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Abstract:

Sex hormone-binding globulin (SHBG), a glycoprotein in circulation, binds testosterone,
dihydrotestosterone, and estradiol with high specificity, regulating their transport and
bioavailability. This function relies on long-range conformational interactions between its N-
terminal (NTD) and C-terminal (CTD) domains. Variations in SHBG levels or binding affinities
alter free hormone concentrations, influencing reproductive and metabolic health. Despite its
significance, the full-length SHBG structure and the conformational dynamics influencing
hormone binding remain unclear. Deploying in-silico structural analysis, Raman spectroscopy,
and network modeling, we investigated the intramolecular structural dynamics of the full length
SHBG to understand how allosteric perturbations caused by natural mutations affect hormone
binding and inter-residue interactions. Raman spectroscopy and in-silico analyses show that
majority of the residues in SHBG (308 residues) constitute loop regions, whereas only 21%
constitute beta sheet. Mutations in SHBG that alter its binding affinity, though distant from the
ligand-binding pocket (LBP), induce long-range conformational changes. These mutations are
clustered in flexible regions but maintain structural order through dense local interactions. Our
in-silico analyses identified key substructures regulating allosteric interactions between mutation
sites and ligand-binding residues. This study provides a template for further structural analyses

of clinically reported mutations and their effect on hormone binding and action.



1. Introduction:

Sex hormone binding globulin (SHBG) is a 45KDa glycoprotein produced primarily in the
liver?2. It associates with sex hormones - testosterone, dihydrotestosterone (DHT), and estradiol
- with high affinity in the bloodstream® and plays an important role in regulating their
distribution, transport, and tissue bioavailability *. These hormones share a common binding
pocket on SHBG. SHBG comprises a homodimeric assembly®, made up of two identical
monomers, each consisting of 401 amino acids. SHBG’s distinct structural arrangement allows it
to interact selectively with sex hormones®. Understanding the intricate interplay between SHBG
and sex hormones is essential in comprehending the regulatory mechanisms governing hormonal
actions in the body. Alterations in SHBG levels or its affinity for sex hormones are associated
with alterations in the circulating concentrations of the unbound or the free hormone and can
impact an individual’s reproductive and metabolic health’. Together, SHBG’s structure and
function play an important role in modulating the bioavailability and actions of sex hormones,
orchestrating a delicate hormonal balance. Monomeric structure of SHBG involves a tandem
repeat of laminin G-like (LG) domains®®, which play a crucial role in its functionality and
interactions with sex hormones. The LG domain is mainly responsible for its specific binding to
sex hormones, particularly testosterone, dihydrotestosterone (DHT), and estradiol’®*!. This
domain within SHBG create a binding groove that accommodates and interacts with the
hydrophobic regions of the sex hormones. Additionally, these LG domains contribute to SHBG's
stability and structural integrity*!. Mutations or alterations within these LG domains can affect
SHBG's binding affinity for sex hormones, potentially leading to changes in free hormone levels
and activity’. Moreover, the tandem arrangement of LG domains in SHBG allows for a range of

interactions with multiple hormones within a steroid class’.

Previous studies have revealed how SHBG distinguishes between androgens (such as
testosterone and dihydrotestosterone) and estrogens (like estradiol), preferentially binding them
in opposite orientations within the single steroid-binding site present in each SHBG monomer*.
Androgens and estrogens possess distinct molecular structures and hydrophobic regions®.
SHBG's steroid-binding site within the LG domains, is adaptable, enabling it to selectively
recognize and bind androgens and estrogens through specific interactions within its steroid-

binding pocket***. Several mutations in the gene encoding SHBG have been reported to impact



its binding affinity for its ligands, testosterone, dihydrotestosterone (DHT), and estradiol®. These
mutations in the SHBG gene could influence its binding affinity for these ligands by altering its
structure, stability, or functional domains. The extant studies on dynamics of hormone

bioavailability built upon findings from LBD crystal structure®*

of truncated ligand binding
domain may not accurately capture the solution dynamics and conformation flexibility across the
full length SHBG. Despite previous research into SHBG’s function and ligand interactions, the
full-length structural organization and conformational dynamics that govern its ligand-binding
properties remains unavailable to date. A particularly unresolved and clinically significant
question is how naturally occurring mutations, often located far from the ligand-binding pocket
(LBP), alter SHBG's hormone-binding affinity. The spatial separation of these mutations from
the LBP suggests an allosteric mechanism, but the structural and dynamic pathways underlying
such long-range communication are poorly characterized. Understanding these allosteric effects
is essential to elucidate how SHBG regulates hormonal bioavailability and to interpret the

functional consequences of disease-associated SHBG variants.

The present work provides a comprehensive insight on how the mutations which are distant from
ligand-binding domain (LBD) could alter ligand specificity. These mutations, although spatially
separated from the binding pocket, are hypothesized to induce conformational changes that
propagate through the protein’s structure, ultimately modulating its hormone-binding affinity. To
elucidate this mechanism, we characterized the structural arrangement of SHBG monomer by
which mutations impact its ligand binding. To generate a full-length model of SHBG, we
performed homology modeling and validated the structure through AlphaFold comparison and
Raman spectroscopy. To characterize regions of intrinsic disorder and flexibility, and to assess
how mutation sites align with these dynamic regions, we conducted a comprehensive disorder
propensity analysis using consensus-based predictive tools. We were particularly interested in
understanding whether allosteric effects play a role in modulating the effects of mutations that
are distant from the ligand binding pocket on SHBG's interactions with its ligands. In order to
determine how mutation sites influence ligand-binding residues, we carried out structure network
analysis, identifying key structural blocks (SBs) that mediate allosteric communication. Changes
in distant regions of the protein due to mutations could potentially propagate conformational
changes that indirectly affect the ligand-binding site, altering its affinity for sex hormones.

Therefore, to evaluate the internal flexibility and dynamic coupling of different regions within



SHBG, we employed Monte Carlo simulations. Understanding the structural arrangement of LG
domain, its interaction with rest part of the protein as well as internal dynamics provides valuable
insights into the molecular mechanisms governing its function as a carrier protein for sex
hormones selectivity and binding preferences within the single steroid-binding site of the SHBG
monomer. Collectively, this integrative approach provides a mechanistic framework to
investigate how distant mutations reshape the conformational landscape of SHBG and modulate

its hormone-binding behavior.

