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Abstract

Background. Population pharmacokinetic evaluations have been widely used
in neonatal pharmacokinetic studies, while machine learning has become a
popular approach to solving complex problems in the current era of big-data.
The objective of this proof-of-concept study was to evaluate whether combining
population pharmacokinetic and machine learning approaches could provide a
more accurate prediction of the clearance of renally eliminated drugs in
individual neonates.

Methods. Six drugs that are primarily eliminated by the kidneys were selected
(vancomycin, latamoxef, cefepime, azlocillin, ceftazidime, amoxicillin) as “proof
of concept” compounds. Individual estimates of clearance obtained from
population pharmacokinetic models were used as reference clearances, and
diverse machine learning methods and nested cross-validation were adopted
and evaluated against these reference clearances. The predictive performance
of these combined methods was compared to the performance of two other
predictive methods: a covariate based maturation model; and a postmenstrual
age and body weight scaling model. Relative error was used to evaluate the
different methods.

Results. The extra tree regressor was selected as the best-fit machine learning
method. Using the combined method, more than 95% of predictions for all six

drugs had a relative error of less than 50% and the mean relative error was
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reduced by an average of 44.3% and 71.3% compared to the other two
predictive methods.

Conclusion. A combined population pharmacokinetic and machine-learning
approach provided improved predictions of individual clearances of renally
cleared drugs in neonates. For a new patient treated in clinical practice,
individual clearance can be predicted a priori using our model code combined

with demographic data.

Key Points

1. The objective of this study was to investigate whether the combination of
population pharmacokinetic modelling and a machine-learning approach
provides more accurate predictions of the individual clearances of 6 renally
eliminated drugs using data from 2272 neonates.

2. The prediction models that combine population pharmacokinetic modelling
and machine learning approaches can provide improved predictions of the
individual clearances of renally cleared drugs in neonates compared to two
other predictive population pharmacokinetic models.

3. The final prediction models are available as a package in Python. The
individual clearance of a new patient who is being treated in clinical practice
can be predicted a priori using our model code and demographic data. As a

consequence, the initial dose can be determined more precisely.
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1. Introduction

Despite governmental regulations to promote drug research in neonates in
the United States and Europe, most drugs in this vulnerable population are still
used off-label. Drug development to support neonatal drug dose requirements
is limited because many innovative technologies cannot be directly applied to
neonates [1, 2]. Furthermore, such patients present many challenges due to
rapid maturational changes during early life, resulting in extensive inter-
individual variability in pharmacokinetics and pharmacodynamics [3].
Consequently, clinical pharmacology research is a crucial component of drug
dose optimization for neonates. Population pharmacokinetic analysis has been
widely used in neonatal pharmacology and optimal drug dosages based on
model-based simulation techniques have been proposed [4-6]. Machine
learning, a data-driven approach, uses algorithms to learn from data, and then
makes decisions and predictions about events in the real world. Unlike
traditional software programs that solve specific tasks with hard coding,
machine learning uses training data to learn how to accomplish tasks through
various algorithms [7]. It has become indispensable for solving complex
problems in this era of “big data”, and has opened up many new possibilities
for clinical applications. Examples include prediction of either cardiovascular or
all-cause mortality [8], enhancement of radiology decisions [9], prediction of

mental illness [10], and optimization of antibiotic dosing strategies [11].
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Combining population pharmacokinetics with machine learning approaches
may result in more computationally powerful data science tools that could
enhance the achievement of precision medicine in this vulnerable, neonatal
population [12, 13].

For renally eliminated drugs, clearance in neonates is often expressed as
a function of growth (size), maturation (gestational, postnatal or postmenstrual
age) and kidney function; all based on developmental population
pharmacokinetic analyses [14]. In this proof-of-concept study, we hypothesized
that we could predict individual clearance values by combining population
pharmacokinetics with machine learning approaches. Six drugs that are
primarily eliminated by the kidneys: vancomycin, cefepime, latamoxef,
amoxicillin, azlocillin and ceftazidime were selected as “proof of concept”
compounds. The objective of the study was to evaluate whether a combination
of the two methods could accurately predict the individual clearances of renally

eliminated drugs in neonates.

