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Pivotal Role of Translation in Anti- Infective 
Development
Lena E. Friberg1,*

The value of model- based translation in drug discovery and development is now effectively being recognized in 
many disease areas and among various stakeholders. Such quantitative approaches are expected to facilitate the 
selection on which compound to prioritize for successful development, predict the human efficacious dose based 
on preclinical data with adequate precision, guide design, and de- risk later development stages. The importance of 
time- dependencies, which are typically species- dependent due to different turnover rates of biological processes, 
is, however, often neglected. For bacterial infections, the choice of dosing regimen is typically relying on preclinical 
pharmacokinetic (PK) and pharmacodynamic (PD) data, because the bacterial load and disease severity, and 
consequently the PK/PD relationship, cannot be quantified well on clinical data, given the low- information end 
points used. It is time to recognize the limitations of using time- collapsed approaches for translation (i.e., methods 
where targets are based on summary measures of exposure and response). Models describing the full time- course 
captures important quantitative information of drug distribution, bacterial growth, antibiotic killing, and resistance 
development, and can account for species- differences in the PK profiles driving the killing. Furthermore, with a 
model- based approach for translation, we can take a holistic approach in development of a joint model for in vitro, 
in vivo, and clinical data, as well as incorporating information on the contribution of the immune system. Such 
advancements are anticipated to facilitate rational decision making during various stages of drug development and 
in the optimization of treatment regimens for different groups of patients.

Despite the rising threat of antimicrobial resistance, where it has 
been estimated that by 2050 there will be more deaths from resis-
tant infections in the world compared with cancer (amr- review.
org), the interest from pharmaceutical industry to develop novel 
anti- infectives has diminished, particularly noted for antibiotics.1 
The clinical drug development pipeline monitoring tool for antibi-
otics from Pew Charitable Trusts2 shows that, with the exception 
of two beta- lactam inhibitors, there are no compounds approved 
during the time period covered (i.e., since 2014), with a novel 
mechanism of action against Gram- negative ESKAPE pathogens. 
The development of antibiotics is today often supported through 
private- public partnerships, but there is limited support postap-
proval for providing access to these antibiotics when sales are low. 
It is not surprising that the industry has been scared off not only 
due to high attrition rates but also due to low probability of return 
on investment, given that available antibiotics still work in most 
situations.3 There is consequently a need to make drug develop-
ment of antibiotics more efficient and attractive.

American Society for Clinical Pharmacology and Therapeutics 
(ASCPT) had planned for a timely preconference discussing 
“Translational and Clinical Pharmacology Advances in Anti- 
Infective Development” for March 2020, when the human pop-
ulation was stroked by a new pathogen— severe acute respiratory 
syndrome (SARS)- coronavirus- 2. The conference was canceled 
with < 2 weeks’ notice and the human vulnerability to microorgan-
isms became apparent. The objectives of the preconference initia-
tive were to discuss novel and innovative translational approaches 

to advance and streamline anti- infective drug development for im-
proved dose selection. This paper summarizes the content of the 
opening lecture I was scheduled for, where the intent was to pri-
marily focus on development of antibiotics.

REDUCE REQUIREMENT FOR CLINICAL DATA
The golden standard for seeking approval of a new antibiotic has 
been to perform two large phase III clinical studies. Such well- 
conducted randomized, controlled trials are, however, not feasible 
to perform for compounds expected to overcome multidrug resis-
tance given it still is, fortunately, difficult to identify a sufficient 
number of patients needed for such trials despite the urgent and 
accelerating demand.

To highlight these issues and facilitate drug development, John 
Rex and coworkers published in 2013 four tiers for new drug 
approval of antibiotics.4 A lower request for clinical data before 
approval was proposed for indications where there is an unmet 
medical need (i.e., the approval will to a larger extent rely on in-
formation on preclinical efficacy data combined with human 
pharmacokinetics (PK)). An adapted version of this framework, 
highlighting model- based translation, is presented in Figure  1. 
Tier A is reflecting what has been standard in the past (i.e., two 
phase III trials), requiring a relatively high number of patients to 
evaluate efficacy. Tier B includes one phase III trial combined with 
small comparative and descriptive studies targeting compounds 
focusing on broad multidrug resistant (MDR) pathogen coverage 
(e.g., MDR and non- MDR Enterobacteriaceae). Tier C, where only 
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small studies are possible, may be needed for compounds with nar-
row MDR coverage, such as Pseudomonas aeruginosa only. Tier D 
is relying on the so- called animal rule where it is not ethical or pos-
sible to collect clinical data on the antimicrobial effect (e.g., drugs 
against anthrax) although PK and safety data could be generated 
from humans. When moving from tier A toward tier D, relying on 
an increasing use of preclinical data, it is apparent that there is a 
need for reliable translational approaches, where pharmacometric 
and systems pharmacology models should have a central role. The 
US Food and Drug Administration (FDA) has in recent years pub-
lished guidelines in line with these ideas.5,6

PRECLINICAL STUDIES OF ANTIBIOTICS
A clear advantage in the development of antibiotics is the possi-
bility to study the PK/pharmacodynamic (PD) relationship of 
the infecting pathogen experimentally in in vitro and in vivo sys-
tems.7– 9 In vitro time- kill and in vivo murine infection model data 
are commonly included in the submission to support the suggested 
dosing strategy10 and such nonclinical PK/PD data are requested 
by regulatory authorities.5,11 In so- called “static” time- kill studies, 
bacteria are exposed to constant antibiotic concentrations in tubes 
over, for example, 24– 48 hours, whereas in “dynamic” time- kill 
studies the concentration varies over time, typically mimicking 
the PK profile expected in patients. At predetermined time points, 
samples are drawn from the system, spread on agar plates, and the 
bacteria concentration is defined as observed colony forming units 
(CFUs).

The typical PK/PD study in animals is a dose- fractionation 
study in neutropenic mice following initial dose- response studies 
of single doses. A couple of hours after the infection is induced, 
the treatment is initiated, where, for different dose groups, doses 
are split into several and dosed at various dosing intervals over the 
24- hour treatment study period. Such studies form the basis for the 
PK/PD index methodology, further described below. The stan-
dard animal infection model is the mouse thigh infection model, 
which is relatively easy to handle. Given the move toward less clin-
ical data and larger reliance on preclinical data, larger and more 
sophisticated animal models that better mimic the clinical picture 
in patients are being developed in rats, rabbits, and pigs.12

MODEL- INFORMED DRUG DEVELOPMENT
In response to the demand of establishing efficient methods to 
speed up drug development, the value of mathematical and sta-
tistical models for translating drug effects from the preclinical 
to clinical space has become apparent. Model- informed drug 
development (MIDD) has turned into a central part of drug de-
velopment in most disease areas and in larger pharmaceutical 
companies. Developed models of various complexity, typically re-
lying on PK and PD principles, aim to early predict the expected 
dosage in patients to plan further development and evaluate the 
possibility for the compound to eventually be a drug on the mar-
ket. A clear goal of model- based translation is to de- risk further 
development, understand the uncertainty, and narrow down the 
possible outcomes at later stages. Ideally, models for both desired 
and undesired drug effects are developed and integrated to tailor 
the treatment to a positive benefit- risk ratio. Here, benchmarking 

against predictions of available treatments can be made to gain 
further insights into the potential of a new treatment (i.e., models 
for comparator drugs), for which clinical data are already avail-
able and model- based translation can be made, would be highly 
valuable for exploring expected outcome of a clinically untested 
compound.

There is, however, a need to further advance these approaches for 
anti- infectives and to facilitate its implementation in order to keep 
researchers and companies engaged in the infectious disease area 
as well as to improve the usage of existing, available anti- infectives. 
It is clear that with the approach of reducing the clinical efficacy 
information, model- informed translation from preclinical experi-
mental data to patients can play a large role. Expanding the use of 
mechanism- based models beyond identification of targets have the 
potential to make more precise estimates of dose and dosing strat-
egy expected in various patient populations. For anti- infectives, 
most focus has been on defining a fixed PK/PD target, assumed to 
be applicable across the whole patient population. With expanded 
knowledge and computational capabilities, it is anticipated that 
models that consider the time- courses of drug effects will play a 
larger role in future drug development.

