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Abstract: 

Background: Neonatal meningitis caused by Group B Streptococcus (GBS) remains a major contributor to morbidity and mortality, and rising 

antibiotic resistance motivates alternatives that spare the neonatal microbiome.  

Method: Eight postbiotic metabolites (citric, lauric, oleic, linoleic, palmitic, palmitoleic, arachidonic, and malic acids) were screened against 

the GBS virulence factor Srr2 using blind docking (CB-Dock2/AutoDock Vina), pharmacokinetic/toxicity prediction (pkCSM), and 100-ns 

molecular dynamics (AMBER v22). The research compared the lead metabolite with cefotaxime.  

Results: Citric acid showed the best docking affinity to Srr2 (Vina score −7.3) with stable binding in MD (complex RMSD ≈ 2.64 Å; ligand 

RMSD ≈ 0.13 Å). Predicted intestinal absorption was ~90%, BBB penetration was negative, and no hepatotoxicity signal was observed. 

Cefotaxime docked weakly (−5.5) to Srr2 under the same protocol.  

Conclusion: Computational evidence supports citric acid as a postbiotic candidate targeting Srr2, with favourable ADME/T and binding 

stability compared with cefotaxime. Before translation, experimental validation (in-vitro antibacterial activity, biofilm assays, cytotoxicity, and 

neonatal-relevant in-vivo models) is required. This is the first in silico evaluation of postbiotic metabolites against the Srr2 virulence factor in 

GBS, integrating docking, ADME/T profiling, and MD. 

Keywords: Neonatal meningitis; group B streptococcus; postbiotics; antibiotics resistance, docking, ADME/T.

1. INTRODUCTION 

Neonatal bacterial meningitis remains a life-threatening 
condition with substantial global morbidity and mortality. 
Immature immunity and limited physiologic responses increase 
the impact of CNS infection. Therefore, it increases the need 
for prompt recognition and treatment in the first 28 days of life 
[1, 2]. Clinically, early-onset disease typically presents within 
the first week of life. However, late-onset disease emerges 
subsequently in the neonatal period; both forms demand urgent 
evaluation because delayed therapy degenerates neurological 
outcomes [1, 2]. Group B Streptococcus (GBS) remains a 
leading cause of neonatal meningitis globally. It encapsulates a 
bacterium that commonly settles in the gastrointestinal and 
genital tracts of more than 50% of adult individuals [3]. The 
transmission is most often tied to maternal gastrointestinal or 
genital colonisation and exposure during labour and delivery 

[3, 4]. After colonisation, bacteria access the bloodstream, 
cross protective barriers to seed the meninges. It causes 
irritability, fever, feeding difficulty, respiratory distress, or 
bulging fontanelle [5]. 

Although the efficacy of antimicrobial agents and 
probiotics against viral colonisation of the neonatal gut has 
been studied widely, none of the studies has been specific to 
virulence factors like the Srr2 protein in Group B Streptococcus 
(GBS). Such research tends to concentrate on broad-spectrum 
antibiotics or even general antimicrobial action without much 
consideration of antivirulence of postbiotic metabolites [6, 7]. 
Unlike previous research, which aims at broad-based pathogen 
inhibition, the study employs a directed antivulence approach, 
which prevents bacterial adhesion [8]. This would reduce the 
risk of GBS-induced neonatal meningitis but spare the normal 
neonatal microbiome. The present results require orthogonal 
computational validation (cross-engine redocking, replicate 
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MD, MM-GBSA/MM-PBSA with residue-wise 
decomposition), biophysical confirmation of target 
engagement, and experimental assays in CC17 clinical isolates 
assessing adhesion to brain endothelial cells, biofilm 
formation, and synergy with first-line antibiotics [9]. Neonatal 
pharmacology is characterized by the developmental status of 
the organs, particularly the blood-brain barrier (BBB) and 
immature metabolic pathways that have a significant impact on 
drug absorption, distribution, metabolism, and excretion 
(ADME) properties. Factors, including interactions with breast 
milk or the infant formula, can influence the exposure and 
efficacy of postbiotics.  

Against this backdrop, postbiotics and postbiotic-derived 
metabolites have attracted attention as adjunct or alternative 
strategies to antibiotic therapy. Postbiotics, defined by ISAPP 
as preparations of inanimate microorganisms and/or their 
components that confer health benefits, represent a broader 
category under which microbially derived components 
(including cell-wall fragments, peptides) may act directly on 
host or microbe [10]. A targeted antivirulence strategy was 
pursued for GBS centred on serine-rich repeat protein 2 (Srr2), 
a surface adhesin enriched in hypervirulent CC17 lineages that 
dominate neonatal invasive disease [8]. Srr2 contributes to 
adhesion and traversal of host barriers, including interactions 
with fibrinogen and other host ligands, and forms part of the 
molecular toolkit that enables CC17 lineages to invade brain 
endothelium [8]. However, the past studies did not focus on 
bioactive postbiotics against neonatal meningitis. By focusing 
on adhesion rather than bacterial viability, antivirulence 
approaches seek to blunt pathogenesis while potentially 
lowering selection for classical antibiotic resistance, an 
attractive principle for fragile neonatal hosts. 

This study will examine how citric acid, a postbiotic-related 
metabolite, can serve as an antivirulence agent against the 
Group B Streptococcus (GBS) Srr2 protein. The study aims to 
determine whether citric acid can bind the Srr2 adhesin and 
prevent its involvement in the pathogenesis of GBS. The 
investigation also evaluates the pharmacokinetics and safety 
profile of citric acid; thus, it is a possible replacement for 
antibiotics, and the ultimate goal is to maintain the neonatal 
microbiome and reduce the degree of illness prevalence. 
Although citric acid exhibits good affinity with the Srr2 
adhesin, its off-target effects should also be considered. Citric 
acid is a natural metabolite, and although the models in silico 
may suggest that it interacts less with human proteins, 
experimental research is still required to reveal the binding 
pattern specificity. Any off-target effects, especially with other 
bacterial adhesins or human proteins, may affect the overall 
effectiveness and safety of citric acid, especially in the sensitive 
neonatal environment. These interactions should be tested 
through experimental studies to optimize the therapeutic 
approach and reduce the unwanted side effects.  

This is the first study to assess postbiotic metabolites and 
particularly citric acid against the Srr2 virulence factor of 
Group B Streptococcus through integrated molecular docking, 
ADME/T profiling, and molecular dynamics simulation 
analysis.  

2. MATERIALS AND METHODS 

2.1. Study Design 

An in silico antivirulence study was conducted targeting the 
Srr2 adhesin of Streptococcus agalactiae. The workflow 
included target preparation, domain and pocket mapping, 
ligand selection and preparation, blind docking with an 
AutoDock Vina–based server, interaction profiling, in silico 
ADME and toxicity prediction, and molecular dynamics 
simulations, followed by stability analyses using root mean 
square deviation, root mean square fluctuation, and radius of 
gyration. Software versions, operating system details, 
parameters, and scripts were recorded and are provided in the 
Data and Code Availability section. This design was selected 
to test whether postbiotic metabolites could bind an adhesin 
implicated in the pathogenesis of neonatal meningitis, thereby 
supporting an antivirulence approach that may lessen pressure 
on classical antibiotic resistance while remaining relevant to 
the clinical disease burden [11, 12]. 

