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ABSTRACT Discovering new Gram-negative antibiotics has been a challenge for
decades. This has been largely attributed to a limited understanding of the molecu-
lar descriptors governing Gram-negative permeation and efflux evasion. Herein, we
address the contribution of efflux using a novel approach that applies multivariate
analysis, machine learning, and structure-based clustering to some 4,500 molecules
(actives) from a small-molecule screen in efflux-compromised Escherichia coli. We
employed principal-component analysis and trained two decision tree-based
machine learning models to investigate descriptors contributing to the antibacterial
activity and efflux susceptibility of these actives. This approach revealed that the
Gram-negative activity of hydrophobic and planar small molecules with low molecular
stability is limited to efflux-compromised E. coli. Furthermore, molecules with reduced
branching and compactness showed increased susceptibility to efflux. Given these dis-
tinct properties that govern efflux, we developed the first efflux susceptibility machine
learning model, called Susceptibility to Efflux Random Forest (SERF), as a tool to analyze
the molecular descriptors of small molecules and predict those that could be susceptible
to efflux pumps in silico. Here, SERF demonstrated high accuracy in identifying such mol-
ecules. Furthermore, we clustered all 4,500 actives based on their core structures and
identified distinct clusters highlighting side-chain moieties that cause marked changes in
efflux susceptibility. In all, our work reveals a role for physicochemical and structural pa-
rameters in governing efflux, presents a machine learning tool for rapid in silico analysis
of efflux susceptibility, and provides a proof of principle for the potential of exploiting
side-chain modification to design novel antimicrobials evading efflux pumps.

KEYWORDS efflux pumps, molecular descriptors, machine learning, Gram-negative
bacteria

emarkably, no new classes of Gram-negative antibiotics of clinical importance have

been discovered since the quinolones, dating back to the early 1960s (1). In the
same period, Gram-negative superbugs resistant to existing antibiotics have become a
pervasive public health concern (2). To address the growing need for new antibiotics,
the World Health Organization (WHO) published a list of bacterial pathogens to guide
research and development, highlighting Gram-negative pathogens as a critical priority
(3). The Centers for Disease Control and Prevention recently revealed that Gram-nega-
tive pathogens were responsible for ~50% of antibiotic-resistant microbial infections
in the United States (4). A recent analysis of the clinical pipeline revealed 50 antibiotics
in development, of which only 12 are active against some of the priority Gram-nega-
tive pathogens identified by the WHO (5, 6). Of these 12 agents, only murepavadin is
considered new, with a novel pharmacophore, target, and mode of action. Most
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recently, and unfortunately, nephrotoxicity concerns have halted its development (5,
6). Thus, the clinical pipeline is currently devoid of new chemical matter to treat the
most troublesome infections caused by Gram-negative pathogens. Herein, we examine
one of the most important impediments to identifying leads for new antibiotics target-
ing Gram-negative bacteria, namely, the physicochemical and structural parameters
that delineate compound efflux.

It is widely accepted among pundits of antibacterial drug discovery that intrinsic re-
sistance mechanisms, the outer membrane barrier and active efflux pumps, have pre-
sented the greatest challenge to the development of new Gram-negative antibiotics
(7-9). Indeed, there have been a growing number of calls for research to understand
the physicochemical properties that facilitate compound entry and efflux avoidance
(10-12). Inspiration comes from success correlating a drug’s physicochemical proper-
ties with its pharmacokinetics, where Lipinski mapped an ideal physicochemical space
for orally available drugs, establishing the rule of five: molecular weight (MW) of (<500
g mol™"), lipophilicity (clogP) of =5, number of hydrogen bond donors of =10, and
number of acceptors of =5 (13). Several analyses have shown, nevertheless, that anti-
bacterial compounds are exceptional in this context. In one of the first reports applying
these properties to trends in antimicrobials, O’'Shea and Moser showed that Gram-neg-
ative antibiotics, on average, are slightly larger (MW of 414 g mol~") and more hydro-
philic (clogD of —2.8) than nonantibiotic drugs (338 g mol~'; clogD of 1.6) (14). When
Gram-negative antibiotics were classified by their target location, those with a cyto-
plasmic target were smaller (254 to 465 g mol~") and more hydrophobic (clogD of
—1.4 to 1.1) than antibiotics with a periplasmic target (347 to 558 g mol~'; clogD of
—5.1 to —1) (15). Although these studies suggest the potential of a physicochemical
space for Gram-negative activity (14, 15), they include antibiotics that are susceptible
to efflux pumps of the resistance-nodulation-division (RND) superfamily, composed of
an inner membrane transporter, a periplasmic adaptor protein, and an outer mem-
brane channel (16, 17). These tripartite pumps extrude a broad range of molecules
from the inner membrane and periplasmic space to the extracellular milieu (17, 18). In
an analysis of several high-throughput screening campaigns at AstraZeneca, Brown et
al. showed that small (<300 g mol~') and hydrophilic (clogD of <0) or very large
(>700 g mol~") and zwitterionic compounds were least susceptible to RND efflux
pumps (19). Compared to the Moser analysis of the physicochemical space occupied
by Gram-negative antibiotics (15), these results suggest that antimicrobials with a cyto-
plasmic target may be more susceptible to efflux than others. A recent study meas-
uring compound accumulation in Gram-negative bacteria, however, has challenged
some of these properties, showing that hydrophobic and primary amine-containing
compounds could overcome the Gram-negative permeability barrier (20). Interestingly,
these compounds were also rigid, with low globularity. Furthermore, Copper et al. (21)
observed that properties governing antibiotic activity differ among Gram-negative
bacteria: for example, electrostatic nature and surface area were key contributors to ac-
tivity in Pseudomonas aeruginosa, while topology and atom or bond count governed
activity in Escherichia coli. In all, these studies highlight the complexity of designing
new Gram-negative antibacterial agents that evade efflux pumps, where no singular
property can predict whether a molecule will be susceptible to efflux. In this context,
both clogD and the pK, of some side-chain moieties decorating pyridopyrimidine
inhibitors of biotin carboxylase of Gram-negative bacteria have been shown to impact
their antibacterial activity and efflux susceptibility (22). These results suggest that “vari-
able” properties such as hydrophobicity are best taken alongside other physicochemi-
cal properties in order to understand overall Gram-negative activity. As such, we
hypothesize that combinations of properties could feasibly be derived from pheno-
typic chemical screens of efflux substrates and that efflux could be predicted in a simi-
lar manner to accumulation (20) by machine learning approaches.

