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Abstract
The optimisation of antibiotic dosing therapy with therapeutic drug monitoring is widely recommended. The aim of thera-
peutic drug monitoring is to help the clinician to achieve target pharmacokinetic/pharmacodynamic parameters, maximising 
efficacy and minimising toxicity. Computerised programs, utilising the Bayesian estimation procedures, are able to achieve 
target concentrations in a greater percentage of patients earlier in the course of therapy compared to linear regression analy-
sis and population methods. This article summarises various methods for dose optimisation of antibiotics with a focus on 
Bayesian programs.
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Introduction

Optimisation of antibiotic exposure is highly likely to lead 
to improved patient outcomes [1]. Research has also demon-
strated that obtaining target pharmacokinetic and pharmaco-
dynamic indices early during the antibiotic course of therapy 
has been associated with an improved patient response and 
reduced mortality for two commonly used antibiotics namely 
vancomycin and aminoglycosides [2, 3].

Pharmacokinetic and pharmacodynamic 
parameters

Key measurements of an antibiotic’s concentration are 
typically expressed as pharmacokinetic parameters which 
includes the following: maximum concentration (Cmax), 
minimum concentration (Cmin) and Area Under the Curve 
(AUC) (Fig. 1) [4]. In contrast, pharmacodynamic param-
eters relates to the interaction of the antibiotic and its abil-
ity to kill or inhibit the target pathogen in the body. The 
pharmacokinetic and pharmacodynamics parameters can 
be combined in a quantitative relationship. For example, a 
pharmacokinetic parameter such as AUC and a microbio-
logical parameter such as minimum inhibitory concentration 
(MIC). This is termed as a pharmacokinetic/pharmacody-
namic index and is expressed as AUC/MIC [5].

The class of antibiotics correlates with which pharma-
cokinetic/pharmacodynamic indices predict the optimal out-
come for antibiotic therapy (Table 1) [6]. Roberts et al. have 
identified pharmacokinetic/pharmacodynamic target values 
for a number of classes of antibiotics based on animal and 
human pharmacodynamic studies [1].

In this paper, we provide an evidence-based narrative 
review of the various methods for dose optimisation of anti-
biotics. We include the benefits, limitations, and challenges 
of different methodologies. We also describe a number of 
Bayesian programs that were identified via various search 
strategies: PubMed search for original and review articles 
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from 2004 to 2019 as well as personal communication with 
clinicians. Programs identified via any of these methods 
had to meet the following criteria to be evaluated: Bayesian 
approach, currently available for clinical use and include 
population models for antibiotics. Programs that were not 
actively supported by the developer were excluded (i.e. 
programs not being actively updated and supported). The 
researchers who evaluated these programs (clinical pharma-
cist and infectious diseases physician) have extensive experi-
ence in pharmacokinetics and pharmacodynamics.

Therapeutic drug monitoring

The aim of Therapeutic Drug Monitoring (TDM) is to assist 
the clinician to achieve target pharmacodynamic parameters, 
maximising efficacy and minimising toxicity. TDM was tra-
ditionally used to minimise toxicities for drugs with a nar-
row therapeutic index. It is increasingly used to optimise 
dosing in addition to preventing toxicity. TDM relies on the 
accurate and timely measurement of serum antibiotic con-
centrations and the availability of a defined therapeutic range 
for the antibiotic. Doses can then be adjusted to meet pre-
defined pharmacokinetic and/or pharmacodynamic criteria 
utilising methodologies such as nomograms and algorithms 
which are described below [1].

Peak and trough monitoring

Although there are several methodologies available for dose 
optimisation, some centers use TDM in the simplest concept 
by monitoring the measurement of “peak” and “trough” con-
centrations. Empiric dosage adjustments are then made with 
ratio estimations without utilising methodologies such as 
nomograms and algorithms. There are number of limitations 
associated with this strategy. Peak concentrations have lim-
ited utility and only correlate with efficacy in ‘concentration 
dependent’ antibiotics. Trough concentrations only indicate 
when a subsequent dose should be administered and not the 
dose adjustment required for the patient. In addition, if an 
undetectable concentration is identified i.e. < 0.5 mg/L the 
clinician does not know at what time the concentration fell 
below the limit of detection, thus there is no useful informa-
tion to inform modification to the dosing regimen [7].

These empiric adjustments result in a “trial and error 
period” with different dosage regimens until optimal serum 
concentrations are achieved [7]. This approach potentially 
results in incorrect dosage adjustments, prolonged periods 
to obtain targeted concentrations and unnecessary health 
care cost mainly related to the extra serum concentrations 
required to achieve the optimal dose [2].

Methods of dose individualisation

Several nomograms and algorithms have been developed 
to individualise pharmacokinetic monitoring for antibiot-
ics. Three major methods of dose individualisation com-
monly used to target specific pharmacokinetic parameters 
are: [1] linear regression analysis (one compartment model) 
[2], population methods and [3] Bayesian estimation proce-
dures [8].

