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Abstract
Background and Objectives Model-informed precision dosing (MIPD) frequently uses nonlinear mixed-effects (NLME) 
models to predict and optimize therapy outcomes based on patient characteristics and therapeutic drug monitoring data. 
MIPD is indicated for compounds with narrow therapeutic range and complex pharmacokinetics (PK), such as voriconazole, 
a broad-spectrum antifungal drug for prevention and treatment of invasive fungal infections. To provide guidance and recom-
mendations for evidence-based application of MIPD for voriconazole, this work aimed to (i) externally evaluate and compare 
the predictive performance of a published so-called ‘hybrid’ model for MIPD (an aggregate model comprising features and 
prior information from six previously published NLME models) versus two ‘standard’ NLME models of voriconazole, and 
(ii) investigate strategies and illustrate the clinical impact of Bayesian forecasting for voriconazole.
Methods A workflow for external evaluation and application of MIPD for voriconazole was implemented. Published vori-
conazole NLME models were externally evaluated using a comprehensive in-house clinical database comprising nine vori-
conazole studies and prediction-/simulation-based diagnostics. The NLME models were applied using different Bayesian 
forecasting strategies to assess the influence of prior observations on model predictivity.
Results The overall best predictive performance was obtained using the aggregate model. However, all NLME models 
showed only modest predictive performance, suggesting that (i) important PK processes were not sufficiently implemented 
in the structural submodels, (ii) sources of interindividual variability were not entirely captured, and (iii) interoccasion 
variability was not adequately accounted for. Predictive performance substantially improved by including the most recent 
voriconazole observations in MIPD.
Conclusion Our results highlight the potential clinical impact of MIPD for voriconazole and indicate the need for a compre-
hensive (pre-)clinical database as basis for model development and careful external model evaluation for compounds with 
complex PK before their successful use in MIPD.

1 Introduction

Model-informed precision dosing (MIPD) is an emerg-
ing approach fostering the use of mathematical models 
in the framework of quantitative dosing decision support. 
This approach aims to predict, individualize, and thereby 
optimize dosing and therapy outcomes based on patient 
characteristics and data from therapeutic drug/biomarker 
monitoring (TDM) [1, 2]. MIPD offers the opportunity to 
significantly improve the efficacy and safety of drug thera-
pies, reduce the emergence of resistance, and save costs. 

In brief, based on (preferably rich) pharmacokinetic (PK) 
and/or pharmacodynamic (PD) individual-level data, typi-
cally a nonlinear mixed-effects (NLME) model is developed, 
and the typical population PK and/or PD parameters are 
estimated. Different sources of variability between/within 
individuals are quantified and accounted for (e.g., interin-
dividual, interoccasion, interstudy, or residual variability). 
Individual-specific factors (‘covariates’, e.g., CYP2C19 
geno type or body weight) can be integrated to explain part 
of the variability. In the clinical setting, the values of the 
population parameters of the developed NLME model can be 
used as Bayesian uncertainty priors, if available, in combina-
tion with recorded patient-specific factors, to a priori pre-
dict the exposure likely to result from a hypothetical dosing Extended author information available on the last page of the article
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Key Points 

Model-informed precision dosing (MIPD) is indicated 
for compounds with narrow therapeutic range and com-
plex pharmacokinetics (PK) such as voriconazole.

To guide evidence-based application of MIPD for 
voriconazole, a workflow for external evaluation and 
application of MIPD was implemented and it was shown 
that the aggregate model of voriconazole had a better 
predictive performance than the ‘standard’ nonlinear 
mixed-effects models but no evaluated published models 
were able to adequately describe the highly variable PK 
(especially after oral administration), indicating the need 
for more (semi-)mechanistic models combining in vitro 
and in vivo data to characterize the complex PK behavior 
for successful implementation of MIPD.

The clinical need for MIPD was demonstrated by high 
intra-and interindividual variability and low PK target 
attainment after standard dosing, and simulations for a 
representative patient illustrated how a MIPD workflow 
could be designed to improve target attainment. Predic-
tive performance substantially improved by including the 
most recent voriconazole observations in MIPD.

regimen and thereby derive an adequate individual first 
dosing regimen (probabilistic setting). In combination with 
patient’s individual dosing history and drug monitoring data, 
individual parameters can be estimated (maximum a poste-
riori [MAP] Bayesian estimates). Thereby future trajectories 
of the individual concentration-time profiles will accurately 
be predicted and dosing regimens to achieve a desired effi-
cacy or safety threshold be suggested (Bayesian forecasting 
setting). Prior to its application in MIPD, a candidate NLME 
model needs to be carefully selected, thoroughly evaluated, 
and must provide adequate predictive performance. Using 
external evaluation techniques, i.e., based on the candidate 
NLME model together with an external evaluation dataset, 
the predictive performance can be assessed using predic-
tion-/simulation-based methods and retrospective applica-
tion of Bayesian forecasting [2]. Candidate drugs for MIPD 
need to fulfill several criteria to be eligible for MIPD [1–4], 
all of which are met by the second-generation triazole vori-
conazole, classified as ‘essential medicine’ by the WHO [5]: 
high interindividual PK variability (e.g., metabolized by 
polymorphic enzymes), narrow therapeutic range, potential 
for severe adverse drug reactions, vulnerable patient popula-
tion (e.g., pediatrics, patients undergoing transplantation), 
and defined relationship between dose, plasma concentration 
and clinical response as well as safety [6–8]. Voriconazole 
is commonly used for first-line treatment of invasive fungal 

