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Antibiotic resistance represents a growing global health crisis, diminishing the effectiveness of
existing treatments and accelerating the emergence of multidrug-resistant bacterial strains. In this
study, we present a mathematical framework for systematically characterizing data sets of collateral
sensitivity patterns in evolving drug-resistant bacterial populations. This formalization is implemented
in an open-source computational platform providing an intuitive and accessible in silico tool for data-
driven antibiotic selection. By leveraging this approach, we can rapidly identify a therapeutic regimen
that minimizes the risk of resistance evolution. The utility of this framework is demonstrated by
highlighting the failure of antibiotic therapy in chronic Pseudomonas aeruginosa infections. Our
approach offers a scalable strategy for navigating bacterial evolutionary landscapes and delineates
key conditions under which sequential antibiotic therapies are prone to failure.

The silent pandemic of antibiotic resistance is a pressing global health crisis,
causing a high death toll'™. While the discovery of new classes of antibiotics
would be important, it is most likely that clinical resistance would evolve
within years or decades™.

Based on this scenario, a foundational interrogative would be if we can
develop strategies for better treatment by using our current arsenal of
antibiotics. Addressing this question would require the effective forecasting
of bacterial evolution to personalized therapies known as “Evolutionary
Therapies™. Examples of this could be scheduling the order of antibiotics to
take advantage of predictable patterns of bacterial evolution. This technol-
ogy will enable stakeholders to empirically evaluate the risks associated with
resistance evolution before drug administration’. To reach this quixotic but
worthwhile endeavor, we need to develop computational models and ana-
Iytical tools to predict how antibiotic resistance will likely evolve'*"".

Evolutionary therapies have been developed by applying optimization
methods to mathematical models of the evolving system'*"*. Most antibiotic
cycling strategies have been determined by linking dynamical models to
fitness landscapes'>'*'>'**”, Other promising approaches are those based on
reinforcement learning approaches, e.g.,”’, which are capable of learning
effective drug cycling protocols. However, most machine learning algo-
rithms require large data sets, thus basing the training on dynamically
measured fitness landscapes. Another key obstacle from previous

computational approaches is the assumption of a singular protein landscape
- ignoring the inherent complexity of epistasis in both amino acid-, and
gene-interactive networks. While this can facilitate analysis by Markov
models™ and other machine learning tools™, the evolutionary constraint is
limited to a number of mutations.

Collateral sensitivity, a phenomenon where a bacterium that has
developed resistance to one antibiotic becomes more susceptible to another
antibiotic, usually in a reversal of resistance phenotype. For example, a loss-
of-function mutation in the efflux pump regulator NfxB in Pseudomonas
aeruginosa leads to over-expression of the efflux pump MexCD-Opr],
granting ciprofloxacin resistance while simultaneously exhibiting collateral
sensitivity to aminoglycosides’. These relationships are considered a
potential key evolutionary loophole that can be exploited clinically, to
combat antibiotic resistance with implications in the treatment of chronic
infections, including long-term intensive care unit patients””. In such
cases, disease-causing pathogens evade clearance by antibiotics and/or
immune components. This can be due to multiple reasons, including but not
limited to resistance mutations, bacterial persistence, and biofilm formation.
Sequential antibiotic cycling has been used clinically to try to mitigate
chronic infections, with mixed, albeit similar success rates as compared to
antimicrobial combinations®. As chronicity would imply failure of clear-
ance by two or more treatment regimens, collateral sensitivity consideration
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Fig. 1 | Interactive Collateral Sensitivity Platform.
The computational platform requires the integra-
tion of MIC fold changes of the studied population
as well as the selection of antibiotics to be evaluated
(Step 1). Ternary plots are developed in Step 2 to
identify the best selection of antibiotics to maximize
collateral sensitivity. Based on the selection of anti-
biotics, a network model is constructed in Step 3.
Ultimately, the network-based model is converted to

W
LM

L}
a parametrizable dynamic model to optimize cycling

therapies (Step 4). Predictions will highlight the
potential failure of a cycling therapy (Step 5).
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could prove to be invaluable for cases and infection types where standard
treatment protocols have failed”'. For this reason, we zoom in on chronic
infections such as Pseudomonas aeruginosa lung infections, Gram negative
pathogens involved in recurrent urinary tract infections, and Staphylococcus
aureus cellulitis as a few examples. Cycling antibiotics based on collateral
sensitivity presents an exceptional evolutionary therapy to tackle antibiotic
resistance”’. However, scheduling the order and time of antibiotics by trial
and error is not feasible.

Recent mathematical models show that collateral sensitivity-
based dosing schedules could predict an effective antibiotic scheduling for
suppression of within-host emergence of antibiotic resistance. The main
drawback of previous modeling efforts is that they consider only hypothe-
tical populations, i.e., they are not data-driven.

In this paper, we conceive the mathematical formalization and its
corresponding computational platform openly shared under FAIR
principles™, that performs data-driven prediction, to highlight the failure of
a sequential combination of drugs, See Fig. 1. To utilize this platform,
experiments where adaptive laboratory evolution to single drug resistance
and subsequent changes in minimum inhibitory concentration, MIC,
towards all other drugs under clinical consideration. Specifically, this fra-
mework was informed by chromosomal mutation data from ref. 35 and
their results following the above-mentioned experimental procedure. To
our knowledge, this is the first scalable framework to navigate collateral
sensitivity to streamline antibiotic cycling. While our approach has limita-
tions in predicting success, drugs that fail in this approach would fail in a
realistic scenario.

