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The AcrB efflux pump in Salmonella Typhimurium is a major mechanism in the development of drug resistance. The purpose of
the study is to screen drug-like Indian phytochemicals from the IMPPAT 2.0 database against the AcrB protein, benchmarked
against the known inhibitors of PAβN and NMP. Molecular docking (Vina), machine learning (RDKit descriptors, random
forest), and molecular dynamics for the top hit were utilized. Of the 863 compounds docked against AcrB’s T-state, 254
compounds produced stronger scores than PAβN. The top hit was Glabroisoflavanone B (IMPHY001793), with a score of
−11.040 kcal/mol. The protocol was validated by redocking minocycline to 1.05 Å; decoy enrichment, seed robustness and
conformer-ensemble docking characterized the model’s limits. The ML classifier used was able to separate compounds in
the two extreme docking-score classes with computed scaffold-split AUC of 0.944, and external test AUC of 0.949. The
classification was mainly driven by RingCount (+0.0250), LogP (+0.0236), RotBonds (+0.0156). Across the five top-scoring
compounds, contact analysis (4 Å cutoff) showed that the residues F178, F610, V612 and F628 were contacted by all five, and
F617 by three of the five. ADMET profiling of the 17 primary hits (z ≤ −2) showed that a majority of them had favorable
drug-like properties. A 100 ns molecular dynamics simulation was analyzed to ascertain the top-ranked compound’s docked
pose’s dynamic stability. The ligand maintained contact with the pocket without dissociation despite the larger-scale protein
motion. A prioritized list of candidate AcrB inhibitors was produced, assessable through further experimental studies.
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Introduction

Antimicrobial resistance (AMR) is a growing threat, with over
4.71 million deaths associated with the phenomenon in 2021
alone1. Antibiotics are drugs that target bacteria and have
been historically successful in increasing life expectancy, re-
ducing financial burdens on healthcare, and minimizing risks
of disability. However, their overuse and misuse paired with
bacteria’s ability to rapidly evolve and transfer resistance
genes are threatening to unravel decades of progress. It is fur-
ther projected to be associated with 8.22 million deaths per
year by 20501, making it crucial to advance methods to pre-
vent and combat its proliferation2.

One crucial mechanism in achieving drug resistance and
multi-drug resistance (MDR) in bacteria is through protein
transporters called efflux pumps, responsible for expelling an-
tibiotics out of the cell3. They can be the quickest and most
efficient mechanism among the numerous methods possessed
by bacteria to attain resistance, though it depends on the spe-
cific substrate.

Of the five major families of efflux pumps, the resis-
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tance nodulation division family (RND) is responsible for
multi-drug resistance in gram-negative bacteria including
Salmonella and Escherichia coli (E. coli)3. They exist as a
tripartite system that consists of the transporter protein, acces-
sory protein and outer-membrane protein. The AcrAB-TolC
pump, present in Salmonella and targeted in this study, is an
example of this division. AcrB is the inner-membrane trans-
porter protein that is responsible for the expulsion of antibi-
otics and in recognizing the substrate. Additionally, it is poly-
specific making it highly successful in pumping out a broad
range of antibiotics and increasing chances of MDR4.

In 2017 alone, invasive non-typhoidal Salmonella (iNTS)
was observed in approximately 535,000 cases and caused
77,500 deaths globally5. The large case-fatality rate of ap-
proximately 14.5% shows Salmonella’s clinical severity, only
worsened in India through increasing antibiotic-resistance in-
fections. Additionally, AcrB exports host-derived antimicro-
bial compounds such as bile salts and host-defense molecules,
contributing to bacterial virulence by allowing increased col-
onization of the intestine6,7. As S. Typhimurium is a leading
NTS serovar, this study targets the AcrB transporter of S. Ty-
phimurium.
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As AcrB can export antibiotics that are structurally diverse,
potential inhibitors would enable the continued use of exist-
ing antibiotics rather than developing new ones. The use
of efflux pump inhibitors (EPIs) would mean that the small
molecules could bind to the protein and prevent the transport
of substrates. The two best-characterized EPIs in literature
are phenylalanine-arginine β -naphthylamide (PAβN)8 and 1-
(1-naphthylmethyl)-piperazine (NMP)9: both bind to the dis-
tal binding pocket (DBP) of AcrB and are able to increase the
bacteria’s susceptibility to antibiotics10. Though they can suc-
cessfully bind to AcrB and inhibit its action, neither has tran-
sitioned to clinical trials as limitations including toxicity and
unfavorable pharmacokinetic properties restrict their clinical
applications11. Therefore, PAβN and NMP act as benchmarks
against which candidate compounds are assessed.

Natural products are an underused area when screening for
EPI candidates. Their chemical variety due to evolution gives
them promise for this purpose12. Indian medicinal plants have
been historically used for therapeutic purposes stemming from
their abundance of bioactive compounds. The Indian Medic-
inal Plants, Phytochemistry And Therapeutics (IMPPAT 2.0)
database provides a curated and structured list of phytochemi-
cals derived from Indian medicinal plants along with their us-
able structures, making in silico screening easy13.