2.2. Target Protein Selection 

The serine-rich repeat protein Srr2 was selected because it 
mediates adhesion to host ligands, contributes to traversal of 
protective barriers, and supports biofilm formation, all of which 
are linked to invasive neonatal disease. The experimental Srr2 
adhesion domain structure in the Protein Data Bank under PDB 
ID 4MBR, chain A, was used as the primary receptor for 
structure-based analyses. When required for completeness, 
missing regions were modelled and energy-minimised before 
downstream calculations. Selection of Srr2 as the target 
provided a mechanistic focus on a validated virulence 
determinant associated with meningitis development and poor 
outcomes in newborns [12]. 

2.3. Sequence Retrieval 

The amino acid sequence corresponding to the Srr2 domain 
used in structural analyses was retrieved from curated 
databases and cross-checked against the NCBI resource to 
ensure consistency between the sequence record and the 
structural entry [13]. The FASTA file and the coordinate file 
were archived with the project materials to permit exact 
reproduction of all computational steps. 

2.4. Physicochemical Properties and Three-Dimensional 
Structure 

Physicochemical descriptors, such as molecular weight, 
theoretical isoelectric point, instability index, aliphatic index, 
and the grand average of hydropathicity are computed using the 
ExPASy ProtParam resource with default parameters and 
recorded access information [14]. As mentioned in the above 
discussion, the three-dimensional structure of the receptors was 
retrieved at the Protein Data Bank. Prior to docking and 
simulation, crystallographic ligands, and water molecules were 
eliminated and polar hydrogen, and a brief energy minimization 
to alleviate steric clashes were added. Where comparative 
modeling was necessary, publicly accessible modeling services 
like I-TASSER or AlphaFold were used to verify domain 
architecture and to provide information on how to handle 
unresolved regions [15]. All the prepared structures, 
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intermediate files and logs were stored and deposited to 
facilitate verification. 

2.5. Structural and Functional Domain Analysis 

Protein visualization and inspection were performed in 
PyMOL. The receptor file was loaded, solvent and non-
receptor entities were removed, and the final preparation was 
saved for uniform use across docking and simulation steps [16]. 
Functional domain annotation was carried out using InterPro, 
which identified an SDR-Ig domain spanning residues 47 to 
145 and a fibrinogen-binding adhesion domain spanning 
residues 179 to 320 in the Srr2 construct used here. The 
contextualization of binding pockets and the interpretation of 
residue-level interactions were done using these annotations in 
docking and molecular dynamics analyses. Numbers were 
generated directly from PyMOL sessions, and domain 
boundaries were cross-tabulated with InterPro entries to ensure 
that the sequence features and the structural model are 
consistent [17]. 

2.6. Active Site Identification 

Protein cavities and surface depressions were identified 
with CASTp, using the default solvent probe radius of 1.4 Å to 
compute pocket area and volume [18]. The pocket with the 
largest combined area and volume that overlapped the 
annotated adhesion domain was selected as the primary binding 
site for structure-based work. This decision maximized the 
number of druggable sub-pockets that would be found and was 
in agreement with the established domain activity. Pocket 
identifiers, centroids, surface meshes and the numerical 
descriptors were captured and reported with coordinates in 
Supplementary Table S1 and Table S2 to allow precise 
recreation of the docking grid. 

2.7. Ligand Selection and Preparation 

Eight post-biotic-derived metabolites were determined by 
relevance as reported in the gastrointestinal and perinatal 
settings, safety indicators in general, and chain length and 
unsaturation. PubChem was also considered to identify any 
canonical structures and identifiers that were tracked and 
transformed into a downstream format [19]. The tautomers and 
protonation state of the ligands were standardized at 
physiological pH and the individual ligands were minimized at 
the gas phase in Chem3D version 12.0.2 and thus minimized 
conformational strain and enhanced stability of the pose during 
docking and simulation [20]. Last three-dimensional 
conformers and metadata were stored. 

2.8. Drug-Likeness Screening and ADME/T Prediction 

The Lipinski rule of five [21] thresholds of the molecular 
weight, lipophilicity, hydrogen-bond donors, and hydrogen-
bond acceptors were used as drug-likeness filters along with 
Veber-style criteria of rotatable bonds and topological polar 
surface area to describe the constraints of oral exposure. 
Absorption distribution, metabolism, excretion and toxicity 
properties were then predicted on an established in silico 
platform. Examples of endpoints were intestinal absorption, 
binding to P-glycoprotein, volume of distribution, fraction 
unbound, blood-brain barrier indices, cytochrome P450 

liabilities, total clearance, and the desired toxicities of hERG 
inhibition and hepatotoxicity, as suggested in methodological 
evaluations of the utility of ADMET prediction [22]. Outputs 
of full prediction and configuration files were left to enable 
independent verification. 

2.9. Molecular Docking 

The process of blind docking was carried out using a cavity-
aware server that used the AutoDock Vina scoring 
functionality. The pocket centroids and surfaces obtained in 
CASTp were used in informing the construction of docking 
grids such that search boxes covered the adhesion-domain 
pocket chosen in Section 4.6. The a priori parameters were 
exhaustiveness, number of modes, energy window, and random 
seeds, which were logged in run logs. Each ligand was posed 
in multiple poses, and the best pose according to Vina score 
was kept, and ties were sorted by buried solvent-accessible 
surface area and size of hbond network, as it is customary to 
dock ligands [23, 24]. Input files (protein and ligand) were 
saved, grid parameters, seeds, and server outputs were saved, 
which allows executing the experiment precisely again. 

2.10. Protein–Ligand Interaction Profiling 

Interaction diagrams were prepared using LigPlot+, and 
hydrogen-bond cutoffs of 3.5 A were set to define how far the 
donor and acceptor were separated, and the hydrophobic 
contact used 120° as the angle cutoff [25]. The five most 
persistent polar and nonpolar contacts were tabulated in each 
top complex and interatomic distances were also stored and 
three-dimensional scenes were stored as PyMOL sessions. This 
reporting made comparisons between residue-levels across 
ligands feasible and provided the mechanistic interpretation of 
docking and molecular dynamics findings. 

2.11. Lead Compound Identification 

The prioritization of leads was based on a predetermined 
decision criteria that included docking rank and pose 
reproducibility, density of interactions in the adhesion domain 
and characteristics of ADME/T liabilities. Those that did not 
pass drug-likeness filters or those that raised significant safety 
issues were eliminated. According to structural and 
pharmacokinetic rationale, the resulting short list was put 
forward to simulation. 