18,32,33

Results

Our main contribution is the mathematical formalization of collateral
sensitivity integrated into an intuitive and easy-to-use computational tool
(Fig. 1) that serves to (i) avoid the selection of antibiotics that will trigger the
emergence of a multi-resistant strain; (ii) derive data-driven dynamical

models to navigate a subspace of the evolution landscape; and (iii) highlight
antibiotic sequential failure.

It is worth emphasizing that our approach is based on a multi-
variable switched system of ordinary differential equations, which
considers an instantaneous effect when a given drug is provided. While
this approach is limited to providing the best sequence of drugs to
eradicate a population, our predictions can highlight which antibiotics
and therapeutic sequences to use in order to avoid triggering resistance.
Thus, this platform would offer a conservative scenario. That is, if a
drug combination fails within our platform, the same combination
would fail if other clinical or microbiological criteria were included,
such as pharmacodynamics and pharmacokinetics.

Our computational framework requires data as shown in Fig. 2, which
shows drug susceptibility profiles of antibiotic-resistant bacteria relative to
wild-type bacteria. The data set represents MIC fold changes of P. aerugi-
nosa (PA01)” to 24 antibiotics (see Fig. 2); red for MIC fold increase (Cross-
resistance, CR); blue for decrease (collateral sensitivity, CS); and gray for no
change (insensitive, IN). The data set” was generated by evolving P. aeru-
ginosa under drug exposure and characterization of the evolved resistance
profile towards all other drugs in their study. Phenotypic susceptibility
assays and whole genome sequencing were used to identify mutations
associated with each resistance development. Subsequently, previous work™
tested the susceptibility of resistant strains to alternative antibiotics by
identifying instances of collateral sensitivity — where resistance to one drug
increased susceptibility to another.

Mathematical formalism of collateral sensitivity

From collateral sensitivity observations™, we can assume that the use of an
antibiotic A will lead to the development of resistance to said antibiotic A. At
the same time, the new population will be susceptible to an alternative
antibiotic B, although initially resistant to antibiotic B. By this reasoning, any
given collateral sensitivity, CS, can counteract a given resistance, R, to an
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alternative drug. This relationship can be algebraically summarized as fol-
lows:

R:CS— S (1)

This is a nontrivial operation that requires careful consideration of the
MIC fold differences needed to transition between what is defined as R
(resistant) and S (susceptible) states. In our Methods section, we establish
the mathematical details and assumptions to fulfill six evolutionary out-
comesR: CS — S§;R: CR — R;R: IN — R;S: CS — S; S: CR — R;and S: IN —
S, relative to two states R and S for a variant, and three possible interactions
CS (Collateral Sensitivity), CR (Cross-Resistance) and IN (Insensitive) for
the antibiotics.
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Fig. 2 | Collateral sensitivity plot for P. aeruginosa chronic infections. This plot is
generated from experimental data from ref. 35. Rows delineate the profiles of a drug-
evolved resistant strain. Each box represents the change in minimum inhibitory
concentration (MIC) for PAOI on the column drug, with color indicating if evolved
resistance to the row drug altered the MIC on the column drug compared to WT.
Cross-resistance (CR) in red, collateral sensitivity (CS) in blue, and insensitive (IN)
in gray.
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Fig. 3 | Example of inadequate antibiotics selection. The cycling protocol for
antibiotics Fosfomycin (FOS), Ceftazidime (CFZ), Amikacin (AMI), and Dox-
yeycline (DOX) consistently fails. A Collateral sensitivity plot of P. aeruginosa for
antibiotics F = FOS, C = CFZ, A = AMI, and D = DOX, cross-resistance in red,
collateral sensitivity in blue and insensitive in grey (data from™). B Evolutionary
network associated with interactions between drugs F, C, A and D, for a popu-
lation originally composed of the wild-type FsCsAsDs. The network uses collateral
sensitivity data to show how drug stress promotes the selection of a specific

FrCsAsDy ~ FsCrAsDy

As an illustrative example of the incorrect selection of antibiotics, Fig. 3
shows the effect of the interactions between antibiotics Fosformycin- FOS (F),
Ceftazidime - CFZ (C), Amikacin-AMI (A) and Doxycycline-DOX (D) on
bacterial multiplication. Fig. 3A shows the collateral sensitivity plot of P.
aeruginosa for these four antibiotics, extracted from the heatmap in Fig. 2.
Observe in Fig. 3B how the wild-type strain FsCsAsDs (susceptible to all
drugs) is affected by antibiotic AMI (third row in the plot of Fig. 3A):
because AMI shows CR towards DOX, the susceptibility of the wild-type to
drug DOX, FsCsAsDs, develops resistance against DOX, F,C,ArDg,
obtained by S: CR — R (the network is phenotype-based; an arrow A shows
evolution under drug A exposure, and the resulting node displays resistance/
sensitivity to other antibiotics). The “?” symbol reflects that our analysis has
not yet focused on those drugs. Considering now the corresponding
operation for drugs FOS and CFZ, a trend towards the strain FRCsArDr can
be predicted, as depicted in Fig. 3B. The evolution of a population initially
composed of the wild-type (10° number of bacteria) leads to the emergence
of multidrug resistance, specifically the FRCrArDy variant, as observed after
12 days in Fig. 3C (red curve). This drives the exponential growth of the total
population—which comprises the sum of all variants present in the evo-
lutionary network—after day 21 (blue curve). In the computational simu-
lations shown in Fig. 3C, which are based on Equation (11) described in
Methods, each antibiotic exposure lasts 3 days per cycle for a total duration
of 39 days.