In a study by El-Demerdash et al., 202414, only a few spe-
cific phytochemical compounds were tested. Oyedara et al.
docked 71 phytochemicals from Mexican medicinal plants
against Salmonella AcrB15, and Mehta et al. identified an
efflux-pump inhibitor from Himalayan medicinal plants, but
docked it against the regulators RamA and RamR rather than
AcrB itself16. This study, on the other hand, screens the whole
drug-like IMPPAT library, benchmarked against PAβN and
NMP, and includes an interpretable machine learning (ML)
on the S. Typhimurium AcrB DBP. This study aims to evaluate
whether drug-like Indian phytochemicals can produce dock-
ing affinities competitive with PAβN and NMP, and to observe
whether an ML model can be built to identify the features sep-
arating strong and weak docking scores. It also aims to assess,
via molecular dynamics simulations, whether the top-ranked
candidate by docking affinity has a stable binding pose.

Methods

Selection of target protein

The protein selected was AcrB from Salmonella enterica
serovar Typhimurium. Within S. Typhimurium, the Resistance
Nodulation cell Division (RND) family of efflux pumps plays
the most significant role in the pumping out of toxins, in-
cluding antibiotics. The AcrB protein is the inner-membrane
transporter in the AcrAB-TolC efflux pump complex from the
RND family. Within the complex, it is responsible for rec-

ognizing and expelling substrates towards TolC, and can do
so for a diverse range of antibiotic classes. Accordingly, it is
a drug-relevant target. The UniProt number of the protein is
Q8ZRA7, strain LT2, which consists of 1049 amino acids and
is coded by the gene acrB17. An experimental Salmonella
AcrB structure (PDB 6Z12)18 exists but its 4.60 Å resolu-
tion is insufficient for pocket-level docking. The AcrB protein
functions as an asymmetric trimer that cycles through three
distinct states: access (L), binding (T), and extrusion (O)19.
The DBP is associated with the binding (T) state, and given
that a symmetric template cannot be assumed to have the cor-
rect pocket geometry, a T-state template was used. A homol-
ogy model was built in SWISS-MODEL20 using 4DX5 (chain
B, T protomer, E. coli AcrB, 1.9 Å) as the template19. Im-
portantly, the template and target sequence share 94.96% se-
quence identity. As the receptor is a homology model and
not a crystal structure, the quality of the model produced was
tested. SWISS-MODEL’s global model quality confidence es-
timates, GMQE and QMEANDisCo both produced 0.8521,
indicating a high-confidence model was produced. The Ra-
machandran statistics (97.77% of residues in favored regions,
0.29% outliers), the clashscore of 0.95 (99th percentile), and
the MolProbity score (1.45)22, also suggest that the model’s
backbone geometry is strong. Though 6.42% rotamers were
poor against a <0.3% target, and only 90.37% favored against
>98% goal, indicating that side-chain rotamers are weak, this
result is expected for a homology model. The concern regard-
ing side-chain accuracy is addressed in the docking section
that details the redocking validation conducted. The DBP
lies entirely within a single protomer and is not formed at
a protomer-protomer interface19, so a single chain (residues
1–1032 of the 1049-residue protein) was modeled. As seen in
Table 1, the pocket was conserved, with 19 out of 21 pocket
positions being identical, including the conservation of all six
Phe; only I277 was changed to V and M573 to L, both substi-
tutions being conservative.

Receptor and Binding-Site Preparation

Using Open Babel 3.1.023, polar hydrogens were added and
AutoDock atom types assigned; non-polar hydrogens are not
included in the rigid-receptor PDBQT. The protein was subse-
quently saved in PDBQT format. Since Vina’s scoring func-
tion does not factor in partial charges, their omission makes
no change to the scoring. The presence of the six residues that
make up the DBP (F136, F178, F610, F615, F617, F628)19,24

was verified in PyMOL25. The presence of the G-loop (flex-
ible loop, residues 615–620, sequence FGFAGR, beside the
DBP) was also confirmed19. The docking grid was prepared
with a size of 22 × 22 × 22 Å, center x = 35.75, y = −60.85, z
= −41.81, which was taken from the crystallographic minocy-
cline centroid19.
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Table 1 Mapping of E. coli AcrB binding-pocket residues onto the
Salmonella Typhimurium model.

Position E. coli (4DX5) S. Typhimurium model Identical
46 SER SER ✔
89 GLN GLN ✔

128 SER SER ✔
136 PHE PHE ✔
139 VAL VAL ✔
176 GLN GLN ✔
178 PHE PHE ✔
273 GLU GLU ✔
277 ILE VAL –
279 ALA ALA ✔
563 PHE PHE ✔
566 ASP ASP ✔
570 GLY GLY ✔
573 MET LEU –
610 PHE PHE ✔
612 VAL VAL ✔
615 PHE PHE ✔
617 PHE PHE ✔
620 ARG ARG ✔
626 ILE ILE ✔
628 PHE PHE ✔

✔ identical; – substituted. 19 of 21 positions are identical. Both substitutions (I277V,
M573L) are conservative, and all six phenylalanines of the distal pocket are conserved.

