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Abstract

PolyGalacturonase Inhibiting Proteins (PGIPs) play a pivotal role in plant defense against pathogens by
inhibiting PolyGalacturonase (PG), an enzyme produced by pathogens to degrade plant cell wall pectin.
PGIPs, also known as leucine-rich repeat pathogenesis-related (PR) proteins, activate the host's defense
response upon interaction with PG, thereby fortifying the plant against pathogenic attacks. In cotton
(Gossypium barbadense), the interaction between PGIP and PG is a crucial step in the defense
mechanism against major pathogens such as Xanthomonas citri pv. malvacearum and Alternaria
macrospora, responsible for bacterial leaf blight and leaf spot diseases, respectively. To unravel the
molecular mechanisms underlying these pathogenesis-related proteins, we conducted a comprehensive
study involving molecular modeling, protein-protein docking, site-specific double mutation (E169G and
F242K), and molecular dynamics simulations. Both wild-type and mutated cotton PGIP were examined in
interaction with the PG enzyme from pathogens. Our findings revealed that changes in conformations of
double-mutated residues in the active site of PGIP lead to the inhibition of PG binding. The molecular
dynamics simulations provide insights into the dynamic behavior and stability of the PGIP-PG
complexes, shedding light on the intricate details of the inhibitory and exhibitory mechanism against the
fungal and bacterial pathogens respectively. This study not only enhances our understanding of the
molecular interactions between PG and PGIP but also presents a potential strategy for developing
disease-resistant cotton varieties. By variations in the binding affinities of PG through specific mutations
in PGIP, this research offers a promising avenue for the development of cotton plants with enhanced
resistance to bacterial leaf blight and leaf spot diseases.

Introduction

Cotton, revered as "The white gold" and "The king of fibers," stands as a valuable cash crop cultivated
across India, China, the United States, Australia, Egypt, and African tropics (Fortucci, 2002). India holds
the largest area under cotton cultivation, reaching 130.49 lakh hectares during the 2022-23 season and
ranking among the world's top cotton producers (ICAR-CICR, Annual Report 2022). Notably, Gossypium
barbadense, a species of cotton known for its extra-long staple fibers (ELS), contributes significantly to
specialty cotton fabrics and textiles, comprising 5% of the world's cotton production (Hu et al., 2019;
Porcher et al., 2005). To maximize cotton yield and quality, modern techniques such as genetic and
molecular breeding, genetic engineering, and disease management are extensively explored. However,
cotton faces challenges from various phytopathogenic fungi and bacteria, causing foliar and boll rot
diseases that vary by agroclimatic zones and weather conditions. For instance, in Brazil, cotton boll rot
disease can lead to productivity losses of 20—-30% (lamamoto, 2007), while in the USA, bacterial boll rot
disease resulted in significant yield losses of 100,153 to 182,708 bales during 2010-11 (Goldberg et al.,
2010). Furthermore, in South Carolina, upland cotton (Gossypium hirsutum) experienced 10-15% yield
losses due to seed and boll rot (Hudson, 2000; Hollis, 2001). In India, diseases like Alternaria blight (A.
macrospora) and bacterial blight (Xanthomonas axonopodis pv. malvacearum) pose substantial threats,
causing yield losses of up to 26% and 30%, respectively, annually (Chattannavar et al., 2006). These
challenges highlight the urgency to address bacterial leaf blight and boll rot disease caused by
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Xanthomonas citri pv. malvacearum, which significantly hamper cotton production. However, in-depth
studies on these major disease threats are lacking, hindering the development of resistance strategies to
improve cotton productivity (Shete et al., 2018). Consequently, transgenic approaches incorporating
novel genes offer promising solutions to enhance the cotton genome and combat these challenges.

Polygalacturonase inhibiting proteins (PGIPs) are crucial components found in plant cell walls, playing a
significant role in inhibiting enzymes known as endo-polygalacturonases (PGs) produced by certain
pathogens and insects. Structurally, PGIPs are composed of leucine-rich repeats (LRRs) organized into B-
sheets, facilitating their interaction with PGs. This interaction triggers defense responses in host plants
by leading to the accumulation of oligogalacturonides (0Gs), which in turn induce the synthesis of
defense compounds and the expression of defense-related genes. Despite the lack of detailed structural
information about the PG-PGIP complex, studies emphasize the importance of PGIPs in plant defense.
Furthermore, overexpression of PGIP genes in host plants has shown promise in protecting against
insect pests and plant pathogens.

PGs exhibit considerable variability in terms of primary structure, specificity, pH optimum, substrate
preference, and mode of action (De Lorenzo et al., 2002). These plant cell wall-degrading enzymes
(PCWDEs) include both exo- and endo-forms of PG, pectate lyase, and pectin methylesterase (PME),
collectively known as pectinases. Produced by bacterial or fungal pathogens during the infection
process, these enzymes are crucial in certain plant-pathogen interactions (Rodriguez-Palenzuela et al.,
1991; Brown et al., 1992; Somai-Jemmali et al., 2017; Singh et al., 2019). PGs are considered major
pathogenic factors in various fungal and bacterial pathogens, including Botrytis cinerea, A. citri and
Claviceps purpurea (Oeser et al., 2002), Agrobacterium tumefaciens (Rodriguez-Palenzuela et al., 1991)
and Ralstonia solanacearum (Huang et al., 2000; Kumar et al., 2022). Various necrotrophic pathogens
harbor multiple PG genes within their genomes (Amselem et al., 2011). PGs play critical roles in
virulence, as evidenced by gene-deletion studies conducted in Botrytis cinerea (Have et al., 1998) and
enzymatic as well as expression studies in Sclerotinia sclerotiorum (Kasza et al., 2004; Li et al., 2004).
Similarly, triggering rapid activation of host plant defense responses is crucial to combat infection by
phytopathogenic bacteria (Ge et al., 2019; Rathinam et al., 2019). Nonetheless, the significance of
pectinases has been extensively explored in soft-rot diseases caused by erwinias through physiological
and genetic studies (Barras et al., 1994; Collmer et al., 1986). Moreover, in bacterial disease
pathogenesis, endo-PG plays a pivotal role in the colonization and virulence of tomato plants by the plant
pathogenic bacterium Ralstonia solanacearum (Huang et al., 2000). However, inhibiting PGs with PGIPs
may not always be effective against bacterial PGs or other pectinolytic enzymes of microbial or host
plant origin (Cervone et al., 1990). Recently, the molecular mechanism of pathogenesis-related (PR)
proteins was investigated through molecular modeling, protein-protein docking, directed mutagenesis,
and molecular dynamics simulations of PGIP (bPGIP) from banana with Erwinia carotovora PG (ecPG),
the causative agent of soft and rhizome rot disease in banana and various cultivated plants (Kumar et
al., 2020). Nevertheless, the role of fungal pectinases derived from phytopathogens in host-pathogen
interactions remains poorly understood and documented. Furthermore, numerous fungal genes
encoding endo-PGs, crucial elements in pathogenesis, have been cloned and characterized from
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Aspergillus niger, Aspergillus tubingensis, Aspergillus parasiticus, Cochliobolus carbonum,
Colletotrichum lindemuthianum, Cryphonectria parasitica, Fusarium moniliforme, and Sclerotinia
sclerotiorum (Shieh et al., 1997).