Linear regression analysis

The first method used to fit serum concentrations to indi-
vidual patient models was the Sawchuk–Zaske method using 
linear regression analysis [9]. The ALADDIN (Aminogly-
coside Levels and Daily Dose Indicator) is also another 

Cmax - maximum concentration
Cmin - minimum concentration
AUC - Area under the curve 
MIC - minimum inhibitory concentration (of the organism the antibiotic is targeting) -
pharmacodynamic parameter

Pharmacokinetic/pharmacodynamic indices 
Cmax/MIC
AUC/MIC
T>MIC

Fig. 1   Pharmacokinetic parameters

Table 1   Pharmacokinetic/
pharmacodynamic indices 
correlating with efficacy

Classification Target pharmacokinetic/pharmacody-
namic indices

Antibiotics

Time-dependent T>MIC β-lactams, carbapenems
Concentration-dependent Cmax/MIC

AUC/MIC
aminoglycosides

Concentration-dependent with time-
dependence

AUC/MIC glycopeptides; quinolones
daptomycin
colistin
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example of this method. These methods use an a posteriori 
drug dosing calculation where the patient’s pharmacokinetic 
parameters are calculated from at least two measured serum 
concentrations and assume a one compartment model [2]. 
These methods require specific patient information such as 
dose, concentration, time of concentration and dose, dura-
tion of infusion in order to accurately interpret the pharma-
cokinetic results (AUC, Cmax, Cmin, Cl and Vd). Based on 
the pharmacokinetic results the programs then determine the 
most appropriate dose and dosing interval adjustments for 
the patient. They also require additional resources such as 
access to computers at the point of patient care.

Although these methods are simple they do have a num-
ber of limitations: they only utilise serum concentration data 
around the dosing interval where the concentrations were 
obtained and therefore there is a loss of continuity of data 
[2]. The lack of population data, and hence the necessity to 
have two concentrations presents a limitation in some set-
tings, such as paediatrics where it is often difficult to obtain 
blood samples.

Population methods

A population method, alternatively called an a priori dosing 
method, determines antibiotic dosage based on population 
pharmacokinetic parameters, without using the patient’s 
individual pharmacokinetic results [2]. Nomograms such 
as the Hartford Nomogram [10] and the Begg Nomogram 
[11], use estimates of pharmacokinetic parameters such as 
volume of distribution in order to estimate dosage recom-
mendations. The nomograms have proved popular as they 
are easy to interpret, require no specialised pharmacokinetic 
knowledge for the interpretation of the results and limited 
use of resources (personnel and/or computers). In addition, 
the patient information required to interpret the nomogram 
is also minimal such as dose, time of dose and concentration.

Although nomograms have been widely used, it is impor-
tant to ensure that the individual patient matches the popula-
tion for which the nomogram has been developed. In addi-
tion all nomograms assume stability of pharmacokinetic 
parameters, such as creatinine clearance, which may not 
occur in a sick patient. There are a number of limitations 
associated with nomograms such as they are only available 
for a limited number of antibiotics at pre-defined doses. In 
addition, the Hartford Nomogram has not been validated in 
patients that may have altered kinetic parameters i.e. burns, 
pregnant patients, ascites, dialysis [10]. In addition, several 
studies have found a lack of agreement in dose recommenda-
tions made by the population-nomogram methods [12, 13]. 
Unfortunately the patients’ pharmacokinetic parameters 
were not described in these studies. Due to these limitations 
nomograms are no longer being recommended by published 
guidelines [14, 15].

Bayesian estimation procedures

The Bayesian approach offers the advantage that it makes 
optimal use of all information contained in the population 
model (a priori) combined with the most current pharma-
cokinetic information from the patient (a posteriori) to 
develop the patient’s most precise regimen [2, 8]. Numer-
ous programs exist which apply different approaches to 
calculating individualised antibiotic doses for patients. 
Importantly, not all programs contain all relevant antibi-
otics, although the developers of most programs state that 
additional pharmacokinetic models for antibiotics can be 
included in these programs on request or by the user. To 
ensure robust bedside antibiotic dosing is possible, many 
of these programs have, or are developing electronic medi-
cal record interfaces and smart phone applications which 
can be used at the patient’s bedside [16]. Examples of pro-
grams designed for clinical use are described in Table 2. 
Other programs have been designed for research use only 
and are beyond the scope of this paper [17, 18].

One of the advantages of utilising a Bayesian program 
is that pharmacokinetic and pharmacodynamic parameters 
for the patient can be calculated utilising a single meas-
urable concentration. In addition, some of the Bayesian 
programs can calculate the optimal time to obtain a serum 
concentration for a patient and antibiotic thus minimising 
the number of serum concentrations that are required.

Patient individualisation dosing strategies utilising 
Bayesian strategies have demonstrated that a greater per-
centage of patients will achieve the targeted concentration 
as compared to patients who receive a fixed dose strategy 
[19, 20]. Bayesian programs have been shown to improve 
patient care by minimising drug toxicity and maximising 
drug efficacy. They have also demonstrated a reduction 
in the number of blood samples required to calculate the 
optimal dose and provide flexibility around sample times 
[21, 22]. Individualised, Bayesian modelling of medica-
tions is especially beneficial to patients for whom there are 
limited dosing guidelines, such as children and patients 
with altered physiologic function [23].