Ternary diagrams for drug selection

Ternary diagrams provide a robust analytical framework for identifying
optimal drug combinations within proximity of predefined therapeutic
targets. The target position represents the desired proportional balance of
collateral sensitivity, cross-resistance, and insensitive interactions among
selected antibiotics.

The spatial coordinates within the ternary plots in Fig. 4, quantitatively
reflect the interaction profile of each antibiotic through three orthogonal
axes: collateral sensitivity (CS, depicted in blue), cross-resistance (CR,
depicted in red), and insensitive interactions (IN, depicted in black). The
proportional coordinates are calculated as the ratio of observed interaction
type to the total number of evaluated antibiotics. For instance, in Fig. 4D,
colistin (COL) occupies coordinates (CS, CR, IN) = (0.66, 0.33, 0), where the
CS value of 0.66 represents the fraction of collateral sensitivity interactions
relative to the total antibiotic panel (n = 3: colistin, carbenicillin, and
aztreonam). This quantitative positioning enables systematic identification
of antibiotic combinations that approximate desired therapeutic interaction
profiles.

Our computational platform demonstrates optimal three-drug ther-
apeutic combinations across six distinct targets within the ternary
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bacterial variant. C. Dynamic evolution of the total population x7 (blue) and the
multidrug resistant variant FxCrArDg (red), under a cycling protocol treatment.
The cycle is defined by the ordered set FOS — CFZ — AMI — DOX, with a
duration of 3 days per drug over a total exposure period of 39 days. The una-
voidable escape of the population is attributed to multidrug resistant variant
FrCrARDg. The multidrug resistant variant FRCrArDg, arises and grows expo-
nentially after 12 days of sequential exposure to the antibiotics, leading to bac-
terial escape.

npj Antimicrobials & Resistance| (2025)3:90


www.nature.com/npjamar

https://doi.org/10.1038/s44259-025-00160-w

Article

A. COLLATERAL SENSITIVITY B. CROSS-RESISTANCE
N

1

C. INSENSITIVE

[}
R4

Insensitive

0
Insensitive

D. COLLATERAL SENSITIVITY
& CROSS-RESISTANCE
Q

1

% 2

E. CROSS-RESISTANCE
& INSENSITIVE

2024
=l
T2 |
cOo ~
gg 18
o wn
s 1485
\Q, o
Insensitive
o X
F. COLLATERAL SENSITIVITY % -
& INSENSITIVE w ~
1 Q

0

Therapeutic
Combinations

X

Target

0. o
2 % % @,

o
‘§
Insensitive

Insensitive

Fig. 4 | Ternary optimization for selection of three antibiotics. For three anti-
biotics, 2,024 different combinations are analyzed, corresponding to all (100%)
possible combinations. A Antibiotics Aztreonam (AZE), Azithromycin (AZY), and
Colistin (COL) are one solution exhibiting the highest level of collateral sensitivity,
following a target given by 100% of collateral sensitivity. B Meropenem (MER),
Aztreonam (AZE), and Carbenicillin (CAR) is among the solutions exhibiting the
highest level of cross-resistance, following a target of 100% cross-resistance.
C.Aztreonam (AZE), Amikacin (AMI), and Imipenem (IMI) are one solution
exhibiting the highest level of insensitive, with a target given by 100% insensitive.
D Colistin (COL), Carbenicillin (CAR), and Aztreonam (AZE) follow the target

Insensitive

given by 50% collateral sensitivity and 50% cross-resistance. E Meropenem (MER),
Aztreonam (AZE) and Amikacin (AMI) follow the target given by 50% cross-
resistance and 50% insensitivity. Finally, F Ticarcillin (TIC), Fosfomycin (FOS), and
Azithromycin (AZY) follow the target given by 50% collateral sensitivity and 50%
insensitivity. The inset displays the total of 2,024 combinations for a three-drug
therapy, of which 1485 combinations (73.3%) are associated with therapeutic failure,
leaving only 539 cases to analyze their success. The shaded area represents the
proximity of the solution to the target, red if the solution corresponds to therapy
failure and blue otherwise.

parameter space (Fig. 4). The target configurations were strategically
selected to represent diverse therapeutic scenarios, facilitating compre-
hensive exploration of the interaction data structure presented in Fig. 2. We
systematically evaluated 2024 possible drug combinations, with 1485
combinations (73.3%) classified as treatment failures (Fig. 4, inset). Treat-
ment failure classification was determined using established escape criteria
(Supplementary Lemmas I and II), which define conditions under which
multidrug-resistant variants emerge within the corresponding evolutionary
network topology.

The solutions in each panel on Fig. 4 converge towards the target as
closely as possible. Solution proximity to targets is quantified by shaded
areas, where radius reflects the maximum drug-target distance. Red shading
indicates treatment failure; blue indicates successful cycling protocols. Fig-
ure 4A showcases a therapeutic combination closely aligning with the
highest level of collateral sensitivity, marked by the target 100%CS, 0%CR,
and 0%IN. One solution includes Aztreonam (AZE), Azithromycin (AZY),
and Colistin (COL). Notably, seven combinations out of the total 2, 024
exhibit identical interactions. The second panel, in Fig. 4B, identifies the set
of antibiotics closer to the target 0%CS, 100%CR, and 0%IN. We show the
solution Meropenem (MER), Aztreonam (AZE), and Carbenicillin (CAR),
but there are 104 distinct combinations with the same interactions. The
third panel, in Fig. 4C, shows that the set of antibiotics Aztreonam (AZE),
Amikacin (AMI) and Imipenem (IMI), which demonstrates a higher level of
insensitivity. The target here is 0%CS, 0%CR, and 100%IN, with 26 com-
binations with the same interactions. In panel Fig. 4D, the target 50%CS,
50%CR, and 0%IN, yields 17 solutions with the same interaction as Colistin
(COL), Carbenicillin (CAR) and Aztreonam (AZE). The panel in Fig. 4E,

with target 0%CS, 50%CR, and 50%IN, yields 133 solutions with the same
interactions as Meropenem (MER), Aztreonam (AZE) and Amikacin
(AMI). Finally, in Fig. 4F, the target 50%CS, 0%CR, and 50%IN, yield
3 solutions with the interactions as Ticarcillin (TIC), Fosfomycin (FOS), and
Azithromycin (AZY).