Compound Library and Ligand Preparation

The IMPPAT 2.0 database, a collection of Indian medicinal
plant phytochemicals, was used to source the ligands. 17,967
phytochemicals in the database were reduced to 865 using the
following criteria: Lipinski RO5 Violations = 026, Veber =
Good27, Egan = Good28, Ghose = 029, QEDw > 0.830. The
QEDw value was chosen to obtain a drug-like subset as op-
posed to a representative sample of the IMPPAT database. It
also provided a more computationally manageable set of lig-
ands to dock exhaustively. The 2D SDFs were used for de-
scriptor calculation, detailed in the Machine Learning section
below. All 865 ligands and the two benchmarks (PAβN and
NMP) were prepared using Open Babel 3.1.023, following the
same pipeline: hydrogens were added with pH-based correc-
tion at pH 7.4, 3D coordinates were generated with MMFF94
over 100 optimization steps31, they were written to PDBQT
with AutoDock atom types, and no partial charges were as-
signed. The SMILES used to build the ligands were procured
from the IMPPAT database for the 865-compound library and
from the PubChem CIDs for PAβN (CID 443301) and NMP
(CID 701891)32. These two were deemed appropriate bench-
marks as they are well-established efflux pump inhibitors that
bind to the AcrB DBP. For PAβN, it was confirmed that the
CID gave the structure of the free base and not the salt.

Molecular Docking

AutoDock Vina 1.2.7 was used for molecular docking33,34.
Exhaustiveness was set to 8 and up to 9 binding modes were

requested per ligand. For each ligand, Vina’s top-ranked
(lowest energy) pose was selected. The benchmarks PAβN
and NMP were docked to ensure that the known inhibitors
produced sensible Vina scores. PAβN produced a score of
−8.771 kcal/mol, and NMP’s was −7.773 kcal/mol. Cru-
cially, the structures were also visualized in PyMOL to con-
firm that they were sitting in the DBP25. All 865 compounds
were docked under the same benchmark-validated protocol.
The outcome was 863 successful dockings and 2 failures.
The 2 failures (IMPHY005215 and IMPHY017899) were hy-
drochloride salts and the only two multi-component SMILES;
Open Babel wrote each one as two disconnected fragments in
a single PDBQT file which Vina cannot dock. They were ex-
cluded from any subsequent analysis. The exclusion of 2 lig-
ands was not based on the binding scores making it unlikely
that affinity-based selection bias was induced. To filter for
the top hits, a z-score threshold of −2 (−9.969 kcal/mol) was
computed over 863 docking scores with a mean of −8.322
kcal/mol and standard deviation of 0.824 kcal/mol. This pro-
duced 17 compounds, forming the primary hit set. As 254
out of the 863 compounds scored better than PAβN, the more
stringent benchmark, the z-score method was implemented to
identify top hits.

Protocol Validation and Benchmarking

For redocking validation, the co-crystallized ligand minocy-
cline was extracted from the 4DX5 template19 and redocked
(using a protocol identical to the described above) into the fin-
ished model. The RMSD was heavy-atom, computed in place,
with no superposition, and the best binding pose returned was
reported. A success threshold of <2.0 Å was set prior to re-
docking. Subsequently, four more AcrB ligands with crys-
tallized structures were tested: doxorubicin (4DX7)19, D13-
9001 (3W9H)35, MBX2319 (5ENO), MBX2931 (5ENP)36.
All of them were built using PDB ideal-geometry’s chemi-
cal definitions via Meeko37 as opposed to using SMILES via
Open Babel (like the library of ligands) as the aim was to accu-
rately reproduce a deposited crystallographic pose and not to
filter through a SMILES database. Each crystal pose was then
transferred into the model coordinate frame by Kabsch super-
position on common Cα atoms, the same heavy-atom RMSD
being employed. The fraction of atoms enclosed by the 22
Å grid box is reported in addition to the RMSD. Preparation
of 7 known AcrB actives and 496 property-matched decoys
from DUD-E38 (503 total compounds) using the same proto-
col as the initial compound library was carried out. ROC-AUC
and enrichment factors were computed at 1%, 5% and 10%.
The top 50 compounds were re-docked using three indepen-
dent random seeds (101, 202, 303), and agreement was as-
sessed through Spearman rank correlation between seeds, Jac-
card overlap of the 17-compound primary hit set, and the per-
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compound score spread. Five conformers were extracted from
the 100 ns MD trajectory at roughly 20, 40, 60, 80 and 100
ns. For the protein only, each conformer was aligned to the
reference model used by Cα superposition. The coordinates
were then transferred onto the model_01 PDBQT template so
that the atom typing is identical across all five conformers,
and the geometry is the only variable factor. Docking of 150
compounds for each conformer was conducted: the top 50 and
100 sampled across the full score range in the library, as the
top 50 on their own would only cover 1.47 kcal/mol against a
conformer-to-conformer standard deviation of 0.41 producing
an uninformative rank correlation.

Machine Learning

For each compound, the 2D structure (SDF format) was
retrieved from IMPPAT and 15 physicochemical descrip-
tors were computed using RDKit 2026.0339. The 15 de-
scriptors accounting for size, polarity, shape, complexity,
and drug-likeness were: MW, LogP, TPSA, HBD, HBA,
RotBonds, AromaticRings, RingCount, HeavyAtoms, Frac-
tionCSP3, MolarRefractivity, HeteroAtoms, SaturatedRings,
AliphaticRings, QED. A dataset was created with all 863 com-
pounds and their 15 descriptors, paired with their docking
affinity. The ML was performed locally using scikit-learn
1.9.040. Murcko scaffolds were computed from the IMPPAT
SMILES using RDKit’s MurckoScaffoldSmiles41, producing
355 distinct scaffolds across the 863 compounds. Twenty per-
cent of the scaffolds (71 out of 355, comprising 176 out of
863) were left out completely as an external test set before any
model was fitted, and evaluated once at the end. All cross-
validation on the remainder was grouped by scaffold such
that no scaffold was shown in both a training and a test fold,
thereby ensuring that close analogues do not span the split. A
conventional random stratified split was also run for the pur-
pose of comparison, quantifying how much apparent perfor-
mance is increased when the scaffold structure is ignored.