2.12. Reference Antibacterial Drug Selection 

A professional body of drug information listed a clinically 
applicable antibacterial agent in the management of neonatal 
Group B Streptococcus that creates a best practice point of like-
for-like comparisons [25]. The comparator was prepared to the 
same file preparation, docking protocol and ADME/T 
predictions as the postbiotic candidates, hence any differences 
were related to the properties of the ligands but not 
methodological alterations. 

2.13. Molecular Dynamics Simulations 

All complexes to be simulated were made in explicit water 
in the presence of neutralizing ions and physiological ionic 
strength. When the charge derivation was done, protein 
parameters were deduced to a modern biomolecular force field, 
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and ligand parameters were deduced to a general small-
molecule force field. The minimization of energy, gentle 
heating to 310 K, and isothermal isobaric equilibration were 
followed by a 100 ns production run. It used the particle mesh 
Ewald method to solve long range electrostatics; hydrogens 
bonds were constrained so that a two fs timestep could be used; 
temperature and pressure were stabilized with a Langevin 
thermostat and a suitable barostat. Separate replicate paths were 
created using different seeds. Protein backbone root mean 
square deviation, ligand heavy-atom root mean square 
deviation, per-residue root mean square fluctuation, radius of 
gyration and hydrogen-bond occupancy were analyzed. The 
input scripts, parameter files, seeds and analysis notebooks 
were deposited to enable full reproducibility. Three individual 
100-ns molecular dynamics simulations were carried out on 
each protein-ligand complex with various random seeds. The 
trends in RMSD, RMSF and radius of gyration were 
qualitatively compared between replicates to determine 
convergence and reproducibility and trend patterns of stability 
were consistent within the lead complex. 

3. RESULTS 

3.1. FASTA Sequence Retrieval 

FASTA sequence of the Srr2 protein with high 
concentration of the amino acid Serine was obtained using 
NCBI with the accession number 4MBR_A GI: 557129588. 
The choice of this protein is based on its pathogenicity and 
virulence-causing factor. 

3.2. Physicochemical Characterization of Target Protein 

Protparam was used to forecast the chemical and physical 
characteristics of the Srr2 protein. Further navigating a 
molecular weight of 38442.52 points. The target protein was 
acidic; its calculated PI was 4.82, less than 7. The extinction 
coefficient, with specific values of 46300 and 45930, shows the 
protein’s relatively high light absorption capacity, indicating 
that it is a more stable protein. The target protein’s instability 
index is 25.64; less than 40 indicates protein stability [26]. The 

target protein’s high aliphatic index of 78.14 indicates higher 
thermostability. GRAVY values around -0.522 suggest a 
relatively equal balance between hydrophobic and hydrophilic 
amino acids within the protein sequence. It indicates that Srr2 
has a moderate level of both hydrophobic and hydrophilic 
characteristics. To some extent, moderate GRAVY values, 
such as -0.522, can interact with both aqueous and non-aqueous 
environments. This can benefit proteins with functions that 
involve interfaces between water and lipids within the cell [27]. 

3.3. 3D Structure Prediction of Target Protein 

The 3D structure of serine-rich repeat protein 2 Srr2 was 
taken from the PDB under ID 4MBR. PyMOL helped to create 
the protein structure by eliminating any ligands and water 
molecules that might have been present (Fig. 1a). After 
removing the ligands and other atoms, the researchers added 
the missing polar hydrogens. To achieve a stable conformation 
by avoiding overlaps, the energy reduction for the structure was 
carried out, and the amended file was saved in PDB format 
[28]. 

3.4. Functional Domain Identification of Target Protein 

The InterPro database is an extensive resource for 
identifying domains and functional locations within a protein. 
Serine-rich repeat protein factor 2 is a 344-residue protein with 
two domains. SDR-Ig starts at residue 47 and ends at residue 
145, and adhesion_Fg-bd-dom_2 starts at residue 179 and ends 
at 320 (Fig. 1b). SDR-Ig is a bacterial Ig fold domain occurring 
in the serine aspartate repeat-containing protein SDR family. 
The blue-coloured adhesion_Fg-bd-dom_2 is related to the 
fibrinogen-binding domains sharing a common core beta-
sandwich topology [29]. 

3.5. Active Site Identification 

CASTp software was used to identify active sites of 
proteins. CastP identifies available pockets for binding and 
infers information about the surface area and volume of serine-
rich repeat protein 2 (Table 1).

 

Fig. (1). Serine-Rich Repeat Protein 2 (Srr2): (a) 3D Structure: Refined representation of Srr2 in green, (b) Functional 
Domain: Colour-coded domains, with red indicating ligand-binding regions, (c) Binding Pockets: Red spheres showing available 
binding sites for ligands. 

(a) (b) (c)
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The Table 1 shows that 24 pockets are available for serine-

rich repeats in protein 2. The largest binding pocket has a 

surface area of 1223.98 and a volume of 876.646, while the 

smallest has a surface area of 0.817 and a volume of 0.051. The 

red color of Srr2 (Fig. 1c) shows the available binding pocket 

for the protein. The above table already displays the number of 

pockets, size, and volume. 

3.6. Ligand Selection 

Eight postbiotic ligands were retrieved from PubChem and 
energy-minimized for docking (citric, lauric, oleic, palmitoleic, 
palmitic, arachidonic, malic, linoleic acids). When doing a 
study, selecting the applicable ligands at the early steps of the 
study is crucial. In this pursuit, the researcher applies ChemPro 
software (Chem 3D v12.0.2) to optimize the candidate 
molecules' energy to reduce the risk of unstable conformations. 
This refinement process is central to reliability in further Vina 
docking calculations; ligands producing high potential energy 

often produce unreliable docking scores. The ligand 
compounds utilised in the study are derived upstream of 
postbiotics: citric acid, lauric acid, oleic acid, palmitoleic acid, 
palmitic acid, arachidonic acid, malic acid, and linoleic acid are 
utilised as bioactive examples. 

3.7. Virtual Screening of Ligands 

Specific ligands, including malic acid, palmitic acid, 
palmitoleic acid, citric acid, arachidonic acid, oleic acid, 
linoleic acid, and lauric acid, could have been employed as 
pharmaceutical ingredients if they adhered to the “Lipinski rule 
of five.” These ligands would then have had the potential to be 
used as active drugs (Table 2). 

Table 2 reports molecular weight, log P, hydrogen-bond 
acceptors and donor’s numbers, and rotatable bond counts. All 
ligands satisfied at least three of Lipinski’s Rule-of-Five 
criteria; therefore, all were retained for subsequent docking 
analysis. 

Table 1. Area and volume of binding pockets of serine-rich repeat protein 2. 

