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a b s t r a c t 

Pharmacokinetic/pharmacodynamic (PKPD) models have emerged as valuable tools for the characteriza- 

tion and translation of antibiotic effects, and consequently for drug development and therapy. In con- 

trast to traditional PKPD concepts for antibiotics such as minimum inhibitory concentration and PKPD 

indices, PKPD models enable description of the continuous, often species- or population-dependent time 

course of antimicrobial effects, commonly considering mechanistic pathogen- and drug-related knowl- 

edge. This review presents a comprehensive overview of previously published PKPD models describing 

repeated measurements of antibiotic effects. A literature review was conducted to identify PKPD mod- 

els based on: (i) antibiotic compounds; (ii) Gram-positive or Gram-negative pathogens; and (iii) in-vitro 

or in-vivo longitudinal colony-forming unit data. In total, 132 publications were identified that were re- 

leased between 1963 and 2021, including models based on exposure to single antibiotics ( n = 92) and drug 

combinations ( n = 40), as well as different experimental settings (e.g. static/traditional dynamic/hollow- 

fibre/animal time-kill models, n = 90/27/32/11). An interactive, fully searchable table summarizes the de- 

tails of each model, namely variants and mechanistic elements of PKPD submodels capturing observed 

bacterial growth, regrowth, drug effects and interactions. Furthermore, the review highlights the main 

purposes of PKPD model development, including the translation of preclinical PKPD to clinical settings, 

and the assessment of varied dosing regimens and patient characteristics for their impact on clinical an- 

tibiotic effects. In summary, this comprehensive overview of PKPD models will assist in identifying PKPD 

modelling strategies to describe growth, killing, regrowth and interaction patterns for pathogen–antibiotic 

combinations over time, and ultimately facilitate model-informed antibiotic translation, dosing and drug 

development. 

© 2022 The Author(s). Published by Elsevier Ltd. 

This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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Pharmacokinetic/pharmacodynamic (PKPD) models have 

volved as indispensable tools in antimicrobial drug development, 

ot least as they have the potential to improve and accelerate 

fficient decision-making across the value chain, and to enrich –

r even replace – traditional, less flexible practices [1] . 

raditional PKPD concepts 

The effect of an antibiotic dosing regimen on the target 

athogen is commonly judged by comparing antibiotic exposure 
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ith the bacterial minimum inhibitory concentration (MIC). The 

IC suffers from various limitations, including its focus on one 

pecific time point of the bacterial growth-kill profile, and inaccu- 

acy due to assay variability and its discrete nature based on visual 

etermination [ 2 , 3 ]. 

PK/PD indices ( ƒAUC/MIC: area under the unbound 

oncentration–time curve/MIC; ƒC max /MIC: unbound maximum 

oncentration/MIC; and ƒT > MIC : cumulative percentage of time 

hat unbound concentrations exceed MIC) provide an extension to 

he MIC concept by combining drug exposure with response at a 

pecific time point. These indices serve to categorize antibiotics 

ccording to their highest correlation with antibiotic efficacy. 

pecific magnitudes of the relevant PK/PD index (e.g. reflecting 

tasis, -1 or -2 log kill compared with start of treatment) represent 

PK/PD targets’ for efficacious dosing. Limitations associated with 

K/PD indices and targets include their dependence on the exper- 

mental design, MIC, shape of the concentration–time profile, and 
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Fig. 1. Time of publication of pharmacokinetic/pharmacodynamic models describ- 

ing time courses of antimicrobial effects (caused by single drugs or drug combina- 

tions). Numerical values represent the number of publications that were published 

in the respective time periods. 
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heir focus on one single time point of the bacterial growth-kill 

rofile (usually 24 h after start of exposure) [4] . Furthermore, 

K/PD indices have limited utility in characterizing and optimizing 

ntibiotic combination therapy, and do not capture potential shifts 

n potency of an antibiotic drug if used in combination. 

emi-mechanistic PKPD models 

In contrast to MIC-based approaches, PKPD models of longitudi- 

al data enable prediction of the continuous time course of antimi- 

robial effects. Their underlying data are conventionally gathered 

n preclinical in-vitro or in-vivo animal studies, as the direct and 

epeated quantification of bacteria is not feasible in patients. Time- 

ill studies involve the induction of an infection with a specific 

acterial load (inoculum), followed by several hours of incubation 

nd treatment with a defined antibiotic dosing regimen, resulting 

n either constant antibiotic exposure (‘static’ models; ± drug in- 

tability) or time-varying concentrations (‘dynamic’ models), mim- 

cking pharmacokinetic profiles up to several days (e.g. in hollow- 

bre infection models). 