Both a regression and a binary classification approach
were attempted, though the regression performed poorly.
For the regression, the model RandomForestRegressor with
n_estimators=400 and random_state=0 was used42. For its
evaluation, GroupKFold cross-validation, grouped by Mur-
cko scaffold, was set to n_splits=5. For binary classifica-
tion, compounds were split by their docking affinity accord-
ing to their percentile threshold: more favorable docking-
scores were those with affinity ≤ 33rd percentile (−8.675)
and less favorable docking-scores with affinity ≥ 67th per-
centile (−7.959). To ensure the model was given unambigu-
ous training data, the middle third was excluded, leaving 285
compounds each in the upper and lower tertiles (570 total). A
RandomForestClassifier(n_estimators=400, random_state=0,
n_jobs=−1, max_depth=None) was trained on the two

docking-score classes. Evaluation was done with GroupKFold
(n_splits=5), scaffold grouped via cross_val_predict; AUC
was computed once on pooled out-of-fold probabilities. A
permutation test (1000 permutations, scaffold-grouped, ex-
ceedance count reported, null models using 120 trees, via
GroupKFold) was run to assess the statistical significance43.
Feature importance was assessed by permutation importance
as opposed to built-in Gini importance to avoid distorting the
ranking stemming from the presence of correlated descriptors.
For each of the five scaffold-grouped folds, the model was fit-
ted on the four training folds, and importance was only mea-
sured on the untouched held-out fold, as the fall in AUC when
each feature is permuted. Repeats were carried out 20 times
per fold and the mean of the values was found across the five
folds.

Interaction and ADMET Analysis

The top 5 hits were analyzed for their binding-site contacts,
where contact between ligand and binding-site residues was
defined as heavy atoms within 4 Å of one another. The spe-
cific DBP residues that had contact were checked for each hit.
SwissADME was applied to the 17 hits of the primary hit set44

to assess the following parameters: GI absorption, Lipinski vi-
olations, bioavailability, synthetic accessibility, PAINS/Brenk
structural alerts45,46, BBB permeation, Consensus LogP.

Molecular Dynamics

The top-ranked hit, IMPHY001793, was subjected to a molec-
ular dynamics simulation to assess the stability of its docked
pose. The protein-ligand complex was prepared using the
Making-it-Rain OpenMM workflow47,48. The ligand was built
from the canonical SMILES via RDKit39 and was superim-
posed onto the docked pose (parameterized at net charge 0).
The ligand was parameterized with GAFF249, protein with
ff14SB50, solvated in a cuboidal TIP3P water box51 (12 Å
buffer, 55,362 water molecules added), neutralized with 0.15
M NaCl (201 Na+ / 189 Cl−). The system’s electrostatics
were treated with PME (1.0 nm cutoff)52. The system was
then energy-minimized, and was equilibrated in the NPT en-
semble at 298 K, 1 bar (5 ns equilibration). A 100 ns pro-
duction MD simulation was run in 20 strides of 5 ns (NPT,
298 K, 1 bar, 2 fs timestep as bonds to hydrogen were con-
strained). Temperature was controlled by a LangevinIntegra-
tor (friction 1.0 ps−1) and pressure by a MonteCarloBarostat.
Frames were saved every 10 ps, giving 10,000 total frames. A
monomer was simulated in a water box with no lipid bilayer,
so the simulation was exploratory and is not used to claim
stability in the protein’s native environment. The trajectory
was analyzed using the following tools: pytraj was used for
protein Cα RMSD, ligand-pocket distance to DBP residues,
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and a negative control residue set where distances were mea-
sured to residues remote from the binding pocket53; ProLIF
was used for per-residue contact frequencies54; MM-GBSA
was found by computing with igb = 2, 0.15 M salt, over ~11
evenly spaced frames from a 500-frame subsample, with no
configurational entropy term55.

Ethical Considerations

This study did not involve any animals or humans, and was
conducted entirely in silico.

Results

PAβN and NMP are known inhibitors of the target protein
and were used as benchmarks to rank the Vina scores of
the candidates. PAβN produced a score of −8.771 kcal/mol
and NMP had one of −7.773 kcal/mol. From the 863 com-
pounds docked, the best score was −11.040 kcal/mol, the
weakest, −5.119 kcal/mol, the mean −8.322 kcal/mol, and
the standard deviation 0.824 kcal/mol. 656 compounds had
stronger Vina scores than NMP though it has a relatively lower
bar compared to PAβN. 254 compounds produced stronger
scores than PAβN (Figure 1). The top hit was IMPHY001793
(Glabroisoflavanone B), a prenylated isoflavanone from the
root of Glycyrrhiza glabra, at −11.040. 17 primary hits were
produced from the z ≤ −2 threshold.