infections [9], and as primary or secondary prophylaxis in 
immunocompromised patients [10, 11]. Voriconazole PK 
is characterized by nonlinearity and high inter-/intraindi-
vidual variability. Potential sources of variability comprise, 
e.g., status of metabolizing enzymes (fraction metabolized 
= 98% of parent compound, primarily via polymorphic 
CYP2C19, 3A4 and potentially 2C9), age, sex, liver or dis-
ease status, concomitant medication, and route of admin-
istration [12–20]. The relative contribution of CYP2C19, 
3A4 and 2C9 to voriconazole clearance, the (auto-) inhibi-
tory potential of the parent compound and metabolites, as 
well as the mechanism of the inhibition processes were 
intensively discussed and only recently comprehensively 
investigated in systematic and quantitative in vitro inves-
tigations [21–24]. The mean contribution of the individual 
isoenzymes to voriconazole N-oxide formation was 63.1% 
for CYP2C19, 13.2% for CYP2C9 and 29.5% for CYP3A4. 
Voriconazole N-oxide was the weakest and voriconazole 
and hydroxy-voriconazole comparably strong inhibitors 
of CYP2C9 and CYP3A4. CYP2C19 was significantly 
inhibited by voriconazole only. Time-independent (i.e., 
competitive and non-competitive) inhibition by voricona-
zole, voriconazole N-oxide and hydroxy-voriconazole was 
demonstrated. Voriconazole is approved to be administered 
as (total body) weight-adapted intravenous (IV) infusion or 
orally (PO) without weight adaptation (oral bioavailability 
of 96% reported) [25, 26]. Polymorphic CYP2C19 and cor-
responding genotype-predicted phenotypes significantly 
impact voriconazole exposure (4-fold higher area under the 
concentration-time curve during one dosing interval (AUC τ)  
in poor than in normal metabolizers) [27, 28]. Frequently 
used target ranges in clinical practice for minimum plasma 
concentrations (Cmin after 12 h) range from ≥ 1.0 mg/L up to 
6.0 mg/L for effective and safe therapy, respectively [8, 29, 
30]. Since its approval in the early 2000s, several voricona-
zole NLME models have been published and reviewed [21, 
31], and externally evaluated [32–34]. Moreover, a so-called 
‘hybrid’ (aggregate) model comprising features and prior 
information from six previously published NLME models 
including nonlinear, concentration-, CYP2C19- and time-
dependent elimination has been developed for MIPD (see 
Section 1.1 in Online Resource 1) [35]. This work aimed 
to provide guidance and recommendations for evidence-
based application of MIPD for the model compound vori-
conazole by implementing a workflow for external evalua-
tion and application of MIPD [36]. The workflow consisted 
of (i) externally evaluating and comparing the predictive 
performance of the aggregate model, versus two ‘standard’ 
NLME models with linear elimination (accounting [13] 
or not accounting [6] for CYP2C19 genotype), using data 
from a rich in-house database, and (ii) investigating differ-
ent strategies and illustrating the clinical impact of Bayesian 
forecasting (Fig. 1).
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2  Materials and Methods

2.1  Clinical Database for Voriconazole

The in-house database for voriconazole comprised data 
from nine clinical voriconazole studies. Individual demo-
graphic and clinical data were acquired independently at 
two study sites (Department of Clinical Pharmacology, 
Medical University of Vienna, Austria; Department of 
Clinical Pharmacology and Pharmacoepidemiology, Uni-
versity Hospital Heidelberg, Germany). Further informa-
tion on dosing, PK sampling, bioanalytical methods and 
genotyping are available from the respective references 
in Table  1. Subsets of the in-house clinical database 
were selected according to the most informative dosing 
and sampling schedules for each investigated scenario 
described in the following sections (Fig. 1). If covariates 
were missing for individuals in the clinical database, the 
median value of the covariate in the clinical database was 
imputed. Covariates that were included in the selected 
NLME models but not available in the clinical database 
were set to the reference value of the population used for 
model development for all evaluations and simulations. As 
the selected NLME models and respective parameter val-
ues were based on total plasma concentrations, unbound 
plasma concentrations in one study were transformed 
to total plasma concentrations using experimentally 

determined plasma protein binding (47.1%) in the study 
[37].

2.2  Identification and Implementation of Nonlinear 
Mixed‑Effects Pharmacokinetic Models 
of Voriconazole

The model development of the aggregate model is briefly 
described in Section 1.1 of Online Resource 1, for more 
details see [35]. To compare the performance of the aggre-
gate model with ‘standard’ NLME models for voriconazole, 
a knowledge-based preselection approach was used. In addi-
tion to the aggregate model, two ‘standard’ NLME models 
describing the PK of voriconazole meeting the following 
criteria were identified from the literature (pubmed.gov): 
(i) parametric NLME model, (ii) all relevant parameters 
values published, and (iii) structural model including lin-
ear elimination, either accounting (model M1) [13] or not 
accounting for CYP2C19 genotype (model M2) [6] (Fig. 2a, 
upper panels, Table 2). Crucial characteristics of the study 
populations used for model development were required to 
match the population characteristics of the clinical database 
(e.g., exclusion of patients with obesity or transplantation, 
pediatric patients) and route of administration (i.e., IV and 
PO single/multiple dosing). The identified NLME mod-
els were extracted from the literature by two independent 
reviewers and fixed- and random-effects parameters were 

Fig. 1  Schematic workflow of the external model evaluation framework. MIPD model-informed precision dosing,  NLME nonlinear mixed-
effects
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fixed to reported values (see 1.1–1.2 in Online Resource 1, 
Table S1; model codes in Online Resource 2). The NLME 
models were implemented in  NONMEM®-readable format 
according to the specifications given in the original publica-
tions. Critical or ambiguous aspects and interpretations of 
the publications were discussed and solved together with 
the corresponding authors.

