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Abstract
The use of β-lactam (BL) and β-lactamase inhibitor (BLI) combinations, such as piperacillin-tazobactam (PIP-TAZ) is an 
effective strategy to combat infections by extended-spectrum β-lactamase-producing bacteria. However, in Gram-negative 
bacteria, resistance (both mutational and adaptive) to BL-BLI combination can still develop through multiple mechanisms. 
These mechanisms may include increased β-lactamase activity, reduced drug influx, and increased drug efflux. Understanding 
the relative contribution of these mechanisms during resistance development helps identify the most impactful mechanism 
to target in designing a treatment to counter BL-BLI resistance. This study used semi-mechanistic mathematical modeling 
in combination with antibiotic sensitivity assays to assess the potential impact of different resistance mechanisms during the 
development of PIP-TAZ resistance in a Klebsiella pneumoniae isolate expressing CTX-M-15 and SHV-1 β-lactamases. The 
mathematical models were used to evaluate the potential impact of several cellular changes as a sole mediator of PIP-TAZ 
resistance. Our semi-mechanistic model identified 2 out of the 13 inspected mechanisms as key resistance mechanisms that 
may independently support the observed magnitude of PIP-TAZ resistance, namely porin loss and efflux pump up-regulation. 
Simulation using the resulting models also suggested the possible adjustment of PIP-TAZ dose outside its commonly used 
8:1 dosing ratio. The current study demonstrated how theory-based mechanistic models informed by experimental data can 
be used to support hypothesis generation regarding potential resistance mechanisms, which may guide subsequent experi-
mental studies.
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Introduction

Antimicrobial resistance in Gram-negative bacteria poses 
a major threat to public health [1]. One of the concerns 
is associated with the expression of extended-spectrum 
β-lactamases (ESBLs), which confers antibiotic resistance 
to β-lactams (BLs) [2], a cornerstone antibiotic class to 
treat Gram-negative infections. BL-type antibiotics exert 

its bactericidal effect by inhibiting the activity of penicillin 
binding proteins (PBP) in the periplasm. One treatment strat-
egy against ESBL-producing strains is the co-administration 
of β-lactamase inhibitors (BLIs) alongside BL-antibiotics 
[3]. BLIs lack bactericidal activity on their own but pro-
tect the co-administered BL antibiotic from degradation by 
β-lactamases [3, 4]. Piperacillin-tazobactam (PIP-TAZ) is 
a commonly used BL-BLI combination that is mainly pre-
scribed for the treatment of Gram-negative bacterial infec-
tions [4].

Despite the success of the combination, resistance against 
PIP-TAZ has been reported [5, 6]. In this study, the term 
‘resistance’ is used to generally describe the decrease in anti-
biotic sensitivity observed as changes on bacterial population 
growth rate without distinguishing the mutational or adaptive 
nature of its development. In Gram-negative bacteria, resist-
ance to BL-BLI combination is mainly achieved through ele-
vated β-lactamase activity [7], reduced drug influx through the 
outer membrane [8], or increased drug efflux [8, 9] (Fig. 1). 
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These resistance mechanisms may decrease the effective BL 
concentration in the periplasm, thereby reducing the bacte-
ricidal effect exerted on the bacteria [10]. Although these 
mechanisms may simultaneously contribute to promoting PIP-
TAZ resistance, assessing the potential importance of each 
individual mechanism may allow guide the rational design of 
treatments countering emergence of resistance.

Comprehensive quantitative assessment of the relative con-
tribution of potential resistance mechanisms is a complex task. 
While the effect of a specific resistance mechanism can be 
targeted by experimental assays [11–13], conclusion drawn 
from such observations may be convoluted by the concurrence 
of multiple resistance mechanisms.

Unlike experimental assays, semi-mechanistic mathemati-
cal models representing the transfer and effect of antibiotics 
can be adjusted freely to highlight the effect of one (set of) 
cellular change towards antimicrobial resistance. This allows 
mathematical models to be used as a hypothesis-generating 
tool to identify key antibiotic resistance mechanism(s) based 
on prior knowledge [14, 15]. The primary objective of this 
study was to showcase the utility of semi-mechanistic mod-
els as a means of theoretical exploration to understand the 
potential impact of different cellular mechanisms that may 
mediate PIP-TAZ resistance, and subsequently help identify 
cellular mechanisms that may be prioritized in future studies. 
Additionally, we demonstrated how a semi-mechanistic may 

be used to as a supplementary tool to support the design of 
antibiotic treatment against resistance.

Methods

Bacterial strain and culture condition

The current study focused on K. pneumoniae isolate 
GR116.26, which harbored a genomic copy of blaCTX−M−15 
and blaSHV−1 β-lactamase genes [16]. blaSHV−1 β-lactamase 
was generally expected from most K. pneumoniae strains 
[16]. All liquid cultures were carried out in cation-adjusted 
Mueller-Hinton (MH) broth (Becton Dickinson) and were 
incubated at 37 °C.