In the work described herein, we have taken a novel approach that applies multivar-
iate analysis, machine learning, and structure-based clustering of growth inhibitors of
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E. coli to identify molecular descriptors and structure-activity relationships that impact
efflux susceptibility. The effort defines new physicochemical and structural parameters
that contribute to the antibacterial activity and efflux susceptibility of small molecules
targeting this model Gram-negative bacterium.

RESULTS

A screen for growth inhibitors of an efflux-deficient strain of E. coli. Our work
began with a high-throughput screen to identify compounds with growth-inhibitory
activity in the efflux-deficient E. coli AtolC mutant strain. The screen comprised
~314,000 molecules, which were largely synthetic, and included a collection of ~3,900
previously approved drugs and bioactive molecules (bioactive collection). The data
were reproducible and defined a distinct collection of growth inhibitors in the primary
screen (Fig. 1A). Indeed, ~4,500 molecules (actives) exhibited strong growth inhibition
(=30 below the mean [Fig. 1B]), of which 386 were from the bioactive collection. The
potency (50% effective concentration [ECs,]) of each active was measured in the wild-
type E. coli strain and its Ato/C mutant (Fig. 1C and D; see Fig S1 and Table S1 in the
supplemental material). Of the 4,500 actives, a large fraction, some 84% (3,780/4,500),
showed little activity at the highest concentration (50 uM) tested using wild-type E.
coli (Fig. 1C), while the ECs, using the AtolC strain was less than 35 uM (Fig. 1D). This
suggested that many of our actives were susceptible to efflux, where their antibacterial
activity was abolished in the presence of efflux pumps. Among these molecules were
antibiotics from the bioactive collection, which include B-lactams, macrolides, and
other compounds, such as doxorubicin, known to have antibiotic activity and suscepti-
bility to efflux (Table S1). This was an encouraging result from a data quality perspec-
tive given the previous literature on their susceptibility to efflux pumps in Gram-nega-
tive bacteria (18, 23-25).

Hydrophobicity, level of saturation, and molecular stability contribute to
Gram-negative activity in efflux-compromised E. coli. Next, we sought to identify
the molecular descriptors for this set of 3,780 efflux-dependent active compounds. To
this end, we calculated some 50 descriptors for all 314,000 compounds screened,
which include efflux-dependent actives (Table S1), resulting in more than 15 million
data points (Fig. 2A). To reduce the dimensionality of these data, we initially applied a
principal-component analysis (PCA). The first three principal components of the PCA
explained ~63% of the variances between the molecular descriptors of efflux-depend-
ent actives and those of non-growth-inhibitory (inactive) molecules in the AtolC mu-
tant (Fig. 2B). Furthermore, the PCA identified a structural and physicochemical
“pocket” that defines the antibacterial activity of the 3,780 efflux-dependent actives
(Fig. 2C). The clustering of these actives near the origin (Fig. 2C) was largely due to mo-
lecular size, hydrophobicity, and molecular complexity, as observed by the eigenvec-
tors in principal component 1 (PC1) and PC2 (Fig. 2D). Notably, PC1 uniquely com-
prised molecular size, which was represented by molecular weight (MW), the total
atom count, and the solvent accessible surface area (ASA), as calculated by using the
radius of the solvent. Particularly, ASA contained components of the surface area of
partial positive charge (ASA+) and partial negative charge (ASA—). PC2, on the other
hand, consisted of both hydrophobicity and molecular complexity. The former was
represented by clogD (pH 7.0) and the ASA of polar atoms (ASA_P) and hydrophobic
atoms (ASA_H), while the latter was described by the number of aliphatic atoms and
the fraction of sp3 hybridized carbon atoms (Fsp3). Overall, the PCA results suggest
that combinations of these nine molecular descriptors addressing molecular size,
hydrophobicity, and molecular complexity contribute to Gram-negative activity in the
AtolC mutant.

Given that the PCA highlighted some distinct molecular descriptors governing the
antibacterial activity of efflux-dependent actives, we implemented a tree-based
machine learning approach to quantify descriptors that restrict this activity to efflux-
compromised E. coli. Herein, we developed a random forest classification model for the
set of 3,780 efflux-dependent actives and 3,780 inactive molecules, randomly chosen
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FIG 1 Primary small-molecule screen and potency analysis of actives. (A) Replicate plot of the primary screen of ~314,000 small molecules in the efflux-
deficient mutant strain E. coli BW25113 AtolC. Data were normalized as per Mangat et al. (47) and show good reproducibility. Density distributions are
depicted in secondary plots for each of the two replicates. (B) From this primary screen, ~4,500 actives exhibited strong growth inhibition (=3¢ below the
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FIG 2 Principal-component analysis of molecular descriptors of efflux-dependent actives and non-growth-inhibitory molecules from the primary screen. (A)
Molecular descriptors for each efflux-dependent active and the remaining screened compounds were calculated. The former set and all non-growth-
inhibitory molecules from the primary screen (inactive molecules) were visualized using a principal-component analysis (PCA). (B) Ten principal components
(PC) explaining variances between descriptors of efflux-dependent actives and those of inactive molecules are shown. The first 3 principal components,
PC1, PC2, and PC3, explain ~63% of these variances. (C) For visualization, the first two principal component scores are presented, where efflux-dependent
actives occupied a distinct chemical space (blue) among the inactive molecules (gray). (D) The loading eigenvectors for this PCA plot are shown. The
molecular descriptors contributing the most to the scores of PC1 and PC2 are highlighted in blue: molecular weight (MW), atom count, accessible surface
area (ASA) of partial negative charge (—), polar atoms (P), partial positive charge (+), hydrophobic atoms (H), the fraction of sp® hybridized carbon atoms