Figure. 1 Distribution of docking scores for the 863 screened phy-
tochemicals. Dashed lines mark the NMP (−7.773 kcal/mol) and
PAβN (−8.771 kcal/mol) benchmarks; the green line and shaded re-
gion mark the z ≤ −2 cutoff (−9.969 kcal/mol) defining the 17 pri-
mary hits.

Minocycline that was redocked into the model had a binding
affinity of −8.95 kcal/mol, the best-pose heavy-atom RMSD
being 1.05 Å (was measuring in place without any superposi-
tion). The <2.0 Å threshold was set prior to redocking, mean-
ing the result passed the initial criterion. The binding score,
RMSD, and atoms in box for four inhibitors whose binding

positions were sourced from X-ray crystallography were com-
puted: doxorubicin had a score of −9.09 kcal/mol, RMSD of
2.80 Å and 39/39 atoms in box; MBX2319 had a score of
−8.87 kcal/mol, RMSD of 3.41 Å and 22/29 atoms in box;
D13-9001 had a score of −8.81 kcal/mol, RMSD of 3.44 Å
and 41/49 atoms in box; MBX2931 had a score of −7.98
kcal/mol, RMSD of 3.81 Å and 30/37 atoms in box. The two
fully enclosed ligands (doxorubicin, 39/39, and minocycline,
33/33) recovered the best. Box truncation and ligand flexibil-
ity (17 torsions for D13-9001, 16 for MBX2931, 11 for dox-
orubicin) are both plausible explanations for the remainder,
and cannot be separated across five compounds.

The initial regression model achieved a scaffold-split R2 of
0.568 (RMSE 0.564) and external R2 of 0.408 (RMSE 0.520).
The ML classifier used instead was able to separate the two
docking-score classes, indicated by a scaffold-split AUC of
0.944, random-split AUC of 0.963 (leakage between the two
being +0.019), and external AUC of 0.949. A permutation test
suggested that the performance was unlikely to be attributable
to chance (0 out of 1000 permutations reached the observed
AUC; P < 0.001; null mean 0.497, SD 0.035, max 0.612),
with shuffled-label models performing at the random baseline
(~0.50). The classification was mainly driven by RingCount
(+0.0250), LogP (+0.0236), RotBonds (+0.0156) (Figure 2).
MW (−0.0011) and HeavyAtoms (+0.0006) did not appear to
contribute significantly to classification.

Figure. 2 Held-out permutation importance of the 15 descriptors
used by the classifier. Bars show the mean AUC drop across five
scaffold-grouped folds, error bars the standard deviation; teal marks
intervals excluding zero, grey those including it.

The seven known AcrB actives and 496 property-matched
DUD-E decoys that were docked under an identical proto-
col produced an ROC-AUC of 0.567. The enrichment factors
computed were an EF1% of 0.00, EF5% of 0.00, and EF10%
of 1.44. Out of the actives, only minocycline is in the top 10%
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at rank 41/503, while the rest fall between 115 and 333; PAβN
is at 282 and NMP at 333. From the 496 decoys, 52 scored
better than −10 kcal/mol. For AcrB, a multi-drug transporter
whose innate biological function is to bind to structurally un-
related substrates, these results are not unexpected as comple-
mentarity to the pocket carries very little discriminating infor-
mation. Accordingly, the screen produces a list of prioritized
candidates as opposed to acting as a prediction of inhibitory
activity.

The redocking performed at three independent random
seeds (101, 202, 303) for the top 50 compounds produced a
Spearman ρ = 0.958 between the seeds. The top 17 Jaccard
produced a score between 0.789–0.889. These results suggest
that the ranking is stable against the algorithm’s own stochas-
tic nature (Table 2).

The 150 compounds spanning the entire docking score
range that were docked into five conformers taken from the
MD trajectory produced a mean of ρ = 0.810 against the rigid
receptor (range 0.717–0.846). The inter-conformer agreement
produced a mean of ρ = 0.797, implying that the rigid model
behaves like one more conformation and not like a systematic
outlier. Within the top 50, the mean was ρ = 0.053, due to the
top 50 spanning a score range of 1.47 kcal/mol, as opposed to
the conformer-to-conformer variation of 0.41 kcal/mol. The
top 50 had a signal-to-noise ratio of 3.1 while the full range
had one of 11.9. From the 17 hits, 6 of them were retained
in a majority of conformers. The ensemble-mean scoring pro-
duced ρ = 0.882, the highest out of any measure, and con-
sistent with averaging out conformational noise. The findings
show that the receptor’s flexibility preserves the separation of
favorable from unfavorable compounds, but is unable to accu-
rately order closely scored candidates.

Across the five top-scoring compounds, contact analysis (4
Å cutoff) showed that the residues F178, F610, V612, and
F628 were contacted by all five, the G-loop (615–620) was
contacted by four of the five, and F617 was contacted by three
of five (Table 3). 15 residues were contacted in total, 13 of
them being within the DBP and 2 outside (G179, Y327). The
predicted binding pose of the top-scoring compound is shown
in Figure 3.

