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Abstract 

This study examines the Twin-Arginine Translocase (Tat) system, especially the TatC subunit's role and variations between 

Gram-positive and Gram-negative bacteria. It investigates how hydrophobicity affects the Tat pathway, particularly in the 

interaction of the Escherichia coli (E. coli) TatC subunit and Bacillus substilis (B. subtilis) with SufI and TorA signal peptides. 

Different bioinformatics tools were used in the following research such as NCBI, Clustal Omega, MAFFT for sequence 

alignment, Phyre2 for structural modelling, and PyMOL, HDOCK, POCASA, KVFinder for protein docking and hydrophobicity 

analysis. The study provides an in-depth examination of TatC's structure, evolutionary relationships, and interactions with signal 

peptides. This approach uncovers the crucial balance between hydrophobic and hydrophilic forces in the Tat pathway, 

challenging the traditional emphasis on the twin-arginine motif in the SufI and TorA signal peptide. The analysis reveals the 

binding affinities and the pivotal role of the regions of the signal peptide interactions within TatC subunit in particular from 

Gram-negative E. coli and Gram-positive B. subtilis, enriching comprehension of the system's flexibility and the fundamental 

influence of hydrophobicity in protein interactions. The current study also demonstrates that peptides can bind effectively 

without twin-arginine motifs and suggests a deeper embedding of signal peptides in TatC's hydrophobic zones. 
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1. Introduction 

The Twin-Arginine Translocase (Tat) system is a protein 

export pathway crucial to various microbial processes, in-

cluding respiration, cell wall maintenance, and pathogenesis. 

This system is present in all prokaryotes, as well as in chlo-

roplasts in plants. [35, 60]. Unlike the general secretory (Sec) 

pathway, which exports unfolded proteins, the Tat pathway 

uniquely exports fully folded proteins, including mul-

ti-subunit complexes [44]. While the Sec system can com-

pensate for some metabolic processes, the Tat system is in-

dispensable for bacterial virulence and antibiotic resistance [4, 

28, 46]. 
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1.1. Structural and Functional Aspects of the 

TatC Subunit 

The Tat translocase complex typically comprises TatA, 

TatB, and TatC subunits [44]. However, its composition var-

ies between Gram-positive and Gram-negative bacteria, 

leading to distinct functional mechanisms. In Gram-negative 

bacteria like Escherichia coli, the Tat system includes all 

three subunits: TatA, TatB, and TatC, with TatE acting as a 

supportive paralog to TatA [61]. In Gram-positive species 

such as Bacillus subtilis, the system lacks TatB, instead 

forming a TatAC complex, and some strains contain two TatC 

homologs (TatCd and TatCy) specialized for different sub-

strates [40]. These structural variations influence the substrate 

specificity, complex assembly, and regulation of protein 

translocation, especially the role and positioning of TatC. 

1.2. Tat Signal Peptide Recognition and Binding 

Tat-dependent precursor proteins are recognised by 

N-terminal signal peptides, which initiate translocation 

through the TatBC complex. These peptides consist of con-

served regions, including the positively charged n-region, 

hydrophobic h-region, and polar c-region [43, 58]. 

 
Figure 1. Signal Peptide SufI regions: Tat Signal Sequence, image 

provided by Bronstein et al., 2004 [3], presents the n-region with the 

S/T-RR-x-F-L-K motif, followed by the moderately hydrophobic 

h-region, and the c-region containing the A-x-A amino acid se-

quence. 

These signal peptides initiate contact with the TatBC re-

ceptor complex. Specifically, the n-region binds between the 

TM2 and TM3 helices of TatC [1, 2, 14], while the h-region 

interacts with TatB [66], triggering the recruitment of TatA 

[57, 58]. 

1.3. Mechanism of Tat-dependent Protein 

Translocation 

Once the TatBC complex binds a folded substrate's signal 

peptide, the TatA subunits, initially not associated with TatBC, 

oligomerize into dynamic, variable-sized pores in the mem-

brane [15]. These pores facilitate substrate passage while 

preserving membrane integrity by minimizing ion leakage. 

Tat transport is powered by the proton motive force (PMF), 

involving both the membrane potential (ΔΨ) and proton gra-

dient (ΔpH), and does not require ATP—distinguishing it 

from the Sec pathway [17, 35]. After translocation, a signal 

peptidase cleaves the signal sequence at the Ala-x-Ala motif, 

releasing the mature protein into the periplasmic space [43, 

16]. Dynamic studies using cross-linking and fluorescence 

tagging have confirmed that TatA associates transiently with 

TatBC, forming large assemblies at the translocation site 

during the transport cycle [39]. 

1.4. Tat Signal Peptide Binding Sites and 

Substrate Specificity 

The interaction between Tat signal peptides and the TatBC 

complex has been extensively studied using model substrates 

such as SufI, a protein involved in septal ring formation dur-

ing bacterial cell division [10]. Early structural analyses 

showed that substrates like SufI and CueO bind to the pe-

riphery of the TatC subunit, suggesting that the TatBC cavity 

is too narrow to accommodate fully folded proteins internally 

[55, 9]. 

However, subsequent studies using modeling and muta-

genesis identified a potential internal signal peptide binding 

site near the TM1 and TM3 helices of TatC. Substitution of 

conserved residues (e.g., Glu9 and Glu96) in these regions 

significantly reduced binding affinity for the signal peptide's 

twin-arginine motif, while changes to peripheral residues had 

little effect [47, 5]. These findings suggest a specific internal 

recognition site that facilitates high-affinity substrate binding. 