In various studies, PGIPs derived from different plant species have demonstrated efficacy against PGs
secreted by pathogens, highlighting their potential in inhibiting wilt pathogens and boll rot disease.
Molecular genetic evidence has linked specific polygalacturonase variants to the infection and spread of
fungal pathogens in cotton bolls, emphasizing the significance of PGIPs in plant defense. Moreover, the
identification of key amino acids in PGIPs and their manipulation through site-directed mutagenesis has
shown promise in enhancing resistance to wilt diseases caused by Verticillium dahliae in cotton plants.
The interaction between PGs and PGIPs serves as a model for understanding host-pathogen recognition
processes, offering insights into plant resistance and immunity against diseases. The interaction
between host and pathogen can be investigated using molecular dynamics (MD) simulation studies
(Fazil et al., 2012; Choudhary et al., 2022; Kumar et al., 2023). Hence, our study utilizes molecular
modeling techniques along with MD simulations to understand how PGIP proteins from G. barbadense
bind to PG proteins of A. macrospora and X. citri pv. malvacearum, and the resulting effects on
physiological, biochemical, and molecular mechanisms. Through computational methods, we aim to
uncover the binding interactions between PGIP and PG, which induce structural alterations in the
enzyme, thereby changes its activity.

Materials and Methods
Structure prediction

The protein sequences of G. barbadense PGIP (gbPGIP) (AAQ19808.1, A. macrospora PG (amPG)
(ACF19803.1), and X. citri pv. malvacearum PG (xcPG) (EKQ58646.1) were obtained from the National
Center for Biotechnology Information (NCBI) protein database (https://www.ncbi.nlm.nih.gov/). In the
absence of experimental structures for PGIP-PG proteins, we employed multiple structure prediction
tools, including Modeller (Webb et al., 2016), Swiss-model (Schwede et al., 2003), and AlphaFold
(Jumper et al., 2021), to generate the models. The crystal structure of Phaseolus vulgaris PGIP (PDB:
10GQ) was used as a template for PGIP modeling, while the crystal structures of P cartovorum PG (PDB:
1BHE) and A. aculeatus PG (PDB: 11A5) served as templates for modeling the PG proteins of X. citri pv.
malvacearum and A. macrospora, respectively. These template are functional homologs as well as
closest sequence of the PGIP and PGs.

Validation of models

The validity of the predicted 3D models was assessed using the SAVES (Structure Analysis and
Verification Server; https://saves.mbi.ucla.edu/) to detect any deviations from standard parameters,
including bond lengths, dihedral structures, and atom-atom distances. Verification of the stereochemical
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quality of the predicted 3D structure was performed using Verify-3D (Bowie et al., 1991) and ERRAT
(Colovos et al., 1993) tools available on the SAVES server. Procheck analysis (Laskowski et al., 1993)
was employed to evaluate stereochemical characteristics, including bond lengths, bond angles, and
Ramachandran plots, as well as main chain and side chain parameters of the 3D models. Additionally,
the WHATCHECK program (Hooft et al., 1996) was utilized to examine extensive stereochemical
parameters of residues within the models.

Active site identification and protein-protein docking

Active site residues were determined through both sequence and structural alignment of template and
modeled proteins, supplemented by information from relevant literature. Protein-protein interactions
(PPIs) between PGIP proteins of G. barbadense and PG proteins of A. macrospora and X. citri pv.
malvacearum were analyzed using HADDOCK (High Ambiguity Driven Biomolecular DOCKing) software
(Dominguez et al., 2003). HADDOCK integrates biochemical and biophysical interaction data, including
chemical shift perturbation data from Nuclear Magnetic Resonance (NMR) titration analyses and
mutagenesis data, to calculate intermolecular energy. It generates a set of complex structures, typically
around 1000, which are then classified based on their electrostatic, van der Waals, and RVE (restraint
violation energy) factors. The structures are further evaluated and ranked based on criteria such as
pairwise backbone RMSD at the interface, average buried surface area, and average interaction energies.
HawkDock server (Weng et al., 2019) was utilized to assess complex clusters based on free binding
energy using MM/GBSA (molecular mechanics/generalized Born surface area) analysis. Subsequently,
mutations were introduced at active site residues, Glu169 and Phe242, replacing them with Gly and Lys,
respectively, using the MutaBind2 server (Zhang et al., 2020). HawkDock server was again employed for
MM/GBSA analysis of the mutated complexes. MutaBind2 provides 3D structure models for complexes
with single or multiple mutations and calculates changes in binding affinity resulting from the mutations.

MD Simulations

Performing molecular dynamics (MD) simulations is a powerful approach to investigate the stability,
conformational flexibility, and dynamic behavior of molecular systems, such as protein-protein and
protein-ligand complexes atoms (Singh et al., 2013; Varshney et al., 2023,). We carried out MD
simulations for the docked conformations of two complexes i.e gbPGIP complex with amPG and xcPG.