ADMET profiling of the 17 compounds of the primary hit
set showed that a majority of them had favorable drug-like
properties (Table 4). All of them had high GI absorption, none
had Lipinski violations (this was explicitly pre-filtered dur-
ing initial compound selection from IMPPAT), bioavailability
was ~0.55 for thirteen and ~0.85 for four. The GI absorption
and bioavailability scores, however, were also strongly condi-
tioned by the Egan and Veber filters applied during initial com-
pound selection. No structural alerts were found in 13/17 com-
pounds. The four with alerts were IMPHY000398 (1 PAINS),
IMPHY008805 (1 PAINS), IMPHY013011 (1 Brenk), IM-
PHY013057 (1 Brenk). Additionally, though these parameters

Figure. 3 Predicted binding pose of Glabroisoflavanone B in the
AcrB distal binding pocket. The compound is shown as yellow sticks
(oxygen, red), the backbone as a tan cartoon, and the nine residues
within 4.0 Å as blue sticks, labeled (Table 3).

were not prefiltered, 15 compounds were positive for Blood-
Brain Barrier (BBB) permeation, all had a Synthetic Acces-
sibility score from 3.26 to 5.61, and had a consensus LogP
within a drug-like range from 1.18 to 4.53.

A 100 ns molecular dynamics simulation was analyzed to
ascertain the dynamic stability of the top-ranked compound’s
docked pose (Figure 4). The ligand remained at 3.91 ± 0.63 Å
from the DBP residues, with no dissociation being observed.
The residue set (remote from the pocket) held at 17.28 ± 0.86
Å, confirming that the ligand did not drift anywhere else on
the protein and stayed in-place. The key phenylalanines (178,
610, 615, 617, 628) were observed at 4.36 ± 0.67 Å. The
contact between the DBP and ligand loosens progressively,
with DBP going from 3.10 to 4.54 Å, and the key pheny-
lalanines from 3.82 to 5.07 Å when comparing the first and
last 20 ns. Moreover, the Protein Cα RMSD rose to 4–4.5 Å
and plateaued from around 40 ns onwards. The Cα rise oc-
curs in the same window, going from 3.14 Å at 20–30 ns to
4.28 Å at 40–50 ns. At 30.5 ns, the ligand’s largest drift took
place, moving 7.53 Å from the five key phenylalanines, and
remaining over 6 Å away between 30.4 and 31.8 ns. The lig-
and then returns to contact distance and the protein plateaus.
All five key phenylalanines maintained contact with the lig-
and through hydrophobic contact, with π-stacking detected at
F178 and F615. During the simulation, the DBP only moved
1.2–2.8 Å compared to the global Cα RMSD that reached 4–
4.5 Å. The calculated MM-GBSA binding energy was −27.43
± 3.23 kcal/mol, influenced strongly by van der Waals forces
(−36.70); the interaction energy estimate was computed with-
out a configurational entropy term and so is incomparable to
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Table 2 Summary of protocol validation and robustness assessments.
Assessment Metric Value Notes
Redocking validation Minocycline, heavy-atom RMSD

(in place, no superposition)
1.05 Å <2.0 Å threshold set a priori

Pose recovery Doxorubicin / MBX2319 /
D13-9001 / MBX2931

2.80 / 3.41 / 3.44 / 3.81
Å

39/39, 22/29, 41/49, 30/37 crystal atoms
inside box

Enrichment ROC-AUC 0.567 7 actives vs 496 property-matched DUD-E
decoys

EF1% / EF5% / EF10% 0.00 / 0.00 / 1.44 52/496 decoys scored better than −10
kcal/mol

Seed robustness Spearman ρ between seeds 0.958 seeds 101, 202, 303; top 50 compounds
Top-17 Jaccard 0.789–0.889

Conformer ensemble Spearman ρ , full score range 0.810 150 compounds × 5 MD conformers
Spearman ρ , top 50 only 0.053 S/N 3.1 vs 11.9 over the full range
Inter-conformer ρ 0.797 comparable to rigid-receptor agreement
Primary hits retained 6/17 in a majority of conformers

Machine learning Scaffold-split AUC 0.944 GroupKFold on 355 Murcko scaffolds
External test AUC 0.949 71 scaffolds / 176 compounds, evaluated

once
Leakage (random-scaffold) +0.019
Permutation test p < 0.001 0/1000 permutations reached the observed

AUC

an experimental ∆G value.

Figure. 4 Molecular dynamics of the Glabroisoflavanone B–AcrB
complex over 100 ns. (a) Protein Cα RMSD. (b) Mean ligand dis-
tance to all DBP residues (green) and to the five key phenylalanines
(red); the shaded band marks 30–40 ns, over which the ligand reseats.

Discussion

The 254 phytochemicals that scored more strongly than PAβN
have docking affinities competitive with a known efflux-pump

inhibitor, making them candidates that justify experimental
validation.

The ML classifier was able to separate the two docking-
score classes as seen by the scaffold-split AUC of 0.944 and
external set AUC of 0.949 (scaffolds not seen by any cross-
validation loop). The random-split comparison produced an
AUC of 0.963, meaning leakage from ignoring the scaffold
structure was +0.019, which is minimal. The hits differ from
the library in a consistent manner, with the average LogP be-
ing +1.09σ , RotBonds being −0.78σ (more rigid), and HBD
being −0.49σ ; this indicates that, on average, the hits were
lipophilic, more rigid, and had fewer hydrogen-bond donors.
The lipophilic profile and few hydrogen-bond donors seen
among top hits matches the six phenylalanines that form a hy-
drophobic cage in the binding pocket, which favors lipophilic
aromatic ligands and offers few hydrogen-bonding partners.
Additionally, the conformational rigidity of the ligand lowers
the entropic cost of binding into a defined site, favoring more
rigid ligands.