Quantification of bacterial concentrations [e.g. as colony- 

orming units (CFU/mL)] at specific time points reveals patterns of 

acterial growth, antibiotic killing and regrowth/resistance, which 

together with the underlying PK profiles – can be captured by 

athematical models. PKPD models based on longitudinal data fur- 

her allow quantitative characterization of drug interactions and 

ptimization of dosing regimens for both mono- and combina- 

ion antibiotic therapy. Semi-mechanistic PKPD models consider 

echanistic and biological knowledge, although their structure and 

arameter estimates are mainly driven by the observed data. A 

lethora of different approaches has been taken to describe the 

ate and extent of bacterial growth (‘growth model’), regrowth 

nd emergence of resistance (‘regrowth model’), antibiotic effects 

n bacterial growth and/or killing (‘drug effect model’), drug- and 

athogen-specific particularities such as inoculum effects, and – in 

he case of antibiotic combination treatment – dynamic changes in 

rug effects due to the relative contribution of concomitant drugs 

‘drug-interaction model’). 

PKPD models can serve as valuable tools to enhance the under- 

tanding of the dynamics of bacterial time-kill data and the un- 

erlying system. They can also have key value in translating drug 

ffects from in-vitro to in-vivo settings across different bacterial 

pecies and populations [5] . PKPD models can support the choice 

f human efficacious dosing regimens or dosing strategies for spe- 

ific patient populations by allowing patient PK to drive the model 

6] . For more details on preclinical–clinical translation of antibi- 

tic effects using semi-mechanistic PKPD models vs the traditional 

K/PD index-based approach, and their respective advantages and 

rawbacks, the reader is referred to detailed state-of-the-art re- 

iews [ 1 , 5 ]. 

Beyond purposes of translation, PKPD models have been devel- 

ped to inform and rationalize the design of preclinical and clin- 

cal studies, thereby aiming to reduce numbers of experiments or 

amples, or to guide model building for antibiotics or pathogens 

ith similar characteristics as described in previous publications 

7] . The current review aims to support these endeavours by pro- 

iding a comprehensive overview of published PKPD models de- 

cribing antibiotic effects over time. An extensive, structured com- 

ilation of PKPD models and corresponding references shall fa- 

ilitate the review of previous suggestions of PKPD models for 

pecific pathogen–antibiotic combinations; assist in identifying ap- 

ropriate modelling strategies to describe the observed growth, 

illing, regrowth and interaction patterns over time; and ultimately 

acilitate model-informed translation, dosing and drug develop- 

ent. 
2 
ethods 

A literature review was conducted using PubMed to identify 

KPD models describing the time course of antibiotic effects in 

itro or in vivo. Inclusion criteria were limited to models based 

n: (i) antibiotic compounds; (ii) Gram-positive or Gram-negative 

athogens; and (iii) longitudinal CFU data. Only results in the En- 

lish language were considered and taken up to September 2021. 

etails of the search strategy are presented in the online supple- 

entary material. 

esults 

The literature search revealed 967 articles in total, and 132 

ublications fulfilled the predefined inclusion criteria. Publications 

n PKPD models increased markedly over time, with three arti- 

les found up to 1990 (earliest in 1963 [8] ), seven articles found 

or 1991–20 0 0, 31 articles found for 2001–2010, and 91 models 

ublished between 2011 and 2021 ( Fig. 1 ). In total, 92 publica- 

ions described PKPD models solely for single antibiotics and 40 

rticles presented PKPD models for antibiotic combinations. The 

ising trend in publications on PKPD models describing bacterial 

ime-kill data has been unbroken in the past decade (2011–2015, 

 = 26; 2016–2021, n = 65), and particularly steep for manuscripts on 

ntibiotic combinations (2011–2015, n = 7; 2016–2021, n = 32). Fur- 

hermore, a tendency towards more strains underlying the PKPD 

odels could be observed in the past 10 years (2011–2015/2016–

021 maximum number of strains per pathogen: n = 1, 58%/32%; 

 = 2, 12%/25%; n = 3–5, 15%/32%; n > 5, 15%/11%). In summary, the

asic elements of PKPD models used to capture bacterial growth 

nd killing as well as drug effects have been fairly consistent over 

he past 10 years. Sigmoidal E max models were described most 

requently in the publications (2011–2015/2016–2021: 62%/63%), 

ollowed by E max models (35%/34%) and linear models (12%/11%; 

ore than one approach possible per paper). Submodels to account 

or bacterial resistance seem to have been used increasingly in the 

ast years (2011–2015/2016–2021: 69%/86%), particularly bacterial 

ubpopulations (39%/69%), whereas adaptive resistance has been 

mplemented in a similar proportion (27%/23%). 

