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1 | INTRODUCTION

| Sandra M. Aleixo®* | Luis P. Fonseca® |

Abstract

Structural modifications of known antibiotic scaffolds have kept the upper hand on
resistance, but we are on the verge of not having antibiotics for many common
infections. Mechanism-based discovery assays reveal novelty, exclude off-target li-
abilities, and guide lead optimization. For that, we developed a fast and automatable
protocol using high-throughput Fourier-transform infrared spectroscopy (FTIRS).
Metabolic fingerprints of Staphylococcus aureus and Escherichia coli exposed to
35 compounds, dissolved in dimethyl sulfoxide (DMSO) or water, were acquired. Our
data analysis pipeline identified biomarkers of off-target effects, optimized spectral
preprocessing, and identified the top-performing machine learning algorithms for
off-target liabilities and mechanism of action (MOA) identification. Spectral bands
with known biochemical associations more often yielded more significant bio-
markers of off-target liabilities when bacteria were exposed to compounds dissolved
in water than DMSO. Highly discriminative models distinguished compounds with
predominant off-target effects from antibiotics with well-defined MOA (AUROC >
0.87, AUPR >0.79, F1 > 0.81), and from the latter predicted their MOA (AUROC >
0.88, AUPR >0.70, F1>0.70). The compound solvent did not affect predictive
models. FTIRS is fast, simple, inexpensive, automatable, and highly effective at
predicting MOA and off-target liabilities. As such, FTIRS mechanism-based screening
assays can be applied for hit discovery and to guide lead optimization during the

early stages of antibiotic discovery.
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(Silver, 2011) has put humanity on the verge of not having ther-
apeutic options for many common infections. The challenge is finding

Thirty years from now, antibiotic-resistant infections will cause the
death of more people than cancer does now and carry a cumulative
cost of inaction in excess of $100 trillion (O'Neill, 2014). Structural
modifications of major antibiotic classes, mostly discovered with the
Waksman platform, filled the pipeline and temporarily outpaced re-
sistance (Lewis, 2013), but a discovery void since the late 1980s

novelty with the characteristics that make an ideal antibiotic (Singh
et al., 2017), namely high antimicrobial activity and very low toxicity
(Rolain & Baquero, 2016). In fact, nearly one-third of drug discovery
attrition is due to toxicity (Peter Guengerich, 2011). Antibiotics are
toxic due to structural homology between prokaryotes and the host,

or other undesirable off-target activity (Rudmann, 2013). Even
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candidates with sufficient antimicrobial activity and acceptable cy-
totoxic profiles might not be suitable for therapeutic use, as in vitro
activity often does not correlate with in vivo efficacy. The latter is
better understood by elucidating a compound's mechanism of action
(MOA) (Pethe et al., 2010). Also, shifting to a mechanism-based dis-
covery approach opens the door to gray chemical matter (Peach
et al., 2013), which could provide good candidates for medicinal
chemistry programs (Zoffmann et al., 2019). MOA identification can
also guide lead optimization by identifying structural modifications
that induce predominant off-target activity, that is, toxic compounds
(Cunningham et al., 2013). Although MOA identification is not ne-
cessary (Silver, 2016), it increases the probability of success of drug
discovery programs (Moffat et al., 2017).