Forecasting collateral effects in sequential therapy

Our platform integrates the evolutionary network into a dynamic
system (Steps 3 - 4 Fig. 1) in which the switch to antibiotics shifts the
balance of growth and death so that the population exposed to anti-
biotics shrinks or expands. The platform systematically predicts
cycling protocol failure based on antibiotic interaction patterns,
enabling high-throughput screening of combinatorial drug space and
identification of viable therapeutic strategies.

Figure 5 demonstrates the temporal dynamics of bacterial growth
under sequential antibiotic treatment in simulated populations initi-
ally composed of wild-type PAO1. The model incorporates empirical
susceptibility data for Pseudomonas aeruginosa from ref. 35, capturing
population-level responses to antibiotic cycling protocols. Figure 5A
depicts a cycling regimen involving antibiotics on panel Fig. 4A: AZE,
AZY, and COL. The progressive decline of populations during the
cycling treatment, is associated with the synergy among these anti-
biotics. A minor rebound is observed between days 18 and 21, which
correlates with AZE’s reduced collateral sensitivity (0.33) compared to
AZY (0.66) and COL (0.66) (Fig. 4A). This temporal rebound suggests
a substantial population fraction exhibits AZE resistance after 18 days.
Figure 5B shows a cycling regimen with antibiotics on panel Fig. 4B:
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Fig. 5 | Qualitative long-term behavior of bacterial growth under cycling pro-
tocols. A Evolution of PAO1 under a cycling of antibiotics Aztreonam (AZE),
Azithromycin (AZY), and Colistin (COL), which exhibit the highest level of col-
lateral sensitivity. B Prediction for cycling between Meropenem (MER), Aztreo-
nam (AZE), and Carbenicillin (CAR), which exhibit the highest level of cross-
resistance. C Cycling antibiotics Aztreonam (AZE), Amikacin (AMI), and Imi-
penem (IMI), which show a higher level of interaction. D Evolution of bacteria
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under cycling antibiotics Colistin (COL), Carbenicillin (CAR) and Aztreonam
(AZE), which have 50% collateral sensitivity and 50% cross-resistance.

E Evolution of PAO1 under a cycling of antibiotics Meropenem (MER), Aztreonam
(AZE), and Amikacin (AMI), which have 50% cross-resistance and 50% insen-
sitivity. F shows bacterial grow for cycling Ticarcillin (TIC), Fosfomycin (FOS)
and Azithromycin (AZY), which have 50% collateral sensitivity and 50%
insensitivity.

MER, AZE, and CAR. These exhibit the highest degree of cross-resis-
tance, leading to rapid evolution of resistance, and consequently,
bacteria reach the carrying capacity after 21 days of exposure. This
outcome aligns with predictions from the established escape criterion
(Supplementary Lemma I). Figure 5C shows a cycling regimen with
antibiotics on panel Fig. 4C: AZE, AMI, and IMI, which exhibit only
insensitive interactions. There is a resistance delay; however, this set of
antibiotics leads to treatment failure (population shows a rebound after
day 18). This outcome aligns with predictions from the established
escape criterion (Supplementary Lemma II). Figure 5D shows the
cycling regimen with antibiotics on panel Fig. 4D: COL, CAR, and
AZE, with cross-resistance and collateral sensitivity interactions,
respectively. Bacteria evolve resistance toward CAR and AZE first,
because COL displays higher collateral sensitivity. Figure 5-E depicts
cycling regimen for antibiotics on panel Fig. 4E: MER, AZE, and AML
This scenario is linked with failure based on the established escape
criterion (Supplementary Lemma II). And Fig. 5F shows the cycling
regimen for antibiotics on panel Fig. 4F: TIC, FOS, and AZY. These
drugs exhibit 33% collateral sensitivity, 33% cross-resistance, and 33%
insensitivity each. Bacteria evolve resistance toward TIC and FOS first;
however, since all drugs have identical interactions, it is expected that
bacterial escapes will occur after a longer period.

Computational simulations suggest drug interactions directly influ-
ence bacterial population dynamics, either promoting decay or facilitating
proliferation. Notably, insensitive interactions represent a particularly

problematic pattern in sequential antibiotic strategies: while initial bacterial
load reduction may occur, accumulated resistance mechanisms ultimately
enable population escape due to the emergence of multi-resistance.

The impact of order in sequential antibiotic therapy
The careful selection of antibiotics to formulate treatment regimens is
paramount, as it signiﬁcantly influences therapeutic outcomes. However,
simple decisions on how to schedule medications can also be decisive. Figure
6 illustrates a computationally dynamic control analysis designed to high-
light the impact of order in sequential therapies. In Fig. 6 we consider the
impact of antibiotic cycle regimen of Carbenicillin (CAR), Erythromycin
(ERI), Ampicillin (AMP), and Imipenem (IMI). Figure 6C and Fig. 6D show
that the same drug combination when administered in a specific order can
have enhanced efficacy compared to traditional sequential cycling. Simu-
lations in Figs. 6A and B are initially comprised of the wild-type (10’ number
of bacteria). Further, each antibiotic exposure is constrained to last a
minimum of 3 days per dosage. There is a pronounced difference in the
susceptibility to a drug cycling designed to minimize population load
compared to a traditional sequential drug cycling regimen even with the
same antibiotics. The term minimize denotes a control strategy employed to
determine the most effective order of antibiotic administration (refer to
optimization details in Methods).