2. Aim and Hypothesis 

The investigation aims to conduct a comparative analysis of 

bacterial taxa, elucidating their structural relationships and 

distinctions. Moreover, the research seeks to delve into the 

significance of hydrophobicity within the twin-arginine 

translocation (Tat) pathway. It specifically focuses on regions 

of the TatC in modulating the association with signal peptides, 

thereby influencing the efficacy of protein translocation. The 

intent is to enhance our understanding of TatC recognition 

specificity, highlighting the adaptability of the Tat system in 

accommodating variations in signal peptide hydrophobicity. 

Additionally, this study examines hydrophobicity's role in the 

Tat pathway, with a specific emphasis on docking analyses. 

These analyses aim to ascertain the impact of hydrophobic 

and hydrophilic segments of E. coli str. K-12 TatC and B. 

subtilis on its binding dynamics and interactions with SufI and 

TorA signal peptides. 

3. Methods 

3.1. Protein Blast 

Subsequent analysis entailed submitting protein sequences 

from E. coli str. K-12 and B. subtilis into the Protein BLAST 

tool. The objective was to obtain four additional sequences for 

each type of bacteria, emphasising varying degrees of identity 
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similarities. While default settings were primarily maintained, 

modifications were made to the exclusion criteria to prevent 

the duplication of the primary bacterial strains. The search 

was expanded to encompass up to 5000 target sequences to 

ensure a comprehensive range of results. The analysis of E. 

coli sequences yielded selections from Pseudomonas aeru-

ginosa, Vibrio cholerae, Salmonella enterica and Klebsiella 

pneumoniae. Conversely, examining B. subtilis sequences 

identified relevant sequences from B. cereus, Paenibacillus, 

Streptococcus thermophilus, and Streptococcus pneumoniae, 

representing the gram-positive bacterial spectrum [63, 25, 

45]. 

3.2. Multiple Sequence Alignment 

3.2.1. Clustal Omega 

The complete TatC FASTA sequences of each bacterium 

were processed through the Clustal Omega multiple sequence 

alignment (MSA) tool to identify amino acid similarities and 

regions of conservation [53]. The results were colour-coded to 

highlight the areas of high and low conservation, including 

substitutions and deletions [37]. 

3.2.2. Phylogenetic Tree 

To construct and examine the phylogenetic trees of the two 

bacterial groups, this study utilised the MAFFT web-based 

application for multiple sequence alignment tasks. The ad-

vanced algorithms of MAFFT facilitated the alignment of 

sequences, allowing for an in-depth analysis of evolutionary 

relationships among the bacterial taxa [29, 30, 33]. MAFFT 

attributes evolutionary significance and phylogenetic rela-

tionships to the sequences by employing sophisticated 

alignment techniques. The relationships are further clarified 

through bootstrap values, which aid in discerning the prox-

imity or divergence among the taxa. The alignment process 

commenced with sequences from Gram-Negative bacteria, 

followed by those from Gram-Positive bacteria, and ulti-

mately, all ten bacterial sequences were aligned together. 

While most parameters were kept at their default settings, the 

bootstrap values were specifically activated to understand 

phylogenetic relationships better and visualised in Archae-

opteryx.js in-built MAFFT function. 

3.2.3. Phyre2 

Phyre2 plays a crucial role in elucidating protein confor-

mations. This web-based tool processes amino acid sequences 

to generate a protein's secondary structure model. It achieves 

this by drawing on databases of similar proteins and em-

ploying sophisticated computational algorithms. The resulting 

model includes a detailed breakdown of the protein's sec-

ondary structure components, quantifying the proportion of 

alpha helices and beta strands. This information is invaluable 

for understanding the protein's three-dimensional shape and 

functional implications. Adding to its utility, Phyre2 also aids 

in predicting protein function and potential interactions based 

on the modelled structure, offering a comprehensive view of 

the protein's characteristics [32]. 

3.3. Protein Docking 

3.3.1. PyMOL 

Before docking simulations, PyMOL was used to identify, 

visualise, and manipulate the 3D structures of the TatC pro-

tein and signal peptide. Specific chain identifiers were as-

signed to distinguish the receptor (TatC, chain 'A') from the 

ligand (signal peptide, chain 'B') using the ALTER command 

[52]. This ensured correct recognition during docking. 

3.3.2. Huang Docking Web Server (HDOCK) 

Following the previous modifications, the prepared struc-

ture of E. coli str. K-12 was introduced into the docking web 

server, HDOCK simulation, for potential binding analyses. 

The simulation parameters were kept at default settings except 

for the specified chain identifiers 'A' for the receptor and 'B' 

for the ligand [64, 24]. 

3.3.3. Pocket-cavity Search Application (POCASA) 

POCASA utilises a computational methodology that em-

ploys algorithms for protein-protein interaction prediction and 

surface probe recognition techniques. It involves a virtual 

probe that traverses the surface of a given 3D protein structure, 

scanning for cavities that could signify potential binding sites. 

These predicted binding regions are characterised by their 

hydrogen atom composition and are quantified by their vol-

ume and depth, with results provided in units of angstroms (Å) 

[65]. 

3.3.4. KVFinder 

KVFinder was employed to analyse the hydrophobicity of 

binding pockets in TatC. It facilitated the identification of 

hydrophobic and hydrophilic regions critical for interpreting 

binding interactions and docking results [18-20, 49]. 

4. Results 

Sequence identity analyses were conducted with BLAST to 

compare selected Gram-negative and Gram-positive bacteria 

against reference proteins from E. coli str. K-12 and B. sub-

tilis. 
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Table 1. Gram-Negative Bacteria Sequence identity comparison to E. coli str. K-12 TatC Protein. 

Gram-Negative Bacteria Classification Accession Amino Acids Identity (%) 

Pseudomonas aeruginosa Opportunistic Pathogen (Diggle & Whiteley, 2019) PWU38561.1 267 57.60 

Vibrio cholerae Aquatic Pathogen (Halpern & Izhaki, 2017) EGQ9206430.1 250 66.40 

Salmonella enterica Specialised invasive Pathogen (Hong et al., 2023) EJJ4019649.1 259 91.12 

Klebsiella pneumoniae Respiratory Pathogen (Mannion et al., 2023) CDO16241.1 259 83.72 

 

The table presents a selection of Gram-negative bacteria 

from the NCBI database, detailing their classification, acces-

sion numbers, amino acid sequences, and percentage identity 

to E. coli str. K-12 [41]. 