Typically, MOA identification involves techniques that are either
slow, low-throughput, difficult to scale, costly, labor-intensive or a
combination thereof (Briffotaux et al, 2019; Chevereau &
Bollenbach, 2015; Cunningham et al., 2013; Ma et al., 2017; Nishiya
et al, 2017; Pathania et al., 2009; Phillips et al., 2011; Rock
et al., 2007; Zampieri et al., 2017; Zoffmann et al., 2019). Similarly,
off-target screening panels are inefficient, and often unpracticable, to
monitor safety profiles across successive generations of structural
derivatives. Also, these panels are biased toward known mechanisms
of toxicity; only probe one off-target interaction; and evaluate the
compound itself, not secondary metabolites (Brown et al., 2020). As
such, the quest for a fast, cheap, and automatable technique that can
be used for the systematic identification of MOA and exclusion of
toxic compounds continues. Fourier-transform infrared (FTIR) spec-
troscopy (FTIRS) is a technique with such characteristics that reflects
the vibrational energy of molecular bonds after their interaction with
infrared radiation, thereby revealing the atoms participating in said
bonds, which in turn conveys the molecular composition of biological
samples regarding nucleic acids, proteins, carbohydrates, lipids,
phospholipids, among others (Ribeiro da Cunha et al., 2020). FTIRS
conveys the molecular composition of samples with sufficient detail
that it is suitable for metabolic fingerprinting in general (Goodacre
et al., 2004), and specifically for identifying antibiotic-induced profiles
(Huleihel et al., 2009; Ribeiro da Cunha et al., 2019, 2020; Xuan
Nguyen et al.,, 2017). Recently, FTIRS has also been shown to be
sufficiently sensitive for screening animal DNA polymorphism
(Gomes Rios et al., 2021) as well as for detecting single mtDNA de-
letions, which can enable the diagnosis of mitochondrial myopathy in
clinical practice (Gervasoni et al., 2020). In addition, FTIRS sensitivity
extends beyond the molecular composition of samples through to
their structural and conformational features. Examples of this include
protein folding, biomembrane organization, and fluidity, as well as
nucleic acid conformation (Ribeiro da Cunha et al., 2020). In this
study, an FTIRS assay was developed to capture the metabolic fin-
gerprints induced by antibiotics and chemical stressors on Staphylo-
coccus aureus and Escherichia coli. The effect of the antibiotic solvent
was evaluated by exposing each bacterium to the compounds dis-
solved in water or dimethyl sulfoxide (DMSQ). A data analysis pipe-
line was implemented to identify biomarkers of off-target effects,
optimize spectral preprocessing, and select the top-performing

machine learning algorithms for the identification of off-target li-
abilities and MOA prediction.

2 | MATERIALS AND METHODS

2.1 | High-throughput spectra acquisition

Stock solutions of all compounds (Table S1) were prepared at 6 mM
either in water or DMSO (6% v/v). Five independent cultures of E. coli
(ATCC 33876) and S. aureus (ATCC 6538 P) were grown on 90 ml of
cation-adjusted Mueller-Hinton broth (VWR, Portugal) at 37°C,
250 rpm until early-exponential phase (~3h). Bacteria were cen-
trifuged at 3000 RCF for 10 min and resuspended in 6 ml of NaCl
0.9% to obtain an ABSgoo of 0.75 or 1.5 for E. coli and S. aureus,
respectively. Afterward, cells were dispensed on a 96-well microtiter
flat-bottomed polystyrene plate (60 ul/well), previously prepared
with 60 pl of 3x concentrated growth media and 60 ul of stock so-
lution. After a 2 h incubation at 37°C, 30 ul were transferred to an
infrared transparent ZnSe 96-well plate (Bruker) in triplicate, which
corresponded to mechanical replicates. ZnSe plates were dehydrated
for 1 h in a vacuum desiccator with abundant silica and inserted in an
HTS-XT module coupled to a Vertex-70 spectrometer (Bruker
Optics). Spectra were acquired in transmission mode and consisted of
40 coadded scans at a 4 cm™?! resolution. Raw spectra were exported
from the OPUS software (Bruker) as data point table files into MA-
TLAB (MathWorks) for subsequent analysis.

2.2 | Spectra quality control

Mechanical replicates consistently deemed outliers across different
quality control criteria were excluded from the data set. The biofilm
thickness, signal-to-noise ratio, and water vapor content were used
as quality control criteria (Lasch, 2012). Samples scoring above
gz + w % (g3 — q1) or below g1 + w x (g3 - q1), where w is the whisker
length (approximately +2.70) and g1 and g3 are the 25th and 75th
percentiles, for these three quality control criteria, were deemed
suspected outliers. If suspected outliers also scored above the 99%
confidence limit of a principal component analysis Hoteling's T2
(Rémer et al., 2008) they were considered outliers and removed from
the data set. No more than two mechanical replicates were con-
sidered outliers for any given sample. Mechanical replicates that
passed the quality control routines were averaged, so a single spec-