Antibiotic sensitivity assays

Checkerboard assays were performed to approximate PIP 
and TAZ concentration ranges to be included in the main 
static time-kill (STK) assay. Checkerboard assays were 
carried out on a in 96-well plates (Greiner Bio-One, flat 
bottom, 200 µl culture scale with 200 rpm orbital shak-
ing). The checkerboard assay included 66 PIP-TAZ con-
centration combinations with PIP and TAZ concentrations 

Fig. 1   PIP-TAZ transfer and 
bactericidal effect in the 
periplasmic space. Periplasmic 
(pp) accumulation of PIP and 
TAZ are determined by their 
influx, efflux, and degradation. 
Bactericidal effect through PBP 
inhibition was assumed to be 
a function of periplasmic PIP 
concentration and was empiri-
cally expressed using the Hill 
equation. Pointed arrows rep-
resented mass transfer through 
the outer membrane, dashed 
lines represent degradation, and 
blunt arrow represent inhibitory 
activity
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ranging from 0 to 256 mg/L and 0 to 16 mg/L, respectively 
(Fig. S2). Bacterial growth was monitored by optical den-
sity at 600 nm (OD600; BMG Fluostar Omega).

STK assays were performed to characterize the pharma-
codynamics of PIP-TAZ combination. STK assays were car-
ried out on a 20 mL scale with 150 rpm linear shaking. This 
assay included 17 PIP-TAZ concentrations ranging from 0 to 
16 mg/L and 0 to 256 mg/L for PIP and TAZ, respectively. 
These concentrations were selected based on the result of 
the preceding checkerboard assay. STK cultures were sam-
pled (500 µL) at 0, 1, 2, 3, 4, 5, 6, 7, 24, and 48 h after 
the inoculation, giving an end volume of approximately 15 
mL. Serial dilutions (10-fold dilution at each dilution steps) 
were performed using 0.9% (w/v) drug-free NaCl solution 
to achieve a final colony count of 20–200 colonies on the 
agar plate. Undiluted samples were also plated when low 
cell density was expected. The samples were not subjected 
to antibiotic removal (cell washing) prior to dilution and/or 
plating to mitigate potential cell loss, particularly in samples 
with low cell density. Consequently, there may have been 
antibiotic carryover in less diluted samples. 50 µL of the 
resulting (un)diluted sample on drug-free MH agar plates 
(VWR™ MH and APC Pure bacteriological agar) using 
Whitley Automatic Spiral Plater with Vacuum Source 602 
for colony forming units (CFU) measurement (400 CFU/mL 
lower limit of quantification; LLOQ).

Both assays were performed with a starting inoculum of 
approximately 106 CFU/mL. Drugs were added to the cul-
ture medium before inoculation. Assays were performed in 
triplicates.

Model structure

PIP‑TAZ mass transfer

Porin-mediated import of PIP-TAZ across the bacterial outer 
membrane was assumed to follow Fick’s law of passive dif-
fusion (Eq. 1) [10, 17]. Here, P and A represent membrane 
permeability and surface area, respectively. The transfer was 
assumed to be driven by concentration gradient between 
the external/assay drug concentration (Cext) and the peri-
plasmic drug concentration (Cpp). Porin was assumed to 
act as passive transport mediator. Porin expression is thus 
assumed to be linearly correlated to membrane permeability 
(P ∝

[

porin
]

)

  
PIP-TAZ efflux by the efflux pumps were described using 

Michaelis-Menten equation adjusted for cooperativity [18] 

(1)
(

dCpp

dt

)

import

= P × A ×
(

Cext − Cpp

)

(Eq. 2). Here, PIP-TAZ efflux rate was expressed using 
Vefflux, max, Kefflux, and h, which represent the maximum rate 
of efflux, drug-efflux pump binding coefficient, and Hill 
exponent, respectively. Since the equation was derived from 
the Michaelis-Menten kinetics, Vefflux, max was assumed to be 
proportional to efflux pump expression.

Drug hydrolysis by β-lactamases was modeled using 
the Michaelis-Menten Eqs. [19, 20] (Eq. 3), where kcat, 
[Enzyme], and Km represent the catalytic rate of the 
β-lactamases towards the substrate, enzyme concentration, 
and Michaelis constant of the β-lactamases towards the 
respective drug [19]

PIP‑TAZ binding competition to β‑lactamases 
and efflux pumps

The kinetics of PIP and TAZ binding to β-lactamases and 
efflux pumps were assumed to be competitive and reversible 
[19]. The effect of the competitive binding was reflected 
on the parameters Kefflux and Km. Here, we assumed that 
only a single PIP or TAZ molecule can interact with one 
β-lactamase or efflux pump at a time. The effective value 
(Keffective) of these constants in the presence of the competitor 
at the periplasm (Cpp,competitor) is expressed by Eq. 4, where 
K represents the binding constant of the molecule of interest 
and Kcompetitor represents the binding constant of the competi-
tor molecule [19]

Periplasmic β‑lactamase availability

The availability of CTX-M-15 and SHV-1 β-lactamases in 
the periplasm were described by its background expres-
sion level R0 and its natural degradation rate kdeg. The value 
of kdeg was fixed to 0.01 (h−1), as previously reported for 
most proteins in Gram-negative bacteria [21]. Additionally, 
TAZ degradation was assumed to inactivate the associated 
β-lactamase (suicide inhibition) [22]