The top three descriptors driving the ML model’s classi-
fication were RingCount (+0.0250), LogP (+0.0236), Rot-
Bonds (+0.0156), and the descriptors with the least contribu-
tion to classification were MW (−0.0011) and HeavyAtoms
(+0.0006). The results suggest that hits are larger than the av-
erage molecule in the library, indicated by an MW of +0.53σ

and HeavyAtoms of +0.59σ , despite the removal of size bear-
ing little importance to the model. This is explained by the fact
that the ring and refractivity terms already carry the size infor-
mation, wherein RingCount and MolarRefractivity are seen
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Table 3 Binding-site contacts (4 Å heavy-atom cutoff) of the five top-scoring hits.
Residue In DBP 001793 000398 005217 004477 005683 N hits
PHE136 ✔ – ✔ – ✔ ✔ 3
VAL139 ✔ – ✔ ✔ – ✔ 3
GLN176 ✔ ✔ – – ✔ – 2
PHE178 ✔ ✔ ✔ ✔ ✔ ✔ 5
GLY179 – – – ✔ – – 1
VAL277 ✔ – ✔ ✔ – ✔ 3
ALA279 ✔ – ✔ – – ✔ 2
TYR327 – – ✔ – – – 1
LEU573 ✔ ✔ ✔ – – ✔ 3
PHE610 ✔ ✔ ✔ ✔ ✔ ✔ 5
VAL612 ✔ ✔ ✔ ✔ ✔ ✔ 5
PHE615 ✔ ✔ – – ✔ – 2
PHE617 ✔ ✔ ✔ – – ✔ 3
ILE626 ✔ ✔ ✔ – – – 2
PHE628 ✔ ✔ ✔ ✔ ✔ ✔ 5

✔ indicates contact (or membership of the distal binding pocket); – indicates no contact. Contact is defined as any receptor residue with at least one heavy atom within 4 Å of any
heavy atom of the top-ranked docked pose.

Table 4 Docking affinities and predicted ADMET properties of the 17 primary hits.
Compound Docking

(kcal/mol)
z MW Consensus

LogP
GI

absorption
BBB

permeant
PAINS Brenk Synth.

access.
Bioavailability Lipinski

viol.
IMPHY001793 −11.04 −3.3 352.4 3.37 High Yes 0 0 4.14 0.55 0
IMPHY000398 −10.9 −3.13 374.3 2.88 High No 1 0 3.26 0.55 0
IMPHY005217 −10.73 −2.92 368.3 2.07 High Yes 0 0 4.85 0.55 0
IMPHY004477 −10.43 −2.56 338.4 3.91 High Yes 0 0 4.15 0.55 0
IMPHY005683 −10.43 −2.56 340.4 3.57 High Yes 0 0 4.06 0.55 0
IMPHY008805 −10.41 −2.53 282.4 3.78 High Yes 1 0 4.49 0.55 0
IMPHY013919 −10.35 −2.46 314.4 3.31 High Yes 0 0 3.34 0.85 0
IMPHY012881 −10.3 −2.4 296.4 2.93 High Yes 0 0 5.61 0.55 0
IMPHY015068 −10.21 −2.29 354.4 2.62 High Yes 0 0 4.12 0.55 0
IMPHY009261 −10.18 −2.26 322.4 3.55 High Yes 0 0 3.94 0.55 0
IMPHY013011 −10.11 −2.17 350.4 3.52 High Yes 0 1 4.86 0.55 0
IMPHY013920 −10.1 −2.16 300.4 4.28 High Yes 0 0 3.35 0.85 0
IMPHY010647 −10.04 −2.09 386.4 1.18 High No 0 0 4.46 0.55 0
IMPHY015025 −10.02 −2.06 336.4 3.75 High Yes 0 0 4.05 0.55 0
IMPHY005344 −9.986 −2.02 316.4 4.53 High Yes 0 0 3.64 0.85 0
IMPHY005303 −9.984 −2.02 314.4 3.31 High Yes 0 0 3.31 0.85 0
IMPHY013057 −9.974 −2.01 324.4 3.72 High Yes 0 1 4.05 0.55 0

Compounds are the 17 with z ≤ −2. Zero Lipinski violations is a consequence of the pre-screening filter; PAINS/Brenk alerts, BBB permeation, synthetic accessibility and consensus
LogP were not filtered on.

to correlate at 0.60. Thus, permuting MW alone leaves the
same size information intact in a different descriptor, so the
model never misses it. Similarly, FractionCSP3, which sits
around the middle in importance to classification (+0.0101),
correlates 0.37 with RingCount. When descriptors are cor-
related, the permutation importance spreads credit across the
group, meaning that individual rankings are less interpretable
than group rankings. LogP, on the other hand, is independent
of the ring cluster (r = −0.07 to 0.32), showing the model
is reading two separate signals and not one bundled property.
Furthermore, the largest importance value was a 0.025 AUC
drop, suggesting that no single property determines binding.
As the importance was measured on only held-out folds, the
values are not inflated by the model having already seen the

data before.
All five of the top hits contacted F178, F610, V612 and

F628, three of the residues being phenylalanines of the DBP
cluster. These are consistent with the canonical AcrB in-
hibitor binding mode, the hydrophobic trap that characterized
inhibitors engage36,56. F617 was contacted by three of the
five, and the G-loop was contacted by four of the five. Of the
15 residues contacted, 13 lie within the DBP, suggesting that
the hits engage the pocket itself rather than just the peripheral
surface. As per ADMET analysis, most hits are pharmaco-
logically plausible with 13/17 displaying no structural alerts,
15 BBB-permeant, synthetic accessibility between 3.26 and
5.61, and consensus LogP between 1.18 and 4.53. The four
that carry alerts (two PAINS and two Brenk) do warrant cau-
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tion as these alerts can interfere with downstream assays. The
ADMET predictions require experimental confirmation, as the
method was purely computational.

