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Current methods of dose determination have contributed to sub-optimal
and inequitable health outcomes in underserved patient populations. The
persistent demand to individualise patient treatment, alongside increas-
ing technological feasibility, is leading to a growing adoption of model-
informed precision dosing (MIPD) at the point of care. Population phar-
macokinetic (popPK) modelling is a technique that supports treatment
personalisation by characterising drug exposure in diverse patient groups.
This publication addresses this important shift in clinical approach, by
collating and summarising recommendations from literature. It seeks to
provide standardised guidelines on best practices for the development
of popPK models and their use in MIPD software tools, ensuring the
safeguarding and optimisation of patient outcomes. Moreover, it consol-
idates guidance from key regulatory and advisory bodies on MIPD soft-
ware deployment, as well as technical requirements for electronic health
record integration. It also considers the future application and clinical im-
pact of machine learning algorithms in popPK and MIPD. Ultimately, this
publication aims to facilitate the incorporation of high-quality precision
dosing solutions into standard clinical workflows, thereby enhancing the

effectiveness of individualised dose selection at the point of care.
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1 | DATA CONSIDERATIONS FOR MODEL DEVELOPMENT

Pharmacokinetic (PK) data used for model building may originate from multiple sources, including clinical trials with
differing protocols. Crucially, model development may not be a core objective behind the PK data generation [1]. Thus,
the data may be limited or inconsistent in terms of formatting, available patient information, accuracy of sampling
times, or reported measurement units [2, 3, 4]. When prospectively planning studies, PK-informed trial design can
support the suitability of data generated for model building [5, 6, 7], as discussed below. The following sections also
provide a brief discussion of approaches to data formatting and common strategies for handling missing or erroneous
data.

1.1 | Data collection

Establishing a data pipeline with standardisation of collection and processing ensures regulatory compliance [8, 9],
reproducibility, traceability and accuracy - all critical factors for effective application in model-informed precision
dosing (MIPD).

Where the PK of a drug has been studied in humans, the optimum number and timings of samples can be influ-
enced by the PK parameter of interest or can be determined using statistical methods described in Main Text Section
5.4 [6,7, 10]. In practice, optimal sample timepoints may be unfeasible due to logistical constraints. Opportunistic or
scavenged sampling regimens may need to be adopted instead to reduce the burden on patients, especially in, e.g.,
neonatal and paediatric populations [5].

When applied to patients from these and other under-represented populations, population pharmacokinetic
(popPK) models built on a relatively homogenous, widely studied patient cohort are frequently found to translate
poorly [11]. Though methods exist to mitigate this (see Main Text Section 5.1), the U.S. Food & Drug Adminis-
tration (FDA) has drafted guidance expressing the importance of collecting data from specific and diverse patient
sub-populations. This supports the building of robust models that accurately represents the patient group and, by
extension, ensures equitable access to healthcare [12].

1.2 | Formatting data

In 2020, the International Society of Pharmacometrics (ISoP) set out a recommended data structure for use in popPK
modelling and noncompartmental analysis (NCA) [13]. The formatting of data for use in PK modelling largely depends
on the software that will be used for model development. Previous publications have described software-specific
data formatting requirements [14, 15, 16]. In 2018, the PharmaSUG Software Users Group published a short paper

[17] on data standards for popPK and NCA, which included a discussion on data cleaning and formatting.

Generally, data labels should be short but easily identifiable, and logically ordered for both the user and the
software [13]. Consideration should be given to whether data are continuous or categorical variables. The latter
should be flagged with appropriate numerical values, with a clear record kept for interpretability. From an industry
perspective, to create a clear, traceable, and reproducible record, data formatting should be carried out using unit
tested methods and version-controlled software or scripts (as opposed to manual data manipulation) to process raw

data files, which are retained in original form [18, 19].



1.3 | Data exploration and cleaning

Early visual inspection and statistical analysis can help identify patterns and potential data outliers, as well as informing
the structural and statistical models [3, 20]. Diagnostic tools, including statistical summaries and correlation matrices,
can give an overview of covariate distributions and relationships [3, 20]. More fundamentally, this process may identify
unexpected, erroneous or missing data [4]. The approach chosen for handling such data [3, 13] can have significant

impact on the accuracy and precision of final model estimates [3, 4].