trum for each of the five biological replicates was used in subsequent

analysis.
2.3 | Statistical analysis for biomarker
identification

An automated script was developed, from a previously described
workflow (Marques et al., 2019), to identify biomarkers that
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distinguish, in mean terms, two populations by applying the most
suitable hypothesis tests to the corresponding independent groups of
observations. A detailed description is available in the Supporting
Information Materials. Parametric tests were preferred as they're
more powerful and are more likely to detect true differences. How-
ever, if their assumptions are not met, their results are not statistically
valid and may lead to inaccurate conclusions, so nonparametric tests
should be used (Chan, 2003; Ghasemi & Zahediasl, 2012; Kafadar &
Sheskin, 2006; Kaur & Kumar, 2015; Lang, 2004; Neideen &
Brasel, 2007). Nonparametric tests were also used when samples had
less than 20 observations as goodness-of-fit tests are unlikely to
detect non-normality (Noughabi & Arghami, 2011; Romao
et al., 2010; Royston, 1995; Yap & Sim, 2011). First, the Shapiro-Wilk
test, adjusted by Royston, was used to evaluate normality for samples
with at least 20 observations. Then, if both samples came from po-
pulations with normal distribution, an F test evaluated populational
equality of variances. If the population variances were equal, equality
of mean population values was evaluated with a two-sample T test;
otherwise, a Welsh T test was applied. If both samples did not come
from populations with normal distribution, one of two situations
occurred: either both had a size of at least 30, in which case the
parametric Z test was used to assess the equality of the mean po-
pulation values, given the central limit theorem; otherwise, both had
size less than 30 and the equality of the population medians was
evaluated with a non-parametric Mann-Whitney-Wilcoxon test.
Lastly, if one of the samples came from a population with normal
distribution and the other did not, then either the sample from the
non-normal population had less than thirty observations, in which
case the non-parametric Mann-Whitney-Wilcoxon test was used, or
if the sample from the non-normal population had more than 30
observations, again using the central limit theorem, the parametric Z
test was used to evaluate the equality of the mean population values.
The automated workflow was implemented using MATLAB. Irre-
spectively of the test used to evaluate the equality of mean or
median population values, if the null hypothesis is rejected then, in
mean terms, there are significant differences between the groups of
observations, and the ratio is considered a biomarker. All tests were

applied for a significance level of 5%.

2.4 | Preprocessing optimization and predictive
algorithms

Preprocessing aims to reduce the non-discriminatory sample-specific
component of the spectra while highlighting inter-replica variability
(Randolph, 2006). The most frequently used preprocessing algorithms
are the Savitzky-Golay (SG) filter and MSC, either in its extended
version (EMSC) or its extended version with replicate correction
(EMSCrep) (Martens et al., 2003). EMSCrep was applied using the
toolbox provided by Afseth and Kohler (2012). The performance of
these algorithms depends on their parametrization, which requires
extensive optimization (Zimmermann & Kohler, 2013). For that, a
previously described method was used to optimize preprocessing

DIOENGINEERIN

parameters (Ribeiro da Cunha et al., 2021). Machine learning models
were created with MATLAB's Classification Learner App using stan-
dard parameters and then developed with stand-alone scripts. Briefly,
Support Vector Machines (SVM) were used for one-vs-all multiclass
classification with either the linear, quadratic, cubic, fine Gaussian,
medium Gaussian or coarse Gaussian kernel function applied on
standardized data. For fine, medium, and coarse Gaussian, the kernel
scale was 11, 43, and 170 respectively, while for the other kernel
functions this was set to automatic. All SVM models are considered a
box constrain of level 1. K-Nearest Neighbor (KNN) was applied on
standardized data using the Euclidean distance with equal weight,
considering 1, 10, and 100 neighbors for the fine, medium, and KNN
respectively. Both the Cosine and Cubic KNN considered 10 neigh-
bors, while the distance metrics were the Cosine and Minkowski,
respectively. Weighted KNN applied squared inverse weights to a
Euclidean distance considering 10 neighbors. Additionally, ensemble
models of decision trees were determined using both the AdaBoost
and RSUBoost method with 30 learners at a rate of 0.1 and 20 splits,
and the Bag method, which uses random predictor selections at each
split (i.e., random forests) with 30 learners. Subspace ensembles were
determined for discriminant analysis and KNN considering a dimen-
sion of 14 subspaces and 30 or 1 learner, respectively. The dis-
criminant analysis considered the diagonal covariance matrix.
Accuracy was determined as the ratio between the predicted true
positives plus the true negatives over the total number of observa-
tions. Precision was calculated as the true positive rate over the true
positive rate plus the false positive rate. Recall, or sensitivity was
determined as the true positive rate over the sum of the true positive
rate plus the false-negative rate. Specificity was calculated as the true
negative rate over the sum of true negative plus false positives. The
receiver operating characteristic (ROC) and precision-recall (PR)

curves were calculated using MATLAB's perfcurve function.