The predictions made by different Bayesian programs 
are generally similar, however, at times there can be sub-
stantial differences between programs for some individual 
patients. These differences can be attributed to the under-
lying pharmacokinetic distribution assumptions made in 
the model and should always warrant further evaluation 
[24]. This highlights the importance that these programs 
should be utilised by health care practitioners with a sound 
clinical knowledge and judgement who also have special-
ized skills in pharmacokinetics and pharmacodynamics.
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How are doses calculated for an individual patient 
utilising a Bayesian program?

In Bayesian dose adaptation, the dose of the antibiotic is 
adjusted to ensure the individual patient’s exposure meets 
pharmacokinetic/pharmacodynamic targets. Information 
about the specific patient (e.g., weight or creatinine clear-
ance), serum drug concentrations, and a population pharma-
cokinetic model, from the relevant population, are included 
(Fig. 2). The population pharmacokinetic model contains a 
series of mathematical equations including parameter esti-
mates and their distribution for clearance and Vd [16].

An initial dose can be calculated for a patient, for the 
most appropriate antibiotic for the patient’s infection, utilis-
ing a Bayesian software package and the patient’s data (e.g., 
weight and creatinine clearance) to increase the likelihood of 
achieving pharmacokinetic/pharmacodynamic targets early 
in the course of therapy. After the first or subsequent doses 
have been administered serum concentration(s) are then 
obtained to estimate the patient’s individual pharmacokinetic 
parameters for the antibiotic. In addition, the MIC of the 
selected antibiotic to the pathogen can be sought from the 
microbiology laboratory. The software package combines 
the patient’s observed data plus the population pharmacoki-
netic model to estimate the Bayesian posterior pharmacoki-
netic parameters for the individual. The appropriate dose 
that achieves the pharmacokinetic/pharmacodynamic targets 

required for a patient is calculated and used to make the nec-
essary adjustments to the patient’s regimen [16].

Summary

The ideal method for monitoring antibiotics is one that 
predicts an accurate, clinically appropriate dose, requires 
minimal resources and is easy to use. The advantage of 
the nomograms are that they require only one serum con-
centration, are easy to interpret and require no specialised 
pharmacokinetic knowledge. Nevertheless, concerns have 
been raised about their reliability given the large interpatient 
variability in antibiotic pharmacokinetics and are no longer 
recommended by published guidelines. The linear regression 
methods, i.e. Sawchuk–Zaske and ALADDIN, require two 
serum concentrations after an antibiotic dose and do not uti-
lise population data to assist in calculating the patients phar-
macokinetic/pharmacodynamic indices. Utilising population 
data the Bayesian estimation procedures can calculate doses 
based on one serum concentration. They are currently the 
closest to an ideal solution for clinical use which can achieve 
a greater percentage of patients attaining target concentra-
tions as compared to other methodologies [9, 20].

It is important to remember that the Bayesian estimation 
procedures are decision support programs and are not diag-
nostic tools. They allow the end user the flexibility to choose 
appropriate target parameters to tailor the recommendations 
to a patient. Therefore, they require skilled personnel, usu-
ally clinical pharmacists and or clinical pharmacologists, 
with an understanding of pharmacokinetics and pharmaco-
dynamics to use and interpret the information. Addition-
ally, it should be stressed the software is only as good as 
the data entered—if the time of administration of the drug 
or specimen collection is inaccurate, then erroneous results 
may occur.

Bayesian programs estimating antimicrobial AUC have 
been available for over 30  years, however, adoption of 
these programs into the clinical setting has been variable 
despite being recommend by published guidelines [14, 15, 
25]. When implementing a Bayesian program a change in 
clinical practice may be required. It is important to select a 
program that supports the specific patient population being 
treated. Because of this one program may not be able to 
meet all the health service requirements and the limitations 
of the program should be carefully assessed before being 
adopted into clinical practice. It is also important to note that 
implementation may require a significant financial invest-
ment for health services. This may include the potential cost 
of purchasing the software, employment of clinicians who 
are experts in pharmacokinetics and pharmacodynamics and 
the support required for Information Technology. Although 
some programs might be available at no initial cost they may 

Patient data: height; 
weight; age; sex; 
serum creatinine

Antibiotic 
concentration(s)

Microbiology 
laboratory: 
pathogen MIC

Comparison with 
target parameters

Dose adjustment

Initial Dose

Target 
Parameters 

Bayesian 
simulation

Bayesian 
simulation

Patient: diagnosis 
& antibiotic

Fig. 2   Bayesian dose adaptation
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not necessarily provide customer support, implementation 
and integration requirements for sites. Hence, it is important 
to consider the overall cost of implementation rather than the 
isolated purchase cost of the program.

In conclusion, Bayesian estimation procedures are deci-
sion support programs and should be used wherever feasible 
to optimise patient care in conjunction with pharmacoki-
netics and pharmacodynamics and clinical expertise. We 
encourage clinicians to carefully consider the benefits, limi-
tations, and challenges of different methodologies of dose 
optimisation prior to implementation of a Bayesian program.
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