The aim of these simulations was to assess the stability of docked complexes both before and after
mutation. Utilizing the GROMACS/2021 (GROningen MAchine for Chemical Simulations) package
(Bekker et al., 1993) and the CHARMm27 (Chemistry at HARvard Molecular Mechanics) force field, the
simulations were conducted. Initially, the docked structures were positioned within a water box
containing ions (Bjelkmar et al., 2010). A dodecahedron box was created to accommodate the docked
complexes, with the addition of sufficient chlorine ions to neutralize the system. Steric clashes were
resolved through energy minimization (EM), employing a steep descent method with a cutoff of 1,000
kJ/mol and 50,000 iterations or reduction steps. The EM approach effectively addressed steric clashes
and served as a simulation framework. Subsequently, a two-phase equilibration process ensured the
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stability of the solvent and ions surrounding the complex. The first phase involved stabilizing the
system's temperature through equilibration in the NVT ensemble at 300 K, followed by stabilizing the
system's pressure in the second phase through equilibration in the NPT ensemble, maintaining a
constant number of particles, pressure, and temperature. Each equilibration phase required 100 ps to
complete. Finally, a production run was conducted for 100 ns to collect atomic trajectories.

Trajectories analysis

Molecular Dynamics (MD) simulations generate extensive datasets that capture the dynamic behavior of
atoms or molecules over time. Analyzing MD trajectories is crucial for understanding how biomolecules
behave and for validating computational models. Key stability parameters such as root-mean-square
deviation (RMSD), root-mean-square fluctuation (RMSF), radius of gyration (Rg), and solvent-accessible
surface area (SASA) (Connolly, 1983) are intrinsic to this analysis. Following the completion of the
simulations, we employed the integrated tools within GROMACS to analyze the trajectories of protein-
protein interactions. The stability of the protein backbone structure throughout the simulation was
assessed by calculating RMSD and RMSF using the rms and rmsf modules, respectively. Additionally, the
gyrate and sasa modules were utilized to determine Rg and SASA, providing insights into the protein's
shape and size. Xmgrace was then used for further data analysis and visualization of the obtained
results (Vaught, 1996).

Essential Dynamics and Free Energy Landscape

The investigation into protein structure dynamics during MD simulations involved the application of
Principal Component Analysis (PCA). PCA served to simplify the understanding of complex systems by
elucidating collective motions within proteins. The identification of the first principal component (PC1)
through RMSF delineated the primary source of fluctuations within the system. Eigenvalues, derived
from GROMACS tools, provided an indication of the cumulative fluctuations per atom associated with
these collective motions, with a specific focus on Ca atoms due to their robustness against statistical
noise. Porcupine plots were generated to visualize the collective motion of atoms or residues within the
biomolecular system, while free energy landscapes were constructed to analyse the energetic landscape
of the system as it explored different conformational states.

To assess the conformational diversity present among protein structures generated during MD
simulations, a clustering method was employed. Clustering analysis was performed using the Jarvis-
Patrick method, implemented with the cluster module of GROMACS. The Jarvis-Patrick method (Jain
2010) is a non-parametric clustering procedure that identifies clusters based on the similarity of
structures without requiring a predetermined number of clusters. For this analysis, average structures
were determined as the middle snapshot within each cluster, identified through the Jarvis-Patrick
clustering procedure. This approach was based on the mutual RMSD of all snapshots collected from the
final 100 ns of the simulations, allowing for a detailed examination of the conformational space sampled
by each complex.
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Results and Discussion
Structure prediction and validation

Using three computational tools, namely Modeller, Swiss-model, and AlphaFold, we analyzed the
structural characteristics of PGIP (Polygalacturonase-Inhibiting Protein) and PG (Polygalacturonase)
proteins. Modeller and Swiss-model employ a comparative modeling approach, leveraging existing
experimental structures of similar proteins as templates to predict the structure of the target protein.
These tools optimize the alignment between the target sequence and the template structures, facilitating
the generation of a 3D model based on this alignment. On the other hand, AlphaFold utilizes advanced
neural network architectures and training techniques, integrating evolutionary, physical, and geometric
properties of protein structures to predict their 3D structures. In our analysis, we found that the Swiss-
model server provided more accurate models of PGIP and PG proteins compared to Modeller and
AlphaFold. The predicted structures of cotton (G. barbadense) PGIPs, consisting of 330 amino acids,
and PG proteins from X. citri pv. malvacearum (463 amino acids) and A. macrospora (379 amino acids),
are depicted in Fig. 1. Upon structural assessment, we confirmed the validity of the predicted structures,
indicating their suitability for further investigation and functional studies. This comprehensive analysis
highlights the effectiveness of computational modeling tools in predicting protein structures, with Swiss-
model demonstrating superior accuracy in this context.

The stereochemical properties of the predicted gbPGIP and PGs were thoroughly investigated. Analysis
of the Ramachandran plot revealed that approximately 77.4% of the residues' phi/psi angles in the
modelled structure were situated within the most favored regions, while 22.2% of residues resided in
additional allowed regions. For xcPG and amPG, a notable percentage of PG residues, 88.3% and 80.8%
respectively, occupied the most favored areas of the Ramachandran plot (Fig. 1d-f). The PROCHECK G-
factor values for all predicted structures fell within the ideal range of -0.4 to 0.5, indicating their high
quality.

Various evaluation methods were employed to assess the overall quality of the models. The ERRAT and
PROSA Z-score metrics indicated the consistency of the models, with negative values signifying their
reliability (Wiederstein and Sippl, J.2007). Further validation from the VERIFY 3D server confirmed the
quality of the models, as a significant proportion of residues scored above the threshold of 0.1. The
WHATCHECK results supported the accuracy of the models, while VADAR analysis provided smaller chi-
square standard deviations, suggesting a better fit and higher confidence (Willard et al., 2003).
Additionally, ProQ utilized MaxSub and LGscore to evaluate the protein model's accuracy, where an
LGscore above 4.0 indicated a very good model (Wallner and Elofsson, 2003). Taken together, these
validations underscore the high level of structural quality exhibited by the modelled structures. Further
details on the quality assessments are provided in Table 1.
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Table 1
Quality measures of the predicted structure

Protein  Overall Quality Factor Z-score LGScore MaxSub

gbPGIP  86.913 -7.47 10.134 -0.662
amPG 89.058 -7.17 9.250 -0.409
xcPG 86.555 -5.76 8.997 -0.416

Sequence alignment and active site residues

The alignment of PGIP sequences with their respective templates and PG proteins from pathogenic
organisms was conducted using ESPript (Robert and Gouet, 2014), and the results are depicted in Fig. 2.
The secondary structures such as a-helices, n-helices, B-sheets, and strict B-turns were annotated as q,
n, B, and TT, respectively. Conserved residues were highlighted in red boxes, while similar residues were
represented by white boxes. Additionally, the alignment accounted for insertions and deletions of
residues, particularly in the loop regions.