(2)
(

dCpp

dt

)

efflux

= −Vefflux,max ×
Ch
pp

Ch
pp
+ Kh

efflux

(3)
(

dCpp

dt

)

hydrolysis

= −kcat ×
[

Enzyme
]

×
Cpp

Cpp + Km

(4)Keffective = K ×

(

1 +
Cpp,competitor

Kcompetitor

)

(5)

d
[

Enzyme
]

dt
= R0 × kdeg −

[

Enzyme
]

× kdeg +

(

dCTAZ,pp

dt

)

hydrolysis
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Equation 5 infers that in the absence of TAZ, Image 
will be reached at the steady state. In the current study, the 
units of R0 were kept as arbitrary unit to account for the 
differences in enzyme concentrations used in the assays 
reported in the reference studies [19, 20]. Absolute values 
of β-lactamase concentrations can be derived by multiply-
ing the simulated enzyme units with the concentration of 
β-lactamase used in the referenced experiments for the spe-
cific β-lactamase.

Bacterial growth and bactericidal effect

The growth of a bacterial population (N) was described 
using the population-limited growth model with system car-
rying capacity of Nmax. The effective (observed) growth rate 
of the bacterial population was assumed to be the sum of its 
natural growth rate (kgrowth) and the effective kill rate (bac-
tericidal effect) from being exposed to antibiotics (Eq. 6)

The bactericidal effect exerted on the population as effec-
tive kill rate was represented as a function of the periplasmic 
concentration of bactericidal agent (PIP), i.e.,  E = f (Cpp) .  
A Hill equation was selected as an empirical description 
for PIP bactericidal effect on the bacterial growth (Eq. 7), 
where Emax, EC50, and H represent respectively the maxi-
mum bactericidal effect, the PIP concentration required to 
achieve half-maximum kill rate, and the Hill exponent. The 
bactericidal effect of TAZ was negligible (Fig. S2) [4]

The development of resistance

The initial PIP-TAZ pharmacodynamics (before the point of 
regrowth) was described using a one-population model. (Fig. 
S1a) In a one-population model, the bacterial population was 
assumed to consist of only a single population which shared 
the same growth and drug sensitivity characteristics.

The STK assays allow merely phenotypic observation 
of resistance development (regrowth). Semi-mechanistic 
models were used to derive mechanistic understanding 
from such phenotypic observation. Here, a two-population 
growth model [23] was used to describe the resistance devel-
opment (Fig. S1b). This model assumed the presence of a 
susceptible (NS) and a resistant (NR) bacterial population. 
The bacterial population was assumed to be fully suscep-
tible at the start of the experiment. A first-order transfer 
rate (ktransfer) was used to empirically describe the transition 

(6)
dN

dt
= kgrowth × N ×

(

1 −
N

Nmax

)

− E × N

(7)E = Emax ×
CH
pp

CH
pp
+ ECH

50

of susceptible cells (NS) into resistant cells (NR). The drug 
effect exerted on the susceptible and resistant bacterial 
population was denoted by ES and ER, respectively. In the 
two-population growth models, the effective growth rates of 
both populations were determined by the sum of its growth, 
bactericidal effect that it experienced, and its susceptible-to-
resistance transition (Eqs. 8 and 9)

In each model, the resistant population was assumed to 
possess a single mechanism of resistance. This resistance 
mechanism was depicted in the model as changes in one 
of its resistance-associated parameters (Eq. 10). Here, the 
value of a specific resistance-associated parameter was in 
the resistant population (Parameterresistant) was assumed to 
be higher/lower to that of the susceptible population (Param-
etersusceptible) with a factor of α. These resistance-associated 
parameters represented one of 13 parameters including outer 
membrane permeability, maximum efflux rate, efflux pump 
binding constant, β-lactamase expression level (CTX-M-15 
and SHV-1), CTX-M-15 catalytic rate and Michaelis con-
stant for PIP and TAZ, and SHV-1 catalytic rate and Michae-
lis constant for PIP and TAZ.

Source of model parameters

Experimentally determined kinetic PIP-TAZ parameters were 
fixed to reported values (Table 1). Parameters related to strain 
growth (kgrowth, Nmax, inoculum size), drug effect (Emax, EC50, 
H), and resistance development (ktransfer, α) were empirically 
fitted to experimental observations. At the time of the study, 
TAZ influx and efflux parameters were not available. The 
values of TAZ influx and efflux parameters were thus fixed 
to that of PIP. This decision was justified based on the knowl-
edge that the permeability coefficient and maximum efflux 
rate across eight different β-lactams showed variation only 
within the same order of magnitude [18] (Table. S2). The 
assumptions made during the model development process are 
summarized on the supplementary Table S1.

Model parameter fitting

Mixed-effect model development and simulation were per-
formed using ‘nlmixr2’ (v.2.0.7) and ‘rxode2’ (v.2.0.7) 

(8)
dNS

dt
= kgrowth × NS ×

(

1 −
NS + NR

Nmax

)

− ES × NS − ktransfer × NS

(9)

dNR

dt
= kgrowth × NR ×

(

1 −
NS + NR

Nmax

)

− ER × NR + ktransfer × NS

(10)Parameterresistant = � × Parametersusceptible
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packages in R (v.4.2.1). Mixed-effect models included a 
random effect term on inoculum size to account for possible 
variability related to the inoculation step. Initial estimates 
for model fitting routines were determined using particle 
swarm optimization (PSO; ‘pso’ package; v.1.0.3). Param-
eter fitting was performed based on STK assay observation. 
CFU measurements with values below the LLOQ (400 CFU/
mL) were replaced with LLOQ/2.