Table 1 presents the sequence identity percentages of TatC 

proteins in Gram-Negative bacteria relative to the E. coli str. 

K-12 TatC, indicating a spectrum of homology. Notably, 

Salmonella enterica exhibited the most significant homology, 

with a 91.12% identity, whereas Pseudomonas aeruginosa (P. 

aeruginosa) demonstrated the least, with a 57.60% identity 

[11]. This range reflects both conservation and variation 

among the Gram-Negative bacterial TatC homologs com-

pared to E. coli str. K-12. 

Table 2. Gram-Positive Bacteria sequence identity comparison to B. subtilis TatCd and TatCy Protein. 

Gram-Positive Bacteria Classification Accession 
Amino 

Acids 

Identity with 

TatCd (%) 

Identity with 

TatCy (%) 

Bacillus cereus Opportunistic Pathogen (Zheng et al., 2024) HDR4908830 248 60.34 43.90 

Paenibacillus sp. Tmac-D7 Aquatic Pathogen (Sáez-Nieto et al., 2017) WP_141336258.1 241 63.07 46.72 

Streptococcus thermophilus Specialised non-pathogen (Xu et al., 2023) WP_084825977.1 242 41.95 36.21 

Streptococcus pneumoniae Respiratory Pathogen (Peng et al., 2023) WP_050251502.1 243 36.71 35.27 

 

The table presents a selection of Gram-positive bacteria 

from the NCBI database, detailing their classification, acces-

sion numbers, amino acid (AA) sequences, and percentage 

identity to E. coli str. K-12 (NCBI, 2024). 

In contrast to Table 1, Table 2 delineates the sequence 

identity percentages for Gram-positive bacteria to the TatCd 

and TatCy proteins of B. subtilis. B. cereus is highlighted, 

showing a moderate sequence identity of 60.34% to TatCd 

and 43.90% to TatCy, illustrating the variances in sequence 

conservation across different species. Both Tables also present 

their amino acid lengths, in which Gram-negative bacteria pre-

sented a higher amino acid count than Gram-positive bacteria. 

Table 3 compares the sequence identities across Gram- 

positive and Gram-negative groups, categorised according to 

their pathogenic classifications. Within this framework, E. coli str. 

K-12 and B. subtilis, categorised as non-pathogenic bacteria [17, 

40], exhibited higher sequence identities, with 32.93% to 

TatCd and 31.35% to TatCy. Conversely, specialised bacteria 

showed a lower similarity of 24.60%. 

Table 3. Sequence Identity Comparison Between Both Groups. 

Gram-negative Bacteria Gram-positive Bacteria Classification Identity similarity (%) 

Pseudomonas aeruginosa Bacillus cereus Opportunistic Pathogen 28 

Vibrio cholerae Paenibacillus sp. Tmac-D7 Aquatic Pathogen 28.57 

Salmonella enterica Streptococcus thermophilus Specialised Pathogen 24.60 

Klebsiella pneumoniae Streptococcus pneumoniae Respiratory Pathogen 27.20 
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Gram-negative Bacteria Gram-positive Bacteria Classification Identity similarity (%) 

Escherichia coli str. K-12 Bacillus subtilis Non - pathogenic TatCd 32.93 TatCy 31.35 

This table summarizes the bacteria from each group, showing their taxonomic classifications and percentage identity simi-

larities. 

4.1. Clustal Omega 

 
Figure 2. Gram-negative and Gram-positive Multiple Sequence Alignment of TatC subunit. 
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Investigating protein residues is vital for understanding 

evolutionary connections among taxa and the dynamics of 

protein-protein interactions [36]. These researchers highlight 

that these residues are crucial in recognising ligands within a 

defined pocket of the protein's three-dimensional architecture. 

This insight enhances our comprehension of protein functions 

and paves the way for innovative research, potentially leading 

to the development of novel pharmaceuticals that can promote 

new biological functions. Figure 2 showcase a comparison of 

the number of residues across different taxa, symbolised as 

follows: '*' indicates an exact residue match, for instance, the 

initial matching amino acid Histidine (H) shown in green in 

Figure 2; ':' signifies conserved residues, such as Aspartate (D) 

and Glutamate (E) seen in the same figure shown in Blue; and 

'.' represents semi-conserved residues like Lysine (K) pink 

colour, Asparagine (N), and Threonine (T) green colour, also 

observed in the figure. It should be noted that these tables 

exclude TatCd. 

The figure displays the Gram-negative and Gram-positive 

multiple sequence alignment of the selected bacteria, col-

our-coded with their residue’s similarities below the se-

quences. Constructed with Clustal Omega [53]. 

4.2. Phylogenetic Trees 

Figures 3, 4 and 5 introduce phylogenetic trees generated 

via MAFFT web server from the previous multi-sequence 

alignment figures to elucidate the evolutionary relationships 

among the same gram-negative and gram-positive bacteria. 

 
Figure 3. Gram-negative Bacteria Phylogenetic Tree. 

This phylogenetic tree represents the evolutionary rela-

tionships among various gram-negative bacteria. Branch 

lengths correspond to genetic distance, and bootstrap values 

are indicated at the nodes to reflect the confidence level of the 

clade distinctions. This analysis was facilitated by the 

MAFFT web server for sequence alignment [30]. 