The PGIP sequence from G. barbadense exhibited significant alignment and conservation with the PGIP
template from P, vulgaris (PDB: 10GQ), as illustrated in Fig. 2(a). However, notable mutations were
observed at the active residues Val152 (V152) and GIn224 (Q224) in the crystal structure of P, vulgaris
PGIP, where G. barbadense displayed Glu169 (E169) and Phe242 (F242), respectively. Due to distinct
evolutionary histories between the two species, these changes most likely result from evolutionary
processes.

Furthermore, the PG protein sequences from selected plant pathogens, such as A. macrospora and X.
citri pv. malvacearum, were aligned with sequences from other crystal structures. Specifically, PG
sequences from F. verticillioides (PDB ID: THG8) and A. aculeatus (PDB ID: 11A5) served as templates for
fungal pathogens, while P carotovorum PG protein (PDB ID: 1BHE) served as a template for bacterial
pathogens. Although complete sequence conservation was not observed, active residues were
conserved across all five plant pathogens (Fig. 2(b)). These findings underscore the dynamic nature of
protein interactions in plant-pathogen systems and highlight the evolutionary adaptations that occur in
response to selective pressures.

Docking

The crucial residues comprising the active sites of Polygalacturonase-Inhibiting Proteins (PGIPs) and
Polygalacturonases (PGs) were highlighted in red within the sequence alignment and Supplementary file
S1. To ascertain the optimal conformation of the gbPGIP receptor proteins with the amPG and xcPG
effectors, protein-protein docking simulations were executed using HADDOCK. The structural models of
ghPGIP, amPG, and xcPG served as inputs for the docking process. Clusters of generated models were
assessed, with preference given to conformations exhibiting the most negative Z-score, as outlined in
Table 2. Each selected cluster comprised four protein complex models, from which the model
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demonstrating lower binding energy and suitable interactions at active site amino acids was chosen for
subsequent analysis using the Hawkdock server. The calculated binding energies (in kcal/mol) for the
selected models were - 92.1 (gbPGIP-amPG) and - 48.1 (gbPGIP-xcPG), indicative of their stability.
Following this, doubly mutated complex structures of PGIP-PG were generated using the MutaBind2
server and subsequently submitted to the HADDOCK server. In-depth intermolecular analysis uncovered
the presence of hydrogen bonds within the complexes. By scrutinizing the active sites and evaluating
binding energies, the study elucidates critical insights into the stability and specificity of these
interactions.

Table 2
HADDOCK parameters for PGIP-PG complexes

Protein complexes  Structures Clusters Water refinement Z-score

gbPGIP-amPG 121 12 60% -1.4
gbPGIP-xcPG 131 11 65% -1.1

The gbPGIP-amPG and gbPGIP-xcPG complexes displayed varying hydrogen bond counts, with 7 and 3,
respectively, along with several hydrophobic interactions, as illustrated in Fig. 4(a) and 4(c). Specifically,
the amino acid Glu169 of gbPGIP formed a hydrogen bond with amPG and engaged in a hydrophobic
interaction with xcPG. Additionally, the Phe242 residue of gbPGIP participated in hydrophobic
interactions with both amPG and xcPG. These findings suggest a nuanced interaction pattern between
gbPGIP and its interacting partners, indicating potential differences in binding affinity and specificity
between amPG and xcPG.

Maulik and Basu (2013) conducted research on the PGIP protein of P, vulgaris, where they found that
site-directed double mutagenesis at residues Val152 and QIn224, replacing them with Gly and Lys
respectively, led to significant structural alterations in the protein's concave structure. This alteration
ultimately hindered the binding of PG protein from the pathogen F. phyllophilum. The mutations caused
subtle changes in the concave face of the PGIP protein, affecting its functionality. Interestingly, in the
PGIP protein of G. barbadense, evolutionary processes have led to mutations at similar positions: Val152
mutated to Glu169 and GIn224 mutated to Phe242 (as depicted in Fig. 3). Inspired by these findings, we
conducted a similar study on the PGIP protein of G. barbadense. Utilizing MutaBind2, we performed
double mutations to observe the effects of replacing Glu169 and Phe242 with Gly and Lys respectively.

Figure 4(a)

Inter-molecular analysis of ghPGIP-amPG complex, pre and post MD simulations. A is used for PGIP and
B for PG protein. 2-D and 3-D images are generated by LigPlot and PyMol tools respectively.

Figure 4(b)

Page 10/31



Inter-molecular analysis of mutated ghPGIP with amPG complex, pre and post MD simulations. A is used
for PGIP and B for PG protein.

Figure 4 (a-d) clearly illustrates that residues Gly169 and Lys242 of gbPGIP do not participate in the
interaction with amPG. However, when xcPG interacts with gbPGIP, it disrupts the hydrophobic
interaction with Gly169 and instead forms a hydrogen bond with the Lys242 residues of gbPGIP. The
green and red dotted lines indicate the hydrogen bonds and hydrophobic interactions between amino
acids of gbPGIP interact with amPG or xcPG residues. While the mutation does affect the flexibility and
interactions of active residues in the docked complexes, its impact appears to be minimal at this stage.
To comprehensively assess the effects of the mutations in gbPGIP on interactions with amPG and xcPG,
molecular dynamics simulations were conducted in the subsequent step. These simulations provide
deeper insights into the dynamic behavior and stability of the protein-protein complexes, shedding light
on the conformational changes and energetic profiles underlying the interaction dynamics.