2. Results:

As shown in Fig. 1, to accomplish our objectives, we deployed a combination of in-silico
methods and spectroscopic techniques to characterize key regions in the SHBG protein structure
which regulate the internal dynamics as well as ligand binding. We performed homology
modelling and generated the model structure of the SHBG monomer. We verified the accuracy
of our model by comparing it with the monomeric structure predicted by AlphaFold. Also, to
complement the in-silico model and capture dynamic structural features, we performed Raman
Spectroscopy, which provided experimental insights into the secondary structural organization
and compared it with the in-silico model structure. This comparison helped us to bridge the
resolution limitations of purely computational models while capturing dynamic features
inaccessible to static structures. Subsequently, we analysed the structures of the DHT and
estradiol-bound SHBG to investigate the residues involved in hormone binding and their spatial
configuration within the protein structure. To determine the internal arrangement and mutual
interactions between residues, we performed a comprehensive structure network analysis by
performing normal mode analysis (NMA). The NMA included generating both all-residue
structure network and community cluster network and a correlation network between amino acid
residues. This approach allowed us to understand potential allosteric pathways linking distant
regions to the ligand-binding site. We further studied the flexibility of SHBG monomer using
MC simulation to identify key residues that regulate the structural dynamics of the protein. This
integrative approach has provided important insights into critical aspects governing protein
behaviour and its binding interactions with ligands. Fig. 1 represents the workflow outlined in

the manuscript.



Together, this integrative framework addresses the limitations of earlier truncated or static
SHBG models by offering a full-length, dynamic perspective essential for uncovering allosteric

regulation and mutation-driven effects on ligand binding.
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Fig. 1. Ensemble Structure Analysis Workflow to probe into SHBG structural dynamics.
(A) Homology modelling was performed using the human SHBG sequence to generate a model
structure of the SHBG monomer. (B) To validate our model structure, we compared it with the
monomeric structure obtained from AlphaFold and further corroborated it by elucidation of
secondary structural organization.using Raman Spectroscopy. (C) We analyzed ligand-bound
SHBG structures to identify the protein residues interacting with DHT and estradiol and their
specific interaction topology. (D) Structure network analysis was pwerformed to reveal the
distribution and interactions of residues within the 3D protein structure. (E) We used Monte
Carlo simulation to investigate backbone flexibility of the SHBG monomer, revealing coupled
motions of different regions/residues. (F) We identified important residues that regulate
intramolecular structural dynamics in SHBG and influence ligand affinity. By integrating
experimental and in-silico data, this cumulative workflow has offered a mechanistic

understanding of SHBG's structural dynamics and regions important in hormone binding.

2.1 Structure modeling of SHBG: Contact Map and Fluctuation Analysis

Since no full-length structure of the SHBG protein was available at the time of this study, we
generated an in-silico structure for the monomeric SHBG protein. Within this structure, the LG
domain houses nearly all of the reported mutations, which have been consistently associated with
alterations in both estradiol and DHT binding affinities of SHBG (Fig. 2A, Table 1). This
highlights the significance of the LG domain in mediating the functional impact of these

mutations on the protein's interactions with these ligands.

The contact map generated shows inter-residue correlations within the SHBG model structure
(Fig. 2B). The intensity of the red color is proportional to a higher extent of
correlations/correlated motions among residues, while negative scores, indicated by green colors,
represent residue-residue cross-correlation. White color represents uncorrelated residues. The 2D
contact map indicates that residues in the LG domain mostly maintain positive correlation among

themselves, while exhibiting anti-correlated motions with the rest of the protein.

Interestingly, we observed that residue 152 exhibited high positive correlation with the DHT

binding site at residue 112 (140 with respect to the full-length SHBG structure), indicating strong



interaction between these two residues. Mutations at residue 152 have been reported to reduce
DHT binding affinity of the protein. The majority of the mutation sites displayed anti-correlation

with ligand binding sites, suggesting their allosteric effects on ligand interaction.
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Fig. 2. Structural modelling and residue interaction analysis of SHBG reveals intra-domain
communication pathways potentially regulating ligand binding and conformational
dynamics. (A) The modelled full-length SHBG monomer structure (402 amino acids) is shown
with domain-specific colour coding. The N-terminal Laminin G-like (LG) domain, containing
the steroid-binding site, is shown in light pink, while the rest of the structure is depicted in lime
green. Experimentally reported mutation sites are marked in blue. Mutations known to reduce
ligand-binding affinity (e.g., T771, R152C, R152H, G224E) are highlighted in red, and those
associated with enhanced binding are shown in cyan. The residues forming the structural bridge
between the LG domain and the rest of the monomer are coloured in yellow and light orange,
indicating possible communication interfaces. (B) A residue—residue contact map was generated
using a 5 A distance threshold to identify spatial proximities in the modelled structure. Each dot
represents a residue pair with Co—Ca distance below the cutoff, and the colour gradient indicates
interaction strength. The map reveals strong intradomain interactions within the LG domain,
especially in the ligand-binding pocket, and highlights the presence of long-range contacts that

may mediate allosteric communication between distant regions of the protein.



2.2 Model validation of the in-silico SHBG structure and insights into SHBG conformation

We compared the homology model of the SHBG monomer, generated using I-TASSER with
default settings, to the AlphaFold-predicted structure (obtained via AlphaFold version 2.3.1
using the AlphaFold Protein Structure Database) to assess structural similarity. The overall root
mean square deviation (RMSD) between the two models was 2.416 A, indicating a moderate
degree of structural deviation (Fig. 3A). To gain deeper insight into the distribution of these
differences, we conducted domain-specific comparisons by separating the LG domain (residues
1-238) and the N-terminal domain (residues 239—401). As depicted in Fig. 3B, the N-terminal
domain showed greater structural variance (RMSD = 3.813 A) compared to the LG domain
(RMSD = 2.175 A). The primary deviation in the LG domain was traced to the final 40 residues
at the C-terminal, which formed a helical segment and extended loop in the AlphaFold model but
appeared only as an extended loop in the I-TASSER-generated structure. Similarly, the elevated
RMSD in the N-terminal domain is attributed to differences in secondary structure predictions,
where AlphaFold predicted helical elements that were absent in the homology model. These
differences likely reflect the challenges of accurately modeling structurally dynamic or
disordered regions. Notably, AlphaFold has been reported to overpredict ordered structures,
particularly a-helices, in regions of intrinsic flexibility or disorder, particularly at the N- and C-
terminal ends of proteins™. It is well-known that in-silico modelling approaches, including
AlphaFold, can sometimes overestimate the disorder in terminal regions, leading to deviations in
predicted structures™. Additionally, AlphaFold’s tendency to overestimate certain secondary
structures, such as a-helices, particularly in flexible or disordered regions, may have contributed
to the observed differences®’. This limitation is particularly relevant for SHBG, a loop-dominant
protein where the dynamic nature of loops plays a critical role in its structure. Moreover,
AlphaFold's performance, while remarkable in predicting monomeric structures, can be less
reliable when dealing with proteins that exhibit significant flexibility or exist in multi-meric
forms, as SHBG potentially does'®. This highlights the importance of complementary structural
modelling techniques, such as homology modelling, which may provide alternative structural
insights where AlphaFold predictions diverge. Furthermore, experimental validation remains
essential to refine these in-silico predictions and accurately capture the nuanced features of

protein structures like SHBG. The integration of techniques such as Raman spectroscopy



provides crucial insights into secondary structure elements, offering validation and revealing

potential limitations in computational models.