2. Methods
This study consisted of three steps: population pharmacokinetic analysis,
machine learning analysis, and predictive performance comparison. The

essential information for each step is summarized in Figure 1. The study
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protocol was applied to all six drugs. Six different models were built using this
combined approach.
2.1 Population pharmacokinetic model analysis

Pharmacokinetic data were extracted from previous studies of vancomycin,
cefepime, latamoxef, amoxicillin, azlocillin, and ceftazidime [4, 15, 16, 5, 17,
18]. These studies had been approved by the institutional ethics committees
and were conducted according to the ethical principles of the Declaration of
Helsinki.

Population pharmacokinetic analysis was carried out using the nonlinear
mixed-effects modeling program NONMEM V 7.4 (Icon Development Solutions,
USA). This part repeated the analyses conducted to determine the original six
pharmacokinetic models. The first-order conditional estimation (FOCE) method
with interaction was used to estimate pharmacokinetic parameters, inter-
individual variability and residual variability. Covariate analysis followed a
standard forward and backward selection process.

Individual estimates of clearances were obtained for each neonate from
these population pharmacokinetic models via Bayesian estimation and defined
as “‘reference clearances”, i.e. the ‘“reference clearance” is the post hoc
clearance derived from individual concentration data and the population
pharmacokinetic model for each antibiotic.

2.2 Machine learning analysis
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To fit individual reference clearances derived from step 1, diverse state-of-
the-art machine learning methods were adopted for exploratory analyses,
including k-nearest neighbor (KNN) [19], decision tree [20], adaptive boosting
(Adaboost) [21], extra tree regressor (ETR) [22], random forest (RF) [23],
gradient boosted regression with trees (GBR) [24] and logistic regression with
ridge [25], lasso [26] and elastic net regularization (EN) [27].

The input predictors were birth weight (BW), current weight (CW),
gestational age (GA), postnatal age (PNA), postmenstrual age (PMA), and
serum creatinine valueconcentration (CREA). (For the data format, see
Supplementary Material “Input data example”). All machine learning models
were implemented in “scikit-learn” (sklearn) using Python 3.6 [28].

Nested cross-validation (NeCV) was used to validate all machine learning
models. NeCV has been accepted widely in the machine learning community
as “state-of-the-art”, as it has been found to be an (almost) unbiased model
assessment method when estimating the true error [29, 30]. The inner cross-
validation is used to select the best parameters while the outer cross-validation
is used to evaluate the performance of the model using the best parameters of
the inner cross-validation selection (see figure 2).

The detailed data set partition information was as follows (figure 2):

(1) The whole data set was randomly divided into five parts, on average.

10
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(2) One part was selected as the outer testing set and the remaining four parts
as the outer training set. This step was repeated five times, each time taking a
different part as the outer testing set.

(3) The inner training set was randomly divided into five parts on average. One
part was then selected as the inner test set and the remaining four parts as the
inner training set.

(4) Each inner training set was used for initial model fitting and the inner testing
data set was used to tune and optimize the parameters of the model. The best
machine learning model was then chosen across tested scenarios.

(5) The outer test set was then used to evaluate the best machine learning
model.

(Through each training of the ML algorithm, each outer test set of reference
clearances was not used for model development.)

Graphical and statistical criteria were used to select the optimal machine
learning approach and validate the performance of the final model. Scatterplots
of individual reference clearances (dependent variable) versus individual
predicted clearances were initially used for diagnostic purposes. Two statistical
metrics, the coefficient of determination (r? score) and the mean squared error
(MSE), were used to assess the performance of the machine learning model.
The coefficient of determination is the squared correlation coefficient between

the estimated values (reference clearances) and the predictor values, which

11
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normally ranges from 0 to 1. The bigger value of the r? score represents a better
prediction of the model. MSE is an estimator that measures the average of the
square of the errors.

Individual predicted clearances were obtained using the final optimal
approach and parameters. The importance of each clinical factor was
calculated and visualized using Python [31].

2.3 Comparison of predictive performances

In this part, we compared the predictive performances of the following three
prediction methods:
Predictive method 1: proposed combined model (population pharmacokinetic
and machine learning)
Predictive method 2: maturation model
Predictive method 3 [32]: PMA and body weight scaling model

For predictive method 1, individual predicted clearances were obtained
using the final, combined model.

For predictive methods 2 and 3, the predicted individual clearances were
parameterized as follows:

CLprediction = OcL * Fsize * Fage * Frenal

Where BcL represents the typical value of clearance and Fsize, Fage, and Frenal

represent the effects of size, age, and renal function, respectively.