(Fsp?), and aliphatic count. Descriptors with lower contributions are shown in gray.

from the primary screen (Fig. 3A). To eliminate bias from the PCA, all 50 molecular
descriptors for each of these molecules were used to train the model, which achieved
an area under the curve-receiver operating characteristic curve (AUC-ROC) of 0.808
(Fig. 3B; see Fig. S2 in the supplemental material). This illustrates a good measure of
the model’s performance in classifying molecules with antibacterial activity in the
AtolC mutant and those without antibacterial activity. The analysis revealed similar
descriptors to that of the PCA (Fig. 2D and 3C); indeed, the model indicated that clogD
(pH 7.0), Fsp3, and the resonant structure count (RSC) of a molecule were the top three
factors driving Gram-negative activity of small molecules in efflux-compromised E. coli
(Fig. 3Q). Particularly, efflux-dependent actives were hydrophobic (clogD of 1 to 5), pla-
nar (Fsp3 of 0 to 0.5), and had low molecular stability (as measured by the resonant
structure count at pH 7.0 of <4 [see Fig. S3 in the supplemental materiall). Since these
actives lost their antibacterial activity in efflux-proficient wild-type E. coli, these results

FIG 1 Legend (Continued)

mean [a molecule with a normalized mean OD value of ~0.5 or less was deemed a growth inhibitor]) against the mutant strain E. coli BW25113 AtolC. The
potency of these 4,500 actives was measured in wild-type E. coli BW25113 and the mutant strain E. coli BW25113 AtolC. A histogram shows the measured
potency values obtained from dose-response analyses in (C) wild-type E. coli BW25113 and (D) the mutant strain E. coli BW25113 AtolC.
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FIG 3 A machine learning approach identifies key molecular descriptors for Gram-negative activity of efflux-dependent actives. (A) Molecular descriptors
for the 3,780 efflux-dependent actives and a random set of 3,780 inactive molecules (no growth inhibition in E. coli BW25113 AtolC) from the primary
screen were used to train a random forest model to examine descriptors contributing to Gram-negative activity in efflux-compromised E. coli. (B) The area
under the curve-receiver operating characteristic curve (AUC-ROC) plot for the random forest model is 0.808, showing a good distinction between efflux-
dependent actives and inactive molecules. Sensitivity refers to the true-positive rate of the model, while specificity refers to its false-positive rate. (C) The
top 10 molecular descriptors that reduce the model’s accuracy are shown, with clogD, Fsp® (fraction of sp® hybridized carbon atoms), and resonant

structure count topping the list.

suggest that the Gram-negative activity of molecules with such properties would be
abolished due to efflux pumps. Of note, in the absence of clogD from the 50 molecular
descriptors used to train this model, the model lost accuracy in classifying molecules
with antibacterial activity in the AtolC mutant and those without activity (Fig. 3C). This
highlights the importance of hydrophobicity as a physicochemical property that affects
Gram-negative activity, regardless of efflux pumps.

A random forest model predicts efflux-prone small molecules. Consistent with
the goal to understand efflux susceptibility in E. coli, we focused our analysis on deter-
mining key molecular descriptors that contribute to efflux susceptibility. First, we cate-
gorized the 4,500 actives into efflux-susceptible (pumped) molecules and unsuscepti-
ble (nonpumped) molecules based on their potency and calculated fold change in
potency (wild-type ECs,/AtolC ECs,). Actives classified as pumped molecules were
potent in the E. coli AtolC mutant (ECs, of <5 M) and lacked antibacterial activity in
the wild-type strain (EC;, of >50 wM), while those classified as nonpumped molecules
showed insignificant changes in potency between both strains (fold change of =2)
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FIG 4 The Susceptibility to Efflux Random Forest (SERF) model identifies molecular descriptors governing efflux. (A) The pipeline
highlights the training set of compounds used to build the SERF model and identify key descriptors that contribute to efflux
susceptibility. Based on the shown cutoffs for the 4,500 actives from the primary screen, ~1,070 actives were pumped molecules
and ~410 actives were nonpumped molecules. For a random set of ~290 pumped molecules and ~290 nonpumped molecules,
molecular descriptors for each of these compounds were used to train SERF and identify those contributing to efflux
susceptibility in E. coli. (B) The area under the curve-receiver operating characteristic curve (AUC-ROC) plot for SERF is 0.839,
showing a good distinction between pumped molecules and nonpumped molecules. Sensitivity refers to the true-positive
rate of the model, while specificity refers to its false-positive rate. (C) The top 10 molecular descriptors that reduce the
model’s accuracy are shown, with resonant structure count, clogD, and hyper-Wiener index accounting for the greatest
impact on accuracy. “Polarizability tensor a(yy)” is the principal component of polarizability along the coordinate space a(yy).