Raman spectroscopy analysis provided significant insights into the secondary structure of the
SHBG monomer (Fig. 3C and 3D). The analysis underscored the prominence of loop regions
within the protein's structure. Our in-silico analysis revealed that 21% of the SHBG monomer
consists of B-sheet structures, while a remarkable 77% of the residues (equivalent to 308 amino
acids) are involved in loop regions. These loop regions encompass both ordered and disordered
segments of the protein. The Raman spectroscopy data corroborated these findings, indicating a
comparable secondary structure distribution with approximately 23% B-sheet content and about
77% loop regions (Fig. 3D). The loop-rich nature of SHBG suggests that these segments are far
more than passive linkers between secondary structure elements. Loops are often associated with
enhanced conformational flexibility, which can allow proteins to adapt dynamically to various
molecular interactions. In the case of SHBG, the extensive loop network may contribute
significantly to the protein’s ability to undergo subtle yet functionally important conformational
changes in response to ligand binding or mutations. This structural adaptability is particularly
relevant for mediating allosteric effects, where perturbations such as mutations at distant sites

propagate through the protein structure to influence the behavior of the ligand-binding pocket.

Moreover, loops can serve as hubs for intramolecular communication, especially in multi-
domain proteins like SHBG, where coordinated dynamics between the laminin G-like domains
and surrounding flexible regions are critical for functional integrity. Given that many of these
loops likely bridge both ordered and disordered segments, they may play a unique regulatory role
in stabilizing transient conformations required for selective hormone recognition and binding.
Despite this, loop regions remain underexplored in the context of full-length SHBG models,
which have traditionally focused on static representations of structured domains. Our analysis
shows the importance of these flexible elements, and we hypothesize that SHBG’s loop-
dominated architecture is integral to its function as a dynamic hormone carrier. Elucidating how
these regions contribute to internal dynamics and allosteric signalling is therefore essential to

fully understand the molecular basis of hormone binding and specificity in SHBG.

This spectroscopic validation highlights that despite the inherent flexibility and often

unstructured nature of loop regions, they significantly contribute to the ordered structural



framework of the SHBG monomer. The substantial representation of loop regions suggests their
critical role in maintaining the protein's structural integrity and functionality, bridging both

ordered and disordered domains within the overall architecture of SHBG.

We conducted detailed mathematical analyses on the Raman spectrum of the wild-type (WT)
SHBG to complement the secondary structure evaluation. The analytical approach involved
baseline correction, derivative spectroscopy, spectral moment calculation, entropy analysis, and
peak asymmetry determination to provide comprehensive quantitative insights. The first and
second derivatives of the Raman spectrum were computed to enhance the detection of subtle
spectral features. The first derivative plot highlighted minor intensity fluctuations and spectral
shifts, while the second derivative was particularly effective in resolving overlapping bands,
offering precise identification of peak positions indicative of specific structural elements or
molecular interactions. Baseline fitting using a fifth-order polynomial provided a robust method
to correct spectral data, ensuring the accurate quantification of peak intensities and positions.
The corrected spectrum differentiated between genuine spectral features and baseline artifacts,
significantly improving the reliability of complex structural analyses. Quantitative spectral
metrics included Shannon entropy of 6.34, indicating moderate spectral complexity and
suggesting an ordered yet diverse molecular environment; a spectral centroid located at 1656.15
cm!, typical of the Amide I region, reflecting predominant secondary structural features;
variance of 315.89, indicative of moderate bandwidth reflecting a distinct yet diverse vibrational
environment; and skewness of 1.31, emphasizing the asymmetric distribution of spectral
intensity toward higher wavenumbers, possibly indicating specific hydrogen bonding or
environmental effects. Peak detection identified eight distinct peaks, confirming the presence of

multiple structural and molecular features as observed with the SHBG model.



3813«

-~
. C\ Overlap Betwesn SHEG model struclure and Alphalold structure |
IS

-

G domain overlap N-terminal Overlap

¢ D ™ [ Experimantal Percentage N
01 [ Parcentage from in-silico analysis 1

@
2
f

o
®
L
@
2
f

o
@
L
=
&
v

Amide I Intensity, arb. unit.
o
S
L
83 8
L

o
o
Secondary Structure Percentage

3

- 1k

T T T T 1
1600 1620 1640 1660 1680 1700 By hShe t Alpha H lix  Disorder Loops & Tums
-1 Secondary Structure

Wavenumber, em
E F G

First Derivative of Raman Spectrum Second Derivative of Raman Spectrum Baseline Correction Visualization

)

First Derivative Intensity (a.0.)
acand Derivative Ints

B
2
s

1600 1620 1640 1660 1680 1700 1600 1620 1640 1660 1650 1700 1600 T6z0 1620 1660 1680 1700
Waenunmber ="y Wavenuinker {em1 Wavenumber (em="1

Fig. 3. Validation of SHBG Homology Model via In-Silico Comparison with AlphaFold
Predictions and Raman Spectroscopic Analysis. (A) Overlap between in-silico model
structure (Green) and AlphaFold structure (Red) shows an RMSD score of 2.416 (293 to 293
atoms). (B) The N-terminal domain exhibits higher deviation (RMSD score = 3.813) between the
homology model (Green) and AlphaFold structure (Red) compared to the LG domain (RMSD
score = 2.175). In the inset, we have shown the zoomed in view of the divergent N-terminal
region (residues 239-401). Here in-silico model structure is represented as Green and AlphaFold
structure as Red. (C) Raman Spectroscopy was performed as a control check (Amide 1), showing
the raw amide I spectra ranging of the SHBG monomer from 1600 to 1700 cm™. (D) The in-
silico model structure shares similar secondary structure content with the experimental results
obtained from the Raman Spectroscopy. This clearly indicates that although SHBG is a loop
dominant protein, the extended loop regions are not intrinsically disordered. (E) The Fig.
illustrates the first derivative spectrum, highlighting minor intensity fluctuations and spectral

shifts. Panel (F) shows the second derivative spectrum, resolving overlapping bands to accurately



pinpoint peak positions. Panel (G) displays the baseline correction process, demonstrating the
original smoothed spectrum (black), the polynomial-fitted baseline (red dashed line), and the
baseline-corrected spectrum (blue), ensuring precise identification and quantification of spectral

features.