Any missing or abnormal data in case report forms should be investigated by consulting associated documents,
clinical research staff and laboratory scientists as appropriate [4]. If this data is not recoverable, the patient may have to
be removed from the dataset. A preferred alternative can be to calculate dose timings or to estimate covariate values
from context, where possible [4, 13]. However, care should be taken to ensure the chosen method of imputation is

appropriate [4], and that the values used are traceable.

Itis also common for sample concentrations to be below the lower limit of quantification (BLLOQ) of the bioanalyt-
ical assay used. Numerous methods are available for handling such data [3, 21, 22, 23, 24, 25], with the most appropri-
ate choice being influenced by the proportion of patient samples that is BLLOQ, the specific structural PK model, and
how rich or sparse the remaining data are [4, 21]. If these points constitute <10% of the modelling dataset, then ex-
cluding them has been shown to have little effect on the accuracy of estimated model parameters [3, 4]. Alternatively,
other methods can be applied to account for BLLOQ data to avoid a systemic bias where a model underestimates

drug clearance [23].

The choice of inclusion method for BLLOQ data can also be influenced by consideration of computation time
and probability of successful convergence. To improve the accuracy of estimated parameters regardless of previously
mentioned constraints, the implementations that perform best are the M3 and M4 methods, which maximise the
likelihood of flagged data points being BLLOQ [4, 21, 22, 23]. Alternatively, setting all BLLOQ points to LOQ/2
shortens run times and improves the probability of successful convergence during model development, however,
doing so may introduce considerable bias to the model [21, 23]. An effective strategy can be to initially include BLLOQ
data as LOQ/2 during model building and utilise the M3 or M4 method towards the end of the model development
process. The model may then require some minor refinement, but this minimises the risk of non-convergence, speeds

up development, and reduces computational costs while still retaining parameter accuracy in the final model.

Regardless of decisions made during the data cleaning process, all processing actions should be recorded with
justification, for inclusion in the model report to support validity assessment (see Supplementary Information Sections
2.4 and 3).

2 | MODEL BUILDING

In 2022, the FDA published updated guidance on popPK analysis for new drug applications [10], with recommenda-
tions ranging from data collection and analysis to model building and reporting. Other prominent publications have
described this process from a more technical perspective [14, 3, 26, 27]. Additionally, the pharmacometrics commu-
nity share useful tools and knowledge about model development [28, 29, 30, 31, 32, 33]. The recommended process

of building a popPK model described in these resources is consolidated below and summarised in Figure 1.
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FIGURE 1 A workflow diagram of the recommended steps in the pharmacokinetic model development process:
a. Pre-development, b. Structural model, c. Statistical model, d. Covariate model, e. Final analysis. * Appropriate
metrics and diagnostics should be considered throughout the building process (see Supplementary Information
Sections 2.3.6/2.3.7), but all should be considered collectively at this step. Adapted from Byon et al. [3].

2.1 | Planning model development

Prior to popPK model development, it is best practice to prepare a population modelling analysis plan (PMAP) (Figure
1a) [34, 35]. The PMAP should clearly state the purpose and objectives of analysis and briefly describe the data-
originating study (if applicable), followed by a review from experienced modellers to ensure appropriateness and
quality of the modelling strategy [35].

Planning should specify the modelling methodology, data handling procedures, information available prior to the
study, and any assumptions made by the modeller [3, 34]. In addition, it should propose structural and variability
models to be tested, with a rationale based on biological, pharmacological, or clinical plausibility [34]. This includes
provisions that establish criteria for model selection and covariate inclusion (e.g., statistical significance or other met-
rics as detailed in Supplementary Information Section 2.3) [36, 37]. The robustness and predictive performance of
the model can be ensured by including procedures for external model validation (see Main Text Section 5.3) [34]. The
choice of model building software and parameter estimation algorithms to be used should also be justified.



2.2 | Software

The earliest software for popPK model building was NONMEM [38]; hence many available guidelines and publications
are oriented around NONMEM nomenclature. Since then, numerous licensed software tools, such as Monolix, Pumas,
Phoenix NLME and PoPy [39, 40, 41, 42] have been developed and adopted. Moreover, open-source R packages such
as nlmixr2, posologyr, mapbayr, mrgsolve and rxode2 [43, 44, 45, 46, 47, 48, 49] have gained popularity, which either
replicate, complement or augment the functionality of the privately licensed software. Generic statistical modelling
packages like Stan and BUGS have also seen use in publications [50, 51].