Model parameters were fitted sequentially to prevent 
identifiability issues. The values for kgrowth and Nmax were 
estimated based on observation from the no-drug control 
and were fixed in subsequent model fitting steps. Drug effect 
parameters were fitted from observation made in the first 5 h 
of the experiment using the one-population model and were 
fixed in two-population models. Parameters related to resist-
ance were fitted using the full 48-hours observation data.

Resistance mechanism evaluation

Two-population models (Fig. S1b) were used to assess the 
extent of cellular changes (α, Eq. 10) required for a specific 
resistance mechanism to describe the observed regrowth in 
our STK experiment. Here, PIP-TAZ resistance in the resist-
ant sub-population was depicted as a change in one of the 
13 resistance mechanism-associated parameters. Resistance 
mechanisms were thus individually represented in 13 semi-
mechanistic models. By fitting the models to experimental 
observations, we estimated the extent of cellular changes 
(represented as α on Eq. 10) required by the initial suscepti-
ble population to show the observed level of resistance. The 
physiological feasibility of each resistance mechanism was 

then evaluated by comparing the extent of cellular changes 
estimated by our model to the extent of cellular changes 
reported for a resistant strain with respect to a susceptible 
strain of reference.

Growth inhibition simulation

Model simulations were performed to explore how specific 
resistance mechanisms may influence the survivability of the 
strain in different PIP-TAZ concentrations. The current sim-
ulation was also used to evaluate the potential of PIP-TAZ 
dose adjustment to counter a specific resistance mechanism. 
This analysis was performed using the porin down-regu-
lation and efflux pump up-regulation. Simulation was per-
formed using a starting inoculum size of 105 CFU/mL and 
included PIP-TAZ concentration ranges of 1 to 512 mg/L 
and 0.125 to 512 mg/L for PIP and TAZ, respectively. Each 
PIP-TAZ concentration combination was evaluated based on 
the bacterial density at the 24th hour of the culture predicted 
by the three models. For this analysis, we considered bacte-
rial growth to be suppressed if the simulated cell density at 
the 24th hour was less than the inoculum size.

Parameter sensitivity analysis

Parameter sensitivity analysis was performed to investi-
gate the impact of deviations in literature-based param-
eters. The sensitivity analysis focused on four selected 
PIP-TAZ concentrations, specifically 0–0, 4 − 2, 16 − 4, 
and 256 − 16 mg/L PIP-TAZ, to cover concentrations where 
different magnitudes of initial bactericidal effects were 

Table 1   Literature-derived periplasmic transport parameters for PIP and TAZ

Parameters were measured in or with protein derived from Escherichia coli, except for those marked with (*), which were derived from Entero-
bacter cloacae-derived CTX-M-15 β-lactamase

Parameters Value Units References

PIP outer membrane permeability coefficient (PPIP) 3.67 × 10−5  cm/s [18] (mean)
Cell surface area (A) 132 cm2/mg-cell [18]
CTX-M-15 specific PIP hydrolysis rate (kCat, PIP, CTX−M−15)* 58 s−1 [19]
CTX-M-15 Michaelis constant to PIP (Km, PIP, CTX−M−15)* 32 µM [19]
CTX-M-15 specific TAZ hydrolysis rate (kCat, TAZ, CTX−M−15)* 5.70 × 10−3 s−1 [19]
CTX-M-15 Michaelis constant to TAZ (Km, TAZ, CTX−M−15)* 1.70 × 10−2 µM [19]
SHV-1 specific PIP hydrolysis rate (kCat, PIP, SHV−1) 86 s−1 [20]
SHV-1 Michaelis constant to PIP (Km, PIP, SHV−1) 91 µM [20]
SHV-1 specific TAZ hydrolysis rate (kCat, TAZ, SHV−1) 0.1 s−1 [20]
SHV-1 Michaelis constant to TAZ (Km, TAZ, SHV−1) 7.00 × 10−2 µM [20]
PIP maximum efflux rate (Vefflux, max, piperacillin) 3.77 × 10−1 nmol mg-cell−1 s−1 [18]
PIP concentration for half-maximum efflux (Kefflux, PIP) 1.07 µM [18]
PIP efflux Hill coefficient (h) 3.97 [18]
Protein (β-lactam) turnover rate (kdegradation) 0.01  h−1 [21]
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observed. Absolute sensitivity coefficients (Sabsolute) were 
derived from the absolute value of the ratio of the shift in 
total bacterial load (L; the area under the bacterial growth 
curve) relative to the shift in the value of a specific parame-
ter of interest, denoted by β (Eq. 11). The ratios of parameter 
shift investigated in the analysis ranged from 0.25 to 1.75, 
with increments of 0.25