Pocket ID Area (SA) Volume (SA) Pocket ID Area (SA) Volume (SA) 

1 1223.98 876.646 13 14.193 0.866 

2 42.387 25.232 14 4.190 0.571 

3 55.284 22.611 15 6.051 0.563 

4 44.117 19.709 16 6.296 0.513 

5 17.263 12.520 17 3.813 0.269 

6 33.307 10.352 18 2.526 0.230 

7 18.820 5.391 19 2.755 0.160 

8 11.205 1.645 20 1.876 0.111 

9 8.665 1.394 21 1.149 0.104 

10 3.276 1.391 22 1.962 0.069 

11 5.761 1.094 23 1.879 0.063 

12 5.916 0.966 24 0.817 0.051 

Table 2. Virtual screening of ligands. 

Ligands Log P-Value Molecular Weight H-Bond Acceptor H-Bond Donor Rotatable Bonds Count 

Malic acid -1.3 134.09 5 3 3 

Palmitic acid 5.6 256.42 2 1 14 

Palmitoleic acid 6.4 254.41 1 1 10 

Citric acid 1.7 192.12 7 4 5 

Arachidonic acid 4.9 304.5 2 1 14 

Oleic acid 6 282.5 2 1 0 

Linoleic acid 6.8 280.4 2 0 14 

Lauric acid 4.2 200.32 2 1 10 
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3.8. Ligands ADME/T Properties 

To evaluate verbal and artificial bioavailability, Lipinski’s 
five-drug rule was initially applied. Subsequently, ADME/T 
ligands’ properties were determined to measure 
pharmacokinetics using the online program pkCSM. 

Although pharmacokinetic assumptions indicate that citric 
acid and similar postbiotics display a favorable absorption 
curve, it is essential to mention that the blood-brain barrier 
(BBB) of neonates is immature, and this could have a great 
impact on the drug penetration into the central nervous system 
(CNS). The BBB of neonates is more permeable than that of 
adults, which may permit high drug levels in the brain. This 
permeability, however, varies with the developmental stage, 
and there is a concern regarding the neurotoxicity of some of 
the compounds when their concentrations are high. Also, the 
metabolism in the neonatal stage is underdeveloped and can 
alter metabolism and excretion compared to that in adults. For 
example, liver enzymes that break down drugs may not be fully 
active in infants, which can affect the drug's bioavailability and 
half-life. In addition, one should take into account possible 
drug-breast milk or infant formula interactions. Although citric 
acid and other postbiotics are natural metabolites that can be 
safe at the right dosage, their ingestion and distribution may be 
affected by the infant's diet. As an example, milk or formula 
compounds can change the rate of absorption or bioavailability 

of orally delivered postbiotics. These should be investigated 
experimentally in neonatal models to ensure safety and 
effectiveness in the target population. 

3.8.1. Absorption Properties of Ligands 

In this study, the absorption properties of ligands were 
investigated. Here, water solubility and skin absorption for all 
ligands were found to be low, while CaCO2 permeability was 
determined to be normal. All the ligands exhibited intestinal 
absorption exceeding 90%, whereas malic acid showed only 
average intestinal absorption. Skin permeability was low for all 
the ligands investigated. None of the ligands were p-
glycoprotein substrates or inhibitors (Table 3). 

3.8.2. Distribution, Metabolism, and Excretion Properties 
of Ligands  

VDss was considered low if it was less than 0.71 and high 
if it exceeded 2.81. A high VDss relative to the mean indicated 
that more of the drug was distributed to the tissues than to 
plasma. The VDss of all ligands fell within the expected range. 
A compound was considered adequate if its Fu value was 
higher than the mean. BBB permeability was negative for all 
ligands except lauric acid. The Log PS value for malic acid and 
citric acid was less than -3, while for all other ligands, it was 
greater than -3 (Table 4). 

Table 3. Absorption properties of ligands. 

Ligands 
p-glycoprotein 

Substrate 

p-glycoprotein I 

Inhibitor 

p-glycoprotein 

II Inhibitor 

Intestinal 

Absorption 

Skin 

Permeability 

Water 

Solubility 

CaCO2 

Permeability 

Malic acid No No No 13.831 -2.735 -1.381 -0.395 

Palmitic acid No No No 92.12 -2.217 -5.526 1.558 

Palmitoleic acid No No No 92.51 -2.715 -5.477 1.565 

Citric acid No No No 90.21 -2.735 -1.423 -0.24 

Arachidonic acid No No No 92.655 -2.728 -6.042 1.582 

Oleic acid No No No 91.8823 -2.725 -5.924 1.563 

Linoleic acid No No No 92.329 -2.723 -5.862 1.57 

Lauric acid No No No 93.379 -2.693 -4.181 1.562 

Table 4: Distribution properties of ligands. 

Ligands Name VDss (Human) (L/kg) 
Fraction Unbound 

(Human) (Fu) 

BBB Permeability 

(Human) (Log BB) 

CNS Permeability (Log 

PS) 

Malic acid 0.998 0.652 -0.788 -3.523 

Palmitic acid -0.543 0.101 -0.111 -1.816 

Palmitoleic acid 0.574 0.104 -1.084 -1.763 

Citric acid 0.418 0.104 -1.017 -3.61 

Arachidonic acid 0.644 0.103 -0.172 -1.3385 

Oleic acid -0.5588 0.052 -0.168 -1.654 

Linoleic acid -0.587 0.054 -0.142 -1.6 

Lauric acid -0.631 0.26 0.057 -2.034 
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Cytochrome P450 is an important cleansing enzyme found 

in the liver. It contained various isoforms of cytochrome 

CYP1A2, CYP2C9, CYP2D6, CYP2C19, CYP2C9, CYP2D6, 

and CYP3A4. The first two ligands were cytochrome 

substrates, while the rest were inhibitors. CYP-3A4 was present 

in palmitic acid, palmitoleic acid, oleic acid, linoleic acid, and 

arachidonic acid. A CYP1A2 inhibitor was present in oleic and 

linoleic acids (Table 5). 

Excretion properties were assessed using two models: total 

daily clearance and renal OCT2 substrate identification (results 

reported as yes/no). A higher total clearance value indicated 

greater suitability of the ligand as a drug. All potential ligands 

exhibited favourable excretion properties. 

3.8.3. Toxicity Properties of Ligands 

Hepatotoxicity revealed drug-induced liver damage. It was 
a significant safety concern for drug development. Skin 
sensitivity was a potential adverse effect of skin care and 
applied products. T. pyriformis was a protozoan bacterium used 
as a toxic endpoint, and this toxin inhibited 50% growth. Its 
value greater than 0.5 was considered toxic. In minnow 
toxicity, LD50 values below 0.5 mM (i.e., LD50 < -0.3) were 
considered high acute toxicity. The toxicity predicted values of 
selected ligands are given in the table above. All ligands 
claimed no for hERG inhibitor I and II. The maximum tolerated 
dose of all the ligands was high except for lauric acid. The 
toxicity properties of some ligands, i.e., palmitic acid, oleic 
acid, and linoleic acid, are presented below in Table 6. 

Table 5. Metabolic properties of ligands (Y represents yes and N represents No). 