12
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For predictive method 2, Fsize, Fage, and Frenal Were estimated according to
different population pharmacokinetic models (step 1). For example, for
latamoxef, Fsize characterizes the effect of current weight (CW), Fage the effects
of birth weight (BW) and postnatal age (PNA) and Frenalis 1 (no effect). Detailed
equations for the six drugs are as follows:
vancomycin [4], CL=0.068+(CW/1.35)%-83+(PMA/32)%-°44+1/(0.72*CREA/54)°-56¢;
cefepime  [15],  CL=0.589+(CW/3.35)*75«(PMA/40)"18«1/(CREA/28.5)°218;
latamoxef [16], CL=0.268+(CW/3.22)°72+(BW/3.10)0-288«(PNA/8)-214;
amoxicillin [5], CL=0.812+(CW/3.21)°75+(GA/38.1)*19«(PNA/7)°-281;
azlocillin [17], CL=0.440+(CW/3.34)%75+(BW/3.39)-907+(PNA/3)°-367;
ceftazidime [18], CL=0.356+(CW/3.08)°75+(GA/38.6)15"«(PNA/11)%22;
where CW is current weight, BW is birth weight, GA is gestational age; PNA is
postnatal age; PMA is postmenstrual age; CREA is creatinine.

For predictive method 3, proposed by Wang et al, [32], fixed and unified
functions of Fsize and Fage were applied and B¢ represents adult clearance. The
functions were as follows:

Fsize = ( Weight / Weightstq )% 7°
Fage = PMA34/ ( PMA34 + 47.734)
where Weightstd is the standard adult weight of 70 kg and PMA is postmenstrual
age. The detailed equations for the six drugs are as follows:

vancomycin, CL=5.9«(CW/70)075+(PMA34/(PMA34+47.734));

13
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cefepime, CL=7.74+(CW/70)°75+(PMA34/(PMA34+47 .734));

latamoxef, CL=5.2+(CW/70)°75+(PMA34/(PMA34+47 .734));

amoxicillin, CL=18+(CW/70)% 7>+(PMA34/(PMA34+47 .734));

azlocillin, CL=10.5+(CW/70)% 7>+(PMA34/(PMA34+47 .734));

ceftazidime, CL=11.4+(CW/70)%75«(PMA34/(PMA34+47 .734));

BcL values 0of 5.9, 7.74,5.2, 18, 10.5, and 11.4 L/h represent the adult clearance
values for each drug.

Five data sets (the five outer test data sets in the machine learning analysis
step) were used as the evaluation data sets for the three methods. The
prediction performance of the three predictive methods was evaluated using
relative errors, which were calculated as follows:

Relative errors = | CLprediction - CLreference | / CLreference
Where ClLprediction represents predicted clearance values and CLreference
represents individual “reference clearances”.
3. Results
3.1 Population pharmacokinetic model analysis

A total of 2272 neonates were included. The mean (SD) values of CW and
PMA were 2.99 (1.18) (range 0.415 to 11.4) kilograms and 34.7 (5.6) (range
23.3 to 52.4) weeks. Correlations between BW and GA and between PMA and

CW had coefficients of 0.920 and 0.868, respectively. Patient characteristics

14
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and the population pharmacokinetic models of the six renally-eliminated drugs
are presented in Table 1 [4, 5, 15-17].
3.2 Machine Learning analysis

The Machine Learning analysis was applied separately to each of the six
drugs and the results of the different machine learning approaches are
presented in Table 2. ETR (extra tree egressor) was the optimal machine
learning approach for latamoxef, amoxicillin and ceftazidime and although it
was not the best approach, it also performed well for vancomycin, cefepime
and azlocillin. Consequently. ETR was selected as the final uniform machine
learning approach. Detailed results of the final ML outcomes for the five outer
test data sets can be found in the ESM (“ML outcomes for the five outer test
data sets”).

Goodness-of-fit results for the final models of all six drugs are shown in the
scatterplots presented in Figure 3. In order to show the results more intuitively,
only one of the five test sets was selected for display. Good predictions of
individual clearances were achieved with the combined method.

The relative importance of the main factors influencing the individual
clearances of each of the six drugs is presented in Figure 4. Current weight was
the most important predictor for cefepime, amoxicillin, azlocillin and ceftazidime,
whereas PMA was the most important predictor for vancomycin and PNA for

latamoxef.