Results

Preliminary description of PIP‑TAZ 
pharmacodynamics to K. pneumoniae GR116.26

Our study used STK assays to investigate the behavior of 
a CTX-M-15-producing K. pneumoniae strain in different 
concentrations of PIP-TAZ. From this experiment, we could 
see how the presence of both PIP and TAZ was required 
to achieve an initial population decline. In the presence 
of both PIP and TAZ, increasing PIP and/or TAZ concen-
trations resulted in a higher bactericidal effect as seen by 
the initial population decline observed at higher PIP-TAZ 
concentrations (Fig. S3). Even though an initial population 
decline was observed in some PIP-TAZ concentrations, in 
most cases, the population was able to regrow at approxi-
mately 5 h after inoculation (Fig. S3; grey lines). Given the 
timeframe of the observed regrowth and the stability of PIP 
and TAZ over 24 h [24, 25], it was likely that the observed 
regrowth was due to the development of resistance – as indi-
cated as apparent decrease in observed PIP-TAZ bactericidal 
activity.

One-population model was used to describe the behav-
ior of the strain in different PIP-TAZ concentrations before 
the onset of regrowth (Table 2, Fig. S4). This initial model 

(11)Sabsolute =
L∕Loriginal

�∕�original

demonstrated the impact of TAZ on the concentration-effect 
curve of PIP-TAZ (Fig. 2; Fig. S5). As illustrated in Fig. 2, 
an increase in TAZ concentration could achieve a bacte-
ricidal effect equal to the natural growth rate of the strain 
(indicated by the red dashed line) with a lower concentration 
of PIP. Additionally, this model can be used to simulate how 
changes in a specific resistance mechanism may impact the 
effect of PIP-TAZ on bacterial growth. Here, we simulated 
how changes in the values of 13 resistance mechanism-asso-
ciated parameter may impact effective antibiotic kill rate at 
16 − 4 mg/L PIP-TAZ concentration (Fig. 2b).

Model‑based assessment of resistance mechanisms

The following analysis aimed to predict and assess the 
magnitude of changes required to convey resistance to the 
observed PIP-TAZ concentrations. The current analysis 
included 13 models, each depicting one of the thirteen poten-
tial mechanisms evaluated in the current study (Fig. 2b). Our 
models predicted the extent of cellular changes required for 
the strain to achieve the observed level of PIP-TAZ resist-
ance (Fig. 3; Table 3; associated ktransfer values for each 
resistance models summarized on Fig. S6).

The obtained model estimates were compared with lit-
erature reports to assess the physiological feasibility of each 
mechanism to serve as a single mediator of PIP-TAZ resist-
ance. This was then followed by the selection of resistance 
mechanisms that required changes that were less extreme 
than that reported in the literature (Table 3). Based on this 
analysis, 8 out of the 13 resistance mechanisms were pre-
dicted to require cellular changes that were more extreme 
than what was previously reported for the mechanism. For 
example, our model predicted that an 8.93 × 104-fold CTX-
M-15 up-regulation was needed for the hydrolysis of PIP 
in the presence of the TAZ to confer the observed levels of 
PIP-TAZ resistance seen in our STK by this mechanism. 
This value was more than 100-fold higher than the maximum 
extent of β-lactamase up-regulation reported in the literature 

Table 2   One-population model 
estimates for the growth and 
PIP-TAZ pharmacodynamics

a parameter value predicted based on observation made in the absence of PIP-TAZ

Parameters Value (95% confidence interval) Units

Natural growth ratea 1.43 (1.23–1.67) h−1

Maximum population sizea 1.36 × 109

(8.94 × 108 – 2.08 × 109)
CFU/mL

Baseline β-lactamase level (R0) 1.36 × 105

(1.33 × 105 – 1.39 × 105)
µM

Inoculum size 8.01 × 105

(8.00 × 105 – 8.01 × 105)
CFU/mL

Maximum bactericidal effect (Emax) 3.93 (3.92–3.95) h−1

Intracellular PIP concentration for half-maximum 
bactericidal effect (EC50)

1.44 (1.43–1.44) µM

Hill exponent of bactericidal effect (H) 3.82 (3.81–3.84)
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(up to 300-fold up-regulation compared to the expression 
level of the strain of reference; Table 3), making CTX-M-15 
up-regulation an unlikely single-event mechanism mediating 
the PIP-TAZ resistance observed in our experiment. 3 out of 
the 13 resistance mechanisms, namely decreased TAZ cata-
lytic rate by SHV-1 and CTX-M-15 β-lactamases as well as 
increased drug affinity to efflux pumps were excluded due to 
the lack of experimental evidence of its occurrence in the lit-
erature, even though our analysis showed that either of these 
mechanisms can potentially serve as a single-mechanism 
mediator to PIP-TAZ resistance by permitting high intracel-
lular TAZ concentrations.