2.3 Intrinsic disorder analysis revealed mutations were positioned in flexible regions of the

protein

To understand the regions having flexibility and intrinsic disorderness within the SHBG protein
sequence, we performed an analysis employing prevalent intrinsic disorder predictors, yielding a
mean intrinsic disorder profile (Fig. 4A). The predictions were integrated into a consensus
disorder profile, calculated as the unweighted average of individual predictor scores for each
residue. Table 1 provides the Mean Predicted Disorder Scores (PDSs) for individual residues.
We categorized the regions and residues surpassing the 0.5 PDS threshold as intrinsically
disordered, while those within the 0.2 to 0.5 range are deemed flexible based on standard
thresholds in the literature'®?. This distinction of the residue patches is visually represented with
varied colors, highlighted in the protein structure (Fig. 4A and 4B). Despite the predominance of
loop residues, only few residue patches showed intrinsically disordered nature having mean PDS
values higher than 0.5. Here, specific stretches from residue 1 to 8, residue 39 to 51, residue 314
to 329, and residue 391 to 402 exhibited intrinsic disorder nature. Notably, most of the residues
of SHBG displayed flexibility, with mean PDS values ranging from 0.2 to 0.5 (Table 1). Our
analysis of mutation sites that affect ligand binding revealed that out of the 16 reported mutation
sites (Supplementary Table 1), 12 demonstrated flexible characteristics (Table 1). Specifically,
mutation sites 36, 139, 148, 152, 221, and 224 exhibited higher flexibility (PDS within the 0.4 to
0.5 range) compared to other mutation sites. Among the mutations that reduce DHT binding
affinity to SHBG (T771, R152C, R152H, and G224E), residues 152 and 224 displayed higher
flexibility having elevated mean PDS values (0.4-0.5) in contrast to residue 77 (mean PDS: 0.2-
0.3). Similarly, substitutions affecting estradiol's binding affinity (R164C, L194M, and E205K)

showed mean PDS values within the 0.3 to 0.4 range.

This intrinsic disorder calculation aligns with the experimental data observed from Raman

Spectroscopy. The disorder observed from Raman Spectroscopy was approximately 22%, while



the in-silico structure calculated about 13% disorder (Fig. 4A). Although these values are not
identical, they are reasonably consistent given the inherent differences between experimental and
computational methods. Moreover, this disorder calculation not only aligns with but also
validates the earlier Raman Spectroscopy analysis conducted for secondary structure prediction
(Fig. 3C). This convergence emphasizes the consistency and reliability of our computational
predictions in elucidating the propensity for disorder within the intricate framework of the

protein structure.
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Fig. 4. Disorder propensity and mutation localization in SHBG protein reveal that the
sequence naturally maintains an ordered structure, with a substantial number of observed
mutations predominantly located within its flexible regions. (A) A multiparametric analysis
elucidates the intrinsic disorder predisposition of SHBG. The plot demonstrates the mean
disorder propensity, determined by averaging the disorder profiles from individual predictors.
Residues and regions with Mean Predicted Disorder Scores (PDS) surpassing a threshold of 0.5
are classified as disordered, as indicated by the dark red background. Additionally, those with
PDS values between 0.2 and 0.5 are earmarked as inherently flexible or presumed flexible.
Varied line styles and shades of red boxes convey differing degrees of flexibility. (B) Visual
representation of SHBG highlights intrinsically disordered regions in red, flexible domains in
green, and documented mutations as light red sticks. It is noteworthy that a significant proportion

of the reported mutations reside within SHBG's flexible zones.

2.4 Effect of mutations on local intrinsic disorder propensity of SHBG



Next, we analysed how mutations affect local disorder propensity of SHBG. To this end, we
calculated per-residue disorder profiles for all the mutants and overlaid them with the disorder
profile of the wild type protein. Fig. 5A represents the results of this analysis and shows that the
local disorder propensity of SHBG was differently affected by mutations. It is also clear that
some mutations increased the local disorder propensity, whereas others decreased it. To better
see changes induced by mutations, we utilized the “difference disorder spectrum” approach,
where a per-residue disorder profile generated for the wild type protein was subtracted from the
disorder profiles of individual mutants. To better visualize changes induced by mutations, we
utilized the “difference disorder spectrum” approach, where a per-residue disorder profile
generated for the wild-type protein was subtracted from the disorder profiles of individual
mutants. Fig. 5B represents the overlaid “difference disorder spectra” for all 16 mutants. While
these trends suggest mutation-specific impacts on local disorder, it is important to note that the
“difference disorder spectra” reflect correlations rather than causative relationships. Changes in
local disorder propensity do not necessarily translate to functional effects such as altered binding
affinity. Other molecular factors such as electrostatic changes, steric hindrance, or alterations in
hydrophobicity may also contribute to the observed functional outcomes and should be
considered alongside disorder shifts. Finally, Fig. 5C correlates local disorder propensity in a site
of a given mutant with the disorder propensity of the wild type at the same position. Here,
symbols located above the diagonal correspond to the mutations that caused the local increase in
the disorder propensity, whereas mutations leading to the local decrease in disorder propensity

are located below the diagonal.

Analysis of these data shows that based on their absolute effects on the local disorder propensity,
mutations can be arranged as D139N < N181K < R152H < T36N < R123Q < A179P < E205K <
L194M < L124M < E148D < R183W < E81I< G224E < T771 < R152C < S221L < R164C, with
the smallest effects being introduced by mutations T36N, R123Q, D139N, R152H, and N181K.
The strongest positive effects (i.e., largest increase in local disorder propensity) were introduced
by G224E, L124M, and L194M, whereas the strongest negative effects (i.e., largest decrease in
local disorder propensity) were promoted by R164C, S221L, R152C, T771, E81l, R183W, and
E148D. These changes were mostly agreed with the expected changes based on the known
classification of residues as order- (C, W, Y, I, F, V, L, H, T, and N) and disorder-promoting (A,

G, D, M K, R, S, Q, P, and E). In fact, mutations causing increase in the local disorder



propensity were substitutions of order-promoting to disorder-promoting residues, whilst changes
of disorder-promoting residues to order-promoting ones were associated with the decrease in

local disorder propensity.
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Fig. 5. Analysis of the effects of mutations on local disorder propensity of human SHBG. A.
Overlaid per-residue disorder profiles generated for the wild type protein and 16 mutants.
Vertical grey vertical bars show positions of mutations. B. Overlaid “different disorder spectra”
calculated by subtracting the disorder profile of the wild type SHBG from the disorder profile of
the mutant. Positions of mutations are shown by vertical grey bars. C. Local disorder score in

mutant versus local disorder score in wild type plot.

2.5 SHBG Ligand Binding Sites were located in the Beta Barrel Region

To locate the ligand binding pockets within SHBG, we analysed the available DHT and
estradiol-bound SHBG structures (1KDM and 1LHU, respectively) (Fig. 6A and 6B
respectively). The reported mutation sites were located distantly from both ligands in the
respective bound structures (Supplementary Table 1). In the DHT-bound structure, only one
DHT binding site was approximately 3A away from residue 152, a mutation site known to
diminish DHT binding affinity (Distance between residue 152 and 112 is ~3A) (Fig. 6A).
Similarly, within the estradiol-bound structure, the closest distance observed between estradiol
and the reported mutation sites was 8A, whereas the minimum distance from estradiol binding

residues was 7.5A (Fig. 6B). These observations suggest that mutations distant from the ligand



binding sites influence the protein's functional behaviour, possibly through allosteric

modulations.
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Fig. 6. Ligand interaction residues are located in the p-barrel region of SHBG. DHT-bound
SHBG structure (PDB ID: 1KDM) is shown in (A), where DHT and the reported mutation sites
are depicted as pale-yellow sticks, and the ligand-binding pocket is highlighted in red. The
minimum distance between DHT and the mutation sites is approximately 8 A; notably, residue
R152 lies ~5 A from DHT-binding residue 112, while no DHT-binding residues are located near
mutation site T77. Panel (B) presents a 2D schematic of DHT-binding residues in the SHBG
monomer. In (C), the estradiol-bound SHBG structure (PDB ID: 1LHU) shows estradiol as pale
yellow sticks, ligand-binding residues in red, and mutation sites in green. The minimum distance

between estradiol and the reported mutation sites is ~8 A, with specific measurements including