Data underlying PKPD models were mainly collected in static 

ime-kill experiments. PKPD models based on in-vivo animal stud- 

es were scarce ( n = 11). Figs S1–S4 (see online supplementary ma- 

erial) show statistics on key experimental features found in the 

KPD models, including drug family, type of experiment, inter- 
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Table 1 

Information compiled for each pharmacokinetic/pharmacodynamic (PKPD) model, exemplified by Nielsen et al. (2007) [11] . 

Article Drug(s) Pathogen Experiment 

type 

Growth model Effect 

equation 

Resistance 

model 

Interaction 

model 

Human 

PK 

Nielsen et al., 2007 

(17060524) 

Benzylpenicillin, 

cefuroxime, erythromycin, 

moxifloxacin, vancomycin 

S. pyogenes S Growing and 

resting bacteria 

sE max No regrowth 

model 

- - 

S. pyogenes, Streptococcus pyogenes ; S, static time-kill curve experiment; sE max , sigmoidal E max model. 

Human PK column states whether human/patient PK were mimicked in the experimental set-up or used for simulations with a final PKPD model (replacing the PK component 

by a patient-based population PK model). 

The full list of models is shown in Table S1 (see online supplementary material); further details of the different submodels are presented in the interactive online table. Key 

model schemes are illustrated in Fig. 2 . 

Fig. 2. (a–d) Schematic representation of commonly used models to describe bacterial growth and (natural) death. (a,b) Pharmacokinetic/pharmacodynamic (PKPD) models 

comprising one bacterial state and separate (a) or joint (b) first-order rate constants for bacterial growth and (natural) death. (c) PKPD model with several bacterial states 

(B S , susceptible, growing bacteria; B R , resting, non-growing bacteria), with variants ± death rate constant for B R , ± back transfer from B R to B S ± self-limitation in growth 

as the bacterial load increases, for example, described by a ∗logistic growth model or �increasing transfer from B S to B R as the total bacterial load reaches a maximum 

(B max ). (d) Life-cycle model for bacterial replication comprising two states (B S1 , growing bacteria immediately after doubling; B S2 , bacteria immediately before doubling). 

(e–h) Schematic representation of commonly used models for bacterial regrowth and resistance. (e) Assumption of two pre-existing subpopulations with different suscep- 

tibility in the inoculum (B S , susceptible bacteria; B LS , bacteria with less susceptibility towards the antibiotic). (f) Gradual transition from B S to B LS (‘resistant’ bacteria) [26] . 

(g,h) PKPD models comprising two subpopulations with different drug susceptibility, each consisting of two states (see (c); [21] ) or each displaying a bacterial life cycle with 

two states (see (d); [20] ). Modifications and extensions of the presented model structures and further concepts of implementing bacterial growth and regrowth as well as 

antibiotic effects are summarized in Table S1 (see online supplementary material). 
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ction models and effects. An overview of all retrieved models 

s provided in Table S1 (see online supplementary material) and 

n excerpt thereof in Table 1 . A more detailed, fully searchable 

nd interactive database comprising all models is available online 

 https://atb- models- review.github.io ), and an example of its con- 

ents is given in Figure S5 (see online supplementary material). 

xamples of model structures used to describe bacterial growth, 

natural) death and regrowth are depicted in Fig. 2 . The follow- 

ng sections provide further information on these commonly used 

ubmodels and further approaches to describe growth, drug effects, 

egrowth and interactions encountered in the PKPD models. For a 

ore detailed explanation of PKPD models and their mechanistic 

lements beyond the scope of the present review, the reader is re- 

erred to a further comprehensive review [9] . 

odelling strategies to describe bacterial growth and natural killing 

in absence of antibiotics) 

In the simplest case of describing natural growth and killing, 

KPD models comprised one compartment, representing one bac- 
3 
erial state. Bacterial growth was primarily described using a 

rst-order rate constant (k growth ). Most models also included a 

commonly first-order) rate constant accounting for the natural 

eath of the bacteria (k death ; Fig. 2 a). In the absence of k death ,

 growth represented the observed net exponential bacterial growth 

k net = k growth -k death ; Fig. 2 b). 