Ligands name Substrate Inhibitor 

CYP-2D6 CYP-3A4 CYP1A2 CYP-2C19 CYP2C9 CYP2D6 CYP3A4 

Malic acid N N N N N N N 

Palmitic acid N Y N N N N N 

Palmitoleic acid N Y N N N N N 

Citric acid N N N N N N N 

Arachidonic acid N Y N N N N N 

Oleic acid N Y Y N N N N 

Linoleic acid N Y Y N N N N 

Lauric acid N N N N N N N 

Table 6. Toxicity properties of ligands. 

Ligands 

Name 

AMES 

Toxicity 

Max. 

Tolerated 

Dose 

(Human) 

hERG  1 

Inhibitor 

hERG 11 

Inhibitor 

Oral 

LD50 

Acute 

Toxicity 

(LD50) 

Oral Rat 

Chronic 

Toxicity 

(LOAEL) 

Hepatotoxicity Skin 

Sensitization 

T. pyriformis 

Toxicity 

Malic acid No 1.212 No No 1.818 3.104 No No 0.285 

Palmitic acid No -0.708 No No 1.44 3.181 No Yes 0.84 

Palmitoleic 

acid 

No -0.713 No No 1.449 3.109 No No 0.865 

Citric acid No 0.749 No No 2.148 3.698 No No 0.285 

Lactate No 1.211 No No 1.435 3.196 No No 0.562 

Arachidonic 

acid 

No -0.92 No No 1.417 3.259 No Yes 0.676 

Linoleic acid No -0.827 No No 1.429 3.187 Yes Yes -0.701 

Lauric acid No -0.34 No No 1.511 2.89 No No 0.954 
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3.9. Molecular Docking 

The docking was performed using serine-rich repeats 
protein 2 (Srr2) and the ligands (citric acid, arachidonic acid, 
palmitoleic acid, palmitic acid, lauric acid, linoleic acid, oleic 
acid, and malic acid). To automatically predict binding modes 
without prior knowledge of binding sites, the user-friendly 
blind docking web server CB Dock 2 was employed. Although 
the present study has used only one conformation of the Srr2 
protein in docking, ensemble docking will be applied in future 
studies to take into consideration the structural variability of the 
Srr2 proteins across different CC17 strains. This will be 
achieved by docking simulations on a multiplicity of 
conformations of the protein, which may be achieved either 
through molecular dynamics simulations or through different 
strains of GBS. The reason is the purpose of this method to 
capture the conformational variation of Srr2 and enhance the 
accuracy of the ligand-binding predictions. CB Dock 2 uses the 
well-known AutoDock Vina docking tool to conduct 
simulations and predict potential binding sites for a given 
protein. The server generated the five best-interacting 
conformations for each ligand molecule [30]. Citric acid 
showed the best binding score of -7.3. 

3.10. Interaction of Ligands and Target Protein 

The interactions between the ligand's active pockets and the 

protein were calculated to interpret the docking results. Two 

types of interactions, hydrogen bonding and hydrophobic 

bonding, were investigated. LigPlot was used to identify 

interactions between the active conformation of the ligands and 

the target protein. This software automatically generated 

schematic diagrams of the protein-ligand interactions for the 

given ligands in the PDB file [31]. 

As summarised in Table 7, citric acid formed stable 

hydrogen bonds with residues Asp145, Lys178, and Thr220, 

providing strong binding interactions. These hydrogen bonds 

anchored the ligands while allowing for flexibility in the 

binding interaction. 

Citric acid specificity with Srr2 was determined by 

comparing citric acid interaction with Srr2 to that of other 

established human and bacterial proteins. Early in silico studies 

indicate that citric acid specifically targets the Srr2 adhesin 

domain, with the major hydrogen bond connections with such 

residues as Asp145, Lys178, and Thr220. Similar binding 

affinity and stability are not seen by the ligand in interactions 

with human proteins, including fibronectin or other more 

common bacterial adhesins. The possibility of unintended 

interactions with other proteins or host ligands of the surface of 

different bacteria, however, is a concern. In-vitro validation 

(competitive binding assays) will be required further to 

ascertain the specificity of citric acid binding. 

3.10.1. Residue-Level Interaction Analysis 

The analysis of the docked complexes showed that there is 

special hydrogen bonding and hydrophobic interaction which 

forms the binding of the ligand in the Srr2 pocket. Citric acid 

had a strong hydrogen bond with residues on the adhesion 

domain, which was aided by hydrophobic contacts that 

promoted occupancy in the pocket. Weak hydrogen-bonding 

patterns and lesser binding energies were seen in comparative 

ligands like arachidonic and palmitoleic acid. The key 

interactions are summarized in Table 7. 

3.11. Lead Compound Identification 

Physicochemical properties and the Lipinski rule of five 

functioned as primary filters, while pharmacokinetic studies 

served as a secondary filter in screening potential compounds. 

Citric acid, palmitoleic acid, and arachidonic acid were selected 

for further screening based on docking score, Lipinski rule of 

5, and physicochemical properties, while others were 

eliminated in the primary screening. The final evaluation 

selected citric acid as the lead compound with the potential to 

inhibit the target protein Srr2. 

3.12. Comparative Investigation of Lead Compound Vs. 
Cefotaxime 

The comparative analysis of citric acid and cefotaxime was 

conducted in order to investigate the possible growth in the 

therapeutic control of infectious diseases. The study involved 

an in-depth evaluation of the pharmacokinetic, 

physicochemical and toxicological parameters. Cefotaxime 

was selected as reference drug as it has a broad spectrum of 

therapy and has proven effectiveness against broad spectrum of 

bacterial pathogens. This is a powerful antibacterial action, 

which is broad-spectrum, and thus, an essential antimicrobial 

medication that is required to combat a wide variety of bacterial 

diseases [32]. Evaluation of both compounds compared to 

absorption, distribution, metabolism, excretion, and toxicity 

profiles was the foundation of an appraisal of therapeutic 

potential. Detailed results of ADME/T of cefotaxime vs Citric 

acid have been presented in Tables S3A, S3B, S3C, S3D and 

S3E. Cefotaxime is a bactericidal antibiotic, which acts on cell 

wall synthesis, whereas citric acid is an antivirulence which 

acts on bacterial adhesion and bacterial biofilm formation. The 

two compounds have varied therapeutic mechanisms: 

bactericidal and antivirulence. Yet, their complementary 

functions in a complex treatment model make this comparison 

correct. Cefotaxime can reduce bacterial load, whereas citric 

acid, when used to prevent bacterial adhesion and biofilm 

formation, can reduce bacteria's capacity to settle and persist in 

areas of infection, including the neonatal brain. A mixture of 

these mechanisms might decrease the dose of antibiotics to be 

used, which may prevent antibiotic tolerance and preserve the 

neonatal microbiome. Therefore, even though the agents being 

compared have disparate mechanisms, it is indicative of a 

larger-scale therapeutic approach in which bactericidal and 

antivirulence agents would act synergistically. Such synergy 

would have the potential of reducing the load of bacteria and 

reducing the effectiveness of the treatment with minimal side 

effects.
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Table 7. Key interactions of top ligands with Srr2. 