Collectively, this presents a rich toolkit for popPK model development. However, it is important for the specific
capabilities of the chosen software to align with the user’s intended purpose and match their level of experience.
For example, beginners might prefer code-free interfaces which cover more of the modelling workflow and offer
readily available diagnostic plots (e.g., Monolix). Meanwhile, experienced users might favour the granular control and
flexibility offered by combining tools like NONMEM with open-source R packages for visualisation and workflow
management. Figure 2 maps key functionalities of some commonly used software across a typical PK modelling
workflow to aid tool selection.
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2.2.1 | Estimation algorithms

Development packages host several estimation algorithms for fitting model parameters to observed data. Traditional
linearisation methods (e.g., first-order conditional estimation (FOCE)) are deterministic and computationally inexpen-
sive but rely on approximation, which can reduce accuracy [27]. Methods utilising random sampling (e.g., stochastic
approximation expectation maximisation (SAEM)) are being increasingly adopted due to their robustness with sparse
datasets. Data collected for population PK studies is often sparse, and hence these methods may be preferred for
point-of-care applications. However, these have larger computational costs and can have lower precision due to
stochastic variability [27]. Differences in performance of various algorithms have been explored extensively in several
reviews [27, 52, 53, 54, 55].

2.3 | Nonlinear mixed-effects model development
2.3.1 | Pre-development

After data handling and analysis planning, initial parameter estimates should be obtained (Figure 1a). Appropriate
initial values can assist in the successful convergence of parameter estimation algorithms, and can be sourced from
literature, or estimated using analyses such as NCA, naive averaged data, naive pooled data, or standard two-stage

approaches [56, 57].

2.3.2 | Structural model

The first component of the model to be determined is its structure (Figure 1b). Various structural models should be
tested, starting with the simplest (i.e., smallest number of compartments) and increasing in complexity [3]. Published
models can also serve to inform the initial choice of an appropriate structural model. Covariates assumed to be
influential on certain model parameters due to known physiological principles can be included in the structural model
to improve stability in further model development [3].

2.3.3 | Statistical model

A statistical model, comprising residual unexplained variability (RUV), between-subject variability (BSV), and between-
occasion variability (BOV) where relevant, should then be added to the structural model to complete the base model
(Figure 1c). Models for RUV should first be tested [58], which account for within-subject variability and measurement
error. A common approach is to initially include both an additive and a proportional term for residual error (com-
bined error model), with the proportional component partly relating to bioanalytical assay response and the additive
component relating to instrument noise [58]. One of these terms may then become unnecessary (as indicated by a
reduction in magnitude) as variability is sufficiently explained by other parameters later during model development
[26]. If log-transformed data are being modelled (this is commonly done to add stability, particularly if concentration
values span multiple orders of magnitude), then careful consideration should be given to how different error models
are interpreted. For example, a proportional error model on a linear scale becomes additive on a log scale (see Mould
and Upton (2013) [26] for more examples).

Parameters accounting for random BSV and BOV are referred to as ETAs in NONMEM nomenclature. These
can be introduced in a stepwise fashion and retained if they provide significant improvement to relevant metrics and

diagnostic plots as described in Supplementary Information Sections 2.3.6/2.3.7 [59]. Correlations between ETAs and



covariates can be assessed to inform the inclusion of other influential covariates in the base model [59], which may in
turn remove the need for some ETAs as variability becomes explained. Correlations between ETAs themselves should
then be examined and accounted for in the model if significant. This facilitates realistic PK parameter combinations
to accurately simulate variability in future dosing scenarios when optimising patient treatment [3].