(Fig. 4A). The former set of molecules consisted of ~1,070 actives, while the latter set
constituted ~410 actives. To ensure that efflux pumps largely limited the Gram-nega-
tive activity of pumped molecules, we measured their potency in the hyperpermeable
strain E. coli WT-Pore (26). While some compounds exhibited antibacterial activity in
permeabilized cells, pumped molecules were more potent in efflux-compromised E.
coli (see Table S2 in the supplemental material), further highlighting their susceptibility
to efflux pumps. As such, of the 1,480 actives categorized, a random set of ~290
pumped molecules and ~290 nonpumped molecules were chosen as a training set,
where each molecule’s 50 descriptors were used to train a second random forest
model, called Susceptibility to Efflux Random Forest (SERF) (Fig. 4A). This model
achieved an AUC-ROC of 0.839 (Fig. 4B; see Fig. S4 in the supplemental material), indi-
cating a good measure of classifying pumped molecules and nonpumped molecules.
Here, we observed that along with hydrophobicity and molecular stability, molecular
complexity was key to efflux susceptibility (Fig. 4C). Molecular complexity was repre-
sented by topological indices, namely, the hyper-Wiener index, Wiener polarity, and
the Balaban index, that describe some aspects of molecular structure (27). Notably, the
three descriptors largely governing efflux susceptibility were resonant structure count,
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FIG 5 SERF identifies small molecules susceptible to efflux pumps. (A) Molecular descriptors of a test
set of ~440 actives (~320 pumped molecules and ~120 nonpumped molecules) that were excluded
from the training set were used by SERF to identify molecules susceptible to efflux. SERF predicted
some 274 molecules, of which 260 were validated by dose-response potency analysis. (B) The Venn
diagram represents the accuracy and predictive power of SERF to identify efflux-susceptible
molecules, as determined by empirical assessment and validation: 260 molecules were correct
predictions, 14 molecules were incorrect predictions, and 61 molecules were not identified by SERF
to be efflux susceptible.

clogD (pH 7.0), and the hyper-Wiener index (HWI), which describes molecular “branch-
ing” and “compactness” (27, 28). Molecules with a relatively low molecular stability (as
measured by the resonant structure count at pH 7.0 of =6), hydrophobic nature (clogD
of 1 to 5), and reduced branching and compactness (hyper-Wiener index of >6,000)
showed increased susceptibility to efflux (see Fig. S5 in the supplemental material).
Following model development and optimization, we then assessed the predictive
power of SERF to identify molecules susceptible to efflux. We used a test set of ~440
actives (of 1,480) that were excluded from the training set, of which 274 were pre-
dicted by SERF to be efflux susceptible. We curated these 274 molecules and assessed
their empirically measured potency in the wild-type and AtolC E. coli strains (Fig. 5A;
see Table S3 in the supplemental material). Based on the chosen cutoff for pumped
molecules (ECs, of <5 uM and wild-type EC,, of >50 uM), we observed that 260 of 274
(~95%) predicted molecules were validated, illustrating a high accuracy in the model’s
prediction (Fig. 5A). To determine the predictive power of SERF, we further assessed
the potency of the remaining 166 molecules (of 440) in the wild-type and AtolC strains.
Here, we noted 61 pumped molecules that were not reported by the model, revealing
an overall 80% (260/321) predictive power in identifying efflux-susceptible molecules
(Fig. 5B; see Table S4 in the supplemental material). In all, our analysis revealed that
molecular stability and hydrophobicity, as well as molecular branching and compact-
ness, contribute to efflux susceptibility. Furthermore, we designed the first random for-
est model (SERF) that analyzes the molecular descriptors of small molecules and identi-
fies those susceptible to efflux. The code for SERF can be accessed online to test other
small molecules for efflux susceptibility (https://github.com/sfrench007/serf).
Structure-activity relationship analyses reveal some structural modifications
that impact efflux susceptibility. To analyze the chemical space occupied by our
4,500 actives, we applied structure-based clustering using structural fingerprints. This
revealed ~15 to 20 self-organized clusters, consisting on average of 15 or more mole-
cules within a structural space (Fig. 6A). These clusters demonstrated distinct activity
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FIG 6 Structure-activity representation of the 4,500 actives from the primary screen. (A) Small molecules were clustered by
structural similarity with fragment-based fingerprints in DataWarrior (50), using a force-directed method of clustering within
the 2D space shown. Several clusters containing >15 molecules (neighbors) are seen from the primary screening data. The
points are colored by a fold change in ECy, between wild-type E. coli strain BW25113 and the mutant strain BW25113
AtolC. The sizes of the points indicate the structural similarity between a compound and its immediate neighbors. The
locations of the B-lactam cluster (black oval) and the hydroxyquinoline derivative cluster (red oval) are highlighted.
Structures of the common core for the (B) B-lactam cluster and (C) the hydroxyquinoline derivative cluster are shown.