These findings highlight that order is a significant factor in preventing
the emergence of resistance, and it can be decisive for the success or failure of
sequential strategies.
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Discussion

The discovery that collateral sensitivity arises in bacterial populations fol-
lowing serial exposure to several antibiotics is a promising development in
efforts to design drug-cycling protocols rationally. However, how best to
apply the results of in vitro collateral sensitivity profiles obtained for bac-
terial pathogens is debatable, and how laboratory experiments can be used to
inform treatment protocols deserves broader analysis. This can be attrib-
uted, at least in part, to the difficulty in translating such data.

In this study, we present an alternative approach to determining
optimal drug combinations that highlights the failure of antibiotic combi-
nations based on collateral sensitivity. Several studies have been carried out
on the emergence of collateral sensitivity, and CS-interacting drugs were
identified for P.aeruginosa™, E. coli’*****, and E.faecalis”. The predominant
method of analysis has been a precursory application of network theory to
identify CS interacting drugs and identify patterns of collateral sensitivity.
While some common themes were obtained in the above-cited studies, e.g.,
CS of aminoglycoside-resistant mutants towards other antibiotics, the
results are far from uniform.

To this end, we introduced a nuanced approach to classifying
sequential drug combinations in a serially treated population of bacteria. In
sequence, we (i) streamlined the analysis of collateral sensitivity data gen-
erated in vitro, simplifying experimental evolutionary outcomes defined by
the evolutionary network and correlated MIC changes (see Fig. 2), (ii)
formalized algebraically the defined phenotypic states (R or S) for n>2
antibiotics, (iii) computed ternary diagrams that identified optimal com-
binations of interacting antibiotics (see Fig. 4), and (iv) simulated the
population dynamics for each genotype component contributing to each
sequential antibiotic protocol (Fig. 6).

The network approach commonly used in ref. 35 merely describes the
interaction between drug-pairs, only casually referring to cycling protocols.
While the magnitude of an infecting pathogen’s MIC increase is informa-
tive, even small increments reduce the effective therapeutic window, which
can result in treatment failure or from the microbial population’s perspec-
tive, evolutionary escape. Here, we simplify the experimental ’training’
data®, focusing solely on the qualitative drug susceptibility classification of
resistant versus sensitive.

In accordance with the non-trivial algebraic operation set out in
Equation (1), we described the mathematical relationships between the
various singly and multiply resistant components of a sequentially exposed
population of an erstwhile sensitive (wt) bacteria. This is also applicable to
cases where resistance is already present within the population®. Coupling
these defined states into our birth and death-driven simulations, and fol-
lowing the emergent properties of the system for longer durations of time,

we obtained a higher resolution of single and multiple drug-resistant
populations in competition with the ancestral population. For some iden-
tified CS drug pairs in ref. 35, extended simulations using our modified
framework led to treatment failure in silico. This observation is noteworthy
especially where chronicity and episodic infections occur due to a resting
population of quiescent bacteria with pathogenic properties.

Note that the implementation of collateral sensitivity in our study is
conceptually similar”, but it differs in several key aspects. Unlike previous
modeling work™, we do not incorporate pharmacokinetics or pharmaco-
dynamics (PK/PD); consequently, our approach cannot evaluate drug
effects on the population at the PK/PD level. However, it can rapidly identify
drug combinations that are likely to fail in eradicating a population. Our
mathematical models are grounded in experimental data, whereas previous
models” considered only four genotypes and two drugs. In contrast, our
framework scales to multiple genotypes and drugs, as demonstrated in our
open-source platform. Moreover, our formulation is based on switched
systems, which offer computational advantages for optimizing sequential
therapies.

Sequential application of different drugs in such cases does not guar-
antee treatment success as subsequent evolution of an infecting pathogen to
multi-resistance is often anticipated. We explore the utility of collateral
sensitivity to create evolutionary networks for the assessment and prediction
of optimal combinations of drugs that maximize pathogen clearance. To
complement efforts to predict drug courses that can minimize the prob-
ability of resistance arising, we simplified the interaction between ’bug’ and
’drugs’ to a basic algebraic framework where resistance arising was
deterministic.

Note that our platform utilizes the fold change MIC between a resistant
population due to mutation in the chromosome or even in a plasmid-borne
gene; the prerequisite experimental data would still hold, assuming there is
no introduction of new genetic information™.

For the first three steps of our platform presented in Fig. 1, our findings
are not sensitive to the specific parameter values, since the framework relies
only on the binary classification of a strain as sensitive or resistant. Thus, the
results presented in Figs. 4 and 5 would remain unchanged under different
parameter values. In contrast, parameter values do influence the temporal
evolution of the system, as shown in Fig. 6, by affecting the time scales of
population dynamics. Nevertheless, our focus in this step is not to predict
precise bacterial dynamics, but rather to identify trajectories in which
combinations of antibiotics are likely to fail in eradicating the population.
Importantly, our framework is intentionally designed to provide a con-
servative estimate of failure scenarios rather than predictions of successful
eradication. In future work, this framework could be extended to
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Fig. 7 | A Interactions between antibiotics Aztreonam (AZE) and Levofloxacin
(LEV) for P. aeruginosa®: The first row delineates the profile of the AZE-evolved
resistant strain AZEy, which shows cross-resistance with respect to LEV; and the
second row delineates the profile of the LEV-evolved resistant strain LEVg, which
shows collateral sensitivity with respect to AZE. B Quantifying collateral sen-
sitivity: This two-dimensional concentration space for AZE and LEV, shows sus-
ceptibility and resistance regions colored by blue and red surfaces, respectively. The
blue arrow represents collateral sensitivity, while the red arrows show cross-