2.3  External Model Evaluation Framework

First, to explore the NLME models and their features, deter-
ministic simulations were performed. To evaluate the global 
fit and predictive performance of the models, prediction- 
and simulation-based diagnostics were used together with 
the ‘external evaluation dataset’ or subsets thereof (Fig. 1, 
see 1.3 in Online Resource 1). Interoccasion variability was 

Table 2  Respective study and model characteristics underlying published nonlinear mixed-effects pharmacokinetic models for voriconazole [6, 
13, 35], all values reported as in publications

NLME nonlinear mixed-effects, PK pharmacokinetics, gPM poor metabolizer (CYP2C19*2/*2, CYP2C19*3/*3, CYP2C19*2/*3), gIM interme-
diate metabolizer (CYP2C19*1/*2, CYP2C19*1/*3), gNM normal metabolizer (CYP2C19*1/*1), also EM (extensive metabolizer), gUM ultrara-
pid metabolizer (CYP2C19*17/*17), NR not reported
a Dense: full pharmacokinetic profile
b Sparse: sampling before next dose (minimum plasma concentration sample)
c Mean ± standard deviation (range)
d CYP2C19 genotype-predicted phenotype

Aggregate model Model 1 (M1) Model 2 (M2)

Study design Meta-analysis of six published 
population PK models

Prospective Prospective

Number of study participants 800 (pooled) 55 151
Study population Healthy adults (n = 119), patients 

with invasive fungal infections 
(n = 426), patients with lung/
liver transplant or malignancy 
(n = 35), pediatrics (n = 194), 
adolescents (n = 26)

Patients with invasive fungal 
infections

Patients with invasive fungal 
infections

Voriconazole dosing Approved dosing regimen Approved dosing regimen Approved dosing regimen
Study visits, median (range) NA 3 (1–9) NR
Samples > 10,742 (pooled) 505 406
Samples per patient, median 

(range)
NR 8 (1–47) NR

Sampling  schedulea,b (number of 
patients)

Dense (NR), sparse (NR) Dense (35), sparse (20) Dense (7), sparse (144)

Continuous covariates, [unit] median (range)
Age [years] NR (2–99) 58 (23–78) 61 (18–99)
Total body weight [kg] NR (10–125) 68 (42–125) 59.1 ± 7.8 (35.0–80.0)c

Alkaline phosphatase [U/L] NR NR 104 (2.0–693.0)
Categorical covariates, [%]
Male NR 71.0 68.9
gCYP2C19 phenotype  frequencyd 

(gPM/gIM/gNM/gUM)
NR NR 12.6/43.0/42.4/1.99

Omeprazole coadministration NR 29.1 58.9
Dexamethasone coadministration NR NR 59.6
Rifampicin coadministration NR NR NR
Grade 3 cholestasis NR 12.7 NR
Model NLME PK (aggregate model) NLME PK NLME PK
Structural model 2-compartment model with 

parallel linear and nonlinear 
elimination

1-compartment model with linear 
elimination

1-compartment model with linear 
elimination

Identified covariates Total body weight (allometric 
scaling), lean body weight, 
CYP2C19 gPM, CYP enzyme 
inhibitor/inducer

Rifampicin coadministration, 
severe hepatic cholestasis

Age, alkaline phosphatase, 
CYP2C19 gPM
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included in the estimation of individual PK parameters but 
excluded for Bayesian forecasting [38, 39].

2.3.1  Deterministic Simulations

The typical concentration-time profiles of a typical patient 
(aged 60 years, 67 kg patient [lean body weight 54 kg] and 
CYP2C19*1/*1 genotype [normal metabolizer, wild type], 
without co-medication) were simulated with all three mod-
els for IV and PO single doses of 400 mg over 12 h (SD1 
and 2, respectively), and for different IV and PO multiple 
dosing regimens over 14 days with loading doses (MD1: 
2×6 mg/kg IV q12 h, then 4 mg/kg IV q12 h; MD3: 2×400 
mg PO, q12 h, then 200 mg PO q12 h) or without these 
(MD2: 4 mg/kg IV q12 h; MD4: 200 mg PO q12 h).

2.3.2  Model Performance Evaluation

To evaluate the performance of an a priori prediction, the 
voriconazole plasma concentrations up to 12 hours after 
last dose in all individuals (‘external evaluation dataset’, 
n = 141) were predicted using dosing information and 
individual covariate values and compared to the observed 
values (Fig. 1). For graphical model evaluation, goodness-
of-prediction plots (population-predicted concentrations vs 
observed concentrations) were used. For numerical model 
evaluation, relative prediction error (PE, %), relative mean 
prediction error (MPE, %), and relative root mean squared 
error (RMSE, %) were calculated to assess bias and accu-
racy (Eqs. 1–3):

where N denotes the number of observations. Predictive 
performance of all models was further assessed using sim-
ulation-based diagnostics, i.e., prediction-corrected visual 
predictive checks (pcVPC) [40], normalized prediction dis-
crepancies (NPD) and normalized prediction distribution 
errors (NPDE) [41, 42]. Therefore, a subset of the exter-
nal evaluation dataset (‘predictive performance evaluation 
dataset’, n = 31) comprising real-world clinical data of 31 
patients was used [43], including individual patient’s dosing 
history and covariate information (Fig. 1). For pcVPC and 

(1)PE
i(%) =

(

Cpred,i − Cobs,i

C
obs,i

)

⋅ 100,

(2)MPE(%) =
1

N

N
∑

i=1

PE
i
,

(3)RMSE(%) =

√

√

√

√
1

N

N
∑

i=1

PE2

i
,

NPD/NPDE, 1000 and 2000 Monte-Carlo simulations were 
performed, respectively (see 1.3.1 in Online Resource 1).