cliff regions that highlight how structural modifications within a compound series of
molecules led to significant changes in biological activity (29). Some clusters were
occupied by molecules known for their susceptibility to efflux, such as B-lactams and
antifungals (Table 1; see Table S5 in the supplemental material). Notably, the B-lactam
cluster consisted of 11 penicillin-type antibiotics that further divided into five semisyn-
thetic B-lactamase-resistant penicillins (penicillins 1a to 4a and, 6a), four aminopenicil-
lins (penicillins 8a, 9b, 10c, and 11a), and two ureidopenicillins (penicillins 5a and 7a)
(Table 1). We assessed the local structure-activity relationship (SAR) of this B-lactam
cluster, where we observed, as expected, that the penam was the common core
among these penicillins (Fig. 6B and Table 1). Chemical modification of the acylamino
side chain at the a-carbon of the penam largely contributed to this activity cliff (Table
1). Specifically, the amide group was decorated with a phenyl-isoxazolyl (penicillins 1a
to 4a), naphthyl (penicillin 6a), or benzylamine (penicillins 5a, 7a, 8a, 9b, 10¢, 11a, and
12a) moiety. The high fold change in the potency of penicillins 1a to 4a and 6a sug-
gested that both phenyl-isoxazolyl and naphthyl moieties contribute to efflux suscepti-
bility (Table 1). Substituting these moieties with more polar benzylamine groups, on
the other hand, established antibacterial activity for most of the remaining penicillins
in the wild-type strain (Table 1). This lowered the fold change in potency and the peni-
cillin’s susceptibility to efflux (Table 1). Furthermore, compared to penicillins 1a to 4a
and 63, the lower hydrophobic character (clogP), an overall decrease in planar, or “flat,”
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TABLE 1 Structure, activity, and molecular descriptors of a B-lactam compound series®
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EC,, (xM) for E.
coli
Cmpnd Cmpnd name WT AtolC FC MW (g mol™") clogP PSA (A2 Fsp3 RSC HWI
1a Cloxacillin >50 1.47 >50 435.88 2.70 138 0.37 3 9,005
2a Dicloxacillin >50 2.88 >34.7 470.32 3.31 138 0.37 3 9,877
3a Oxacillin >50 3.15 >31.7 40143 2.10 138 0.37 3 8,143
4a Flucloxacillin >50 3.91 >25.6 453.87 2.80 138 0.37 3 9,877
5a Azlocillin >50 5.72 >17.5 461.49 0.312 173 0.45 5 12,535
6a Nafcillin >50 10.5 >9.49 41447 3.12 121 0.38 2 8,612
7a Piperacillin 253 2.31 10.9 517.55 —0.174 182 0.48 4 19,160
8a Metampicillin 14.9 1.82 8.19 361.41 0.542 124 0.41 5 5,716
9b Bacampicillin 30.7 7.13 4.31 465.51 1.29 163 0.52 4 15,846
10c Talampicillin 13.1 4.79 2.72 481.52 1.34 153 0.33 6 17,736
11a Hetacillin 418 1.57 2.67 389.46 —0.234 115 0.53 4 6,164

aCmpd, compound; WT, wild type; FC, fold change; PSA, polar surface area; Fsp?, ratio of sp* hybridized carbon atoms to total carbon atoms; RSC, resonant structure count;

HWI, hyper-Wiener index.

nature (Fsp3), and increased molecular stability (as measured by the resonant structure
count [RSC] at pH 7.0) of penicillins 8a, 9b, 10c, and 11a correlated with reduced efflux
susceptibility. Notably, where the resonant structure count for penicillins 7a, 9b, and
11a remains constant, increased molecular compactness, as observed by lower hyper-
Wiener indices (HWI [Table 1), reduces efflux susceptibility as well. In all, these results
suggest that the acylamino group at the a-carbon of penams and the overall hydro-
phobicity and reduced molecular complexity of penicillins contribute to their efflux
susceptibility in E. coli.

Additionally, we identified a cluster occupied by six hydroxyquinoline derivatives
(Fig. 6C), where the hydroxyquinoline core was decorated with different combinations
of halogen atoms on its phenol and pyridine moieties (Table 2). Although these chemi-
cal changes seem minor, addition of a chlorine atom to the ortho and para positions of
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TABLE 2 Structure, activity, and molecular descriptors of a hydroxyquinoline compound series?

Antimicrobial Agents and Chemotherapy
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13:R'=C|,R2=C|,R®=H
14:R'=Br, R®=Br,R*=H
16: R'=H,R?=Br,R*=H
16:R'=H,R?=C|,R3=H
17:R'=1,R2=CI,R3=H

EC,, (uM) for E.

coli
Cmpd Cmpd name WT AtolC FC MW (g mol™") clogP PSA (A2 Fsp3 RSC HWI
12 ID-0366 >50 0.644 >50 248.49 3.55 331 0.00 3 623
13 Chloroxine >50 14.9 >6.73 214.05 2.84 33.1 0.00 4 476
14 Broxyquinoline 3.72 0.168 221 302.95 3.08 33.1 0.00 4 476
15 ID-0763 16.1 141 1.4 224.06 2.36 331 0.00 4 370
16 Cloxyquin 11.7 217 5.39 179.6 2.24 331 0.00 4 370
17 Clioquinol 2.64 0.560 4.72 305.5 2.67 33.1 0.00 4 476

aCmpd, compound; WT, wild type; FC, fold change; PSA, polar surface area; Fsp?, ratio of sp® hybridized carbon atoms to total carbon atoms; RSC, resonant structure count;

HWI, hyper-Wiener index.

the phenol in compounds 12 and 13 abolished antibacterial activity in the wild type
and maintained efflux susceptibility (Table 2). Reducing the number of chlorine atoms to
one or none at these positions, however, established wild-type activity and decreased
efflux susceptibility of compounds 14 to 17 (Table 2). Here, these modifications revealed
that the addition of halogen atoms with low electronegativity to the phenol moiety
improved whole-cell activity and reduced susceptibility to efflux (Table 2). Furthermore,
decreasing the hydrophobic character (clogP of <3) reduced efflux susceptibility of com-
pounds 15 to 17 (Table 2). Overall, these results highlighted modifications to the aromatic
ring of hydroxyquinolines that affect their susceptibility to efflux.

The SAR and fold changes in potency available within the clusters highlighted
above revealed that some chemical modifications impact both whole-cell activity and
efflux susceptibility in E. coli. As such, structure-based clustering has the potential to
provide some guidelines for optimal antibacterial activity and efflux evasion.