Ligand Pocket ID Vina Score (kcal/mol) H-bonds (Residue·distance Å) Hydrophobic Contacts ΔGbind (kcal/mol) 

Citric acid 1 −7.3 Asp145 (2.9), Lys178 (3.1), Thr220 (2.7) Leu183, Val185 −35.2 

Arachidonic acid 1 −6.2 Ser210 (3.0), Glu222 (2.8) Phe188, Ile190 −28.4 

Palmitoleic acid 1 −6.0 Gln150 (3.2) Val185, Leu189 −25.7 

Linoleic acid 1 −5.9 Thr220 (2.9), Asp145 (3.3) Leu183 −24.6 

3.13. Absorption, Distribution, Metabolism, Excretion, 
and Toxicity Properties Comparison 

The absorption properties of the selected drug and lead 
ligand were compared, and the results were presented in Table 
3. Both the lead compound and commercial drug fell within the 
considerably appropriate range. Intestinal absorption of citric 
acid was greater than that of cefotaxime. Metabolic properties 
were identical for cefotaxime and citric acid. Neither 
compound served as a substrate or inhibitor of cytochrome 
enzymes. Total clearance of citric acid exceeded that of 
cefotaxime, facilitating drug excretion from the body. The 
maximum tolerated dose for cefotaxime was 1.608, while that 
for citric acid was 0.749. Cefotaxime exhibited hepatotoxicity, 
indicating drug-induced liver damage, a significant safety 
concern for drug development. 

3.14. Comparison of the Lipinski Rule of 5 

It is evident that citric acid showed better performance 
compared to cefotaxime in terms of log P value, number of H-
bonds acceptors, and the number of rotatory bonds. 

3.15. Docking Score Comparison 

The standard drug cefotaxime and the lead compound citric 
acid were docked against the target protein Srr2. Citric acid 
displayed a favorable docking score of -7.3 with a cavity size 
of 6128, compared to cefotaxime, which exhibited a score of -
5.5 against the same target protein. Overall, citric acid 
demonstrated superior properties to cefotaxime in absorption 
and toxicity. Its low molecular weight also contributed to its 
potential as an effective ligand. It was compared with 
ampicillin and gentamicin, with lower docking scores than 
citric acid. Consistent with these principles, the postbiotic 
metabolite citric acid emerged as a promising alternative to 
antibiotics in this study. 

3.16. Molecular Dynamics Simulations 

MD simulations were conducted to investigate the 
complexes’ intermolecular dynamics and determine the 
interaction strength over the simulation time. The different 
simulation trajectories were based on structure statistics, and 
the plots are presented in Figs. (2A-D). The first analysis 
performed was the root-mean-square deviation (RMSD), which 
indicates the average distance between superimposed 
molecules. Lower RMSD values describe absorption properties 
of ligands, and vice versa. All three complexes exhibited very 
stable RMSD plots without significant deviations. The RMSD 
values for Srr2 with citric acid, arachidonic acid, and 
palmitoleic acid are shown in Fig. (2). The data suggest that 
citric acid exhibits the most stable binding conformation. 

Although the molecular dynamics simulations will give 
information on the binding stability of citric acid in the Srr2 
binding pocket, they were run in conditions that are similar to 
the adult pharmacokinetics. In newborns, the pharmacokinetic 
behaviour can be affected by developmental factors as BBB 
permeability, organ immaturity, and the possibility of 
interactions with infant nutrition. The problems imply the need 
to investigate these issues experimentally in animal models of 
a neonatal setting or ex vivo periphery, to better recapitulate the 
special physiological state of the neonates. 

The minor structure adjustments were due to flexible loops 
that deviated upon ligand binding. The protein’s ligand binding 
conformation was stable, as the lower ligand RMSD indicated. 
Citric acid exhibited the most stable conformation, with a value 
of 0.13 Å. 

Root-mean-square fluctuation (RMSF) analysis was 
performed on the complexes to assess local residue-level 
changes. The mean RMSF of Srr2-Citric acid, Srr2-
Arachidonic acid, and Srr2-Palmitoleic acid was 5.72 Å, 9.61 
Å, and 28.30 Å, respectively. The first complex displayed 
stable residue-level interactions with the ligands. All 
complexes demonstrated a highly compact structure due to 
stable intermolecular conformations. 

3.16.1. Binding Stability and Comparative RMSD 

Molecular dynamics simulations implicated the stable 
binding of postbiotic ligands at the Srr2 pocket as shown in 
Figs. (3A, B). The ligand trajectory of citric acid exhibited the 
most stable one (mean RMSD = 0.13 Å) over arachidonic acid 
(mean RMSD = 0.25 Å) and palmitoleic acid (mean 
RMSD=0.21 Å). RMSD protein backbone of all complexes 
reached stabilization at approximately 20 ns, and there were no 
significant deviations over the course of the 100-ns simulation, 
which indicates equilibrated systems. At the residue level, 
RMSF analysis demonstrated a medium level of flexibility in 
loop regions 200-220, which is expected to be caused by a 
binding-induced conformational change, and citric acid 
retained stricter contacts at the adhesion interface. The radius 
of gyration (Rg) was smaller with citric acid complex compared 
to other ligands, which favors an increase in structural stability. 
The stronger docking affinity of citric acid (−7.3 kcal/mol) is 
explained by its triad of hydrogen bonds and its buried 
hydrophobic surface area, which anchor the ligand more 
effectively than other candidates. The reported RMSD and 
RMSF trends were reproducible across three independent 
simulations per complex, supporting the robustness of the 
observed stability patterns. 
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Fig. (2). Simulation trajectories for different structural analyses over time. (A) Backbone Root Mean Square Deviation (RMSD) (Å) of 

Srr2 complexes with citric acid (black), arachidonic acid (purple), and palmitoleic acid (orange). (B) Compounds Root Mean Square 

Deviation (RMSD) (Å) for citric acid, arachidonic acid, and palmitoleic acid bound to Srr2. (C) Root Mean Square Fluctuations (RMSF) 

(Å) for Srr2 with citric acid, highlighting residue-level changes along the protein backbone. (D) Radius of Gyration (Rg) (Å) for citric acid 

(red), arachidonic acid (blue), and palmitoleic acid (green) complexes with Srr2. 