E205-141 (~7.5 A), L194-56 (~7.5 A), and R164-65 (~8 A); additionally, R164 (position 135 in
the full-length SHBG) lies adjacent to residue 163 (134), a known estradiol-binding site. Panel
(D) illustrates a 2D schematic of estradiol-binding residues. These observations suggest that the
mutations, although spatially distant from the ligand-binding sites, may exert their influence
through long-range allosteric effects A table summarizing distances between key mutation
sites (e.g., R152C, L194M, R164C) and DHT/estradiol is provided in Supplementary Table 1 for

quick reference.

2.6 Structure network analysis to determine how ligand binding residues and mutation

sites are orchestrated in SHBG and their association with internal dynamics of the protein

To investigate the internal arrangement and mutual relationships between residues, we conducted

a comprehensive structure network analysis'*

and generated both an all-residue structure
network (Supplementary Fig. 1) and a community cluster network (Fig. 7A.) The community
cluster network revealed the organization of SHBG residues into 11 distinct structural blocks
(SBs) as illustrated in Fig. 6A and outlined in Supplementary Table 2. Fig. 7B shows the
residues in the SHBG structure by different colors based on their positions in specific SBs.
Notably, six of these structural blocks (SBs 1, 3, 5, 7, 8, and 9) contained a substantial number of
residues, emphasizing their significance within the structural network (Fig. 7A). Additionally,
SBs 2, 4, and 6 exhibited dense connections with other SBs, indicating their importance in terms

of stability of the protein structure.

This study represents the first application of residue-level structure network analysis on the full-
length monomeric SHBG protein. Previous structural analyses have largely been restricted to
truncated forms, primarily focusing on the ligand-binding domain, leaving the role of distant
regions and their long-range interactions unexplored. By analysing the entire protein, our
approach captures a comprehensive map of inter-residue connectivity, allowing for the
identification of structurally encoded allosteric communication pathways between distant
mutation sites and the hormone-binding pocket. This network-based framework provides a novel

lens through which to understand the molecular basis of allosteric regulation in SHBG.

We found that the hormone (DHT and estradiol) binding sites were mainly housed in SB 3, 5 and
7. Only one DHT binding site (Valine 65) was in SB 4. The reported mutation sites

predominantly clustered within four interconnected SBs; SB 2, 3, 5, and 7, indicating their



crucial involvement in structural dynamics (Supplementary Table 2). It's noteworthy that, only
one mutation site, R164C, resided within SB4.

The correlation network between amino acid residues suggested that majority of the residues in
LG domain were highly correlated, whereas some residues showed correlated motions with the
rest part of the structure (Fig. 7C). Positive correlations have been shown as red colour.
Interestingly, most of the inter-domain contact forming residues having high positive correlation
were housed within SB 3, 5 and 7 (Fig. 7A and 7C). We also observed that residues surrounding
the binding cleft imposed anti-correlated motions indicating their allosteric effects (Fig. 7D).
Interestingly, we found that some ligand binding residues and naturally occurring mutation sites
displayed cross-correlation. Residues with higher correlated motions formed contact and

clustered into same or highly interacting SBs.




Fig. 7. A network, analysis of SHBG's structure reveals the distribution of key interacting
residues and structural blocks in its 3D conformation. (A) Within the Structure Network of
the SHBG protein, 11 distinct Structure Blocks (SBs) are present. The size of these SBs is
dictated by the count of their constituent residues. The magnitude of interactions between these
SBs is conveyed through the varying edge widths. Here SB 1, 2, 3, 7, 5, and 8 are comprised of
large number of residues, whereas SB 2, 3, 4, 5,6, and 8 have a large number of connections in
comparison with others. (B) A rendered model of SHBG is depicted, wherein the residue
stretches have been marked with same color as their corresponding SBs. For example, SB 1 is
colored as Blue in Fig. A. accordingly, the Blue colored region in this Fig. corresponds to the
residues constituting SB 1. (C) SHBG monomer shows the residues having higher positive
correlations among themselves. Red coloured lines indicate positive correlations, i.e. those
residues form contacts among themselves. (D) SHBG structure indicating cross-correlations
among residues. Blue lines indicate cross-correlations. Here inter domain residues imposed
cross-correlation among themselves. Also, some mutation sites in the LG domain and ligand

binding residues showed cross-correlation.

2.7 Conformational fluctuation analyses identified significant sub-structures/clusters in

SHBG and their effect on overall structural dynamics

We deployed the course-grained Monte Carlo simulation by sampling 2*10"5 conformations,
which provided a comprehensive exploration of collective motions and residue fluctuations
within the SHBG structure. The Root Mean Square Fluctuation (RMSF) profile derived from this
simulation revealed a distinct pattern: a notable lower extent of fluctuation among residues
located within the LG domain (residues 1-239) in comparison to the remaining segments of the
protein (Fig. 8A). The scatter plot depicted in Fig. 8A effectively showcased the comparison
between the calculated RMSF values (illustrated as solid spheres) and the RMSF values derived
from the predicted model (represented by solid lines). This visualization demonstrated the
alignment between model performance and the actual RMSF values across the protein sequence.
Notably, an intriguing observation emerged that the reported mutation sites exhibited relatively
lower fluctuations compared to other residues. Moreover, the contact map derived from the

RMSF profile (Fig. 8B) unveiled several regions characterized by high-frequency contacts,



forming island-like clusters within the protein structure. Among these, the most substantial
cluster encompassed residues 1 to 259, forming a large interconnected region. Additionally,
distinct dense islands comprised residues spanning from 113 to 188, 235 to 238, 275 to 264,
continuing with 293 to 307, and extending to 355 to 385. These regions signify the most
significant clusters, indicating potential sites of dense interaction within the protein structure.
Furthermore, maximal clique analysis identified highly significant residues or patches within the
SHBG structure (Fig. 8C and Supplementary Table 3). We found that many of the maximal
clique residues participated in inter-domain interaction within the monomeric structure (Fig. 2).
The top three identified maximal cliques are highlighted with thick black borders, among which
most of them were housed in the island formed of residues 1 to 259. Remarkably, these top three
cliques predominantly consisted of residues adjacent to mutation sites, suggesting their
importance towards the structural integrity. Additionally, some of these residues exhibited close
proximity to the ligand binding sites, further emphasizing their potential functional significance
in ligand interactions. Again, the interesting observation of seven clique residues housed within
SB3 further emphasizes the significance of this particular SB. Such a concentration of maximal
clique residues within SB3 potentially denotes its role in facilitating essential structural and

functional dynamics within the protein.
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Fig. 8. Fluctuation analysis reveals the dense contact islands in SHBG. (A)The scatter plot
represents the actual RMSF values with solid sphere markers, and each point is color-coded
based on its RMSF magnitude, allowing for a more intuitive grasp of the variations in RMSF
values across different amino acid positions. The line plot in red represents the model’s
predictions and shows how model performance aligns with the actual RMSF values across the
protein sequence. (B) The dense regions with significant contacts in the binary contact map have
been identified and marked with red rectangles on the contact map. These regions are indicative
of stable, well-defined structures within the protein. (C) The Asynchronous Label Propagation

Algorithm detected 8 communities (discussed in the results) within the protein graph. The



visualization displays these communities, and within this graph, the nodes are color-coded by the
community and sized by degree of centrality. The top 3 cliques (discussed in the results) have
been highlighted with thick black borders.