3 | RESULTS

3.1 | Compound concentration, exposure duration,
library solvent, and other considerations

In addition to expanding the “screenable” chemical space to com-
pounds with lower antimicrobial activity, which are typically excluded
in the early stages of activity-based assays, the transition to
mechanism-based antibiotic discovery has other advantages. Effec-
tively, focusing first on MOA dismisses the burden of testing a range
of concentrations for each compound as identifying high-potency
candidates is no longer a prerequisite. Importantly, this does not
impair MOA resolution as a large spectrum of MOA can be detected
with FTIRS by exposing bacteria to a single concentration (Ribeiro da
Cunha et al.,, 2021). This implies faster and simpler workflows, re-
quiring less compound quantity and other consumables. In addition,
because the endpoint is no longer growth inhibition typically ob-
served after 16-24 h, shorter time-frames can be considered. Typi-

cally, metabolic profiles of antibiotic exposure are mostly generic
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FIGURE 1 Effect of compound concentration and exposure
duration on the mechanism of action prediction. Each data point
corresponds to the successful classification of a leave-one-out cross-
validated partial least squares discriminant analysis of Fourier-
transform infrared spectra of Escherichia coli (a) and Staphylococcus
aureus (b), after preprocessing with optimized parameters. Antibiotic
concentrations ranged from 1,000 uM (gray squares), 100 uM
(orange circles), and 10 uM (blue triangles)

during the initial 30 min, and become more specific 60 min after ex-
posure, and even more so 90min after exposure (Belenky
et al., 2015). These profiles become specific faster if the antibiotic
concentration is considerably higher than the minimum inhibitory
concentration (Hoerr et al., 2016).

Thus, the effect of compound concentration (10, 100, and 1 mM)
and exposure duration (1, 2, 3, and 4h) on MOA prediction was
evaluated (Figure 1). For that, FTIR spectra of E. coli and S. aureus
exposed to amoxicillin and ampicillin, kanamycin, and neomycin, as
well as sulfamethazine and sulfamethoxazole, were acquired. Spectral
preprocessing was optimized, and MOA was predicted with a Partial
Least Squares discriminant analysis (PLS-DA) after Leave-One-Out
Cross-Validation (LOO-CV). To ensure bacteria were exposed to the
same number of molecules, which is more pharmacologically re-
presentative of their relative potency, molar concentrations were
used. In fact, these should arguably become the standard dose sys-
tem (Chmielewska & Lamparczyk, 2008).

A 2 h exposure at the highest concentration was chosen as this
ensured perfect MOA prediction for both strains. FTIR spectra of
both bacteria were acquired after exposure to 35 compounds
(Table S1), 24 of which were antibiotics of 13 classes that act on 6
biosynthetic pathways. Importantly, most major classes used in sys-
temic therapy were included, which are highly desirable by the
pharmaceutical industry. Of the remaining compounds, eight were

chemical stressors, as examples of compounds predominantly with

off-target effects, and two were controls (the distribution of me-
chanistic categories of the compounds tested is available in
Figure S1).

The most commonly used solvent for large compound libraries,
DMSO, is known for altering permeability and interfering with re-
active oxygen species, which inhibits the rapid killing of some anti-
biotic classes and increases the potency of others, even at
concentrations as low as 1% (Mi et al., 2016). Alternatively, we ex-
plored water as a solvent. However, many molecules are not water-
soluble in their early stages of development, and although medicinal
chemistry programs often improve this (Wu et al., 2020), it could
strongly bias the assay. Although a single universal solvent would be
preferable for assay simplicity and throughput, all experiments were
conducted with both solvents. Interestingly, spectral differences
were more noticeable between different solvents than between
different bacteria (Figure 2).

