The improper dihedral term, kω(ω−ω0)

2, is used to preserve planarity in peptide bonds and
aromatic rings. The nonbonded term uses the parameters Rmin,ij and ϵij to define van der
Waals interactions more precisely, ensuring an accurate balance between attraction and
repulsion. These refinements improve the structural stability and energetic consistency of
biomolecular simulations [104].

The quality of a force field determines how faithfully simulations reproduce molecular
structure, energetics, and motion. When parameters are well calibrated, the resulting
trajectories capture realistic conformational dynamics and allow direct comparison with
experimental observations, providing a reliable foundation for understanding biomolecular
mechanisms.

2.1.2 Optimization of Mg2+ Interaction Parameters

Classical force fields are parameterized using empirical and theoretical data to repro-
duce macroscopic thermodynamic properties, such as solvation free energies or hydra-
tion enthalpies, rather than microscopic coordination behavior. As a result, the default
nonbonded parameters for divalent cations can sometimes lead to unrealistic ion–ligand
distances or coordination numbers in MD simulations. This limitation arises because the
Lennard–Jones (LJ) potential used to describe van der Waals interactions is typically de-
rived from empirical combination rules that do not accurately capture specific ion–oxygen
interactions in biological systems [93,98].

In the case of magnesium ions, standard parameters often overestimate the interaction
strength with negatively charged residues or underestimate hydration shell stability. To
achieve more realistic coordination behavior, optimized LJ parameters have been de-
veloped based on high-level QM calculations and experimental solvation data [105, 106].
These revised parameters adjust the depth of the LJ potential well (ε) and the atomic size
parameter (σ) for Mg2+, allowing improved representation of ion–water and ion–protein
interactions.
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In this study, optimized parameters for Mg2+ were employed to ensure accurate modeling
of its first solvation shell and coordination geometry within the Lyn kinase systems. The
revised LJ terms reproduce the experimentally observed octahedral coordination with six
water or oxygen atoms and yield realistic Mg–O distances of approximately 2.0 Å. This
refinement enhances the physical realism of the simulated systems by maintaining proper
electrostatic balance and preserving the stability of the metal coordination environment
throughout the trajectory [107].

2.1.3 System Preparation and Equilibration

Periodic Boundary Conditions. In MD simulations, periodic boundary conditions
(PBC) are applied to make a small system behave as if it were part of an infinite en-
vironment. The simulation box is virtually repeated in all directions, so when an atom
leaves one side of the box, it reappears from the opposite side. This prevents artificial
edge effects and allows the system to mimic bulk behavior rather than behaving like an
isolated cluster (Figure 2.2).

Nonbonded interactions are computed within a defined cutoff distance using the minimum
image convention, which ensures that each atom interacts only with the closest periodic
image of every other atom. Long-range electrostatic interactions are handled using the
Ewald summation method, which separates the Coulomb potential into short- and long-
range components for efficient computation under PBC.

Figure 2.2: Illustration of periodic boundary condi-
tions using a rhombic dodecahedron simulation box.
The central unit (blue) is replicated in all directions, allowing
atoms to move continuously across boundaries and eliminating
artificial edge effects.

In practice, the Particle Mesh Ewald
(PME) algorithm is used to achieve
this efficiently while preserving accu-
racy [108,109]. Van der Waals interac-
tions are smoothly truncated accord-
ing to the force field parameters to
prevent energy discontinuities at the
cutoff distance. The simulation box
is constructed to be sufficiently large
to avoid nonphysical interactions be-
tween a solute and its own periodic
images. Under PBC, atoms that cross
a boundary continue their trajectory
seamlessly into the adjacent periodic
image, maintaining a continuous and
physically realistic representation of
molecular motion within a finite, pe-
riodically replicated system [110].
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Defining the Solvent Environment. Accurate representation of water is essential in
MD simulations, as it mediates hydrogen bonding, solvation, and electrostatic screening
in biomolecular systems. Solvent can be represented either explicitly, by modeling indi-
vidual water molecules, or implicitly, by treating the solvent as a continuous dielectric
medium. In this study, explicit solvent models were used, where water molecules are de-
scribed atomistically through parameterized potential functions. Because fully quantum
mechanical treatment of bulk water is computationally infeasible, empirical water mod-
els are employed to approximate its structural and dynamical properties through simple
functional forms.

Water models differ in the number of interaction sites, treatment of polarization, and
parameterization targets such as density, dielectric constant, or diffusion coefficient. The
most commonly used fixed-charge models include SPC [111], SPC/E [112], TIP3P [113],
TIP4P [114], and TIP5P [115], which represent water molecules with three, four, or five
interaction sites. These models define water geometry through bond lengths and angles,
while nonbonded interactions are represented using Lennard–Jones and Coulombic terms
centered on oxygen and hydrogen atoms or additional massless sites.

In this study, the TIP3P water model was used to solvate the simulation systems. TIP3P is
a three-site rigid model originally developed to reproduce the experimental liquid density
and heat of vaporization of water [116]. Despite its simplicity, it provides a good balance
between computational efficiency and realistic hydrogen-bonding behavior, which makes
it compatible with most biomolecular force fields, including CHARMM36.

Each water molecule in TIP3P consists of one LJ site on the oxygen atom and three
partial charges distributed over the oxygen and two hydrogens. The fixed O–H bond
length and H–O–H angle are maintained using constraint algorithms such as LINCS [117]
or SHAKE [118], ensuring numerical stability during MD integration. TIP3P reproduces
the key structural features of liquid water and allows accurate representation of solvation
dynamics, ion hydration, and protein–water interfaces within the CHARMM–GROMACS
framework.

Overall, the use of TIP3P water in combination with the CHARMM36 force field ensures
a consistent and well-validated physical model for simulating the solvated protein and
protein–ligand systems in this study.

System Equilibration. After system setup and solvation, MD simulations begin with
equilibration steps to relax the system and remove unfavorable contacts introduced during
preparation. In GROMACS, equilibration is performed in two main stages: constant vol-
ume (NVT) and constant pressure (NPT). These steps ensure that temperature, density,
and pressure reach stable values before the production simulation starts [119,120].
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In the first stage, the NVT ensemble (constant Number of particles, Volume, and Temper-
ature) is used to gradually bring the system to the target temperature. The simulation
box volume remains fixed while the thermostat controls the temperature by adjusting
atomic velocities. This step allows the solvent and solute to adapt to each other under
controlled thermal conditions, without fluctuations in system size. Common thermostats
used in GROMACS include the V-rescale (modified Berendsen) and Nosé–Hoover algo-
rithms, both providing smooth and stable temperature coupling across all atoms.

Once the system has reached the desired temperature, the equilibration continues un-
der the NPT ensemble (constant Number of particles, Pressure, and Temperature). In
this phase, both temperature and pressure are controlled simultaneously. The barostat
regulates the box dimensions to achieve the target pressure, ensuring that the system
density matches experimental conditions. The Parrinello–Rahman barostat is often used
in GROMACS for accurate pressure coupling, allowing anisotropic box fluctuations when
needed.

Throughout equilibration, positional restraints are typically applied to the heavy atoms
of the protein or ligand, allowing the solvent and ions to relax around a stable solute
structure. This avoids large deviations or structural distortions before the system is ther-
modynamically equilibrated. Temperature and pressure values are monitored to confirm
convergence before proceeding to the unrestrained production run [121].

Together, the NVT and NPT equilibration steps prepare the molecular system for reliable
production simulations by ensuring stable thermodynamic conditions consistent with the
chosen ensemble.

2.2 Analysis of Trajectories

In this study, MD trajectories were analyzed using a combination of GROMACS tools and
custom workflows in R Statistical Software (v4.4.1; R Core Team, 2021) [122]. These tools
were used to examine the structural and dynamic features of the simulated systems over
time. The most important analysis methods applied in this work are described below,
each focusing on a specific aspect of molecular behavior such as stability, flexibility, or
atomic-level changes during the simulation.

2.2.1 Structural Deviation and Fluctuation

Root Mean Square Deviation. Root mean square deviation (RMSD) is a widely
used metric for assessing the structural stability of biomolecules over time during MD
simulations. It measures the average positional deviation of the structure at a given time
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point relative to a reference structure, typically the initial conformation. RMSD allows
tracking of structural changes throughout the simulation and helps determine whether
the system achieves stability over time.

For a system with N atoms, the RMSD at time t is calculated as:

RMSD(t) =

√√√√ 1

N

N∑
i=1

∥∥r⃗i(t)− r⃗refi

∥∥2 (2.5)

where r⃗i(t) is the position vector of atom i at time t, and r⃗refi is the position of the same
atom in the reference structure.

By quantifying overall atomic displacements, RMSD helps compare the conformational
behavior of different systems and identify major structural shifts during the simulation.

Root Mean Square Fluctuation. Root mean square fluctuation (RMSF) is used to
evaluate the flexibility of individual atoms or residues throughout a MD simulation. While
RMSD measures global structural changes over time, RMSF focuses on local fluctuations,
providing insight into which regions of a biomolecule are more dynamic or stable.

For a given atom i, the RMSF is defined as:

RMSF(i) =

√√√√ 1

T

T∑
t=1

∥r⃗i(t)− ⟨r⃗i⟩∥2 (2.6)

where T is the total number of time frames, r⃗i(t) is the position of atom i at time t, and
⟨r⃗i⟩ is the average position of that atom over the simulation.

RMSF analysis highlights regions of high or low atomic mobility and is especially useful for
comparing the dynamic behavior of different residues or domains under varying simulation
conditions.

2.2.2 Interatomic Distance and Angle Calculations

Geometric measurements such as interatomic distances and bond angles are fundamen-
tal descriptors of structural dynamics in molecular simulations. They provide precise
information on how specific atomic relationships evolve over time and can reveal local
structural rearrangements that contribute to larger conformational transitions.

In this study, distances and angles were computed from MD trajectories using GRO-
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MACS analysis tools. Distance analysis enables monitoring of key interactions such as
hydrogen bonds, salt bridges, or metal coordination, while angle measurements capture
geometric variations in backbone or side-chain orientations. Together, these parameters
offer detailed insight into local conformational changes, ligand-induced rearrangements,
and coordination stability within binding or catalytic regions.

2.2.3 Cluster Analysis

Cluster analysis is used to identify groups of similar conformations sampled during the
simulation based on structural similarity. By comparing the backbone RMSD between
frames, the trajectory can be partitioned into clusters, each representing a distinct con-
formational state. This approach simplifies the complex conformational landscape and
allows for the identification of dominant structural patterns.

In this study, clustering was performed using the partitioning around medoids (PAM)
algorithm [123]. PAM is a robust alternative to centroid-based methods such as k-means.
Instead of using abstract centroids, PAM selects actual trajectory frames, called medoids,
as representatives of each cluster. The algorithm works by first selecting an initial set of
medoids and then iteratively refining them to minimize the total dissimilarity between
all points in a cluster and their corresponding medoid. Dissimilarity was measured us-
ing pairwise backbone RMSD, ensuring that clustering reflected meaningful structural
differences.

This method is particularly interpretable, as each cluster is represented by an actual
trajectory frame rather than an abstract structural average, allowing direct examination
of representative conformations. It also avoids sensitivity to outliers and non-Euclidean
distance metrics, making it particularly suitable for analyzing protein structures.

To evaluate the quality of the clustering, silhouette coefficients were calculated [124]. For
each trajectory frame i, the silhouette score is defined as:

s(i) =
b(i)− a(i)

max{a(i), b(i)}
(2.7)

where a(i) is the average RMSD between i and all other points within the same cluster,
and b(i) is the minimum average RMSD between i and all points in the closest neighboring
cluster. The silhouette value ranges from −1 to 1. A value close to 1 indicates that the
point is well matched to its own cluster and distinctly separated from neighboring clusters.
Values near 0 suggest that the point lies at the boundary between two clusters and may
not be strongly associated with either. Negative values indicate that the point may have
been assigned to the wrong cluster, showing stronger similarity to a different group.
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Silhouette analysis was used to guide the choice of the optimal number of clusters and
to confirm the separation between distinct conformational states. This combination of
RMSD-based clustering and silhouette evaluation provides a compact and interpretable
summary of the structural diversity sampled during the simulation.

2.2.4 Catalytic Site Geometry and Stability

Binding Pocket Surface Area. The size of the ligand binding pocket was estimated by
calculating the solvent-accessible surface area (SASA) of the ligand-surrounding region.
This metric provides a quantitative measure of how exposed the binding site is to the
solvent, offering insight into pocket compaction or expansion under different simulation
conditions.

SASA quantifies the surface area of a molecule that is accessible to a solvent probe,
typically represented by a rolling sphere of a given radius. It is computed by tracing the
surface formed by the probe as it rolls over the van der Waals surface of the atoms. For
a system of N atoms, the total SASA is given by:

SASA =
N∑
i=1

Ai (2.8)

where Ai is the solvent-accessible area of atom i, taking into account its radius and the
occlusion caused by neighboring atoms.

In this study, the SASA of the ligand-defined region was used as an approximation of
pocket surface area. Changes in SASA values across systems reflect variations in pocket
openness and help characterize structural effects induced by mutations or ligand binding.

Binding free energy estimation. Binding free energy estimation provides a compar-
ative measure of the interaction strength between a protein and its ligand. In this study,
the molecular mechanics Poisson–Boltzmann surface area (MM/PBSA) method was used
to calculate the energy of binding from MD trajectories.

MM/PBSA is a post-processing approach that combines MM energy terms with solvation
contributions to approximate the free energy difference between bound and unbound
states. It is particularly useful for comparing relative binding affinities across different
systems without requiring extensive sampling of the unbound protein or ligand. However,
it generally neglects entropic contributions and is therefore limited to estimating relative
rather than absolute binding free energies. More rigorous approaches, such as alchemical
free energy methods, are required for accurate absolute binding calculations.
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The binding free energy ∆Gbind is estimated using the equation:

∆Gbind = ⟨Ecomplex⟩ − (⟨Eprotein⟩+ ⟨Eligand⟩) (2.9)

where ⟨E⟩ denotes the average free energy of each component. Each term is computed
as the sum of MM energies (bonded, electrostatic, and van der Waals interactions) and
solvation energies (polar and nonpolar contributions).

Although MM/PBSA does not fully account for entropic effects, it offers a practical and
widely used framework for estimating relative binding strengths. In this work, MM/PBSA
helped assess how mutations or ligand differences influence binding energetics across sys-
tems.

Mg2+ Coordination Analysis. Coordination analysis of metal ions such as Mg2+

provides a detailed view of how these ions interact with their surrounding environment
throughout an MD simulation. This technique involves identifying and monitoring the
atoms, typically electronegative atoms such as oxygen, that remain within a defined cutoff
distance from the ion over time.

By examining the frequency and stability of coordinating atoms or molecules, this ap-
proach helps characterize the dynamic coordination number and the geometry of the
coordination shell. It can reveal how the presence of ligands or mutations influences
ion binding and whether key coordination patterns are preserved or altered during the
simulation. In particular, Mg2+ coordination analysis is useful for evaluating structural
or catalytic roles of metal ions and for detecting changes in ion–protein or ion–solvent
interactions that may affect the functional behavior of the system.

2.2.5 Principal Component Analysis

Principal component analysis (PCA) is a dimensionality reduction technique used to iden-
tify dominant collective motions within molecular dynamics trajectories. It simplifies the
complex atomic displacements of a biomolecular system by transforming them into a new
set of orthogonal coordinates that describe the principal directions of motion. Each di-
rection, or principal component, corresponds to an eigenvector of the covariance matrix,
and its amplitude is given by the corresponding eigenvalue, which represents the variance
along that mode.

The method is based on constructing the covariance matrix of atomic positional fluctua-
tions. For a system with N atoms, the covariance matrix C is defined as:
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Cij = ⟨(xi − ⟨xi⟩)(xj − ⟨xj⟩)⟩ (2.10)

where xi and xj are the Cartesian coordinates of atoms i and j, and the angle brackets
denote time averages over the trajectory. Diagonalization of C yields a set of eigenvectors
and eigenvalues according to:

Cv⃗k = λkv⃗k (2.11)

Here, v⃗k represents the k-th eigenvector (the principal mode of motion), and λk is the cor-
responding eigenvalue, which quantifies the magnitude of variance captured by that mode.
The first few eigenvectors typically describe the largest and most collective conformational
changes, while higher-order modes capture localized or less significant fluctuations.

The atomic motions along each principal component can be visualized by projecting the
trajectory onto the corresponding eigenvector, expressed as:

pk(t) =
∑
i

v⃗k,i · (xi(t)− ⟨xi⟩) (2.12)

where pk(t) is the projection value of frame t along the k-th principal component. This
projection enables visualization of conformational transitions and quantification of the
contribution of each mode to the overall motion.

In this study, PCA was applied to the positional fluctuations of the Cα atoms of protein
to characterize large-scale domain rearrangements and to compare the dominant mo-
tions across systems. The first principal component were used to represent the essential
subspace of motion and to visualize conformational distributions in reduced dimensional
space.

2.2.6 Dynamical Cross-Correlation Analysis

Dynamical cross-correlation analysis is a widely used technique for quantifying how atomic
motions are correlated during a molecular dynamics simulation. It provides a residue-
residue level view of how different parts of a protein move in relation to one another over
time, helping to identify regions that move cooperatively or in opposite directions.

For a pair of atoms i and j, the correlation coefficient Cij is defined as:

Cij =
⟨∆r⃗i ·∆r⃗j⟩√

⟨∥∆r⃗i∥2⟩⟨∥∆r⃗j∥2⟩
(2.13)
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where ∆r⃗i = r⃗i(t)− ⟨r⃗i⟩ is the fluctuation of atom i from its average position over time,
and similarly for atom j. The value of Cij ranges from −1 to +1, where: +1 indicates
perfectly correlated motion (moving in the same direction), −1 indicates perfectly anti-
correlated motion (moving in opposite directions), and values near 0 indicate uncorrelated
movement.

The matrix of these pairwise correlation values, known as the dynamical cross-correlation
matrix (DCCM), can be visualized as a heatmap, revealing coordinated dynamic patterns
across the protein. Positive correlations often reflect domains or secondary structure
elements that move together, while negative correlations may suggest opposing motions.

DCCM analysis helps uncover functionally relevant coupling between distant regions of
the protein and provides insight into how ligand binding or mutations can reshape long-
range communication pathways.

2.2.7 Interdomain Interface Analysis

To identify residues involved in domain–domain interactions, interface analysis was per-
formed by evaluating changes in SASA. This approach estimates the extent to which the
surface of each residue becomes buried when two protein domains associate to form an
interface.

The method compares the total SASA of the isolated domains with that of the full com-
plex. When two domains interact, portions of their surfaces become shielded from solvent,
and this buried surface area is quantified as:

∆SASA =
∑
i∈D1

SASAi +
∑
j∈D2

SASAj −
∑

k∈D1+2

SASAk (2.14)

where SASAi and SASAj denote the solvent-accessible surface areas of atoms or residues
in domain 1 and domain 2, respectively, calculated in isolation. SASAk represents the
corresponding values when the two domains are present together in the full complex (i.e.,
D1+2). The summations are typically performed at the residue level, although atom-level
resolution can also be used.

The difference ∆SASA reflects the total surface area buried upon domain association. To
localize interface regions, the per-residue change in SASA is computed by subtracting the
SASA of each residue in the complex from its value in the isolated domain. Residues
exhibiting a reduction in solvent exposure greater than a defined threshold (commonly
1.0Å2) are classified as interface residues. This analysis enables the identification of
contact surfaces and reveals structural coupling between distinct regions of the protein.
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Chapter Summary

This chapter presented the computational framework used to investigate the conforma-
tional dynamics of full-length Lyn kinase. Beginning with the theoretical foundations of
quantum and molecular mechanics, the chapter outlined a multiscale strategy for ligand
parameterization and classical MD simulations. Key methodological components, includ-
ing force field selection, system setup, system equilibration, and trajectory analysis, were
described in detail. Together, these approaches establish a robust and reproducible plat-
form for exploring conformational changes, interdomain communication, and allosteric
regulation. In Chapters 4 and 5, this simulation framework is employed to examine how
ligand binding and cancer-associated mutations influence the dynamic behavior of full-
length Lyn kinase and to distinguish the underlying allosteric communication networks
and regulatory connectors.
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Chapter 3

Machine Learning Concepts and
Methods for Structural Biology

You are as water, flowing quietly through the veins of
the earth, unseen, yet sculpting the world into form.
Each drop carries a secret from the hidden realm,

each ripple a whisper of silent wisdom.
Though your journey leaves no trace on the surface,

its echo lingers forever in the soul of existence.

– Sohrab Sepehri (19th-century poet and painter)



3.1 Machine Learning In Structural Biology

Machine learning (ML) has become an important tool in structural biology, particularly
for understanding how biomolecules change shape, interact, and transition between con-
formational ensembles. In recent years, ML has advanced many areas of structural biology,
including protein structure prediction, identification of functional sites, and characteriza-
tion of conformational ensembles [125–127].

ML is especially valuable for analyzing structural and dynamic data from MD simula-
tions, which produce thousands of frames capturing the time-resolved motion of atoms in
a protein [128]. Each frame can be described by structural features such as interatomic
distances, backbone angles, local environments, or domain-level movements. ML mod-
els can detect patterns in these features that correlate with conformational ensembles,
even when such patterns are subtle or dispersed across the structure [129]. This is par-
ticularly important in allosteric systems, where local perturbations can influence distant
regions through long-range communication. By learning how structural features differ
between conformational ensembles, ML can help uncover the molecular determinants of
conformational switching and signal propagation [130,131].

In this study, structural features refer to quantitative measurements extracted from each
MD frame, including interatomic and interdomain distances and backbone angles. These
features encode key aspects of protein conformation in a form suitable for ML-based
classification. As MD datasets continue to grow through longer simulations and improved
sampling techniques, ML offers a scalable and efficient strategy to identify patterns linked
to function.

ML approaches are generally divided into three main categories: supervised learning
(learning from labeled data) [132], unsupervised learning (discovering hidden patterns
in unlabeled data) [133], and reinforcement learning (optimizing decisions through trial
and error guided by rewards) [134]. Each of these paradigms has found applications in
structural biology. Unsupervised learning is often used to cluster conformational states
from simulations or identify intrinsic structural variability in cryo-EM maps. Reinforce-
ment learning has been explored for tasks such as protein folding or optimizing molecular
docking strategies. However, supervised learning remains the most commonly applied
approach when a reference annotation is available. In this work, supervised classification
was used to analyze MD-derived features of Lyn kinase and to uncover patterns associ-
ated with functionally relevant conformational changes. The next section introduces the
classification framework applied in this study.
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3.2 Supervised Classification Learning

Supervised classification involves training a model to map input data to predefined cate-
gories using labeled examples. This requires constructing a dataset in which each sample
is represented by a structured set of features and paired with a corresponding class la-
bel. The model is trained to recognize statistical patterns that distinguish one class from
another and is then used to classify new, unlabeled data.

In a typical classification task, each input frame is described by a set of features xj =

(xj1, xj2, . . . , xjd), where d is the number of features and j indexes the frames. The
associated label yj is drawn from a discrete set of categories C = active-like, inactive-like.
The training dataset can be expressed as:

X = (x1, y1), (x2, y2), . . . , (xn, yn), (3.1)

where n is the total number of labeled frames. The goal of the classification algorithm is
to learn a function f(x) that can accurately assign labels to new, unseen inputs.

Supervised classifiers typically operate in two stages: a training phase, in which the
model learns patterns by minimizing classification error over the training data, and a
prediction phase, in which the trained model is applied to new samples. Model perfor-
mance is evaluated using cross-validation or independent test data, with metrics such as
accuracy, precision, recall, and area under the ROC curve (AUC), which are described in
a later section. Importantly, in the context of structural biology, model interpretability
plays a crucial role. Many classifiers, including decision tree–based methods, offer fea-
ture importance scores that indicate how strongly each input variable contributes to the
classification decision. These scores are especially valuable when the features represent
biologically meaningful quantities.

A variety of classification algorithms are available for this purpose, including Support
Vector Machines (SVM) [135], k-Nearest Neighbors (kNN) [136], and ensemble-based
approaches such as Random Forest (RF) [137]. In this work, Random Forest was selected
due to its robustness, ability to handle correlated features, and strong generalization
performance on moderate-sized datasets. Moreover, its capacity to generate interpretable
feature importance profiles makes it well-suited for biological applications. The next
section details the Random Forest implementation and its application to MD-derived
structural data.
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3.2.1 Random Forest Classifier

RF is a supervised learning algorithm that constructs an ensemble of decision trees during
training and combines their predictions to make a final decision [137]. Each decision tree
is trained on a randomly selected subset of the data and considers a random subset of
features when evaluating split decisions. This internal variability improves generalization
and reduces overfitting by introducing diversity across trees.

RF is particularly well-suited for analyzing MD data due to several key advantages. First,
it handles heterogeneous features without assumptions about their distributions or scales,
which is important when combining structural features such as distances, angles, and
domain-level motions. Second, RF is robust to feature collinearity, a common occurrence
in MD datasets where multiple descriptors may capture overlapping aspects of protein
motion. Third, the algorithm supports non-linear decision boundaries, which allows it
to capture complex structure–function relationships that may not be linearly separable.
Finally, RF provides interpretable feature importance scores based on impurity reduction,
enabling direct insight into which structural features best differentiate between conforma-
tional ensembles.

In this study, RF was applied not to create a predictive model for deployment, but to
evaluate which structural features derived from MD trajectories contribute most strongly
to distinguishing protein conformations. This supports the broader goal of identifying
mechanistic indicators of long-range allosteric coupling and dynamic switching.

An additional practical advantage of RF is that it does not require feature scaling or
normalization. Tree-based methods are invariant to monotonic transformations of input
features, making them particularly convenient for mixed-unit or non-standardized struc-
tural descriptors commonly encountered in MD analysis.

RF operates by aggregating the predictions of multiple decision trees. In the case of
classification, each tree produces a class label, and the final output is determined by
majority voting:

ŷ = majority_vote (h1(x), h2(x), . . . , hT (x)) (3.2)

Here, ŷ is the predicted class label for an input feature set x, each ht(x) denotes the
prediction from the tth tree, and T is the total number of trees in the forest [138]. This
ensemble strategy reduces overfitting and improves the model’s generalization ability.

Impurity-Based Splitting. Each decision tree in the forest is grown by recursively
partitioning the data based on the feature that yields the greatest reduction in class
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impurity at each node. A common impurity measure is the Gini impurity, defined as:

G = 1−
C∑
i=1

p2i (3.3)

where C is the number of classes and pi is the proportion of frames assigned to class i at
the node. The best split is selected to maximize the impurity decrease:

∆i = i(parent)−
(nL

n
i(left) +

nR

n
i(right)

)
(3.4)

where nL and nR are the number of frames in the left and right child nodes, and n is the
total number of frames in the parent node [139].

Feature Importance. RF enables quantification of feature importance by measuring
the cumulative impurity reduction associated with each feature across all decision trees:

Importance(fj) =
T∑
t=1

∑
s∈St

j

∆is (3.5)

Here, St
j denotes the set of all nodes in tree t where feature fj is used for splitting,

and ∆is is the impurity reduction achieved at split s [140]. This ability to trace feature
contributions enables mapping of functional differences to specific structural changes, in
line with the broader goal of understanding molecular determinants of conformational
ensembles.

Applying Random Forest to MD Derived Features. Structural features were ex-
tracted from MD trajectories of full-length Lyn kinase based on mechanistic relevance.
These features include interatomic distances within the catalytic site, distances between
regulatory domains, interdomain angles, and geometric descriptors of the ATP-binding
cleft conformation. Each feature was computed for every simulation frame, resulting in
a time-resolved dataset that captures the conformational behavior of the protein under
different conditions.

These features were chosen to reflect known or hypothesized aspects of allosteric regula-
tion. For example, changes in the angle between domains may indicate shifts in compact-
ness or accessibility, while specific interresidue distances can report on the formation or
disruption of salt bridges and hydrogen bonds critical for catalytic function. By quan-
tifying these structural relationships across the trajectory, a functional fingerprint was
obtained for each frame that reflects its underlying structural conformation.
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In RF, each tree is trained on a random subset of the training data and selects feature-
based thresholds that split the data to maximize class separation. At each decision node,
the algorithm chooses the feature and threshold that most reduces class impurity (often
measured by the Gini index). Because each tree sees slightly different data and selects
different splitting criteria, the final model represents an average over many diverse hy-
potheses. This ensemble strategy enhances generalization and reduces overfitting.