To account for self-limitation in growth as the bacterial load in- 

reases and a maximum count is attained (‘stationary phase’), a 

ogistic growth model has frequently been applied [10] . A simi- 

ar concept was used in PKPD models comprising several states; 

ne compartment for growing, susceptible bacteria (‘S’) and one 

r more compartments for non-growing bacteria (resting ‘R’) with 

he same [11] or no [12] death rate, combined with logistic growth 

13] or increasing transfer from S to R as the total bacterial load 

pproaches its maximum ( Fig. 2 c) [14] . Several models included 

n additional state (e.g. non-colony-forming, non-growing bacte- 

ia [15] , or dead or hypothetically damaged cells) causing a lag in 

eath [ 16 , 17 ]. Alternatively, although less often, saturable growth 

unctions were applied, including a maximum growth rate and the 

acterial density resulting in half of the maximal growth rate [18] , 

https://atb-models-review.github.io
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r a maximum bacterial population and the fastest growth half-life 

t low bacterial densities [19] . 

Delays in bacterial growth were accounted for using an expo- 

ential function or a lag compartment that initially contained sus- 

eptible bacteria and was linked with a susceptible growing com- 

artment by a first-order rate constant [19] . As a more mechanis- 

ic strategy to characterize bacterial growth, a life-cycle model for 

acterial replication comprising two states with first-order transi- 

ion rates has been suggested ( Fig. 2 d) [20] . The first state rep-

esents growing bacteria immediately after doubling, whereas the 

econd state occurs immediately before doubling. 

odelling strategies to describe drug effects 

Antibiotic concentrations and drug effects were most commonly 

inked using a (sigmoidal) E max model, implying a non-linear rela- 

ionship. The drug either inhibited the growth rate or stimulated 

he bacterial killing rate, where E max is the maximum achievable 

rowth/kill rate constant, EC 50 is the half-maximal effect concen- 

ration, and γ defines the shape of the concentration–effect re- 

ationship. If E max models were not supported by the data, lin- 

ar drug effect models or power models were commonly used 

 21 , 22 ]. In case of bacterial life-cycle models, drug effects were

mplemented according to their mechanism of action, stimulating 

irect bacterial killing, impairing successful doubling or transition 

o replication [23] . Receptor occupancy models were suggested for 

olymyxins [19] . 

Delays in drug effects were considered using an empirical first- 

rder rate constant (similar to a delay in growth). Alternatively, an 

ffect compartment and thus concentration-dependent effect de- 

ay was introduced. Using a mechanism-based and concentration- 

ndependent approach, Bulitta et al. assumed a slow onset of 

acterial killing to be caused by a delay between drug binding 

o penicillin-binding proteins and the depletion of cell wall con- 

tituents required for bacterial growth [20] . The drug effect was 

mplemented as an inhibition of cell wall synthesis, ultimately af- 

ecting the growth rate. 

As a common strategy to describe attenuated drug effects at 

igh bacterial density (inoculum effect), bacterial transformation 

rom a susceptible growing state to a drug-insensitive non-growing 

resting) state results in a reduced log bacterial killing at high in- 

cula [24] . Alternatively, Udekwu et al. applied density-dependent 

eclines in the rate and extent of antibiotic-mediated killing and 

ncreases in MIC to describe this phenomenon [25] . Bulitta et al. 

ssumed that bacteria release signal molecules inducing pheno- 

ypic changes, ultimately inhibiting bacterial killing by the antibi- 

tic or slowing the rate of bacterial replication [ 19 , 20 ]. To distin-

uish a bacteriostatic effect from a bactericidal effect, im plementa- 

ion and interpretation of the drug effect models could differ. For 

xample, an inhibitory E max model acting on the growth rate con- 

tant, rather than a killing rate constant, could be applied for bac- 

eriostatic drugs. 

odelling strategies to describe regrowth and emergence of 

esistance 

The majority of PKPD models included a submodel to de- 

cribe bacterial regrowth or decreasing susceptibility over time. As- 

umed causes of bacterial regrowth included genetic differences 

n the bacterial inoculum, drug-induced induction and adaptation, 

r spontaneous mutations. Most commonly, pre-existing resistant 

ubpopulations (besides one or more subpopulations with higher 

usceptibility) were assumed in the bacterial inoculum ( Fig. 2 e,g,h). 

heir proportion in the total bacterial population was estimated, 

ogether with separate values of, for example, k growth , EC 50 and 

 max . Li et al. assumed a gradual first-order transition of bacteria 
4 
rom a susceptible state to a resistant state exhibiting a different 

rowth (and no death) rate ( Fig. 2 f) [26] . 