3. Discussion and Conclusion:

Our integrated approach reveals that loop-rich structure of SHBG facilitate extensive allosteric
communication between mutation sites and the ligand-binding pockets. By generating the in-
silico full-length SHBG structure and validating it through Raman spectroscopy, we investigated
previously unresolved structural regions. Our findings showed that around 77% of the SHBG
structure comprises loop regions which, despite their disordered tendencies, exhibit structural
organization essential for ligand binding, inter-domain communication, and dimerization.
Structure network and contact map analyses identified strong interconnections between these
loop regions and the B-barrel binding site, suggesting potential allosteric regulation pathways.
Notably, mutations were predominantly located within these flexible loops and, although
spatially distant from the binding sites, were found to influence hormone affinity supporting the
presence of long-range allosteric effects. Together, these findings highlight a structurally
coordinated mechanism where loop-mediated allosteric communication modulates SHBG’s

ligand-binding property.

The complex interactions between proteins and their ligands influence the clinical manifestation
of diverse physiological processes??. While hormone binding proteins (HBPs) and regular
proteins participate in this intriguing interplay, their mechanisms and biological contexts vary
distinctly. Binding pockets in HBPs have evolved to accommodate their specific hormone

partners®®24

. This high affinity ensures that the signal reaches the intended recipient,
orchestrating specific cellular responses. HBPs, such as Sex Hormone-Binding Globulin
(SHBG) and Corticosteroid-Binding Globulin (CBG)*?, thyroxine-binding globulin
(TBG)?*"*® have evolved to bind and transport specific hormones. HBPs are classified into two
main types: steroid-binding and non-steroid-binding proteins. Non-steroid-binding proteins,
including various enzymes, transport proteins, and receptors, interact with a diverse range of
ligands such as neurotransmitters, enzymatic substrates, and signalling molecules, playing

critical roles in biological processes?®*. In contrast, the steroid-binding proteins, like SHBG and



CBG, exhibit high specificity for steroid molecules such as testosterone, estrogen, and cortisol,
facilitating their transport and modulating their bioavailability ***. This specificity enables them
to effectively regulate the concentration and distribution of steroid hormones in the bloodstream,

influencing physiological processes like reproduction, metabolism, and stress responses.

SHBG’s binding affinity towards specific hormones influences their distribution and
accessibility, ensuring a delicate hormonal equilibrium crucial for various physiological
functions. These associations highlight SHBG as a potential biomarker for diagnosing and
monitoring hormonal disorders and related pathologies®™™’. The loop-dominant SHBG structure
is critical for interactions with specific ligands. The different orientations of androgens and
estrogens within the SHBG steroid-binding site hold functional significance®. This alteration in

orientation influences the molecular interactions and accessibility within the binding site.

Mutations at different sites of SHBG disrupt its hormone-binding affinity, leading to an array of
health conditions®®. Therefore, understanding the structural orchestration of SHBG, importance
of its different regions from the perspective of its ligand binding as well as function is critical.
But due to the unavailability of full length SHBG monomeric structure, clear understanding of
the conformational dynamics associated with ligand binding and their disruptions under different
mutation conditions have remained elusive and not fully understood. Unlike truncated structures,
the full-length SHBG can reveal how the LBD communicates with other regions of the protein,
allowing for a more accurate representation of its conformational dynamics and flexibility in
solution. Additionally, full-length SHBG is vital for investigating allosteric mechanisms and how
distant mutations can influence hormone bioavailability and regulatory functions. In this study,
we generated in-silico SHBG model and investigated its structural arrangement and possible

allosteric interactions.

Loop regions in proteins are essential components that contribute significantly to their structural
dynamics, function, and versatility. SHBG, despite being comprised of 77% unstructured loop
residues, shows a propensity for forming ordered substructures as observed from the disorder
calculation (Fig. 4). Our Raman Spectroscopic analysis also showed that SHBG monomer
contains only 13% disordered regions which validates the in-silico predictions. In monomeric
SHBG, the flexible loop residues connect the N-terminal and C-terminal LG domains,

2,39

facilitating dimerization®™, inter domain interactions, and ligand binding (Fig. 2). Contact map



and network analyses revealed a strong correlation between loop residues of the two domains,
highlighting their role in structural communication (Fig. 1B and 7C). Also, most of the reported
mutations which influence the ligand binding affinity of the protein are positioned in the flexible
loop regions (Fig. 4). Notably, over 50% of reported mutations affecting ligand binding are in
these flexible loops, suggesting potential allosteric crosstalk with the ligand-binding pocket in
the B-barrel region, despite the mutation sites being distant from it.

The structure network topology of the SHBG monomer revealed the interplay among residues
based on pairwise interactions and interaction strength, highlighting a cross-correlation between
mutation sites and ligand-binding sites. This suggests that the effects of mutations are transmitted
to the hormone binding site through allosteric crosstalk. Notably, naturally occurring mutations
impacting DHT and EST binding clustered in specific SBs (Supplementary Table 1), which
showed dense interconnections, emphasizing their role in maintaining structural integrity. Key
ligand-binding residues were positioned in SBs 3, 4, 5, 6, 7, and 10 (Table 3), with SB 5 housing
9 out of 24 pocket-forming residues and SB 6 only one. Mutations reducing DHT binding were
found in SBs 2, 5, and 7, while those enhancing EST binding were in SBs 3 and 4. These SBs (2,
3,4, 5, 6, and 7) exhibited strong interconnections, with mutation sites positioned at least 7.5 A
from ligand molecules, suggesting indirect interactions through correlated motions. This

allosteric crosstalk reveals the influence of distant mutations on ligand-binding dynamics.

The RMSF profile revealed variations in fluctuation intensity, highlighting distinct dynamics and
stability of the LG domain compared to other regions within the protein structure (Fig. 8A).
Contact map derived from RMSF identified residue islands formed through strong interactions,
influencing the protein's structural dynamics. Residues 1 to 259, forming an island with maximal
clique residues, demonstrated significant centrality and inter-domain contact, showing their
structural importance. Most of the significant sites identified through maximal clique analysis
were in SBs 2, 3, 5, 6, 7, and 8 (Supplementary Table 3), which contains the LG domain, ligand-
binding sites, and mutation sites. These maximal clique residues strongly interconnect with
ligand-binding and mutation sites, indicating their potential role in allosteric communication and
the impact of mutations on ligand binding. This interconnected cluster plays a crucial role in

mediating interactions crucial for the protein's functional properties.