Two of the mechanisms evaluated in this study could pro-
mote PIP-TAZ resistance without requiring cellular changes 
that were more extreme than what was reported in the lit-
erature (Table 2; Fig. 3). The first mechanism identified in 

our workflow was the reduction of PIP-TAZ permeability 
through the outer membrane, leading to decreased intracel-
lular concentrations of PIP and/or TAZ. A decrease in PIP-
TAZ permeability predicted by our model (9.36 × 10−2-fold 
decrease compared to the initial susceptible population) can 
be achieved by down-regulation or loss of porins, the pro-
teins that facilitate PIP-TAZ entry into the periplasm [17, 
26]. A previous study supported our model prediction by 
highlighting the role of OmpK35 porin in facilitating BL 
transport into K. pneumoniae cells and by further revealing 
the central role of its deletion in the development of BL 
resistance [32]. The second mechanism highlighted in our 
workflow was the 21.5-fold increase in efflux pump activity 
in the resistant population compared to that of the initial sus-
ceptible population. Increased efflux pump activity is often 
mediated by up-regulation of one or more efflux pumps. In 

Fig. 2   PIP-TAZ pharmaco-
dynamics on K. pneumoniae 
GR112.6 before the onset of 
regrowth. The assessment was 
performed using a one-popu-
lation model and was based on 
experimental observations dur-
ing the first 5 h of the culture. a 
Simulation using the one-pop-
ulation model described how 
increasing TAZ concentration 
allowed a higher bactericidal 
effect to be reached at a lower 
extracellular PIP concentra-
tion. Dashed red line denotes 
the natural growth rate. b The 
capacity of each resistance 
mechanism to allow strain sur-
vival in 16 − 4 mg/L PIP-TAZ. 
Dashed red lines represent the 
natural growth rate
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K. pneumoniae, the up-regulation of oqxA, kexD, kpnF, and 
acrB efflux pumps were observed in isolates showing differ-
ent ranges of β-lactam resistance [33]. Overall, the current 
workflow identified reduction of drug influx and increased 
efflux pump activity as mechanisms that may independently 
mediate PIP-TAZ resistance to the level that was observed 
in our experimental setting.

Both porin down-regulation and efflux pump up-regula-
tion models over-estimated population growth at PIP-TAZ 
concentrations of 8 − 4, 8–8, 8–16, and 16 − 4 mg/L while 
under-estimated the regrowth at 256 − 16  mg/L. These 
deviations could be caused by the application of first-order 
kinetics used to describe the development of resistance in 
our models. This implied that our models are constrained 
to the characterization of resistance as a unimodal process, 
whereas, in reality, the development of resistance could 
potentially encompass a complex, multi-stage mechanism. 
The disagreement between observation and model prediction 
at these concentration ranges may also be rooted to the use 
of literature-based parameters that were derived from a dif-
ferent bacterial strain and/or species. To further investigate 
the issue, a parameter sensitivity analysis was conducted to 

evaluate the model parameters’ influence on the model pre-
diction. The analysis indicated the relatively higher sensitiv-
ity of the model estimates towards PIP-TAZ influx and efflux 
parameters compared to other literature-based parameters 
used in our models (Fig. S7). While the current parameter 
sets represented the best available information for the pre-
sent study, future studies are suggested to characterize these 
parameters to represent the PIP-TAZ influx and efflux more 
accurately in the model, thereby improving the predictive 
capability of the models.

The current study substituted measurement observations 
below the LLoQ with LLoQ/2. This method of LoQ han-
dling may lead to the overestimation of minimum population 
size, particularly in instances where the PIP-TAZ bacteri-
cidal effect suppressed the bacterial population below the 
quantifiable limit. Consequently, this approach might intro-
duce additional bias into the estimation of the first-order 
mutation rate constant (ktransfer), especially at higher PIP-
TAZ concentrations where measurement values fell below 
the LLoQ. While our sensitivity analysis demonstrates the 
impact of deviation in ktransfer value towards model pre-
diction was found to relatively limited compared to other 

Fig. 3   Population growth prediction using porin down-regulation and 
efflux pump up-regulation models. Data points represented individual 
observation obtained during the STK experiment. Lines represented 
the typical prediction performed using the efflux pump up-regulation 

model (efflux pump activity) and porin down-regulation model (outer 
membrane permeability). Drug concentrations were presented in the 
following format: PIP concentration-TAZ concentration, each in mg/L
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literature-derived parameters (Fig. S7), future studies may 
explore more advanced LoQ handling methods, such as 
those similar to methods M3 or M4 implemented in NON-
MEM [34], as potential approaches for handling LoQ in the 
analysis of STK experiment data.

Exploring the efficiency of PIP‑TAZ concertation 
ranges

The following simulations were performed to explore and 
evaluate the efficiency of PIP-TAZ concentration ranges 
beyond its commonly applied 8:1 dosing ratio [4] (Fig. 4, 
Fig. S8). The simulations were performed using the porin 
down-regulation and efflux pump up-regulation models, the 
two key resistance mechanisms identified in the previous 
step. The expected area of inhibitory PIP-TAZ ranges varied 
depending on the underlying resistance mechanism. This 
area of 24-hours growth inhibition was defined as the con-
centrations in which the growth of the strain was inhibited 
to a level that population size observed at the 24th hours was 
less than its size in the beginning of the simulation.

By overlapping the ranges of inhibitory PIP-TAZ concen-
trations derived from each resistance models, our analysis 

determined the range of PIP-TAZ concentrations that are 
expected to suppress the growth of the susceptible as well 
as the resistant bacterial-subpopulations, irrespective of the 
underlying resistance mechanism (Fig. 4, double-shaded 
area). This suggested the possibility to select specific PIP-
TAZ doses that impede bacterial growth even if resistance 
development occurred during treatment. Notably, the range 
of inhibitory PIP-TAZ concentrations identified in this exer-
cise represents a space of concentrations that is not bound 
to the widely used 8:1 dose ratio of PIP:TAZ [4]. It may 
thus be beneficial for future studies to explore and optimize 
PIP-TAZ doses without the constraint of the currently used 
8:1 dose ratio.