 
Figure 4. Gram-positive Bacteria Phylogenetic Tree. 
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This figure extends the analysis to gram-positive bacteria, with an additional focus on the TatCd protein. The tree illustrates 

genetic divergence with bootstrap values provided for clade validation. This analysis was facilitated by the MAFFT web server 

for sequence alignment [30]. 

 
Figure 5. Gram-negative and Gram-positive Bacteria Phylogenetic Tree. 

The combined phylogenetic tree includes both gram- neg-

ative and gram-positive bacteria, with the inclusion of the 

TatCd protein. This comprehensive view allows for compar-

ison across different bacterial classes, with bootstrap values 

showing the statistical support for the groupings. This analy-

sis was facilitated by the MAFFT web server for sequence 

alignment [30]. 

The derived phylogenetic trees reveal distinct clades cor-

responding to the two bacterial classifications. Figure 3 illus-

trates the relationships among gram-negative bacteria, 

showing clear divergence among species, as evidenced by the 

bootstrap values. Figure 4 focuses on gram-positive bacteria, 

introducing the TatCd protein into the analysis. The tree to-

pology indicates a genetic distance between species within 

this group. Figure 5 provides a detailed approach, incorpo-

rating both bacterium types and the TatCd protein into a single 

phylogenetic framework. The bootstrap values across all trees 

demonstrate a high confidence level in the branching patterns 

observed, suggesting a robust evolutionary framework [48]. 

4.3. Protein-protein Docking Analysis 

Protein-protein docking simulations were performed to 

reveal the interaction between E. coli str. K-12 TatC and B. 

subtilis and two distinct signal peptides, SufI (Figure 6) and 

TorA (Figure 8). The models in these figures present a ribbon 

shape, which illustrates the alpha helices in a rod-like shape or 

loops, while the Beta strands are illustrated in ribbons or lines 

[50]. 

The docking was performed using the HDOCK web server, 

which provided a ranking of the top 10 models based on 

docking scores, ligand root-mean-square deviation (RMSD), 

and interface residues seen in Figures 7 and 9. The models 

were evaluated for their docking confidence and interface 

quality, with results indicating varying degrees of interaction 

strength and complex stability. 

Table 4. Top ten E. coli str. K-12 and SufI protein-protein top ten docking models. 

Protein Type LGscore MaxSub 

Receptor (TatC) 2.676 0.162 

Ligand (Signal Peptide) 0.180 -0.035 
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Rank 1 2 3 4 5 6 7 8 9 10 

Docking Score -265.20 -247.19 -238.20 -236.23 -234.70 -233.82 -233.29 -229.53 -229.94 -227.67 

Confidence Score 0.9092 0.8748 0.8537 0.8487 0.8447 0.8424 0.8410 0.8390 0.8319 0.8254 

Ligand rmsd (Å) 29.09 49.03 46.60 28.45 46.90 34.82 28.92 28.64 46.00 28.46 

 

The table provides an overview of the top ten protein- 

protein docking ranks between E. coli str. K-12 and SufI as 

assessed by [23]. The leading rank exhibits the highest con-

fidence at 90%, with a docking score of -265 and a ligand 

RMSD of 29.09. Conversely, the tenth rank displays the 

lowest assessed metrics, with a docking score of -227, a con-

fidence level of 82%, and a ligand RMSD of 28.46. 

Table 4 resulted from the docking, which provided ten 

ranking scores: rank 1 is the most confident score of 0.90 

(90%), a docking score of -265.20, and a Ligand RMSD of 

29.09 (29%). The table also provides information on the input 

protein quality, in which the ligand (SUFI signal peptide) 

presented a low-quality structure. The docking results from 

rank 1 were input in PyMOL web server, resulting in the 

construction of Figure 6. 

 
Figure 6. 3D representation of E. coli str. K-12 TatC and SufI protein-protein docking with highlighted features. 

The figure illustrates the secondary structure of the E. coli 

str. K-12 TatC illustrated in green, with its transmembrane 

segments TM2 and TM3 in purple and dark blue, as identified 

by UniProt (2023) [59]. The SufI signal peptide is shown in 

blue with its C-region and N-region, and the RR motif high-

lighted in red. 

TorA also underwent the same simulation as SufI, yielding 

slightly different results (Table 5). This table presented ten 

ranking scores, where rank 1 provided a docking score of 

-244.06, a confidence score of 0.86 (86%) and a ligand RMSD 

of 502 (502%). In the same way as SufI, TorA also presented 

a low-quality structure. These results were also used to con-

struct its secondary structure in PyMOL. 
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Table 5. Top Ten E. coli str. K-12 and TorA protein-protein docking models. 

Protein Type LGscore MaxSub 

Receptor (TatC) 2.676 0.162 

Ligand (Signal Peptide) 0.046 -0.006 

 

Rank 1 2 3 4 5 6 7 8 9 10 

Docking Score -244.0 -255.5 -224.6 -224.6 -222.7 -221.8 -220.9 -220.2 -216.5 -214.0 

Confidence Score 0.867 0.812 0.816 0.816 0.810 0.807 0.805 0.802 0.790 0.782 

Ligand rmsd (Å) 502.6 500.1 503.1 486.0 504.5 480.6 501.3 479.0 502.1 479.9 

 

The Table provides an overview of the top ten protein- 

protein docking ranks between E. coli str. K-12 and TorA as 

assessed by HDOCK (2024) [23]. The leading rank exhibits 

the highest confidence at 86%, with a docking score of -244 

and a ligand RMSD of 502.62. Conversely, the tenth rank 

displays the lowest assessed metrics, with a docking score of 

-214, a confidence level of 78%, and a ligand RMSD of 

479.92. HDOCK also reported a lower structural quality for 

the ligand in the docking evaluation. 

 
Figure 7. 3D representation of E. coli str. K-12 TatC and TorA protein-protein docking with highlighted features. 

Figure 7 illustrates the secondary structure of the E. coli str. 