PK/PD INDICES— A TIME- COLLAPSED APPROACH
Since the late 1980s and 1990s, the PK/PD index methodology 
has been the approach for determining a PK/PD target to sug-
gest a human dosage. The underlying idea is that the response 
of compounds should fit into one of three types; (1) the time the 
unbound, free concentration is above the minimal inhibitory con-
centration ( f T > MIC), (2) the free area under the curve (AUC) 
to MIC ratio ( fAUC/MIC), or (3) the ratio between the free 
maximum concentration and MIC ( fCmax/MIC). The “best” 
index is typically defined in dose- fractionation studies in murine 
infection models, as described above. The antibacterial response 
is determined at 24 hours only (i.e., as a snapshot in time), provid-
ing no information on if the bacteria are in a phase of rise or fall. 
Sigmoidal maximum effect (Emax)- functions are fit to the index- 
response data, and the index that has the highest correlation to 
the response is chosen as the PK/PD index for the given drug- bug 
combination. The target is the PK/PD index value that causes 

Figure 1 The four tiers for antimicrobial development as suggested 
by Rex et al.4 The version of the figure proposed by Boucher et 
al.83 was here adapted to include model- based translation. PK, 
pharmacokinetic.
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stasis, −1 log kill, or −2 log kill compared with the start of treat-
ment. The magnitude of kill needed for adequate translation to 
the clinical situation has been suggested to be related to the indi-
cation that is targeted13 (i.e., the more severe indications; e.g., hos-
pital and ventilator- acquired pneumonias) require higher log kill 
reduction in the mice than those which are less life- threatening 
(e.g., skin infections), to result in clinical success in humans.

The probability to reach the defined PK/PD target for the 
patient population at hand is explored through simulations. The 
between- patient variability in the virtual population is arising from 
a population PK model, and for a number of MIC values, the dos-
ing regimens that result in that at least 90% or 95% of the pop-
ulation will reach the target is defined. The dosing regimen that 
covers 90% of the MIC distribution for a given bacteria species in 
the patient population (MIC90), is typically chosen as the one to 
move forward with.

Before PK has been studied in patients, allometric scaling, 
in vitro- in vivo correlations and physiology- based PK model-
ing are commonly adopted approaches to predict human PK. 
When healthy volunteer PK data become available, a population 
PK model can be developed and often the between- patient vari-
ability is inflated for updated simulations of target attainment in 
patients. The uncertainty in the outer percentiles, of importance 
when defining target attainment, should, however, also be better 
acknowledged when patient PK data become available. Moreover, 
the variability may not be log- normally distributed, as typically as-
sumed in the simulations.

Limitation of static PK/PD targets for translation
First, it should be noted that MIC is an imprecise measure, driven 
by high biological variability and other day- to- day and laboratory- 
to- laboratory variability.14 The MIC is determined through visual 
inspection of what drug concentration, evaluated in twofold dilu-
tions, that suppresses visible growth at 16– 20 hours. The lowest 
bacteria concentration causing turbidity is ~  107– 108  CFU/mL 
(i.e., the MIC is not necessarily a concentration related to stasis but 
a concentration that may result in up to a 2 log net increase from 
the start inocula in the tube of 5 × 105 CFU/mL).15 The bacteria 
concentration at this time- point is the result of a mix of antibiotic- 
induced killing depending on the susceptibility (related to the 
drug potency, Ec50), the growth rate of the bacteria, the initial 
start inoculum, and any resistance emergence. Of note, the MIC 
test does not give an indication if there has been a change in the 
susceptibility in the bacteria population during the 16– 20 hours.

The idea behind the MIC- based indices is that it is truly one 
of three indices that drives the response. It can, however, be a 
delicate task to discriminate between the indices because more 
than one index may sometimes fit similarly to the response data. 
Moreover, Cmax estimates are often associated with large uncer-
tainty and clearly dependent on the route and rate of administra-
tion and therefore fCmax/MIC may be a less suitable target index 
in practice. Although the choice of index and PK/PD target may 
have limited impact on the dosage regimen for the studied species 
where correlations are similar, it may have consequences for trans-
lation. Moreover, the assumption that the PK/PD target is a fixed 
numeric value, constant across species and patient populations, 

despite that the optimal target likely varies with the shape of the 
concentration- time profile, can have important consequences for 
treatment of individual patients. Identification of the best target 
can, however, not generally be explored in humans because infor-
mation on a wide range of schedules cannot be achieved and it 
would be unethical to study a wide variety of exposures in patients. 
For bacterial infections, the pathogen burden can generally not be 
defined in patients. In the following sections, adaptations of the 
preclinically defined targets to the clinical situation for two com-
mon classes of antibiotics, aminoglycosides and carbapenems, are 
discussed.

Translation of aminoglycosides. Already in the late 1980s, it was 
demonstrated that the choice of “best” index can depend on the 
study design.16 Vogelman and coworkers explored correlations in 
infected mice for gentamicin and found AUC/MIC to have the 
best correlation to 24- hour- response data generated after regimens 
with short time- intervals (1– 6 hours), whereas T > MIC fit the 
data from longer dose intervals (8– 24 hours) better. The authors 
acknowledged that the drug- free interval should not be longer 
than the duration of the post- antibiotic effect (PAE), which is 
related to the drug- bacteria interaction and not the drug half- life 
in the host (i.e., at least in theory), the duration of PAE is host- 
independent. From this point of view, it could be anticipated 
that a longer f T > MIC is needed in species where the half- life is 
longer because the proportion of time where the effect is relying 
on the PAE would be reduced. Moreover, it was later shown that 
when inducing renal impairment in the mice, to mimic a human 
elimination half- life, AUC/MIC was the major parameter also for 
the longer dosing intervals17 and is now the recommended target 
in humans (www.uscast.org). In line with these earlier studies, we 
recently found T > MIC to have a higher correlation than AUC/
MIC in the thigh infection mouse model for the aminoglycoside 
apramycin, currently in clinical development.18 Correlations for 
the two indices were, however, similar when only data from the 
q2h to q8h intervals were considered. There is consequently a 
dependence on the PK profile and the dosing interval in relation 
to the half- life of the drug for the correlations obtained.

PK/PD models built on time- kill data has shown potential to 
identify the clinically used PK/PD index when human PK is driv-
ing the PK/PD- relationship of the model,19 including a PK/PD 
model for gentamicin developed from in vitro time- kill data on 
both static and dynamic drug concentrations.20 It is evident that 
both the input rate and the elimination rate, in addition to the 
characteristics of the PK/PD relationship, affect the correlations 
and thereby the choice of best index.21 A mathematical model 
can ideally predict the outcome from various input and output 
rates. As further discussed below, the more resource demanding 
dynamic in vitro systems that are increasingly being used may be 
most efficiently applied to verify the predictive ability of a PK/
PD model developed based on data from static concentration 
experiments.

Translation of carbapenems. For meropenem, there is accumulating 
evidence that the PK/PD target of 40– 45% f T > MIC derived in 
mice,22 is too low for the human patient population. For example, 
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a f T  >  MIC of 76% was required for clinical response in lower 
respiratory tract infection,23 and the PK/PD targets adopted in 
intensive care units are much higher (e.g., 100% f T  >  MIC, or 
> 40% f T > 4 × MIC.24

Through simulations from a PK/PD model for meropenem, 
we have demonstrated that not only the MIC and design have 
an impact on the targets (Figure 2), but also the shape of the PK 
profile influences the PK/PD target. For patients with augmented 
clearance (exemplified as creatinine clearance  =  350  mL/minute 
and a terminal half- life (t1/2),β of 0.87 hours), the best correlated 
index was fT > MIC25 (Figure 2). For patients with longer half- 
lives, such as those with renal dysfunction (creatinine clearance of 
15  mL/min, t1/2,β of 3.5  hours) or in preterm neonates (t1/2,β of 
2.5 hours), the best index moves toward fAUC/MIC. Of impor-
tance, the magnitude required for −2 log reduction in bacterial 
load increased with the half- life (47% in patients with augmented 
clearance and 73% in patients with renal dysfunction; Figure 2; i.e., 
the PK/PD target magnitude), given that fT > MIC is the optimal 
index, depends on the half- life of meropenem. Similarly, as for ami-
noglycosides, we found a more frequent dosing to result in that the 
best index shifted from fT > MIC toward fAUC/MIC (Figure 2).