2.3.4 | Covariate model

Following base model refinement, if there are potentially relevant covariates not yet included, a covariate model
should be built (Figure 1d). The inclusion of covariates facilitates the stratification of patients based on predetermined
characteristics, increases clinical interpretability and improves a priori model predictions [60] (see Main Text Section
5.2). Several methods exist for covariate model building [3, 60, 61, 62, 63, 64, 65], with the most common being
stepwise covariate modelling (SCM). SCM involves the systematic forward inclusion of all considered covariates, one
at a time, where the most influential covariate effect (based on predefined acceptance criteria) is retained at each
stage, and the process repeated with remaining covariates until no further significant improvement is observed [63].
Covariates are then removed in a similar manner (backward elimination), but with stricter retention criteria, until only
the most influential covariates remain [63]. While this is a stable algorithm and saves manually testing covariate
inclusions, SCM is computationally intensive and, as a greedy algorithm, it may converge to a local minimum and
hence miss important combinations of covariate effects [60]. Furthermore, it only considers statistical significance of
covariate effects and is unable to assess other key metrics and diagnostics (see Supplementary Information Sections
2.3.6/2.3.7 below) [60].

Many alternative approaches to covariate modelling exist, see Sanghavi et al. [60] for a detailed overview. Two
recent developments include Stochastic Approximation for Model Building Algorithm (SAMBA) and Conditional Sam-
pling for Stepwise Approach based on Correlation tests (COSSAC).

SAMBA [64] allows for faster and less computationally intensive screening of covariates than SCM. This is achieved
by simultaneously introducing the most influential covariates to multiple parameters during each iteration, thus reduc-
ing the total number of combinations tested. This allows the modeller to quickly ascertain key covariate-parameter
relationships but may not always identify the optimal combination [64].

Similarly, COSSAC [65] guides parameter-covariate relationship testing by analysing the correlations between
covariates and ETAs. These methods may be beneficial when the model structure is more complex, or when many
covariates need to be tested, in which cases SCM may fail to converge within a reasonable time. A balance can be
achieved by using SAMBA or COSSAC to provide rapid preliminary insights in selecting covariate information for
inclusion in a full SCM analysis [65].

The statistical model may be refined at this stage by removing some RUV, BSV or BOV parameters whose effects

have been explained by covariates (Figure 1c).

2.3.5 | Final analysis

The full covariate model should undergo a further stage of evaluation (Figure 1e) before it is accepted as the final model.
The range of initial parameter estimates previously collected should be tested (and randomly perturbed) to reduce the
risk of convergence to local minima during optimisation [3]. At this point, all model metrics and diagnostics should be
consulted again, as detailed in Supplementary Information Sections 2.3.6/2.3.7. This evaluation may provide evidence
for removing certain covariate effects or statistical model parameters. Alternatively, it may indicate significant model

misspecification, in which case the structural model should be revisited, and all subsequent steps repeated. The final



determined model should then be tested via sensitivity analysis, with the inclusion and exclusion of observations
classified as outliers or previously excluded from the model building process [3, 4].

2.3.6 | Metrics and diagnostics for basic internal validation

Several metrics can be used to evaluate the model during the building process [59, 66, 67]. The most essential of
these are the objective function value (OFV, measuring overall goodness-of-fit (GOF)), and the Akaike and Bayesian
Information Criteria (AIC and BIC, respectively, measuring GOF while also penalising model complexity). The decrease
in OFV from inclusion of most parameters can be tested for significance using the likelihood ratio test (LRT) [26].
When including statistical model parameters (for BSV, BOV and RUV), the underlying statistical assumptions of the
LRT are not satisfied, and so the AIC and BIC should be consulted instead [26]. While they give an indication of overall
model fit, these metrics should not be considered in isolation; precedence should always be given to GOF plots and
advanced diagnostics discussed below. Two other key metrics are ETA-shrinkage, which measures the redundancy of
ETA parameters, and EPSILON-shrinkage, which indicates overfitting of individual predictions (IPRED)) [26, 68, 69].
Studies have shown that high shrinkage (more than 20-30%) increases parameter estimation bias and renders GOF
plots uninformative and misleading [68].

Alongside the above metrics, the following key GOF plots should be assessed at all stages of model development:
observations vs population predictions (PRED); observations vs IPRED; CWRES vs time; CWRES vs PRED; individual
weighted residuals (IWRES) vs time; IWRES vs IPRED [59]. Care should be taken when interpreting these plots, as
even a well-specified model may not exhibit the “expected pattern” for each graph (e.g., the observations vs PRED plot
should be evenly distributed around the line of identity) [70]. The pattern seen in the observed data should instead be
compared to reference plots created using simulated data from the candidate model and dosing regimen of interest.
More detail on this method is provided by Karlsson and Savic [70].