K-12 TatC illustrated in green highlighting its most confi-

dently scored conformation, with its transmembrane segments 

TM2 and TM3 in purple and dark blue, as identified by Uni-

Prot (2024) [59]. The TorA signal peptide is shown in blue 

with its C-region and N-region, and the RR motif, essential for 

the signal peptide's function, is highlighted in red. The image 

provides insight into the spatial arrangement of the protein's 

functional domains, including the TatC C-terminus and 

H-terminus. 
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Table 6. Top Ten B. subtilis and TorA protein-protein top ten docking models. 

Protein Type LGscore MaxSub 

Receptor (TatC) 3.109 0.206 

Ligand (Signal Peptide) 0.534 0.056 

 

Rank 1 2 3 4 5 6 7 8 9 10 

Docking Score -244.7 -227.6 -222.9 -222.2 -219.6 -218.4 -217.1 -213.6 -210.9 -210.9 

Confidence Score 0.869 0.825 0.811 0.809 0.801 0.797 0.792 0.781 0.772 0.771 

Ligand rmsd (Å) 488 504.4 503.6 488.0 503.9 502.9 503.7 503 502 510.6 

 

The table provides an overview of the top ten protein- 

protein docking ranks between B. subtilis and TorA as as-

sessed by HDOCK (2024) [23]. The leading rank exhibits the 

highest confidence at 86%, with a docking score of -244 and a 

ligand RMSD of 488. Conversely, the tenth rank displays the 

lowest assessed metrics, with a docking score of -210, a con-

fidence level of 77%, and a ligand RMSD of 510. HDOCK 

also reported a lower structural quality for the ligand in the 

docking evaluation. 

 
Figure 8. 3D representation of B. subtilis TatCd and TorA protein-protein docking with highlighted features. 

This figure illustrates the secondary structure of the B. 

subtilis. TatCd illustrated in green highlighting its most con-

fidently scored conformation. The TorA signal peptide is 

shown in blue with its C-region and N-region, and the RR 

motif, essential for the signal peptide's function, is highlighted 

in red. The image provides insight into the spatial arrange-

ment of the protein's functional domains, including the TatCd 

C- terminus and H-terminus. 

The examination of models created by HDOCK, analysed 

using PyMOL, highlights the critical role of the RR motif and 
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the N- and C-terminal regions of signal peptides in influenc-

ing the docking configurations and potential binding efficacy. 

Despite the initial low quality of input structures suggested by 

the LGscore, MaxSub, and elevated RMSD values, the pre-

ferred models consistently demonstrated interaction patterns 

between TatC and the signal peptides. Specifically, in the 

context of SufI binding depicted in Table 4, models 1, 4, 6, 7, 

8, and 10 successfully engaged with the TM2 of TatC, 

whereas the others interacted with TM6. Similarly, for TorA 

binding shown in Figure 8, models 1, 2, 3, 5, 7, and 9 were 

observed to bind to TatC TM2, with the rest associating with 

TM6. 

4.4. Binding Site Identification and Ranking 

Using POCASA and following Kawabata & Go's (2007) 

[31] recommendation, a 5Å radius probe was employed to 

identify potential binding sites, deemed most effective for 

evaluating peptide interactions. With this approach and de-

fault settings, Tables 7 and 8 were constructed, ranking the top 

five binding sites by pocket number. These tables also detail 

the pocket volumes, average volume and depth in angstroms, 

and the total binding sites identified using the 5Å radius 

probe. 

Table 7. Protein Pocket Binding Characteristics in Gram-Negative. 

Gram-Negative 

Bacteria 

Pocket Binding 

Rank 
Pocket Number Pocket Volume Å 

Average Volume 

-Depth value Å 

Total Binding Sites 

Probe radius of 5Å 

Escherichia coli str. 

K-12 

1 93 407 1108 

15 

2 28 231 724 

3 162 254 720 

4 265 114 288 

5 123 99 239 

Pseudomonas aeru-

ginosa 

1 114 353 990 

12 

2 29 287 858 

3 142 321 854 

4 194 153 375 

5 18 129 337 

Vibrio cholerae 

1 147 456 1371 

15 

2 157 296 753 

3 31 170 526 

4 527 149 368 

5 137 128 328 

Salmonella enterica 

1 116 396 1079 

16 

2 159 254 720 

3 28 216 646 

4 258 114 288 

5 124 78 190 

Klebsiella pneu-

moniae 

1 127 596 1648 

13 

2 62 122 422 

3 122 137 333 

4 367 109 277 

5 432 88 234 

Binding pocket ranking for Gram-negative bacteria, showing pocket number, volume, average volume, and depth, with a 5 Å probe. 
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Table 8. Protein Pocket Binding Characteristics in Gram-Positive. 

Gram-Positive 

Bacteria 

Pocket Binding 

Rank 
Pocket Number Pocket Volume Å 

Average Volume 

-Depth value Å 

Total Binding Sites 

Probe radius of 5Å 

Bacillus subtilis 

TatCd / TatCy 

1 132 / 45 356 / 301 1059 / 866 

12 / 17 

2 201 / 193 188 / 297 507 / 846 

3 52 / 126 109 / 264 371 / 680 

4 189 / 342 138 / 235 343 / 575 

5 263 / 93 129 / 62 320 / 161 

Bacillus cereus 

1 163 392 1094 

12 

2 114 203 564 

3 61 140 507 

4 166 194 471 

5 243 174 423 

Paenibacillus 

1 343 656 1726 

11 

2 65 250 706 

3 161 213 651 

4 17 39 122 

5 92 20 120 

Streptococcus 

thermophilus 

1 293 635 1652 

11 

2 127 229 596 

3 39 150 464 

4 213 76 232 

5 419 71 183 

Streptococcus 

pneumoniae 

1 302 462 1206 

10 

2 43 219 717 

3 113 233 638 

4 129 77 204 

5 358 64 184 

Binding pocket ranking for Gram-positive bacteria, including TatCd/TatCy subunit values for B. subtilis. 