In line with that the short fT  >  MIC targets obtained for ß- 
lactam antibiotics in mice may not hold well for clinical dosage 
evaluations, their optimal rate of administration (intermittent vs. 
continuous) is under investigation in the BLING III study plan-
ning to recruit 7,000 patients.26 The label for meropenem suggests 
the infusion duration to be 15– 30 minutes every 8 hours, whereas 
3- hour infusions every 8 hours is frequently used in many clinics, 
although continuous infusions has been suggested to result in an 
even better outcome.27 Through simulations from a semimecha-
nistic PK/PD model of bacterial growth and kill, it can be shown 
that shorter infusions would lead to a larger proportion of pa-
tients with nonmaximal killing, especially for patients with short 
half- lives.28 It is consequently clear that although the PK/PD in-
dices are simple to compute, we should, with the computational 
power we have available today, move toward more advanced PK/
PD modeling approaches that minimize the use of time- collapsed 
methods when translating between species.

Translation of antivirals. For treatments against virus infections, it 
is also common to establish PK/PD targets based on preclinical 
experimental studies. For zanamivir, with a half- life of 2.5 hours in 

Figure 2 Relationships between the three PK/PD indices and the 24 hour- response as predicted from a PK/PD model for meropenem based 
on in vitro experimental studies of Pseudomonas Aeruginosa. The circles are the model- predicted observations, the horizontal lines indicate 
the bacterial (CFU) concentration at the start of treatment (SOT) with red lines indicating the fit of the maximum effect (Emax)- model and 
the 95% prediction internal. The percentages indicated represent the PK/PD index magnitudes required for a 2- log kill reduction from SOT 
at 24 hours. The left figure illustrates various experimental conditions and the right figure various patient populations and dosing intervals 
of 30 minutes infusions (plus— q4h, circle— q6h, asterisk— q8h, point— q12h and cross— q24h) as well as continuous infusion (pyramid). 
Reprinted with permission from Pharmaceutical Research.25 AUC, area under the curve; CL, clearance; fAUC, free area under the curve; fT, 
time the unbound, free concentration; MIC, minimal inhibitory concentration; PD, pharmacodynamic; PK, pharmacokinetic.
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humans, the time above the 50% effective concentration (t > EC50) 
was demonstrated to be the best target predicting the inhibition 
of viral replication.29 This is in contrast to other neuraminidase 
inhibitors, with half- lives of around 8 hours, where the AUC/EC50 
ratio is the most predictive index. In line with that PK/PD indices 
are dependent on the drug half- life, it was nicely demonstrated in 
a hollow fiber study that if the half- life for zanamivir would be 
8 hours, the AUC/EC50 would indeed be the best index also for 
zanamivir.30 The half- life dependent indices are consequently not 
specific for antibiotics, but a common “feature” when applying a 
time- collapsed, fixed target. It is indeed logical that more frequent 
dosing is needed for drugs with shorter half- lives than for those 
with longer half- lives, especially when pathogens are multiplying 
rapidly. The authors also concluded that a single PK/PD index 
may not hold for various patient groups.

A PK/PD MODEL APPROACH FOR TRANSLATION
A better alternative than the PK/PD index approach should be 
to use a PK/PD model approach, where information on the time- 
course is preserved. Most modeling efforts on bacteria has been 
done based on in vitro data with repeated sampling. These highly 
dynamic systems, characterized by rapid growth and pronounced 
killing over several logs, have frequently been described through 
semimechanistic models. With semimechanistic models, it is here 
meant that the model structure is data- driven but relies on some 
knowledge on the underlying system (e.g., bacterial growth behav-
ior and bacteria populations of different susceptibility). Models 
with more mechanistic detail may be useful for understanding 
certain aspects of the drug- bug interaction and mechanism and 
dynamics of resistance, but for translation across experimental 
systems, the most important aspects are those to be characterized 
(i.e., we rather go for a parsimonious model than introduce addi-
tional parameters that carries uncertainty).

Structures of PK/PD models
A PK/PD model for longitudinal data on bacterial growth and 
killing may consist of one compartment (state) representing 
growing, susceptible bacteria, and one compartment (state) of 
nongrowing bacteria protected from antibiotic killing without 
being genetically resistant (persisters).31 Bacteria switch pheno-
typically to the nongrowing state as their density approaches the 
maximum carrying capacity of the system, explaining the ob-
served plateau. As an alternative model structure, logistic growth 
has been applied, assuming that bacteria are equally susceptible at 
high as at low densities (i.e., a logistic growth model does not char-
acterize an inoculum effect in its simplest form).

To describe the emergence of resistant bacteria in the experimen-
tal system, it is common to assume the presence of one or several dis-
crete subpopulations at the start of the experiment (i.e., a fraction 
of the bacteria have lower susceptibility and growth rate), or that 
bacteria gradually change phenotypically to become more tolerant 
to the antibiotic under exposure (adaptive resistance). Mutations 
may also occur and be selected during antibiotic pressure, but it is 
less likely that such resistance development plays a role during the 
relatively short experiments of 1– 2 days. Addition of model com-
ponents to describe the regrowth observed may be important to 

elucidate the PK/PD relationship of the main, susceptible popula-
tion. It may not necessarily be so that by adding more mechanistic 
components and expanding into a larger model, predictions are 
more reliable— a smaller model may be preferable.32 Moreover, it 
is not likely that the host defense will differ a susceptible from a 
resistant bacterium and therefore the most important aspect may 
be to quickly reduce the bacteria population to a size manageable 
by the immune system.

Bridge between experimental systems
An initial validity that the information from in vitro studies could 
be translated to the clinical situation through a PK/PD model was 
demonstrated in 2011 when we for 6 different antibiotics showed 
that the clinically used PK/PD index could be identified in sim-
ulations from a PK/PD model developed form in vitro data when 
patient’s PK was driving the killing rate.19 To further support 
that a semimechanistic PK/PD model developed based on static 
concentrations can hold to translate to systems with a different 
concentration- time profile, we showed the ability to predict ex-
periments from dynamic profiles.33 The potential to predict dy-
namic experiments from a model from static concentrations has 
also more recently been shown by Wicha et al. for rifampicin in 
tuberculosis.34

To demonstrate the ability of a semimechanistic model built on 
in vitro time- kill data to predict animal data, we have simulated PK/
PD index studies in mice using PK models from mice to drive the 
concentration time- profiles related to the PKPD model of bacte-
rial killing. Both for meropenem25 (Figure 2) and colistin35 could 
we mimic the outcomes as observed in earlier studies.22,36 A similar 
exercise was successfully performed by Wicha et al. for meropenem, 
linezolid, and vancomycin for gram- positive bacteria37 and for ri-
fampicin in tuberculosis.34 Recently, we took this approach further 
by integrating rich in vitro and sparse in vivo data on the same four 
E. coli strains, in the PK/PD model to suggest a human efficacious 
dose for apramycin.18

The full potential of using PK/PD models for translation of an-
tibiotics has, however, not been explored and meanwhile the tra-
ditional and model- based approaches should likely be performed 
in parallel. Ideally, the model structure is applicable across several 
bacterial strains and species, although it is anticipated that some 
parameters need to be re- estimated. The confidence in a model, 
and its value, may indeed increase if the model can be predictive 
across strains. We have developed a PK/PD model for ciprofloxa-
cin, which was applicable on one wild- type strain of E. coli and six 
mutants thereof.38 The model included subpopulations to explain 
the regrowth observed for strains with low MICs. There was no sig-
nificant difference in the growth rates between the mutants or in 
their maximum killing rate (Emax), whereas a relationship between 
the EC50 parameters of the seven strains and their experimentally 
determined MICs (0.023– 48  mg/L) was evident. The ability of 
the model to predict new strains based on their MIC only, was 
subsequently shown for both other mutants and clinical isolates.39 
Moreover, the model could predict mutant selection in competition 
experiments.40,41 This relatively parsimonious PK/PD model, de-
veloped using a data- driven approach and some general mechanistic 
understanding, could hence be used to bridge between strains and 
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different experimental systems. By training a model across different 
bacterial strains and experimental systems, additional confidence 
in a model to be used for translation could be gained. A workflow 
for antibiotic translation using MIDD, aiming to strengthen clin-
ical predictions, is illustrated in Figure 3. Once a PK/PD model 
is available for a drug- bug combination, a similar model structure 
can be applied to design new experiments, and ideally less data 
would be needed for a new compound with similar characteristics. 
The step to translate nonclinical results to clinical outcomes could 
thus become a relatively trivial task once a modeling framework is 
established.