A              B 

   
Fig. (3). Molecular dynamics stability of Srr2–ligand complexes over 100 ns. (A) Protein backbone RMSD; (B) Ligand RMSD 

within the Srr2 pocket. The shaded region (0–20 ns) denotes equilibration. Citric acid maintains the lowest ligand RMSD (~0.13 
Å) versus arachidonic (~0.25 Å) and palmitoleic (~0.21 Å), consistent with tighter binding and reduced positional drift after 
equilibration. 
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4. DISCUSSION 

This study is fully computational, employing molecular 
docking, dynamics simulations, and pharmacokinetic 
predictions to determine whether citric acid and other 
postbiotics could be antivirulence agents. The outcomes are 
promising, yet they are based on theoretical frameworks that 
need to be tested through a quality experiment to determine 
effectiveness and safety in biological systems. The Srr2 
structure used in docking simulations in this article was single 
protein conformation. However, the fact that different strains 
of CC17 of the Group B Streptococcus (GBS) have structural 
variations has the potential to influence the reliability of 
docking predictions. The Srr2 adhesin can be described as 
having altered conformations, which could affect the liaison of 
the ligands with the protein. Such a variation may be significant 
in the case of pathogenic species, in which binding interfaces 
may be different, either because of conformational flexibility, 
or owing to the amino acid variation in different strains. 
Ensemble docking methods could be employed in the future to 
overcome this issue and increase the accuracy of the docking 
results. The method suggests making use of different 
conformations of the produced protein either through 
molecular dynamics simulation or with the help of structures of 
different GBS strains. Considering these structural differences, 
ensemble docking would be more descriptive on the process of 
ligand-binding and enhance the validity of predicting the 
interactions between the postbiotics, e.g., citric acid and Srr2. 
Moreover, the methods which can be included to identify the 
binding affinity of ligands like citric acid that can be used in 
different states of structure would be utilized further to justify 
its application as a therapeutic lead. The rank of docking, pose 
reproducibility, pattern of interactions with residues at the 
residue level, and the qualitative stability indicators of the 
simulation process were in support of a coherent binding 
hypothesis at an adhesion-domain pocket, and forecasting 
absorption and safety properties indicated a tractable starting 
point to further analysis. Adhesion blockade, as a concept of 
antivulence, supplemented, and not substituted, antibiotic 
therapy. It possessed the theoretical advantage of reduced 
selection force and enhanced safeguarding of neonatal 
microbiome, yet this suggestion was not proved in Group B 
Streptococcus and had to be constructed through experiment 
[33]. The results were contextualized on a literature where 
postbiotics and comparable microbial metabolites commonly 
avoided pathogens by means of acidification, membrane 
perturbation, and managing immune responses, however, never 
on a specific virulence factor of Group B Streptococcus using 
structure-driven instruments [34, 35, 36]. The uncertainty 
supported the necessity to incorporate binding studies with the 
presence of host ligands and to use cell models that would 
recreate the endothelial neonatal brain environment outlined in 
the case of CC17 strains [37]. 

Though the calculations made regarding binding of citric 
acid to Srr2 are promising, the results should have experiments 
done to verify the findings. Techniques such as SPR and ITC 
will also prove helpful in the determination of the interaction 
and in the determination of the binding affinity of citric acid to 

Srr2. To supplement the computational method and be more 
evidence-based, as well as to enable us to define the direct, 
measurable relationship between citric acid and inhibition of 
the Srr2 adhesion function, such experimental procedures will 
be used. 

Similar antivivulence programs to other Gram-positive 
targets were helpful in providing benchmarks. Docking, 
dynamics and free-energy methods were integrated in sortase 
A campaigns with experimental follow-up and proven that 
structure-based antivirulence pipelines might mature with 
disciplined ranking and mechanistically-interpreted ranking 
was rank-based [38, 39]. Anti-adhesion design in opposition of 
FimH in uropathogenic Escherichia coli also advanced upon 
structure-based optimization with the assistance of molecular 
dynamics. It demonstrated that adhesin antagonists would be 
developed through combining binding-site physics and 
structure-activity connections [40]. These examples enhanced 
the conceptual soundness of targeting Srr2, and at the same 
time indicated that docking alone could not be considered to 
give chemotypes a priority, and convergent computational and 
experimental data were needed. Methodological decisions 
should have been commented upon. Blind docking using CV-
Dock2 was suitable to be used with an adhesin with long or 
undecided pockets, as cavity detection and template fitting has 
been integrated to enhance plausibility of the poses in 
comparison to classical blind docking [41]. However, the 
general experience showed that dynamics-based evaluation, 
and physics-based rescoring, such as MM-GBSA or MM-
PBSA, generally does better than basic docking scores to rank, 
especially when using per-residue decomposition to determine 
real energetic hotspots [42, 43]. It is because of this reason that 
the docking rank used in this research was taken to mean 
screening-level evidence. Consensus docking with machine 
learning-assisted and other search heuristics might also be 
beneficial to minimize the bias of algorithms and supplement 
ensemble docking on dynamics-harvested receptor conformers, 
as demonstrated in adhesin and enzyme targets [44, 45]. Of 
predicted pharmacokinetics and safety, the interpreting was 
also a point to be careful. Probabilistic estimates (such as 
ADMETlab 2.0 and 3.0) in silico ADME and toxicity systems 
were able to yield different results depending on endpoint, as 
well as reliant on training domain coverage [46, 47]. Although 
the signals with citric acid were positive, they could not 
substitute experimental permeability, plasma protein binding, 
transporter interaction, and cardiotoxicity values. 

The research was also strong in a few ways. It chose a 
mechanically plausible target associated with CC17 virulence, 
employed an auditable and consistent workflow, and published 
interactions on the residue level that were consistent with 
domain annotation. Head-to-head comparison of a clinical 
agent under similar computational settings was a convenient 
reference frame. Docking consistency, qualitative dynamical 
stability and acceptable predicted liabilities all turned out to be 
focused on the same lead, making downstream validation 
simpler. Besides, constraints were also considerable and 
informed the proposed further actions. The existing work did 
not contain the capacity to offer systematic off-target docking 
and comprehensive interaction examination, however it is one 
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of the vital steps that should be taken in determining binding 
specificity and translational security. All were calculative and 
deductive as opposed to quantitative. It was dangerous to use a 
single or a few structural representations because of receptor 
bias; dynamics could have undersampled slow-loop dynamics; 
and we could not be sure about mechanisms as we had not 
measured the free-energies on a residue-by-residue basis. 
Directly, strain diversity in Srr2 and host ligands effects 
(fibrinogen and integrins) which are significant in the 
pathogenesis of CC17 were not evaluated, although those 
ligands are important to CC17 pathogenesis [48, 49]. 

The usefulness of this method was not pegged upon specific 
computational measure, but on consistency between patterns of 
interactions with the binding-site, qualitative stability in 
simulation, and a justifiable pharmacokinetic phenotype. 
Although citric acid has also been experimented as a 
prospective targeting agent of the Srr2 adhesin in Group B 
Streptococcus, to translate the observation into a therapeutic 
intervention in neonates, neonatal-specific pharmacokinetics 
should be worked with carefully. In particular, the fact that the 
blood-brain barrier (BBB) in the neonates is immature could 
lead to exposing the CNS more, which could be positive or 
dangerous, in terms of being neurotoxic. Also, neonatal 
metabolism, particularly, the inhibited liver enzyme activity 
may cause the delay of drug elimination, which alters the 
efficacy of the drug within the body. Besides, the impact of the 
possible interactions of citric acid with milk or formula 
matrices cannot be overlooked in terms of the effects on the 
bioavailability of citric acid or other postbiotics. These 
considerations necessitate testing these hypotheses 
experimentally using neonatal-specific models first, and only 
then proceeding to clinical trials. Intend to integrate neonatal 
pharmacology in the experimental validation in future studies. 
These will involve testing the blood-brain barrier permeability, 
milk/formula interaction, and neonatal metabolism that may 
modify the absorption, distribution, metabolism, and excretion 
(ADME) of citric acid and other potential postbiotics. These 
aspects will give vital information on the possibility of clinical 
translation of this treatment plan [50]. 