PKPD models assuming a drug-induced gradually develop- 

ng resistance often included a time-dependent decline in 

 growth or E max . Alternatively, a saturable function accounted for 

oncentration- and time-dependent adaptation, enhancing EC 50 

nd/or reducing E max [27] . In some models, adaptive resistance 

as implemented as antibiotic exposure driving the onset of resis- 

ance by decreasing E max . Less frequently, the appearance of mu- 

ations during treatment was assumed to underlie observed resis- 

ance patterns, and modelled via stochastic processes and mutation 

ates [28] . Other approaches to account for bacterial regrowth in- 

luded implementing the number of sensitive alleles as a covariate 

n IC 50 (determining antibiotic protein synthesis inhibition) [29] or 

rug degradation by beta-lactamases [ 30 , 31 ]. 

odelling strategies to describe interactions of antibiotic 

ombinations 

The most common way to describe the effect of drug combina- 

ions was by adding single drug effects (e.g. the two rate constants 

f killing affecting the bacteria). Different antibiotics may have 

ifferent killing rates on different subpopulations, so-called ‘sub- 

opulation synergy’ [ 21 , 32 ]. Interaction models that describe in- 

eractions between antibiotic effects included Bliss independence, 

oewe additivity, or a model developed by Greco et al. representing 

 variant of Loewe additivity. For more details on interaction con- 

epts and models, the reader is referred to previous publications 

32–34] . The general equations of basic (e.g. abovementioned) in- 

eraction concepts may include interaction-specific parameters that 

ould represent a deviation from the expected ‘neutral’ effect (i.e. 

ynergy or antagonism). In most of the publications, this interac- 

ion effect was expressed as a decrease in the EC 50 (potency) of 

ne drug as a function of the concentration of the other drug. 

ther parameters have also been estimated (e.g. increase in E max , 

ecrease in degradation rate), albeit less frequently. 

urposes of PKPD models 

The pursued goals of PKPD model development were diverse, 

lthough often relatable to few basic (mutually not exclusive) 

urposes. First, models aimed to enhance the understanding of 

rug–pathogen interactions, specific phenotypic behaviour (e.g. in- 

culum effect) or mechanisms underlying the observed time-kill 

ata. They thus often considered ‘mechanistic’ elements, includ- 

ng penicillin-binding proteins to describe a post-MIC effect [35] ; 

ell-wall constituents to account for a lag time of killing; signal 

olecules to explain inoculum effects [20] ; or chemical binding 

inetics to consider post-antibiotic growth suppression, inoculum 

nd persister phenomena [36] . Furthermore, attempts have been 

ade to accommodate elements of immune response (e.g. alveolar 

acrophages, neutrophils, cytokines, chemokines) [37] , or the re- 

ease of inflammatory bacterial products such as endotoxin in the 

KPD models [38] . 

Next, PKPD models served as tools to quantitatively describe 

he impact of different dosing regimens or patient characteristics 

e.g. renal function) on antibiotic effects [39] , or to predict yet un- 

tudied scenarios (e.g. effects in altered experimental settings or 

tudy populations). Several studies sought to translate preclinical 

KPD to clinical settings by replacing the pharmacokinetic compo- 

ent in the PKPD model by the pharmacokinetics of a patient pop- 

lation of interest, thus allowing human concentrations to drive 

he bacterial killing and to investigate virtually unlimited scenarios. 

 promising example of efficacious human dose prediction based 

n a PKPD model for translation of information from preclinical 

o clinical studies was demonstrated recently for apramycin. The 
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KPD modelling approach based on time-kill data resulted in the 

ame dose prediction as the traditional approach using PK/PD in- 

ices [40] . Regulatory agencies including the European Medicines 

gency encourage the use of modelling and simulation to sup- 

ort PKPD analyses in the development of antimicrobial medicinal 

roducts and as part of the application dossier [41] . To explore the 

ossibilities of a PKPD model developed based on time-kill data 

sing static concentrations, several studies aimed to evaluate the 

apacity of such models to predict bacterial killing in dynamic sys- 

ems, and hence demonstrated that resource-demanding dynamic 

xperimental systems could be reserved for validation of the math- 

matical model [14] . PKPD models were further used to support 

he design of new experiments or studies, and to create new re- 

earch hypotheses to be verified in future studies. 

iscussion 

The flourishing development of pharmacometric and computa- 

ional techniques is bringing forth an increasing number of PKPD 

odels describing time courses of antibiotic-induced effects. This 

eview and its interactive table enable the systematic review of 

KPD models for specific pathogens, and submodels for growth, 

rug effects, killing, regrowth and drug-interaction patterns. 