2.3.7 | Metrics and diagnostics for advanced internal validation

The uncertainty of estimated parameters is another fundamental method of evaluating a model [71]. Higher uncer-
tainty indicates instability and a lack of reproducibility in parameter estimates. It will also lead to wider prediction
intervals when forecasting future dosing scenarios (see Main Text Section 5), which reduces confidence in the model’s
predictive ability and hence undermines the clinical usability of dose recommendations. This can be quantified using
parameter relative standard errors (RSEs) as well as correlations between parameters, which indicate redundancy or
collinearity [3]. The most common method of estimating these values utilises the inverse of the population Fisher
Information Matrix (FIM) [59, 72]. While this is a fast and easy method, it relies on the assumption of normally dis-
tributed uncertainty distributions, and numerical issues often make the inverse of the FIM difficult to compute [71].
Bootstrapping [73, 74] is a common approach to avoid these issues but comes with large computational cost and is
sensitive to population outliers [71]. More recent methods using Sampling Importance Resampling (SIR) [75] and Log-
Likelihood Profiling (LLP) are gaining popularity as less computationally intensive alternatives to bootstrapping [71].
According to an analysis by Broeker and Wicha [71], the results of these methods differ marginally for large datasets.
In the case of small datasets, the closest agreement with reference uncertainty distributions was attained by using
SIR in conjunction with an initial proposal distribution generated using LLP.

The overall collinearity between parameters can also be assessed using the condition number of the covariance
matrix [26]. Although there is no exact threshold for what constitutes an acceptable condition number, a typical

interpretation is that a condition number >1000 is considered severe collinearity [76]. In the presence of sparse data,



collinearity may be unavoidable and may be accepted in academic contexts. However, a model exhibiting severe
collinearity should not be used for application in clinical practice due to instability in the estimated parameters [3].

Various graphs (e.g., histogram or QQ plots), and statistical tests (e.g. Shapiro-Wilk, Jarque-Bera) can assess the
normality of the distributions of ETAs, CWRES and IWRES [26, 59, 77]. Since simulated values for statistical model
parameters will typically be drawn from a normal distribution in most popPK software, it is important to validate
the normality assumption to ensure simulation accuracy. Where significant non-normality is observed, this can be
addressed by transformations [78, 79], although these can lead to overfitting when used on small datasets. To avoid
the need for transformations, some software now allows the use of non-normal distributions for statistical model
parameters [39, 40].

Finally, several simulation-based diagnostics can assess how adequately the model represents the observed data,
including visual predictive checks (VPCs) [73, 80] and normalised prediction distribution errors (NPDEs) [81, 82]. These
are effective, advanced tools in providing a preliminary “external” validation of the model, without the need for a
separate dataset [81]. However, they can become less interpretable as more variety is seen among patients and their
treatment regimens (e.g., differing covariates, doses or sampling times) [11]. A common solution involves stratifying
patients based on key variables; however, this can render samples sizes too small for the graphs to be informative
[11]. To allow the direct comparison across varied treatment regimens without the need for stratification, prediction-

and variance-correction in VPCs can be used to normalise the observed and simulated concentrations values [80].

2.3.8 | Automatic model development

Since the development of a popPK model is a complex, multi-phase process, new automated model building tools
have emerged in recent years, with the aim of streamlining the model development process [83, 84]. Within these
development tools, a multi-dimensional search space can be specified, which can include characteristics such as the
number of compartments, the statistical model structure, covariates to be considered and the covariate-parameter
relationships. Typically, these tools use algorithms which revolve around stepwise inclusion and/or backwards elimi-
nation of features [64, 85, 84], sharing many of the same limitations as the SCM process (Supplementary Information
Section 2.3.4).

More recently, there has been increasing interest in replacing these with machine learning (ML)-based approaches
(see Main Text Section 7) [86]. A recent study compared the efficiency of several methods in identifying the optimal
combination of model features, benchmarked against an exhaustive search [86]. While all methods were able to find
the best model in an improved computation time, Gaussian processes were the most efficient.

Although automatic approaches have great potential to facilitate model development with reduced human input,
the outputs of these methods still need to be verified by the modeller to ensure their utility in clinical practice [87].
Specifics of the algorithms used, such as hyperparameters and model evaluation criteria, also need to be customised

to ensure that the automatic model development process converges successfully to the optimal model.