Discussion

Understanding the individual impact of different resistance 
mechanisms offers critical information to identify systems 
that hold the most potential as pharmacological targets to 
counter the development of antibiotic resistance [15, 35]. 
The current study demonstrated how semi-mechanistic 
models can be used to identify critical PIP-TAZ resistance 

Table 3   Fold-change of parameters required to describe the observed level of PIP-TAZ resistance

a May be associated with the up-regulation of other porin subtypes
b May be associated with the down-regulation of other efflux pump(s)
c Evolutionary tradeoff may lower hydrolysis rate of other β-lactams

Affected parameter Physiological relevance Magnitude
(Fold-change)

Magnitude observed in literatures

Outer membrane permeability P ·Porin loss
·Reduced porin permeability

9.63 × 10−2 Down-regulation or complete inacti-
vation of OmpK35/36 [26]a

Maximum efflux rate Vefflux, max ·Increased efflux pump expression
·Increased maximum efflux rate

2.15 × 101 oqxB, rarA, acrA, ketM, kdeA, 
kpnF, and kexD up-regulation; up 
to 1.08 × 103-fold [27]b

Efflux pump binding constant Kefflux Increased PIP-TAZ affinity to 
efflux pumps

2.00 × 10−2 No previous report found.

Baseline CTX-M-15 level R0CTX − M−15 Increased baseline β-lactamase 
level

8.93 × 104 β-lactamase up-regulation within 10 
to 300-fold [28, 29]

Baseline SHV-1 level R0SHV − 1 1.02 × 104

CTX-M-15 PIP catalytic rate kCat, CTX−M−15, PIP Increased PIP hydrolysis rate 2.97 × 105 TEM mutants may increase up to 
515-fold catalytic rate to a specific 
compound [30]c

SHV-1 PIP catalytic rate kCat, SHV−1, PIP 7.29 × 105

CTX-M-15 TAZ catalytic rate kCat, CTX−M−15, TAZ Decreased TAZ hydrolysis rate 1.37 × 10−6 No previous report found
SHV-1 TAZ catalytic rate kCat, SHV−1, TAZ 3.05 × 10−6

CTX-M-15 PIP Michaelis constant KmCTX−M−15, PIP Increased β-lactamase affinity to 
PIP

1.61 × 10−2 Decrease in Km values by approxi-
mately 0.5-fold in SHV-1 against 
several β-lactams [31]

SHV-1 PIP Michaelis constant KmSHV−1, PIP 8.29 × 10−2

CTX-M-15 TAZ Michaelis 
constant

KmCTX−M−15, TAZ Reduced in β-lactamase affinity 
to TAZ

2.57 × 103 Up to 60-fold increase in SHV-1 Km 
to TAZ [20]

SHV-1 TAZ Michaelis constant KmSHV−1, TAZ 3.63 × 104
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mechanisms based on an STK experiment. Here, several 
semi-mechanistic models were developed to individually 
explore the potential involvement of specific mechanisms in 
reducing periplasmic PIP-TAZ concentration. Our analysis 
explored the extent in which changes in porin, efflux pump, 
and β-lactamase expression and functional capability may 
mediate PIP-TAZ resistance in a CTX-M-15-producing K. 
pneumoniae strain (Fig. 1).

Our analysis identified porin down-regulation as well 
as efflux pump up-regulation as potential key mediators of 
PIP-TAZ resistance. Our in-silico findings agree with pre-
vious experimental studies performed in a similar setting 
that underlined the importance of porin loss and increase 
in efflux pump activity in mediating BL-BLI resistance 
[26, 27]. Unlike changes in β-lactamase activity, changes in 
porin and efflux pump activities are often seen as a minor 
concurrence to β-lactamase-related resistance mechanisms 
[33]. In contrast to this view, our analysis showed that the 
two resistance mechanisms are individually capable to con-
vey the observed extent of PIP-TAZ resistance. Notably, the 
regulation of porin [36] and efflux pump [37] expression 
also play a key role in controlling the osmolarity of a bac-
terial cell. Regulatory network controlling the expression 
of porin and efflux pumps are thus present in most – if not 
all – Gram-negative bacteria [38]. Knowing the important 
role of osmotic pressure during BL-induced cell lysis [39], 
it can be hypothesized that the same network of porin and 
efflux pump regulation, as well as mutational events associ-
ated with the network, is triggered when the cell is exposed 
to PIP-TAZ. Subsequently, this network of porin and efflux 

pump regulation may provide a path to resistance that is 
likely to be shared among Gram-negative bacteria.