Our study provides a comprehensive picture on the crucial roles of loop regions, mutation sites,
and SBs in defining SHBG's structural dynamics and ligand recognition. Mutation sites in
flexible loop regions indirectly influence ligand-binding pockets, revealing an intricate allosteric
network governing protein-ligand interactions. The full-length SHBG model presented here
serves as a foundational template for future structural studies, with mechanistic insights on the

implications of reported mutations and their potential downstream effects.

Our study introduces an integrative framework that brings together experimental and
computational strategies to unravel the structure-function dynamics of SHBG. This approach
offers several distinct advantages. First, we present, for the first time, an in-silico model of the
full-length monomeric SHBG protein, enabling detailed analysis of inter-domain interactions and
structural communication that are absent in truncated versions. Second, Raman spectroscopic
validation of secondary structure complements disorder predictions, enhancing confidence in
model accuracy and structural interpretations. Third, by means of structure network and
correlation analyses, we mapped previously uncharacterized allosteric pathways connecting
distant mutation clusters with the hormone-binding pocket. Finally, the integration of RMSF
profiling, contact maps, and maximal clique analysis offers a comprehensive view of SHBG's
conformational landscape, identifying key residue islands involved in stability and ligand
responsiveness. Together, these strengths provide a foundational basis for understanding the
SHBG function in health and disease, with implications for targeted drug design and biomarker

discovery.

Absence of functional experimental assays probing into conformational dynamics associated
with the SHBG and its mutants is a limitation in the current study. Future work would aim at
studying the mutant structures that effect ligand binding and investigating how the mutations
alter critical contacts in the ligand binding pocket. Further, using in-silico approaches we would
study different mutant structures of SHBG to understand how the loop movements modulate the
pocket formation for specific hormones. Additionally, combining experimental and
computational strategies using both ligand-bound and unbound structures would help to identify
intermediate protein conformations and provide a deeper understanding of SHBG's

conformational landscape. Such studies would provide insights into the allosteric regulation



mechanisms and might inform the development of targeted therapeutics that modulate SHBG

function.
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Table 1. Mean Predicted Disorder Score (PDS).

Mean Disorder Score Residue Number

0.809311

0.757418

0.720336

0.674606

0.620881

| O B~ W N

0.566172




0.502125 7
0.507669 38
0.548752 39
0.556564 40
0.592245 41
0.60112 42
0.609302 43
0.63396 44
0.67039 45
0.633811 46
0.62255 47
0.583331 48
0.546652 49
0.535958 50
0.501491 213
0.505582 214
0.49511 312
0.515839 313
0.520528 314
0.55882 315
0.544666 316
0.564331 317
0.54962 318
0.575563 319
0.586136 320
0.577758 321
0.571685 322
0.549809 323
0.529854 324
0.527038 325




0.523057 326
0.514384 327
0.529279 328
0.521117 390
0.542641 391
0.582573 392
0.623887 393
0.668668 394
0.686604 395

0.74365 396
0.800271 397

0.80994 398
0.834895 399
0.843206 400
0.875417 401
0.873391 402

4. Materials and Methods:

4.1 Intrinsic Disorder Analysis

Due to the absence of an experimentally determined full-length structure for SHBG at the time of
this study, we began by retrieving its protein sequence from UniProt (ID: P04278). To evaluate
the intrinsic disorder characteristics of the protein, we applied a combination of well-established
per-residue disorder prediction tools, including PONDR® VLXT*, PONDR® VSL2*, PONDR®
VL3*, PONDR® FIT®. Also in our analysis, we deployed two types of IUPred algorithms for
predicting short as well as long intrinsically disordered regions, IUPred short and
IUPred_long®, respectively. We also computed the mean disorder propensity of the SHBG
protein by averaging the disorder profiles provided by the individual predictors. We employed a

consensus approach to evaluate intrinsic disorder, as empirical observations have shown that this




approach usually improves predictive performance compared to using a single predictor. In these
analyses, we considered predicted disorder scores above 0.5 as indicating disordered residues
and regions, while considered scores ranging from 0.2 to 0.5 as the fluctuating regions within the

protein®®.

4.2 Structure-Based Analysis
Model Structure Preparation

The SHBG protein sequence was obtained from UniProt (ID: P04278), and it’s in silico
structural model was generated using I-TASSER (I-TASSER Suite version 5.2)*. Subsequently,
we performed an in-vacuo energy minimization process on this model structure to mitigate

unfavorable interactions and steric clashes, following a previously established protocol®.

4.3 Raman Spectroscopy and Data Processing

To investigate the conformational dynamics and solution-phase secondary structure of Sex
Hormone-Binding Globulin (SHBG), Raman spectroscopy was employed as a structural
validation tool for our in silico model. Raman spectroscopy is a powerful vibrational technique
that is both non-destructive and highly sensitive to molecular structure, particularly capable of
probing the backbone conformation and side-chain environment of proteins. The technique’s
sensitivity to vibrational modes such as C=0 stretching in the amide backbone (primarily the
Amide | band, 1600-1700 cm™) is informative for assessing secondary structural elements,

including o-helices, B-sheets, and turns®>®.

4.3.1 Instrumentation and Experimental Setup

All Raman measurements were conducted using the Horiba XploRa PLUS confocal Raman
microscope equipped with a thermoelectrically cooled CCD detector maintained at -70°C.
Spectral acquisition utilized a 1200 gr/mm diffraction grating blazed at 750 nm, providing a
spectral resolution of 1 ecm™. The excitation source was a 785 nm near-infrared solid-state diode
laser, selected to minimize fluorescence interference and sample degradation; power at the

sample was maintained at approximately 41 mW. To ensure spatial resolution and spectral



clarity, the spectrometer slit width was set to 200 um and the confocal pinhole aperture to 500
pm. Prior to each batch of measurements, the system was calibrated using a silicon wafer,
aligning the 520.7 cm™ reference peak for spectral accuracy. SHBG samples (20 UM in sodium
phosphate buffer, pH 7.4) were measured in a total volume of 20 uL, and each spectrum was

normalized to the sharp, reproducible band at 330 cm™, which served as an internal standard.

Each spectrum was acquired with an integration time of 180 seconds, and four consecutive
spectra were recorded per sample to enhance signal-to-noise ratio and to enable robust cosmic

ray rejection.
4.3.2 Baseline Correction and Denoising

Raw spectra inherently contain noise components and fluorescence background that must be
carefully removed prior to quantitative analysis. These steps were performed using Labspec 6

software (Horiba Scientific).