Tables 7 and 8 present the top five ranked binding pockets 

identified using a 5 Å probe for Gram-negative and Gram- 

positive bacteria, respectively. The data includes pocket rank, 

number, volume, average volume and depth (in cubic Å), and 

total binding sites. For Gram-negative bacteria (Table 7), 

Klebsiella pneumoniae exhibits the largest average pocket 

volume, while Salmonella enterica has the most binding 

pockets [38]. Among Gram-positive bacteria (Table 8), Pae-

nibacillus features the largest average volume [51], and B. 

subtilis displays values for both TatCd and TatCy subunits, 

with TatCy having the highest pocket count. 

4.5. Evidence Overlapping 

All collective data was assembled in PyMOL to illustrate 

the binding results of the signal peptide illustrating the pock-

ets with the most affinity exposed by POCASA, resulting in 

the construction of Figures 9, 10. This figure presents four 

models of the same docking TatC protein, presenting the top 

five docking ranks by hydrogen atoms (white and orange 

dots), previously mentioned in Tables 7, 8, with the highest 

affinity in orange, where the signal peptide RR motif stands. 
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Figure 9. Structural Analysis of E. coli str. K-12 TatC with Binding Sites and Motifs. 

A and B illustrate the TatC protein in ribbon representation with hydrogens representing the binding sites (white dots). Orange dots indicate the 

highest ranked (Rank 1) binding site, as identified by POCASA. Model C highlights the SufI signal peptide in blue and the RR motif in red 

within the TatC protein structure. Model D provides a surface mesh representation of the protein. 

 
Figure 10. Structural Analysis of B. subtilis TatCd with Binding Sites and Motifs. 

A, B and C illustrate the TatCd protein in ribbon representation with hydrogens representing the binding sites (white dots). Orange dots indicate 

the highest ranked (Rank 1) binding site, as identified by POCASA. Model C highlights the TorA signal peptide in blue and the RR motif in red 

within the TatCd protein structure. Model D provides a surface mesh representation of the protein. 
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4.6. Hydrophobicity Metrics and Visualisation 

Figure 11 illustrates the hydrophobicity of amino acids based on the metrics provided by KVFinder, highlighting their rele-

vance to the TatC hydrophobicity profile. 

 
Figure 11. KVFinder Hydrophobicity Metrics. 

Hydrophobicity metric, with a range from -1.0 for the most hydrophobic amino acids, extending to 2.5 for the most hydrophilic. Below the 

scores, amino acids are sequenced according to their hydrophobicity rating. 

In the docking analysis shown in Figure 12, KVFinder was 

adjusted to a 5 Å radius, revealing two distinct regions: a 

highly hydrophilic area in orange and a highly hydrophobic 

area in pink, with other regions of moderate hydrophobicity 

marked in blue. Notably, the signaling peptide's RR motif was 

proximal to the hydrophilic region. 

 
Figure 12. Hydrophobicity Mapping in E. coli str. K-12 TatC Protein. 

E. coli str. K-12 TatC hydrophobicity analysis. Using a 5 Å radius. Blue dots represent binding regions with negative hydrophobicity, the orange 

area marks a region with a higher hydrophobicity score of 1.66, and the pink area indicates a region with lower hydrophobicity at -1.17, image 

assembled with (Pymol, &; KVFinder). 

In a newly designed investigative scenario, the wild-type 

SufI sequence "MSLSRRQFIQASGIALCAGAVPLKASA" 

from UniProt (2024) [59] was modified by replacing the RR 

motif with double Isoleucines (II), resulting in "MSLSI-

IQFIQASGIALCAGAVPLKASA." This change, boosted by 

Isoleucine's high hydrophobicity on the KVFinder scale, was 

analysed using HDOCK with parameters consistent with 

those in Table 5. While docking scores showed similar bind-

ing affinities for both sequences, the mutant sequence exhib-

ited a 9% increase in RMSD compared to the wild-type. 
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Figure 13. Results from the modified SufI Sequence that allocates the 

double Isoleucines. 

The figure presents the Rank 1 result from the Docking of E. 

coli str. K-12 TatC protein and the modified signal peptide 

SufI, in which its docking score was -265, the confidence 

scores 0.91 and the RMSD 39 Å. 

 
Figure 14. E. coli str. K-12 TatC docking with SufI mutated sequence. 

The Figure above presents model A and B, where the TatC 

is highlighted in green, the modified SufI signal peptide in 

Cyan and the double Isoleucine ‘II’ change in red. Model B 

has a 45 degrees rotation to the left based on model A posi-

tion. 

Upon contrasting Model D in Figure 9, which contains the 

RR motif, a noticeable shift of the signal peptide from TatC's 

hydrophilic area to a more hydrophobic region is evident, 

Panel A. Furthermore, this alteration caused the signal peptide 

to penetrate more deeply into TatC, a change that is clearly 

illustrated in Panel B of Figure 14. 

5. Discussion 

This study investigates the critical role of the twin-arginine 

translocation (Tat) system in mediating the export of folded 

proteins involved in bacterial metabolic processes and viru-

lence, thereby contributing to pathogenicity. The research 

primarily focuses on the TatC component, emphasizing the 

functional significance of conserved amino acid residues in 

substrate recognition and docking—events that initiate the 

translocation process. Comparative analysis across phyloge-

netically diverse bacterial species enabled detailed charac-

terization of TatC's structural conservation and variability. 