2.4 | Reporting

In response to the increasing use of popPK modelling, the European Medicines Agency (EMA) published guidance in
2007 on reporting the results of popPK analyses to regulatory authorities [88]. Whilst the recommendations were
oriented towards a drug development perspective, learnings and merits of comprehensive reporting are transferable
across the clinical spectrum. For example, complete popPK model reporting goes beyond ensuring reproducibility

and comparability of study results [89], but also serves as guidance for regulatory evaluation whilst systematically
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outlining the novelty of the analysis compared to previous studies [90]. Additionally, it facilitates the adaptation of
literature models for use in MIPD software, as detailed in Main Text Section 4.

To attain these benefits, a report should explain the purpose of the analysis, assess the adequacy of the final
model and discuss implications of the results on clinical practice. The PMAP can be included as an appendix to the
report. However, the plan must be written prior to the study, whereas the report should be continuously maintained
as a live document as the study progresses. Any deviations from the originally proposed strategy and methods in the
PMAP should be reported with a clear explanation of the change [34].

The recommended structure of the final report has been described previously [34, 35, 89, 90, 91] and is sum-

marised in Supplementary Information Section 3, below.

3 | POPULATION PHARMACOKINETIC MODELLING REPORT STRUCTURE

A frequently recommended structure of a final population pharmacokinetic modelling building report is as follows
[34, 35, 89, 90, 91].

Synopsis: A brief outline of the objectives and impact of the analysis, summarising data, methodology and key
findings with the supporting evidence. The adequacy of the data can be visually justified for evaluating exposure
differences in specific populations. The results can be presented in terms of drug exposure metrics (e.g. AUC, Cpin,
Cmax and C,y,) to illustrate covariate impacts on pharmacokinetics.

Introduction: Provide background information and context on the pharmacokinetic characteristics of the drug.
Clearly state the primary and secondary objectives, explain the motivation for the analysis, summarise the available

analysis, and highlight the research gap the study aims to fill.

Data: Describe the origins of data, study design, data handling procedures and any modifications to the original
dataset. The concentration profiles can be plotted here to show the patterns in the raw data and briefly discuss the
number of patient and points per patients. Detail the data used, including assay characteristics and procedures for

handling missing data and outliers.

Methods: Detail the software, fitting algorithms, estimation methods, and criteria for covariate inclusion. De-

scribe the model structure, including structural, variability, and covariate models, and present sensitivity analyses.

Results: Summarise data exploration with graphs and tables, describe model development and evaluation, and
present diagnostics and validation. Use tables and figures to illustrate simulation results and model applications, such
as the impact of significant covariates on PK parameters.

Discussion: Interpret the results in a physiologic and mechanistic context without merely repeating them. Explain
their clinical relevance, discuss the impact of covariates on pharmacokinetics, and assess the robustness of findings
considering assumptions and limitations. Evaluate alternative dosing regimens where relevant.

Conclusion: Provide a succinct summary of the major findings and their impact, written in nontechnical language.

This should be a single paragraph or a bullet list.

Appendix: Include the original analysis plan, supplemental tables and figures, a list of omitted data points with
reasons, model code and outputs, and a run record of the analysis steps. Provide methods and code for generating

key figures, ensuring compliance with the FDA preferences for code submission.



12 |

4 | MODEL TRANSCRIPTION: WORKED EXAMPLES

Two vancomycin popPK models [92, 93], representing two distinct patient populations (adults undergoing allogeneic
hematopoietic stem-cell transplantation [92], and paediatrics with febrile neutropenia [93]) were selected to provide
worked examples of model transcription, as discussed in Main Text Section 4.2.

Following identification of a published target model, both key and otherwise contextual information is extracted,
and an in-house template (Supplementary Material 2) is populated. The extracted information is then used to build, in
this case, a NONMEM control stream file which can then be used to run simulations for verification and comparison
to a reference dataset, where available.

4.1 | Example 1: Adults

A model reported by Okada et al. [92] describing the popPK of vancomycin in adult patients undergoing allogeneic
hematopoietic stem-cell transplantation was used for this model transcription.