Development of apramycin— a step toward MIDD for 
antibiotics
The private- public partnership initiative ENABLE has success-
fully created a platform for drug discovery and development of an-
tibiotics (nd4bb- enable.eu). Apramycin is one of the compounds 
in the ENABLE program, under development for human i.v. use 
of Gram- negative infections. Apramycin has shown potential to 
be active when other antibiotics, including other aminoglycosides, 
are highly resistant.42 To plan future clinical studies, the antici-
pated human efficacious dose was to be predicted. We took the op-
portunity to explore model- based translation, based on time- kill 
data.18 Allometrically scaled PK parameters from four animal spe-
cies suggested a comparable PK profile of apramycin in humans, as 
what has earlier been reported for gentamicin in patients,43 when 
correcting for reduced kidney function in the patient population. 
The PK/PD model developed was initially based on time- kill data 
on 4 E. coli strains with different growth and susceptibility char-
acteristics, with MICs of 4– 8 mg/L, and characterized tolerance 
development to the antibiotic.

In parallel to the PK/PD model development, in vivo studies 
were performed (i.e., the PK/PD model based on in vitro data 

could here not inform the design of the mouse studies). The model 
was, however, used to predict the performed in vivo studies by let-
ting unbound mouse PK drive the PK/PD model, and, here, we 
had the fortunate situation that the same four E. coli strains were 
studied in vivo as had been studied in vitro. It was shown that with-
out correcting for the lower growth rate in vivo compared with in 
vitro, the drug effect appeared underpredicted by the model. A 
41% lower in vivo growth rate constant was estimated based on 
data from viability studies and control (drug- free) groups. When 
this lower growth was adapted, predictions improved but the drug 
effect was underpredicted for two of the strains. In a final step, the 
parameters were re- estimated based on both the in vitro and the 
in vivo data, which resulted in an acceptable fit for all 4 strains, 
and this model was applied to predict the human dose anticipated 
to represent stasis at 24  hours given the expected PK profile of 
apramycin in patients. Observed in vitro- in vivo differences may 
be due to the different environment at the site of action (e.g., pH 
may differ and the bacteria may make metabolic and physiologic 
adaptations to the local environment).

The defined dose of 30 mg/kg from the model- based approach 
for translation was the same as derived in probability target attain-
ment analyses using the PK/PD index methodology, aiming to be 
efficient at the MIC90 of 8 mg/L, as well as the dose expected from 
other aminoglycosides using their dose to breakpoint ratio. That 
the defined dose was the same for the different approaches may not 
be surprising given that the explored target— stasis at 24 hours— 
was the same, and the PK/PD model was informed by the same 
24- hour in vivo data. The model- based approach integrating both 
in vitro and in vivo data, for several bacterial strains, may, however, 
be a step in the direction of improved and extended use of models 
for translation of antibiotics. It is anticipated that the model- based 
approach would allow for exploring other time- points and targets, 
and has the potential to extrapolate more accurately to various PK 
profiles expected in different organs and tissues, and in different 
groups of patients, as discussed above. For example, once the model 
is available, dosages required for a pneumonia indication may be 
predicted, initially even without in vivo efficacy data on lung in-
fection. Moreover, what- if scenarios on bacterial strain virulence 
(growth rate), susceptibility, immune response, etc., can be ex-
plored, as well as the effect of adding other drugs.

Drug combinations
For drug combinations, the value of model- based translation 
is even more obvious. The aim of an antibiotic drug combina-
tion is primarily to broaden the spectrum or overcoming ex-
isting resistance through additive or synergistic effects. It is 
relatively straightforward to create a model structure using sepa-
rate concentration- dependent killing rate constants for each drug, 
and explore any additional drug interaction needed to describe 
the data. As an alternative model structure, the different bacteria 
subpopulations may have different susceptibility to the two drugs. 
Various model structures for antibiotic combinations have earlier 
been reviewed.44 It is important to acknowledge that the relative 
ratio of the two compounds, and hence the combined killing ef-
fect, will change over time. Moreover, the dynamic change in the 
ratio will be species- dependent, and may differ at different sites 

Figure 3 Illustration of the various steps through the chain of 
model- based translation, where a PK/PD model is initially built on 
less resource demanding in vitro data, its robustness is explored 
through experiments of various conditions, and adapted to the 
in vivo situation before being applied to explore potential dosing 
regimens in humans. Eventually the PK/PD relationships can be 
linked to measures of disease and symptoms in patients. Reversal 
translation is continuously adapted in the various steps to further 
inform the modeling framework to effectively improve the translation. 
PD, pharmacodynamic; PK, pharmacokinetic; SOFA, sequential organ 
failure assessment.
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in the body given the different PK profiles. In contrast, the PK/
PD index methodology, or other time- collapsed translational ap-
proaches, does not have the potential to consider that the relative 
ratio of two drugs given in combination will change over time, as 
also highlighted by Sy et al.45 A PK/PD model describing the full 
time- course of action of the two drugs, alone and in combination, 
is needed to characterize the dynamic change in potency for one 
drug in presence of the other in the bacterial killing effect.44,46,47 
Models that can predict the outcome of combinations has poten-
tial to rationalize the choice of which combination to focus on in 
clinical evaluations.

MODEL- BASED TRANSLATION TO PATIENTS
Once a PK/PD model is built, and ideally trimmed through vari-
ous preclinical experiments (Figure 3), it may be applied to com-
pare different dosing regimens in humans by allowing the human 
PK to drive the outcome of the model.20,48 The models available 
today are not sufficiently reliable to make a direct quantitative 
translation of the bacteria concentration to patients, but at least 
it is likely that it is possible to make some inference on the impact 
of human PKs on the bacteria as the result of different dosing reg-
imens. For example, if one regimen is known to be efficient in a 
group of patients, a PK/PD model could be used to identify the 
dose resulting in a similar bacterial count profile. The models may 
also be used to compare different treatment regimens of the same 
total dose.

As in other indications, it is expected that it is the unbound, 
free exposure in the animals that should be matched with human 
exposures to achieve a corresponding effect (i.e., any species- 
difference in the unbound fraction should be accounted for).49 In 
model- based translation of infections outside the blood stream, the 
rate and extent to reach the target site can also be considered in a 
modeling framework. For example, concentrations in the lungs, for 
which the epithelial lung fluid is typically a proxy, are often dif-
ferent compared with the unbound plasma concentrations. With a 
physiology- based PK/PD model at hand, the impact of such differ-
ences and variations in the PK profile may be predicted. Moreover, 
considerations of differences in pathology (e.g., in a 24- hour mu-
rine infection model compared with a patient with severe pneumo-
nia), may also be considered.

Host response
A challenge for translation is to understand how the disease and 
immune response will affect the PK and PD of the drug at hand. 
For example, the local environment may impact the drug activ-
ity (e.g., if pH dependent), and an acute murine infection model 
may not reflect the disease state in a patient. Moreover, the ab-
sorption, distribution, and elimination can be affected by critical 
illness,50 resulting in a large variability in treatment response be-
tween patients. A population PK model developed for one group 
of patients, may not necessarily translate well to patients with a 
more severe disease, as highlighted for patients with coronavirus 
disease 2019 (COVID- 19).51 For colistin treatment in critically ill 
patients, we identified an opposite relationship to what we would 
expect— a lower MIC- corrected concentration was related to a 
better outcome.52 This may be due to patients with augmented 

clearance, resulting in low colistin concentrations due to faster 
elimination of its prodrug CMS and possibly higher proteolysis of 
colistin itself, have an underlying higher chance of survival than 
patients with a poor kidney function, complicating the possibility 
to identify PK/PD relationships in patients. Disease severity may 
have been a confounding factor.

The quantitative impact of the immune system on the bacteria 
is not well understood, and can pose a challenge in translation 
because there may be species- dependence and at least the smaller 
experimental animals are often rendered neutropenic to allow 
the bacteria to grow. Studies of the contribution of the innate 
immune response to the killing of bacteria in vivo have demon-
strated that the presence of normal levels of granulocytes result in 
a net kill when the bacteria are approximately at densities of 106– 
107 CFU/g.53,54 This is encouraging given that the immune sys-
tem may hence contribute to suppress the emergence of resistant 
bacteria as long as the total concentration is below this threshold 
value. The bacterial clearance by granulocytes is, however, capacity 
limited (i.e., antibiotics are needed at higher bacterial loads).55 We 
integrated this quantitative information on bacteria- granulocyte 
interaction to showcase the principle on how such information 
could be used in a PBPK model where the bacteria are assumed 
to reside in one of the physiological compartments.56 Additional 
studies are, however, needed to characterize the contribution of 
the immune system to bacterial clearance so that developed mod-
els can give a reasonable approximation of the drug- bug- host in-
teraction and mimic biological processes, and thereby refine the 
translation further.