Analysis of Trajectories

The docked complexes underwent molecular dynamic simulations lasting 100 nanoseconds to observe
their behavior and evaluate their structural stability. Various metrics, including root-mean-square
deviation (RMSD), root-mean-square fluctuation (RMSF), radius of gyration (Rg), and solvent accessible
surface area (SASA), were used to assess the stability of the complexes during the simulations.

RMSD served as a quantitative measure to gauge the stability of the complexes throughout the 100 ns
MD simulation, measuring the variation in the positions of the protein's backbone from the beginning to
the end of the simulation. Lower RMSD values indicated greater stability in the docked complexes. In the
case of the gbPGIP-amPG complex, consistent stability was observed, maintaining an average RMSD of
~ 0.39 nm over the entire 100 ns simulation, as depicted in Fig. 5. Conversely, the mgbPGIP-amPG
complex showed a maximum deviation of ~ 4.6 nm. Notably, this complex displayed an average
deviation of ~ 1.29 nm, with significant fluctuations of ~ 2.4 nm during the time interval of 62-67 ns and
~ 1.89 nm during 74-80 ns. After 80 ns, it consistently exhibited high fluctuation, peaking at ~ 3.9 nm.

The gbPGIP-xcPG complex also demonstrated stable dynamic behaviour with a RMSD of ~ 0.48 nm
throughout the simulation. The mgbPGIP-xcPG complex showed an initial RMSD of ~ 0.5 nm up to 50 ns.
Subsequently, it slightly decreased to ~ 0.47 nm for the remainder of the simulation.

The results suggest that the three trajectories—gbPGIP-amPG, gbPGIP-xcPG, and mgbPGIP-xcPG—
demonstrate consistent structural stability throughout the simulation, maintaining RMSD values around
0.5 nm. These structures remain close to their initial conformations, indicating minimal structural
changes. This could be due to the interaction between gbPGIP and xcPG which is stabilized by a
hydrogen bond with Lys242 and possibly other interactions with Gly169 as observed in Fig. 4(d). This
shows that these interactions do not induce substantial structural changes in the PGIP, allowing it to
remain stable and presumably functional in inhibiting the polygalacturonase activity of the pathogen.
Conversely, the mgbPGIP-amPG trajectory exhibits initial stability similar to the other trajectories but
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shows significant fluctuations starting around 60 ns which could be due to lack of interaction between
Gly169 and Lys242 residues of gbPGIP and amPG as evident in Fig. 4(b). This instability culminates in a
dramatic increase in RMSD values, reaching up to 5 nm after 80 ns. This behavior indicates a substantial
structural transition or instability in the latter part of the simulation for mgbPGIP-amPG. This is not
observed in the other systems, suggesting it undergoes critical structural changes. Such instability
suggests that the mutation disrupts the ability of PGIP to maintain a stable complex with amPG, likely
impairing its inhibitory effectiveness. Consequently, this could make the host more susceptible to
infection by A. macrospora, highlighting the critical role of specific amino acids in maintaining the
structural integrity and function of PGIP. For Xanthomonas citri, both the wild-type and mutated PGIPs
(gbPGIP-xcPG and mgbPGIP-xcPG) show stable interactions with xcPG, suggesting that the structural
changes induced by the mutation do not significantly affect the ability of PGIP to interact with xcPG. This
indicates that the key binding residues for xcPG are not substantially impacted by the mutation, allowing
both wild-type and mutated PGIPs to effectively inhibit the polygalacturonase activity of pathogen. Thus,
the host resistance to X. citriis not compromised by the mutation in PGIP.

Furthermore, a superimposition analysis of wild-type and mutant PGIP structures was conducted to
assess the extent of structural deviation induced by mutations. The RMSD values were calculated for
both pre-and post-MD simulation structures. The RMSD of the pre-MD superimposed structures was
determined to be ~ 0.11 nm, indicative of minimal structural variance between the initial conformations
of the wild-type and mutant PGIP. However, following MD simulations, the RMSD increased substantially
to ~ 2.82 nm, suggesting a notable divergence in structural alignment between the wild-type and mutant
PGIP structures (Figure S3).

The RMSF serves as a tool to discern regions of proteins that undergo variations by gauging the
flexibility of specific residues over time. A lower RMSF score indicates stability within protein complexes,
while a higher score implies increased flexibility and instability. To assess the flexibility of individual
residues relative to their average position during simulations, we computed the mobility of Ca atoms
across all systems. Consistent fluctuations were observed across the systems, as illustrated in Fig. 6.

In the gbPGIP-amPG complex, RMSF values for residues ranged from ~ 0.05 to ~ 0.29 nm, averaging at
~ 0.12 nm. The mgbPGIP-amPG complex displayed a wider range of RMSF values, spanning from ~ 0.05
to ~ 0.30 nm, with an average of ~ 0.43 nm. Similarly, in the gbPGIP-xcPG complex, RMSF values ranged
from ~ 0.05 to ~ 0.33 nm, averaging at ~ 0.13 nm. Conversely, the mgbPGIP-xcPG complex exhibited
RMSF values ranging from ~ 0.05 to ~ 0.31 nm, with an average of ~ 0.12 nm.

These findings indicate distinct patterns of residue flexibility within the complexes. Particularly, the
mgbPGIP-amPG complex showed higher overall RMSF values, suggesting increased flexibility in specific
residues compared to the non-mutated gbPGIP-amPG complex. Conversely, the mgbPGIP-xcPG complex
displayed similar RMSF values to its non-mutated counterpart, indicating comparable flexibility in
residues. These observed variations in RMSF values may denote altered dynamics and structural
adaptability induced by mutations in the PGIP.Figure 6: RMSF of Ca during 100 ns MD simulation
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To further evaluate the structural stability of the docked complexes, additional analyses were conducted
using measurements of the Radius of Gyration (Rg) and Solvent Accessible Surface Area (SASA). SASA
quantifies the extent of the protein surface exposed to the solvent, while Rg provides insights into the
compactness of the system and the dimensions of protein-protein complexes, crucial for their proper
interactions.