First, an in-house template was populated using the contents of the published article. The filled in template
can be found in the Supplementary Material 3. Collecting information beyond the minimum requirement for model
transcription ensures comprehensive recording of the source study, model features, and information on the population
on which the model was built, including patient characteristics beyond those included in the model itself. Publications
reporting popPK models may sometimes omit information, and this is noted in the template as 'Not specified’.

Any relevant figures or graphs would then be saved alongside the completed template, for comparison with any
simulations.

Information gathered on parameter estimates, model structure and covariate inclusion was then used to recreate
the model as a NONMEM control stream. As the parameter estimates provided will not be estimated by the software

(as a $ESTIMATION or $EST block is not included), parameter values may or may not be fixed in the code.

For example:

$PROBLEM vancomycin_modeltranscriptionl

; Model transcription of Okada et al. 2018, J Clin Pharmacol 58(9)

$PK

TVCL = THETA(1)

TVV1 = THETA(2)

TVQ = THETA(3)

TVV2 = THETA(4)

CLCRCL = (CLCR/113)**THETA(5)
WTV = (WT/59.4)**THETA(6)



IIVCL = EXP(ETA(1))

IIVV1 = EXP(ETA(2))

IIVV2 = EXP(ETA(3))

CL = TVCL * CLCRCL * IIVCL

Vi = TVV1 * WTV * IIVV1

Q = TvQ

V2 = TVV2 * IIVV2

S1 = V1/1000 ; scale concentration units
$THETA

4.25 FIX ; (1) CL
39.2 FIX ; (2) Vi

1.95 FIX ; (3) Q

56.1 FIX ; (4) V2
0.70 FIX ; (5) CLCRCL
0.78 FIX ; (6) WIV
$0MEGA

0.063 ; IIV CL (ETA1) | IIVs from paper back-transformed with n=(%CV/100) "2
0.0202 ; IIV V1 (ETA2)
0.4476 ; IIV V2 (ETA3)
$SIGMA

0.172 ; ERROR

$ERROR

Y = F * (1+EPS(1))

$TABLE ID TIME DV MDV ONEHEADER NOPRINT NOAPPEND IDFORMAT=I FILE=vancsimOO1.tab

4.2 | Example 2: Paediatrics

A model reported by Shimamoto et al. [93] describing the popPK of vancomycin in paediatric patients with febrile

neutropenia was used for this model transcription.

As discussed above, the in-house template was first populated with information from the published article (Supple-
mentary Material 4).
Any relevant figures or graphs would then be saved alongside the completed template, for comparison with any

simulations.



Information gathered on parameter estimates, model structure and covariate inclusion was then used to recreate
the model as a NONMEM control stream.

For example:

$PROBLEM vancomycin_modeltranscription?2

; Model transcription of Shimamoto et al. 2021, J Antimicrob Chemother 76

TVCL = THETA(1)
TVV1 = THETA(2)
TVQ = THETA(3)
TVV2 = THETA(4)

WTICLQ = (WT/70)**THETA(5)

WIV = (WT/70)**THETA(6)

EMAX = PMA**THETA(8)/(THETA(7)**THETA(8) + PMA**THETA(8))
GFRCL = (GFR/120)**THETA(9)

IF (BT>=38) THEN

FLAG = 1

ELSE FLAG = 0

ENDIF ; if BT is >= 38C, then BTCL (THETA(10)) is included
BTCL = THETA(10)**FLAG

IIVCL = EXP(ETA(1))

CL = TVCL * WTCLQ * EMAX * GFRCL * BTCL * IIVCL
Vi = TVV1 * WIV

Q = TVQ * WTCLQ

V2 = TVV2 * WTV

S1 = V1/1000 ; scale concentration units

$THETA

5.94 FIX ; (1) CL
39.9 FIX ; (2) Vi
3.85 FIX ; (3) Q
37.8 FIX ; (4) V2



0.75 FIX ; (5) WTCLQ
1.0 FIX ; (8) WIV
47.7 FIX ; (7) TM50
3.4 FIX ; (8) HILL COEFFICIENT
0.626 FIX ; (9) GFRCL
1.12 FIX ; (10) BTCL
$0OMEGA

0.052 ; IIV CL (ETA1)
$SIGMA

0.0855 ; ERROR

$ERROR

Y = F x (1+EPS(1))

$TABLE ID TIME DV MDV ONEHEADER NOPRINT NOAPPEND IDFORMAT=I FILE=vancsim002.tab
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