2.3.3  Bayesian Forecasting

To investigate different strategies within a Bayesian fore-
casting setting [44] and to assess the influence of prior 
observations on model predictivity, a subset of the external 
evaluation dataset (‘Bayesian forecasting dataset’, n = 8) 
was used comprising eight individuals in whom voricona-
zole concentrations across six occasions (i.e., dosing inter-
val with observed voriconazole concentration) were avail-
able (Fig. S1) [45]. The individual predicted voriconazole 
concentrations of the ‘most recent’ (i.e., 6th) occasion were 
forecasted by covariate information only (a priori prediction) 
and, in strategy (a), using the first one, two, three, four, or 
five prior observations (i.e., one observation per occasion), 
or in strategy (b), using different combinations of up to three 
prior observations (Fig. S2). The impact of number and tim-
ing of prior observations on the predictive performance was 
assessed using individual PE, relative MPE, and RMSE.

2.4  Clinical Impact of Bayesian Forecasting

To illustrate the clinical impact of Bayesian forecasting, a 
representative patient (based on the characteristics of the 
‘predictive performance evaluation dataset’) receiving the 
standard multiple dosing regimen (MD3) was simulated 
using the aggregate model. Based on a Cmin sample (when 
Cmin <1.0 mg/L) taken before administration of the 6th 
dose (end of Day 3), patient-individual PK parameters were 
estimated, future trajectories of the individual concentra-
tion-time profile predicted for maintenance dosing of 200 
(standard), 250, 300, 350 and 400 mg, and dose adaptations 
proposed to attain therapeutic concentrations. For illustra-
tive purposes, a simplified approach was used that did not 
account for variability or uncertainty in the PK parameters, 
the predicted exposure, or the PK target threshold.

2.5  Software

Dataset development, exploratory statistical and graphical 
data analyses as well as post-processing of  NONMEM® out-
put were performed using R 3.6.0 (R Foundation for Statis-
tical Computing, Austria), along with  RStudio® 1.2.1335 
(RStudio, Inc., USA). For external model evaluation and 
simulations,  NONMEM® 7.4.3 with MAXEVAL=0 option 
(Icon Development Solutions, USA) [46] in conjunction 
with PsN 4.8.1 (Uppsala University, Sweden) [47], Pirana 
2.9.6 (Pirana Software & Consulting BV, Netherlands) [48], 
R packages xpose4 4.6.1 (Uppsala University, Sweden) [49, 
50], mrgsolve 0.10.0 (Metrum Research Group LLC, USA) 
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[51], and NPDE 3.1 (INSERM, National Institute of Health 
and Medical Research, France) [52] were used.

3  Results

The schematic workflow of the external model evaluation 
framework comprising deterministic simulations, predic-
tion-/simulation-based model performance evaluation and 
different strategies for Bayesian forecasting is illustrated in 
Fig. 1.

3.1  External Evaluation Datasets

The clinical database consisted of 141 individuals (71.6% 
male, 22.0% hospitalized patients). The primary indica-
tion for the hospitalized patients receiving voriconazole as 
pre-emptive treatment of probable fungal infection were 
hematological diseases (e.g., multiple myeloma) and acute 
myeloid leukemia. Study designs varied from single dos-
ing, cross-over designs with wash-out periods, to multiple-
dosing studies. Total voriconazole plasma concentrations 
up to 12 h after administration following dense/sparse sam-
pling schedules obtained after single/multiple subtherapeu-
tic/clinical doses following IV/PO administration in healthy 
volunteers and hospitalized patients, covering a broad spec-
trum of covariates (e.g., sex, age, weight, CYP2C19 gen-
otype), with and without comedication, were included in 
the external evaluation dataset (Table 1). Information on 
CYP2C19 genotype was missing for 19 individuals and the 
most prevalent genotype was imputed for these individuals 
(CYP2C19*1/*1, wild type). A total of 5405 PK samples 
that were collected after 486 administered doses were avail-
able. Only 1.31% were below the lower limit of quantifi-
cation and excluded, hence 5334 samples were retained in 
the ‘external evaluation dataset’ for predictive performance 
assessment.

3.2  External Model Evaluation

The simulated voriconazole plasma concentration-time pro-
files of a ‘typical patient’ after single administration of 400 
mg differed markedly between all models, especially after 
IV infusion (Fig. 2b). Simulated maximum concentrations 
(Cmax) after 400 mg IV administration (SD1) varied 2-fold 
(1.95 [M2], 4.11 mg/L [M1]). Simulated Cmin,24h also var-
ied considerably (~ 7-fold) between 0.11 mg/L (aggregate 
model) and 0.74 mg/L (M1). Reported oral bioavailability of 
voriconazole ranged between 63.0% (M1) and 89.5% (M2), 
and simulated Cmax after oral (SD2, 1.6 mg/mL [M2] to 2.33 
mg/L [M1]) was lower than after IV administration (SD1) 
with time to reach Cmax of approximately 1.25 h (aggregate 

model) to 2.75 h (M1). The Cmin,12h target threshold for effi-
cacy of 1 mg/L was predicted to be reached after IV and 
PO administration of 400 mg using models M1 and M2, 
but not using the aggregate model. After IV administration 
(400 mg, Fig. 2c), total voriconazole clearance substantially 
differed ranging from 5.20 L/h (M1, constant) to 15.9 L/h 
(aggregate model, around 2 h after administration, decreas-
ing from initial 81.9 L/h).