Although the current study highlighted two single-event 
mechanisms as key mechanisms to PIP-TAZ resistance, 
these mechanisms may occur alongside other resistance 
mechanisms. For example, previous studies revealed how a 
decrease in outer membrane permeability can coincide with 
altered β-lactamase activity in a single K. pneumoniae strain 
[40]. These reports hinted the potential value of a model that 
can simultaneously explore multiple resistance mechanisms, 
although additional measurement on the specific resistant 
mechanism might be needed to maintain the certainty of the 
parameter estimates. Our analysis did not exclude the poten-
tial contribution of resistance mechanisms beyond porin 
loss and efflux pump up-regulation. Previous studies also 
associated the remaining resistance mechanisms to resist-
ant phenotypes against BL-type antibiotics with or without 
BLI pairing in bacteremia (Table 3). However, the extent of 
cellular changes estimated in our models for the remaining 
11 resistance mechanisms could not be supported by past 
experimental observation. This suggested the unlikely role 
of these mechanisms as a sole driver of PIP-TAZ resistance 
as observed in our experiment.

Our analysis also utilized porin down-regulation and 
efflux pump up-regulation models to explore how different 
these two mechanisms may impact the expected bacterial 
growth at a higher PIP-TAZ concentration (Fig. 4, Fig. S8). 
In this context, our models were used as a learning tool to 
explore the effectivity of PIP-TAZ doses beyond its generally 
applied 8:1 dosing ratio [4]. Consequently, this opened the 
possibility for future studies to attempt further optimization 
of PIP-TAZ doses in anticipation for a specific resistance 
mechanism while considering the safety limits of PIP-TAZ 
dosing [41].

Mathematical models represent simplifications of more 
complex (biological) phenomena. Such simplification can be 
necessary to describe events that are not well characterized 
and to derive a more generalized representation of cellular 
events. Nevertheless, the exclusion of some details may lead 
to loss of potentially important information. In our models, 
drug influx through porins were simplified into a single dif-
fusion model despite the presence of multiple porin subtypes 
in K. pneumoniae [26, 32]. This simplification prevented us 
from identifying a specific porin subtype that may be the 
most prevalent in conveying resistance to PIP-TAZ. Simi-
larly, the binding of PIP to different PBP variants and its 
associated bactericidal effect was simplified into an empiri-
cal concentration-effect equation (Eq. 7). This prevented 
us from using the model to explore PBP-related resistance 
mechanisms. Nevertheless, the empirical simplification of 
drug effect was necessary due to the limited information on 
PIP interaction with different PBP variants and the conse-
quence of this interaction on the resulting bactericidal effect. 

Fig. 4   Predicted PIP-TAZ concentration range to inhibit the growth 
of CTX-M-15-producing K. pneumoniae based on the underlying 
resistance mechanism. Simulations were performed using the porin 
down-regulation and efflux pump up-regulation models with an ini-
tial population size of 105 CFU/mL. Shaded area represents the range 
of PIP-TAZ concentrations where growth inhibition at 24  h was 
expected for the specific resistance mechanism
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While a more detailed mechanistic model can be superior 
in describing a complex biological event, over-extending 
model complexity, for example by implementing PBP inter-
actions with PIP-TAZ without sufficient data to support 
such an interaction, may impair the certainty of the result-
ing parameter estimates [42]. Additional studies to deter-
mine the dynamics of these interactions are thus needed to 
build a more detailed model. Our model also simplified the 
development of resistant bacterial sub-population using a 
first-order kinetics (Eqs. 9 and 10). Thus, the development of 
resistance was depicted as a stepwise event. Consequently, 
the models were unable to depict neither gradual nor dose-
responsive development of resistance. This limitation may, 
in part, explain the predictive inaccuracies during regrowth 
events at higher PIP-TAZ concentrations despite the rela-
tively more accurate prediction observed at lower PIP-TAZ 
concentrations (Fig. 3).

The semi-mechanistic models presented in this study 
were partly developed using bioanalytical information 
adopted from other bacterial species and strains. This deci-
sion was made due to the unavailability of PIP-TAZ and 
K. pneumoniae-specific parameter values at the time of the 
study. Considering the potential differences in these system-
specific characteristics, the incorporation of PIP-TAZ and 
K. pneumoniae-specific parameters may prove beneficial 
for future efforts to enhance the descriptive and predictive 
capabilities of the semi-mechanistic model. Therefore, future 
studies may focus on investigating these mechanisms to fur-
ther characterize PIP-TAZ resistance in K. pneumoniae.

Conclusion

The current study presents a semi-mechanistic mathemati-
cal modeling workflow and its application to complement 
experimental studies on antimicrobial pharmacodynamics 
and resistance. Here, we demonstrated the utility of semi-
mechanistic models in theoretical exploration highlighting 
porin down-regulation and efflux pump up-regulation as key 
mediators of PIP-TAZ resistance. Consequently, our analy-
sis emphasized the importance of these two mechanisms as 
prospective focal points for future studies aimed at exploring 
strategies against PIP-TAZ resistance. Moreover, we illus-
trated how the resulting models can be used to evaluate the 
effectivity of PIP-TAZ concentration ranges in suppressing 
bacterial growth during the emergence of a specific resist-
ance mechanism. In conclusion, our study demonstrated the 
utility of semi-mechanistic models in complementing exper-
imental efforts to provide insight into the relative impact 
of potential resistance mechanisms on antibiotic treatment 
response, help guide subsequent experimental designs, and 

support the rational design of antibiotic treatment to against 
resistance development.
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