The Rg values for gbPGIP-amPG, gbPGIP-xcPG, mgbPGIP-amPG, and mgbPGIP-xcPG were
approximately 2.86, 2.72, 3.48, and 2.76 nm, respectively (as depicted in Fig. 7a). Notably, mgbPGIP-
amPG exhibited major fluctuations during the 62-67 ns and 74-80 ns intervals, followed by consistent
higher fluctuations after 80 ns, averaging at 5 nm. These significant fluctuations in Rg for the mgbPGIP-
amPG complex during the 62-67 ns and 74-80 ns intervals, followed by consistently higher fluctuations
after 80 ns, averaging at 5 nm, indicate substantial structural instability. This instability suggests that the
mutation disrupts the compactness of the PGIP when interacting with amPG.

For the gbPGIP-amPG complex, the SASA values remained stable with an average of 299 nm?,
suggesting a consistent and stable exposure to the solvent. For the gbPGIP-xcPG complex, a decreasing
trend in total SASA was observed, averaging at 316 nm?, which might indicate slight compaction or
reduced exposure to the solvent over time, reinforcing the stability of this complex. In contrast, the SASA
for the mutated complex mgbPGIP-amPG increased from 267 nm?2 to 295 nm?, highlighting structural
changes that lead to greater solvent exposure. This increased SASA further supports the notion of
instability and conformational changes observed in the mgbPGIP-amPG complex. For the mgbPGIP-
xcPG complex, the SASA change from 308 nm? to 315 nm? (illustrated in Fig. 7b) suggests minor
adjustments in solvent exposure but overall maintains stability, consistent with the stable Rg and FEL
results for this complex.

Both wild-type and mutated PGIPs (gbPGIP and mgbPGIP) demonstrate stable interactions with xcPG,
maintaining consistent Rg and SASA values. In contrast, mgbPGIP-amPG complex exhibits significant
structural instability, as evidenced by fluctuating Rg and increasing SASA values. These structural
changes likely impair the ability of mgbPGIP to effectively inhibit amPG, making the host more
susceptible to infection by A. macrospora.

Analysis of intermolecular hydrogen bonds

Intermolecular hydrogen bonds play a crucial role in maintaining molecular stability and facilitating
recognition processes. To assess the dynamic stability of four complexes (gbPGIP-amPG, gbPGIP-xcPG,
mgbPGIP-amPG, and mgbPGIP-xcPG), H-bond analysis was performed during 100 ns MD simulations as
shown in Fig. 8 and Fig. 4(a-d).

Within the gbPGIP-amPG complex, a consistent and average of 4.8 hydrogen bonds was observed
throughout the simulation. In the gbPGIP-xcPG complex, an increasing trend in the number of hydrogen
bonds between the interacting proteins was noted, with an average of 8.5 over the course of the
simulation.
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Nevertheless, the mgbPGIP-amPG complex exhibited a decreasing trend in the number of hydrogen
bonds between the interacting proteins, with an average of 2.6. After 70 ns, the number of hydrogen
bonds continuously decreases and at the end of the simulation process the complex is separated,
represented by the green colour in Fig. 8. The mgbPGIP-xcPG complex displayed a pattern similar to
gbPGIP-xcPG, with a slight decrease in the number of hydrogen bonds. The average number of hydrogen
bonds for mgbPGIP-xcPG was 8.2. The difference of hydrogen bond interactions in gbPGIP-xcPG (red)
and mutated gbPGIP-xcPG complex (blue) reflects higher variation between 80—100 ns. At the end of the
simulation, gbPGIP-PG shows more hydrogen interaction and site directed mutations in gbPGIP inhibit
the formation of hydrogen bonds and their stability with xcPG.

These results suggest that while the non-mutated complexes (gbPGIP-amPG and gbPGIP-xcPG)
maintain stable hydrogen bond interactions, the mutated complexes (mgbPGIP-amPG and mgbPGIP-
xcPG) exhibit alterations in the dynamics of intermolecular hydrogen bonding. The decreasing trend in
hydrogen bond numbers in mgbPGIP-amPG and the slight decrease in mgbPGIP-xcPG may indicate
potential disruptions in the stability of these complexes.

Clustering Analysis

The cluster analysis of the four complexes (gbPGIP-amPG, gbPGIP-xcPG, mgbPGIP-amPG, and
mgbPGIP-xcPG) reveals significant insights into their structural stability and conformational dynamics.
The superimposition of the top two representative structures, obtained using the Jarvis-Patrick
clustering method, shows that the gbPGIP-amPG (a) and mgbPGIP-amPG (c) complexes exhibit
significant deviations between the structures, indicating notable conformational flexibility and instability.
This is contrasted by the gbPGIP-xcPG (b) and mgbPGIP-xcPG (d) complexes, where the structures are
closely aligned, reflecting structural stability and minimal conformational changes (Fig. 9).

For the gbPGIP-amPG complex, the range of RMSD values was 0.05-4.5 nm, with an average RMSD of
2.1 nm, resulting in 25 clusters. The mgbPGIP-amPG complex showed a similar pattern with a range of
RMSD values from 0.05-4.6 nm, an average RMSD of 2.2 nm, and 40 clusters. These high RMSD ranges
and large number of clusters indicate significant structural deviations and instability for the amPG
complexes. Conversely, the gbPGIP-xcPG complex had a much narrower RMSD range of 0.05-0.3 nm, an
average RMSD of 0.2 nm, and formed only 4 clusters. Similarly, the mgbPGIP-xcPG complex exhibited an
RMSD range of 0.05-0.45 nm, an average RMSD of 0.2 nm, and 7 clusters. The small RMSD ranges and
fewer clusters in the xcPG complexes suggest a higher degree of structural stability and minimal
conformational changes.

The RMS distribution further supports these observations (Fig. 10). For the gbPGIP-amPG (black)
complex, the distribution shows a broad peak, indicating a range of conformations and higher RMS
values, which suggests structural instability. Similarly, the mgbPGIP-amPG (green) complex exhibits
multiple peaks, with one significant peak at higher RMS values, reinforcing the idea of considerable
conformational flexibility and instability. In contrast, the RMS distributions for the gbPGIP-xcPG (red) and
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mgbPGIP-xcPG (blue) complexes are narrow and focused at lower RMS values, implying that these
complexes maintain similar conformations and exhibit structural stability.