Importantly, RF offers a way to quantify the relative importance of each feature in driving
the classification. This is achieved by measuring how much each feature contributes to
impurity reduction across all trees and nodes where it is used. Features that consistently
help split the data into more homogenous classes are assigned higher importance scores.
In this context, the goal is to identify which structural features most effectively distinguish
active-like from inactive-like conformations.

Such insights are critical in the context of allostery. Through the identification of features
influencing conformational classification, insight is gained into the structural determinants
that may mediate long-range communication between regulatory and catalytic domains.
This helps bridge the gap between dynamic motion and functional output. Moreover,
identifying dominant features provides potential targets for mutational studies or allosteric
drug design, allowing specific structural elements to be perturbed in a controlled manner.
In this way, supervised ML not only classifies protein states but also enhances mechanistic
understanding of allosteric regulation through data-driven structural analysis.

3.2.2 Performance evaluation

The discriminative performance of the RF classifier was evaluated using several standard
classification metrics. These metrics quantify the quality of classification by comparing
the predicted and actual labels across all MD frames in the test set [141].

The accuracy is the proportion of total correct predictions and is calculated as:

Accuracy =
TP + TN

TP + TN + FP + FN
(3.6)

where TP is true positives, TN is true negatives, FP is false positives, and FN is false
negatives.

The precision measures how many of the predicted positive (e.g., active-like) frames were
actually correct:

Precision =
TP

TP + FP
(3.7)

The recall (also known as sensitivity or true positive rate) reflects how many of the actual
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positive frames were correctly identified:

Recall =
TP

TP + FN
(3.8)

The F1-score is the harmonic mean of precision and recall, balancing both metrics:

F1-score = 2× Precision × Recall
Precision + Recall

(3.9)

To evaluate the model across all possible classification thresholds, the receiver operat-
ing characteristic (ROC) curve was also generated [142], which depicts the relationship
between the true positive rate (recall) and the false positive rate:

False Positive Rate (FPR) =
FP

FP + TN
(3.10)

The AUC summarizes the ability of the classifier to distinguish between the two classes
across all thresholds. AUC values close to 1.0 indicate excellent classification performance,
while a value of 0.5 corresponds to random guessing.

In addition to these metrics, the Matthews Correlation Coefficient (MCC) was also com-
puted, as it is a robust and informative metric particularly well-suited for binary classifi-
cation with imbalanced class distributions. Unlike accuracy or F1-score, the MCC takes
into account all four categories of the confusion matrix (TP, TN, FP, FN) and provides a
single score that reflects the overall quality of the classification:

MCC =
(TP × TN)− (FP × FN)√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(3.11)

The MCC ranges from −1 to +1, where +1 indicates perfect classification, 0 corresponds
to no better than random, and −1 indicates total disagreement between prediction and
observation. Due to its balanced nature, even when class sizes differ, the MCC is con-
sidered one of the most reliable indicators of a model’s predictive power in real-world
biological data.

Together, these evaluation metrics provide a comprehensive quantitative picture of the
classification ability of the RF model, highlighting its capacity to correctly and consis-
tently distinguish between the two conformational ensembles based solely on MD-derived
structural descriptors.
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3.2.3 Dealing with Imbalanced Data

A common issue in supervised learning is class imbalance, where one category appears far
more frequently than the other in the dataset. This can cause a model to become biased
toward the majority class, resulting in high overall accuracy but poor performance on the
minority class [143].

In MD-derived datasets, class imbalance often arises when the simulation samples one
conformational state more extensively than others. This occurs either due to the intrinsic
equilibrium behavior of the system or the design of the simulations. In this case, a larger
number of trajectories represent inactive-like conformations, leading to an imbalance be-
tween conformational ensembles. If left unaddressed, this imbalance can reduce the ability
of the model to recognize structural features specific to the less frequent state.

To mitigate this, the Synthetic Minority Oversampling Technique (SMOTE) [144] was
applied only to the training data, ensuring that no synthetic examples were introduced
into the test set. SMOTE generates new data points for the minority class by interpolating
between existing ones. Given a frame xi from the minority class and one of its k nearest
neighbors xzi, SMOTE creates a synthetic point xnew as follows:

xnew = xi+ λ · (xzi− xi) (3.12)

Here, λ is a random number drawn uniformly from the interval [0, 1]. By interpolating
between existing minority frames, SMOTE enriches the underrepresented region of feature
space without duplicating data. This helps the model learn a more balanced decision
boundary.

To ensure stability and minimize sampling bias, all model training was performed with
cross-validation. This allowed each fold to benefit from balanced training while preserving
an unbiased evaluation set.

Chapter Summary

In this chapter, an ML framework was presented for the classification of MD-derived
conformations of Lyn kinase and the identification of structural features associated with
its conformational ensembles. The supervised classification approach, implemented us-
ing an RF algorithm, enabled both accurate frame-level labeling and the extraction of
biologically meaningful feature importance scores. These insights support the broader
aim of understanding allosteric regulation through dynamic structural relationships. This
framework is further applied in Chapter 6 to evaluate how specific geometric descriptors
contribute to distinguishing active-like and inactive-like Lyn conformations. The top-
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ranked features identified through this analysis provide a structural basis for interpreting
conformational shifts in full-length Lyn kinase.

42



Chapter 4

Conformational Landscape and
Dynamic Stability of Full-Length Lyn

Kinase

A body in motion
reveals the hidden harmony of the cosmos,

a silent music that binds the stars and atoms alike.
Even the smallest shift carries meaning,
echoing through the vastness of being.

– Tusi (13th-century polymath and astronomer)



4.1 Introduction

Protein kinases function as dynamic molecular switches, with activity regulated by con-
formational changes and domain-level interactions [145]. In multidomain kinases such as
Lyn, structural flexibility and coordinated motion between regulatory and catalytic do-
mains are essential for effective signal transduction [146]. These conformational dynamics
underlie transitions between inactive and active conformations and determine how ligands
or mutations influence the enzyme regulatory architecture [147].

Static structures provide only snapshots of specific conformations and often fail to capture
the full range of motions that govern kinase function [148]. In contrast, the dynamic
ensemble of conformations sampled by a protein reveals how flexibility, domain coupling,
and long-range communication contribute to regulation [149]. This dynamic perspective
is particularly important for full-length Lyn kinase, where regulatory control depends
on subtle changes in domain orientation, activation loop positioning, and the spatial
arrangement of allosteric centers [150].

Building on the structural and regulatory framework presented in Chapter 1, this chapter
examines the dynamic behavior of Lyn kinase through a computational strategy that links
conformational dynamics to regulatory mechanisms. Alongside the apo form, ATP-bound
and dasatinib-bound systems were analyzed to assess how ligand binding alters flexibility
and interdomain coordination. Dasatinib, a broad-spectrum ATP-competitive inhibitor
originally developed for BCR-ABL, also binds several SFKs, including Lyn, with high
affinity and has been shown to modulate their conformational ensemble [151,152].

To further dissect the role of specific residues in modulating Lyn kinase behavior, clini-
cally observed cancer-associated mutations were investigated in both apo and ATP-bound
contexts. These mutations can perturb conformational dynamics, resulting in altered
flexibility, domain stability, and shifts in the conformational ensemble. In kinases, such
mutations may stabilize inactive or active forms, interfere with ligand binding, or disrupt
spatial coordination among regulatory elements [153–155].

This chapter begins with the structural modeling and domain-resolved stability assessment
of Lyn kinase systems, followed by an investigation of residue-level flexibility and dynamic
features. To capture large-scale conformational changes, principal component analysis is
applied to extract dominant motions. Finally, the impact of ligand binding on catalytic
site geometry is examined, and binding energetics are evaluated. Together, these analyses
provide a detailed view of Lyn conformational dynamics, directly addressing Aim 1 of
this study, to determine how ligand interactions and single-point mutations influence its
regulatory architecture.
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4.2 Computational Methods

Homology Modeling. A full-length model of human Lyn kinase (residues 60–502) was
constructed using comparative homology modeling with MODELLER [156]. Because a
complete experimental structure for Lyn is not available, high-resolution crystal structures
of closely related SFKs were selected as templates, and the canonical LYN A (p56lyn)
sequence was used for modeling. Specifically, the SH3 domain was modeled using human
Lyn (PDB ID: 6NMW) [157], the SH2 domain from mouse Lyn (PDB ID: 4TZI) [158], and
the SH1 domain was derived from the full-length human Hck structure (PDB ID: 5H0B)
[159], a close Src family homolog with high sequence identity and conserved regulatory
elements. These domain-specific templates were aligned to the human Lyn sequence, and
multiple models were generated. The model with the best statistical score was selected
for further assessment. The structure was validated using the ERRAT server [160], which
evaluates the overall quality of atomic interactions. For simulation, the selected model
was subjected to energy minimization using the steepest descent algorithm in GROMACS
2022.04 [100]. This step removed unfavorable contacts or artifacts and optimized the
geometry for downstream MD analysis.

Selection of Mutants. To identify biologically relevant mutations in Lyn kinase for
simulation, cBioPortal [161], a platform aggregating somatic mutation data from large-
scale cancer genomics studies, was queried. This search revealed four naturally occurring
missense mutations, E290D, E290K, I364L, and I364N, observed in multiple tumor types.
All four mutations affect conserved residues within the kinase domain.

To further evaluate their relevance, each mutation was analyzed using ProtVar [162]. This
platform integrates genomic and structural information from The Cancer Genome Atlas
(TCGA) [163], the Catalogue Of Somatic Mutations In Cancer (COSMIC) [164], UniProt
[165], and AlphaFold [166]. Structure-aware pathogenicity annotations were extracted
directly from ProtVar, which incorporates predictions from tools including PolyPhen [167],
CADD [168], AlphaMissense [169], and ESM 1b [170]. These mutations were consistently
identified as somatic and predicted to be functionally significant. Based on this evidence,
the four mutations were selected for MD simulations.

In addition, mutation of the conserved catalytic lysine in related tyrosine kinases abolishes
catalytic activity, reflecting the essential role of this residue in ATP binding and phospho-
transfer. This principle justifies the inclusion of the K275A mutant as a catalytic-inactive
reference in Lyn simulations [171, 172]. Together, this mutation set supports systematic
evaluation of both clinically observed and experimentally validated perturbations in Lyn
kinase.

Mutant Generation and Small Molecule Incorporation. Single-point mutations
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at residues I364 (I364L and I364N), E290 (E290D and E290K), and K275 (K275A) were
introduced into the full-length Lyn model using SCWRL4 program with default parameters
[173]. For ATP-bound systems, one ATP molecule and two Mg2+ ions were positioned
in the catalytic cleft by structural alignment to the active kinase complex (PDB ID:
1ATP) [174]. For dasatinib-bound simulations, ligand coordinates were extracted from
the kinase–inhibitor crystal structure (PDB ID: 2ZVA) [72] and superimposed onto the
modeled apo Lyn structure. Energy minimization was then performed to relieve steric
clashes and refine local binding interactions. The apo, ATP-bound, and dasatinib-bound
forms of WT and mutant systems were used as initial structures for MD simulations.
Figure A1 summarizes the amino acid substitutions and ligand structures used throughout
this study.

Quantum Mechanical Calculations. To obtain accurate electrostatic parameters for
MD simulations, QM calculations on dasatinib were performed using Gaussian 16 [175].
Geometry optimization, vibrational frequency analysis, and electrostatic potential (ESP)
charge derivation were performed at the B3LYP/6-31G(d) level using the SMD solvation
model with water as the solvent [176]. All structures were confirmed as local minima
through frequency analysis. The resulting ESP-derived atomic charges were incorporated
into the subsequent simulation setup.

MD Simulations. A total of 78 µs of MD simulations was performed using the GRO-
MACS 2022.04 software package [100] and the all-atom additive CHARMM36 force field
[94], which includes optimized parameters for magnesium ion coordination [107]. To en-
sure reproducibility, each system was simulated in triplicate (Table A1).

An overview of the computational workflow, including modeling, system preparation, and
MD setup, is presented in Figure 4.1. The protein complexes were placed at the center
of a rhombic dodecahedron box with a minimum distance of 10 Å from the solute to the
box boundaries. Solvation was performed using the TIP3P explicit water model [116],
and sodium and chloride ions were added to achieve charge neutrality and a physiological
ionic strength of 0.15 mol L-1. Energy minimization was followed by two equilibration
phases: 5 ns in the NVT ensemble with positional restraints on heavy atoms, and 5 ns in
the NPT ensemble without restraints. The temperature was maintained at 310 K using
the V-rescale thermostat [177] and the pressure at 1 atm using the Parrinello–Rahman
barostat [178]. Electrostatic interactions were computed using the PME method [108],
and all covalent bonds involving hydrogen atoms were constrained using the LINCS al-
gorithm [117]. Production runs were carried out for 2 µs per replicate with a 2 fs time
step on an Nvidia GeForce RTX 4090 GPU (CUDA 12.2, Koeln, Germany). Coordinates,
velocities, and energies were recorded every 1 ns for downstream analysis.
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Figure 4.1: Computational pipeline for modeling and simulating full-length Lyn kinase. The workflow begins with homology modeling using MODELLER,
followed by ligand placement and mutation construction. Systems were prepared in apo and holo (ligand-bound) forms for WT and mutant models. MD simulations were
conducted in GROMACS, including solvation, energy minimization, equilibration, and production runs of 2 µs per replicate.
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Trajectory Preparation and Structural Analysis. All trajectories were preprocessed
using the gmx trjconv tool to remove artifacts caused by periodic boundary conditions.
This step ensured proper continuity of molecular motion and enabled accurate downstream
structural analyses.

Trajectory analyses were performed using GROMACS tools to assess structural stability
and residue-level fluctuations. Backbone RMSD was calculated with gmx rms following
domain-wise alignment to minimize the influence of global rigid-body motions, allowing
the conformational stability of individual domains to be evaluated over the simulation
time. RMSF was computed on Cα atoms using gmx rmsf to quantify residue-level flex-
ibility. For comparative analysis, differential RMSF values (∆RMSF) were calculated
as ∆RMSF = RMSFreference − RMSFcomparison, where the reference corresponds to WT
or WT-ATP simulations, and the comparison refers to mutant or ligand-bound systems.
To explore local structural variations, key interatomic distances and internal angles were
measured using gmx distance and gmx angle, respectively. All resulting outputs were
processed and analyzed in R Statistical Software (v4.4.1; R Core Team 2021) [122].

To identify representative conformations, trajectory snapshots were clustered based on
mutual backbone RMSD values. Clustering was carried out using the PAM algorithm
implemented in the cluster R package (v2.1.8.1) [123]. Clustering quality was evaluated
using the silhouette coefficient, calculated with the fpc R package (v2.2-13) [124], which
measures how well frames fit within their assigned clusters and how distinct each cluster
is from the others. For each system, the most populated cluster was identified, and its
medoid, defined as the frame with the lowest average RMSD to all other frames in the
cluster, was selected as the representative structure.

Ligand Positional Stability. Positional stability of bound ligands was assessed by
calculating RMSD values using gmx rms in GROMACS 2022.04. Heavy atom index groups
were defined to exclude hydrogens, ensuring accurate measurement of ligand displacement
relative to the protein backbone. RMSD profiles were compared across WT and mutant
systems to examine the impact of structural perturbations on ligand accommodation.

Magnesium Ion Coordination Analysis. Coordination of Mg2+ ions in ATP-bound
systems was evaluated using MDAnalysis library [179]. For each trajectory frame, dis-
tances between the magnesium ions and surrounding protein oxygen atoms were computed
using a 4.0 Å cutoff. Coordination events were determined per frame, and atom-wise coor-
dination frequencies were calculated across the trajectory. This analysis provided insight
into the stability and preferred binding environment of divalent cations within the cat-
alytic cleft.

Binding Pocket Surface Area. Pocket geometry was characterized by SASA analysis.
Residues within 5 Å of each ligand in the most populated cluster representative structure
were selected to define the binding site. Their SASA values were then computed per frame
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across the trajectory using gmx sasa with a 1.4 Å probe radius. Time-resolved surface
area trends were analyzed in R to compare the dynamic expansion or contraction of the
pocket surface across systems.

Binding Free Energy Estimation. Binding free energies for ATP and dasatinib were
estimated using the MM/PBSA approach implemented via gmx MMPBSA. Calculations in-
cluded molecular mechanics energy components (electrostatic and van der Waals), polar
solvation energy based on the Poisson–Boltzmann equation, and nonpolar solvation en-
ergy derived from SASA-based surface tension. For each system, MM/PBSA analysis was
performed across the full 6 µs trajectory, corresponding to 6000 frames per system.

Principal Component Analysis. To investigate large-scale conformational dynamics,
PCA was performed on the atomic displacements of Cα atoms for each system. The posi-
tional covariance matrix was computed using gmx covar, and the resulting eigenvectors
were analyzed with gmx anaeig.

To visualize dominant motions, trajectory frames were projected along the first principal
component (PC1), which captures the largest variance in atomic positions. Extreme
conformations along PC1 were identified to represent the maximal deviations along this
mode. A series of interpolated structures were constructed between these extremes to
illustrate the conformational transition pathway. These structures were visualized using
VMD [180], allowing for qualitative comparison of system-specific dynamic behaviors.

Statistics. Statistical significance of pairwise comparisons was assessed using the two-
sided Wilcoxon signed-rank test (threshold p < 0.05). All analyses were performed in R
Statistical Software (v4.4.1; R Core Team 2021). Detailed numerical data supporting the
statistical comparisons are provided in the Appendices.

4.3 Results and Discussion

System Preparation

The full-length Lyn kinase structure was generated by homology modeling and rigorously
evaluated for structural quality. The final model achieved a global quality factor of 99.1, as
assessed by ERRAT2, with scores above 95 indicating well-validated atomic interactions
and reliable model quality, supporting suitability for downstream MD simulations. In
comparison, the AlphaFold-predicted model showed a lower ERRAT2 score of 92.1, with
localized deviations particularly in the linker and SH2 domains. Corresponding ERRAT2
validation plots are shown in Figure A2.

With a reliable structural model established, clinically observed Lyn mutations were
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selected for simulation-based investigation. A comprehensive search in cBioPortal for
naturally occurring alterations in Lyn and related SFKs identified I364L and I364N as
statistically significant hotspots, particularly in bladder urothelial carcinoma. While ex-
perimental validation is currently lacking, their recurrence and predicted pathogenicity
support a role in modulating kinase function in cancer contexts. E290D and E290K,
observed in stomach and colon adenocarcinomas, target a catalytic residue essential for
ATP stabilization within the active site. The strong conservation of E290 and I364 across
the Src family, summarized in Table A2, underscores their likely importance for kinase
activity and regulation.

Figure 4.2 presents a domain-resolved distribution of naturally occurring Lyn mutations,
highlighting the positional frequency across SH3, SH2, SH1N, and SH1C domains. The
four selected mutations (E290D, E290K, I364L, and I364N) are annotated as somatic in
both TCGA and COSMIC databases. According to PolyPhen-2 predictions [167], all are
classified as “probably damaging”, with scores exceeding 0.95, suggesting a high likelihood
of structural or functional disruption. Pathogenicity predictions and structural impact
scores obtained from the ProtVar database, which integrates results from multiple in silico
tools, are summarized in Table A3. Moreover, substitution of the conserved catalytic
lysine (equivalent to K275 in Lyn) to alanine has been shown to abolish kinase activity
in protein TKs by disrupting ATP coordination, consistent with the conserved catalytic
mechanism of this enzyme family [171,172].

To visualize the spatial positioning of the selected mutations, Figure 4.2 also depicts the
initial energy-minimized structure of Lyn with ATP and two Mg2+ ions incorporated into
the catalytic cleft. The K275 and E290 residues are positioned within the active site
and are involved in stabilizing ATP through electrostatic and polar interactions with the
phosphate moieties [58]. In contrast, I364 is located in the C-lobe of the SH1 domain
(SH1C), spatially distant from the nucleotide. This positioning suggests a potential role
in long-range conformational regulation rather than direct coordination with ATP.

Building on the prepared systems, Lyn kinase dynamics were analyzed under apo con-
ditions and in the presence of ATP or dasatinib to assess the effects of ligand binding
and cancer-associated mutations. In this study, the terms ‘active-like’ and ‘inactive-
like’ conformations are used based on characteristic structural features defined for SFKs.
Active-like conformations are typically characterized by a well-aligned catalytic spine, an
inward-oriented αC helix, coordinated ATP and two Mg2+ ions, along with an extended
activation loop positioned away from the active site [79]. In contrast, inactive-like con-
formations display a displaced αC helix, altered or disrupted coordination geometry, and
a misaligned or collapsed activation loop [181, 182]. These structural signatures serve
as a reference for interpreting the dynamic responses of Lyn under different conditions.
The following sections present a detailed analysis of conformational stability, residue-level
flexibility, domain motions, and the active site architecture across all simulated systems.
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Figure 4.2: Mutation frequencies and initial simulation model of Lyn kinase. Top: Domain-resolved
distribution of naturally occurring mutations in Lyn kinase. Mutation frequencies were calculated based on data
retrieved from cBioPortal. Mutations with a frequency greater than one are labeled above their corresponding
bars. This domain-resolved view highlights mutational hotspots that may underlie functional or regulatory per-
turbations. Bottom: Initial structural model used in MD simulations, showing ATP and two Mg2+ ions placed
in the catalytic cleft. A magnified view highlights key residues K275 and E290 in proximity to ATP, and I364
located in the SH1C domain and spatially distant from the nucleotide. The two Mg2+ ions are shown as green
spheres (Mg1 and Mg2). Mg1 lies adjacent to K275 and E290, contributing to ATP coordination and catalytic
geometry, while Mg2 occupies the secondary coordination site within the active site.

Global and Local Dynamics of Lyn Protein Across Domains

With all systems established and relevant conformational landmarks defined, global con-
formational changes were initially evaluated using backbone RMSD analysis. Backbone
RMSD values were calculated over the complete 6 µs trajectory of each system, and
domain-specific profiles were extracted for the SH1, SH2, and SH3 domains (Figure 4.3).
The RMSD distributions revealed distinct fluctuation patterns and consistent differences
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in structural stability among the three domains. These results underscore the confor-
mational heterogeneity of Lyn across various ligand-binding and mutational conditions,
highlighting that each domain exhibits a distinct response to structural or chemical per-
turbations.

Among the three domains, the SH3 domain consistently exhibited the highest backbone
RMSD values across all systems, reflecting its intrinsically flexible nature and its well-
established role in regulatory switching. In the WT system, the SH3 domain displayed
a bimodal RMSD distribution pattern, suggestive of multiple conformational subpopu-
lations. This observation supports the notion that SH3 undergoes dynamic switching
events, potentially linked to allosteric regulation or intramolecular ligand engagement.
In contrast, the SH3 domain of the I364N mutant exhibited a narrower RMSD distri-
bution with a single dominant peak, indicating reduced conformational variability and
stabilization into a more restricted structural ensemble. This constrained behavior may
reflect enhanced local stabilization, potentially due to changes in hydrogen bonding or
steric effects introduced by the polar side chain. While reduced backbone fluctuations
are often associated with inactive-like conformations, further validation through binding
pocket analysis is required to substantiate this interpretation.

ATP binding conferred a strong stabilizing effect on the kinase architecture. Across all
three domains, ATP-bound systems consistently exhibited lower RMSD values relative to
their ATP-free counterparts, highlighting the role of ligand engagement in reducing con-
formational variability. This stabilizing influence was most prominent in the SH1 domain,
where ATP interacts directly with conserved catalytic residues, thereby reinforcing com-
pactness and structural order. These observations align with the established role of ATP
in promoting the active-like conformation of SFKs [183], and underscore its contribution
to maintaining structural integrity within the catalytic core.

In contrast, the dasatinib-bound WT system (WT–DAS) exhibited a divergent domain-
specific pattern. Specifically, the SH1 and SH2 domains showed significantly higher me-
dian RMSD values (3.98 Å and 3.39 Å, respectively) compared to WT–ATP, indicating
increased conformational variability. This elevated flexibility may reflect the broad bind-
ing profile and relatively lower specificity of dasatinib, which does not constrain the kinase
architecture as tightly as ATP. As a result, Lyn may access a wider range of conforma-
tional ensembles in the presence of dasatinib. Interestingly, the SH3 domain in WT–DAS
displayed a reduced median RMSD (7.5 Å) compared to WT–ATP, suggesting a selective
stabilizing effect on this regulatory domain. This observed decrease in SH3 flexibility
may reflect an allosteric restriction mechanism, whereby dasatinib limits conformational
heterogeneity and favors a more rigid, potentially inactive structural ensemble.

Mutation-related changes also affected the structural stability of Lyn domains in distinct
ways. Among the simulated mutants, E290D and I364L exhibited higher RMSD values,
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particularly in the SH3 domain, when compared to E290K and I364N. These observations
indicate that substitutions involving residues with similar physicochemical properties,
such as replacing glutamate with aspartate while preserving negative charge (E290D) or
replacing isoleucine with leucine while preserving side-chain size and hydrophobic char-
acter (I364L), resulted in greater conformational deviation. In contrast, substitutions
introducing charge reversal (E290K) or increased polarity (I364N) were associated with
lower RMSD values across multiple domains, reflecting greater structural stability. These
findings emphasize that the specific physicochemical nature of the substituted residue
plays a decisive role in shaping domain-level structural responses to mutational perturba-
tions.

Mutations that modify the local electrostatic environment, such as E290K and I364N,
appeared to promote more compact and restricted dynamic behavior, while conservative
replacements such as E290D and I364L retained slightly higher structural variability.
Overall, the mutant systems exhibited lower RMSD values relative to the WT, although
the degree of structural stabilization varied depending on how each mutation altered
local chemical properties. Although increased backbone flexibility within catalytic or
regulatory regions has been linked to the emergence of activation-associated structural
features, experimental validation would be required to determine whether the observed
differences correspond to altered enzymatic function.

The K275A–ATP system exhibited moderately elevated RMSD values across all three
domains relative to the WT–ATP system, consistent with structural destabilization fol-
lowing removal of the conserved lysine residue. This lysine has been established to par-
ticipate in essential catalytic interactions within the ATP-binding pocket [184], and its
substitution with alanine was expected to disrupt the local electrostatic environment and
hydrogen bonding network. The resulting loss of stabilizing contacts may have contributed
to increased flexibility within the catalytic cleft and neighboring regions, leading to the
observed structural deviation.

Together, these analyses demonstrate that both ligand binding and single-point mutations
exert domain-specific influences on the overall structural stability of Lyn. In particular,
the SH3 domain was identified as a significant contributor to structural variability across
systems, reflecting its pronounced dynamic behavior in full-length SFKs [185–187]. To
evaluate the statistical significance of differences in structural deviation among the sys-
tems, two-sided Wilcoxon rank-sum tests were performed for each domain. The results
are provided in Tables A4, A5, and A6, corresponding to the SH1, SH2, and SH3 domains,
respectively.
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Figure 4.3: Domain-resolved analysis of structural stability across Lyn kinase systems. Violin plots with embedded boxplots depict backbone RMSD distributions
for the SH1, SH2, and SH3 domains across all 13 simulated systems. Each violin illustrates the distribution of RMSD values, while the internal boxplot indicates the interquartile
range and median. RMSD values represent deviations from the initial conformation, providing a measure of domain-specific structural stability and conformational variability
under different ligand-binding and mutational conditions.
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While RMSD analysis provided insights into domain-resolved structural stability, it did
not capture subtle, residue-specific fluctuations that may reflect altered structural behav-
ior. To investigate local flexibility changes induced by ligand binding and cancer-related
mutations, the RMSF of Cα atoms was computed for all simulated systems. RMSF quan-
tifies the average positional deviation of each residue along the simulation trajectory, and
variations in these values can reveal localized flexibility changes arising from structural
perturbations.