The immune system forms a natural component in models of 
viral infections, such as HIV,57 but has also been considered in 
models for translation of other infections. In tuberculosis, the 
adaptive immune system is important for bacterial clearance, and 
has in a modeling framework, based on data from a mouse model, 
been suggested to affect the replication rate,58,59 and be depen-
dent on both the current bacterial load and the incubation time. 
This model was subsequently applied to perform simulations to 
predict long- term treatment outcomes in patients. The impor-
tance of characterizing host- pathogen interactions for translation 
has also been recognized in the evaluation of treatments against 
malaria.60 For treatment of Ebola infections, both cytokines and 
innate immune response was considered in the development of 
a PK/PD model in nonhuman primates.61 To complicate things 
further, the capability of the immune system to act on the patho-
gens may also not be constant. For example, blood cell counts may 
change over time as following chemotherapy- induced myelosup-
pression.62 Species- differences in the turnover rates of blood cells 
may be important to consider and has been shown to follow allo-
metric principles.63,64 The translation between species may be fa-
cilitated further by separating PD parameters into system- specific 
(species- dependent), drug- specific (species- independent), and for 
anti- infectives (pathogen- specific).

PHARMACOMETRIC MODELS FOR HUMAN DATA
Direct quantitative measures of bacterial burden can generally not 
be obtained in humans. There is therefore a need to identify connec-
tions between variables observed in preclinical systems and response 
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variables observed clinically. Time to positivity in indicator tubes 
with samples from sputum or blood may, for example, serve as an 
indirect measure of disease burden for those indications where such 
samples can be obtained. A modeling approach for such data was suc-
cessfully developed to describe the exposure- response relationship of 
bedaquiline in tuberculosis.65 The developed modeling framework 
included a prediction of bacterial load over time from a model devel-
oped based on in vitro data,66 a probabilistic model indicating if the 
sample included bacteria, and a time- to- event model for time to posi-
tivity in the sputum samples, including bacteria.

In clinical studies of antibiotics against Gram- negative bacteria, 
the available data often carry low information (i.e., the primary 
outcome is frequently constituting of binary data such as success/
failure or dead/alive), assessed at a certain day after treatment ini-
tiation. Such data are less well- suited to define exposure- response 
and includes not only the aspect of pathogen eradication by the an-
tibiotic, but also the inflammatory response and other symptoms 
related to the infection. Time- to- event data may be somewhat 
more informative, where survival, microbiological cure, discharge, 
and defervescence belong to variables for which exposure- response 
could be explored using survival analysis. Multistate models have 
been suggested as a more informative approach because then, for 
example, cure and death can be analyzed simultaneously as a co-
primary end point, such as “get cured and stay alive over time.”67 
This modeling approach can also account for competing risks (i.e., 
separate hazards of death are estimated for different states), where 
different time- varying covariates, such as drug exposure can be ex-
plored with less risk of bias, and interval censoring can be naturally 
accounted for.

Repeated measure variables, such as the sequential organ failure 
assessment (SOFA) score, along with temperature and biomark-
ers, may also carry more information and be suitable for exploring 
exposure response and subsequent back- translation to preclinical 
infection models. The SOFA score is a composite score of organ 
functions and ranges from 0 to 24 (i.e., there are 25 different cat-
egories). Handling SOFA as a continuous variable in an analysis 
would lead to predictions that are not only integers and would 

need transformation to stay between the limits of 0 and 25. A pro-
portional odds model of 25 categories would require a model of 
at least 24 parameters unless categories are merged. We therefore 
successfully adopted a bounded integer modeling approach68 as an 
alternative to handle the data and demonstrated it to be a promis-
ing method for evaluating SOFA scores, as observed in the AIDA 
trial.69

In the future, we may see more use of biomarker changes to facil-
itate dose decisions. Biomarkers may be used to early diagnose an 
infection, evaluate the response to antibiotic treatment, and pres-
ent a guide on treatment duration. Ideally, this identification and 
characterization of clinically relevant biomarkers can feed back to 
improve animal infection models to increase their predictive value. 
We have earlier explored the possibility to early identify an infec-
tion following chemotherapy in patients by measuring cytokine and 
protein changes.70 We estimated the IL- 6 peak to occur ~ 2 days 
before febrile neutropenia, and this cytokine may hence be an in-
dicator on when to initiate antibiotic treatment in these immune- 
suppressed patients. This is an example of biomarker information 
that would be valuable to back- translate to animal models so that 
model- based functions can be applied for future interspecies pre-
diction of response. For example, we recently built a model for 
translating the time- courses of the cytokines TNF- alpha and IL- 6, 
as well as heart rate and mean arterial pressure, between endotoxin 
challenge models in piglets and humans where endotoxin was in-
fused in various predetermined schedules.71 The model could suc-
cessfully delineate the temporal interplays between the variables 
during the time- course of the response. A next step would be to 
adapt this framework to a clinical setting where higher endotoxin 
levels are expected, and the endotoxin release and exposure is not 
controlled in the same way.

The need to advance the science of outcome assessments for in-
fections has also been highlighted by the Biomarkers Consortium 
of the National Institutes of Health (NIH).72 More informative 
measures will help stakeholders to make better development de-
cisions. In humans, C- reactive protein may separate a bacterial 
from a viral infection, and procalcitonin may guide when to stop 

Figure 4 Model- based dose individualization considering translation of bacteria, host and drug characteristics to inform on best dosing 
strategy for an individual patient. The initial identified therapy may be adjusted as additional data are collected during the treatment. CrCL, 
creatinine clearance; SOFA, sequential organ failure assessment.
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treatment, but such biomarkers need yet to demonstrate a quanti-
tative value of use for model- based translation. It is likely, given the 
complexity and interplay between various factors, that a combina-
tion of biomarkers may be needed to characterize the underlying 
infection and treatment response quantitatively,73 and we have ear-
lier reviewed immune and physiological response biomarkers that 
could be of relevance for this purpose.74

In addition to immune biomarkers, measurements of bacterial 
DNA or mRNA may be used in translation. Moreover, artificial 
intelligence and machine- learning methods may facilitate identi-
fication of biomarkers from broad protein assays and imaging data 
that would be of value to characterize and explore as predictors in 
mechanistic models.75 Eventually, comprehensive modeling frame-
works that account for both safety and efficacy should be the norm 
to efficiently explore dosing strategies.76 Once more information 
on the interplay among the host, pathogen, and treatment has been 
gained and quantitatively defined, these various relationships could 
not only be used for model- based translation in drug development, 
but also be used in model- based tools for precision dosing to sug-
gest an optimized individual starting dose and based on collected 
data during treatment, adapt the therapy (Figure 4).

TRANSLATION IN THE NEW ERA
COVID- 19 has brought focus on the use of predictive methods 
to efficiently forecast the potential value of a (re- purposed) treat-
ment.77 It has become even more apparent how our discipline can 
facilitate dosage optimization, contribute to study designs, and 
maximize the information gain from earlier studies on the drugs 
under consideration for this disease.78 For example, Goncalves et 
al. has taken advantage of a viral dynamic model for influenza to 
demonstrate the importance of early treatment to impact the out-
come from COVID- 19 infection,79 whereas Dai and coworkers 
suggested a prototype quantitative systems pharmacology model 
considering viral dynamics, host immune response mediators, 
and the impact on tissue damage and regeneration.80 We hope 
that these efforts will facilitate the support of further studies on 
translational approaches and their implementation in other in-
fectious diseases. In fact, the value of model- based translation for 
both antituberculosis and antimalarial treatments have recently 
been highlighted.81,82 Of note, the threat of accelerating anti- 
infective drug resistance has not reduced during the SARS- CoV- 2 
pandemic.

CONCLUSION
To summarize, for effective model- based translation of antibiot-
ics, it is crucial to consider species differences in the concentration- 
time profile, and how the shape of the PK profile impacts the 
pathogen dynamics at the site of infection, to be able to appropri-
ately propose dosing strategies. It is time to recognize that trans-
lational methods for antibiotics must expand beyond the use of 
fixed and static PK/PD targets to appropriately account for the di-
verse characteristics of various patient populations and resistance 
emergence. It is also important to realize that for some infections 
(e.g., those caused by the World Health Organization (WHO) 
critical pathogens), we will continue to rely on preclinical data but 
need to learn how such data should be linked to clinical measures 

of infectious disease. Biomarkers that effectively link between spe-
cies will be key to consider disease state in the characterization. 
PK/PD modeling and pharmacometrics can here offer more in-
formative analysis methods and be applied in reverse translation to 
understand clinical trial success and failures to make future drug 
development of antibiotics more efficient and attractive.