DISCUSSION

There is a need to understand compound penetration in Gram-negative bacteria,
which consists of both outer membrane permeability and efflux evasion. There has
been much progress in recognizing the properties that contribute to penetration of
large chemical collections (14, 15, 19); however, the exact contribution of outer mem-
brane permeability and efflux remains unclear. Herein, we addressed the contribution of
efflux by using novel computational approaches to investigate the molecular descriptors
of some 4,500 actives from a small-molecule screen in efflux-compromised E. coli. We
applied principal-component analysis to visualize descriptors contributing to Gram-nega-
tive activity in the efflux-deficient E. coli AtolC strain and quantitatively assessed them
using a machine learning approach. In doing so, we designed a machine learning model
in order to identify descriptors governing efflux susceptibility of small molecules. The lat-
ter, referred to as Susceptibility to Efflux Random Forest (SERF), was further assessed for its
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predictive power to analyze the molecular descriptors of a set of small molecules and iden-
tify those susceptible to efflux pumps in silico. Notably, the model showed ~95% accuracy
in its prediction and had an overall predictive power of 80%. In all, this work presents the
first large-scale study implementing PCA and machine learning in order to further resolve
the contribution of efflux to compound penetration. Further, it provides the first machine
learning tool (SERF) that identifies small molecules susceptible to efflux pumps in silico.

In this study, we identified some 4,500 actives from a phenotypic screen in the
efflux-deficient E. coli AtolC strain. Dose-response potency analyses of these actives in
the wild-type E. coli strain and AtolC mutant revealed that a majority (~84%) lost anti-
bacterial activity in the wild type (efflux-dependent actives), suggesting high efflux sus-
ceptibility. Among these compounds were conventional antibiotics, including B-lac-
tams and macrolides, and other nonantibiotic drugs known to have cryptic
antibacterial activity. These findings further validated our work since these compounds
have been well recognized as efflux substrates in Gram-negative bacteria (18, 23-25).

A PCA of some 50 molecular descriptors for each of the efflux-dependent actives
and non-growth-inhibitory molecules from the primary screen highlighted nine molec-
ular descriptors that contribute to Gram-negative activity in efflux-compromised E. coli.
These descriptors largely encompassed measures of molecular size, hydrophobicity,
and molecular complexity. To quantify properties that contribute to Gram-negative ac-
tivity and those that influence efflux susceptibility, we designed two random forest
models. The first model addressed Gram-negative activity, highlighting that the anti-
bacterial activity of hydrophobic and planar molecules with relatively low stability was
limited to efflux-compromised E. coli. The second random forest model (SERF) assessed
efflux susceptibility, revealing that hydrophobic molecules with reduced branching,
compactness, and stability were most susceptible to efflux pumps. Overall, both ran-
dom forest models suggest that hydrophobicity and molecular stability impact Gram-
negative activity as well as efflux susceptibility. Furthermore, each model identified
descriptors of molecular complexity that impact each of these aspects, where the level
of saturation (Fsp3) governs antibacterial activity, potentially due to some influence
from efflux pumps, while branching and compactness (hyper-Wiener index) uniquely
affect efflux susceptibility.

The hydrophobic nature of efflux-susceptible Gram-negative antibacterials has been
recognized by Brown et al. (19). Recent analyses of the physicochemical properties of
some B-lactams, fluoroquinolones, and a subset of other antibiotics have shown that lipo-
philicity contributes to efflux susceptibility (21). Furthermore, O’'Shea and Moser (14) have
shown that Gram-negative antibiotics are more hydrophilic than other drugs. These stud-
ies validate our analyses, where we observed that the Gram-negative activity of hydropho-
bic molecules was abolished in efflux-proficient E. coli. The impact of molecular stability
and molecular complexity on efflux susceptibility, however, provides novel insight into
compound penetration. Particularly, planar, or “flat,” molecules with low molecular stability
lost their Gram-negative activity in efflux-proficient E. coli, while “unbranched” and “elon-
gated” molecules with low molecular stability showed increased susceptibility to efflux
pumps. These molecular descriptors highlight ideal efflux substrates that may result in
optimal binding to some efflux pumps in E. coli and their extrusion. Indeed, the outer
membrane channel, TolC, is a component of many tripartite efflux pumps, including the
well-characterized RND efflux pump AcrAB-TolC in E. coli (30). In addition to TolC, this mul-
tiple-component system consists of a periplasmic adaptor protein, AcrA, and an inner
membrane transporter, AcrB (17). Cocrystallization of AcrB with some molecules revealed
that it undergoes conformational cycling in order to bind and extrude molecules through
TolC (18, 24). Hydrophilic molecules tend to bind to the upper “crevice” of the distal
pocket, which is rich in hydrophilic and charged residues (30-32). On the other hand,
hydrophobic molecules interact with the phenylalanine-rich hydrophobic trap located in
the lower portion of the binding pocket (24, 33, 34). Molecular dynamics simulation studies
have suggested that a tight interaction with the hydrophobic trap distorts the binding
pocket and inhibits efflux, while a loose interaction facilitates binding and extrusion (30,
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32, 35). As such, our analyses suggest that hydrophobic molecules that are planar,
unbranched, and elongated may be ideal candidates for loose interactions with the
hydrophobic trap in AcrB. Furthermore, decreasing the molecular stability of such mole-
cules increases their reactivity, which may facilitate nonspecific binding and extrusion.

Additionally, we used the machine learning model SERF to predict, in silico, which
antibacterials would be susceptible to efflux pumps. For a set of some 440 actives,
SERF predicted that 274 molecules would be susceptible. Following empirical valida-
tion, we found that the prediction was ~95% accurate, and the model showed good
(80%) predictive power in identifying molecules susceptible to efflux. Overall, this high-
lights the potential of machine learning approaches to predict which compounds
could be susceptible to efflux. Where novel approaches to study and overcome efflux
are greatly required (10, 11, 36), SERF can be used as a tool to rapidly explore efflux
susceptibility of small molecules in silico. As such, our machine learning model pro-
vides an opportunity to systematically develop and synthesize a novel library of Gram-
negative antibacterial agents that could evade efflux pumps.