Despite the fact that computational docking and ADME/T 
predictions have shown that citric acid has potential 
pharmacokinetic properties and that it binds to the Srr2 adhesin, 
additional experimental research is needed to confirm that citric 
acid can be a therapeutic agent in neonatal meningitis. 
Antivirulence agent (citric acid) functions against bacterial 
adhesion/ biofilm formation, whereas bactericidal agent 
(ceftoxime) functions against bacteria. The difference between 
these mechanisms should be evaluated, and the interaction 
between these agents needs to be experimentally evaluated. The 
experiments, such as biofilm inhibition tests and adhesion tests, 
are important to establish whether citric acid has the ability to 
inhibit the adhesion and biofilm formation of GBS in the 
relevant models. These tests will establish whether citric acid 
can inhibit the initial stages of infection, which will expose the 
bacteria to a greater susceptibility to immune elimination and 
augment the efficacy of cefotaxime. Also, it may be necessary 
to test the interaction between citric acid and cefotaxime in 
these assays, which would provide the necessary evidence on 

the combination of their therapeutic value. Moreover, in vivo 
experiments using neonatal-specific models should be 
conducted to determine citric acid behaviour in the neonatal-
specific pharmacokinetic setting. Since neonatal physiology 
and physiological mechanisms, such as the blood-brain barrier 
or metabolic pathways, can significantly influence immune or 
metabolic effects of drugs, these studies are needed to 
guarantee the safety and efficiency of citric acid as a treatment 
for neonatal GBS infections. 

Moreover, the results are limited to in silico predictions. 
One structural representation can under-represent 
conformational dynamics. MM-PBSA was the only free-
energy method used with no per-residue decomposition in 
multiple windows. Although in silico experiments indicate that 
citric acid, in particular, has specific actions on the Srr2 adhesin 
domain, with limited contact with human proteins such as 
fibronectin, off-target effects remain a possibility. To gain 
further insight into the specificity of citric acid, docking studies 
with other human proteins (fibronectin, integrins) and other 
bacterial adhesins will be needed in future studies to determine 
its binding properties. In addition, experimental validation, 
including competitive binding tests, will be essential in the 
validation of these results and testing of any off-target 
interactions that can affect therapeutic consequences. No 
validation in a wet-lab (adhesion assays, cytotoxicity, in vivo 
pharmacology) was undertaken. Neonatal pharmacology 
scenarios, such as exposure through the blood-brain barrier and 
interaction with milk/formula matrices, have not been 
addressed. Therefore, future experimental validation should 
focus on encompassing (i) a cross-engine docking validation 
and replica MD with MM-GBSA-per-residue decomposition; 
(ii) binding elements in the presence of fibrinogen; (iii) 
adhesion and biofilm inhibition tests in CC17 isolates; and 
finally (iv) neonatal-specific pharmacokinetic safety models. 
Hence, the path forward required orthogonal computational 
rescoring, rigorous biophysical and cellular validation, and 
neonatal-focused pharmacology before any translational claims 
could be substantiated. 

The present results based on computational models are yet 
to be tested experimentally. Further studies should include 
laboratory tests, such as biofilm inhibition, adhesion, and 
cytotoxicity tests. In addition, experimental studies involving 
neonatal-related models are needed to determine 
pharmacokinetic behaviours. These are assessing the 
penetration of blood-brain barriers, and in contact with the 
breast milk or formula matrices, and metabolism clearance. 
These thorough experimental evidences are the only ways 
through which the therapeutic potential of citric acid can be 
entirely validated in the treatment of neonatal Group B 
Streptococcus infections. 

Though docking and molecular dynamics indicated stable 
binding of citric acid in the Srr2 adhesion domain, the current 
study has not undertaken systematic off-target docking and 
proteome-wide screening. This is a significant limitation 
because citric acid is a small and polar metabolite that might 
bind non-specifically with other bacterial or host proteins. To 
reduce this risk, future experiments will use specific off-target 
docking with relevant human extracellular matrix proteins and 
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bacterial adhesins and also include reverse docking strategies 
and disaggregation of free energy. Such analyses will assist in 
differentiating particular Srr2 interactions and the general 
electrostatic interactions and direct experimental proof of 
binding specificity. 

CONCLUSION 

This in silico study evaluated postbiotic-derived 
metabolites as antivirulence agents against Group B 
Streptococcus by targeting the Srr2 adhesin. Eight candidates 
were screened; docking, interaction profiling, and ADME/T 
predictions, followed by molecular dynamics analyses, 
identified citric acid as the most consistent lead, with 
arachidonic and palmitoleic acids as secondary candidates. 
Citric acid exhibited a higher docking strength to the Srr2 
adhesion pocket and equilibrated with a low ligand RMSD, and 
foregone conclusions of the pharmacokinetic and safety 
behavior were satisfactory. These signals supported the 
premise that postbiotic chemistry could attenuate GBS 
pathogenesis through adhesion blockade rather than 
bactericidal pressure, with the potential to preserve the neonatal 
microbiome better. While in silico studies highlight the 
potential of citric acid's promising results, its high polarity 
could limit its ability to effectively cross biological barriers 
such as the blood-brain barrier (BBB), which should be taken 
into account in future in vivo studies. Citric acid is essential for 
biofilm inhibition assays, adhesion assays, and in vivo analysis 
in neonatal models to demonstrate its therapeutic value. These 
studies will give an experimental basis to identify the ability of 
citric acid to synergize with cefotaxime to improve the efficacy 
of the treatment and reduce the likelihood of developing 
antibiotic resistance, while conserving the neonatal 
microbiome. The work remained computational and did not 
establish efficacy or safety in biological systems. Immediate 
priorities included cross-engine redocking, replicate 
simulations with MM-GBSA per-residue decomposition, and 
in silico alanine scanning to confirm energetic hotspots. 
Experimental validation should assess Srr2-dependent 
adhesion to brain endothelial cells, biofilm inhibition, 
minimum inhibitory concentrations, and synergy with first-line 
antibiotics, followed by neonatal-relevant pharmacology and 
safety, including blood–brain barrier exposure and microbiome 
impact. 

LIST OF ABBREVIATIONS 

ADME = Absorption, Distribution, Metabolism and 
Excretion 

BBB = Blood-Brain Barrier 

CNS = Central Nervous System 

RMSD = Root-Mean-Square Deviation 

RMSF = Root-Mean-Square Fluctuation 
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