nze

AZE concentration

resistance. Reflecting on the MIC position, when stressed by antibiotic AZE, the
wild-type (WT) strain evolves to variant AZEg, becoming resistant to both drugs, as
the MIC of AZEg, MIC(AZEy), exceeds both breakpoints Br g and Brygy. How-
ever, under LEV antibiotic stress, WT evolves to LEVy, which remains sensitive to
AZE but resistant to LEV, as the MIC of LEVy, MIC(LEVy), only exceeds the
breakpoint of antibiotic LEV, Bry. This figure, reproduced from ref. 39, illustrates
how different phenotypic states connect when a drug is active.

incorporate drug-specific PK/PD profiles and heterogeneous parameter
values across antibiotics as in ref. 33. Such extensions would allow for a more
refined, quantitative assessment of treatment outcomes while preserving the
conceptual advantages of our approach.

In summary, our open-source computational platform, grounded in
the principles of collateral sensitivity, offers a powerful tool for anticipating
treatment failures in managing multidrug resistant bacterial infections. By
predicting therapeutic failures and facilitating the selection of effective drug
regimens, our platform provides a valuable step toward reducing antibiotic
resistance in persistent infections.

Methods

Conceptualization of Susceptible (S) and Resistant (R) states for
multiple antibiotics

Consider k antibiotics, {1..., k} = X, and a given microorganism, x, the
Minimum Inhibitory Concentration (MIC) parameter can be considered as
k-dimensional as follows™:

MIC(x) = (MIC,(x), - - - , MIC(x)), )
here, for a given antibiotic 0 € 2, MIC,(x) is the Minimum Inhibitory
Concentration of drug ¢ for microorganism x.

In addition, Breakpoints represent the maximum concentration of all
drugs allowed for use*, and can be represented by:

Bry = (Bry,--- ,Bry), 3)
here, the breakpoint Br, represents the maximum concentration of drug o €
2 allowed for use.

It is important to note that our platform does not employ MIC fold-
change thresholds directly. Instead, we use a simplified binary classification
approach to highlight the direction of change (see Fig. 2): (i) Red (CR): MIC
fold increase (cross-resistance), (ii) Blue (CS): MIC fold decrease (collateral
sensitivity), (iii) Gray (IN): no significant change (insensitive). This fra-
mework captures qualitative trends in collateral responses without relying
on absolute breakpoints, which can vary across bacterial species, antibiotics,
and clinical guidelines.

Fig. 7B, reproduced from ref. 39, illustrates the MIC breakpoints for
antibiotics, Levofloxacin (LEV) and Aztreonam (AZE). The MIC of the
wild-type (Variant WT) indicates a profile of susceptibility to both drugs Fig.
7A. Under stress with antibiotic AZE, the WT evolves resistance towards the
drug (population AZEg), and the MIC of AZEy increases concerning AZE
and LEV; thus, the drug AZE shows cross-resistance to LEV. On the other
hand, when exposed to antibiotic LEV, the WT evolves towards a resistant

variant (LEV}), and the MIC increases concerning LEV but decreases for
AZE. In this case, drug LEV shows collateral sensitivity to AZE.

Following the methodology presented in ref. 39, susceptible and
resistant phenotypic states can be defined for a set of antibiotics in .

Definition 1. (Susceptible (S)/Resistant (R) phenotypic state”) Consider a
microorganism x and k antibiotics, ~ = {1,..., k}. It is said that x is susceptible/
resistant to drug o € , if the o™ element of the vector MIC(x) — Brs, is
negative/non-negative.

Accordingly, for a set of k antibiotics, a multidrug-resistant variant can
be defined as follows:

Definition 2. (Multi-resistance) Consider a microorganism x and a set of k
antibiotics, X = {1,..., k}. The microorganism x is said to be multi-resistant to
2 if it is resistant to all antibiotics in 2.

Collateral sensitivity patterns of antibiotics can be characterized as
follows:

Definition 3. (Collateral effects”®) Let X = {1...,, k} denote a set of k anti-
biotics. Consider an antibiotic o € X such that bacterial state x; converges
phenotypica(lfly to state x; under selective pressure from antibiotic o € X,
denoted x; — x;. Collateral effects can be represented by the drug-driven
vector:

v 1= MIC(x;) — MIC(x,). 4)

If element i of v, is negative, then ¢ exhibits collateral sensitivity to anti-
biotic i € X. If element i is positive, then o exhibits cross-resistance to
antibiotic i € 2. If element i of 70 is zero, then ¢ exhibits insensitivity to
antibiotic i € Z.

For a set of k antibiotics X = {1...., k}, and two susceptibility profiles (S
and R) for microorganism x with respect to each antibiotic, there are 2*
possible phenotypic states, (Supplementary Fig. 3). These 2* states represent
the distinct phenotypic variants, each differing from the others in its sus-
ceptibility profile with respect to at least one of the k antibiotics.