The combined analyses from the superimposed structures and RMS distributions indicate that the
gbPGIP-amPG and mgbPGIP-amPG complexes undergo significant conformational changes and are less
stable. In contrast, the gbPGIP-xcPG and mgbPGIP-xcPG complexes exhibit minimal conformational
changes and greater structural stability. These findings suggest that interactions involving xcPG are
more stable, whereas those involving amPG lead to considerable conformational flexibility and instability
in the complexes.

Principal Component and Free Energy Landscape Analysis

In the study of protein dynamics, PCA was utilized to delve into the conformational variations of PGIP
complexes (both wild-type and mutant) with PG. This analysis allowed for the examination of their
collective motions using the essential dynamics approach. By employing PCA, we were able to visualize
how proteins move in their atomic space to execute specific functions. Eigenvalues were extracted from
the covariance matrix, while PCs were identified using tools like gmx anaeig and gmx covar. These
eigenvalues provided insights into the atomic contributions to motion, while PCs elucidated the overall
direction of motion of the atoms. Our analysis of MD trajectories unveiled distinct behaviors between the
wild-type and mutant gbPGIP complexes, particularly when interacting with amPGIP and xcPGIP. Notably,
the wild-type gbPGIP demonstrated stability with increased dynamics in structural conformation,
whereas the mutant gbPGIP exhibited instability, especially in the complex with amPG.

Additionally, porcupine plots were generated to visualize the global motions in both systems, leveraging
the top two principal components PC1 and PC2. These plots provided further insights into the collective
motions of the protein complexes, enhancing our understanding of their dynamic behavior.

Porcupine plots was employed to visualize the movement patterns captured by the top PC obtained from
PCA. These plots are valuable tools for understanding how protein structures move over time during
molecular dynamics simulations. Porcupine plots depict the extreme projections of protein structures
onto the PC1, which accounts for the maximum variance in the dataset. The length of the arrows in the
plots represents the strength of motion, while the direction indicates the direction of movement. The
analysis revealed distinct motion patterns among the protein complexes. For instance, gbPGIP-amPG
showed a pronounced inward motion, suggesting a conformational change towards a more compact
structure. Conversely, gbPGIP-xcPG and mgbPGIP-xcPG displayed subtle outward motion along PCT,
indicating a slight expansion of the structures. These observations were consistent with the RMSF
analysis, which identified the terminal ends of the complexes as the regions of greatest flexibility.
Interestingly, mgbPGIP-amPG exhibited minimum motion due to lack on interaction.

In the examination of the Gibbs free energy landscapes (FELs), the first two eigenvectors (EVs) were
utilized to investigate deeper into the conformational dynamics of the complex. The FELs of the gbPGIP-
amPG, gbPGIP-xcPG, mgbPGIP-amPG, and mgbPGIP-xcPG complexes over a 100 ns timeframe were
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presented in Fig. 13. Within these plots, regions shaded in deeper blue indicated energetically favorable
conformational states characterized by lower energy levels, whereas yellow regions denoted less
favorable conformations Notably, the gbPGIP-xcPG and mgbPGIP-xcPG complexes exhibited stable,
energetically favorable states indicating minimal conformational changes. In contrast, the gbPGIP-amPG
and mgbPGIP-amPG complexes showed more pronounced fluctuations and less stable energy states,
suggesting significant conformational changes and instability. Further analysis revealed that the
presence of amPG influenced both the size and position of the essential space sampled by gbPGIP and
mgbPGIP, resulting in unstable configurations and higher energy states.

The FEL analysis complements the RMSD findings observed for the mgbPGIP-amPG trajectory, which
reached up to 5 nm after 80 ns, highlighting that specific mutations can have differential impacts on
PGIP interactions with different pathogens. The stable interaction with xcPG despite the mutations
suggests that the inhibitory function of PGIP against X. citriremains intact. In contrast, the instability
observed with amPG indicates that the global structural integrity required for effective inhibition is
compromised, emphasizing the critical role of specific amino acids in maintaining both local and global
structural stability and function of PGIP.

The complex of protein-protein (PGIP-PG) is explained to be important for the plant-pathogen interaction
mechanism at atomic level (Misas-Villamil and van der Hoorn, 2008). The crystal structures of PG of
various parasitic species, P carotovorum (1BHE), A. aculeatus (11A5), E. leycettana (7E56), F.
verticillioides (1HG8), A. thaliana (7B8B), C. lupini (21Q7), A. niger (1CZF), C. purpureum (1K5C), T.
maritima (3JUR) and Y. enterocolitica (2UVE), have been resolved and submitted in Protein Data Bank.
But, the crystal structure of PGIP protein is available only for PGIP of P, vulgaris in Protein Data Bank. The
study of plant-pathogen interaction (PPI) is instrumental in deciphering the intricate molecular
interactions during host-pathogen interactions (Murmu & Archak, 2023; Kumar et al., 2020). The PPI of
PGIP from G. barbadense with bacterial pathogen, X. citri pv. malvacearum and fungal pathogen, A.
macrospora, and effect of double mutations in the PGIP have not been studied yet. Here, we employed a
combinatorial approach of structural bioinformatics including structural modelling, active site prediction,
protein-protein docking, double mutated complex formation, and molecular dynamic simulation to
explore the mechanism of the PGIP-PG complex to explain the plant-pathogen interactions. The mode of
interaction of fungal amPG with gbPGIP differs from the mode of interaction of bacterial xcPG with
gbPGIP. The results of docking studies are evidence of hydrogen bonding, gbPGIP-amPG complexes
have higher number stronger H-bonds and hydrophobic interactions compared to gbPGIP-xcPG.