Deterministic simulations of IV and PO multiple-dosing 
regimens (Fig. 2d) showed that (i) as expected, steady state 
was reached earlier when administering loading-dose regi-
mens (MD1, MD3), (ii) using models M1 and M2, the PK 
target threshold for efficacy was already attained after single 
dosing when administering loading-dose regimens (MD1, 
MD3), and (iii) using the aggregate model, the PK target 
threshold for efficacy was not attained using PO dosing regi-
mens MD3 or MD4. The Cmin,12h target threshold for safety 
was never exceeded.

The predictive performance of the a priori predicted 
voriconazole concentrations was highly variable, as can be 
seen from the graphical analysis of goodness-of-prediction 
plots (Fig. 3), but overall best for the aggregate model. 
Graphical results were closely mirrored in numerical esti-
mates of the model predictive performance (Table 3), indi-
cating the best predictive performance for the aggregate 
model. Mean prediction error ranged from 36.7% (95% CI 
24.9, 48.4) to 151% (95% CI 137, 164) for the aggregate 
model and M1, respectively, and RMSE from 429 to 524% 
for M2 and M1, respectively. For all models, MPE and 
RMSE were significantly higher after PO than after IV 
administration, indicating a low predictive performance 
for oral administration.

As shown by the simulation-based diagnostics, the pre-
dictive performance of the models was highly variable and 
model misspecification describing absorption was evident 
for all models, which was expected for models M1 and M2 
due to the sparse PK sampling but not for the aggregate 
model (Fig. 4 showing 50th [median], 5th and 95th percen-
tiles, including 95% CIs, obtained from 1000 Monte-Carlo 
simulations using the ‘predictive performance evaluation 
dataset’ comprising data from 31 patients after PO single 
(Fig. 4a) and after PO multiple administration during steady 
state (Fig. 4b), overlaid with observed data). Whereas pre-
dictions of median voriconazole concentrations were in gen-
eral acceptable after single dosing (Fig. 4a), median concen-
trations were overpredicted at steady state for models M2 
and the aggregate model (Fig. 4b). The 95th percentile at 
steady state was significantly over- (aggregate model) and 
underpredicted (M2). The overall best predictive perfor-
mance at steady state was obtained using model M1 (Fig. 4b, 
left panel). For all models, graphical evaluation (Fig. S3) 
and statistical examination (Table S2) of NPDE analysis 
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obtained from 2000 Monte-Carlo simulations showed that 
the NPDE values were not normally distributed.

The predictive performance in Bayesian forecasting was 
evaluated in eight individuals using the ‘Bayesian forecast-
ing dataset’ (clinical study design illustrated in Fig. S1). 
The voriconazole concentration of the 6th occasion was 
predicted using various numbers and combinations of up 

to five previously observed concentrations (workflow illus-
trated in Fig. S2). Mean prediction error and RMSE were 
lowest when using all concentrations across all occasions 
(Fig. 5a, b, pink bar), or, in case of different combinations, 
when using the ‘latest’ observations (i.e., ‘4’, ‘5’, or ‘4,5’; 
Fig. 5c, d). When a single sample was utilized, the bias and 
accuracy of Bayesian forecasting was dependent on the 

Fig. 2  Identified nonlinear mixed-effects pharmacokinetic models for 
voriconazole (aggregate model [35], M1 [6] and M2 [13]) (a, upper 
panel) and deterministic simulations for a 60-year-old, 67 kg typical 
patient (lean body weight 54 kg) and CYP2C19*1/*1 genotype (nor-
mal metabolizer, wild type), without co-medication using all mod-
els (lower panels). Typical voriconazole concentration-time profiles 
in plasma (b, top lower left panel), and total voriconazole clearance 
over time (c, bottom lower left panel) after administration of 400 mg 
voriconazole intravenously over 2 h (400 mg IV, SD1) and 400 mg 
per orally (400 mg PO, SD2). Typical concentration-time profiles 
obtained after administration of different multiple IV and PO dosing 
regimens with (2 × 6 mg/kg IV q12h, then 4 mg/kg IV q12h, MD1, 
2 × 400 mg IV q12h, then 200 mg PO q 12h, MD3)/without (4 mg/
kg IV q12h, MD2, 200 mg PO q12h, MD4) loading doses (d, lower 
right panels). Solid red line: aggregate model, Dotted blue line: M1, 
Dashed green line: M2, Dotted black lines (d): lower (1.0 mg/L) and 

upper bound (6 mg/L) of Cmin target range for voriconazole. *Inter-
individual variability included on parameter, +Interoccasion variabil-
ity included on parameter, #Parameter fixed to literature value. AGE 
covariate effect of age, ALP covariate effect of alkaline phosphatase, 
CHOL covariate effect of severe hepatic cholestasis, CL linear clear-
ance, CLNL time-dependent nonlinear clearance [Vmax/(KM  +  CP), 
with Vmax maximum elimination rate, CLT total clearance, Cmin mini-
mum plasma concentration, CP plasma concentration, KM Michaelis-
Menten constant, EIND covariate effect of enzyme inducer coadmin-
istration, EINH covariate effect of enzyme inhibitor coadministration, 
F oral bioavailability, IV intravenous, kA absorption rate constant, 
LBW covariate effect of lean body weight (allometric scaling), PM 
covariate effect of CYP2C19 genotype-predicted phenotype “poor 
metabolizer”, PO per oral, Q intercompartmental clearance, RIF 
covariate effect of rifampicin coadministration, WT covariate effect of 
total body weight (allometric scaling)
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collection time of the voriconazole concentration relative 
to the forecasted occasion. Bayesian predicted concentra-
tions were less accurate when obtained using the first (‘earli-
est’, Fig. 5c, d, white bar) observed concentration compared 
with the most recent observed voriconazole concentrations 
(Fig. 5c, d, red/olive and lilac/pink bars). For both strategies, 
PEs were displayed over time to investigate the influence on 
the complete concentration-time profile of the 6th occasion 
(Fig. S4–S5) and were highest at the beginning and at the 
end of the dosing interval for all models.