15
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3.3 Comparison of predictive performance

Table 3 shows the mean relative errors for all three methods for all
antibiotics. The mean relative errors for the combined predictive method
(method 1), were 15.4%, 2.2%, 2.8%, 16.9%, 10.1% and 2.0% for vancomycin,
cefepime, latamoxef, amoxicillin, azlocillin and ceftazidime, respectively. With
the exception of method 2 for azlocillin (9.9%) all the mean relative errors were
higher with methods 2 and 3 than with method 1. The overall mean relative
error of the combined method was 8.24%, which was lower by an average of
44.3% and 71.3% than the other two predictive methods (14.8% and 28.7%),
respectively.

Figure 5 shows the percentages of patients whose relative errors were
within 10%, 30% and 50% for each of the three analysis methods. The highest
percentages were consistently achieved with method 1; differences were
particularly notable in the 10% and 30% ranges. For all six drugs, method 1
achieved more than 95% of predictions for all antibiotics within a relative error

of 50%.

4. Discussion
To the best of our knowledge, this is the first study to demonstrate an
innovative method that uses a combination of population pharmacokinetic

models and machine learning approaches to predict individual clearances of

16
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renally eliminated drugs in neonates. Since the introduction of population
pharmacokinetics by Sheiner in the 1970s [33], several developments have led
to models based on mechanistic and pharmacological principles that support a
biological interpretation of parameters [34]. Individual pharmacokinetic profiles
can be described and the pharmacokinetic behavior of many individuals can be
characterized by simultaneously quantifying the covariates that are known to
be sources of variability [35]. Population pharmacokinetic methods also
facilitate the analysis of sparse data, which reduces the burden of multiple
sample collection [36]. This is particularly relevant for neonates, from whom
only sparse samples can be collected due to ethical and practical limitations. In
clinical practice, Bayesian parameter estimation can then be used to estimate
parameters and adjust dosage regimens for individual patients by combining a
validated pharmacokinetic model with observed concentration data.

Despite these developments, prediction of individual neonatal parameters from
a population pharmacokinetic model has its challenges. For renally eliminated
drugs, clearance is often expressed as a function of growth (size or current
weight), renal maturation, and/or renal function (serum creatinine/estimated
glomerular filtration rate). Due to the colinearity of the covariates, size
correction is necessary and current weight is typically incorporated into the
basic model using an allometric size approach [37]. Different age indicators,

such as birth weight (BW), postmenstrual age (PMA), postnatal age (PNA),

17
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gestational age (GA) and combination formulas have been incorporated into
different models without a clear consensus on the best approach. This is
illustrated by Wade et al., who used a combination of GA and PNA in their
fluconazole model [38], Li et al., who used BW and PNA to describe the
population pharmacokinetics of piperacillin [39] and Cohen-Wolkowiez et al.
who used PMA to describe renal maturation changes in their piperacillin model
[40]. Serum creatinine concentration is commonly used as a biomarker for the
glomerular filtration rate in population models. However, this approach has
limitations as in the first few days after birth, creatinine concentration is
significantly affected by maternal levels and does not reflect neonatal renal
function [41].

Neonates have extensive intra- and inter-subject variability in drug
disposition and clinical response due to rapid physiological changes and
specific pathophysiology [42]. Population pharmacokinetic studies have often
found that a large proportion of inter-subject variability cannot be explained by
covariates (fixed effects) and is instead captured as random effects. For
example, Wang et al. described a renal maturation model based on size, age
and renal function that could predict the clearances of renally eliminated drugs
in newborns [32]. The model resulted in high uncertainty with prediction results

ranging from 0.6-2.0 (prediction bias) [32]. This demonstrates that fixed-effect
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models are not always able to explain sufficiently the variability found in clinical
settings.

In recent years, machine learning methodology has become increasingly
popular in different domains. These approaches can handle large numbers of
predictors and allow the use of new types of data, whose sheer volume or
complexity would previously have made their analysis unimaginable [43].
Machine learning is not based on the results of programming, its processing is
not a causal logic, but a correlation conclusion drawn through inductive thinking.
Furthermore, machine learning is a data-driven approach, thereby eliminating
the need for mechanistic assumptions. From a pharmacological perspective,
these features might be considered as a “black-box” method, and
pharmacologists and clinical researchers may be reluctant to embrace this
approach without making assumptions based on developmental pharmacology
[35]. Even though machine learning has been successfully applied in the
prediction of preterm infant survival rate [44] and neonatal hyperbilirubinemia
[45], predicting neonatal drug clearance is a challenge due to fast-changing
maturation processes and a lack of diagnostic feature values. Moreover, the
selection of influencing factors has additional challenges to ensure that they are
physiologically relevant and easily available in clinical practice.