Baseline-Subtraction: Fluorescence background was removed using a polynomial baseline
correction method. Specifically, a 7th-order polynomial fitting algorithm was applied to the
entire spectral window. This polynomial order was selected empirically to best model the
complex curvature typically seen in protein spectra, particularly in the Amide I region. The
polynomial was iteratively fit to non-peak regions of the spectrum using a moving anchor point
algorithm, and then subtracted from the raw signal to flatten the baseline across the entire range.

Spectral-Denoising: After baseline correction, Horiba’s built-in denoising algorithm (standard
mode) was applied. This method utilizes a Savitzky-Golay filter, conFig.d with a window width
of 11 points and a second-order polynomial smoothing function®®. This setting balances retention
of spectral features with effective noise suppression, minimizing distortion of narrow peaks,

particularly in the Amide I band.

Cosmic-Ray-Removal: An automatic cosmic ray rejection filter integrated into the acquisition
routine was engaged during multi-scan accumulation. This filter uses a threshold-based pixel

comparison across successive scans to identify and eliminate sharp, non-reproducible spikes.

4.3.3 Secondary Structure Analysis from Raman Spectra



Raman-based structural analysis was carried out to analyze the Amide | region (1600-1700

cm™'), which is sensitive to secondary structure due to C=O stretching vibrations in the protein

backbone®’.

Spectral-Deconvolution: Deconvolution was performed using Gaussian-Lorentzian mixed curve
fitting within the Labspec 6 software. The Amide | envelope was decomposed into its component
bands corresponding to distinct secondary structure types. Initial peak positions and widths were

selected based on prior literature for protein spectra.

Peak fitting employed a Levenberg—Marquardt least-squares optimization, with constraints
placed on full-width at half-maximum (FWHM) values (typically 8-25 cm™) to prevent
overfitting. The final fits were evaluated using reduced y¥* minimization and visual inspection to

ensure model fidelity.

Secondary Structure Quantification: The area under each fitted peak was integrated, and relative
percentages of secondary structures were calculated by normalizing the peak areas to the total
Amide | envelope area. This approach assumes a linear proportionality between peak area and

structural population.

4.3.4 Structure Network Analysis

The structural network representation of a protein offers a topological analysis of its 3D
structure, independent of its secondary structure and folding characteristics*®. Understanding the
internal motions and structural dynamics of proteins is crucial for elucidating their functions and
activities. Therefore, we employed normal mode analysis (NMA) to predict functional motions
within the protein segment®. Subsequent to NMA, we conducted correlation analysis to
construct a cross-correlation matrix. Utilizing correlation network analysis, we created an all-
residue network using in-silico model structure of SHBG. This all-residue network was further
dissected into a network of highly correlated, coarse-grained community clusters using the
Girvan-Newman clustering method. In these clusters, residues with strong interactions were

grouped together, forming what we referred to as "structure blocks" (SBs) in our study®’.



4.4 Monte-Carlo simulation

To investigate the dynamic behavior of the SHBG monomer, we applied the CABS (C-alpha,
beta, and side chain) coarse-grained protein model (version 0.9.18) using a Monte Carlo
simulation approach. Key simulation parameters were customized for this study: the random
seed was set to 3864 to ensure reproducibility, and the number of simulation cycles (Ncycle) was
defined as 100, resulting in a trajectory of 2,000 models (20 x 100). To control the frequency of
model output, the ‘cycles between trajectory frames' (Nskippea) Was set to 100, producing a total of
200,000 models (20 x 100 x 100) throughout the simulation. The simulation temperature was
maintained at T = 1.2, representing conditions close to the protein’s native state. All other

simulation parameters followed the default settings specified by the CABS model.

4.5 Analysis of the Contact Map for Critical Subnetwork Identification

The interaction between residue pairs and the strength of their interaction were depicted through
a contact map. This map provided a visual representation of the interacting residues and the
magnitude of their interactions. In order to differentiate notable contacts from the negligible
ones, we considered a threshold for the 'Contact' values. Analyzing the distribution of these
values allowed for the determination of a threshold based on the median contact value. This

threshold effectively segregated high-affinity contacts from lower ones.

A graph-based representation of the protein contact map was constructed using the NetworkX
library (version 3.4.2) in Python. In this graph, individual residues were modeled as nodes, while
edges represented significant residue-residue contacts that exceeded a predefined interaction
threshold. By analyzing the connected components within the graph, we identified discrete
structural subnetworks or ‘islands’, which may correspond to functionally or structurally critical

regions within the SHBG protein.

We prioritized connected components by size, selecting the largest component for further

analysis as it represented the most significant subnetwork in terms of involved residues.

4.5.1 Graphical Representation of the Main Island



We positioned nodes using a spring layout, ensuring a balanced spatial distribution. Node size
corresponded to their degree, aiding in the identification of highly connected residues (hubs)
within the network. Here the nodes were color-coded to represent their sequential position within
the protein, forming a gradient that visually mapped the progression from the N-terminus to the
C-terminus. Additionally, nodes representing residues with a high degree were labeled,
emphasizing their potential significance in the protein structure. We adjusted edges in the graph

to increase transparency, reducing visual clutter arising from the dense network of connections.

The analysis employed Python, leveraging critical libraries like Pandas for data manipulation,
Matplotlib and Seaborn for data visualization, and NetworkX for graph-theoretical analyses.
Handling protein structure data involved the use of the BioPython library for parsing and

management.

4.5.2 Asynchronous Label Propagation for Community Detection

We employed the Asynchronous Label Propagation algorithm to analyze the contact map derived
from the Root-Mean-Square Fluctuation (RMSF) distribution of protein simulations. We
considered this algorithm due to its efficiency in managing/dealing large-scale networks and for

revealing the inherent modular structure within the contact map.

Here are the descriptions of the Algorithm used:

Initialization: Each node (i) representing amino acid residues was initialized with a unique label
Li.
Convergence: The algorithm iterated until a steady state was achieved, with no label changes or

upon reaching the maximum iterations.
Gradient Boosting Regressor for RMSF Modeling:

We utilized the Gradient Boosting Regressor to model RMSF data of protein amino acid
residues, aiming to predict RMSF values based on residue properties. The regressor constructed

an ensemble of weak prediction models, minimizing a loss function through gradient descent.



Loss Function Minimization: The ensemble model prediction was optimized by minimizing the

loss function.

Distinguishing Cligue Communities: We identified clique communities within the protein
contact map to unveil tightly interconnected residue clusters. Maximal cliques were detected,

ensuring that every pair of nodes within a clique was interconnected.

4.6 Protein Purification

In order to overexpress the SHBG protein, we transiently transfected HEK293 cells with
plasmids mixed with transfection reagents at an optimal ratio. We cultured the cells in a serum-
free medium, maintaining them in Erlenmeyer flasks or a bioreactor under stirring conditions at
37°C for 6 days. After harvesting, we centrifuged the cell culture broth to separate the
supernatant, which we then loaded onto an affinity purification column at an appropriate flow
rate. Finally, we analyzed the purified proteins by SDS-PAGE to assess their purity and

molecular weight.
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