In a typical FTIRS protocol, samples are washed, to remove the
growth media, and resuspended to a predetermined cell concentration,
which yields cleaner FTIR spectra with normalized biochemical con-
stituents. In this study, we opted to skip the washing step. This was done
to reduce the number of steps and thereby increase throughput, to en-
sure the spectra also reflect the extracellular components of the samples,
and to avoid nonspecific metabolic alterations induced by washing the
samples after compound-induced metabolic alterations, whose reflection
on the spectra we wanted to maximize. As such, bacteria were grown to
exponential phase, centrifuged, and concentrated to obtain adequate
biomass density for spectra acquisition. Only after this step were bacteria
incubated with the compound library dissolved in both solvents. After a
short incubation, when samples are typically washed, we opted to directly
transfer samples to an infrared transparent plate without washing and
FTIR spectra were quickly acquired. Due to its simplicity, and given the
sample layout was kept the same, our assay was fast and well-suited for
automation. Moreover, our assay ensured spectra were acquired from
bacteria exposed to the compound library with minimal manipulations,
thereby minimizing nonspecific alterations, which we believe yielded
more representative metabolic snapshots that resulted in increased MOA
resolution. On the downside, this approach meant spectra included a
“noise” component, which reflected the growth media composition, along
with the compound and its solvent. Although we cannot exclude the
effect of this “noise” component on MOA classification, the heterogeny
and size of our compound library ensured the robustness of the models
presented in this study. For instance, the structural heterogeneity within
compounds targeting protein synthesis, for instance, macrolides, ami-
noglycosides, and tetracycline, did not impede their similar MOA profiles,
which suggests these profiles are based not on the presence of the

compounds, but rather on their effect on the bacterial metabolism.

3.2 | Biomarkers of off-target effects

Spectral band ratios were built from all combinations of FTIR spectra
bands with a well-established biochemical assignment (Maquelin
et al, 2002; Ribeiro da Cunha et al., 2020) (Table 1). Before
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FIGURE 2 Fourier-transform infrared spectra of Staphylococcus aureus (black and blue) and Escherichia coli (red and green) after exposure to
enrofloxacin dissolved in water (black and red) or DMSO (blue and green). Spectra are averages of five biological replicates after preprocessing
with baseline correction, normalization and extended multiplicative scatter correction with replicate correction. DMSO, dimethyl sulfoxide

calculating spectral ratios, raw spectra were preprocessed with offset
correction and EMSCrep. A total of 870 spectral ratios were ana-
lyzed. Of these, spectra of S. aureus exposed to compounds dissolved
in water yielded 639 biomarkers, and 60 biomarkers when com-
pounds were dissolved in DMSO. Similarly, spectra of E. coli exposed
to compounds dissolved in water yielded 602 biomarkers and
44 when dissolved in DMSO. Despite the drastic effect of the solvent
on the number of ratios that are deemed biomarkers, this alone is not
very informative. Therefore, for a given band present in at least one
biomarker, the inverse of the p value of all biomarkers to which said
band contributed was summed. As such, this band importance in
biomarker (BIB) score reflects the frequency and weight of a given
band across all biomarkers. Bands that more frequently yielded more

significant biomarkers presented a higher BIB score. In turn, this al-
lows mapping the spectral origin of the biomarkers for either of the
four datasets (Figure 3).

Greater differences in the BIB score were found depending on
the compound library solvent than the bacterial model. When water
was the solvent, the three most relevant bands were 1380, 1466, and
1455 cm™?, which correspond to the stretching of methyl groups
habitually found in lipids; to the asymmetric bending of methyl
groups commonly found in lipids and proteins; and the asymmetric
bending of methylene groups typically found in lipids and proteins,
respectively. However, these bands had a neglectable or zero BIB
score when DMSO was the solvent. In this case, the most significant
bands were less coherent across both bacterial models. Here, the
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Biochemical assignment

Amide A

Amide B

Lipids

Lipids

Lipids

Lipids

Phospholipid esters

Amide | (antiparallel pleated
sheets and a-turns)

Amide | (a-helical structures)
Amide |

Amide | (B-pleated -sheet
structures)

Amide I
Tyrosine
Lipids and proteins
Lipids and proteins

Phospholipids, fatty acids,
triglycerides

DNA, RNA, phospholipid,
phosphorylated protein

Carbohydrates
RNA ribose
RNA ribose

DNA, RNA, phospholipid,
phosphorylated proteins

Phosphate ester
Carbohydrates

DNA and RNA ribose
DNA and RNA
Phosphorylated proteins
Phosphorylated proteins
Fingerprint region

Fingerprint region

Note: Vibrational modes: v, stretching; y, wagging, twisting, and rocking; 6, bending; and def,

deformation. Where as, asymmetrical and s, symmetrical.