Figure 4.4 displays the ∆RMSF profiles across the Lyn kinase sequence. Positive ∆RMSF
values indicate that the reference system exhibits greater flexibility at a given residue,
whereas negative values reflect increased flexibility in the compared system. This differ-
ential analysis was used to map mutation- and ligand-induced changes in local dynamics
across the 443-residue Lyn sequence. The resulting data were processed in R, and ∆RMSF
values were plotted along the SH3, SH2, and SH1 domains. This analysis provided residue-
level resolution of dynamic alterations and complemented the domain-resolved stability
trends identified through RMSD.

The conservative substitutions E290D and I364L induced substantial increases in struc-
tural flexibility relative to WT–ATP, particularly within the SH1 and SH3 domains. These
negative ∆RMSF values indicate enhanced residue-level fluctuations in the mutant sys-
tems, which may reflect a shift toward greater dynamic variability that permits access
to geometries favorable for catalytic activity. In contrast, the more chemically disruptive
mutations E290K and I364N produced widespread reductions in flexibility across the en-
tire protein, with markedly positive ∆RMSF values observed in all three domains. These
mutations appeared to stabilize Lyn in a more compact and rigid conformation, as indi-
cated by reduced atomic fluctuations. This increased rigidity was interpreted to limit the
conformational freedom typically required for catalytic function. In particular, I364N led
to a pronounced decrease in fluctuations within the SH1 domain, suggesting a rigidified
catalytic core that may hinder substrate accommodation.

The K275A mutation, in which the conserved lysine required for ATP binding is removed,
exhibited a distinct ∆RMSF profile. Most prominently, it was associated with strongly
positive ∆RMSF values in the SH1 domain and C-terminal region, indicating reduced
stability and consistent with local destabilization in and around the catalytic site. In-
terestingly, residues between positions 390 and 430 displayed mildly negative ∆RMSF
values, which were interpreted to suggest a localized increase in flexibility that may re-
flect compensatory motion or disruption of intramolecular packing.

These results reveal distinct flexibility patterns associated with each mutation. Conser-
vative substitutions such as E290D and I364L promoted broader backbone fluctuations,
consistent with increased structural adaptability that may support geometries compatible
with catalytic activity. In contrast, charge-reversing or polarity-altering mutations such as
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E290K and I364N reduced residue-level fluctuations across multiple domains, indicating
a shift toward more structurally restrained behavior commonly associated with reduced
catalytic efficiency. The K275A mutation altered flexibility in a domain-specific man-
ner, combining rigidification near the catalytic site with increased motion in neighboring
segments.

In addition to mutation-induced perturbations, the effects of dasatinib binding on the
dynamic behavior of Lyn were examined. Compared to WT–ATP, the WT–DAS system
was associated with increased flexibility in the SH1 and SH3 domains, particularly within
regulatory loops and linker regions. This contrasted with the overall rigidity observed
upon ATP binding and suggested that dasatinib may induce a redistribution of dynamic
fluctuations that modulate communication between domains.

These results are consistent with prior findings showing that dasatinib disrupts features of
the inactive conformation, enhancing sampling of more open, flexible conformations. The
comparison between WT–DAS and WT–ATP further revealed increased fluctuations in
the activation loop and regions adjacent to the αC helix, which are known allosteric nodes
involved in kinase activation. Together, these observations suggest that dasatinib binding
influences not only the ATP-binding pocket but also distal regulatory elements, modifying
the broader conformational ensemble. In contrast, E290K–ATP and I364N–ATP contin-
ued to exhibit globally reduced flexibility, mirroring their previously observed rigidity
in the absence of ligand and reinforcing their association with structurally constrained,
inactive-like conformations. The K275A–ATP mutant again displayed hybrid behavior,
with pronounced rigidity at the catalytic core and increased flexibility in peripheral re-
gions. Notably, this mutant retained fluctuations within interdomain linkers such as
SH2–SH1, indicating partial preservation of allosteric communication despite disruption
of catalytic site architecture.

Prominent ∆RMSF changes were observed in loop and linker segments across all do-
mains, including residues 60–126 in SH3, 202–210 in SH2, 281–305 and 345–369 in SH1,
along with regions of the activation loop (384–407, particularly 401–404) and the dis-
tal C-terminal segment (479–487). These regions represent structurally and functionally
important positions that appear particularly responsive to perturbations introduced by
oncogenic mutations [188].

Overall, the ∆RMSF profiles illustrate how specific substitutions and ligand interac-
tions alter the conformational dynamics of Lyn kinase. Conservative mutations promote
broader backbone fluctuations and may support conformations compatible with catalytic
function, whereas charge-reversing mutations appear to stabilize more conformationally
restricted ensembles. Dasatinib binding enhances flexibility in regulatory regions, unlike
the conformational restriction observed with ATP binding.
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Figure 4.4: Comparative residue-level flexibility changes across WT, mutant, and ligand-bound
Lyn kinase systems. Each panel shows ∆RMSF values representing differences in Cα atomic fluctuations
between two systems, with the reference listed first. Positive values indicate greater flexibility in the reference
system, whereas negative values indicate increased fluctuations in the compared system. Domain boundaries for
the SH3, SH2, and SH1 regions are indicated by vertical dashed lines.
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These findings emphasize the importance of local dynamics in shaping the broader confor-
mational behavior of protein kinases and provide mechanistic insight into how structural
alterations modulate the conformational landscape of Lyn. Taken together, the RMSD
and RMSF analyses reveal how different mutations and ligands affect the conformational
stability and local flexibility of Lyn across domains. While these analyses provide valuable
insight into structural fluctuations, they do not capture how such motions are coordinated
across the protein.

Coordination of Motions

Since coordinated atomic displacements often underlie biologically relevant conforma-
tional transitions [189, 190], PCA was applied to the MD trajectories of the WT and
mutant apo systems, including K275A, E290D, E290K, I364L, and I364N. This approach
captures the dominant modes of collective motion within the multidomain structure, pro-
viding deeper insight into how single-point mutations influence the global conformational
landscape of Lyn kinase.

The analysis focused on the covariance matrix of Cα atomic positional fluctuations, en-
abling the extraction of dominant modes of motion that reflect collective and functionally
relevant structural rearrangements. The PC1, which captured the highest variance in
atomic displacements, was used to represent the dominant global motion characteristic of
each system. Across the systems analyzed, PC1 accounted for approximately 49% to 79%
of the total variance, highlighting its central role in describing large-scale conformational
changes.

Figure 4.5 presents dominant motions projected along PC1, illustrating the most promi-
nent conformational transitions observed across the simulations. In the WT system, PC1
captured a coordinated yet oppositely directed displacement between the SH1 and SH3
domains, indicating a flexible interdomain dynamic mode reminiscent of motions typically
linked to active-like conformations. This interdomain displacement is proposed to facil-
itate allosteric communication and maintain catalytic accessibility at the ATP binding
site, reflecting the inherent adaptability of the native Lyn architecture.

In contrast, the mutant systems displayed markedly altered motion signatures along PC1.
The K275A system, lacking the conserved catalytic lysine, displayed constrained and
non-canonical displacement, consistent with impaired large-scale domain coupling. The
E290K mutation, involving charge reversal at a conserved catalytic position, and the I364N
mutation, introducing polarity into a hydrophobic region, both produced highly localized
atomic displacements with minimal propagation across domains. These restricted motion
profiles suggest a loss of long-range dynamic coordination and diminished interdomain
coupling.
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Figure 4. Dominant global motions captured by principal component analysis (PCA). 
Snapshots representing extreme projections along the first principal component (PC1) are 
shown for WT and mutant systems (K275A, E290D, E290K, I364L, and I364N). PC1 
accounts for the highest variance in atomic fluctuations and captures large-scale domain 
movements. Structures are colored from red (start of motion) to blue (end of motion), 
illustrating the directionality and amplitude of motion. Arrows indicate the dominant direction 
of displacement along PC1 of SH3, SH2 and SH1 domains. Percentage values in 
parentheses denote the variance explained by PC1 in each system. WT exhibits coordinated 
interdomain movement consistent with an active-like conformation, whereas mutants show 
altered or restricted dynamics suggestive of conformational constraint or decoupling.

Figure 4.5: Dominant global motions captured by PCA. Snapshots representing extreme projections along PC1 are shown for WT and mutant systems (K275A,
E290D, E290K, I364L, and I364N). PC1 accounts for the highest variance in atomic fluctuations and captures large-scale domain movements. Structures are colored from red
(start of motion) to blue (end of motion), illustrating the directionality and amplitude of motion. Arrows indicate the dominant direction of displacement along PC1 for SH3,
SH2, and SH1 domains. Percentage values in parentheses denote the variance explained by PC1 in each system.
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The conservative substitutions E290D and I364L, by contrast, retained broader domain-
scale motion and exhibited greater structural displacement along PC1 than their disrup-
tive counterparts. These systems preserved more of the structural flexibility observed in
the WT, suggesting that local physicochemical similarity may support a more adaptable
dynamic profile.

Altogether, these findings suggest that single-point mutations can substantially reshape
the dominant motion landscape of Lyn kinase, modifying the distribution of flexibility
across its multidomain architecture. The directionality and extent of displacement along
PC1 emphasize how local residue changes spread through the multidomain architecture,
shifting the balance between flexibility and rigidity. These system-specific motion patterns
reinforce the idea that the conformational ensemble of Lyn is closely tied to its collective
dynamics. Similar to observations in Lyn, MD-based studies of c-Src kinase revealed
that large-scale domain rearrangements and intermediate conformational ensembles can
be sampled in silico, highlighting collective motions as key determinants of functional
transitions [191–193].

Analyses of global and local dynamics, along with the principal modes of motion, revealed
distinct alterations in overall stability and domain-specific flexibility of the Lyn protein.
However, the mechanistic consequences of these perturbations within the catalytic core
required further investigation. To clarify how structural changes influence the capacity of
the catalytic region to accommodate ATP, and to contrast these effects with the binding
of the ATP-competitive inhibitor dasatinib, multiple structural and energetic parameters
derived from long MD trajectories were systematically evaluated. These included local
residue proximity, coordination of catalytic magnesium ions, ligand positional stability,
binding pocket size, and binding free energies. Through the integration of these analyses,
changes in the plasticity of the active site, ATP interaction strength, and distribution
of conformational effects across the catalytic cleft were dissected. Moreover, substrate-
and inhibitor-bound ensembles were compared to identify structural determinants associ-
ated with active-like conformations, as opposed to those stabilized upon ATP-competitive
inhibition. Structural organization and flexibility of the catalytic region under distinct
binding conditions were systematically evaluated through this comparison.

Local Residue Proximity and Binding Environment

To examine differences in ligand-interacting residues, proximity analysis was performed
across all ATP- and dasatinib-bound systems. Residues located within 5 Å of the lig-
and were identified to define the immediate binding environment. Figure 4.6 presents a
heatmap summarizing these contacts, capturing residue-level variations in ligand proxim-
ity across the seven holo systems.

A common set of ligand-proximal residues was identified across all ATP-bound systems,
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including L253, G254, V261, A273, V303, the T319–A323 loop, G325, S326, L374, and
D385. These contacts define the canonical SH1 pocket and contribute to stable ATP
accommodation. Additional residues such as A255, A371, N372, and A384 appeared
variably in specific ATP-bound mutants, reflecting context-dependent rearrangements of
the binding site. Notably, the WT–ATP, E290D–ATP, and I364L–ATP systems exhibited
highly similar contact patterns.

Figure 4.6: Composition of the local
ligand-binding environment. Heatmap of
residues within 5 Å of the ligand across ATP-
and dasatinib-bound systems.

In contrast, a rearrangement of ligand-proximal
contacts was observed in the E290K–ATP system.
Residues such as A371 and N372, not present in
the WT–ATP system, were identified in proximity
to the ligand. These differences may reflect altered
ligand positioning, potentially influenced by electro-
static effects arising from the lysine substitution at
position 290. A similar pattern was observed in
the I364N–ATP system, where A371 was present
and A255 was absent. Although the catalytic core,
including the T319–A323 loop and D385, was pre-
served in both systems, the redistribution of residue
contacts suggests changes in the geometry of the
ligand-binding region, with possible implications for
Mg2+ coordination and catalytic alignment.

In the K275A–ATP system, the loss of proximity
to K275 was not accompanied by the formation of
new contacts. No compensatory residues were iden-
tified, and a reduction in overall contact frequency
was observed compared to the WT–ATP system, in-
cluding the absence of A255. The core architecture
of the SH1 pocket appeared preserved, suggesting
that no major rearrangement occurred in the lo-
cal structure. These observations may indicate that
ATP remains accommodated by the scaffold, albeit
with reduced electrostatic stabilization due to the
missing lysine interaction.

In the WT–DAS system, a broader distribution
of ligand-proximal residues was observed, including
V274, M294, I317, K324, and A384, several of which
extended beyond the canonical ATP-binding cleft.
This expanded contact pattern was consistent with
the larger and more elongated structure of dasa-
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tinib, enabling interactions with loop and beta sheet regions not engaged during ATP
binding. Residues uniquely contacted by dasatinib were absent in all ATP-bound sys-
tems, indicating a non-canonical binding profile and highlighting structural differences
between substrate and inhibitor interactions.

To complement the residue proximity analysis across systems, representative structures
from the most populated conformational clusters were analyzed. The clustering results
for all systems are summarized in Table A7. Figure 4.7 visualizes ligand positioning
within the ATP-binding site for four selected systems that exhibited greater variation
in ligand-proximal contacts, highlighting differences in coordination geometry and local
residue engagement. In the WT–ATP structure, panel (a), ATP is positioned in a com-
pact, curved conformation within the SH1 pocket. Key hydrogen bonds are maintained
with catalytic and metal-coordinating residues, including D385–Mg1 (2.0 Å), D385–K275
(2.6 Å), and E320–adenine (2.0 Å). Both Mg2+ ions are stably coordinated by D385,
the ATP triphosphate moiety, and surrounding water molecules. Coordination of Mg1
involves the carboxyl oxygen atoms of D385, while both magnesium ions engage with the
phosphate groups of ATP, supporting stable ligand accommodation.

Panels (b) and (c) correspond to the K275A–ATP and E290K–ATP systems which illus-
trate the structural effects of mutations at the ATP-binding site. In both systems, the
interaction between K275 and D385 that was observed in the WT–ATP structure was no
longer maintained. In the K275A model, substitution of the catalytic lysine with alanine
resulted in the complete loss of the positively charged side chain, eliminating direct in-
teractions with the ATP phosphate groups. In the E290K–ATP system, K275 remained
present but was displaced, increasing its distance from D385 and reducing the electrostatic
interaction between these catalytic residues. In both cases, this disruption corresponded
with reduced coordination of the ATP phosphate tail.

Moreover, the conformation of the ATP molecule is visibly altered in the mutants. Com-
pared to the relatively compact horseshoe-like shape in the WT system, ATP appears
more bent and distorted in both K275A–ATP and E290K–ATP. In the K275A–ATP sys-
tem, this effect is especially pronounced, with ATP undergoing a clear rearrangement
and rotation within the binding pocket. These structural changes reflect a loss of an-
choring interactions and are consistent with an impaired, inactive-like conformation of
the catalytic site. Such loss of electrostatic stabilization and phosphate coordination has
been previously associated with inactive or catalytically impaired kinase conformations
in structural and mutational studies [18, 194, 195]. Figure A3 provides an overview of
the binding geometries observed across other analyzed mutants, illustrating how different
mutations alter ATP placement and interactions with surrounding residues.
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Figure 4.7: Structural representations of ligand positioning within the ATP-binding site of Lyn
kinase. Shown are representative structures from the most populated conformational clusters of each system..
(a) WT–ATP: ATP adopts a compact, curved conformation within the SH1 pocket, stabilized by key interactions
with D385, K275, E320, and two Mg2+ ions. (b) K275A–ATP: Substitution of the catalytic lysine eliminates the
K275–D385 interaction and weakens ATP anchoring, leading to a bent ATP geometry. (c) E290K–ATP: K275
remains but is displaced from D385, weakening electrostatic coupling and reducing phosphate coordination. (d)
WT–DAS: Dasatinib engages a broader and more spatially dispersed residue network within the cleft, forming van
der Waals and π-stacking interactions distinct from those stabilizing ATP. Atoms are colored as follows: carbon
(ligand) in green/gray, nitrogen in blue, oxygen in red, and Mg2+ ions in green spheres. Dashed lines indicate
coordination distances with catalytic residues and metal ions.

In contrast, dasatinib was observed to engage the ATP-binding cleft in a distinct manner,
as shown in panel (d). Although it occupies the same pocket, its interactions extend
to a broader and more spatially distributed set of residues, particularly in the β-sheet
and loop regions of the SH1 domain. This expanded contact pattern is consistent with
the larger and more rigid molecular structure of dasatinib. Both the crystal structure
(PDB: 2ZVA) [72] and the representative MD structures indicated placement of dasatinib
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within the hydrophobic pocket formed by residues of the β-sheet and αC-helix, including
K275, M294, V303, and I317. Unlike ATP, which is stabilized through hydrogen bonding
and magnesium coordination, dasatinib engages primarily through π-stacking and van der
Waals interactions. These included persistent contacts with M322 (2.9 Å), A323 (3.6 Å),
and T319 (3.3 Å), in agreement with previous structural studies [72,196]. Although largely
nonpolar, dasatinib was occasionally observed to form transient hydrogen bonds with
backbone atoms in the hinge region. While the overall binding pose remained consistent
with crystallographic data, flexible adjustments in the adjacent loop regions and αC-helix
were detected during the simulations. These local motions were more apparent in the
full-length context and under solvent conditions, potentially reflecting contributions not
captured in static crystal structures.

Dasatinib interactions with the binding pocket were observed to persist in approximately
80% of simulation frames, indicating stable residue engagement over time. Based on dis-
tance measurements, approximately 44% of the molecule extended beyond the canonical
ATP pocket, with an overall length of 19.9 Å and an estimated 11.2 Å segment buried
within the cleft. The remaining portion remained solvent-exposed and formed transient
contacts with surrounding loop regions. This extended binding footprint, together with
the rigid aromatic core of dasatinib, supported a distinct interaction pattern compared
to ATP. The observed geometry and spatial distribution of contacts were consistent with
an inactive-like conformation of the kinase domain, similar to those described in crystal-
lographic studies of other inhibitor-bound TKs, including Abl and c-Src [197–199].

Taken together, dasatinib was observed to engage the ATP-binding site through a dis-
tinct and spatially extended interaction network, differing substantially from the compact
binding mode of ATP. This non-canonical orientation was associated with broader residue
engagement and a reduced reliance on classical catalytic contacts. Differences in ligand
structure, in combination with specific kinase mutations, collectively altered the local
binding environment, disrupted phosphate group stabilization, and reshaped the geome-
try of the catalytic cleft.Notably, disruption of the K275–D385 interaction, a hallmark of
the active kinase architecture [18,19], correlated with structural distortion of the catalytic
cleft, highlighting increased plasticity and a shift toward inactive-like geometries.

Given that ATP positioning is tightly governed by the coordination of catalytic Mg2+

ions, the stability and geometry of these interactions were next assessed across systems.
Proper Mg2+ coordination is a defining structural feature of active kinases and plays a
central role in anchoring ATP within the cleft. In canonical kinase mechanisms, each
Mg2+ ion typically adopts an octahedral geometry coordinated by oxygen atoms from
the ATP phosphates, water molecules, and side chains from conserved residues [200].
Figure 4.8 illustrates the representative Mg2+ coordination environment in Lyn kinase.
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Figure 4.8: Representative schematic of coordination
of magnesium ions bound to ATP in the Lyn kinase ac-
tive site. Coordinating atoms from ATP phosphate groups,
water molecules, and selected side chains of protein residues
were included. D385 was depicted as the most frequent Mg2+

ligand, while E290 and N372 contributed to coordination un-
der conditions associated with more saturated ligand environ-
ments.

In this illustration, the Mg2+ ions are
coordinated by oxygen atoms from
ATP phosphate groups, surrounding
water molecules, and side chains of
residues D385, E290, and N372. Anal-
ysis of MD trajectories indicated that
D385 primarily interacted with Mg1
and, in certain instances, also con-
tributed to the coordination of Mg2.
In specific frames, both Mg2+ ions
were simultaneously coordinated by
oxygen atoms of this residue, suggest-
ing a central role within the bind-
ing environment. Residues E290 and
N372 also participated in Mg2+ coor-
dination, particularly in frames char-
acterized by more saturated coordi-
nation geometries. E290 predom-
inantly interacted with Mg1, while
N372 contributed to coordination of
Mg2. These residues were observed
more frequently than others to engage

in persistent Mg2+ interactions, indicating their structural importance within the local
coordination network.

To gain deeper insight into the coordination environment of the Mg2+ ions, Figure 4.9
further illustrates the coordination geometry of Mg1 and Mg2 across WT and mutant
systems. Each panel shows the distribution of distances between the ions and coordinating
residues throughout the MD trajectories, revealing how mutations affect the integrity of
the coordination network essential for kinase function. In the WT–ATP system (panel
a), both Mg1 and Mg2 are consistently coordinated by oxygen atoms of D385, with low
median distances and frequent detection across frames (e.g., Mg1 is coordinated by D385-
OD2 in over 5800 frames). The WT system displays stable and symmetric magnesium
coordination, representing the active form of the kinase. This serves as a reference for
comparing the mutant systems.

Panel (b) shows the K275A–ATP, which preserves the overall coordination pattern of Mg1
and Mg2 but displays a slightly reduced contact frequency with D385, suggesting minor
alterations in the geometry of the catalytic region. A more pronounced disruption is
observed in the E290K–ATP (panel d), where coordination of Mg2 is markedly impaired.
In particular, D385 displays a substantial increase in median distance from the ion (>
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4 Å), indicating a loss of stable interaction. This reduction in D385 coordination is
associated with local structural distortion near the catalytic residues. In the I364N–ATP
(panel f), coordination of Mg2 is further destabilized. Interactions with D385 and E290
are significantly weakened, accompanied by broader distance distributions and reduced
contact persistence (e.g., the D385–OD2 interaction occurs in 5808 frames in WT–ATP,
compared to only 1577 frames in I364N–ATP). The side chain of asparagine at position
364 may compromise local structural stability, further weakening magnesium binding.
In panels (c) and (e), the E290D and I364L mutants maintain relatively stable Mg1
coordination, while Mg2 coordination appears partially reduced. In both systems, D385
displays a decreased number of interactions with Mg2.

Overall, these results indicate that specific mutations at catalytic or structurally cou-
pled residues produce varying degrees of disruption in Mg ion coordination. The loss
or asymmetry of these interactions is associated with reduced catalytic capacity, provid-
ing a mechanistic explanation for the structural alterations observed in the E290K–ATP
and I364N–ATP systems. ATP adopts a tightly coordinated binding mode stabilized by
conserved contacts and interactions with catalytic Mg2+, whereas dasatinib engages in a
more spatially dispersed orientation with limited coordination. These distinct interaction
profiles reflect the structural differences underlying enzymatic catalysis versus inhibitor
binding, emphasizing the molecular basis of regulatory specificity in Lyn kinase.

Multiple structural and biochemical studies have demonstrated that complete coordina-
tion of two Mg2+ ions is essential for maintaining catalytic function in protein kinases.
In particular, the presence of two properly coordinated Mg2+ ions has been shown to be
critical for efficient phosphoryl transfer [200, 201]. This requirement is conserved among
tyrosine kinases, including members of the Src family. For example, the Csk from this
family requires dual Mg2+ binding to support enzymatic function [202]. Loss or asymme-
try in Mg2+ coordination reduces catalytic efficiency and destabilizes the positioning of
ATP within the active site. Recent computational and structural analyses further indicate
that Mg2+ binding induces a favorable reorganization of the catalytic region and stabilizes
ATP geometry required for phosphoryl transfer [203]. In kinases lacking canonical Mg2+

binding motifs, such as CASK, enzymatic activity is severely reduced, underscoring the
structural role of metal coordination [204]. In the systems examined here, mutations such
as E290K and I364N disrupted coordination geometry and reduced or unbalanced Mg2+

interactions. This disruption was associated with increased structural distortion of the
catalytic cleft and supported a mechanistic link between impaired metal binding and the
adoption of inactive-like conformations.
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Figure 4.9: Distances between magnesium ions and coordinating residues in ATP-bound systems. Boxplots show the distribution of distances (in Å) between
magnesium ions Mg1 (left) and Mg2 (right) and their coordinating atoms throughout MD trajectories for (a) WT-ATP, (b) K275A–ATP, (c) E290D–ATP, (d) E290K–ATP,
(e) I364L–ATP, and (f) I364N–ATP systems. Red numbers above each box indicate the number of trajectory frames in which the corresponding interaction was detected.
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Ultimately, elucidating how alterations in the catalytic cleft environment, particularly
those affecting the coordination of ATP and Mg2+ ions, influence the spatial orientation
and stability of ATP provides mechanistic insight into how these disruptions interfere
with the alignment of reactive groups required for efficient phosphoryl transfer. To further
assess the structural consequences of impaired coordination, ligand flexibility and spatial
accommodation within the binding site were subsequently investigated.

Dynamic Remodeling of the Catalytic Binding Site

In light of the observed coupling between coordination of ATP and Mg2+ ions and the
geometry of the catalytic cleft, the effect of ligand remodeling across systems was sub-
sequently evaluated. Such remodeling directly influences catalytic efficiency, as precise
ligand positioning is essential for proper alignment of the phosphate groups and effective
phosphoryl transfer [205,206]. As shown in Figure 4.10a, the ligand RMSD distributions
demonstrated that ATP sampled a more restricted range of positions in all mutant sys-
tems compared to the WT–ATP complex. Median RMSD values were consistently lower
across every mutant, reflecting reduced internal flexibility and a more tightly anchored
placement of ATP within the catalytic pocket. This stabilization suggested that the in-
troduced mutations imposed spatial constraints or altered the shape and accessibility of
the cleft, thereby limiting ATP displacement during the trajectory. These effects implied
that local rearrangements around the binding site restricted ligand breathing motions and
confined its conformational ensemble to a narrower spatial range within the pocket.

Closer inspection of representative structures (Figure 4.10, panels b and c) was performed
to obtain a more nuanced interpretation of ligand flexibility. The structures shown cor-
respond to the medoids of the most populated trajectory clusters and were used as the
structural basis for subsequent analyses of ligand geometry and pocket organization. De-
tails regarding the number of clusters and their relative populations across systems are
provided in Table A7. In the WT–ATP system (panel b), ATP was observed to undergo
gradual reorientation toward the αC helix during the simulation, adopting a position closer
to the catalytic core and aligning along an axis consistent with an active-like conforma-
tion [20, 207]. This shift reflected the intrinsic adaptability of the WT binding pocket,
enabling ATP to sample catalytically favorable conformations. Similar ligand transitions
have been reported in active Src and Abl kinases, where interactions between ATP and
the αC helix help stabilize the active conformation [208,209].

In contrast, ATP in all mutant systems remained more rigidly positioned and did not
exhibit the reorientation observed in the WT system. Instead, it persisted in a location
farther from the αC helix, as illustrated by the I364N–ATP structure (panel c). The ligand
in this mutant was confined to a deeper and more static pose that limited conformational
breathing and prevented the repositioning observed in the WT.
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Figure 4.10: Ligand deviation within the catalytic pocket of Lyn kinase. (a) Violin plots of ligand RMSD distributions for ATP and dasatinib across all systems,
depicting the variability of ligand positions during the simulations. Boxplots inside each violin indicate the median and interquartile range. The WT–ATP complex exhibits
the greatest ligand flexibility, while all mutant systems and WT–DAS show more restricted ligand motion. The summary table above reports median and maximum RMSD
values for each system. (b) Representative structures from the most populated clusters of the WT–ATP system, with ATP gradually shifting toward the αC helix, reflecting
a catalytically permissive orientation and enhanced positional adaptability. (c) Representative structures from the most populated clusters of the I364N–ATP system, where
ATP remains rigidly positioned away from the αC helix, consistent with an inactive-like conformation and reduced flexibility required for catalytic alignment.
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This restricted geometry reduced the approach toward the αC helix and thereby hindered
the establishment of the spatial arrangement characteristic of active-like conformations.
The observed reduction in ligand flexibility was consistent with an inactive-like geometry
or catalytically incompetent conformation, in which the active site was misaligned for
efficient phosphoryl transfer.