Based on the above challenges, combining population pharmacokinetic

and machine learning approaches may prove useful. The population approach
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can utilise basic knowledge of physiology and pharmacological development
while machine learning models can implement physiologically significant
covariates preselected by the population model as part of the study design. In
the present study, it was found that for all six drugs, the combined approach
achieved more than 95% of predictions within a 50% relative error (Figure 5), a
result that was superior to those obtained with the ‘stand-alone’
pharmacometric models (predictive methods 2 and 3). This improvement in
predictive performance demonstrates that a combination of machine learning
and population pharmacokinetics is feasible and accurate.

The final prediction models have been incorporated into a package in
Python and the codes for these models can be accessed in the Supplementary
Material “final model code”. The models can be used to predict individual
clearances of each drug in neonates, based on the patient’'s demographic data
(e.g. BW, CW, GA, PNA, PMA, CREA). These clearance estimates can then
be used to determine a more accurate, personalized, starting dosage regimen
for each patient. Further optimization of this initial dosage regimen to achieve
target concentrations or exposure would involve MAP Bayesian analysis to
determine revised individual parameter estimates by combining information
from measured concentrations with parameters from the population

pharmacokinetic model.
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Even though developmental, pharmacology-based clinical characteristics
were used in building the machine learning models, the contributory factors for
each drug were still different in the final prediction models. This may be
explained by differences in drug properties (e.g. plasma protein binding,
molecular mass) and mechanisms of elimination. Renal elimination consists of
glomerular filtration, tubular secretion, tubular reabsorption, and intracellular
enzymatic processing [46] but even for a renally excreted drug, non-renal
pathways, such as biliary excretion, or other (unknown) pathways frequently
exist. The adult values of the various elimination processes of the six drugs in
this study are summarized in Table 4 [32, 47-52]. The percentage of renal
clearance ranges from 55% to 90% and the magnitudes of drug metabolism
and other elimination routes are also variable, which may result in different
predictive combinations and variability in drug clearance assessments. In
neonates, differences in prediction performances might also be related to
varying contributions of renal clearance to total drug clearance.

Amoxicillin and azlocillin had the worst machine learning model testing set
results based on MSE and r?. The reason may be that the mechanism of drug
elimination is complex. Pharmacokinetic information on the mechanisms and
proportions of renal and non-renal elimination are very sparse in this patient

group and further research is required.
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In the population pharmacokinetic analyses of this study, an opportunistic
sampling strategy was used for all six models and this was assumed to provide
reasonable estimates of clearance compared with a standard, predetermined
sampling strategy [53]. All models have previously been evaluated by external
validation methods [54] and one has also been validated clinically [17]. In
addition, the ETA shrinkage (%) of clearance for all drugs was less than 30%.
These findings demonstrate the reliability of the population pharmacokinetic
models and justify the use of individual clearance estimates derived from these
models as reference values.

Our study has some limitations. Firstly, the methods are only valid within
the covariate space used to build the models. Secondly, although serum
creatinine, a widely used biomarker of renal function, is included in the model,
residual, maternally derived creatinine or different creatinine assay methods
may render this biomarker less than ideal to predict renal function in neonates
[55, 54]. In the present study, serum creatinine was found to contribute more
than 20% (20/100) when the relative importance of factors was assessed for
vancomycin and cefepime. These two drugs have the highest percentage of
renal clearance, lack significant tubular secretion and have low protein binding.
Alternative biomarkers are needed to better reflect renal function in neonates.

Building complex machine learning models from sparse data always carries

a risk of data memorization and this study was not designed to identify the
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number of neonates required to accurately predict the clearance of renally
eliminated drugs using this approach. Nevertheless, the predictive
performances were consistently good with patient numbers ranging from small
(cefepime, 85 patients) to large (vancomycin, 1631 patients). Moreover,
differences in age distribution were not considered. Although the key covariates
associated with maturation were included in the current study, some drug-
related covariates were missing. Plasma protein binding affects the free drug
concentrations that determine drug elimination and is influenced by various
maturational factors, leading to high variability in the unbound fraction in
neonates [38, 39]. Disease-related factors were also missing. Future studies
using a combined population pharmacokinetic and machine learning analysis
approach should evaluate the impact of these covariates on the prediction of
individual clearances, examine drug clearance following non IV routes of

administration and identify predictors for drugs that are also metabolized.