Several studies have reported that 10 LRRs are associated to make a solenoidal shape of the PGIPs and
these LRRs are directly involved in various cellular processes by protein-protein interactions (Figure S2).
But, the results of mutation at the selective sites, the structure to be changed and a concave structure to
inhibit the interaction with pathogenic PG protein. The studies of MD simulation of complexes, before
and after mutation, have been performed for the gbPGIP-amPG, mutated gbPGIP-amPG, gbPGIP-xcPG
and mutated gbPGIP-xcPG. The MD simulation results collectively suggest that while the non-mutated
complexes exhibit stable structures and interactions, the mutated complexes, particularly mgbPGIP-
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amPG, undergo alterations in dynamics, leading to potential disruptions in stability. These findings
highlight the importance of considering the impact of mutations on the structural and dynamic
behaviour of protein complexes, providing valuable insights for further investigations into the functional
consequences of these changes. A deep understanding of interaction at the molecular level for cotton
(G. barbadense) and its two major fungal and bacterial plant pathogens has been provided by this study
and it would be helpful in designing the plant protection and disease management strategies as well as
in improving crop production at the commercial level and for storage efficacy too.

The results of the dynamic behavior of the complexes provide compelling evidence that different
pathogens interact differently with host PGIPs and mutations in PGIPs can have varying effects on these
interactions, ultimately impacting host resistance to pathogen infection. Stable trajectories were
observed for interactions between wild-type and mutated PGIPs with X. citri suggesting that mutations
do not significantly impact the ability of PGIP to inhibit xcPG. This finding aligns with previous research
where mutations did not compromise PGIP ability to inhibit the polygalacturonase activity of Fusarium
phyllophilum (Maulik and Basu, 2013). Conversely, a mutated PGIP interacting with A. macrospora
showed significant structural instability, potentially impairing its inhibitory effectiveness. These results
emphasize the critical role of specific amino acids in maintaining the function of PGIP. This observation
is consistent with previous studies where mutations in PGIPs were shown to affect their ability to inhibit
Verticillium dahlia (Liu et al., 2018). These findings highlight the complex interplay between PGIP
mutations and pathogen interactions, influencing host resistance to infection.

The observed alterations in protein complex dynamics due to mutations, also present a unique
opportunity for crop protection in cotton through genome editing technologies like CRISPR-Cas (Cardi et
al., 2023). This approach aligns well with the growing interest in utilizing genome editing tools for crop
improvement and disease resistance (Abdallah et al., 2015). The destabilization observed in mutated
complexes, as demonstrated in MD simulations, offers insights into potential vulnerabilities which can
be targeted for modification, aiming to optimize plant defence mechanisms. This strategy not only holds
promise for accelerating breeding programs but also contributes to sustainable agriculture by
developing cotton varieties with improved disease resistance, aligning with the broader goals of
precision agriculture and crop protection. Further experimental validations will be crucial in confirming
the predicted effects of genomic modifications on plant phenotype and performance in real-world
agricultural settings.

Conclusions

The present study provides valuable insights into the molecular interaction between PGIP and PGs,
shedding light on the defense mechanisms employed by plants against pathogens. These findings have
significant implications in modern agricultural practices and plant breeding programs aimed at
improving crop resistance to diseases caused by pathogens like A. macrospora and X. citri pv.
malvacearum. By harnessing the knowledge gained from this study, researchers, plant pathologists and
breeders can devise targeted approaches to enhance the plant defense systems and mitigate the impact
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of plant diseases on agricultural production and productivity. These findings open up new avenues for
research and hold promise for developing disease-resistant cotton varieties and in further improving the
crop protection strategies. By deciphering the intricacies of the cotton-pathogen interaction, these
findings contribute to the knowledge advancement in molecular basis of host-pathogen interaction and
agricultural crop science, besides showing a way for the sustainable management of cotton diseases.
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Figure 1

Predicted structure and the Ramachandran plot of respective structures, PGIP of (a and d) G.
barbadense and PG protein of (b and ) X. citri pv. malvacearum, (c and f) A. macrosporausing Swiss-

model.
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(b)
selected as templates PDB id THGS8, 11A5, 1BHE and selected PG of parasites X. citri pv. malvacearum

Sequence alignment of PGIP and PG protein sequences generated by MultiAlign and image was
and A. macrospora.

produced by ESPript. (a) PGIP of P vulgaris (PDB

Figure 2



G169

= K242

3] (d)
Figure 3

Double mutated active residues of template (10GQ) and gbPGIP, (a) 10GQ- before mutation, (b) 10GQ-
after mutation, (c) gbPGIP- before mutation, and (d) gbPGIP- after mutation. V:Valine(Val),
Q:Glutamine(GIn), E:Glutamate(Glu), F:Phenylalanine(Phe), G:Glycine(Gly) and K: Lysine(Lys).

Figure 4

(@):Inter-molecular analysis of ghPGIP-amPG complex, pre and post MD simulations. A is used for PGIP
and B for PG protein. 2-D and 3-D images are generated by LigPploti#sand PyMmol tools respectively.
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(b):Inter-molecular analysis of mutated ghPGIP with amPG complex, pre and post MD simulations. A is
used for PGIP and B for PG protein.

(c):Inter-molecular analysis of ghPGIP-xcPG complex, pre and post MD simulations. A is used for PGIP
and B for PG protein.

(d):Inter-molecular analysis of mutated ghPGIP with xcPG complex, pre and post MD simulations. A is
used for PGIP and B for PG protein.
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RMSD of the backbone atoms as a function of time during MD simulations
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Figure 6

RMSF of Ca during 100 ns MD simulation
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Legends:
gbPGIP-amPG
gbPGIP-xcPG
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a) Rg profile and b) SASA analysis over a time range of 100 ns MD simulation
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Figure 8

H-bond analysis during 100ns MD simulations
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b) gbPGIP-xcPG

Figure 9

Superimposed of the representative structures of the top 2 clusters.
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RMS distribution for conformations of the complexes.

2D projection of trajectory

progection on cigenvecion 2 (am)

4 — pOPGIP-am PG
— R0 PGIP-NcPG
mgbPGIP-amPG
— gL PGP PG

=1

] 10
projection on cigenvector | (am)

-
=1

Figure 11

Principal components of the complexes during 100 ns.
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Figure 12

Porcupine plot of a) gbPGIP-amPG b) gbPGIP-xcPG c) mgbPGIP-amPG and d) mgbPGIP-xcPG

complexes.
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Figure 13

Free energy landscape of a) gbPGIP-amPG b) gbPGIP-xcPG c) mgbPGIP-amPG and d) mgbPGIP-xcPG

complexes during 100 ns.
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