The RMSD of dasatinib was observed to be significantly lower than that of ATP in the
WT system, reflecting more rigid binding and reduced structural displacement during
the simulation. As a competitive inhibitor, dasatinib occupied the same catalytic site
as ATP but exhibited minimal positional fluctuation throughout the trajectory. This re-
duced motion reflected a more fixed orientation within the pocket, with limited structural
adjustment over time. Such rigid binding behavior contrasted with the flexible accom-
modation observed for ATP and suggested that dasatinib restricted the range of motion
typically sampled within the catalytic cleft. Through this stabilization, a reduction in
local adaptability was induced, contributing to the formation of a more rigid structural
ensemble. Statistical comparisons of ligand RMSD values across all systems are summa-
rized in Table A8.

These findings suggest that while conservative substitutions may have restricted ATP
movement without fully eliminating catalytic potential, mutations characterized by al-
terations in charge or polarity were associated with a more rigid local environment that
limited ligand repositioning toward the αC helix, thereby impeding the transition required
for catalysis. In contrast, the native WT environment supported dynamic realignment of
ATP toward key catalytic regions, a feature likely essential for kinase activation and effec-
tive substrate positioning. Although the structural analyses provided clear evidence that
mutations and inhibitor binding altered ATP positioning and restricted ligand flexibility
within the catalytic cleft, such geometric constraints alone were insufficient to explain the
observed reduction in catalytic efficiency and inhibitor impact. To further investigate the
energetic consequences of these interactions, the following section examines the binding
free energies of ATP and dasatinib across all systems.

Evaluation of Ligand–Protein Binding Free Energies

Distinct RMSD profiles of ATP and dasatinib reflected differing dynamic behaviors and
degrees of conformational stabilization within the catalytic pocket. These positional fluc-
tuations were shown to influence not only local structural rearrangements but also the
thermodynamic favorability of ligand binding [210, 211]. To assess these contributions
across systems, ligand–protein binding free energies were estimated using the MM/PBSA
method. The resulting values aligned with the structural trends observed in ligand flexibil-
ity and residue-level contacts, thereby providing thermodynamic context to the observed
conformational distinctions. It should be noted that MM/PBSA estimates provide qual-
itative comparisons rather than absolute affinities, as they are influenced by systematic
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uncertainties related to entropic treatment and dielectric parameter selection.

Table 4.1 summarizes the ligand–protein binding free energies calculated via the MM/PBSA
method. The first column reports the average total binding free energy (∆Gtotal) across all
analyzed trajectory frames, while the second column shows the median value of the energy
distribution, which captures central tendencies while mitigating the influence of fluctua-
tions and outliers. In this analysis, the WT–ATP complex exhibited the most favorable
binding energy (−28.2 kcal/mol), consistent with strong ligand engagement in a catalyt-
ically aligned geometry. Conservative mutations such as I364L and E290D moderately
reduced the interaction strength (−22.9 and −24.6 kcal/mol, respectively), in agreement
with their more rigid yet still competent binding poses.

In contrast, the charge-altering or polarity-reversing mutations I364N and E290K led
to significantly weakened ATP binding, with total binding free energies of −18.1 and
−17.9 kcal/mol. These reductions suggest that such mutations disrupted key electrostatic
interactions and compromised the capacity of the catalytic site to accommodate ATP.
Similarly, the K275A mutation resulted in a less favorable binding energy (∆Gtotal =

−22.1 kcal/mol), likely due to the loss of stabilizing contacts between ATP and the
conserved catalytic lysine. This disruption further weakened the electrostatic interaction
network required for optimal ligand engagement.

The WT–DAS complex produced a binding free energy of −24.2 kcal/mol, approximately
4 kcal/mol weaker than WT–ATP. While this value still indicated a relatively stable
interaction, it reflected the broader and more nonspecific binding profile of dasatinib.
These findings supported the interpretation that although dasatinib engaged Lyn in a
conformationally stable manner, its interactions were more diffuse and less targeted than
those of ATP, in line with its broad-spectrum inhibitory mechanism.

Table 4.1: Binding free energy estimates for ligand-bound Lyn kinase systems from MM/PBSA calcu-
lations. Mean total and median values of the energy distributions are reported in kcal/mol.

System ∆Gtotal (kcal/mol) Median (kcal/mol)

WT–ATP −28.2 −22.6

WT–DAS −24.2 −24.2

K275A–ATP −22.1 −22.8

E290D–ATP −24.6 −24.4

E290K–ATP −17.9 −18.0

I364L–ATP −22.9 −23.3

I364N–ATP −18.1 −19.3
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Overall, the MM/PBSA results underscored how differences in ligand stabilization and the
surrounding electrostatic environment translated into measurable variations in binding
strength across systems. However, binding affinity is also influenced by the structural
accessibility and spatial organization of the catalytic cleft, which govern how effectively a
ligand can be accommodated and repositioned over time. To assess how these structural
features varied across WT and mutant systems, the geometric openness of the catalytic
pocket was subsequently evaluated.

Active Site Accessibility

To assess how ligand type and cancer-associated substitutions influenced the geometric
accessibility of the catalytic site, the SASA of the ATP-binding pocket was computed for
all systems. As shown in Figure 4.11, the WT–ATP complex exhibited the most open
catalytic pocket, with a surface area of 2968.1 Å2. This expanded geometry reflected a
conformation favorable for substrate engagement and efficient phosphoryl transfer.

In contrast, all ATP-bound mutant systems displayed reduced SASA values, indicating
narrowing of the catalytic cleft and potential restriction of ligand access and conforma-
tional adaptability. Among the mutants, K275A–ATP, I364N–ATP, and E290K–ATP
exhibited the most pronounced reductions, with surface areas of 2655.6, 2677.3, and
2717.9 Å2, corresponding to decreases of approximately 10.5%, 9.8%, and 8.4% relative to
WT. These reductions aligned with prior flexibility analyses, suggesting that these muta-
tions induced a more rigid and spatially constrained active site. E290D–ATP displayed
a modest reduction (∼3.0%), while I364L–ATP retained a relatively open pocket (∼2.3%
decrease), consistent with its more flexible and catalytically permissive behavior.

The WT–DAS system showed an intermediate pocket size (2871.9 Å2), smaller than that
of WT–ATP but more open than the most rigid ATP-bound mutants. This observation
suggests that dasatinib, although occupying the catalytic cleft, stabilized a distinct con-
formation that is neither fully active nor fully inactive, in agreement with its non-catalytic
binding mode. Visual comparison of pocket surfaces in WT–ATP and I364N–ATP sys-
tems (Figure 4.11, panel b) further highlighted the extent of spatial narrowing induced
by the I364N mutation.

Overall, the findings emphasized the critical role of spatial accessibility and conforma-
tional adaptability at the ATP-binding site in maintaining catalytically favorable confor-
mations of Lyn kinase. Disruption of this environment, whether through mutations that
rigidify the binding cleft or through inhibitors that restrict the catalytic geometry, was
associated with reduced ligand flexibility, impaired metal coordination, and a shift toward
inactive-like conformations. In contrast, the WT system preserved a more open and flex-
ible pocket architecture, which not only enabled efficient ligand accommodation but also
supported the structural rearrangements necessary for maintaining global conformational
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adaptability.

(a) (b)

Figure 4.11: Comparison of binding pocket surface areas across Lyn systems. (a) Boxplots show the
SASA of the catalytic pocket across all systems. The WT–ATP system exhibits the largest average surface area,
while all ATP-bound mutants display varying degrees of reduction, suggesting a narrowing or partial collapse of
the binding environment. (b) Structural overlay of the pocket surface in WT–ATP (gray) and I364N–ATP (burnt
orange). The mutant displays a visibly more constricted pocket around the ATP molecule, indicating a reduction
in accessible space that may limit ligand accommodation and positional flexibility.

Taken together, these complementary analyses revealed that catalytic function in Lyn
kinase depended on the coordinated tuning of multiple structural and energetic features
at the active site. High local residue proximity, stable Mg2+ coordination, elevated ligand
flexibility, favorable binding free energy, and an open pocket geometry collectively char-
acterized an active-like conformation. The WT–ATP system consistently exhibited all of
these characteristics, supporting efficient substrate accommodation and dynamic adapt-
ability within the catalytic cleft. In contrast, inactive-like conformations emerged in sys-
tems where these features were compromised. For instance, mutations such as E290K and
I364N simultaneously weakened magnesium coordination, reduced ligand RMSD, lowered
binding strength, and constricted the pocket surface, thereby locking the kinase into a
more rigid and catalytically incompetent conformation. Even conservative mutations like
I364L and E290D, while partially preserving native features, induced modest impairments
in ATP positioning and electrostatic stabilization. Notably, the dasatinib-bound system
illustrated a distinct inhibitory mechanism, characterized by low ligand RMSD and inter-
mediate SASA, reflecting a stable but non-productive interaction. These findings under-
score that no single structural descriptor fully defines catalytic capacity. Rather, it is the
concerted interplay among residue proximity, metal ion coordination, ligand dynamics,
pocket openness, and thermodynamic favorability that determines the kinase ability to
adopt and sustain an active-like conformation [5,212]. Disruption of any one element may
propagate through the structural network and shift the energetic equilibrium toward an
inactive-like conformation, highlighting the complexity and interdependence of features
governing functional regulation in Lyn.
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4.4 Conclusions

This chapter presented a comprehensive analysis of the conformational dynamics of full-
length Lyn kinase, integrating domain-resolved structural features, ligand interactions,
and system-specific motion profiles across WT, mutant, and ligand-bound systems. Dis-
tinct flexibility patterns were observed across domains, with the SH3 domain emerging
as a prominent modulator of overall structural adaptability. RMSD and RMSF analy-
ses demonstrated that both cancer-associated mutations and ligand binding reshaped the
dynamic behavior of individual domains and interdomain linkers, thereby influencing the
broader conformational landscape.

Principal component analysis reinforced these findings by highlighting mutation-induced
alterations in the vector and magnitude of dominant motions. While the WT system
retained a coordinated dynamic mode that supported interdomain transitions, mutant
systems exhibited reduced or spatially decoupled displacements, consistent with impaired
long-range communication. These results emphasized how localized residue perturbations
can propagate through the protein and reprogram both local interactions and global
conformational behavior.

ATP binding was found to stabilize the kinase structure, especially in the SH1 do-
main, maintaining features consistent with a catalytically competent arrangement. In
contrast, dasatinib increased flexibility in regulatory domains while restricting confor-
mational movement at the catalytic cleft, consistent with a stabilizing influence that
may suppress catalytic alignment. Mutational effects were context-dependent: conser-
vative substitutions (E290D, I364L) preserved dynamic features and surface accessibil-
ity, whereas charge-reversing and polarity-altering mutations (E290K, I364N) produced
globally rigidified conformations associated with impaired ATP binding and disrupted
magnesium coordination.

Binding site analyses further demonstrated how specific substitutions altered the catalytic
environment, impacting ligand positioning, residue contacts, and Mg2+ coordination ge-
ometry. These local perturbations corresponded to measurable differences in surface area
and predicted binding free energy, reinforcing the connection between flexibility and ligand
accommodation. Among all systems, WT retained the most adaptable and catalytically
favorable geometry, while the I364N and E290K systems consistently adopted conforma-
tions consistent with impaired catalytic potential.

These findings demonstrated that enzymatic function in Lyn kinase depends on the con-
certed alignment of structural and energetic features within the catalytic region. However,
certain limitations must be acknowledged. The simulation time, although extensive, re-
mains finite and may not fully capture slower or rare events. The use of classical force
fields introduces approximations in describing electronic effects, particularly for metal
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coordination and ligand polarization. Moreover, direct experimental validation of the
observed conformational behaviors was not performed. Despite these constraints, the
consistency of structural trends across replicate trajectories and systems reinforces the
robustness of the interpretations.

Importantly, this chapter has established a rigorous structural and dynamic framework
for understanding how local perturbations, whether through mutation or ligand engage-
ment, reshape the broader conformational landscape of Lyn kinase. The insights derived
here serve as a foundation for the next chapter, which shifts focus from local catalytic
rearrangements to long-range communication pathways within the protein. Chapter 5
explores how spatially distant regions interact through coordinated motions, leading to
the emergence of regulatory connectors that mediate allosteric control in the multidomain
context of full-length Lyn.
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Chapter 5

Allosteric Communication Networks
and Regulatory Connectors in

Full-length Lyn Kinase

The one who knows not,
and knows not that he knows not, is lost.

Knowledge is born of questions,
and questions arise from doubt.
Only the one who dares to doubt

will ever come to truly know.

– Ibn Sina (11th-century philosopher and polymath)



5.1 Introduction

Allosteric regulation enables proteins to integrate signals across distant regions, allow-
ing localized perturbations such as small-molecule association or amino acid substitu-
tions to influence global conformational behavior. In multidomain TKs such as Lyn, this
long-range communication cannot be fully understood from static structural snapshots.
Instead, it arises from distributed patterns of correlated motion that interconnect the
SH3, SH2, and kinase domains and govern the conformational ensembles adopted by the
protein [213].

MD simulations reveal the temporal coordination of motions between structurally dis-
tant regions of a protein and dynamic cross-correlation analysis offers a powerful means
to identify patterns of coupled motion between residues. These correlations provide a
system-level view of how domains interact and how structural or chemical perturbations
might alter this balance [214]. Within these networks of correlated motion, interface
residues play a particularly important role in transmitting long-range influence across do-
mains. These residues can act as bridges, helping to transmit dynamic information flow
from one region to another. Identifying which of these residues are central in the network
of communication provides a deeper understanding of how the protein maintains its co-
ordinated behavior, and how this coupling may break down in disease-related mutations
or inhibitor-bound conformations [215].

The communication networks in Lyn are likely to be relevant beyond this single ki-
nase, given that many SFKs share similar structural organization and regulation mecha-
nisms [216]. By comparing these networks across different Src family members, common
allosteric elements may be identified. Such comparative observations provide a foundation
for exploring alternative control mechanisms in SFKs and may support the development of
strategies aimed at achieving selective modulation through distant, non-catalytic regions.

To build on these insights and move from pairwise correlations to higher-order communi-
cation analysis, a network-based approach was applied. Correlation matrices derived from
MD trajectories were converted into residue-level networks that reflect the architecture
of dynamic coupling across the protein. These networks were analyzed using Louvain
community detection to identify groups of residues with internally coordinated motion.
Betweenness centrality was computed to prioritize residues positioned at the interface
between communities, representing potential communication bridges. These residues are
defined as cross-domain allosteric connectors and are hereafter referred to as “connectors”
for brevity. The evolutionary relevance of these connectors was evaluated by examin-
ing sequence conservation across the Src family using multiple sequence alignment. This
analysis enabled the distinction between conserved connectors and those specific to Lyn.

This chapter addresses Aim 2 of this study by identifying allosteric connectors in full-
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length Lyn kinase. These connectors were evaluated for their role in organizing long-
distance coupling and influencing conformational ensembles. The results shed light on
how internal communication in Lyn was redistributed under perturbation.

5.2 Computational Methods

Dynamical Cross-Correlation Analysis. To investigate coordinated motions within
the protein, dynamical cross-correlation analysis was performed for all systems. This
approach quantifies how fluctuations in the position of one residue are related to those of
another over the course of the simulation. The analysis was carried out using the dccm
function from the Bio3D package [217].

Each trajectory was aligned to the first frame of its respective simulation based on the
Cα atoms to remove overall translational and rotational motions. Based on Cα atom
displacements, residue pair correlations were computed to generate an N × N matrix,
where N is the number of residues. Each element in the matrix reflects the degree of
dynamic correlation between two residues, with values ranging from −1 to +1. Positive
values indicate motion in the same direction, while negative values reflect motion in
opposite directions. For comparative analysis, the upper triangle of each matrix (excluding
the diagonal) was vectorized to obtain a one-dimensional representation of residue–residue
correlation patterns. Pearson correlation coefficients and associated p values were then
computed between these vectorized profiles to compare systems.

The resulting matrices were visualized to identify characteristic patterns of domain-level
coupling and to compare the effect of mutations or ligand binding on inter-residue com-
munication. For structural projections and PyMOL visualizations, only residue pairs with
absolute correlation values |Cij| ≥ 0.9 were included, highlighting the strongest dynamic
couplings.

Community Detection and Integration Module Identification. To investigate
how dynamic correlations are organized within the protein, community detection was
performed using the Louvain algorithm [218]. This method groups residues into modules
based on their connectivity within the residue–residue correlation network derived from
the DCCM. For each system, an undirected weighted graph was constructed from the
upper triangle of the DCCM. Residues were represented as nodes, and edges were defined
between residue pairs with absolute correlation values of |Cij| ≥ 0.8. Edge weights re-
flected the magnitude of the dynamic correlation between residues. This threshold was
chosen to focus on the strongest correlated motions and to avoid over-connected graphs
that compromise the resolution of modular structure. Communities were then identified
by applying the Louvain algorithm, which partitions the graph into densely connected
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clusters.

To explore how these dynamically derived communities relate to protein structure, the
module membership of each residue was mapped to its structural region (SH1N, SH1C,
SH2, SH3, or linker). For each community, a purity score defined as the fraction of
residues coming from the most dominant structural region was computed. Modules with
high purity reflected localized domain-level dynamics, while those with low purity included
residues from multiple domains, suggesting coupling between distinct structural regions.
The module with the lowest purity in each system was labeled as the integration module
and selected for further analysis. This module typically included residues spanning three
to five structural regions, depending on the system, and was interpreted as a potential
connector for allosteric communication.

Interface Residue Identification. To determine which residues participate in interdo-
main interactions, interface residues were identified on representative structures for each
system using the InterfaceResidues plugin in PyMOL v3.1.0 [219, 220]. This method
estimates changes in SASA to detect contacts formed between protein regions. For each
calculation, the total SASA of the full protein was compared to the sum of the SASAs of
individual regions treated separately. The difference, referred to as ∆SASA, reflects the
surface area buried upon domain association. Residues with a ∆SASA greater than 1.0
Å2 were classified as interface residues, a commonly used threshold that indicates loss of
solvent exposure when two regions interact and are therefore likely to mediate physical
contact between structural domains. To systematically detect all key interdomain inter-
faces, three separate calculations were performed. In each case, one domain was defined
as the region of interest, while the remaining structural regions were grouped to form
the complementary segment. Specifically, SH1 was defined as residues 247 to 502, and
its interface was calculated against the complementary region comprising residues 60 to
246. Similarly, SH2 was defined as residues 129 to 226, with the complementary segment
including residues 60 to 128 and 227 to 502. For SH3, residues 60 to 123 were selected,
and the complementary region included residues 124 to 502.

To assess the persistence of interface residues across the full trajectory, a distance-based
vicinity analysis was performed using gmx select from GROMACS 2022.04 [100]. For
each system, residues from the domain of interest were selected if their center of mass
remained within 5 Å of the complementary region. Residue-wise contact occurrence was
recorded per frame and analyzed in R. Only residues present within the defined vicinity
in at least 80% of frames were retained, ensuring selection of consistently maintained in-
terdomain contacts. The resulting interface residues were later used to annotate allosteric
connector positions and interpret their spatial relevance in interdomain communication.
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Identification of Allosteric Connectors from Network and Interface Features.
To identify residues with potential allosteric relevance, betweenness centrality values
across all MD systems were computed for each residue within the residue–residue cor-
relation networks. These networks were constructed using edges with absolute correlation
values above a defined threshold, and centrality was calculated only within the integration
module of the system. Residues were then ranked by their centrality values to assess their
roles as connectors.

Three complementary features were integrated to derive an allosteric relevance score:
(i) the extent to which residue centrality differed between active-like and inactive-like
systems, (ii) the frequency with which a residue participated in mixed-domain modules,
and (iii) the frequency with which it appeared at interdomain interfaces across systems.
These three features were combined into a single interface-weighted score, and residues
exceeding the predefined threshold of 0.5 on the final score were classified as putative
allosteric connectors. The full mathematical definitions and scoring formulas are provided
in Equations (A1–A7).

Conservation Analysis of Allosteric Connectors Within Src Family. To assess
the evolutionary conservation of the identified allosteric connectors in Lyn kinase, a set
of comparative sequence analyses was performed across eight SFK members. Pairwise
sequence identity between Lyn and each homolog was first evaluated using BLAST [221],
separately for full-length sequences and for isolated kinase domains. These similarity
measures provided a quantitative overview of evolutionary relatedness and informed the
interpretation of connector conservation across regions.

Full-length protein sequences of eight SFKs were retrieved from UniProt and aligned using
MAFFT v7 [222]. The resulting multiple sequence alignment (MSA) was used for con-
servation scoring. Two complementary gap-aware conservation metrics were computed
for each connector position in Lyn: identity-based conservation and normalized Shan-
non entropy. The identity score was defined as the fraction of aligned sequences that
contained the same amino acid as Lyn at the given position and was expressed as a per-
centage, while the entropy-based metric accounted for chemically similar substitutions
and alignment diversity and was a normalized value between 0 and 1 [223]. To visualize
conservation patterns, the full-length MSA was annotated and displayed using Jalview
(v2.11.5) [224], providing a graphical representation of aligned sequences across the Src
family. Together, these analyses enabled a systematic evaluation of Lyn allosteric con-
nectors in an evolutionary context, distinguishing residues that were conserved across
SFKs from those likely to represent Lyn-specific regulatory elements. The mathematical
definitions and formulas are provided in Equations (A8–A9).

Mapping of Allosteric Drug-Binding Sites in Lyn Kinase. To assess whether
the dynamically central allosteric connectors identified in Lyn kinase overlap with known
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allosteric drug-binding sites in other kinases, a comparative structural analysis was per-
formed. A curated dataset of kinase inhibitors was retrieved from the Protein Kinase
Inhibitor Database (PKIDB) [225], which includes approved and clinical-stage inhibitors
annotated by binding mode and target kinases. Particular focus was placed on type 3
(distant allosteric) inhibitors, as well as those with undefined binding types that could
represent uncharacterized allosteric interactions, to identify potential overlap with pre-
dicted Lyn connectors. Structural data for selected inhibitors were obtained from the
Protein Data Bank (PDB) [226].

Structural alignments were performed in PyMOL, with superposition restricted to the
SH1 (kinase) domains of Lyn and reference kinase-inhibitor complexes. Alignments were
carried out using backbone Cα atoms, and iterative outlier rejection was applied to opti-
mize structural overlap and minimize alignment bias. Two types of structural comparisons
were performed: domain-level alignment to assess global kinase fold similarity, and local
alignment of residues within a 5 Å radius of the bound allosteric inhibitor to evaluate cor-
respondence at the inhibitor-binding region. RMSD values were calculated following each
alignment to quantify structural similarity at both global and local levels. To comple-
ment the structural analysis, sequence similarity between Lyn and reference kinases was
evaluated at the kinase domain level. SH1 domain sequences were aligned using MAFFT,
and the resulting MSA was visualized and inspected in Jalview. This combined structural
and sequence-based approach enabled evaluation of both global kinase fold conservation
and local correspondence of allosteric binding regions.

Flexibility Analysis of Lyn-Specific Allosteric Connectors. The local flexibility of
Lyn-specific allosteric connectors was quantified using Cα RMSF values derived from MD
trajectories. RMSF was calculated for the SH1 domain across all 13 simulated systems
to characterize residue-level fluctuations associated with top-ranked connectors in both
active-like and inactive-like ensembles. A detailed comparative analysis was subsequently
conducted for the active-like WT Lyn construct and two representative inactive-like mu-
tants, E290K and I364N, both of which consistently demonstrated lower activation metrics
and restricted sampling of conformational space in prior evaluations. Cα RMSF values
were extracted using gmx rmsf from GROMACS. The resulting profiles were examined to
assess flexibility changes at selected Lyn-specific, non-conserved connectors. This analysis
aimed to determine whether these regions exhibit dynamic features suggestive of active
involvement in allosteric control.
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5.3 Results and Discussion

Residue Correlation Across Lyn Kinase Systems

While PCA identified dominant directions of global motion, it did not describe how specific
residue pairs fluctuate in relation to one another. To address this, DCCMs were computed
for all systems to capture patterns of residue-residue coordination. In these matrices,
each element reflected the extent to which two residues moved in a coordinated manner
throughout the simulation. Positive values indicate motion in the same direction, while
negative values reflect motion in opposite directions.

Figure 5.1 displays the DCCMs for WT, ligand-bound, and mutant Lyn systems. In the
WT system, the correlation matrix exhibited a well-structured pattern, characterized by
strong positive correlations between residues from SH2 and SH1N, and between SH3 and
SH1C, as well as strong negative correlations between SH3 and SH1N, between SH2 and
SH1C, and between SH2 and SH3. A highly organized pattern of internal coordination
was also observed within the SH1 domain, particularly around flexible loops. These
interdomain and intradomain correlations were consistent with an active-like structural
organization. The WT–ATP system similarly preserved this correlation architecture,
indicating that ATP binding did not disrupt the intrinsic dynamic coupling. In contrast,
WT–DAS, although it maintained correlations between SH2 and SH3, showed a distinct
shift, with less consistent correlations within SH1 and between SH1 and the regulatory
domains. This reduction in long-range coordination suggested a ligand-induced decoupling
of interdomain dynamics.

All mutants displayed a similar trend of reduced SH1–SH2 and SH1–SH3 correlation,
accompanied by more fragmented regions of short-range coordination within individual
domains. E290K and I364N showed an even more disrupted pattern of correlated mo-
tion with diminished long-range coupling and loss of the clear SH2–SH3 axis, suggesting
impaired dynamic communication. E290D and I364L retained moderate domain-level
organization, but coupling was generally weaker compared to WT. Notably, I364N dis-
played the most disrupted pattern among all mutations. Compared to the WT system,
this mutant exhibited a pronounced reduction in interdomain correlations, particularly
between SH2 and SH3 as well as SH1 and SH2. The SH3 domain was observed to be
dynamically isolated, lacking coordinated motion with the rest of the protein. Consistent
with this observation, the correlation map was characterized by overall lower correlation
values relative to WT, indicating weakened dynamic coupling across the structure. This
pattern indicated a breakdown of long-range communication networks that were preserved
in WT and partially retained in other mutants.
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Figure 5.1: DCCM maps for 13 full-length Lyn kinase systems. Each panel represents the residue–residue dynamic cross-correlation matrix computed from MD
simulations. Correlation values range from +1 (strong positive correlation, shown in teal) to −1 (strong negative correlation, shown in burnt orange), with white indicating
weak or no correlation.
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These disrupted interdomain correlations were consistent with the structural constraints
identified in Chapter 4, where RMSF and PCA analyses showed that E290K and I364N
reduced the flexibility of regulatory domains and restricted the breathing motions of the
catalytic cleft. These localized rigidities extended across domains, limiting the global
rearrangements that normally sustained SH3–SH2–SH1 communication. The fragmented
DCCM signatures observed here, therefore, reflected the same mutation-driven loss of
long-range coupling identified previously.

The ATP-bound mutants further revealed system-specific responses. E290D–ATP ex-
hibited partial recovery of interdomain coordination, particularly between SH2 and SH1,
while SH3 remained weakly coupled. E290K–ATP retained the disrupted correlation pat-
terns of its apo form, suggesting a dominant effect of the mutation over ligand binding.
I364L–ATP regained substantial coordination across domains, especially between SH1 and
SH2, resembling a partially restored dynamic network. In contrast, I364N–ATP remained
fragmented, with very limited coupling observed between SH3 and the linker region.

In the K275A system, intradomain correlations within SH1 were largely preserved relative
to the WT system, whereas interdomain coupling was markedly reduced. Its ATP-bound
counterpart, K275A–ATP, displayed further disruption, with interdomain coordination
largely diminished. Together, these matrices demonstrated that while some mutations
allowed partial recovery of communication upon ATP binding, others, particularly E290K
and I364N, imposed strong structural constraints that were easily rescued. This analysis
provided a comprehensive system-level view of how single-point mutations and ligand
binding reshaped the internal dynamics of Lyn. The structured positive correlations
characteristic of the WT system were variably disrupted in mutants, often leading to
domain decoupling and altered communication networks.