5. Conclusion

A combined population pharmacokinetic and machine-learning approach
provided consistent descriptions of individual clearances of renally drugs in
neonates. For new neonatal patients treated in clinical practice, individual
clearances can be predicted in advance using the model code and

demographic data and used to individualize the initial dosing regimen.
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Table and Figure Legends

Tab. 1: Patient characteristics and model information extracted from the published
studies and from unpublished data.

Tab. 2: Test sets performance measures for all regressors of all six drugs.

Tab. 3: Mean relative errors for all six drugs.

Tab. 4: Summary of published adult values of drug clearance and renal clearance for

all renally cleared drugs examined in the study.

Fig.1 The different steps of this study for all six drugs.

Fig.2 Diagram representation of the nested cross-validation algorithm used in this
study.

Fig.3 Goodness-of-fit results for the final model. A) vancomycin B) cefepime C)
latamoxef D) amoxicillin E) azlocillin F) ceftazidime. CLyprediction represents individual
predicted clearance values using the combined method, CLreference represents
individual “reference clearances”. Solid circles represent training dataset results, open
circles points represent testing dataset results (In order to show the results more
intuitively, one of five test sets was selected to display).

Fig.4 The relative importance of factors. 100 represent the most important factor and

the values for other factors are relative to this factor.
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Fig.5 Predictive performance of drug clearance (percentage of patients achieving

relative error within 10%, 30%, and 50%) using three different predictive methods: 1

is the combined method of population pharmacokinetics and machine learning, 2 is
the maturation model and 3 is the scaling model based on postmenstrual age and

body weight 3 [32]
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Table 1. Patient characteristics and model information extracted from the published studies and unpublished data [4, 5, 15-18].

Vancomycin Cefepime Latamoxef Amoxicillin Azlocillin Ceftazidime
Patients 1631 85 128 187 95 146
Samples 4894 100 165 224 167 203
BW (kg) 1.24 (0.362-4.81)  3.12(0.980-4.21) 3.10(1.01-4.58) 3.05 (1.04-4.60) 3.39 (1.80-4.85) 3.00 (0.740-4.65)
CW (kg) 1.35(0.415-11.4)  3.35(0.950-4.35) 3.22 (1.00-4.60) 3.21 (1.06-4.58) 3.34 (1.72-4.69) 3.08 (0.900-4.50)
GA (weeks) 30.0 (22.3-42.1) 39.0 (28.0-41.6) 38.3 (27.3-41.4) 38.1 (28.3-41.4) 39.4 (31.6-41.4) 38.6 (26.0-43.4)
PNA (days) 11.0 (1.00-90.0) 8.00 (1.00-25.0)  8.00 (1.00-54.0) 7.00 (1.00-37.0) 3.00 (1.00-6.00) 11.0 (1.00-81.0)
PMA (weeks) 32.0 (23.3-52.4) 40.1 (30.6-45.1)  39.7 (28.4-46.1) 39.0 (28.4-46.3) 40.1 (32.1-42.0) 40.3 (26.1-47.4)
PMX Model
Compartment Two One Two Two One One

0.0798 0.605 0.248 0.742 0.429 0.317
Clearances (L/h)

(0.0101-1.10) (0.141-0.933) (0.0614-0.516) (0.0793-2.04) (0.133-0.805) (0.0469-0.787)

0.0572 0.180 0.0861 0.250 0.130 0.110

Clearances (L/h/kg)

CL=GCL*Fsize*Faqe*FRF

(0.0120-0.281)

(0.128-0.243)

(0.0498-0.142)

(0.0683-0.592)

(0.0696-0.202)

(0.0521-0.185)