As for the structure-based clustering of the 4,500 actives, this analysis revealed ~15
to 20 self-organized clusters, consisting of 15 or more molecules on average, within a
self-organized structural space. We profiled the SAR within a cluster of B-lactams and
hydroxyquinoline derivatives with uncharacterized modes of action. The B-lactam clus-
ter consisted of penicillin-type antibiotics, including some five B-lactamase-resistant
penicillins, four aminopenicillins, and two ureidopenicillins. Modifications to the acyla-
mino moiety of these penicillins impacted their efflux susceptibility, where the phenyl-
isoxazolyl and naphthyl moieties of B-lactamase-resistant penicillins showed high sus-
ceptibility to efflux. Substituting these moieties with polar benzylamine groups as well as
decreasing the hydrophobicity of the antibiotic reduced efflux susceptibility of some ami-
nopenicillins and ureidopenicillins. Moreover, increasing the molecular complexity of these
antibiotics by reducing their “flat” nature as well as increasing their molecular stability and
compactness allows for better efflux evasion. Overall, this analysis highlights that chemical
substitutions along the acylamino group and changes in hydrophobicity and molecular
complexity may be key to efflux susceptibility for penicillins. Indeed, earlier modifications
of penicillins have shown that the B-lactamase-resistant penicillins are insensitive to hy-
drolysis by B-lactamases and susceptible to efflux (37-40). Further modifications largely
focused on substitutions to the acylamino moiety (37, 41), which yielded the aminopenicil-
lins and ureidopenicillins. Indeed, these penicillins have an extended activity spectrum
that encompasses some Pseudomonas spp. (41, 42). Although some remain susceptible to
efflux, these B-lactams have shown improved Gram-negative activity in efflux-proficient
strains (23, 42). Of practical note, acylamino groups decorated with benzylamines could be
used in medicinal chemistry efforts to assess for reduced efflux in other compound series.

The second cluster was composed of hydroxyquinoline derivatives exhibiting chem-
ical modification to their aromatic rings. Substitution of chlorines (compounds 12 and
13) with halogen atoms decreasing in electronegativity (compounds 14 to 17) largely
improved wild-type activity and decreased efflux susceptibility. A lower hydrophobic
character within this compound series, also, seemed to contribute to improved activity
in the wild type and reduced efflux. While hydrophobicity has been recognized for its
impact on Gram-negative activity and efflux susceptibility (14, 15, 19), the hydroxyqui-
noline cluster revealed that decorating aromatic rings with different halogen atoms
may lead to some changes in efflux susceptibility. In previous studies, compounds con-
taining halogenated aromatic moieties have been shown to improve antibacterial ac-
tivity in Gram-positive bacteria (43) and have been used as antibiotic adjuvants to
overcome colistin resistance in some ESKAPE pathogens (i.e.,, Enterococcus faecium,
Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas
aeruginosa, and Enterobacter species) (44). Here, we highlight the prospect of such moi-
eties to improve Gram-negative activity and reduce efflux susceptibility.

The empirical and computational approaches reported herein identified molecular
descriptors and structural modifications that advance our understanding of efflux
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susceptibility. Our work here illustrates that physicochemical properties and chemical
structures serve as guidelines for efflux, and combinations thereof generally define sub-
strate quality. Leveraging these properties, we developed the first machine learning tool
that can be used to assess efflux susceptibility of small molecules in silico. Further expan-
sion of guidelines for efflux, however, will come from additional assessment of compound
accumulation in Gram-negative bacteria, including those identified in this work.

Conclusion. Efflux pumps are major contributors to the intrinsic resistance of many
antibiotics in Gram-negative bacteria. These pumps have challenged the design of can-
didate molecules that would be otherwise efficacious in Gram-negative organisms.
Understanding the molecular descriptors of small molecules susceptible to efflux
pumps is important to overcome this challenge. Herein, we present a novel approach
to determine the physicochemical and structural spaces occupied by such molecules.
Multivariate analysis and a machine learning approach identified that hydrophobicity,
the level of saturation, and molecular stability contribute to Gram-negative activity yet
limit it to efflux-compromised E. coli. SERF, a second machine learning model, further
revealed that along with hydrophobicity and molecular stability, the extent of molecu-
lar branching and compactness is a key factor that also governs efflux susceptibility.
Additionally, SERF proved capable of predicting molecular efflux and is the first machine
learning tool to identify small molecules susceptible to efflux pumps in silico. Furthermore,
structure-activity relationship analyses revealed that some molecular side chains, and their
associated physicochemical properties, serve as triggers for efflux. In all, the results of this
work provide novel insight into the physicochemical properties and chemical structures
governing efflux in Gram-negative bacteria, which can be used to guide the design of
novel Gram-negative antimicrobials.

MATERIALS AND METHODS

Screen for antibacterial activity in the efflux-deficient E. coli AtolC strain. The strains used in this
study were E. coli BW25113 (wild type), the E. coli AtolC mutant (parent strain BW25113) (45), and
GKCW102 (E. coli BW25113 WT-Pore, provided by H. Zgurskaya, University of Oklahoma) (26). In all
experiments using wild-type E. coli and the Atol/C mutant, a mid-log culture in M9 minimal medium was
prepared as previously described (46) and used to prepare cells to a final working inoculum of ~10°
CFU/ml. In experiments using E. coli WT-Pore, cells were prepared as previously described (26), but with
0.5% arabinose and minimal medium. For the small-molecule screen, compounds were added to a 384-
well assay plate to a final concentration of 10 uM. Molecules, dissolved in dimethyl sulfoxide (DMSO),
were sourced from Enamine, ChemDiv, Asinex, ChemBridge, Maybridge, Sigma (Lopac), Prestwick,
Biomol, and Microsource. To these plates, a final working inoculum of the E. coli AtolC strain was added
to a final volume of 50 ul, and plates were incubated at 37°C for 18 h. All screens were performed in
duplicate. Liquid handling was performed using a Beckman Coulter FX” laboratory automated worksta-
tion and an Echo acoustic dispenser (Labcyte). After incubation, absorbance (optical density at 600 nm
[ODgy,)) of the 384-well assay plates was measured using a Perkin EImer EnVision plate reader.