Evolutionary network for collateral sensitivity

Evolutionary network structures have previously been used to represent
mutation pathways™''. However, no formal methodology has yet been
established to systematically compute a network that accounts for antibiotic
cross-interactions. Here, a model network structure is constructed by inte-
grating the antibiotic interactions landscape as a flow diagram®, see Fig. 8.
The nodes of the network are binary strings of length equal to the number of
drugs for cycling protocol, let say k > 2. The o-th element of the node can be
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Fig. 8 | A hypothetical heatmap of drug A and drug B is shown on the left. Cross-
resistance (CR) is indicated in red, while collateral sensitivity (CS) is shown in blue.
Based on this heatmap, an evolutionary network can be constructed to represent the
interactions between drugs A and B, starting from the wild-type AgBg (right). The
subscript for each drug denotes whether the population is sensitive (S) or resistant
(R). The direction of the arrows indicates how a given drug can drive the evolution of
one population into another.

either sensitive (S) or resistant (R) to the o-th drug of the list {1, 2, ---, k}. For
instance, if k = 6 drugs, the node RRRSSR represents a microorganism
resistant to drugs 1, 2, 3 and 6 but susceptible to drugs 4 and 5.

To construct the evolutionary network, we assume that exposure to an
antibiotic induces resistance to that antibiotic, which is consistent with
experimental data (see diagonal in Fig. 2). Additionally, interactions
between antibiotics can be classified as collateral sensitivity (CS), cross-
resistance (CR), or insensitivity (IN), each of which may influence transition
rates between the nodes of the network. The connections between nodes can
be modeled through the following assumption.

Assumption 1. For bacteria resistant (R) to antibiotic B, which are stressed
by antibiotic A, the following holds:
i) If A has CR respect to B, the bacteria mutate to a new variant resistant to
B(R:CR— R).
ii) If A has CS respect to B, the bacteria mutate to a new variant sensitive
to B (R: CS — S).
iii) If A has IN respect to B, the bacteria mutate to a new variant resistant
to B(R: IN — R).

For bacteria sensitive (S) to antibiotic B, which are stressed by antibiotic
A, the following holds:

iv) If A has CR respect to B, the bacteria mutate to a new variant resistant
to B(S: CR — R).

v) If A has CSrespect to B, the bacteria mutate to a new variant sensitive to
B(S:CS— 9).

vi) If A has IN respect to B, the bacteria mutate to a new variant sensitive
to B(S: IN — S).

We establish seed nodes as preexisting bacterial variants within
the initial population (which could be just the wild-type). Upon
sequential antibiotic exposure, these seeds generate drug-evolved
resistant variants (emergent nodes), and the emergent nodes will be
seeds for new nodes as well. The resulting network topology is sparse
relative to the theoretical maximum of 2* possible phenotypic states:
node emergence depends on both the initial variant repertoire and
antibiotic interaction profiles.

For example, Fig. 8 illustrates the evolutionary network based on the
interactions between drug A and drug B and one seed, given by the wild-type
AgBs (sensitive to A and B). Applying drug A to the seed AgBs directs the
mutation towards node AgBg. Applying drug B to the seed ABg directs the
mutation towards node AsBg. Subsequently, applying drugs A and B to the

emerging variants completes the evolutionary network, without the pre-
sence of variant AgBs.
The operators presented in Assumption 1:

R:CR—R,S:CR— R (5)
R:C§—S§,8§:CS— S 6)
R:IN— R, S:IN—S 7)

provide a methodology to systematically characterize an evolutionary
network for k > 2 antibiotics with 2* nodes, as presented in Supplementary
Fig. 3.

Ternary diagram for selection of antibiotics

A ternary diagram is constructed to illustrate the proportion between
Collateral Sensitivity (CS), Cross-Resistance (CR), and Insensitivity (IN)
across a set of k antibiotics, X = {1,..., k}. Each drug o € = will have a,, x 100%
of CS, b, x 100% of CR and ¢, x 100% of IN, with a, + b, + ¢, = 1. The
position of antibiotic oin the ternary diagram is given by T', = (a,, b,, ¢,).
Figure 9 shows a heatmap for k = 5 hypothetical antibiotics and illustrates
the construction of the ternary plot.

We utilize the ternary diagram to design an antibiotic selection system.
Assume we aim to select k antibiotics ¥ = {1,.., k} from a list of N = 24
relevant antibiotics shown in Fig. 2, such that the chosen k antibiotics are as
proximal as possible to a specific target point within the ternary diagram,
Target = (T, T Tin)- The set D(k, N) represents the collection of all possible
combinations of k antibiotics from the total N = 24, such that X € D(k, N)
implies o = {1,..., k} conformed by different antibiotics from the set of N

¥)
elements,

available antibiotics. Consequently, D(k, N) contains ( 3

where

N N!
DGk, N)| = ( ) ) = = ®

For any X € D(k, N), we can compute the ternary position for every o €
2, represented by T',.. Then, every sequence of k drugs, given by X, has the
following cost:

k
V(Z, Target) = Z T, — Targetlz, ©9)

o=1

and we solve the optimization problem:

20 = in V(2, Target
argzgrlr)l(llgm (=, Target), (10)

where 3 is the sequence of k antibiotics closest to the Target = (T, T, Tir)
point inside the ternary diagram. N

Selecting k antibiotics entails evaluating (K‘ k) possible combinations
and identifying the combination that minimizes’ the cost function V(Z,
Target). The cost function (9) penalizes the sum of relative Euclidean dis-
tances between antibiotic positions against a target point within the ternary
diagram. By employing this method, we can evaluate a vast number of
combinations and optimize the set of antibiotics to match the specified level
of interactions we need closely.