In Figure S6, the population- and individual-predicted 
concentration-time profiles for strategy a6 (i.e., five prior sam-
ples were used to estimate individual PK parameters) were 
compared to the actual concentration-time profiles of the 6th 
occasion for a patient with an atypical (815) and with a typical 
(817) concentration-time profile. Overall, all evaluated models 
showed only modest predictive performance for the healthy 

volunteer and patient populations used in this external evalu-
ation. Across the three candidate models, the aggregate model 
demonstrated the best predictive performance.

3.3  Clinical Impact of Bayesian Forecasting

A schematic MIPD workflow for voriconazole is proposed in 
Figure 6a. To illustrate the clinical impact of Bayesian fore-
casting, the typical concentration-time profile of a virtual 
patient (based on ‘predictive performance evaluation data-
set’) receiving the standard dosing regimen (MD3) was sim-
ulated using the aggregate model (red line; Fig. 6b). Based 
on a Cmin sample taken at Day 3 (when Cmin < 1.0 mg/L), 
patient-individual PK parameters were estimated, and the 
trajectory of the concentration-time profile updated (blue 
line; Fig. 6b). Calculation of individual next dosing regimen 
showed that increasing the maintenance dosing to 350 mg 

Fig. 3  Population-predicted versus observed voriconazole concentrations using external evaluation dataset stratified by nonlinear mixed-effects 
pharmacokinetic model of voriconazole. Dotted black line: line of identity, Dashed red line: loess-regression line

Table 3  Population prediction-based results of external model evaluation for the published nonlinear mixed-effects pharmacokinetic models for 
voriconazole [6, 13, 35]

All available concentration data were compared to population-predicted concentrations obtained using the respective models in combination 
with dosing as well as covariate information
95% CI 95% confidence interval, IV intravenous; MPE mean prediction error, PO per oral, RMSE root mean squared error

Characteristic Aggregate model Model 1 (M1) Model 2 (M2)

(nsamples) MPE [%] (95% CI) RMSE [%] MPE [%] (95% CI) RMSE [%] MPE [%] (95% CI) RMSE [%]

Overall (n = 5334) 36.7 (24.9, 48.4) 438 151 (137, 164) 524 92.5 (81.3, 104) 429
Route of administration
IV (n = 2604) − 1.73 (− 5.01, 1.56) 85.4 124 (112, 136) 335 40.2 (32.9, 47.4) 192
PO (n = 2730) 73.3 (50.7, 95.9) 607 176 (153, 200) 655 142 (122, 163) 569
Population
Healthy volunteers (n = 5005) 30.3 (18.0, 42.5) 443 153 (139, 167) 530 93.0 (81.2, 105) 434
Patients (n = 329) 134 (98.2, 169) 354 111 (66.5, 156) 427 85.5 (50.4, 121) 334
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PO q12 h (green line; Fig. 6b) would translate into effective 
and safe Cmin for this patient (i.e., reaching the desired Cmin 
target range of 1.0–6.0 mg/L).

4  Discussion

Several in silico and clinical studies have shown the ben-
efit of MIPD in supporting and optimizing dosing regimen 
selection for various drugs [1]. Our study demonstrated the 
need for thorough external model evaluation before apply-
ing a candidate NLME model in the context of MIPD. 
We identified and selected voriconazole (representative 
of compounds with complex PK and narrow therapeutic 
range) as an ideal compound to implement a workflow for 
model evaluation and MIPD. A published aggregate model 
for voriconazole comprising features and prior information 
from six previously published NLME models, was com-
pared with two additional ‘standard’ NLME models. The 

aggregate model of voriconazole showed better predictive 
performance than the ‘standard’ models but overall, the 
predictive performance of all evaluated models was only 
modest. This suggests the following knowledge gaps: (i) 
important PK processes (particularly after PO administra-
tion) were not sufficiently implemented in the structural 
sub-model, (ii) magnitude and sources of interindivid-
ual variability were not exhaustively captured, and (iii) 
interoccasion variability was not adequately accounted 
for. Our results indicate the need for a comprehensive 
(pre-)clinical database as basis for NLME model develop-
ment for MIPD application, to (i) identify and implement 
critical PK processes in the structural model, (ii) identify 
sources of interindividual variability, and (iii) adequately 
quantify interoccasion variability. Successful examples 
for this (semi-)mechanistic approach comprise rifampicin 
[53–57], linezolid [58, 59], isoniazid [60], itraconazole 
[61, 62], and voriconazole [63]. Adequate quantification of 

Fig. 4  Prediction-corrected visual predictive checks (n = 1000 simu-
lations) using the ‘predictive performance evaluation dataset’ (nsamples 
= 329) comprising data from 31 patients after administration of 400 
mg voriconazole (a, loading dose, upper panels) and after adminis-
tration of 200 mg voriconazole at steady state (b, maintenance dose, 
lower panels) stratified by nonlinear mixed-effects pharmacokinetic 
model of voriconazole. Black circles: observed voriconazole concen-

trations, Lines: 5th, 95th percentile (dashed), 50th percentile (solid) 
of observed (red) and simulated (black) data, Blue shaded area: 95% 
CIs around 5th, 95th percentile of simulated data, Red shaded area: 
95% CIs around 50th percentile of simulated data, Red stars: percen-
tiles of observed data outside of 95% CIs around percentiles of simu-
lated data
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interoccasion variability was demonstrated to be an impor-
tant step for MIPD [39].