ACKNOWLEDGMENT
The author would like to dedicate this - paper to Professor Hartmut 
Derendorf— a much talented scientist with an unusually broad activity 
and deep knowledge in PK and PD, with a focus on anti- infectives. He 
will especially be remembered for his open- minded support for new 
ideas and approaches, his true dedication to mentor students, and, 
last but not least, his kind and humble personality.

FUNDING
No funding was received for this work.

CONFLICT OF INTEREST
The author declared no competing interests for this work.

© 2021 The Authors. Clinical Pharmacology & Therapeutics published by 
Wiley Periodicals LLC on behalf of American Society for Clinical Pharmacology 
and Therapeutics.

This is an open access article under the terms of the Creative Commons 
Attribution- NonCommercial- NoDerivs License, which permits use and dis-
tribution in any medium, provided the original work is properly cited, the 
use is non- commercial and no modifications or adaptations are made.

 1. Dheman, N. et al. An analysis of antibacterial drug development 
trends in the United States, 1980– 2019. Clin. Infect. Dis 
<https://doi.org/10.1093/cid/ciaa859> [e- pub ahead of print].

 2. The Pew Charitable Trusts Analysis shows continued deficiencies 
in antibiotic development since 2014 <https://www.pewtr usts.
org/en/resea rch- and- analy sis/data- visua lizat ions/2019/five- 
year- analy sis- shows - conti nued- defic ienci es- in- antib iotic - devel 
opment>.

 3. Outterson, K. & Rex, J.H. Evaluating for- profit public benefit 
corporations as an additional structure for antibiotic development 
and commercialization. Transl. Res. 220, 182– 190 (2020).

 4. Rex, J.H. et al. A comprehensive regulatory framework to address 
the unmet need for new antibacterial treatments. Lancet Infect. 
Dis. 13, 269– 275 (2013).

 5. Food and Drug Administration. Center for Drug Evaluation and 
Research Antibacterial Therapies for Patients with an unmet 
medical need for the treatment of serious bacterial diseases 
-  guidance for industry <https://www.fda.gov/files/ drugs/ publi 
shed/Antib acter ial- Thera pies- for- Patie nts- With- an- Unmet - Medic 
al- Need- for- the- Treat ment- of- Serio us- Bacte rial- Disea ses.pdf> 
(2017).

 6. Food and Drug Administration. Limited population pathway 
for antibacterial and antifungal drugs -  guidance for industry 
<https://www.fda.gov/media/ 11372 9/download> (2020).

 7. Nielsen, E.I. & Friberg, L.E. Pharmacokinetic- pharmacodynamic 
modeling of antibacterial drugs. Pharmacol. Rev. 65, 1053– 1090 
(2013).

 8. Tängdén, T., Lundberg, C.V., Friberg, L.E. & Huttner, A. How 
preclinical infection models help define antibiotic doses in the 
clinic. Int. J. Antimicrob. Agents 56, 106008 (2020).

 9. Bulitta, J.B. et al. Generating robust and informative nonclinical 
in vitro and in vivo bacterial infection model efficacy data to 
support translation to humans. Antimicrob. Agents Chemother. 63, 
e02307- 18 (2019).

 10. Jorda, A. & Zeitlinger, M. Preclinical pharmacokinetic/
pharmacodynamic studies and clinical trials in the drug 
development process of EMA- approved antibacterial agents: a 
review. Clin. Pharmacokinet. 59, 1071– 1084 (2020).

STATE of the ART

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1093/cid/ciaa859
https://www.pewtrusts.org/en/research-and-analysis/data-visualizations/2019/five-year-analysis-shows-continued-deficiencies-in-antibiotic-development
https://www.pewtrusts.org/en/research-and-analysis/data-visualizations/2019/five-year-analysis-shows-continued-deficiencies-in-antibiotic-development
https://www.pewtrusts.org/en/research-and-analysis/data-visualizations/2019/five-year-analysis-shows-continued-deficiencies-in-antibiotic-development
https://www.pewtrusts.org/en/research-and-analysis/data-visualizations/2019/five-year-analysis-shows-continued-deficiencies-in-antibiotic-development
https://www.fda.gov/files/drugs/published/Antibacterial-Therapies-for-Patients-With-an-Unmet-Medical-Need-for-the-Treatment-of-Serious-Bacterial-Diseases.pdf
https://www.fda.gov/files/drugs/published/Antibacterial-Therapies-for-Patients-With-an-Unmet-Medical-Need-for-the-Treatment-of-Serious-Bacterial-Diseases.pdf
https://www.fda.gov/files/drugs/published/Antibacterial-Therapies-for-Patients-With-an-Unmet-Medical-Need-for-the-Treatment-of-Serious-Bacterial-Diseases.pdf
https://www.fda.gov/media/113729/download


CLINICAL PHARMACOLOGY & THERAPEUTICS | VOLUME 109 NUMBER 4 | April 2021 865

 11. European Medical Agency (EMA)/Committee for Medicinal Product 
for Human Use (CHMP). Guideline on the use of pharmacokinetics 
and pharmacodynamics in the development of antimicrobial 
medicinal products <https://www.ema.europa.eu/en/docum ents/
scien tific - guide line/guide line- use- pharm acoki netic s- pharm acody 
namic s- devel opmen t- antim icrob ial- medic inal- produ cts_en.pdf> 
(2016).

 12. Byrne, J.M. et al. FDA Public Workshop Summary: advancing 
animal models for antibacterial drug development. Antimicrob. 
Agents Chemother https://doi.org/10.1128/AAC.01983 - 20. [e- 
pub ahead of print].

 13. Ambrose, P.G. et al. Pharmacokinetics- pharmacodynamics of 
antimicrobial therapy: it’s not just for mice anymore. Clin. Infect. 
Dis. 44, 79– 86 (2007).

 14. Mouton, J.W., Meletiadis, J., Voss, A. & Turnidge, J. Variation of 
MIC measurements: the contribution of strain and laboratory 
variability to measurement precision. J. Antimicrob. Chemother. 
73, 2374– 2379 (2018).

 15. European Committee for Antimicrobial Susceptibility Testing 
(EUCAST) of the European Society of Clinical Microbiology and 
Infectious Diseases (ESCMID). Determination of minimum 
inhibitory concentrations (MICs) of antibacterial agents by broth 
dilution. Clin. Microbiol. Infect. 9, ix– xv (2003).

 16. Vogelman, B. et al. Correlation of antimicrobial pharmacokinetic 
parameters with therapeutic efficacy in an animal model. J. Infect. 
Dis. 158, 831– 847 (1988).

 17. Craig, W.A., Redington, J. & Ebert, S.C. Pharmacodynamics 
of amikacin in vitro and in mouse thigh and lung infections. J. 
Antimicrob. Chemother. 27(suppl C), 29– 40 (1991).

 18. Sou, T. et al. Model- informed drug development for antimicrobials: 
translational PK and PKPD modelling to predict an efficacious 
human dose for apramycin. Clin. Pharmacol. Ther. 109, 1063– 1073 
(2021).

 19. Nielsen, E.I., Cars, O. & Friberg, L.E. Pharmacokinetic/
pharmacodynamic (PK/PD) indices of antibiotics predicted by a 
semimechanistic PKPD model: a step toward model- based dose 
optimization. Antimicrob. Agents Chemother. 55, 4619– 4630 (2011).

 20. Mohamed, A.F., Nielsen, E.I., Cars, O. & Friberg, L.E. 
Pharmacokinetic- pharmacodynamic model for gentamicin and 
its adaptive resistance with predictions of dosing schedules in 
newborn infants. Antimicrob. Agents Chemother. 56, 179– 188 
(2012).

 21. Kitamura, Y., Yoshida, K., Kusama, M. & Sugiyama, Y. A proposal 
of a pharmacokinetic/pharmacodynamic (PK/PD) index map 
for selecting an optimal PK/PD index from conventional indices 
(AUC/MIC, Cmax/MIC, and TAM) for antibiotics. Drug Metab. 
Pharmacokinet. 29, 455– 462 (2014).

 22. Sugihara, K. et al. In vivo pharmacodynamic activity of 
tomopenem (formerly CS- 023) against Pseudomonas aeruginosa 
and methicillin- resistant Staphylococcus aureus in a murine thigh 
infection model. Antimicrob. Agents Chemother. 54, 5298– 5302 
(2010).

 23. Zhou, Q. et al. Pharmacokinetics and pharmacodynamics of 
meropenem in elderly Chinese with lower respiratory tract 
infections: population pharmacokinetics analysis using nonlinear 
mixed- effects modelling and clinical pharmacodynamics study. 
Drugs Aging 28, 903– 912 (2011).