To further examine how residue–residue correlations are distributed in three-dimensional
space, DCCM values were mapped onto the full-length Lyn structure for all simulated
systems. This spatial visualization complements the matrix-based analysis by illustrating
dynamic coupling across domains. Structural projections for the ligand-bound systems
are shown in Figure 5.2, while those for the apo systems are included in Figure A4. In
these representations, teal lines indicate strong positive correlations (≥ +0.9), while burnt
orange lines denote strong negative correlations (≤ −0.9) between residue pairs.

In the WT–ATP system, the structure was densely connected, with extensive teal and
burnt orange edges spanning from the SH3 domain to SH2, Linker, SH1N, and SH1C.
These long-range correlations illustrated robust interdomain coupling, consistent with
an active-like ensemble and aligned with the ATP-stabilized conformations described in
Chapter 4.
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(a) (b) (c)

(d) (e) (f) (g)

Figure 5.2: Three-dimensional representation of residue–residue dynamic correlations in ligand-bound Lyn systems. Spatial projections of DCCM-derived
correlations are shown for ligand-bound systems: (a) WT–ATP, (b) WT–DAS, (c) K275A–ATP, (d) E290D–ATP, (e) E290K–ATP, (f) I364L–ATP, and (g) I364N–ATP.
Colored lines denote strong correlations between residue pairs, with teal lines indicating strong positive correlations (≥ +0.9) and burnt orange lines indicating strong negative
correlations (≤ −0.9). These visualizations depict differences in long-range dynamic coupling across systems and illustrate how conformational perturbations affect global
communication.
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In contrast, the WT–DAS system exhibited a much sparser correlation network, with
most connections restricted to individual domains and limited evidence of long-range
coordination. This pattern supports previous observations that dasatinib binding reduces
dynamic coordination and favors an inhibitor-bound, inactive-like conformation.

Among the mutant systems, the long-range interdomain correlations present in WT–ATP
were absent, indicating a consistent disruption of coordinated communication between
SH3, SH2, and SH1. K275A–ATP, E290D–ATP, and I364L–ATP retained partial long-
range correlations within individual domains, particularly in SH2 and SH1N. Notably,
E290D–ATP also exhibited both positive and negative long-range correlations within
SH1C, distinguishing it from the other mutants.

In contrast, E290K–ATP and I364N–ATP displayed correlation patterns dominated by
short-range, intradomain interactions, with no extended correlations observed in SH2 or
SH3. In both systems, the domains appeared dynamically decoupled, with the SH3 do-
main fully uncoupled from the rest of the structure, reflecting the lowest level of long-range
coordination observed. These observations indicate that ATP binding was insufficient to
restore global coordination in the presence of certain mutations. This dynamic decoupling
reflects the broader effect of these substitutions on domain flexibility and interdomain
communication, as previously observed at both structural and catalytic levels.

These spatial correlation maps reinforced the patterns observed in the DCCM matrices:
the WT–ATP system preserved an extended, organized pattern of interdomain communi-
cation, whereas mutant systems such as I364N–ATP and E290K–ATP exhibited dynamic
isolation of domains and a breakdown of global coupling.

While the DCCM matrices and their spatial projections helped localize regions of altered
communication, a system-level comparison was required to evaluate the overall similarity
or divergence of correlation networks across systems. To this end, pairwise Pearson corre-
lation coefficients were computed between the entire DCCMs of all systems (Figure 5.3),
enabling a quantitative assessment of how mutations and ligand binding influenced the
overall patterns of coordinated residue motions in Lyn kinase.

As anticipated, the highest correlation coefficient (r = 0.95) was observed between WT
and WT–ATP, indicating that ATP binding preserved the core dynamic communication
network of the WT protein. This high similarity confirms that ATP binding maintains the
overall pattern of residue–residue correlations characteristic of the native conformational
ensemble. In contrast, WT–DAS displayed a markedly lower similarity to both WT and
WT–ATP (r = 0.45 and r = 0.42, respectively). This outcome aligns with the fragmented
and disordered DCCM pattern of WT–DAS seen in Figure 5.1, and suggests that dasatinib
binding induces a distinct reorganization of the dynamic correlation network, consistent
with an altered pattern of interdomain communication.
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Among mutant systems, strong correlations were observed between E290K and I364L
(r = 0.91), E290D and I364L (r = 0.89), E290K and I364N (r = 0.87), and E290D and
I364N (r = 0.86). These observations suggest that, despite arising at distinct spatial
sites, E290 within the catalytic region and I364 in a distal segment, these mutations may
perturb similar global communication networks. The convergence of correlation profiles
across these systems reinforces the concept that localized structural changes, whether
proximal or distal to the active site, can exert a comparable influence on the allosteric
communication network of Lyn.

The K275A system showed moderate correlations with E290D (r = 0.49), E290K (r =

0.46), and I364L (r = 0.40), suggesting partial disruption of dynamic connectivity without
complete interdomain decoupling. However, the ATP-bound counterpart, K275A–ATP,
exhibited weak similarity with all other systems (r ≤ 0.51), indicating a more isolated
pattern of correlated motions upon ligand binding in this background.

Interestingly, the ATP-bound forms of mutant systems such as I364N–ATP, E290K–ATP,
and E290D–ATP showed generally low similarity to both the WT and other mutant sys-
tems. In many comparisons, the Pearson correlation between vectorized DCCMs was be-
low r = 0.55, and several did not meet the threshold for statistical significance (p < 0.05).
These results indicate that ATP binding does not consistently restore WT-like commu-
nication patterns in the presence of mutations. Instead, each mutant exhibits distinct
changes in residue–residue correlation behavior, exposing mutation-specific disruptions in
interdomain communication.

The correlation heatmap revealed that while some mutants shared similar patterns of
altered dynamic coupling, others differed substantially, especially under ligand-bound
conditions. This diversity highlighted the complex interplay between point mutations,
domain motions, and the stabilizing or disruptive effects of ligand binding on allosteric
communication networks. The corresponding p values for all pairwise system comparisons
are provided in Table A9.

Overall, the DCCM-based analyses provided a detailed view of how dynamic correlations
were redistributed across the Lyn structure in response to ligand binding and mutation.
Matrix-level comparisons revealed that certain systems maintained coherent long-range
coordination, while others exhibited more fragmented patterns, particularly in the pres-
ence of disruptive substitutions. Spatial projections further emphasized how these al-
terations affected interdomain communication, with several mutant systems displaying
restricted connectivity across regulatory and catalytic regions. Although Pearson correla-
tion analysis offered a system-level comparison of overall similarity in dynamic coupling,
it did not directly identify which specific residues mediated the observed changes in long-
range communication. To enable a mechanistic interpretation of how information might
be transmitted across the protein structure, a network-based approach was applied. This
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method captured the topology of residue interactions derived from DCCM data. Dynamic
correlation networks were constructed and analyzed for their community structures, allow-
ing the identification of critical residues, referred to as allosteric connectors, that bridged
structural regions and contributed to the modulation of Lyn allosteric behavior.

Figure 5.3: Pairwise Pearson correlation coefficients between DCCMs of all 13 systems. Each circle
represents the correlation between two systems, with the shaded area proportional to the correlation strength
(ranging from 0 to 1, as shown in the scale bar). Red stars mark statistically significant correlations, indicating
meaningful similarity in dynamic coupling patterns between the respective systems. This visualization demon-
strates how specific systems exhibit shared or divergent communication patterns relative to one another.

Network-Based Identification of Allosteric Connectors

To extend the residue-level correlation analysis toward functional interpretation, dynamic
residue interaction networks were constructed from the DCCM data, and community
detection was subsequently performed. This network-based approach allowed modular
patterns of communication within Lyn kinase to emerge, and residues likely to serve as
allosteric connectors to be identified.

Based on structural and dynamic features observed in previous analyses, WT and WT–ATP
were classified as active-like systems, whereas all mutants and WT–DAS were categorized
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as inactive-like. This classification was guided by metrics such as domain-level RMSD
and RMSF, binding site compaction, and global correlation patterns. Each DCCM was
transformed into a network in which residues were represented as nodes, and connections
reflected the strength of their dynamic correlations. Community detection applied to
these networks enabled the identification of modules, groups of residues with coordinated
motions, likely involved in shared communication pathways. This method is particularly
informative in multidomain proteins such as Lyn, where cross-domain coordination serves
an essential regulatory function [227].

To evaluate whether a given module remained confined to a single structural domain or
spanned multiple domains, a parameter called module purity was introduced. This pa-
rameter was defined as the fraction of residues within a module that originated from the
same structural region. A high purity score (close to 1.0) was interpreted as a structurally
localized module, whereas a low purity score was associated with cross-domain communi-
cation. Modules with the lowest purity in each system were defined as integration modules,
representing the most likely sites of long-range allosteric coupling.

For this analysis, Lyn was partitioned into five regions: SH3, SH2, the interdomain linker,
SH1N, and SH1C. The SH3 and SH2 domains were considered to comprise the regulatory
N-terminal region of Lyn, while the interdomain linker was described as a flexible segment
connecting SH2 to the SH1 domain. The SH1N lobe (N-terminal lobe of the SH1 domain)
included the ATP-binding pocket and regulatory αC-helix, whereas the SH1C lobe (C-
terminal lobe of the SH1 domain) was defined by the catalytic loop and activation segment.
These regions were introduced to enable a direct interpretation of how each module aligned
with the domain architecture.

To visualize how residues from different regions contribute to each module, the compo-
sition of every community was examined using stacked bar plots (Figure 5.4). Each bar
represented one module, with colors corresponding to the proportion of residues originat-
ing from the five defined regions. This visualization allowed a determination of whether
a module is confined to a single domain or distributed across multiple domains.

A key insight from Figure 5.4 was that in most systems, at least one module contained
residues from all five regions, reflecting extensive cross-domain communication. In con-
trast, several mutant systems exhibited reduced integration. Specifically, in E290K,
I364N, and K275A, the integration modules included only four regions rather than five.
The most pronounced case was observed in the I364N system, where the modules were
overall less mixed and lacked contribution from the interdomain linker. This suggested
that the linker may have become dynamically decoupled in these mutants, possibly weak-
ening interdomain coordination.
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Figure 5.4: Module composition and structural region purity across all systems. Stacked bar plots
show the distribution of structural regions (SH3, SH2, linker, SH1N, SH1C) within each detected community
module per system, as identified by Louvain clustering on dynamic correlation networks. Each bar corresponds
to a distinct module, and region-specific colors indicate the degree of compositional heterogeneity. Modules
containing residues from multiple structural regions suggest strong cross-domain integration.
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Notably, the WT and WT–ATP systems exhibited highly similar patterns, with their inte-
gration modules drawing from all five regions in comparable proportions. This supported
the conclusion that ATP binding preserved the dynamic architecture of the active-like
conformation. Interestingly, the WT and WT–ATP systems displayed only three com-
munity modules in their dynamic correlation networks, whereas many mutant systems
exhibited four or five, indicating increased fragmentation of communication pathways.

This difference suggested that the WT and ATP-bound forms of Lyn maintained a more
integrated and cohesive dynamic architecture, with broader regions of the protein moving
in concert. Fewer modules implied stronger long-range coordination, which aligned with
their classification as active-like systems. In contrast, the higher number of modules ob-
served in most mutants reflected a more fragmented dynamic network, where structural
regions moved more independently. This modular fragmentation may have underlain the
loss of efficient interdomain communication seen in inactive-like conformations. Although
WT–DAS also showed only three modules, previous correlation analyses (Figures 5.1 to
5.3) indicated that these modules were less structured and displayed disrupted domain-
level communication, consistent with an allosterically inhibited conformation. Addition-
ally, 17 residues were not assigned to any integration module across all systems, likely
reflecting regions with limited or flexible dynamics.

To identify which residues might act as allosteric connectors, betweenness centrality, a
graph-theoretic measure that captures nodes lying on the shortest communication paths
between other nodes, was computed. The top 25 residues with the highest centrality in
each system were selected as candidate connectors. Although variation was observed in
the specific residues identified across systems, several positions were found to appear con-
sistently in multiple networks, suggesting a conserved role in mediating residue–residue
communication. To further explore their potential importance within the dynamic net-
work architecture, centrality scores were examined in relation to system-level behavior
(active-like vs. inactive-like). Residues with strong positive or negative correlations were
regarded as important for distinguishing between conformational ensembles. To refine the
list further, a consistency score was calculated, measuring how often a residue ranked as
central across different network thresholds, along with a mixing score indicating how many
regions were represented in each integration module. These values were then combined
into a unified score.

Finally, to incorporate structural context, the locations of candidate residues at interdo-
main interfaces were analyzed based on residue–residue contact frequencies across the
MD trajectory. Each residue was annotated according to its presence at SH1, SH2,
SH3, or linker interfaces. By integrating dynamic centrality and interface location, an
interface-weighted score was defined, which enabled the prioritization of residues most
likely to serve as functional connectors. Residues with a final score above 0.5 were de-
fined as allosteric connectors (n = 44). These connectors were distributed across all five

91



structural regions, though fewer were identified in SH2. Notably, many of the connec-
tors were located at domain interfaces, including the SH3–SH1C boundary, SH2–SH1
linker, and SH1N lobe. This distribution is consistent with a model in which long-
range allosteric control in Lyn is mediated through structurally embedded networks that
span multiple domains. The complete dataset of allosteric connectors, including all cal-
culated scores, is publicly available via Zenodo [228] (RebollidoRiosLab, 2025; https:
//doi.org/10.5281/zenodo.16986533). A summary is provided in Table A10.

The domain-level organization of connector residues is depicted in Figure 5.5a, illustrat-
ing their distribution across SH3, SH2, SH1N, SH1C, and the interdomain linker. Rather
than remaining confined within individual regions, these residues form cross-domain clus-
ters. Dashed connections between modules indicate putative interdomain communication
paths derived from the correlation network. When projected onto the three-dimensional
structure (Figure 5.5b), these residues form a spatially distributed network spanning the
full protein architecture. This organization supports the interpretation that these posi-
tions constitute an interdomain allosteric wiring system capable of mediating long-range
coupling and responding to both mutation- and ligand-induced perturbations.

The allosteric connectors identified here were more consistently retained in the active-like
systems (WT and WT–ATP) than in the mutant systems and WT–DAS. This suggests
that dasatinib binding, like disruptive mutations, destabilizes the native allosteric net-
work rather than shifting it to an alternative conformation. The loss of key connector
residues across some inactive-like conformations underscores a breakdown in long-range
coordination and emphasizes the distinction between catalytically competent and inhib-
ited conformations.

The identification of allosteric connectors in full-length Lyn revealed a structurally inte-
grated communication network capable of mediating long-range dynamic coupling across
multiple domains. These connectors, distributed across interface regions and enriched in
active-like systems, offer valuable perspectives into the internal communication architec-
ture of Lyn. To place these findings in a broader biological and pharmacological context,
two complementary comparative analyses were performed. First, the evolutionary conser-
vation of the identified allosteric connectors across other Src family members was assessed
to determine whether these dynamic connectors represent generalizable features of SFK
regulatory architecture or are specific to Lyn. Second, the spatial distribution of these
connectors was compared to known allosteric binding sites in other kinases, including
those targeted by FDA-approved allosteric inhibitors. This cross-comparison enabled an
evaluation of whether the dynamically important regions revealed in the simulations co-
incide with surfaces that have already been explored pharmacologically. Together, these
analyses extended the implications of the network-based insights, reinforced the potential
for conserved allosteric mechanisms to be exploited in drug discovery, and established a
foundation for the future exploration of non-catalytic regulatory sites in kinases.
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Figure 6. Spatial and network organization of the 44 allosteric hubs identified across 
systems. (a) Network-based schematic showing the distribution of allosteric hub residues 
across Lyn kinase domains. Hubs are grouped and colored by structural regions (SH3, SH2, 
interdomain linker [L], SH1N, SH1C). Dashed edges indicate putative interdomain 
communication paths inferred from correlation network topology. (b) 3D spatial mapping of 
the same 44 residues onto the WT full-length Lyn structure. Hub residues are shown as 
spheres and colored as in (a), highlighting their broad distribution and role in bridging multiple 
domains. This architecture supports a model of embedded allosteric wiring responsive to 
ligand binding and mutation.

Figure 5.5: Spatial and network organization of the 44 allosteric connectors identified across all simulated systems. (a) Network-based schematic showing
the distribution of allosteric connectors across Lyn kinase domains. Residues are grouped and colored by structural region (SH3, SH2, interdomain linker [L], SH1N, SH1C).
Dashed edges represent putative interdomain communication paths inferred from correlation network topology. (b) Three-dimensional mapping of the same 44 residues onto
the WT full-length Lyn structure. Connector residues are shown as spheres and colored according to domain as in (a), illustrating their widespread distribution and role in
bridging regulatory and catalytic regions. This architecture supports a model of structurally embedded allosteric communication responsive to mutation and ligand binding.
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Conservation and Divergence of Allosteric Connectors Across the
Src Family

To determine whether the allosteric connectors identified in Lyn kinase represent con-
served structural features within the Src family or reflect characteristics unique to Lyn, a
comparative conservation analysis was performed across eight Src family members. Two
related questions were addressed: which of the dynamic connectors are broadly conserved
across the family, and which show divergence specific to Lyn that may contribute to
its distinct regulatory properties. By combining residue-level conservation with the pre-
viously calculated allosteric scores, shared structural elements were distinguished from
subtype-specific adaptations. These findings provide insight into how evolutionary pres-
sures have shaped the dynamic architecture of SFKs and reveal opportunities for the
selective targeting of Lyn through its distinct allosteric connectors.

As discussed in Chapter 1, SFKs are broadly classified into two subgroups based on
sequence and functional similarity: the Lyn-related subfamily, comprising Lyn, Hck, Lck,
and Blk; and the Src-related subfamily, including Src, Fyn, Yes, and Fgr. These groups
reflect distinct evolutionary branches within the family and may exhibit differences in
regulatory mechanisms [229]. To provide context for comparing allosteric connectors,
sequence similarity between Lyn and other SFKs was assessed, both for full-length proteins
and isolated kinase domains. Hck exhibited the highest sequence identity to Lyn at 70.5%,
while Src displayed the lowest, approximately 60.3% (see Tables A12 and A13). These
values are consistent with the subgroup classification and support a more detailed analysis
of conservation patterns.

To evaluate the conservation of the 44 allosteric connectors across the Src family, a multi-
ple sequence alignment was conducted. As summarized in Table A10, the aligned residues
from other SFKs are listed alongside those of Lyn, providing a position-specific overview
of residue-level variation. Two complementary conservation metrics were included to cap-
ture distinct aspects of evolutionary constraint. The Lyn identity score quantifies how
many SFKs retain the exact same residue as Lyn, indicating strictly preserved positions.
In contrast, the normalized Shannon entropy score accounts for chemically similar substi-
tutions that may preserve function despite sequence differences. Using both metrics helps
distinguish residues that are strictly conserved from those that are more flexible but still
influential in maintaining structural or regulatory roles. Combined with the previously
described dynamic and interface scores, these values provide an integrated view of the
evolutionary and structural relevance of the identified connectors.

A majority of the connectors displayed moderate to high conservation, with 30 out of 44
positions showing identical residues in more than half of the family members. Several
residues, including G256, M294, M322, N372, A384, and F420 were completely conserved
across all aligned sequences. Despite this high degree of evolutionary conservation, these
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positions received some of the lowest interface-weighted scores in the dynamic network
analysis. All are located near the ATP-binding pocket or within the activation loop,
suggesting that they belong to a structurally rigid and functionally essential core. Their
low dynamic centrality indicates that, although they are critical for maintaining catalytic
structure and ligand coordination, they contribute minimally to long-range allosteric com-
munication. This contrast underscores the distinction between residues conserved to sta-
bilize the enzymatic core and those involved in dynamic coordination across domains.
Among these fully conserved sites, both N372 and M322 were shown in Chapter 4 to par-
ticipate directly in ligand coordination: N372 coordinates Mg2+ in the ATP-binding site,
while M322 forms direct contacts with both ATP and dasatinib. The strict conservation
and functional relevance of these residues corroborate the view that this catalytic core
represents a shared regulatory scaffold maintained throughout the Src family.

In contrast to these fully conserved residues, several other positions showed subgroup-
specific conservation. A subset of connectors, including Y266, V250, Y265, A255, and
A323, were conserved only within the Lyn-related subgroup but differed in all members
of the Src-related subgroup. This selective conservation suggests that distinct sets of
residues may contribute to regulatory functions unique to each subgroup. Such divergence
supports the possibility that the two evolutionary branches within the Src family have
adopted different allosteric coupling strategies, potentially reflecting subgroup-specific
functional roles in cellular regulation.

Notably, 9 of the 44 connectors, K343, D66, S228, R304, P73, I227, G65, A255, and
I475, showed both low Lyn identity scores and low Shannon scores. This combination
indicates that these positions are not only divergent from Lyn in other SFKs but are also
substituted with biochemically distinct residues rather than chemically similar alterna-
tives. Strikingly, these sites received the highest interface-weighted scores in the allosteric
network analysis, indicating that they occupy central positions in interdomain communi-
cation and contribute significantly to Lyn dynamic coupling behavior. Such pronounced
divergence implies that these residues may represent Lyn-specific allosteric adaptations.
Therefore, it can be concluded that although the main principles of dynamic allostery are
conserved across the Src family, Lyn possesses unique coupling features that may underlie
its specific roles in cellular signaling and cancer.

Interestingly, the four highest-scoring connectors, K343 (in SH1C, αE helix), D66 (in
SH3), S228 (in the linker), and I475 (in αF helix), were among the least conserved. These
residues are located at critical domain interfaces, including SH1C–SH2, SH3–SH2, and
linker–SH3 boundaries, and their sequence divergence may contribute to differences in
dynamic regulation among SFKs.

Of particular interest are Lyn-specific connectors located in regions known to mediate
autoinhibition. For instance, residue P73 in the SH3 domain is embedded within a con-
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served YPY motif (Y72–P73–Y74), which forms the canonical proline-rich binding groove
that engages PxxP motifs from the SH2–kinase linker (Figure 5.6). This groove enables
intramolecular SH3–linker interactions that are critical for maintaining the inactive-like
conformation of SFKs. The two tyrosines form a hydrophobic aromatic shelf, while the
central proline introduces rigidity, optimally positioning the motif for recognition of linker
prolines [230,231]. While this motif is highly conserved in Lyn, the central proline is no-
tably absent in other SFKs, where an aspartate is present instead. This suggests that Lyn
may possess a more structurally rigid SH3–linker interaction, potentially contributing to
its distinct autoinhibitory behavior.

Residues I227 and S228 (the third highest-scoring connector) in the linker region repre-
sent additional Lyn-specific connectors that are not conserved in other SFKs. Structural
models show that S228 is positioned near Y72 in the SH3 domain, where it may stabilize
SH3–linker docking through hydrogen bonding or polar interactions. This suggests the
presence of a tightly coupled linker–SH3 module unique to Lyn, with implications for its
dynamic switching between inactive and active conformations.

Compared to other SFKs, Lyn exhibits markedly different domain behavior during acti-
vation. In particular, the SH3 domain plays a dominant regulatory role in Lyn, whereas
regulation in other SFKs, such as Src, is more strongly influenced by SH2 or SH1C do-
mains. Studies using HDX-MS and FRET-based conformational reporters have shown
that Lyn SH3 domain undergoes distinct conformational changes upon ligand binding
and phosphorylation, indicating a more active role in modulating kinase activity [232].
This domain-specific regulatory behavior may explain why certain connectors in the SH3
domain and linker are unique to Lyn and may contribute to its specialized roles in immune
signaling and cancer.

Collectively, this conservation analysis reinforces the notion that while a common allosteric
framework is preserved across the Src family, particularly in structurally critical regions
such as the active site and activation loop, Lyn has evolved distinct allosteric couplings
that differentiate it from other family members. These Lyn-specific residues, many of
which occupy central positions in the dynamic network, may reflect specialized regulatory
functions adapted to the unique biological roles of Lyn, especially in immune signaling
and oncogenesis. Their divergence from the broader SFK consensus suggests potential
vulnerabilities that could be exploited for selective therapeutic targeting. In this context,
evaluating whether these dynamically important regions coincide with known allosteric
binding sites in other kinases may help assess their druggability. The following section
addresses this question by comparing the predicted Lyn allosteric connectors to established
non-catalytic binding pockets targeted by FDA-approved allosteric kinase inhibitors.
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Figure 5.6: Structural basis of Lyn autoinhibition via the proline-rich SH3–linker interface. Left: Active-like conformation of full-length Lyn kinase, with SH3
(red), SH2 (orange), SH1 (teal), and linker (gray). Right: Inactive-like conformation featuring a more compact spatial arrangement of SH3 and SH2 in proximity to the SH1
domain. Center: Close-up view of the proline-rich groove in the SH3 domain (Y72–P73–Y74) interacting with linker prolines (P231, P234) and S228. This intramolecular
interaction stabilizes the inactive-like conformation and is further supported in Lyn by the presence of S228 and P73, which are not conserved in other Src family kinases.
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Mapping Allosteric Connectors to Known Kinase Inhibitor Pockets

To assess the broader relevance of the allosteric connectors identified in Lyn kinase, the
spatial relationship between these dynamically central residues and known kinase inhibitor
binding sites was examined. Specifically, the potential overlap between the predicted
connectors and the binding regions of approved or clinical-stage kinase inhibitors was
evaluated. The PKIDB classifies inhibitors based on their binding location and the con-
formational ensemble of the kinase they stabilize [233,234]. From the subset of inhibitors
annotated for SFKs, nine compounds currently approved or under clinical investigation
were identified as ATP-competitive molecules (types 1, 1.5, or 2), as summarized in Ta-
ble A11. Notably, no type 3 inhibitors, defined as binding to distant ATP-independent
allosteric pockets, have been reported or approved for SFKs to date, highlighting a poten-
tial opportunity to explore alternative modes of inhibition. In the absence of SFK-specific
distant allosteric inhibitors, comparative structural analyses across other kinase families
provide a rational framework for identifying and evaluating analogous regulatory pockets.

Structural comparisons of allosteric binding pockets across kinases have been widely em-
ployed to investigate the conservation, variability, and druggability of non-catalytic reg-
ulatory sites. Large-scale surveys have mapped allosteric inhibitor binding regions across
diverse kinase structures, identifying shared spatial features and revealing family-specific
differences in pocket geometry [235]. These analyses commonly rely on structural align-
ment and superposition of kinase domains to evaluate whether predicted allosteric sites
spatially coincide with known ligand binding positions. Reviews of kinase inhibitor bind-
ing sites further illustrate how similarities and differences in pocket architecture can inform
the exploration of alternative inhibitory strategies across related kinases [236]. Such ob-
servations underscore the value of comparative structural frameworks for examining distal
regulatory pockets, especially when investigating whether dynamically important residues
coincide with known drug-binding pockets in related kinases.

As an initial step toward assessing the druggability of the identified connectors, the bind-
ing patterns of FDA-approved type 3 kinase inhibitors were examined. Among these,
cobimetinib, selumetinib, and trametinib, selective MEK1 inhibitors, were found to bind
to a distinct allosteric pocket near but not intersecting with the ATP-binding site. MEK1
is a dual-specificity kinase (capable of phosphorylating both serine/threonine and tyrosine
residues) that belongs to the STE kinase group. Structural alignment of the cobimetinib-
bound MEK1 with the Lyn SH1 domain is shown in Figure A6 as a representative example,
with details reported for both global and local comparisons.

Within the vicinity of the MEK1 allosteric pocket, four predicted allosteric connectors in
Lyn, M294, R304, N372, and A384, were found to be spatially co-localized with the bound
inhibitor. This convergence reinforces the functional relevance of the region as a potential
druggable pocket. In parallel, several residues directly interacting with cobimetinib in
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MEK1 exhibited clear structural or functional equivalence in Lyn. These include F290
(equivalent to Lyn F386) within the DFG motif, V127 (Lyn V303), which lies in the ATP-
binding cleft and is also a naturally occurring mutation site in Lyn (see Table A2), and
K97 (Lyn K275), the conserved catalytic lysine essential for ATP coordination. Notably,
binding was also observed at N195 (corresponding to Lyn N372), a conserved allosteric
connector in SFKs and previously implicated in Mg2+ coordination in Chapter 4.