three most relevant bands were 1680, 3100, and 2920cm™ for
S. aureus or 1120 cm™ for E. coli. These bands are typically associated
with antiparallel pleated sheets and a-turns of Amide I; the stretching
of the N-H bond of Amide B; the asymmetric stretching of methylene
groups associated with lipids, or the stretching of the C-O bond

TABLE 1

Common biochemical

assignments of the vibrational modes
detected with Fourier-transform infrared

spectroscopy

typically found in RNA ribose, respectively. Moreover, for the same
solvent, S. aureus spectral ratios yielded more biomarkers than those
of E. coli. In theory, an experimental protocol that is sensitive to a
wider range of metabolic alterations, which in this case translates to
higher BIB scores, should be better suited for the fast exclusion of
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FIGURE 3 BIB scores revealing the contribution of biochemically relevant spectral bands to all identified biomarkers of off-target effects,
that is, spectral ratios with statistically significant differences in mean terms, for FTIR spectra of Staphylococcus aureus (black and blue) and
Escherichia coli (red and green) exposed to the compound library dissolved in water (black and red) or DMSO (blue and green). BIB, band
importance in biomarker; DMSO, dimethyl sulfoxide; FTIR, Fourier-transform infrared

compounds with off-target effects. However, in a practical sense, this
proposition is only useful if it can be validated in a predictive

scenario.

3.3 | Distinguishing on- and off-target effects

To evaluate the ability of the proposed assay in predicting off-target
effects, various machine learning algorithms were applied to spectra
preprocessed with optimized parameters. As EMSCrep combined
with second derivative filtering was revealed consistently superior to
other forms of MSC and derivative orders, other combinations were
not considered during preprocessing optimization. The optimized
preprocessing parametrization was identified (Figure S2) for each
data set, that is, spectra of S. aureus exposed to compounds dissolved
in water, spectra of S. aureus exposed to compounds dissolved in
DMSO, and likewise for E. coli. Moreover, the PLS-DA models built
for preprocessing optimization revealed uninformative spectral re-
gions (i.e., VIP score <1), which were removed to obtain more robust
models and further reduce computation time.

Then, various parametrizations of different machine learning al-
gorithms were applied to each data set, whose accuracy of LOO-CV
samples was generally coherent within each data set (Table S2).
Minimizing computation time was important as this allowed in-
creasing the number of folds for subsequent cross-validation, which
is advantageous as it translates to more training samples that better
reflect the underlying sample distribution. Although external valida-
tion is widely regarded as a more suitable method to estimate the
predictive capability of a given model, it is highly dependent on the
random data splits, often yielding unstable estimates. In addition,
LOO-CV has been shown to perform better than other k-fold and

external validation algorithms when dealing with small-sample high-
dimensional chemometric data (Majumdar & Basak, 2018).

As such, each sample was predicted exactly once using the most
accurate algorithm for its data set, and the posterior probability that
it belongs to the positive class, that is, predominant off-target effects,
was used to construct the ROC and PR curves shown on Figure 4a,b,
from which the F1-score was determined across a range of decision
cut-offs (Figure 4c). Although ROC curves are typically used to
evaluate a classifiers’ performance across decision thresholds, PR
curves are often more informative when the data is skewed (Davis &
Goadrich, 2016) or when there are few positive cases (Bleakley
et al., 2007). Similarly, the F1-score was determined as it provides an
estimation of accuracy in a way that is less sensitive to class im-
balances, and because it penalizes extreme values.

These indicators revealed that using the same solvent, slightly
better predictions were obtained with the E. coli datasets than with
the S. aureus datasets. Moreover, for the E. coli data set, using water
as a solvent for the compound library yielded marginally better per-
formance, although the opposite occurred with the S. aureus data set.
It is also interesting to note that the F1 scores follow a similar trend
as FTIR spectra, that is, higher similarities were found between dif-
ferent bacteria exposed to the same solvent than between the same
bacteria exposed to different solvents. Most importantly, neither the
compound library solvent nor the bacterial model, had a drastic effect
on the ability to distinguish on-and off-target effects, as could be
expected considering the observed BIB scores. In the end, the co-
herent performance indicators suggest that FTIR spectra provide a
sufficiently unique phenotypic fingerprint that enables the fast dis-
tinction between bacteria exposed to compounds with predominant
off-target effects from those exposed to antibiotics with a well-
defined MOA.
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FIGURE 4 Ability to distinguish antibiotics with well-defined MOA from compounds with predominant off-target effects. The precision-
recall curve (a), along the receiver operating characteristic curve (b), and the F1-score across different decision cut-offs (c) were determined
after leave-one-out cross-validation. Machine learning was applied to FTIR spectra of Staphylococcus aureus (black and blue), and Escherichia
coli (red and green) exposed to the compound library dissolved in water (black and red) or DMSO (blue and green) after preprocessing with
optimized parameters (d). DMSO, dimethyl sulfoxide; MOA, mechanism of action