Analysis of screening data. To reduce plate-to-plate variation, data from the OD,,, measurements
of each 384-well assay plate were rank ordered and the interquartile mean of each plate was calculated.
Data were first normalized on a per plate basis as previously described (47). To account for positional
effects, these data were further normalized by the interquartile mean of each well position as previously
described (47). A cutoff at three standard deviations below the mean was established to determine
actives, where any wells with values below this cutoff were considered actives.

Determination of antibacterial potency in dose. The E. coli wild-type, Ato/C mutant, and WT-Pore
strains were grown and prepared as described above. These cells were then added to an assay plate
containing half-log serial dilutions of one of the actives identified from the screen described above,
where concentrations ranged from 50 uM to 0 uM. Assay plates were then incubated at 37°C for 18 h,
and OD,,, was measured using a Tecan plate reader (Infinite M1000). Growth at each exposed concen-
tration was determined as G = G/G,,, where G, represents the growth in one of the wells exposed to the
different concentrations of the tested compound and G, represents the growth in the well that was not
exposed to the tested compound. A value of 0 represents no growth on the plate, and 1 represents no
growth inhibition. An EC, dose-response curve was then fit to the data using the four-parameter dose-
response model in GraphPad Prism in order to calculate the potency of a compound, based on the ratio
of wild-type EC,, to AtolC EC,, (wild-type ECy,/AtolC EC).

Calculation and principal-component analysis of molecular properties. Structures of all com-
pounds in this study exist as MOL file coordinates within compiled SDF files. All structures had three-
dimensional (3D) coordinates generated using cxcalc (ChemAxon), and the lowest-energy conformer
was chosen as the basis for molecular property calculations. All calculations were done using cxcalc in a
Linux terminal, with pH set to 7.0 where relevant. An initial principal-component analysis (PCA) was per-
formed as a means of dimensionality reduction, in order to visualize the actives from the primary screen
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within the chemical space of the screened molecules. The R statistical programming language (48) was
used here, with data appropriately scaled to eliminate bias from the different units and magnitudes of
chemical descriptors. Code and data set examples, including cxcalc commands used to generate the
chemical properties, can be found on GitHub (https://github.com/sfrench007/serf).

Machine learning and prediction of efflux susceptibility. Further exploring the importance of the
molecular descriptors specific to the 3,780 efflux-dependent actives, these molecules were used in a ran-
dom forest machine learning approach to explore the properties key to Gram-negative activity in the
efflux-deficient E. coli BW25113 AtolC strain. A binary (two-class) approach was used in creating a data
set to train a random forest model. In this, the 3,780 efflux-dependent actives were classified as “true”
and an equal number of randomly sampled inactive molecules from the screened collection were classi-
fied as “false.” This was performed in R, with the random forest learning done using the caret package
(49). Molecular descriptors that were redundant based on a similarity matrix (>85% similarity) were
removed from the model training set. The model was trained with 2,000 trees grown, 10 iterations, and
a two-class summary function for “true” and “false” identifications. Validation was done through
repeated random subsampling (70/30 split, training/test), with 10 repeats for each cross-validation. The
number of properties randomly sampled when splitting at each tree node was incrementally increased
and used to tune the optimal number of properties for the highest receiver operating characteristic
(ROCQ) value. The ROC is a measure of how well the model can classify, in this case, Gram-negative active
molecules. Upon training the model, molecular descriptors were ranked by their relative importance—
importance in that removing that descriptor from the training set would result in incorrect classification
and predictions. Frequency distributions for important descriptors were also examined, to visualize the
separations, or shifts, between the two phenotypes used in the model.

To explore molecular descriptors contributing to efflux susceptibility, a second random forest model
was created. This model used the same decision tree parameters as the previous model, this time com-
paring ~290 pumped actives (EC,, of <5uM and wild-type EC,, of >50 uM) and a random subset of
~290 nonpumped actives (fold change in potency of =2). This random forest model, called
Susceptibility to Efflux Random Forest (SERF), was tuned and evaluated in a similar manner to the first to
identify descriptors of importance to efflux. A set of ~440 actives was assessed by SERF to predict small
molecules susceptible to efflux. All code and data set examples can be found on GitHub (https://github
.com/sfrench007/serf).

Structure-activity relationship analysis. Dose-response curves from primary screening actives
(AtolC strain) were compared to dose-response curves of the wild-type strain. In this, EC,, values for
each dose-response curve were calculated and compared to obtain a fold change value. These fold
changes were tabulated along with chemical structure (as a MOL representation within an SDF file), and
structural fingerprints were calculated in DataWarrior (50). The fingerprints were based on a fragment
dictionary generated within DataWarrior, and a correlation matrix within the software compared all
4,507 actives in the data table. All active molecules are randomly placed within a 2D space, and force-
directed clustering is applied (50) based on the correlation matrix, bringing like molecules together into
groups. The result is a 2D structural representation of molecular connectivity, providing insights into the
functional groups that define efflux-susceptible and efflux-evading molecules.

Clusters of actives in Fig. 6 were more closely examined by breaking down the molecules to com-
mon structural cores and R-groups. This was done using DataWarrior, which calculated the common
core for each chemical analog within each group of molecules and generated a list of functional groups
added to that core. Using this method, several structure-activity relationship tables were generated, indi-
cating which functional groups had an impact on how well chemical analogs in each table were suscep-
tible to efflux.

SUPPLEMENTAL MATERIAL
Supplemental material is available online only.
SUPPLEMENTAL FILE 1, PDF file, 0.4 MB.
SUPPLEMENTAL FILE 2, XLSX file, 1.5 MB.
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