A similar spatial overlap with predicted Lyn connectors was observed for the two addi-
tional allosteric inhibitors. The ATP binding site and its surrounding residues are known
to be structurally and functionally conserved across a wide range of kinases, including
those belonging to distant branches of the kinome [237]. As a consequence, inhibitors
targeting this region are often associated with limited selectivity and may inhibit multiple
kinase families. In contrast, higher specificity can be achieved by targeting distal regula-
tory pockets, where allosteric inhibitors engage less conserved regions that play key roles
in modulating long-range communication dynamics [238].

Beyond structurally annotated inhibitors, asciminib was identified as an FDA-approved
distant allosteric inhibitor among PKIDB entries with undefined binding types. Asciminib
targets the ABL1 kinase, a member of the TK family, by binding to the myristoyl pocket
within the SH1C domain, which is spatially distant from the ATP-binding site. The
co-crystal structure of ABL1 with asciminib (PDB: 5MO4 [82]) reveals a dual-ligand
configuration, with asciminib occupying the allosteric site and a second ligand bound in
the ATP pocket. This architecture exemplifies the strategy of double-drugging, in which
orthosteric and allosteric inhibitors are co-administered to achieve enhanced selectivity
and therapeutic efficacy [239]. Clinically, asciminib has been approved for the treatment of
Philadelphia chromosome-positive chronic myeloid leukemia (Ph+ CML), including cases
resistant to ATP-competitive inhibitors such as those harboring the T315I mutation [240,
241]. As a validated distant allosteric modulator, asciminib underscores the therapeutic
potential of non-catalytic pockets in kinase drug development.

The SH1 domains of ABL1 kinase (PDB: 5MO4) and Lyn kinase were structurally aligned
and a total of 183 residues were retained after five iterative outlier rejection cycles, yield-
ing a global RMSD of 1.708 Å. Consistent with this structural correspondence, sequence
alignment of the SH1 domains revealed strong conservation across the kinase core, in-
cluding the DFG, HRD, APE motifs, as well as the catalytic lysine, reflecting the shared
architecture of TK family kinases (see Figure A8). In addition, a focused alignment of the
asciminib binding site resulted in an RMSD of 1.861 Å over 12 Cα atoms. These values
indicate strong structural similarity at both the global fold level and the local allosteric
binding region, supporting the comparative mapping of allosteric pockets between the
two proteins. As shown in Figure 5.7, a striking spatial overlap was observed between the
asciminib-bound allosteric pocket in ABL1 and several of the highest scoring allosteric
connectors identified in Lyn.
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Figure 5.7: Structural overlap between asciminib binding site in ABL1 and predicted allosteric connectors in Lyn kinase. The full-length Lyn kinase model
is shown as a gray cartoon, with predicted allosteric connectors color-coded by structural region: SH3 (dark red), SH2 (orange), SH1 (teal), and linker (gray). The SH1 domain
of ABL1 kinase (yellow cartoon, PDB: 5MO4 [82]), co-crystallized with the allosteric inhibitor asciminib (magenta sticks), was structurally aligned to the SH1 domain of Lyn.
Asciminib binds a distal site between the αE and αF helices, where several high-scoring Lyn connectors, including K343, D346, F347, P342, I351, and I475, are spatially
co-localized. This structural convergence supports the potential for targeting conserved, noncatalytic regulatory pockets in kinases.
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In ABL1, asciminib is bound at a distal site situated between the αF and αE helices
within the SH1C region. Notably, the αE helix also contributes to the SH1–SH2 interface
in Lyn, which was previously identified as a key region of dynamic interdomain coupling.
Through structural alignment, key residues comprising this pocket, N355, L359, L360,
and A363 (from αE), and V487, L490, and M491 (from αF), were found to correspond to
several major dynamic connectors in Lyn. These include K343, the top-scoring connector
in the analysis and located at the SH1–SH2 interface, D364, another prominent interface
residue, and nearby contributors such as P342, F347, I351, I475, and P488. As illustrated
in Figure 5.7, this notable structural correspondence reinforces the functional relevance of
the identified dynamically central connectors in Lyn kinase. The alignment reveals that
the SH1–SH2 interface in Lyn, corresponding to the asciminib-binding pocket in ABL1,
is not only structurally conserved but also critical for dynamic regulation. These findings
underscore the broader potential of targeting conserved interdomain allosteric sites as
druggable interfaces for distal inhibition, and emphasize the strength of network-based
approaches in uncovering functionally critical regions beyond the catalytic site.

Overall, these insights demonstrate that Lyn kinase contains a distinct set of dynamically
central allosteric connectors that show both structural divergence and spatial convergence
with known distant inhibitor-binding sites. Several residues at the SH1–SH2 interface,
including K343, D364, and I475, were identified as top-ranking connectors overlapping
the asciminib-binding pocket in ABL1. This structural correspondence underscores the
druggability of non-catalytic interdomain regions in Lyn, particularly those that are evolu-
tionarily distinct and dynamically influential. To further assess their potential regulatory
role, the following section evaluates whether these Lyn-specific connectors exhibit local
flexibility and responsiveness to perturbation, biophysical properties commonly associated
with allosteric control.

Dynamic Flexibility of Lyn-Specific Allosteric Connectors

To integrate insights from network analysis, conservation profiling, and inhibitor-binding
comparisons, Lyn-specific allosteric connectors were examined for local dynamic proper-
ties indicative of regulatory elements. Despite their lack of conservation across SFKs,
these residues consistently ranked among the top interface-weighted connectors and over-
lapped structurally with established allosteric inhibitor-binding pockets. This convergence
across independent analyses suggested their relevance as regulatory elements unique to
Lyn. The final analysis aimed to determine whether these connectors also exhibit the
dynamic plasticity characteristic of functional allosteric regions, given that flexibility is
widely recognized as a hallmark of sites mediating long-range communication and ligand
responsiveness [242]. In active-like conformations, such regions often display enhanced
adaptability, enabling accommodation of small molecules or responsiveness to perturba-
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tions [77, 243].

To evaluate this possibility, residue-wise Cα RMSF values were calculated from MD sim-
ulations, as such analyses have been widely used to identify potential allosteric sites in
protein kinases [244,245]. RMSF profiles for ten apo and holo systems are shown in Fig-
ure A9, providing a broad comparison across Lyn mutants and ligand-bound conditions.
A focused analysis of three representative systems, WT Lyn, and the E290K and I364N
mutants, is presented in Figure 5.8. WT Lyn was previously characterized by an active-
like conformation, while both mutants consistently exhibited reduced activation features
and altered dynamics.

In the mutant systems, a pronounced reduction in flexibility was observed across the αC,
αE, and αF motifs relative to WT. Notably, this stabilization is most prominent at the
RMSF maxima corresponding to the flexible loops adjacent to these helices, indicating a
significant attenuation of conformational sampling in these regions. This behavior par-
allels the reduced flexibility seen in the ATP-binding site under inactive-like conditions,
reinforcing the role of these coupled helix-loop segments in long-range regulatory com-
munication. These findings are consistent with the established model of kinase allostery,
where the structural orientation of a core helix is intrinsically coupled to the dynamics of
its tethered loops, creating functional modules that respond as a single unit to mutational
stress [215]. Comparable patterns have been reported in other kinases, where motifs in-
volving the αF and αC helices function as dynamic centers of allosteric communication
and frequently serve as binding sites for non-catalytic ligands [246–249].

The αE-motif, located at the SH1C–SH2 interface, includes several top-ranked connectors
identified in the analysis, such as P342 and the highest-scoring connector K343. Similarly,
the αF-motif contains I475, another key residue located within the region targeted by
allosteric inhibitors like asciminib in ABL1. The observed reduction in flexibility across
both motifs in the mutant systems suggests that their dynamic behavior, is highly sensitive
to conformational perturbations, a defining feature of functionally relevant regulatory
elements. Structurally, the αH-motif lies between the αE and αF regions and appears
to be influenced by dynamic coupling with these adjacent segments. Such inter-motif
communication has been well documented in other kinases, where shifts in local flexibility
propagate through spatially proximal elements via backbone or side-chain interactions,
particularly within the densely packed catalytic core [237,250].
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αC-motif

αF-motif αH-motif
αE-motif

Figure 5.8: RMSF profiles of Lyn WT and inactive-like mutants. Residue-wise Cα RMSF values for the SH1 domain are shown for WT, E290K, and I364N systems.
Shaded regions highlight key regulatory motifs, defined as the coupled α-helices and their adjacent flexible loops, which exhibit significant suppression of fluctuation peaks in
mutant systems. These regions encompass the αC, αE, αH, and αF motifs, as well as the ATP-binding site. The observed reduction in flexibility across these motifs reflects
a stabilization toward inactive-like conformations. Notably, the αE and αF motifs contain Lyn-specific allosteric connectors K343 and I475, reinforcing their potential as
candidate sites for selective allosteric modulation. The inset depicts the spatial localization of these dynamically coupled motifs within the kinase domain architecture.
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On the other hand, low conservation at a residue site indicates greater sequence variability
across SFKs, which can be advantageous for developing selective allosteric inhibitors by
reducing the likelihood of off-target interactions [77, 236]. Regions that diverge substan-
tially across the family are more likely to present unique structural environments suitable
for specific molecular recognition [238]. Among the regions evaluated, the αC-motif, al-
though dynamically active and showing significant peak suppression in the RMSF analysis,
exhibits high evolutionary conservation throughout the SFK family [250]. This conser-
vation likely stems from its essential role in maintaining the structural integrity of the
ATP-binding pocket and supporting catalytic function [251]. Notably, allosteric connec-
tors such as A286, situated within the αC-motif, display some of the highest conservation
scores across the family. Consequently, despite its dynamic nature and sensitivity to the
mutations, the αC-motif is less likely to represent a viable target for selective allosteric
inhibition due to this lack of sequence divergence.

Taken together, these analyses indicate that the αE and αF motifs constitute Lyn-specific
allosteric regions that are both dynamically adaptable and evolutionarily divergent from
the highly conserved catalytic core. Their localization at interdomain interfaces, combined
with the coupled flexibility of their helix-loop architecture and their lack of sequence con-
servation, underscores their potential as candidate sites for selective allosteric modulation.
Importantly, several residues within these motifs overlap with known allosteric pockets in
other kinases and display high sensitivity to activation-linked structural rearrangements
in Lyn, as evidenced by the suppressed fluctuation peaks in the mutant systems. These
properties collectively reinforce their relevance not only for understanding Lyn regulation
but also for guiding future structure-based drug discovery efforts. Targeting such non-
catalytic, conformationally responsive motifs may enable the development of selective
allosteric inhibitors with reduced off-target effects across the Src family.

5.4 Conclusions

In this chapter, long-range communication and allosteric regulation in full-length Lyn
kinase were systematically characterized through the combined use of dynamic cross-
correlation analysis, network-based residue interaction mapping, evolutionary conserva-
tion assessment, and structural flexibility evaluation. This integrated framework enabled
the identification of dynamically relevant regions that govern interdomain coordination
and regulatory communication.

The WT active-like conformation of Lyn was found to maintain a highly organized dy-
namic architecture, marked by strong interdomain coupling between the SH3, SH2, and
SH1 regions. Upon dasatinib binding and in several point mutants, particularly E290K
and I364N, this coordination was disrupted, resulting in fragmented correlation networks
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and reduced global communication. Although partial recovery of domain-level communi-
cation was observed for some mutant systems upon ATP binding, others, most notably
I364N–ATP, remained dynamically decoupled, indicating a limited capacity for structural
adaptation.

Through network-based analysis of dynamic correlation patterns, a total of 44 allosteric
connector residues were identified. These connectors were distributed across SH3, SH2,
SH1N, SH1C, and the interdomain linker, and were characterized by high betweenness
centrality, frequent localization at domain interfaces, and cross-domain connectivity. The
presence of these connectors in active-like systems and their loss or attenuation in inactive-
like systems support a model in which long-range allosteric regulation is mediated by an
embedded communication network that is reorganized across structurally distinct states.
Network fragmentation in mutant and inhibitor-bound systems was consistently associ-
ated with the disruption of these connectors, reinforcing their functional relevance.

Evolutionary conservation analysis revealed a dual pattern among the identified con-
nectors. While a subset of residues was broadly conserved across Src family members,
several high-scoring connectors, including D66, P73, S228, and K343, were found to be
Lyn-specific and localized at key interdomain interfaces. These divergent residues par-
ticipate in regulatory interactions such as SH3–linker docking and SH1–SH2 coupling,
which differ structurally from corresponding mechanisms in other SFKs. Such divergence
likely contributes to Lyn-specific regulatory behavior in immune signaling and oncogenic
contexts.

The structural and pharmacological significance of the identified connectors was further
evaluated through comparison with known allosteric inhibitor-binding sites in other ki-
nases. Notably, a strong spatial and sequential correspondence was observed between
high-scoring Lyn connectors and the distant allosteric pocket targeted by the FDA-
approved inhibitor asciminib in ABL1. This pocket, located between the αE and αF
helices, overlaps with several Lyn connectors, including K343, F347, and I475, supporting
the interpretation that this region represents a conserved and druggable regulatory site
within kinase SH1C domains.

Assessment of local structural flexibility demonstrated that Lyn-specific connectors within
the αE and αF motifs exhibit pronounced reductions in flexibility in inactive-like mutants.
Importantly, this stabilization was most evident at the RMSF maxima corresponding to
the loops adjacent to the helices, confirming that these regions function as dynamically
coupled motifs where helix orientation modulates loop entropic freedom. This behavior
mirrors that of the ATP-binding site and is consistent with a role in allosteric regulation
mediated by conformationally responsive segments. In contrast, although the αC-motif
displayed comparable dynamic features and peak suppression, its high evolutionary con-
servation across kinases limits its suitability as a selective allosteric target.
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Taken together, these conclusions demonstrate that long-range allosteric regulation in
Lyn kinase is governed by a distributed network of 44 dynamically central residues that
form a distributed regulatory architecture across domains. This network exhibits clear
structural correspondence with known distant allosteric inhibitor-binding sites, reveals
Lyn-specific divergence at critical interdomain interfaces, and highlights the suppression
of motif flexibility as a defining feature that distinguishes regulatory allosteric regions
from conserved catalytic elements.

These results provide a mechanistic basis for long-range allosteric regulation in Lyn kinase
and define structurally and dynamically informed targets for selective allosteric modula-
tion. To further evaluate which structural features most effectively discriminate between
active-like and inactive-like ensembles, the next chapter applies a supervised machine
learning approach to the MD trajectories. By quantifying the relative contribution of
individual geometric descriptors, this analysis reveals which catalytic, interdomain, and
regulatory features serve as key determinants of Lyn kinase activity and complements the
network-based findings presented here.
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Chapter 6

Structural Determinants of Lyn Kinase
Conformational Ensembles

Only through the morning gate of Beauty
Did you pass into the land of knowledge.

To the temple of the spirit, there leads no way
But through the path of Beauty.

What we here worship as Beauty,
will one day be understood as truth.

– Schiller (18th-century poet and philosopher)



6.1 Introduction

Understanding how proteins transition between distinct conformational ensembles is fun-
damental to elucidating their biological roles. This is especially true for multidomain reg-
ulatory proteins like kinases, where activity is modulated not by rigid structural changes
alone, but through subtle rearrangements in interdomain contacts and intramolecular in-
teractions [32, 252]. In such systems, small variations in structural features, such as the
distance between two residues, the angle formed between three atoms, or the relative posi-
tioning of functional domains, can have significant consequences for activity. For instance,
the formation or disruption of a salt bridge between catalytic residues can switch the ki-
nase between an active and inactive conformation. Similarly, angular shifts in key helices
or loops may allow or prevent substrate binding or allosteric communication. These geo-
metrical parameters act as molecular readouts of the underlying conformational ensemble
and provide a mechanistic basis for understanding regulation [18]. Such features can
capture both local interactions, such as catalytic residue coupling, and global changes,
including domain rearrangements. However, not all features are equally informative. Re-
dundant, noisy, or non-discriminative fluctuations must be filtered out to isolate the core
interactions that define activity [253].

MD simulations are particularly well suited to capture these subtleties by providing a
dynamic view of protein flexibility and motion. The central challenge lies in converting the
high-dimensional output into biologically meaningful insight, identifying which structural
features best distinguish between conformational ensembles, and how they are affected by
perturbations such as ligand binding or mutation.

Earlier chapters characterized Lyn using MD-based trajectory analysis, residue communi-
cation networks, and evolutionary comparisons. These analyses revealed how regulation
is altered by perturbations and highlighted interdomain coupling that defines active-like
and inactive-like ensembles. The present chapter builds on that foundation with a data-
driven test, addressing Aim 3 of this project through a supervised machine learning (ML)
approach to evaluate which MD-derived features best differentiate these conformational
ensembles. A set of structural features was extracted from MD trajectories, guided by
prior mechanistic hypotheses and known regulatory principles in SFKs [254–256]. An in-
terpretable Random Forest (RF) classifier was then applied to classify simulation frames
and rank structural features based on their contribution to the classification [257]. This
approach enables a quantitative assessment of how specific geometric parameters shape
the conformational landscape and identifies which features most effectively distinguish
active-like from inactive-like ensembles in Lyn kinase.
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6.2 Computational Methods

Structural Feature Extraction. Sixteen structural features were extracted from the
MD trajectories of full-length Lyn kinase using GROMACS tools [258]. These features
were grouped into four geometric categories, as summarized in Table A14: catalytic re-
gion, activation segment, intradomain architecture, and interdomain coupling. Features
assigned to the catalytic region included the distances between K275–E290, D385–K275,
and E290–D385, reflecting geometric relationships between the αC helix and the catalytic
loop. Activation segment features captured contacts involving the activation loop, specif-
ically Y397–R366 and Y397–E289, which indicate either a stabilized or displaced confor-
mation of this segment. Intradomain architecture was described by features internal to
individual domains, comprising SH1 lobe compaction measured by the SH1N–SH1C dis-
tance. In addition, the regulatory spine (R-spine) angle was calculated based on residues
F386, M294, and L305. Interdomain coupling was quantified using distances linking the
regulatory domains to the kinase core, including D206–K89, D498–K137, I77–N449, and
additional features measured coupling between SH3, SH2, and SH1 lobes based on large-
scale domain separation.

Inter-residue and interdomain distances were calculated using gmx distance, while back-
bone and side-chain angles relevant to catalytic geometry were computed using gmx
angle. Domain-level distances were calculated using center-of-mass positions of the SH3,
SH2, and SH1 lobes. All these biologically interpretable features were extracted from
approximately 78,000 simulation frames and subsequently processed and analyzed us-
ing R Statistical Software (v4.4.1; R Core Team, 2021) [122]. Complete definitions and
values of all sixteen features are provided in the Supplementary Materials of the pub-
lished study arising from this project [259], and the full dataset is publicly available via
Zenodo [228] (RebollidoRiosLab, 2025; https://doi.org/10.5281/zenodo.16986533).
These features were used as input to the classification model presented in the following
section.

Random Forest Classification. A supervised machine learning workflow based on
Random Forest classification was implemented using the scikit-learn library in Python
[260]. Each simulation frame was assigned a class label according to its system of origin,
with WT and WT–ATP assigned to the active-like class and WT–DAS together with all
mutant systems assigned to the inactive-like class. All features were treated as continuous
variables and were scaled to a common range using Min–Max normalization. After pre-
processing, the dataset was randomly shuffled and divided into a training set containing
80% of the data and a testing set containing the remaining 20%. Stratified sampling was
applied to preserve the class proportions in both subsets.

Class imbalance was addressed using SMOTE [144], which was applied within the train-
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ing procedure to generate synthetic samples of the minority class. SMOTE was inte-
grated with the Random Forest classifier as part of a single modeling pipeline. Model
parameters were optimized through a grid search combined with five-fold cross-validation,
which ensured that the selected settings generalized well across the data. The final op-
timized parameters used for training were n_estimators = 1000, max_depth = None,
class_weight = None, and smote_sampling_strategy = 0.5. Model performance was
evaluated on the held-out test set using several standard classification metrics, including
accuracy, precision, recall, F1 score, and the area under the ROC curve (AUC). Feature
importance values were computed using two complementary approaches, namely the Gini
index and permutation importance. The resulting importance scores were reported using
the original feature definitions.

6.3 Results and Discussion

Key Structural Features Distinguishing Lyn Conformational En-
sembles

An RF classifier was trained using sixteen interpretable features extracted from each simu-
lation frame. Although the objective of this analysis was not to develop a predictive model
for future classification tasks, the use of an RF classifier enabled a systematic evaluation
of which features were most informative in distinguishing active-like from inactive-like
conformations. The model was trained on a subset of the data and evaluated on an inde-
pendent test set. An overall classification accuracy of 96% was achieved, indicating that
the selected features effectively captured the conformational differences between the two
ensembles across all systems and simulation time frames.

In addition to accuracy, the model also exhibited high precision, recall, and F1-score for
both classes, as summarized in Table 6.1. These metrics provide complementary insights
into the quality of classification. Precision quantifies the proportion of frames assigned to
a given class that were truly members of that class, reflecting the reliability of positive
predictions produced by the model. Recall, on the other hand, measures the proportion
of true frames in that class that the model successfully retrieved, measuring its sensi-
tivity. The F1-score represents the harmonic mean of precision and recall, providing a
balanced measure that accounts for both false positives and false negatives. Importantly,
the classifier achieved an MCC of 0.85. Given that MCC is robust to class imbalance
and penalizes discordant predictions, this value indicates a reliable and well-generalized
separation of conformational ensembles, further supporting that the model is not overfit-
ting. The consistently high values for all four metrics across both classes suggest that the
classifier performs reliably, without favoring one conformational ensemble over the other,
and is capable of distinguishing subtle structural differences with high confidence.
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Table 6.1: Performance metrics for the Random Forest classifier applied to MD-derived features of
full-length Lyn kinase. Per-class scores for active-like and inactive-like frames are shown, along with
macro and weighted averages across both classes.

Label Precision Recall F1-Score

Active-like 0.91 0.84 0.87

Inactive-like 0.97 0.98 0.98

Accuracy 0.96

MCC 0.85

Macro average 0.94 0.91 0.92

Weighted average 0.96 0.96 0.96

To further evaluate the ability of the model to distinguish between conformational ensem-
bles, the ROC curve was examined, as shown in Figure 6.1. The ROC curve provides a
comprehensive picture of classifier performance by plotting the trade-off between the true
positive rate (sensitivity) and the false positive rate across a continuum of classification
thresholds. A model that performs no better than random chance is expected to yield a
diagonal curve, with an AUC of 0.5. In contrast, a well-performing classifier is charac-
terized by a curve that arcs toward the upper left corner, indicating both high sensitivity
and specificity.
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Figure 6.1: ROC curve. Receiver operating characteristic
curve for the Random Forest classifier trained on MD-derived
features of full-length Lyn kinase. The model distinguishes the
ensembles with an area under the curve of 0.986.

In this analysis, an AUC of 0.986 was
achieved, reflecting excellent discrimi-
native power. This near-perfect score
indicates that active-like and inactive-
like conformations were reliably and
consistently separated by the RF clas-
sifier across the full distribution of
simulation frames. Importantly, the
relevance and quality of the selected
structural features were underscored
by this result, demonstrating that bi-
ologically meaningful distinctions be-
tween the two ensembles were effec-
tively encoded. The high AUC not
only supports the robustness of the
model, but also reinforces the hypoth-
esis that conformational coupling and
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specific residue-level interactions serve as strong determinants of kinase activity.

Beyond overall classification accuracy, an important advantage of the RF framework is its
ability to quantify the relative contribution of each input feature to classification. In this
study, feature importance was evaluated using two complementary approaches: the Gini
importance (also known as mean decrease in impurity) and the permutation importance.

The Gini index measures how much each feature decreases the impurity (or uncertainty)
within decision trees. Features that consistently result in more homogeneous node splits
across the forest are assigned higher importance. In other words, a feature that helps
partition the data into more distinct active-like and inactive-like subsets will receive a
higher Gini score. The permutation importance approach, on the other hand, provides a
model-agnostic measure by evaluating how much the accuracy of the model drops when
a single feature is randomly shuffled. If shuffling a feature significantly degrades perfor-
mance, it indicates that the model relied strongly on that feature for classification. This
method offers a more direct estimate of how much each feature contributes to predictive
performance.

As shown in Figure 6.2, both feature importance approaches converged on a consistent
ranking, identifying a small set of structural descriptors as key discriminators between
active-like and inactive-like conformations.
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Figure 6.2: Feature importance based on Gini index and permutation score. Key predictive features
include K275–E290, E290–D385, SH3–SH1N separation, and D385–K275, all of which participate in catalytic
regulation or interdomain interactions.

Among the highest-ranked features were three distances from the catalytic region, K275–E290,
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E290–D385, and D385–K275, which together form a local geometric motif that emerged
as a key signature of activation in Lyn. These distances help stabilize the catalytic core
and regulate the accessibility and positioning of the αC helix relative to the active site.
Contacts involving D385 (from DFG motif) and both K275 (catalytic lysine) and E290
(from αC helix) preserve the structural arrangement of the catalytic loop and facilitate
productive phosphoryl transfer. The catalytic (DFG-in/αC-in) conformation has been
observed in structural studies of Lyn, where the inward orientation of the αC helix and
the presence of the K275–E290 salt bridge characterize the active conformation [58].

The structural behavior of these catalytic features is shown in Figure 6.3, comparing the
WT–ATP and I364N–ATP systems. In the WT–ATP system, all three distances remain
compact, reflecting an active-like conformation in which the inward positioning of the αC
helix is stabilized. The K275–E290 salt bridge, a hallmark of kinase activation, anchors
the αC helix and aligns the catalytic lysine for ATP coordination. These observations
are consistent with active site features previously discussed in Chapter 4, specifically the
accessible and adaptable positioning of the αC helix, where the catalytic core remains open
and permissive to productive interactions. In this conformation, electrostatic coupling
between K275, E290, and D385 supports a coherent active site architecture.

K275

E290D385

1.6
1.6

Mg2

Mg1

Figure 6.3: Top-ranked geometric features of the Lyn cat-
alytic core. The three catalytic features, K275–E290, D385–K275, and
E290–D385, were identified by Random Forest classification as the most
discriminative features in the catalytic region for distinguishing active-like
from inactive-like ensembles in Lyn. The triangle formed by these residues
is shown for comparison in WT–ATP (gray) and I364N–ATP (coral). The
K275–E290 and D385–K275 distances are highlighted in WT–ATP and
increase to 7.8 Å and 5.4 Å, respectively, in I364N–ATP, reflecting disrup-
tion of the catalytic core.

In contrast, the I364N–ATP
mutant exhibits a clear ex-
pansion of all three dis-
tances, indicating a break-
down of this coupling net-
work. The opening of the
catalytic triangle corresponds
to reduced accessibility of
the αC helix and a loss
of structural integration be-
tween the helix and the cat-
alytic core. This behavior
aligns with previous observa-
tions in Chapter 4, where mu-
tants displayed a more con-
strained active site environ-
ment and diminished confor-
mational adaptability. The
prominence of these three dis-
tances in the RF ranking,
therefore, reflects their role as
sensitive reporters of αC he-
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lix engagement and catalytic core accessibility, key features that define the separation
between active-like and inactive-like Lyn conformations.

In addition to the catalytic triangle, interdomain interactions were also among the most
influential features. The SH3–SH1N and SH3–SH2 distances capture the relative posi-
tioning of the SH3 domain with respect to the N-lobe of the kinase domain and the SH2
domain, reflecting long-range structural organization. Larger distances are characteristic
of active-like conformations, whereas inactive-like ensembles exhibit a more compact ar-
rangement. This behavior is fully consistent with findings from earlier chapters, where
SH3 motion was shown to play a decisive role in reorganizing interdomain interactions
and triggering global conformational shifts. Given the established regulatory role of SH3
displacement in Lyn, its strong contribution to classification confirms its mechanistic im-
portance and highlights the coherence between previous structural analysis and ML-based
feature selection.