5.1. TatC and the Importance of Conserved 

Residues 

Research utilizing NCBI, PHYRE2, and Clustal Omega has 

shed light on the evolutionary relationships among bacterial 

species based on protein homology. The data reveal that 

Salmonella enterica shares the highest sequence identity with 

E. coli str. K-12 among Gram-negative bacteria, suggesting a 

close evolutionary connection. In contrast, Pseudomonas 

aeruginosa exhibits lower sequence identity, indicating 

greater evolutionary divergence. 

This pattern highlights the dynamic nature of bacterial 

evolution, where species balance genetic conservation with 

structural adaptation. Among Gram-positive bacteria, se-

quence identities related to Bacillus subtilis TatCd and TatCy 

proteins suggest moderate conservation, as seen in Bacillus 

cereus. However, the variation in sequence identities across 

different species points to significant evolutionary differenti-

ation within this group [62, 22]. 
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5.2. Evolutionary Connections and Protein 

Homology 

The cross-comparison of sequence identities between the 

two bacterial classifications, as summarized in Table 3, un-

derscores a potential inverse relationship between the degree 

of pathogenicity and protein sequence similarity—notably, 

non-pathogenic strains like E. coli str. K-12 and B. subtilis 

exhibit higher sequence identity, implying that the evolu-

tionary pressures leading to pathogenicity may drive greater 

sequence diversity in these proteins. According to (Fitzgerald 

& Musser, 2001) [13] pathogenic bacteria contain a higher 

genome diversity than non-pathogenic bacteria, thus pre-

senting the relationship between these non-pathogenic bacte-

ria. Moreover, Dionisio et al. (2023) [12] proposed that gene 

transfer mechanisms may influence this unexpected evolu-

tionary connection, with B. cereus potentially experiencing 

significant gene alterations that have shaped its evolutionary 

path. Furthermore, Dionisio et al. (2023) [12] highlighted the 

potential role of non-pathogenic bacteria in influencing the 

evolution of pathogenic species through gene transfer pro-

cesses, thereby possibly augmenting the virulence of patho-

genic bacteria despite their non-virulent gene composition. 

5.3. Phylogenetic Trees and Residue Analysis 

The phylogenetic trees generated using MAFFT web server 

(Figures 3, 4 and 5) provide an evolutionary perspective, 

confirming the genetic distances and relationships suggested 

by sequence identities. The high bootstrap values associated 

with these trees reflect strong statistical confidence in the 

phylogenetic classifications, offering a solid foundation for 

exploring the evolutionary trajectories of these bacterial spe-

cies [48]. Furthermore, the examination of exact,, and 

semi-conserved residues (Figure 2) highlights the critical role 

of these residues in preserving the structural and functional 

integrity of the TatC protein. The variation in these residues 

across different taxa may reflect evolutionary adaptations that 

tailor the protein to the specific ecological niches and patho-

genic strategies of the bacteria [6]. Notably, the phylogenetic 

analysis indicates that each bacterium within the two groups 

shares 28 identical residues, underscoring a profound evolu-

tionary connection. These residues are likely essential for 

upholding the protein's structure and function. 

Furthermore, 43 residues remain conserved, underscoring 

their importance in protein function. According to Landau et al. 

(2005), [34] these residues are critical for the protein, resulting 

in high evolutionary pressure in resisting amino acid replace-

ments, which correlate with possible roles in catalytic activities 

and binding processes. In contrast, the 32 semi-conserved res-

idues vary in their amino acid composition among the bacteria. 

Hsin Liu et al. (2012) [26] explain that these residues do not 

share chemical properties, suggesting a contribution to protein 

flexibility and specificity. This variation could be an evolu-

tionary response to each species' unique environmental chal-

lenges and selective pressures unimportant to exact and con-

served residues. To summarise, exact residues are consistently 

identical across all sequences examined, conserved residues 

display similarity in amino acid properties, and semi-conserved 

residues exhibit a permissible degree of diversity that allows 

the protein to retain its function despite variations. 

5.4. Docking and Pockets Analysis 

In this investigation, docking simulations were employed to 

explore protein-protein interactions, explicitly focusing on 

evaluating binding affinities and the intricacies of the binding 

sites. The POCASA web server with a 5Å probe radius high-

lighted that the most favourable binding sites typically 

showcased a volume depth over 1000 Å. A noteworthy find-

ing was that the binding site ranked highest, with a volume 

depth of 1108 Å, achieved a docking score of -265.20 and a 

confidence level of 0.90 (Figures 9 and 10), according to 

HDOCK simulations. These figures imply that interactions 

with docking scores above -200 and confidence levels sur-

passing 0.7 are reliable (HDOCK, 2024) [23]. However, an 

exception was identified in the case of P. aeruginosa, where 

the volume depth of the binding site was slightly reduced to 

990 Å. The insights gained from the POCASA analysis un-

derlined the significant impact of spatial dimensions on 

binding site affinity, establishing a clear linkage between 

greater volume depths and enhanced binding affinities. 

Additionally, the research incorporated KVFinder to map 

the hydrophobicity regions within the E. coli str. K-12 TatC 

amino acids, revealing that the most hydrophilic region cor-

responded with the highest affinity binding site identified in 

the docking simulations. This correlation underscores the 

intricate relationship between hydrophobicity and binding 

efficiency, highlighting the importance of hydrophilic regions 

in facilitating protein-protein solid interactions. Despite the 

high confidence levels indicated by HDOCK, it was noted that 

the SufI signal peptide, a key component in these interactions, 

exhibited a structure of low quality. However, B. subtilis 

binding affinity presented a more hydrophobic pocket. 

5.5. RR Motif's Role and Alternative 

Recognition 

The analysis of docking results highlights the role of the 

signal peptide's h-region in facilitating movement within 

TatC's cavities, which is essential for precise protein-protein 

interaction alignment [57]. This process notably involves the 

RR motif's interaction with TatC's hydrophilic areas, observed 

in docking interactions binding between TM2 and TM3 

(Figures 6 and 7), consistent with Frain et al. (2019) [14]. 