 24. Wong, G. et al. An international, multicentre survey of β- lactam 
antibiotic therapeutic drug monitoring practice in intensive care 
units. J. Antimicrob. Chemother. 69, 1416– 1423 (2014).

 25. Kristoffersson, A.N. et al. Simulation- based evaluation of PK/PD 
indices for meropenem across patient groups and experimental 
designs. Pharm. Res. 33, 1115– 1125 (2016).

 26. Lipman, J. et al. A protocol for a phase 3 multicentre randomised 
controlled trial of continuous versus intermittent β- lactam 
antibiotic infusion in critically ill patients with sepsis: BLING III. 
Crit. Care Resusc. J. Australas. Acad. Crit. Care Med. 21, 63– 68 
(2019).

 27. Chen, P., Chen, F., Lei, J. & Zhou, B. Clinical outcomes of 
continuous vs intermittent meropenem infusion for the treatment 
of sepsis: a systematic review and meta- analysis. Adv. Clin. Exp. 
Med. 29, 993– 1000 (2020).

 28. European Medicines Agency Report from Dose Finding Workshop. 
(European Medicines Agency, London, UK, 2014) https://www.
ema.europa.eu/en/docum ents/repor t/repor t- europ ean- medic 
ines- agenc y/europ ean- feder ation - pharm aceut ical- indus tries 
- assoc iatio ns- works hop- impor tance - dose- findi ng- dose_en.pdf.

 29. Brown, A.N. et al. In vitro system for modeling influenza A virus 
resistance under drug pressure. Antimicrob. Agents Chemother. 
54, 3442– 3450 (2010).

 30. Brown, A.N. et al. Effect of half- life on the pharmacodynamic index 
of zanamivir against influenza virus delineated by a mathematical 
model. Antimicrob. Agents Chemother. 55, 1747– 1753 (2011).

 31. Nielsen, E.I. et al. Semimechanistic pharmacokinetic/
pharmacodynamic model for assessment of activity of 
antibacterial agents from time- kill curve experiments. Antimicrob. 
Agents Chemother. 51, 128– 136 (2007).

 32. Bai, J.P.F., Earp, J.C., Strauss, D.G. & Zhu, H. A perspective on 
quantitative systems pharmacology applications to clinical drug 
development. CPT Pharmacometrics Syst. Pharmacol. 9, 675– 677 
(2020).

 33. Nielsen, E.I., Cars, O. & Friberg, L.E. Predicting in vitro 
antibacterial efficacy across experimental designs with a 
semimechanistic pharmacokinetic- pharmacodynamic model. 
Antimicrob. Agents Chemother. 55, 1571– 1579 (2011).

 34. Wicha, S.G. et al. Forecasting clinical dose- response from 
preclinical studies in tuberculosis research: translational 
predictions with rifampicin. Clin. Pharmacol. Ther. 104, 1208– 
1218 (2018).

 35. Khan, D.D., Friberg, L.E. & Nielsen, E.I. A pharmacokinetic- 
pharmacodynamic (PKPD) model based on in vitro time- kill 
data predicts the in vivo PK/PD index of colistin. J. Antimicrob. 
Chemother. 71, 1881– 1884 (2016).

 36. Cheah, S.E. et al. New pharmacokinetic/pharmacodynamic 
studies of systemically administered colistin against 
Pseudomonas aeruginosa and Acinetobacter baumannii in 
mouse thigh and lung infection models: smaller response in lung 
infection. J. Antimicrob. Chemother. 70, 3291– 3297 (2015).

 37. Wicha, S.G., Huisinga, W. & Kloft, C. Translational 
pharmacometric evaluation of typical antibiotic broad- spectrum 
combination therapies against staphylococcus aureus exploiting 
in vitro information. CPT Pharmacometrics Syst. Pharmacol. 6, 
512– 522 (2017).

 38. Khan, D.D. et al. A mechanism- based pharmacokinetic/
pharmacodynamic model allows prediction of antibiotic killing 
from MIC values for WT and mutants. J. Antimicrob. Chemother. 
70, 3051– 3060 (2015).

 39. Nielsen, E.I. et al. Can a pharmacokinetic/pharmacodynamic 
(PKPD) model be predictive across bacterial densities and 
strains? External evaluation of a PKPD model describing 
longitudinal in vitro data. J. Antimicrob. Chemother. 72, 3108– 
3116 (2017).

 40. Gullberg, E. et al. Selection of resistant bacteria at very low 
antibiotic concentrations. PLoS Pathog. 7, e1002158 (2011).

 41. Khan, D.D. et al. Predicting mutant selection in competition 
experiments with ciprofloxacin- exposed Escherichia coli. Int. J. 
Antimicrob. Agents 51, 3108– 3116 (2018).

 42. Brennan- Krohn, T. & Kirby, J.E. Synergistic combinations and 
repurposed antibiotics active against the pandrug- resistant 
named- content genus- species; named- content- Klebsiella 
pneumoniae Nevada strain. Antimicrob. Agents Chemother. 63, 
e01374– e1419 (2019).

 43. Xuan, D., Nicolau, D.P. & Nightingale, C.H. Population 
pharmacokinetics of gentamicin in hospitalized patients receiving 
once- daily dosing. Int. J. Antimicrob. Agents 23, 291– 295 (2004).

 44. Brill, M.J.E., Kristoffersson, A.N., Zhao, C., Nielsen, E.I. & Friberg, 
L.E. Semi- mechanistic pharmacokinetic– pharmacodynamic 
modelling of antibiotic drug combinations. Clin. Microbiol. Infect. 
24, 697– 706 (2018).

 45. Sy, S.K.B. et al. A mathematical model- based analysis of the 
time– kill kinetics of ceftazidime/avibactam against Pseudomonas 
aeruginosa. J. Antimicrob. Chemother. 73, 1295– 1304 (2018).

 46. Kristoffersson, A.N. et al. A novel mechanism- based 
pharmacokinetic- pharmacodynamic (PKPD) model describing 

STATE of the ART

https://www.ema.europa.eu/en/documents/scientific-guideline/guideline-use-pharmacokinetics-pharmacodynamics-development-antimicrobial-medicinal-products_en.pdf
https://www.ema.europa.eu/en/documents/scientific-guideline/guideline-use-pharmacokinetics-pharmacodynamics-development-antimicrobial-medicinal-products_en.pdf
https://www.ema.europa.eu/en/documents/scientific-guideline/guideline-use-pharmacokinetics-pharmacodynamics-development-antimicrobial-medicinal-products_en.pdf
https://doi.org/10.1128/AAC.01983-20
https://www.ema.europa.eu/en/documents/report/report-european-medicines-agency/european-federation-pharmaceutical-industries-associations-workshop-importance-dose-finding-dose_en.pdf
https://www.ema.europa.eu/en/documents/report/report-european-medicines-agency/european-federation-pharmaceutical-industries-associations-workshop-importance-dose-finding-dose_en.pdf
https://www.ema.europa.eu/en/documents/report/report-european-medicines-agency/european-federation-pharmaceutical-industries-associations-workshop-importance-dose-finding-dose_en.pdf
https://www.ema.europa.eu/en/documents/report/report-european-medicines-agency/european-federation-pharmaceutical-industries-associations-workshop-importance-dose-finding-dose_en.pdf


VOLUME 109 NUMBER 4 | April 2021 | www.cpt-journal.com866

ceftazidime/avibactam efficacy against β- lactamase- producing 
Gram- negative bacteria. J. Antimicrob. Chemother. 75, 400– 408 
(2020).

 47. Sy, S.K.B., Zhuang, L., Sy, S. & Derendorf, H. Clinical 
pharmacokinetics and pharmacodynamics of ceftazidime- 
avibactam combination: a model- informed strategy for its clinical 
development. Clin. Pharmacokinet. 58, 545– 564 (2019).

 48. Mohamed, A.F., Cars, O. & Friberg, L.E. A pharmacokinetic/
pharmacodynamic model developed for the effect of colistin on 
Pseudomonas aeruginosa in vitro with evaluation of population 
pharmacokinetic variability on simulated bacterial killing. J. 
Antimicrob. Chemother. 69, 1350– 1361 (2014).

 49. Gonzalez, D., Schmidt, S. & Derendorf, H. Importance of relating 
efficacy measures to unbound drug concentrations for anti- 
infective agents. Clin. Microbiol. Rev. 26(2), 274– 288 (2013).