Another highly ranked interdomain feature in the classification analysis was the SH2–SH1C
distance. This measurement captures the spatial relationship between the SH2 domain
and the C-lobe of the kinase domain, a region previously identified as a hotspot for dy-
namic allosteric communication in Lyn. In Chapter 5, network-based analysis revealed
that several of the highest-scoring allosteric connectors were located at the SH2–SH1C
interface, including K343 and D346. These residues form a dense interdomain cluster that
bridges the regulatory SH2 domain and the kinase C-lobe, mediating long-range coupling.
The strong contribution of the SH2–SH1C distance is consistent with this observation,
indicating that dynamic variations at this interface reflect shifts in the allosteric com-
munication network and help define distinct conformational ensembles. The convergence
between ML-based feature ranking and network-based connector identification provides
robust support for the functional relevance of the SH2–SH1C interface in Lyn. This
coupling appears to play a central role in modulating kinase activation by coordinating
structural integration and long-range communication across domains.

Among intradomain descriptors, the RF model ranked the feature corresponding to the
R-spine within the SH1 domain among the most informative. The R-spine represents a
set of hydrophobic residues that align across the N- and C-lobes of the kinase domain and
is essential for maintaining a catalytically competent architecture. In Lyn, stabilization of
this intradomain spine reflects tight coupling between the N-lobe, the activation loop, and
the catalytic core. This finding is consistent with the SH1-focused analyses presented in
Chapter 4. RMSD results showed that ATP binding markedly stabilizes the SH1 domain,
while disruptive mutations such as E290K and I364N lead to reduced flexibility and a
more compact, rigid catalytic core. Complementary RMSF profiles further revealed that
these mutations dampen local fluctuations in regions adjacent to the R-spine, indicating
restricted intradomain adaptability. Moreover, PCA analysis demonstrated that active-
like Lyn conformations are characterized by coordinated SH1 motions that are diminished
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or lost in inactive-like mutants. Together, these findings indicate that RF correctly iden-
tified the R-spine feature as a sensitive reporter of intradomain organization and catalytic
readiness in Lyn. Rather than acting independently, R-spine integrity in Lyn appears
tightly linked to both local catalytic geometry and long-range interdomain communica-
tion, reinforcing its central role in defining the active-like conformational ensemble.

Together, the top seven features shown in Figure 6.2 contributed approximately 66.7%
of the total permutation importance, highlighting that only a fraction of the input space
was required to effectively differentiate active-like from inactive-like ensembles. Overall,
this supervised learning analysis complements and reinforces insights from structural,
dynamical, and network-based investigations by providing quantitative validation of the
critical factors underlying Lyn activation. In particular, the model confirms that catalytic
site coherence and interdomain alignment across SH3, SH2, and SH1 represent the primary
structural determinants underlying conformational regulation in Lyn kinase.

Lyn Regulatory Features in a Broader Kinase Context

Understanding whether the structural features that define the conformational ensembles
of Lyn kinase are broadly conserved or represent Lyn-specific adaptations is essential for
evaluating the generalizability of activation mechanisms across TKs. Comparative anal-
ysis with other SFKs and structurally related proteins provides a valuable framework for
identifying common regulatory strategies and unique subtype-specific features. In partic-
ular, the top-ranked classification features identified in this study, centered on catalytic
geometry, interdomain coupling, and regulatory spine integrity, reflect conserved elements
of kinase architecture, while also revealing regulatory divergence across kinase families.

Within SFKs, many of the key structural motifs identified in Lyn are also conserved.
The catalytic triangle formed by the conserved lysine, the αC glutamate, and the DFG
motif aspartate is a well-established hallmark of the active conformation in c-Src, Hck,
and Fyn. Disruption of this geometry, whether by mutation or inhibitor binding, consis-
tently results in impaired kinase activity and conformational inactivation [198]. Similarly,
R-spine stabilization is required for full activation in both c-Src and Hck, where proper
alignment of hydrophobic residues spanning the N- and C-lobes supports catalytic core
integrity and αC helix positioning [191, 261]. However, most computational studies on
SFKs to date have been limited to the isolated SH1 domain [262, 263], which restricts
insight into long-range regulation. Only a limited number of studies have incorporated
full-length constructs, including MD simulations of full-length Src and Lck that reveal
domain-specific allosteric communication networks and regulatory couplings otherwise
absent in truncated models [193, 264, 265]. In comparison, the Lyn model captures dy-
namic interdomain couplings in more detail, particularly through SH3–SH1 and SH2–SH1
interfaces.
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Interestingly, Lyn differs from other SFKs in the relative importance of specific interdo-
main contacts. While SH2–SH3 coupling is the dominant regulatory axis in c-Src and Hck,
Lyn exhibits a stronger reliance on SH3–SH1N and SH2–SH1C contacts to stabilize its
active conformation [146, 266, 267]. This divergence supports a subtype-specific model of
SFK activation, where different family members deploy alternative interdomain strategies
to achieve functional switching [268].

Beyond the Src family, similar structural determinants have been observed across other
tyrosine kinases. In Abl kinase, the catalytic K–E–D triangle is tightly associated with
ATP binding, and its disruption, either by mutation or through imatinib binding, leads to
a collapse of the catalytic geometry and misalignment of the R-spine [269]. Consistently,
supervised learning models such as SVM and RF trained on MD simulations have iden-
tified catalytic loop distances, αC helix positioning, and N–C lobe alignment as the most
informative structural features for distinguishing activation ensembles in Abl [270, 271].
EGFR exhibits similar mechanistic dependence on R-spine integrity and DFG motif ori-
entation. Proper alignment enables ligand-induced dimerization, while displacement of
these elements leads to inactive or drug-resistant conformations [272]. RF-based studies
in EGFR have highlighted the K–E salt bridge, DFG motif flexibility, and activation loop
dynamics as key discriminants between active and inactive ensembles [273]. Related fea-
tures have also been identified in the insulin receptor kinase, where αC positioning and
DFG motif orientation are central to activation and substrate recognition [274].

Comparable analyses in serine/threonine kinases such as BRAF and CDKs have revealed
similar structural determinants of activation. In these systems, R-spine integrity and
αC–β4 loop alignment have emerged as central regulators of conformational transitions.
These elements not only influence catalytic geometry but also serve as reliable markers
in data-driven models. Supervised learning approaches trained on dynamic structural
features consistently identify these motifs as top-ranked discriminants between active and
inactive conformations [275,276].

Taken together, these studies support the broader relevance of the findings in Lyn. While
the precise residue identities and domain interactions vary across kinase families, the
recurring importance of catalytic geometry and interdomain organization points to a con-
served set of structural principles underlying kinase regulation. The RF-based analysis
presented here not only highlights these features in Lyn, but also aligns them with global
regulatory strategies observed across the kinase landscape, reinforcing the utility of struc-
tural classification frameworks in understanding kinase activity and regulation.
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6.4 Conclusions

This chapter demonstrated that structural features derived from MD simulations can
robustly distinguish between active-like and inactive-like conformational ensembles of full-
length Lyn kinase. Top-ranked features, such as the K275–E290–D385 catalytic triangle,
SH3–SH1N and SH2–SH1C interdomain distances, and regulatory spine geometry, closely
mirrored regions previously implicated in allosteric communication, network centrality,
and ligand-responsive flexibility. Their consistent emergence across orthogonal analyses
reinforces their mechanistic relevance and highlights a coherent regulatory architecture.

Notably, the alignment between ML-based feature rankings and prior DCCM and network
analyses supports a model in which Lyn activation is governed by both conserved catalytic
elements and subtype-specific interdomain couplings. While the catalytic features align
with established activation signatures in tyrosine kinases, the prominence of Lyn-specific
interdomain distances suggests a distinct mode of long-range structural coordination me-
diated by the SH3 and SH2 domains.

From a therapeutic perspective, the results provide a structural rationale for exploring
non-catalytic regulatory sites as allosteric targets. Key classification features overlap with
previously identified allosteric connectors, particularly at SH2–SH1C interfaces, which are
structurally adaptable and dynamically responsive. These regions may offer promising
entry points for selective modulation of Lyn function, especially in disease contexts where
ATP-site inhibitors show limited efficacy or resistance. Although this study does not
directly assess binding pocket properties, it highlights structural determinants that are
both mechanistically meaningful and potentially druggable.

It should be noted that the classification relied on a defined set of geometric features
and binary ensemble labeling, which may not capture the full complexity of intermediate
ensembles or context-specific modulation. Nonetheless, the high agreement between bio-
logically grounded features and classification performance suggests that these descriptors
capture the dominant axes of functional variation in Lyn.

Taken together, this chapter integrates data-driven classification with prior structural and
network-based analyses to reinforce the key determinants of Lyn kinase regulation. By
identifying conserved catalytic features and subtype-specific interdomain couplings, the
results establish a structural basis for understanding how dynamic architecture shapes
functional behavior in multidomain kinases. These findings lay the groundwork for fu-
ture directions, which are explored in the next chapter through both computational and
experimental perspectives.
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Chapter 7

Future Directions in Kinase Regulation

A man sees in the world what he carries in his heart.
To understand the universe, one must first listen

to the quiet truth that stirs within.
Only the inward eye, made bright by wonder,

can perceive what lies beyond the veil of appearances.

– Goethe (18th-century poet and philosopher)



The integrative analysis presented in this thesis provides a mechanistic framework for un-
derstanding long-range regulation in full-length Lyn kinase. By combining long-timescale
MD simulations, network theory analysis, and ML-based feature selection, this work con-
nects dynamic behavior with regulatory architecture in a way that is both predictive and
structurally grounded. These results open several clear directions for future investigation,
both in deepening mechanistic understanding and advancing therapeutic applications.

Enhancing biological fidelity in MD simulations remains essential for capturing the full
spectrum of Lyn regulatory dynamics. Current analyses rely on classical force fields, lim-
ited sampling timescales, and binary labeling of conformational ensembles, all of which
constrain the representation of intermediate or partially active conformations. Enhanced
sampling techniques, continuous activation metrics, and inclusion of biologically relevant
contexts, such as tyrosine phosphorylation, membrane anchoring, or scaffold protein in-
teractions, would provide a more comprehensive view of conformational transitions in
Lyn.

A critical distinction moving forward lies in separating the identification of dynamic com-
munication networks from the validation of structurally defined allosteric binding pockets.
The current work maps communication networks through connector residues, many of
which localize to protein interfaces. However, their druggability and functional accessibil-
ity remain unresolved. Several allosteric connectors identified here therefore provide con-
crete candidates for experimental validation, which could be pursued using targeted mu-
tagenesis and conformation-sensitive approaches such as hydrogen–deuterium exchange,
FRET-based biosensors, or covalent fragment screening to assess their potential for selec-
tive allosteric modulation.

Structurally, the convergence of Lyn dynamic connectors with known allosteric pockets in
other kinases highlights an opportunity for rational design of distant inhibitors in SFKs.
These regions, particularly the regulatory motifs characterized by coupled dynamics, low
sequence conservation, and consistent influence on Lyn conformational ensembles, repre-
sent promising yet underexplored targets. A focused search for scaffolds that engage these
dynamically active, non-catalytic sites could yield kinase-selective chemical probes with
therapeutic relevance in immune signaling and hematologic malignancies.

Beyond Lyn, the methodological framework developed here can be applied to other ki-
nases with unresolved regulatory features. Future studies could integrate evolutionary
models, machine-learned embeddings, or ligand-bound experimental structures to expand
predictive accuracy and generalizability. This is particularly relevant for SFKs, where sub-
tle subtype differences in interdomain architecture likely shape isoform-specific regulation
and drug response.

In summary, this work lays a foundation for mechanistic modeling of multidomain kinase
regulation, with implications for both basic science and therapeutic design. By bridg-
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ing conformational dynamics, network communication, and data-driven classification, it
enables a shift from static structural models to dynamic regulatory landscapes that are
accessible to both computation and experiment.
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Appendices

When the path disappears, the seeker does not stop
but becomes the path.

The destination was never a place
but a transformation of the self.

What ends outside continues within, quietly and endlessly.

– Attar of Nishapur (12th-century mystic and poet)



Appendix A: Figures
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Figure A1: Molecular structures of the single-point mutations and small molecules used in this
study. Left panel: Single-point substitutions were introduced at three key residues in Lyn kinase. At position
K275, lysine was replaced by alanine (K275A), removing the positively charged side chain. At position E290,
glutamic acid was substituted by either aspartic acid (E290D), which shortens the side chain while preserving
negative charge, or by lysine (E290K), resulting in a charge reversal. At position I364, isoleucine was substituted
by either leucine (I364L), a conservative hydrophobic replacement, or by asparagine (I364N), introducing a polar
side chain. These substitutions were selected based on observed mutation frequencies and relevance to kinase
regulation. Right panel: Ligand molecules used in the MD simulations include adenosine triphosphate (ATP),
the physiological nucleotide substrate of kinases, and dasatinib (DAS), a clinically approved tyrosine kinase
inhibitor. Both molecules were modeled in the catalytic cleft to evaluate their impact on structural dynamics and
inter-residue communication.
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Figure A2: ERRAT2 structural quality assessment of AlphaFold- and homology-modeled full-
length Lyn kinase structures. The homology model achieved a higher overall quality factor (99.1) with
only minor deviations across the sequence, indicating high structural integrity suitable for MD simulations. In
contrast, the AlphaFold model yielded a lower quality factor (92.1) and exhibited several high-error regions,
particularly within the SH2 domain and linker regions. ERRAT2 error values are shown as vertical bars along
the sequence: gray bars indicate residues with acceptable quality, yellow bars represent moderate deviations, and
red bars correspond to regions with high error values suggestive of potential structural inaccuracies. Both models
are displayed in two panels due to the default plotting behavior of ERRAT2, which splits sequences longer than
approximately 300 residues. The underlying structural models remain continuous and contain no missing regions.
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Figure A3: Structural representations of ligand binding in the ATP-binding site of Lyn kinase
mutants. (a) E290D–ATP. The conservative substitution of glutamate by aspartate at position 290 causes a slight
repositioning of catalytic residues. The interaction between K275 and D385 is retained, although the coordination
of ATP appears marginally destabilized. (b) I364L–ATP. Replacement of isoleucine by leucine at position 364
leads to minimal changes in ATP binding. The overall geometry and catalytic coordination remain similar to
the WT system. (c) I364N–ATP. Substitution by asparagine alters the local polarity and disrupts hydrophobic
contacts. ATP adopts a more extended conformation, and its coordination with surrounding residues is weakened.
Atom colors are as follows: carbon atoms in the ligand are shown in green, nitrogen in blue, oxygen in red, and
Mg2+ ions as green spheres. Dashed lines represent coordination distances with catalytic residues and metal ions.
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Figure A4: Three-dimensional representation of residue–residue dynamic correlations in apo Lyn
systems. Spatial projections of DCCM-derived correlations are shown for the apo forms of Lyn: (a) WT, (b)
K275A, (c) E290D, (d) E290K, (e) I364L, and (f) I364N. Colored lines denote strong correlations between residue
pairs, with teal lines indicating strong positive correlations (≥ +0.9) and burnt orange lines indicating strong
negative correlations (≤ −0.9). These structural correlation networks illustrate mutation-induced alterations in
long-range coupling in the absence of ligand binding.
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Figure A5: Full-length multiple sequence alignment of eight Src family kinase members visualized in Jalview. Residue conservation across
the aligned sequences is represented. The Conservation bar (scaled 0–10) reflects amino acid similarity calculated using the BLOSUM62 substitution matrix,
which incorporates both sequence identity and biochemically tolerated substitutions. The Consensus line depicts the most frequent residues at each position
using sequence logos, indicating conserved motifs. This visualization complements the computational conservation analysis by providing a graphical overview of
sequence-level conservation patterns in the Src family.
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Figure A6: Structural alignment of MEK1 and Lyn highlighting the cobimetinib-binding pocket. The full-length Lyn kinase model is shown as a gray cartoon,
with predicted allosteric hubs colored by domain: SH3 (dark red), SH2 (orange), SH1 (teal), and linker (gray). The MEK1 kinase domain (PDB: 4LMN), co-crystallized with
the type 3 inhibitor cobimetinib (shown as white sticks) and the ATP analog ANP (green), is overlaid in light blue. A domain-level alignment of the SH1 regions yielded an
RMSD of 2.135 Å, indicating global similarity in the kinase fold. A focused structural alignment within 5 Å of cobimetinib resulted in an RMSD of 1.232 Å over spatially
matched residues, supporting local correspondence of the allosteric pocket between MEK1 and Lyn. The inset highlights the region surrounding cobimetinib, including four
aligned Lyn connectors (M294, R304, N372, A384).
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Figure A7: Multiple sequence alignment of the SH1 domains from Lyn and MEK1 kinases vi-
sualized in Jalview. Conserved and similar residues are highlighted according to physicochemical properties.
Although Lyn and MEK1 belong to different kinase groups, TK and STE kinases, respectively, several residues
within the ATP-binding site are conserved. Additionally, key structural motifs such as the DFG and HRD motifs
are retained, supporting the observed structural alignment between the two SH1 domains.

Figure A8: Multiple sequence alignment of the SH1 domains from Lyn and ABL1 kinases visualized
in Jalview. Conserved and similar residues are highlighted according to physicochemical properties. Both kinases
belong to the TK group and display strong sequence similarity. Notably, key motifs such as the DFG loop, catalytic
lysine, HRD, and APE motifs are preserved across the aligned region, reflecting the highly conserved architecture
of the SH1 domain within this kinase family.
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Figure A9: Residue-wise Cα RMSF profiles of Lyn kinase across multiple systems. (a) Comparison
of RMSF profiles for apo Lyn WT SH1 domain and selected mutant systems (K275A, E290D, I364L). (b) RMSF
profiles for ATP-bound systems, including WT and five mutants (K275A, E290D, E290K, I364L, I364N). Key
structural elements are annotated for reference, including the ATP-binding site, the αC, αE, αF, and αH motifs,
the DFG motif, and the activation loop. The plots highlight region-specific differences in Cα flexibility across
mutations and ligand-binding conditions.
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Appendix B: Tables

Table A1: Overview of MD simulation systems, replicates, and trajectory lengths.

System Type Number of Replicates Time (µs) Number of Frames

WT

Apo

3 6 6000

K275A 3 6 6000

E290D 3 6 6000

E290K 3 6 6000

I364L 3 6 6000

I364N 3 6 6000

WT-ATP

Holo

3 6 6000

WT-DAS 3 6 6000

K275A-ATP 3 6 6000

E290D-ATP 3 6 6000

E290K-ATP 3 6 6000

I364L-ATP 3 6 6000

I364N-ATP 3 6 6000

Table A2: Naturally occurring mutations in Lyn kinase retrieved from cancer genomics datasets in
cBioPortal and compared to aligned residues in other SFKs to assess conservation. Mutation sites are
highlighted, with orange-colored substitutions indicating reported amino acid changes.

Protein Subfamily Sequence Residue 1 Residue 2 Residue 3 Residue 4 Residue 5 Residue 6

LYN Src-B 247–501 G264S/splice E290D/K V303L/M I364L/N R366Q W480L

HCK Src-B 262–515 A279 E305 V318 I378P R380 W494

LCK Src-B 245–498 G262W E288 V301 I361 R363 W477

BLK Src-B 241–494 G258 E284Q V297 I357V R359H W473

SRC Src-A 270–523 G287splice E313 V326 V386I R388 W502

FYN Src-A 271–524 G288 E314 V327 I387 R389Q W503shift

YES Src-A 277–530 G294splice E320 V333 I393 R395Q W509

FGR Src-A 263–516 G280 E306K V319M I379 R381S W495

Table A3: Structural and pathogenicity prediction scores for selected Lyn kinase mutations. The table
summarizes computational predictions for four cancer-associated missense mutations in Lyn kinase. ∆∆G
values (in kcal/mol) estimate changes in protein stability upon mutation, where positive values suggest
destabilization. CADD scores > 20 indicate potentially deleterious effects. AlphaMissense scores (ranging
from 0 to 1) reflect predicted pathogenicity, with values near 1 denoting high probability of disease
relevance. ESM-1b scores (more negative = more deleterious) are derived from deep learning models that
capture functional disruption.

Mutation ∆∆G (kcal/mol) CADD AlphaMissense ESM-1b

I364L 0.58 27.3 0.91 -9.6

I364N 1.92 31.0 1.00 -16.7

E290D 1.82 20.3 1.00 -14.7

E290K 1.77 33.0 1.00 -15.8

129



Table A4: Wilcoxon signed-rank test results for pairwise RMSD comparisons within the SH1 domain of Lyn kinase. The p-values indicate the statistical significance
of differences in structural fluctuations between WT, mutant, and ligand-bound systems, with p-values less than 0.05 considered significant.

Comparison p-Value Significance Comparison p-Value Significance Comparison p-Value Significance
WT vs. K275A <2.2e-16 Significant WT vs. E290D <2.2e-16 Significant WT vs. E290K <2.2e-16 Significant
WT vs. I364L <2.2e-16 Significant WT vs. I364N <2.2e-16 Significant WT vs. WT-DAS <2.2e-16 Significant
WT vs. WT-ATP <2.2e-16 Significant WT vs. K275A-ATP <2.2e-16 Significant WT vs. E290D-ATP <2.2e-16 Significant
WT vs. E290K-ATP <2.2e-16 Significant WT vs. I364L-ATP <2.2e-16 Significant WT vs. I364N-ATP <2.2e-16 Significant
K275A vs. E290D <2.2e-16 Significant K275A vs. E290K 0.004714 Significant K275A vs. I364L <2.2e-16 Significant
K275A vs. I364N 2.696e-06 Significant K275A vs. WT-DAS <2.2e-16 Significant K275A vs. WT-ATP <2.2e-16 Significant
K275A vs. K275A-ATP 0.2347 Non-significant K275A vs. E290D-ATP 1.24e-13 Significant K275A vs. E290K-ATP 0.001487 Significant
K275A vs. I364L-ATP <2.2e-16 Significant K275A vs. I364N-ATP 1.601e-15 Significant E290D vs. E290K <2.2e-16 Significant
E290D vs. I364L 1.517e-06 Significant E290D vs. I364N <2.2e-16 Significant E290D vs. WT-DAS <2.2e-16 Significant
E290D vs. WT-ATP <2.2e-16 Significant E290D vs. K275A-ATP <2.2e-16 Significant E290D vs. E290D-ATP <2.2e-16 Significant
E290D vs. E290K-ATP <2.2e-16 Significant E290D vs. I364L-ATP <2.2e-16 Significant E290D vs. I364N-ATP <2.2e-16 Significant
E290K vs. I364L <2.2e-16 Significant E290K vs. I364N <2.2e-16 Significant E290K vs. WT-DAS 0.8891 Non-significant
E290K vs. WT-ATP <2.2e-16 Significant E290K vs. K275A-ATP <2.2e-16 Significant E290K vs. E290D-ATP <2.2e-16 Significant
E290K vs. E290K-ATP <2.2e-16 Significant E290K vs. I364L-ATP <2.2e-16 Significant E290K vs. I364N-ATP <2.2e-16 Significant
I364L vs. I364N <2.2e-16 Significant I364L vs. WT-DAS <2.2e-16 Significant I364L vs. WT-ATP <2.2e-16 Significant
I364L vs. K275A-ATP <2.2e-16 Significant I364L vs. E290D-ATP <2.2e-16 Significant I364L vs. E290K-ATP <2.2e-16 Significant
I364L vs. I364L-ATP <2.2e-16 Significant I364L vs. I364N-ATP <2.2e-16 Significant I364N vs. WT-DAS <2.2e-16 Significant
I364N vs. WT-ATP 1.001e-10 Significant I364N vs. K275A-ATP 0.0001416 Significant I364N vs. E290D-ATP 4.883e-09 Significant
I364N vs. E290K-ATP 7.369e-12 Significant I364N vs. I364L-ATP 0.001316 Significant I364N vs. I364N-ATP 1.253e-13 Significant
WT-DAS vs. WT-ATP 0.01429 Significant WT-DAS vs. K275A-ATP <2.2e-16 Significant WT-DAS vs. E290D-ATP <2.2e-16 Significant
WT-DAS vs. E290K-ATP <2.2e-16 Significant WT-DAS vs. I364L-ATP <2.2e-16 Significant WT-DAS vs. I364N-ATP <2.2e-16 Significant
WT-ATP vs. K275A-ATP <2.2e-16 Significant WT-ATP vs. E290D-ATP 0.6291 Non-significant WT-ATP vs. E290K-ATP <2.2e-16 Significant
WT-ATP vs. I364L-ATP <2.2e-16 Significant WT-ATP vs. I364N-ATP <2.2e-16 Significant K275A-ATP vs. E290D-ATP <2.2e-16 Significant
K275A-ATP vs. E290K-ATP 0.6015 Non-significant K275A-ATP vs. I364L-ATP <2.2e-16 Significant K275A-ATP vs. I364N-ATP 2.678e-07 Significant
E290D-ATP vs. E290K-ATP <2.2e-16 Significant E290D-ATP vs. I364L-ATP <2.2e-16 Significant E290D-ATP vs. I364N-ATP <2.2e-16 Significant
E290K-ATP vs. I364L-ATP <2.2e-16 Significant E290K-ATP vs. I364N-ATP <2.2e-16 Significant I364L-ATP vs. I364N-ATP <2.2e-16 Significant
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Table A5: Wilcoxon signed-rank test results for pairwise RMSD comparisons within the SH2 domain of Lyn kinase. The p-values indicate the statistical significance
of differences in structural fluctuations between WT, mutant, and ligand-bound systems, with p-values less than 0.05 considered significant.

Comparison p-Value Significance Comparison p-Value Significance Comparison p-Value Significance
WT vs. K275A <2.2e−16 Significant WT vs. E290D <2.2e−16 Significant WT vs. E290K <2.2e−16 Significant
WT vs. I364L <2.2e−16 Significant WT vs. I364N <2.2e−16 Significant WT vs. WT-DAS <2.2e−16 Significant
WT vs. WT-ATP <2.2e−16 Significant WT vs. K275A-ATP <2.2e−16 Significant WT vs. E290D-ATP <2.2e−16 Significant
WT vs. E290K-ATP <2.2e−16 Significant WT vs. I364L-ATP <2.2e−16 Significant WT vs. I364N-ATP <2.2e−16 Significant
K275A vs. E290D <2.2e−16 Significant K275A vs. E290K 0.1173 Non-significant K275A vs. I364L <2.2e−16 Significant
K275A vs. I364N 3.679e−10 Significant K275A vs. WT-DAS <2.2e−16 Significant K275A vs. WT-ATP <2.2e−16 Significant
K275A vs. K275A-ATP <2.2e−16 Significant K275A vs. E290D-ATP <2.2e−16 Significant K275A vs. E290K-ATP <2.2e−16 Significant
K275A vs. I364L-ATP <2.2e−16 Significant K275A vs. I364N-ATP <2.2e−16 Significant E290D vs. E290K <2.2e−16 Significant
E290D vs. I364L 0.6364 Non-significant E290D vs. I364N <2.2e−16 Significant E290D vs. WT-DAS <2.2e−16 Significant
E290D vs. WT-ATP <2.2e−16 Significant E290D vs. K275A-ATP <2.2e−16 Significant E290D vs. E290D-ATP <2.2e−16 Significant
E290D vs. E290K-ATP <2.2e−16 Significant E290D vs. I364L-ATP <2.2e−16 Significant E290D vs. I364N-ATP <2.2e−16 Significant
E290K vs. I364L <2.2e−16 Significant E290K vs. I364N 0.0001829 Significant E290K vs. WT-DAS 3.07e−06 Significant
E290K vs. WT-ATP <2.2e−16 Significant E290K vs. K275A-ATP <2.2e−16 Significant E290K vs. E290D-ATP <2.2e−16 Significant
E290K vs. E290K-ATP <2.2e−16 Significant E290K vs. I364L-ATP <2.2e−16 Significant E290K vs. I364N-ATP <2.2e−16 Significant
I364L vs. I364N <2.2e−16 Significant I364L vs. WT-DAS <2.2e−16 Significant I364L vs. WT-ATP <2.2e−16 Significant
I364L vs. K275A-ATP <2.2e−16 Significant I364L vs. E290D-ATP <2.2e−16 Significant I364L vs. E290K-ATP <2.2e−16 Significant
I364L vs. I364L-ATP <2.2e−16 Significant I364L vs. I364N-ATP <2.2e−16 Significant I364N vs. WT-DAS <2.2e−16 Significant
I364N vs. WT-ATP <2.2e−16 Significant I364N vs. K275A-ATP 0.000179 Significant I364N vs. E290D-ATP <2.2e−16 Significant
I364N vs. E290K-ATP 9.852e−13 Significant I364N vs. I364L-ATP 0.7164 Non-significant I364N vs. I364N-ATP <2.2e−16 Significant
WT-DAS vs. WT-ATP 6.339e−15 Significant WT-DAS vs. K275A-ATP <2.2e−16 Significant WT-DAS vs. E290D-ATP <2.2e−16 Significant
WT-DAS vs. E290K-ATP <2.2e−16 Significant WT-DAS vs. I364L-ATP <2.2e−16 Significant WT-DAS vs. I364N-ATP <2.2e−16 Significant
WT-ATP vs. K275A-ATP <2.2e−16 Significant WT-ATP vs. E290D-ATP <2.2e−16 Significant WT-ATP vs. E290K-ATP <2.2e−16 Significant
WT-ATP vs. I364L-ATP <2.2e−16 Significant WT-ATP vs. I364N-ATP <2.2e−16 Significant K275A-ATP vs. E290D-ATP <2.2e−16 Significant
K275A-ATP vs. E290K-ATP <2.2e−16 Significant K275A-ATP vs. I364L-ATP 0.5784 Non-significant K275A-ATP vs. I364N-ATP <2.2e−16 Significant
E290D-ATP vs. E290K-ATP 4.382e−09 Significant E290D-ATP vs. I364L-ATP 8.142e−13 Significant E290D-ATP vs. I364N-ATP <2.2e−16 Significant
E290K-ATP vs. I364L-ATP <2.2e−16 Significant E290K-ATP vs. I364N-ATP <2.2e−16 Significant I364L-ATP vs. I364N-ATP <2.2e−16 Significant
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Table A6: Wilcoxon signed-rank test results for pairwise RMSD comparisons within the SH3 domain of Lyn kinase. The p-values indicate the statistical significance
of differences in structural fluctuations between WT, mutant, and ligand-bound systems, with p-values less than 0.05 considered significant.