The retrieved PKPD models enable simulation of ‘what-if’ sce- 

arios and the impact on bacterial growth and kill patterns by 

odifying model components (e.g. parameters), either consider- 

ng or neglecting variability and uncertainty. Furthermore, PKPD 

odels built on preclinical data allow for integrating data from 

ultiple data sources and sensitivity analyses. Such models often 

eed to have the capability to characterize CFU over several magni- 

udes. Additional parameters (e.g. describing parameter–covariate 

elationships) may be necessary to consider differences in PKPD 

ata from distinct origins. For example, bacterial strains may vary 

ith respect to antibiotic susceptibility, growth rates, maximum 

apacity or onset of resistance development [40] . Several examples 

f PKPD models have shown reasonable predictions of the bacterial 

ynamics of other strains based on prior knowledge of, for exam- 

le, MIC or growth rate [24] . Extrapolation from one experimental 

etting to another may be challenging due to potential differences 

n study period or nutrient supply, for example. PKPD-model-based 

ranslation from one experimental setting to another, also indi- 

ating model validity, has been shown mainly for models based 

n static concentrations predicting dynamic kill-curve experiments 

 14 , 23 ]. Sugihara et al. showed similar values of T > MIC required for

fficacy of tomopenem in an animal model compared with an in- 

itro model [42] . Agyeman et al. were able to fit the same struc- 

ural model to data from static and dynamic kill-curve experiments 

n meropenem and ciprofloxacin against Pseudomonas aeruginosa 

43] . In studies by Sou et al. and Aranzana-Climent et al., the same

tructural model could be used to describe data from static kill- 

urve and murine in-vivo experiments on apramycin against mul- 

iple Gram-negative strains, albeit with an adjustment of growth 

nd effect parameters for some strains [ 40 , 44 ]. 

Caution has to be exercised against directly inferring clinical ef- 

ects from preclinical PKPD systems. Pathogen-specific and, con- 

equently, drug-effect-related parameters may differ in patients, 

s indicated by previous studies showing lower growth rates in 

ivo [ 12 , 45 ]. Thus, current PKPD models may be most suitable for

omparative evaluations (e.g. approved and alternative dosing regi- 

ens) rather than conclusions on absolute effects (e.g. magnitudes 

f bacterial reduction). An important challenge still lies in how to 

ranslate antibiotic effect measures from preclinical systems to ob- 

ervable, often complex outcome measures in patients (e.g. com- 

osite scores of various criteria). 

To improve translation based on models describing effects over 

ime, incorporation of in-vivo factors potentially modifying in-vitro 
5

ntibiotic effects (e.g. immune system elements such as granulo- 

ytes) has been suggested. Furthermore, novel methods of quan- 

ifying bacteria and/or phenotypic subpopulations may provide 

romising data sources to inform or confirm PKPD models, to- 

ether with results from multi-omics analyses, genetic sequencing 

r receptor-binding studies. Finally, PKPD models can be linked to 

hysiologically based pharmacokinetic models to allow for predic- 

ion of bacterial killing in various organs and tissues, which may 

etter reflect a specific indication [46] . 

To ensure reproducibility of PKPD studies and ultimately mod- 

ls, standardization of experimental settings, as suggested by the 

OMBINE project ( https://amr-accelerator.eu/project/combine ), is 

rucial. A model cannot overcome limitations in the data. Besides, 

eproduction of and correct simulations from a model are only fea- 

ible given detailed documentation of the model and parameters 

including initial conditions and parameter imprecision). Therefore, 

uthors are urged to provide the model code and, if feasible, simu- 

ated data as supplementary material or upon request. Apart from 

hat, adequate handling of data below the limit of quantification 

nd reporting of such is important. 

In summary, the comprehensive compilation of PKPD models 

escribing time courses of antibiotic effects provided in this review 

and the interactive table) shall assist scientists in the development 

f future PKPD models, and ultimately support rational antibiotic 

rug development, approval and therapy. 
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