Evolutionary dynamical model

The overall population dynamics are the outcome of two processes, the
exponential decline of sensitive types (S) and the initially nearly exponential
spread of resistant types (R). This process, called evolutionary rescue®*,
delineates the foundational assumption upon which our dynamical analysis
is built:
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Fig. 9 | Ternary diagram construction. Profiles of drug-evolved resistant strains are shown in the left panel. In the middle panel, the number of blue (CS), red (CR), and grey
(IN) blocks is counted and normalized by the total number of drugs. These normalized values define the coordinates of each drug in the ternary diagram (right panel).

Assumption 2. (Evolutionary rescue) In a sensitive bacterial population
under antibiotic stress, the drug dose removes bacteria slowly enough for
emerging resistant lineages to persist.

The assumption above has been widely modeled using an ODE
system™. By considering two states, sensitive S and resistant R, with
R= apR(1 —58) — 8, R+ S, and S= agS(1 —$8) — §S; if there is
an initial positive amount of state S, then state R emerges with a mutation
rate .

Sequential antibiotic therapies can be formalized within the framework
of switched dynamical systems, where the administration of different drugs
corresponds to transitions between dynamical modes. In such systems, each
mode is governed by its own equations of motion, while a switching signal
specifies which mode is active at a given time*’. When applied to bacterial
populations, each mode naturally represents the dynamics under the
selective pressure of a single antibiotic, and switching between drugs maps
directly onto switching between modes™**,

The nodes of the evolutionary network, introduced in the previous
section, correspond to 7 distinct bacterial variants, each defined by a unique
susceptibility profile across the k antibiotics X = {1,..., k} selected for cycling.
These variants define the states of the switched system, denoted by x;, i =
1,...,n. Under pressure of antibiotic o € X, the rate at which the population x;
changes can be estimated by the addition of a growth, death and
mutation terms.

Considering that «f and 87 represent the growth and death rates of
state x; under the action of antibiotic o, respectively, we adopt the following
qualitative assumption for the net growth rate:

Assumption 3. For a variant x; exposed to antibiotic g, we assume the net
growth rate is negative, af — 5;’ < 0, when x; susceptible to ¢; and we assume
the net growth rate is non-negative, af — 8; >0, when x; resistant to o.

The collateral sensitivity evolutionary network described in the pre-
vious section can be represented by a family of k graphs, G’(V, E), with one
graph associated to each antibiotic o € X (see example in Supplementary Fig.
3). The nodes V = {xy,..., x,,} correspond to the bacterial variants (states),
while the edges E capture possible transitions between them. These con-
nections are specified by the adjacency matrix entries my, of dimension n x
n, which describe the accessibility of variant X from variant x; under the
selective pressure of antibiotic o (i.e., drug-driven transitions), where mg =
1 indicates that a mutation from variant x; to variant x; is accessible under
the selective pressure of antibiotic ¢, and mg = 0 otherwise.

The following equations estimate total bacterial size after a sequence of
antibiotics given by the piecewise continuous function o(t): [0, c0) — {1, 2,...,

k}:

0 = a0 (171 o5+ > om0

J

xp(0) =) _x(1) (12)

where a?, 87, and y are growth, death, and mutation rates under pressure of
drug o, respectively. The state xrdenotes the total population, whose growth
strictly depends on the resistant strains as they serve as the exclusive
mechanism for the growth of x7. Saturation of xr is given by saturated
population density K (carrying capacity).

Antibiotic treatment failure is frequently reported in randomized trials
and observational studies as a measure of the inability to achieve the desired
clinical response”. In the context of sequential therapy, failure occurs when
bacterial pathogens survive successive interventions due to preexisting or
newly acquired resistance mechanisms. This scenario can be interpreted as
the presence or emergence of multidrug-resistant variants within the evo-
lutionary network. Importantly, the dynamical model (11) enables the study
of sequential antibiotic failure by examining the long-term behavior of the
output x7 during the treatment regimen o(t)*. Such failure is manifested by
inability to control the total bacterial population size below levels associated
with disease recurrence and reduced incidence of healthcare-associated
infections™.

Scheduling sequential antibiotics

From theory, we know that a switched system composed solely of unstable
modes can stabilize the origin*. Biologically, this implies that although
resistance persists (as stated in Assumption 2), it is theoretically possible to
design a sequence of antibiotics that stabilizes the origin, thereby achieving
treatment success. This insight is particularly important, as it suggests that
cyclic treatments have the potential to effectively counteract the emergence
of resistance.

To design a sequential therapy over the time interval [0, T4, k anti-
biotics must first be chosen. The switching times between one antibiotic and
another are fixed and given by 0 = To < T; < --- < Ty_; < T} such that one
antibiotic 0; € {1, 2,..., k} is applied during the time interval [T}, T;,1). Then,
the switchinglawis given by o(t) = o;forallt € [T}, T; 1) fori=0, 1,....f— 1. A
switching law defined in this manner is said to be in the feasible set £, . We
want to find the switching law o(¢) € Zr, that minimizes the following cost
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function:

Ty
J(x(0): o)) = / (o (13)

for a given initial condition x(0) = (x1(0),..., x,,(0)), and x(¢t) given by Eq.
(12). To do this, we solve the following problem:

o't = arg i (/i) x = 50) (14)

Note that 0°(¢) is the optimal solution that minimizes the total popu-
lation growth xr, considering only the order of the drugs. The optimization
is performed by using the Differential Evolution (DE) algorithm®', which is
selected because of its simplicity and effectiveness.

Data availability

No new datasets were generated during the current study. We developed an
open-source platform that provides an intuitive interface based on data on
bacterial resistance profiles. Our tool enables rapid, data-driven decision-
making to optimize therapeutic interventions. The complete source code is
available  in:https://github.com/systemsmedicine/Collateral-Sensitivity-
Networks.
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