Comparison p-Value Significance Comparison p-Value Significance Comparison p-Value Significance
WT vs. K275A <2.2e−16 Significant WT vs. E290D <2.2e−16 Significant WT vs. E290K <2.2e−16 Significant
WT vs. I364L <2.2e−16 Significant WT vs. I364N <2.2e−16 Significant WT vs. WT-DAS <2.2e−16 Significant
WT vs. WT-ATP <2.2e−16 Significant WT vs. K275A-ATP <2.2e−16 Significant WT vs. E290D-ATP <2.2e−16 Significant
WT vs. E290K-ATP <2.2e−16 Significant WT vs. I364L-ATP <2.2e−16 Significant WT vs. I364N-ATP <2.2e−16 Significant
K275A vs. E290D <2.2e−16 Significant K275A vs. E290K <2.2e−16 Significant K275A vs. I364L <2.2e−16 Significant
K275A vs. I364N <2.2e−16 Significant K275A vs. WT-DAS 9.034e−16 Significant K275A vs. WT-ATP <2.2e−16 Significant
K275A vs. K275A-ATP 1.186e−05 Significant K275A vs. E290D-ATP <2.2e−16 Significant K275A vs. E290K-ATP <2.2e−16 Significant
K275A vs. I364L-ATP 2.136e−05 Significant K275A vs. I364N-ATP <2.2e−16 Significant E290D vs. E290K <2.2e−16 Significant
E290D vs. I364L 0.799 Non-significant E290D vs. I364N <2.2e−16 Significant E290D vs. WT-DAS <2.2e−16 Significant
E290D vs. WT-ATP <2.2e−16 Significant E290D vs. K275A-ATP <2.2e−16 Significant E290D vs. E290D-ATP <2.2e−16 Significant
E290D vs. E290K-ATP <2.2e−16 Significant E290D vs. I364L-ATP <2.2e−16 Significant E290D vs. I364N-ATP <2.2e−16 Significant
E290K vs. I364L <2.2e−16 Significant E290K vs. I364N 0.3174 Non-significant E290K vs. WT-DAS <2.2e−16 Significant
E290K vs. WT-ATP <2.2e−16 Significant E290K vs. K275A-ATP <2.2e−16 Significant E290K vs. E290D-ATP <2.2e−16 Significant
E290K vs. E290K-ATP <2.2e−16 Significant E290K vs. I364L-ATP <2.2e−16 Significant E290K vs. I364N-ATP <2.2e−16 Significant
I364L vs. I364N <2.2e−16 Significant I364L vs. WT-DAS <2.2e−16 Significant I364L vs. WT-ATP <2.2e−16 Significant
I364L vs. K275A-ATP <2.2e−16 Significant I364L vs. E290D-ATP <2.2e−16 Significant I364L vs. E290K-ATP <2.2e−16 Significant
I364L vs. I364L-ATP <2.2e−16 Significant I364L vs. I364N-ATP <2.2e−16 Significant I364N vs. WT-DAS 1.32e−10 Significant
I364N vs. WT-ATP <2.2e−16 Significant I364N vs. K275A-ATP 0.1015 Non-significant I364N vs. E290D-ATP <2.2e−16 Significant
I364N vs. E290K-ATP <2.2e−16 Significant I364N vs. I364L-ATP <2.2e−16 Significant I364N vs. I364N-ATP <2.2e−16 Significant
WT-DAS vs. WT-ATP <2.2e−16 Significant WT-DAS vs. K275A-ATP <2.2e−16 Significant WT-DAS vs. E290D-ATP <2.2e−16 Significant
WT-DAS vs. E290K-ATP <2.2e−16 Significant WT-DAS vs. I364L-ATP <2.2e−16 Significant WT-DAS vs. I364N-ATP <2.2e−16 Significant
WT-ATP vs. K275A-ATP <2.2e−16 Significant WT-ATP vs. E290D-ATP <2.2e−16 Significant WT-ATP vs. E290K-ATP <2.2e−16 Significant
WT-ATP vs. I364L-ATP <2.2e−16 Significant WT-ATP vs. I364N-ATP <2.2e−16 Significant K275A-ATP vs. E290D-ATP <2.2e−16 Significant
K275A-ATP vs. E290K-ATP <2.2e−16 Significant K275A-ATP vs. I364L-ATP <2.2e−16 Significant K275A-ATP vs. I364N-ATP <2.2e−16 Significant
E290D-ATP vs. E290K-ATP 0.005952 Significant E290D-ATP vs. I364L-ATP <2.2e−16 Significant E290D-ATP vs. I364N-ATP 1.251e−07 Significant
E290K-ATP vs. I364L-ATP <2.2e−16 Significant E290K-ATP vs. I364N-ATP 0.2965 Non-significant I364L-ATP vs. I364N-ATP <2.2e−16 Significant
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Table A7: RMSD-based clustering on the MD trajectories. The table lists the number of frames per
cluster, maximum and average intra-cluster dissimilarity, cluster diameter, and inter-cluster separation.

System Cluster Size Max Dissim. Avg. Dissim. Diameter Separation

WT 1 2179 382.19 98.68 542.10 17.91

WT 2 1936 388.46 94.82 449.49 10.38

WT 3 1886 398.54 101.07 438.12 10.38

E290D 1 1641 115.03 38.75 137.17 6.96

E290D 2 359 126.41 42.15 170.20 6.96

E290K 1 4233 393.06 72.81 425.76 7.96

E290K 2 1768 439.87 147.69 603.38 7.96

I364L 1 3118 345.74 82.17 435.37 9.65

I364L 2 1738 347.05 124.72 496.50 9.65

I364L 3 1145 310.48 102.34 391.70 11.25

I364N 1 4875 382.76 51.91 409.35 11.34

I364N 2 1126 383.63 79.19 525.17 11.34

K275A 1 4637 220.04 54.96 271.47 13.40

K275A 2 336 243.79 108.13 456.15 12.53

K275A 3 387 192.40 67.92 369.86 12.53

K275A 4 287 188.68 45.48 241.30 15.03

K275A 5 354 247.52 48.93 330.38 32.43

WT-DAS 1 4136 331.26 76.31 374.73 11.68

WT-DAS 2 1865 391.20 77.83 423.45 11.68

WT-ATP 1 4144 310.65 64.38 371.13 7.12

WT-ATP 2 1857 313.23 142.47 565.95 7.12

E290D-ATP 1 5501 410.90 65.01 449.78 7.55

E290D-ATP 2 500 415.25 133.81 597.88 7.55

E290K-ATP 1 3913 140.26 46.01 170.99 8.53

E290K-ATP 2 1931 173.59 48.63 222.09 8.53

E290K-ATP 3 157 311.33 55.64 447.85 18.70

I364L-ATP 1 5302 177.08 52.53 218.18 7.36

I364L-ATP 2 699 277.88 88.93 351.47 7.36

I364N-ATP 1 2520 67.95 39.76 103.92 6.44

I364N-ATP 2 1134 99.78 36.33 143.77 6.55

I364N-ATP 3 1282 204.19 42.18 246.18 6.83

I364N-ATP 4 1065 247.64 58.57 289.62 6.44

K275A-ATP 1 4533 360.82 66.98 405.05 7.52

K275A-ATP 2 1468 405.32 67.63 444.86 7.52
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Table A8: Wilcoxon rank-sum test results for pairwise comparisons of ligand RMSD distributions across
systems. A p-value threshold of 0.05 was used to determine statistical significance.

Comparison p-Value Significance

WT-ATP vs. WT-DAS < 2.2× 10−16 Significant

WT-ATP vs. K275A-ATP < 2.2× 10−16 Significant

WT-ATP vs. E290D-ATP < 2.2× 10−16 Significant

WT-ATP vs. E290K-ATP < 2.2× 10−16 Significant

WT-ATP vs. I364L-ATP < 2.2× 10−16 Significant

WT-ATP vs. I364N-ATP < 2.2× 10−16 Significant

WT-DAS vs. K275A-ATP 0.6218 Not Significant

WT-DAS vs. E290D-ATP < 2.2× 10−16 Significant

WT-DAS vs. E290K-ATP < 2.2× 10−16 Significant

WT-DAS vs. I364L-ATP < 2.2× 10−16 Significant

WT-DAS vs. I364N-ATP 1.36× 10−4 Significant

K275A-ATP vs. E290D-ATP < 2.2× 10−16 Significant

K275A-ATP vs. E290K-ATP < 2.2× 10−16 Significant

K275A-ATP vs. I364L-ATP < 2.2× 10−16 Significant

K275A-ATP vs. I364N-ATP 6.11× 10−7 Significant

E290D-ATP vs. E290K-ATP < 2.2× 10−16 Significant

E290D-ATP vs. I364L-ATP < 2.2× 10−16 Significant

E290D-ATP vs. I364N-ATP < 2.2× 10−16 Significant

E290K-ATP vs. I364L-ATP < 2.2× 10−16 Significant

E290K-ATP vs. I364N-ATP < 2.2× 10−16 Significant

I364L-ATP vs. I364N-ATP < 2.2× 10−16 Significant

Table A9: p-values for Pearson correlation significance between systems. Values less than 0.05 are
considered statistically significant.

Systems WT
WT–
ATP

WT–
DAS

K275A
K275A–

ATP
E290D

E290D–
ATP

E290K
E290K–

ATP
I364L

I364L–
ATP

I364N
I364N–
ATP

WT 0 7.26E-11 9.01E-05 0.2425 0.7947 0.00894 0.7327 0.01716 0.06322 0.01496 0.33319 0.00764 0.86731

WT–ATP 7.26E-11 0 7.71E-05 0.23909 0.86908 0.01210 0.81578 0.02273 0.06595 0.01995 0.32193 0.01011 0.88367

WT–DAS 9.01E-05 7.71E-05 0 0.17824 0.44469 0.02251 0.78695 0.04018 0.15660 0.03720 0.35211 0.01133 0.83684

K275A 0.24254 0.23909 0.17824 0 0.09287 0.02769 0.74644 0.04101 0.04088 0.02494 0.69187 0.03955 0.36018

K275A–ATP 0.79471 0.86908 0.44469 0.09287 0 0.73697 0.14552 0.70846 0.53654 0.68448 0.09850 0.64746 0.04494

E290D 0.00894 0.01210 0.02251 0.02769 0.73697 0 0.82337 7.10E-09 8.73E-05 2.50E-11 0.61881 4.25E-10 0.97466

E290D–ATP 0.73273 0.81578 0.78695 0.74644 0.14552 0.82337 0 0.82981 0.32898 0.76866 0.00127 0.82321 0.00136

E290K 0.01716 0.02273 0.04018 0.04101 0.70846 7.10E-09 0.82981 0 0.00017 1.03E-10 0.65681 3.51E-08 0.98624

E290K–ATP 0.06322 0.06595 0.15660 0.04088 0.53654 8.73E-05 0.32898 0.00017 0 7.90E-05 0.62453 9.50E-05 0.75966

I364L 0.01496 0.01995 0.03720 0.02494 0.68448 2.50E-11 0.76866 1.03E-10 7.90E-05 0 0.62108 4.60E-09 0.95895

I364L–ATP 0.33319 0.32193 0.35211 0.69187 0.09850 0.61881 0.00127 0.65681 0.62453 0.62108 0 0.67099 0.39058

I364N 0.00764 0.01011 0.01133 0.03955 0.64746 4.25E-10 0.82321 3.51E-08 9.50E-05 4.60E-09 0.67099 0 0.99493

I364N–ATP 0.86731 0.88367 0.83684 0.36018 0.04494 0.97466 0.00136 0.98624 0.75966 0.95895 0.39058 0.99493 0
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Table A10: Dynamic, interface, and evolutionary properties of Lyn allosteric connectors across Src family kinases. For each connector, the table lists its region,
correlation with activity classification, module mixing, interface involvement, and interface-weighted score. Residue identities across SFKs are shown alongside
Shannon entropy and Lyn-specific conservation scores, offering an integrated view of dynamic importance and evolutionary variation.

Connector Region Cor-with-act p-val Mean-mix mix-weighted-corr Interface Interface-freq Interface-score Lyn Hck Lck Blk Fgr Fyn Src Yes Shannon score Identity score
K343 SH1C 0.90 3.5e-05 0.78 0.70 SH2 1.00 1.39 K K K R Q N Q Q 0.59 38
D66 SH3 0.75 0.00 0.77 0.58 SH2 1.00 1.15 D I N H T T T T 0.54 13
S228 Linker 0.60 0.03 0.90 0.54 SH3 1.00 1.08 S S T R I K T T 0.51 25
C226 SH2 0.65 0.02 0.77 0.50 SH3 1.00 0.99 C C C C C C C C 1.00 100
R304 SH1N 0.57 0.04 0.83 0.48 SH1C 1.00 0.96 R K R R Q Q Q P 0.59 38
Y266 SH1N 0.51 0.08 0.86 0.44 SH3 1.00 0.87 Y Y Y Y W W W W 0.77 50
A307 SH1N 0.56 0.05 0.78 0.43 Linker 1.00 0.86 A A A A A A A A 1.00 100
V250 SH1N 1.00 2.5e-18 0.79 0.79 none 0.00 0.79 V E V V E I E E 0.68 38
E245 Linker 0.49 0.09 0.78 0.38 SH1N 1.00 0.76 E E E Q S E E E 0.76 75
P488 SH1C 0.86 1.4e-04 0.86 0.74 none 0.00 0.74 P P P P P P P P 1.00 100
P73 SH3 0.98 3.5e-09 0.76 0.74 none 0.00 0.74 P D S D D D D D 0.76 13
E312 SH1N 0.45 0.12 0.82 0.37 SH3 1.00 0.74 E K Q K E E E E 0.70 63
I227 Linker 0.48 0.10 0.77 0.37 SH2 1.00 0.74 I M Q V T H P P 0.37 13
G65 SH3 0.96 3.2e-07 0.76 0.73 none 0.00 0.73 G D D K V V V V 0.60 13
G325 SH1N 0.90 3.1e-05 0.78 0.70 none 0.00 0.70 G G G G G G G G 1.00 100
S326 SH1N 0.85 2.6e-04 0.82 0.70 none 0.00 0.70 S S S C S S S S 0.88 88
Y265 SH1N 0.44 0.14 0.86 0.38 Linker 0.85 0.69 Y T Y Y T T T T 0.78 38
A255 SH1N 0.87 1.0e-04 0.79 0.69 none 0.00 0.69 A A A S T N Q Q 0.50 38
R244 Linker 0.43 0.14 0.79 0.34 SH1N 1.00 0.68 R R R R R R R R 1.00 100
K481 SH1C 0.88 6.4e-05 0.76 0.67 none 0.00 0.67 K K K R R K R K 0.78 63
F347 SH1C 0.83 4.0e-04 0.78 0.65 none 0.00 0.65 F F M M M M M M 0.81 25
N116 SH3 0.81 8.2e-04 0.79 0.64 none 0.00 0.64 N N N N N N N N 1.00 100
M263 SH1N 0.74 0.00 0.86 0.64 none 0.00 0.64 M M M M L M M M 0.88 88
K324 SH1N 0.82 6.1e-04 0.78 0.64 none 0.00 0.64 K K N R H K K K 0.65 63
V373 SH1C 0.79 0.00 0.79 0.63 none 0.00 0.63 V I I I I I I I 0.88 13
D346 SH1C 0.40 0.17 0.78 0.31 SH2 1.00 0.62 D D D D D D D D 1.00 100
F258 SH1N 0.82 5.5e-04 0.76 0.62 none 0.00 0.62 F F F F F F F F 1.00 100
V308 SH1N 0.39 0.19 0.78 0.30 SH3 1.00 0.61 V V V V V V V V 1.00 100
I351 SH1C 0.78 0.00 0.78 0.61 none 0.00 0.61 I I I I V V I I 0.81 75
E260 SH1N 0.80 0.00 0.76 0.61 none 0.00 0.61 E E E E D E E E 0.88 88
A384 SH1C 0.77 0.00 0.78 0.60 none 0.00 0.60 A A A A A A A A 1.00 100
P146 SH2 0.37 0.21 0.79 0.29 SH1C 1.00 0.59 P P P P P F A P 0.76 75
G264 SH1N 0.67 0.01 0.86 0.58 none 0.00 0.58 G A G G G G G G 0.88 88
M322 SH1N 0.74 0.00 0.78 0.58 none 0.00 0.58 M M M M M M M M 1.00 100
M294 SH1N 0.55 0.05 0.82 0.45 SH1C 0.23 0.55 M M M M M M M M 1.00 100
I475 SH1C 0.70 0.01 0.77 0.54 none 0.00 0.54 I I L V A L L L 0.60 25
G256 SH1N 0.68 0.01 0.79 0.54 none 0.00 0.54 G G G G G G G G 1.00 100
A323 SH1N 0.69 0.01 0.78 0.54 none 0.00 0.54 A A E A C N S S 0.51 38
N372 SH1C 0.68 0.01 0.79 0.53 none 0.00 0.53 N N N N N N N N 1.00 100
A286 SH1N 0.63 0.02 0.83 0.52 none 0.00 0.52 A A A A A S A A 0.88 88
S83 SH3 0.67 0.01 0.77 0.51 none 0.00 0.51 S S G Q T S S S 0.65 63
V69 SH3 0.66 0.01 0.77 0.51 none 0.00 0.51 V V I V I V V V 0.81 75
P342 SH1C 0.66 0.01 0.77 0.51 none 0.00 0.51 P P N P P P P P 0.88 88
F420 SH1C 0.61 0.03 0.83 0.50 none 0.00 0.50 F F F F F F F F 1.00 100
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Table A11: Src family kinase inhibitors, their clinical development phase, inhibitor type, available PDB
structures, and corresponding Src family targets.

Inhibitor Phase Type PDB IDs Target Family

Bafetinib 2 2.0 2e2b LYN Src

Bosutinib 4 1.0
3soa, 3ue4, 4mxo, 4mxx, 4mxy, 4mxz, 4qmn,
5ajq, 5i9x, 5vc3, 5vcb, 5vcc, 5wgl, 5wgm,
5wgn

LYN Src

Bosutinib 4 1.0
3soa, 3ue4, 4mxo, 4mxx, 4mxy, 4mxz, 4qmn,
5ajq, 5i9x, 5vc3, 5vcb, 5vcc, 5wgl, 5wgm,
5wgn

HCK Src

Bosutinib 4 1.0
3soa, 3ue4, 4mxo, 4mxx, 4mxy, 4mxz, 4qmn,
5ajq, 5i9x, 5vc3, 5vcb, 5vcc, 5wgl, 5wgm,
5wgn

SRC Src

Dasatinib 4 1.0
2gqg, 2y60, 2zva, 3g5d, 3k54, 3lfa, 3oct,
3oht, 3qlg, 3sxr, 4qms, 4xv2, 5hbp, 5ixc

SRC Src

Dasatinib 4 1.0
2gqg, 2y60, 2zva, 3g5d, 3k54, 3lfa, 3oct,
3oht, 3qlg, 3sxr, 4qms, 4xv2, 5hbp, 5ixc

LCK Src

Dasatinib 4 1.0
2gqg, 2y60, 2zva, 3g5d, 3k54, 3lfa, 3oct,
3oht, 3qlg, 3sxr, 4qms, 4xv2, 5hbp, 5ixc

YES Src

Dasatinib 4 1.0
2gqg, 2y60, 2zva, 3g5d, 3k54, 3lfa, 3oct,
3oht, 3qlg, 3sxr, 4qms, 4xv2, 5hbp, 5ixc

FYN Src

Nintedanib 4 1.0 3c7q, 5maf, 5te0, 6nec LCK Src

Nintedanib 4 1.0 3c7q, 5maf, 5te0, 6nec LYN Src

Nintedanib 4 1.0 3c7q, 5maf, 5te0, 6nec SRC Src

Ponatinib 4 2.0
3ik3, 3oxz, 3zos, 4c8b, 4qrc, 4tyj, 4u0i, 4uxq,
4v01, 4v04, 6eg9, 6p9m

LCK Src

Ponatinib 4 2.0
3ik3, 3oxz, 3zos, 4c8b, 4qrc, 4tyj, 4u0i, 4uxq,
4v01, 4v04, 6eg9, 6p9m

SRC Src

Ponatinib 4 2.0
3ik3, 3oxz, 3zos, 4c8b, 4qrc, 4tyj, 4u0i, 4uxq,
4v01, 4v04, 6eg9, 6p9m

LYN Src

Rebastinib 2 2.0 3qri, 3qrj, 5g6v, 6cnh, 6mwe, 8ub8 LYN Src

Regorafenib 4 2.0 – FRK Src

Saracatinib 3 1.0 2h8h, 4qmx, 5vcx, 5vd3, 6zgc SRC Src

Vandetanib 4 1.5 2ivu BRK Src

Table A12: Similarity of full-length Src family kinases to Lyn based on BLAST sequence alignment. Blue
text highlights Lyn-related kinases; red indicates Src-related kinases.

Protein Organism Max
Score

Total
Score

Query
Cover E value Identity% Length UniProt ID

Lyn Homo sapiens 1066 1066 100% 0 100.00% 512 P07948

Hck Homo sapiens 754 754 100% 0 70.54% 526 P08631

Lck Homo sapiens 685 685 94% 0 67.29% 509 P06239

Fyn Homo sapiens 590 590 87% 0 62.72% 509 P06241

Yes Homo sapiens 592 592 87% 0 62.25% 543 P07947

Fgr Homo sapiens 564 564 87% 0 61.12% 509 P09769

Blk Homo sapiens 645 645 100% 0 60.35% 505 P51451

Src Homo sapiens 572 572 86% 0 60.27% 536 P12931
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Table A13: Similarity of Src family kinase SH1 domains to Lyn based on BLAST sequence alignment.
Blue text highlights Lyn-related kinases; red indicates Src-related kinases.

Protein Organism
Max
Score

Total
Score

Query
Cover

E value Identity% Length UniProt ID

Lyn Homo sapiens 530 530 100% 0.0 100.00% 512 P07948

Hck Homo sapiens 441 441 100% 6e-155 81.57% 526 P08631

Lck Homo sapiens 407 407 100% 8e-142 74.90% 509 P06239

Blk Homo sapiens 395 395 100% 2e-137 71.88% 505 P51451

Fyn Homo sapiens 378 378 100% 5e-130 68.63% 537 P06241

Src Homo sapiens 370 370 100% 7e-127 65.49% 536 P12931

Yes Homo sapiens 367 367 100% 6e-126 66.27% 543 P07947

Fgr Homo sapiens 355 355 100% 5e-121 65.88% 529 P09769

Table A14: Structural features selected for supervised classification of active-like and inactive-like en-
sembles in full-length Lyn kinase. Each feature is grouped by functional category, describes a specific
geometric relationship between residues or domains, and exhibits differential values across conformational
ensembles.

Feature Category Geometric Relationship Ensemble

K275–E290 Catalytic region Catalytic–αC helix contact Lower in active-like

D385–K275 Catalytic region Catalytic site contact Lower in active-like

E290–D385 Catalytic region Catalytic site contact Lower in active-like

K275–M294 Catalytic region Catalytic–αC helix contact Lower in active-like

Y397–R366 Activation segment Activation loop–SH1C contact Lower in inactive-like

Y397–E289 Activation segment Activation loop–αC helix contact Lower in active-like

E157–K162 Intradomain architecture SH2 internal contact Lower in inactive-like

R390–K361 Intradomain architecture SH1C internal contact Lower in active-like

SH1 Lobes Intradomain architecture SH1N–SH1C lobes Lower in inactive-like

Rspine Intradomain architecture F386–M294–L305 angle Higher in active-like

D498–K137 Interdomain coupling SH1C–SH2 domain proximity Lower in inactive-like

D206–K89 Interdomain coupling SH2–SH3 domain proximity Higher in inactive-like

I77–N449 Interdomain coupling SH3–SH1C lobe proximity Lower in inactive-like

SH3–Nlobe Interdomain coupling Center-of-mass proximity Lower in inactive-like

SH2–Clobe Interdomain coupling Center-of-mass proximity Lower in inactive-like

SH2–SH3 Interdomain coupling Center-of-mass proximity Lower in inactive-like
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Appendix C: Mathematical Framework

Allosteric Connector Scoring

The quantitative scoring procedure used to identify allosteric connectors was based on three
components: centrality–state correlation, module-mixing behavior, and interface frequency.

Centrality–State Correlation

For each residue r, a betweenness centrality vector across all N systems was defined as:

br = (br,1, . . . , br,N ). (A1)

System activity was encoded as a binary vector:

y = (y1, . . . , yN ), (A2)

with ys = 1 for active-like systems and ys = 0 otherwise. The Pearson correlation coefficient
between these vectors was computed as:

ρr = corr(br,y). (A3)

Module-Mixing Index

For each residue r in system s, the module-mixing score was defined as Mr,s. The average mixing
across all systems was given by:

µr =
1

N

N∑
s=1

Mr,s. (A4)

Interface Frequency

The number of systems in which residue r appeared at an interdomain interface was counted as
kr. The normalized interface frequency was:

fr =
kr
N

. (A5)
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Mixing-Weighted Correlation

The first two features were combined as:

mix_weighted_corrr = ρr · µr. (A6)

Final Interface-Weighted Score

The complete interface-weighted score for each residue was:

interface_weighted_scorer = mix_weighted_corrr · (1 + fr). (A7)

Residues with interface-weighted scores above 0.5 were classified as putative allosteric connec-

tors.

Entropy-Based Conservation Scoring

Evolutionary conservation of Lyn connector positions across the Src family was quantified using
a gap-aware normalized Shannon entropy metric.

Shannon Entropy

Entropy was computed for each alignment position as:

H = −
n∑

i=1

pi log2 pi (A8)

where pi denotes the observed frequency of amino acid i at the corresponding alignment column,
including gaps.

Normalized Conservation Score

Entropy values were normalized to a 21-symbol distribution (20 amino acids plus gap), yielding
the final conservation score:

Conservation Score = 1− H

log2(21)
(A9)

This normalization assigns a score of 1 to fully conserved positions and values approaching 0 to

highly diverse positions.
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