Since its approval in the early 2000s, several voricona-
zole NLME models have been published and reviewed. 
Voriconazole NLME models are highly variable in struc-
ture, including covariates, and parameter values, as the study 
design, underlying population, and sampling scheme have 

a significant impact on the selected model structure. Given 
the available data, a structural model comprising a lower 
number of compartments/parameters is often preferred over 
a more complex (semi-)mechanistic structural model. Con-
sequently, although voriconazole has been characterized 
as a compound demonstrating complex nonlinear PK [37, 
64], inclusion of simple first-order (linear) absorption and 

Fig. 5  Relative mean prediction error (a, c) and relative root mean 
square error (b, d) of the predicted versus the observed voricona-
zole concentrations following the 6th occasion stratified by nonlinear 
mixed-effects pharmacokinetic model of voriconazole. The individual 
predicted voriconazole concentrations of the ‘most recent’ (i.e., 6th) 

occasion were forecasted by covariate information only (a priori pre-
diction) and using the first one, two, three, four, and five prior obser-
vations (strategies a1–a6, left panels) or using different combinations 
of up to three prior observations (strategies b1–b7, right panels)

Fig. 6  A schematic model-informed precision dosing workflow for 
voriconazole (a, left panel) and simulation to illustrate the clini-
cal impact of Bayesian forecasting (b, right panel). Red line typi-
cal: voriconazole concentration-time profile in plasma of a reference 
patient (based on the characteristics of the ‘predictive performance 
evaluation dataset’) receiving the standard dosing regimen (MD3) 
using the aggregate nonlinear mixed-effects pharmacokinetic model 
of voriconazole, Black cross: Cmin sample taken at Day 3, Blue line: 

patient-individual concentration-time profile assimilating  Cmin sample 
into Bayesian forecast, Green line: updated patient-individual concen-
tration-time profile based on Cmin sample and optimized dose of 350 
mg, Grey shaded area: indicating future simulation time, Dotted black 
line: lower bound of Cmin target range for voriconazole. Cmin mini-
mum plasma concentration, C(t) profile concentration-time profile, 
MIPD model-informed precision dosing, NLME nonlinear mixed-
effects, PK pharmacokinetic(s), PO per oral
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elimination processes was selected for most of the NLME 
models. Autoinhibition of relevant CYP-mediated elimina-
tion pathways, which was determined in vitro [22, 65] and 
in vivo [21, 66, 67], has only been included in a few NLME 
models. This process was implemented using an empirical 
time-dependent function (elimination decreases over time) 
[68], or an empirical inhibition compartment (elimination 
decreases with respect to the drug concentration in an empir-
ical inhibition compartment) [69]. Furthermore, significant 
differences in PK were identified in (i) children and adults, 
(ii) different CYP2C19 genotypes and genotype-predicted 
phenotypes, and (iii) healthy volunteers and patients (mainly 
due to inflammatory processes) [21, 31]. Most influential 
covariates identified were age, body size descriptors such 
as total or lean body weight, liver function markers and co-
medication [31]. When available, CYP2C19 genotype was 
included primarily as a covariate, such that voriconazole 
elimination would decrease in the presence of loss-of-func-
tion allele CYP2C19*2 (*1/*2 or *2/*2). Interestingly, only 
one NLME model reported a significant influence of gain-of-
function allele CYP2C19*17 on voriconazole clearance [70].

Kallee et al. identified seven population PK models for 
voriconazole (without pharmacogenetic information) during 
a systematic literature review [34]. A total of 66 measured 
voriconazole plasma concentrations from 33 critically ill 
patients were available for external evaluation. The results 
indicated that the precision of all models was low, hence the 
authors concluded that the use of the models is not recom-
mendable and that it should be investigated if models that 
incorporate pharmacogenetic information would yield bet-
ter predictive performance. Comparable to our results, the 
integration of the first TDM sample improved the predictive 
performance of all models. Huang et al. identified six can-
didate models for voriconazole suitable for their external 
evaluation [33]. The published population PK models dif-
fered significantly in prediction performance, and none of 
the models could adequately predict voriconazole concentra-
tions in the external dataset from patients with hematologi-
cal malignancy. In accordance with findings from our study, 
Bayesian simulations showed that predictive performance 
and accuracy of all models were significantly improved 
when one or two prior concentrations were available.

In our analysis, differences in the ability to accurately pre-
dict and forecast voriconazole concentrations were observed 
between the three investigated NLME models. There was 
no model demonstrating overall high predictive perfor-
mance. Implementation of a linear, non-saturable clearance 
in models M1 and M2 neglected the reported dose depend-
ency and autoinhibition. Voriconazole is almost exclusively 
eliminated via hepatic metabolism with less than 2% of 
the dose excreted unchanged in the urine [71]. The activ-
ity of metabolizing enzymes can be highly impacted by 
polymorphisms or co-medication. In the aggregate model, 

these mechanisms were accounted for through separation of 
clearance into two pathways: a constant linear part (repre-
senting CYP3A4, CYP2C9 and FMO-mediated metabolism 
and renal excretion of unchanged drug) and a concentra-
tion- and time-dependent nonlinear part (Michaelis-Menten, 
where Vmax is decreasing over time due to CYP2C19-medi-
ated autoinhibition). In a sensitivity analysis, McDougall 
et al. showed that inclusion of nonlinear clearance was the 
most important factor for utility of the aggregate model in 
MIPD [72]. The aggregate model was developed specifically 
for personalized dosing, and we confirmed the overall best 
predictive performance. Yet, particularly individual predic-
tions for Cmin, were highly variable and forecasted with low 
precision. All investigated models tended to overestimate 
observed concentrations, which could lead in the clinical set-
ting to the design of suboptimal dosing regimens resulting in 
higher risk of treatment failure but lower risk of toxicity. In 
their recent publications, Wicha et al. identified underlying 
population size, sampling design, and accurate documenta-
tion of dosing and sampling time for model development 
as main drivers for differences in predictive performance 
[2, 44, 73].