HDOCK simulations, with a 90% confidence level, suggest 

the signal peptide can rotate significantly, up to 180 degrees, 

enabling orientation adjustments with the C-region upwards 

and the N-region downwards, as depicted in Figure 8. This 

rotational ability supports Palmer and Stansfeld's (2020) [43] 
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translocation model, which proposes a hairpin conformation 

driven by the proton motive force, crucial for translocation. 

These findings enhance understanding of the Tat pathway's 

molecular mechanics, emphasising the complex coordination 

necessary for effective protein translocation. 

Contrary to the common belief that the RR motif plays a 

pivotal role in TatC recognition, research by Huang and 

Palmer (2017) [27] suggests that the RR motif's significance 

may be overstated. Their findings indicate that increasing the 

hydrophobicity of the signal peptide can compensate for the 

absence of the RR motif, challenging the previously under-

stood necessity of this feature for effective TatC recognition. 

This revelation underscores the complexity of the Tat path-

way and the potential for alternative recognition strategies 

that deviate from established theories. Additionally, Ulfig et 

al. (2017) [56] report that the h-region of the signal peptide 

significantly contributes to its positioning within TatBC and 

its binding affinity, alongside the RR motif. This observation 

aligns with docking scenarios where the more hydrophobic 

signal peptide shifted from the conventional TM2/TM3 

binding site to the most hydrophobic region within TatC [54]. 

In which, the signal peptide moved deeper into the binding 

cavity, bypassing the need for twin-arginine residues while 

still achieving identical confidence scores. This suggests that 

mutations within the peptide did not significantly alter overall 

affinity or docking compatibility according to the in silico 

scoring algorithm. Notably, in Bacillus subtilis, hydrophobic 

binding plays a particularly important role in facilitating 

recognition and interaction with TatC, further highlighting the 

adaptability of the system to alternative binding mechanisms 

beyond those reliant on the RR motif [40]. 

5.6. Strengths, Weaknesses, and Areas for 

Future Work 

While HDOCK shows high confidence results, evaluating 

other factors confirming these docking outcomes' reliability is 

crucial. A significant point of concern is the ligand's root 

mean square deviation (RMSD), which was found to be 29.09 

Å, indicating a deviation of 29% from the anticipated struc-

ture. According to Castro-Alvarez, 2017 [7], an RMSD value 

below 2 Å is acceptable, and values above this benchmark 

should be interpreted cautiously. Furthermore, the assessment 

tools used by HDOCK suggest that RMSD might not be a 

definitive indicator of docking precision [23], indicating 

possible issues with the ligand's quality. This implies that 

while the model might confidently predict binding accuracy, 

the ligand's spatial arrangement may need adjustment. Addi-

tional experiments with TorA also showed confidence levels 

above 86%. Nevertheless, these tests resulted in high RMSD 

values, raising questions about attributing peptide rotation 

solely to the hairpin structure identified by Palmer & Stans-

feld (2020) [43], in which Ciemny, 2016 [8] demonstrate that 

ligands take different spatial conformations according to their 

RMSD. Considering these observations, future studies should 

consider using different software or improved docking models 

to verify these findings. 

These results partially echoed findings by Huang & Palmer 

2017 [27] and Habersetzer, 2017 [21], which indicated a 

transition of the signal peptide facilitating a cross-linking 

interaction with the TatB TM helix and the TM5/TM6 inter-

face of TatC. However, the questioned models were posi-

tioned closer to TM6, diverging from TM5, potentially due to 

previously discussed RMSD values. 

Future research avenues include addressing the lack of dock-

ing studies involving TatB or TatBC complexes and a compre-

hensive hydrophobicity analysis, which might have improved 

the reliability of these excluded models. Enhancing signal pep-

tide representation in docking simulations could yield more 

precise results. Moreover, examining interactions with a broader 

variety of signal peptides, especially those of different lengths 

like the approximately 45 amino acids long DmsA, could deepen 

insights into protein-protein interactions within the system [54]. 

Additionally, employing alternative docking software could 

further refine the research outcomes, offering a broader perspec-

tive on the complexities of these interactions. 

6. Conclusion 

The research confirms the hypothesis that signal peptides tran-

sition from the TM2/TM3 binding site to the more hydrophobic 

regions within the E. coli str. K-12 and B. subtilis TatC, high-

lighting hydrophobicity's key role in protein interactions. It 

demonstrates that peptides can bind effectively without 

twin-arginine motifs, aligning with findings by Huang & Palmer 

2017 [27] and suggesting a deeper embedding of signal peptides in 

TatC's hydrophobic zones. While noteworthy, these findings 

should be treated as preliminary and interpreted with care, 

emphasizing the need for further research to confirm and 

expand upon these early results. Despite the advantages of 

in silico analysis, it only partially encompasses the entire 

complexity of protein binding, highlighting the im-

portance of conducting more in vitro studies to deepen our 

understanding. Furthermore, this study enriches the dis-

course on hydrophobic interactions and their importance 

in protein dynamics, aligning with the innovative works of 

Oba et al., 2023 [42] and Huang & Palmer 2017 [27]. Their in-

vestigations demonstrate the effects of hydrophobicity and helicity 

on different antimicrobial and cell-penetrating peptides, which 

facilitate crossing bacterial cell barriers to interact with TatC, con-

tribute valuable insights into this field of study. 
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Appendix 

Sequence retrieval from Uniprot: 

MSLSRRQFIQASGIALCAGAVPLKASA AGQQQPL 

SufI + sequence 

MSLSKKQFIQASGIALCAGAVPLKASAAGQ SUFI RR 

changed to KK (double Lysine) hydrophilic (discarded) 

MSLSIIQFIQASGIALCAGAVPLKASAAGQ SUFI RR 

change to II (double Isoleucine) Hydrophobic 
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