3.4 | Guiding medicinal chemistry programs: fast
classification of antibiotics MOA

In addition to distinguishing on- versus off-target activity, the fast iden-
tification of off-target liabilities can also be achieved by probing the
mechanistic category of antibiotics. For that, the optimized preprocessing
parameters, followed by removing uninformative spectral regions, used
for distinguishing on- and off-target effects, were used. The most accu-
rate machine learning algorithm, and its parameters, was identified for
each data set after LOO-CV (Table S3), which in this case were ensembles
of subspace discriminant classifiers across the four datasets.

Due to the fast classification of antibiotics MOA is a multiclass
prediction problem, a one-versus-all approach was used. As such, ROC
and PR curves, as well as F1 scores, were determined for each MOA
(Figure S3). Figure 5 presents the area under each curve, as well as the
maximum F1-score obtained for each MOA category, and for each data
set. Here, it seems that the MOA involving the inhibition of folic acid,
mycolic acid and RNA were more challenging to predict. Although this
mechanism-specific underperformance was evident in the area under the
ROC curve (Figure 4a), it was not as notorious in the area under the PR
curve and maximum F-score (Figure 5b,c). One possible reason for this is
that the latter are less sensitive to class imbalances and skewed datasets,
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FIGURE 5 Ability to predict antibiotic mechanistic categories,
namely those that target the CW, DNA, FoA, MyA, Pro, RNA, and Ctr.
The area under the PR curve (a), as well as under the ROC curve (b),
along the maximum F1-score (c) were determined with leave-one-out
cross-validation of ensembles of subspace discriminant classifiers
applied to FTIR spectra of Staphylococcus aureus (black and blue) and
Escherichia coli (red and green) exposed to the compound library
dissolved in water (black and red) or DMSO (blue and green) after
preprocessing with optimized parameters. CW, cell wall; Ctr, control;
DMSO, dimethyl sulfoxide; FoA, folic acid; MyA, mycolic acid; PR,
precision-recall; Pro, protein; ROC, receiver operating characteristic

and therefore provided a more accurate description of the models' per-
formance, which were overestimated by the ROC curves. Alternatively,
since these were the mechanistic categories with fewer representative
antibiotics, it could be that this mechanism-specific underperformance
was due to class under-representation. However, the fact that there were
as many representatives of the control category as those of the RNA
category suggests otherwise.

Moreover, it could also be that these MOA are in fact more
challenging to predict. For instance, the inhibition of folic acid by
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sulfonamides induces a thymineless death, whose mechanism could
be similar to a stalled replication fork (Kuong & Kuzminov, 2010), in
which case it would resemble the MOA of other DNA synthesis in-
hibitors such as fluoroquinolones. Similarly, the MOA of isoniazid,
which is assumed to be related to the inhibition of mycolic acid
synthesis, also impairs the electron transport chain via the accumu-
lation of reactive oxygen species (Zeng et al., 2019). These have been
shown to be correlated with the bactericidal activity of various an-
tibiotics (Belenky et al., 2015), and could therefore yield fingerprints
where unspecific response mechanisms overshadow antibiotic-
specific events, which could result in poorer MOA prediction.

In general, the models constructed were well suited for the fast
classification of antibiotics MOA. As no single data set outperformed
the remainder, neither the model bacteria nor solvent had a sub-
stantial effect on the global predictive performance, as observed for
the distinction of on- versus off-target effects. Ultimately, this sug-
gests that phenotypic fingerprints acquired with FTIRS capture the
complex biological response when bacteria are exposed to antibiotics
of different mechanistic categories and can be used to accurately
predict their MOA beyond a given bacterial model or compound li-

brary solvent.