To our knowledge, the so-called ‘hybrid’ model approach 
by McDougall et al. has not yet been systematically evalu-
ated or implemented for other compounds. Other approaches 
addressing the challenge of selecting the most accurate 
NLME model as prior for MIPD have been described in the 
literature. Uster et al. derived an automated model averag-
ing/selection approach to find the best model or combina-
tion of models for each patient using vancomycin as a case 
study [74]. Guo et al. showed that adaptive MAP estimation 
(which handles data over multiple iterations) outperformed 
standard MAP-based Bayesian forecasting in predictive 
performance [75]. Recently, Bayesian data assimilation 
and reinforcement learning methods were also proposed 
for MIPD, overcoming major limitations of MAP-based 
approaches by enabling accurate uncertainty quantification 
and propagation, and complex patient state/dose combina-
tions, respectively [76–78]. A sequential Bayesian hierar-
chical modelling framework for continued learning across 
patients during MIPD (i.e., updating the population param-
eters using posterior samples) was introduced by Maier et al. 
using the example of neutrophil-guided dosing of paclitaxel 
[79]. Hughes et al. demonstrated how a continuous learning 
approach could be used to adapt a population model to a 
local environment with a case study in pediatric dosing of 
vancomycin [80].

To assess the influence of prior observations on model 
predictivity, different strategies within a Bayesian fore-
casting setting were investigated. Accuracy and precision 
of model predictions improved substantially by includ-
ing voriconazole concentrations using Bayesian forecast-
ing compared to a priori model predictions. In line with 
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expectations, the most recent voriconazole concentration 
was found to be the most informative. In our analysis, the 
“all data” method was used, which bases each forecast on 
the original prior updated with all concentration data for the 
individual as it becomes available. Finally, we illustrated an 
MIPD workflow and demonstrated the clinical impact of 
Bayesian forecasting for voriconazole (Fig. 6).

Our investigation was primarily limited by the avail-
able clinical data, which came mainly from healthy volun-
teers from two study centers. Due to the very diverse study 
designs and inclusion of clinical patient data (22.0%), a 
comprehensive evaluation of voriconazole was still feasi-
ble. However, it should be noted that the ‘predictive perfor-
mance evaluation’ and the ‘Bayesian forecasting’ subsets of 
the database comprised monocentric data of 31 patients and 
8 healthy volunteers, respectively. In some instances, inter-
pretation of the published NLME models was complicated 
when methodologies were not exhaustively described, and 
details were missing in the publications. Publication of the 
full variance-covariance matrix, complete model code, or 
output files (e.g., '*.lst' file for  NONMEM®) as supplemen-
tary materials is highly recommended. In addition, sponsors 
are highly encouraged to publish the model that was used 
to analyze the data from pivotal clinical trials (i.e., for the 
submission), including the clinical trial characteristics.

Despite these limitations, our analysis demonstrates the 
importance of externally evaluating NLME models before 
application in the context of MIPD. Our analysis identified 
a comparatively better model, while confirming the main 
factors explaining the high interindividual variability. Due 
to the complex PK of voriconazole, a comprehensive data-
base pooling in vitro and in vivo data from different sources 
and across multiple clinical studies is needed for develop-
ment of a more generalizable NLME model. Amalgamating 
knowledge from translational bottom-up and top-down mod-
elling is a promising approach (‘middle-out’) to elucidate 
complex PK and to enable development of semi-mechanistic 
NLME models [22, 81], and has been already successfully 
applied for other compounds with complex PK, e.g., cipro-
floxacin [82, 83], propofol [84], and hydrocortisone [85]. 
Further inclusion of metabolite data (voriconazole N-oxide) 
in NLME model development and MIPD can improve the 
assessment of in vivo CYPC19 activity and thereby predic-
tion of exposure during Bayesian forecasting, especially if 
the CYP2C19 genotype of a patient is unknown [86]. The 
MIPD framework for voriconazole should be expanded in 
the future by inclusion of saliva PK, pathogen susceptibility 
and relevant PD markers (specific biomarkers, e.g., galacto-
mannan, or non-specific biomarkers, e.g., C-reactive protein) 
[87–90].

Carefully designed clinical trials are needed to evaluate 
the clinical benefit of MIPD [2, 91, 92].

5  Conclusions

This work presents recommendations for evidence-based 
model development and application of MIPD for compounds 
with complex PK, illustrated by voriconazole. An aggregate 
model provided comparatively better predictive performance 
than two selected ‘standard’ NLME models using external 
data from a rich in-house clinical database. Ultimately, with 
further elucidation of the complex PK of voriconazole [21, 
22], more (semi-)mechanistic or ’middle-out’ modelling 
approaches are warranted for successful implementation of 
compounds with complex PK in MIPD. Predictive perfor-
mance of MAP-based MIPD improved using even a single 
individual concentration, thus at least one PK sample should 
be obtained. The results of our assessment can guide future 
implementation of MIPD for voriconazole to improve indi-
vidual dosing strategies, enhance clinical efficacy, reduce the 
risk for adverse events, and prevent the spread of antifungal 
resistance [93].
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