Molecular dynamics simulations of the top-ranked candi-
date show that the ligand stayed in the pocket across the 100
ns, though contact loosened progressively from 3.10 to 4.54
Å between the first and last 20 ns. The elevated protein Cα

RMSD (4–4.5 Å) can be attributed to the absence of a lipid
bilayer in the simulation, as AcrB is an inner-membrane pro-
tein which was simulated in water for this study. Crucially, the
pocket itself only moved 1.2–2.8 Å, so the global drift did not
propagate into the binding site. MM-GBSA was influenced
largely by van der Waals (−36.70 against −14.29 electro-
static); this is consistent with the hydrophobic, aromatic char-
acter that was seen in the descriptor analysis earlier. Given that
the dynamics simulation began from the docked pose and that
the ML classifier was trained on the docking scores, the results
produced are not independent lines of evidence despite being
mutually consistent. The simulation does not confirm whether
the top-hit can inhibit AcrB, but does show that the docked
pose is maintained under explicit solvent. ProLIF analysis of
the trajectory detected π-stacking at F178 and F615; F178 is
the residue reported to form a π–π interaction at the edge of
the hydrophobic trap in the inhibitor-bound AcrB structure35,
so the simulation recovers that interaction independently.

In terms of limitations, this study was purely computa-
tional. No experimental wet-lab validation was conducted
(like ethidium-bromide efflux or MIC-potentiation assays)
which means inhibitory ability of any compound cannot be
confirmed. The Vina docking scores in the study carry an un-
certainty of ~2–3 kcal/mol34. The enrichment carried out in
the study showed that the scoring function separated known
actives from decoys poorly, with an ROC-AUC of 0.567, and
EF1% and EF5% both being 0.00. The non-template actives
were recovered at 2.80–3.81 Å which is above the conven-
tional 2 Å success threshold, which may be due to box trun-
cation, ligand flexibility, or both. Also, receptor flexibility
preserved broad separation (ρ 0.810) but not ordering among
near-tied compounds (ρ 0.053; 6/17 retained). The study re-
lied on a homology model rather than a crystal structure, with
side-chain rotamers being a particularly weak point (6.42%
poor). Another factor is that the molecular dynamics simula-
tion was carried out in a water box with no lipid bilayer, mean-
ing that the run was only exploratory and cannot support any
claims about the binding pose in AcrB’s native environment.
The dynamics was also only conducted for one compound, so
the dynamic behavior of the other 16 hits is unexplored. Also,
the two benchmark ligands were prepared twice, once for the
main screen and once for the benchmark set; given that 3D
coordinate generation is stochastic, this resulted in different
starting geometry, as seen in PAβN and NMP scoring 0.48
and 0.17 kcal/mol apart between the two preparations. This

source of variance is not captured by the seed-robustness anal-
ysis, which varied the docking seed rather than the starting
conformer.

To conclude, in this study, a computational screening
of drug-like IMPPAT phytochemicals against the S. Ty-
phimurium AcrB DBP was done. Each candidate’s docking
scores were benchmarked against the known inhibitors PAβN
and NMP. An ML model was built to identify the character-
istics that can differentiate strong and weak docking scores
classes. Results show that 254 phytochemicals scored bet-
ter than PAβN, the top hit being Glabroisoflavanone B (IM-
PHY001793) at −11.040. ML was able to separate strong and
weak docking-score classes (AUC 0.944), driven by ring ar-
chitecture and lipophilicity. The protocol was validated by
redocking a crystallographic ligand to 1.05 Å, and its lim-
its were measured through decoy enrichment, seed robustness
and conformer-ensemble docking. The top hits contact the
same region (F178, F610, V612 and F628, the phenylalanine
cluster) that PAβN also engages10,56. 13 out of the 17 top
hits had no structural alerts, meaning most were ADMET-
favorable. IMPHY001793’s binding pose was maintained
over 100 ns when measured through molecular dynamics. The
study produces a prioritized list of candidate EPIs from an In-
dian phytochemical source, including an interpretable feature
signature. Experimental validation and further computational
studies like molecular dynamics on more than one hit could
be included in future studies. The results justify wet-lab val-
idation for the prioritized candidates, to further assess their
potential as EPIs.

Data and Code Availability

The docking results for all 863 compounds, the re-
ceptor model, the machine-learning dataset, the
docked poses of the top hits and the molecular dy-
namics analysis outputs are deposited at Zenodo
(https://doi.org/10.5281/zenodo.23356930), together with the
scripts that generated them. The scripts are also reproduced
in full in the Supplementary Information. The molecular
dynamics trajectory files are available from the author on
request.
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