4 | DISCUSSION

FTIRS has been shown to detect antibiotic-induced profiles that
elucidate their MOA (Huleihel et al., 2009; Ribeiro da Cunha
et al.,, 2019, 2020; Xuan Nguyen et al., 2017). In addition to the
prediction of both known and simulated novel MOA, we have shown
that FTIRS can be used to estimate potency and to probe the gray
chemical matter (Ribeiro da Cunha et al., 2021). In this study, we
developed and streamlined a protocol for the fast exclusion of off-
target liabilities. This involved minimizing the number of steps, and
reducing their duration while ensuring accurate MOA identification.
As such, our assay required short cultivation, exposure, sample de-
hydration, and FTIR spectra acquisition. This means that from frozen
bacterial stocks all the way through to exported spectra files took less
than 12h, with a hands-on time around 1h. In comparison, a
streamlined high-throughput metabolomics protocol took at least 2
full days (Zampieri et al., 2018).

First, we developed an automated workflow comprised of a
series of hypothesis tests to determine the BIB score of the spectral
bands with common biochemical associations. This confirmed that
FTIR spectra had intrinsic patterns that reflect the different biological
phenomena occurring when bacteria are exposed to antibiotics ver-
sus those that occur upon exposure to chemical stressors. Im-
portantly, this was a good starting point before machine learning
techniques, whose interpretation becomes increasingly complex as
algorithms rely on abstract mathematical relationships to extract
patterns that are “suggested” by the user, thereby blurring the re-
lationship between data and biological events.

Then, optimally preprocessed FTIR spectra were analyzed with
different machine learning classifiers to predict on- and off-target
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effects. Our data analysis pipeline ensured that the sample-specific
spectral component was highlighted for each data set, and the most
accurate machine learning algorithm was applied. As such, robust
performance indicators of different nature, that is, the area under the
ROC and PR curves, along the F1-score were achieved for each data
set. The same data analysis pipeline was applied to predict the MOA
of the previously identified antibiotics, and notwithstanding a slight
performance hit, the resulting models were successful in predicting
MOA across the mechanistic categories tested. Although larger
compound libraries need to be considered, FTIRS seems to be well
suited to rapidly distinguish metabolic profiles induced by chemical
stressors from the profiles induced by antibiotics with well-defined
MOA, and from the latter predict their mechanistic category.

It is interesting to note that visual inspection of the spectra re-
vealed greater similarities between E. coli and S. aureus exposed to
enrofloxacin dissolved in each of the solvents, than between spectra
of either bacterium exposed to the antibiotic dissolved in different
solvents. This suggests that the solvent affected the specific
antibiotic-induced metabolic alterations. This observation was co-
herent with the spectral bands that most often, and with greater
significance, contributed to biomarkers of off-target effects from
which we hypothesized that the experimental setup that reveals a
wider range of statistically significant biochemical alterations should
be better suited for the fast exclusion of compound with off-target
effects. However, neither the compound library solvent nor the
bacterial model had a drastic effect on the ability to distinguish on-
and off-target effects or to predict the MOA of the antibiotics tested.
This is particularly relevant because other techniques are sensitive to
the metabolic effect of DMSO (Hoerr et al., 2016); as FTIRS is not, it
avoids additional steps to stabilize the metabolism that are often not
sufficient to avoid divergent metabolic profiles across similar samples,
which degrades the quality of MOA profiles and subsequent pre-
dictive models.

This suggests that FTIRS is a robust technique that could be used
for the rapid exclusion of compounds with predominant off-target
activity, and simultaneously provides valuable insight into the MOA
of compounds, even if only at the level of the major biosynthetic
pathway. This level of sensitivity has proven to be sufficient to guide
lead optimization (Cunningham et al., 2013); for example, it is
equivalent to macromolecular accumulation assays, whose utility is
not to pinpoint MOA, but rather as a simple and fast preliminary
screening assay. As our protocol is fast, simple, inexpensive, and
highly automatable, it can be used to monitor MOA profiles and
thereby rapidly exclude off-target liabilities, which typically arise
during medicinal chemistry efforts, before considerable efforts are
put into their development and optimization. As such, FTIRS can fuel
a new generation of mechanism-based screening assays that could be
an invaluable tool for the early stages of antibiotic discovery.
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