 50. Gonzalez, D., Conrado, D.J., Theuretzbacher, U. & Derendorf, H. 
The effect of critical illness on drug distribution. Curr. Pharm. 
Biotechnol. 12, 2030– 2036 (2011).

 51. Venisse, N. et al. Concerns about pharmacokinetic (PK) and 
pharmacokinetic- pharmacodynamic (PK- PD) studies in the new 
therapeutic area of COVID- 19 infection. Antiviral Res. 181, 
104866 (2020).

 52. Kristoffersson, A.N. et al. Population pharmacokinetics of colistin 
and the relation to survival in critically ill patients infected with 
colistin susceptible and carbapenem- resistant bacteria. Clin. 
Microbiol. Infect. 26, 1644– 1650 (2020).

 53. Drusano, G.L., Fregeau, C., Liu, W., Brown, D.L. & Louie, A. Impact 
of burden on granulocyte clearance of bacteria in a mouse thigh 
infection model. Antimicrob. Agents Chemother. 54, 4368– 4372 
(2010).

 54. Drusano, G.L. et al. Saturability of granulocyte kill of 
Pseudomonas aeruginosa in a murine model of pneumonia. 
Antimicrob. Agents Chemother. 55, 2693– 2695 (2011).

 55. Drusano, G.L. et al. Interaction of drug-  and granulocyte- mediated 
killing of Pseudomonas aeruginosa in a murine pneumonia model. 
J. Infect. Dis. 210, 1319– 1324 (2014).

 56. Sadiq, M.W. et al. A whole- body physiologically based 
pharmacokinetic (WB- PBPK) model of ciprofloxacin: a step 
towards predicting bacterial killing at sites of infection. J. 
Pharmacokinet. Pharmacodyn. 44, 69– 79 (2017).

 57. Friberg, L.E. & Guedj, J. Acute bacterial or viral infection- what’s 
the difference? A perspective from PKPD modellers. Clin. 
Microbiol. Infect. 26, 1133– 1136 (2019).

 58. Zhang, N. et al. Mechanistic modeling of mycobacterium tuberculosis 
infection in murine models for drug and vaccine efficacy studies. 
Antimicrob. Agents Chemother. 64(3), e01727- 19 (2020).

 59. Bartelink, I.H. et al. New paradigm for translational modeling to 
predict long- term tuberculosis treatment response. Clin. Transl. 
Sci. 10, 366– 379 (2017).

 60. Burgert, L. et al. Ensemble modeling highlights importance of 
understanding parasite- host behavior in preclinical antimalarial 
drug development. Sci. Rep. 10, 4410 (2020).

 61. Madelain, V. et al. Ebola viral dynamics in nonhuman primates 
provides insights into virus immuno- pathogenesis and antiviral 
strategies. Nat. Commun. 9, 4013 (2018).

 62. Friberg, L.E., Henningsson, A., Maas, H., Nguyen, L. & Karlsson, 
M.O. Model of chemotherapy- induced myelosuppression with 
parameter consistency across drugs. J. Clin. Oncol. 20, 4713– 
4721 (2002).

 63. Woo, S., Jusko, W.J. Interspecies comparisons of 
pharmacokinetics and pharmacodynamics of recombinant human 
erythropoietin. Drug Metab. Dispos. 35, 1672– 1678 (2007).

 64. Friberg, L.E., Sandström, M. & Karlsson, M.O. Scaling the time- 
course of myelosuppression from rats to patients with a semi- 
physiological model. Invest. New Drugs 28, 744– 753 (2010).

 65. Svensson, E.M. & Karlsson, M.O. Modelling of mycobacterial load 
reveals bedaquiline’s exposure- response relationship in patients 

with drug- resistant TB. J. Antimicrob. Chemother. 72, 3398– 3405 
(2017).

 66. Clewe, O., Aulin, L., Hu, Y., Coates, A.R.M. & Simonsson, U.S.H. 
A multistate tuberculosis pharmacometric model: a framework 
for studying anti- tubercular drug effects in vitro. J. Antimicrob. 
Chemother. 71, 964– 974 (2016).

 67. de Kraker, M.E.A. et al. Optimizing the design and analysis 
of clinical trials for antibacterials against multidrug- resistant 
organisms: a White Paper from COMBACTE’s STAT- Net. Clin. 
Infect. Dis. 67, 1922– 1931 (2018).

 68. Wellhagen, G.J., Kjellsson, M.C. & Karlsson, M.O. A bounded 
integer model for rating and composite scale data. AAPS J. 21, 74 
(2019).

 69. Rognås, V. et al. Bounded Integer approach to model time- varying 
SOFA scores from patients with carbapenem resistant infections 
<www.page- meeti ng.org/?abstr act=9052> Page 28 9052 
(Stockholm, Sweden, 2019)

 70. Netterberg, I. et al. A PK/PD analysis of circulating biomarkers 
and their relationship to tumor response in atezolizumab- treated 
non- small cell lung cancer patients. Clin. Pharmacol. Ther. 105, 
486– 495 (2019).

 71. Thorsted, A. et al. Translational modelling of innate immune 
response following lipopolysaccharide challenge: from piglets 
to humans. Am. Conf. Pharmacometrics 11 THU- 004 (2020) 
ISSN:2688- 3953 <https://www.go- acop.org/asset s/ACoP1 1/
docum ents/ACoP_Poste r%20Abs tracts_v4.pdf>.

 72. Talbot, G.H., Powers, J.H. & Hoffmann, S.C. Developing 
outcomes assessments as endpoints for registrational clinical 
trials of antibacterial drugs: 2015 Update From the Biomarkers 
Consortium of the Foundation for the National Institutes of 
Health. Clin. Infect. Dis. 62, 603– 607 (2016).

 73. Saleh, M.A.A., van de Garde, E.M.W. & van Hasselt, J.G.C. Host- 
response biomarkers for the diagnosis of bacterial respiratory 
tract infections. Clin. Chem. Lab. Med. 57(4), 442– 451 (2019).

 74. Thorsted, A., Nielsen, E.I. & Friberg, L.E. Pharmacodynamics 
of immune response biomarkers of interest for evaluation of 
treatment effects in bacterial infections. Int. J. Antimicrob. Agents 
56, 106059 (2020).

 75. Talevi, A. et al. Machine learning in drug discovery and 
development part 1: a primer. CPT Pharmacometrics Syst. 
Pharmacol. 9, 129– 142 (2020).

 76. Centanni, M., Krishnan, S.M. & Friberg, L.E. Model- based dose 
individualization of sunitinib in gastrointestinal stromal tumors. 
Clin. Cancer Res. 26, 4590– 4598 (2020).

 77. Rosenbloom, D.S., Zhao, P. & Sinha, V. Initiation of antiviral 
treatment in SARS- CoV2: modeling viral dynamics and drug 
properties. CPT Pharmacometrics Syst. Pharmacol. 9, 481– 483 
(2020).

 78. Venkatakrishnan, K., Yalkinoglu, O., Dong, J.Q. & Benincosa, 
L.J. Challenges in drug development posed by the COVID- 19 
pandemic: an opportunity for clinical pharmacology. Clin. 
Pharmacol. Ther. 108, 699– 702 (2020).

 79. Gonçalves, A. et al. Timing of antiviral treatment initiation is 
critical to reduce SARS- CoV- 2 viral load. CPT Pharmacometrics 
Syst. Pharmacol. 9, 509– 514 (2020).

 80. Dai, W. et al. Prototype QSP model of the immune response to 
SARS- CoV- 2 for community development. CPT Pharmacometrics 
Syst. Pharmacol. 10(1), 18– 29 (2021).

 81. Ernest, J.P. et al. Development of new tuberculosis drugs: 
translation to regimen composition for drug- sensitive and 
multidrug- resistant tuberculosis. Annu. Rev. Pharmacol. Toxicol. 
61, 495– 516 (2021).

 82. Andrews, K.A. et al. Model- informed drug development for malaria 
therapeutics. Annu. Rev. Pharmacol. Toxicol. 58, 567– 582 (2018).

 83. Boucher, H.W. et al. White Paper: developing antimicrobial drugs 
for resistant pathogens, narrow- spectrum indications, and unmet 
needs. J. Infect. Dis. 216, 228– 236 (2017).

STATE of the ART

http://www.page-meeting.org/?abstract=9052
https://www.go-acop.org/assets/ACoP11/documents/ACoP_Poster Abstracts_v4.pdf
https://www.go-acop.org/assets/ACoP11/documents/ACoP_Poster Abstracts_v4.pdf