BcL 0.0680 0.589 0.268 0.812 0.440 0.356
Fsize (CW/1.35)°" (CW/3.35)0" (CW/3.22)1 (CW/3.21)1 (CWI/3.34)°" (CW/3.08)°"
01 0.863 0.75 fix 0.75 fix 0.75 fix 0.75 fix 0.75 fix
Fage (PMA/32)®2 (PMA/40)®2 (BW/3.10)%2x(PNA/8)83  (GA/38.1)82x(PNA/7)%  (BW/3.39)82x(PNA/3)%  (GA/38.6)%x(PNA/11)%
02 0.544 1.16 0.288 4.19 0.907 1.57
03 - - 0.214 0.281 0.367 0.220
Frr 1/(64xCREA/54)% 1/(CREA/28.5)% 1 1 1 1
04 0.720 0.218 - - - -
05 0.666 - - - - -
CL-IIV (%) 18.2 15.3 15.8 40.0 22.6 24.7
IOV (%) 191 - - - - -
RUV(%)2 -b 36.6 40.6 35.0 32.2 (1)29.5 (2)0.192pg/mL
775 Patient demographic characteristics and clearance values are presented as median (range)
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PMX Model: population pharmacokinetic model; CW: current weight; BW: birth weight; GA: gestational age; PNA: postnatal age; PMA: postmenstrual

age; CREA: creatinine; IIV: inter-individual variability; IOV: interoccasion variability; RUV: residual variability

a

: Residual error models: exponential model was used for amoxicillin, latamoxef, azlocillin; proportional model was used for cefepime; combined

additive and proportional model was used for vancomycin and ceftazidime ((1) is proportional part, (2) is additive part.)

b,

For vancomycin, each analytical method was separate estimated in the residual variability.
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Table 2. Test sets performance measures for all regressors of six drugs.

Methods VAN CEP MOX AML AZL CAZ
R? MSE R? MSE R? MSE R? MSE R? MSE R? MSE

RF 0.882 0.0016 0.844< 0.0039 0.896< 0.00064 0.597 0.058 0.775¢< 0.0022 0.927< 0.0012
Ridge 0.756 0.0033 0.874< 0.0032 0.871< 0.00078 0.591 0.057 0.759< 0.0023 0.864«< 0.0021
Lasso 0.753 0.0035 0.877< 0.0031 0.859«< 0.00108 0.606 0.056 0.785« 0.0021 0.871< 0.0021
EN 0.758 0.0032 0.872¢< 0.0032 0.874< 0.00078 0.596 0.056 0.785< 0.0019 0.859< 0.0022
KNN 0.783 0.0030 0.822¢< 0.0049 0.790< 0.00116 0.624 0.050 0.725¢< 0.0027 0.855¢< 0.0023
DTR 0.826 0.0024 0.725¢< 0.0063 0.811< 0.00140 0.473 0.077 0.765«< 0.0023 0.878< 0.0019
ABR 0.852 0.0020 0.848< 0.0039 0.892< 0.00073 0.609 0.055 0.772« 0.0022 0.906< 0.0015
GBR 0.884 0.0015 0.809< 0.0041 0.920< 0.00049 0.567 0.063 0.790< 0.0020 0.941< 0.0009
ETR 0.877 0.0017 0.865< 0.0034 0.934«< 0.00045 0.631 0.051 0.778< 0.0022 0.944< 0.0009
XGBR 0.887 0.0015 0.829< 0.0038 0.907< 0.00054 0.565 0.061 0.784< 0.0020 0.937< 0.0010

MSE: mean squared error; VAN: vancomycin; CEP: cefepime; MOX: latamoxef; AML: amoxicillin; AZL: azlocillin; CAZ: ceftazidime; RF: random
forest; EN: Elastic Net; KNN: K-nearest Neighbor DTR: Decision Tree Regressor; ABR: Ada Boost Regressor; GBR: Gradient Boosting Regressor;
ETR: Extra Trees Regressor; XGBR: Extreme Gradient Boosting Regressor
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Table 3. Mean relative error results of six drugs using three predictive methods.

Predictive method 1

(combined model)

Predictive method 2

Predictive method 3

Mean (CV%) 2@ Median (range) @

Mean (CV%)2@ Median (range)?

Mean (CV%)?@ Median (range)?@

Vancomycin

Cefepime

Latamoxef

Amoxicillin

Azlocillin

Ceftazidime

MEANP

15.4% (116)  10.7% (0-282%)

2.19% (208)  1.12% (0-24.8%)
2.82% (230)  1.91% (0-59.9%)
16.9% (107)  11.6% (0-126%)
10.1% (110)  7.32% (0-89.0%)
2.01% (166)  0.68% (0-20.2%)

8.24% 5.55%

25.6% (97.7) 18.9% (0-215%)

5.56% (99.6)  3.73% (0-29.1%)
5.56% (84.5)  4.42% (0.1-24.3%)
28.5% (122)  17.7% (0.3-781%)
9.90% (130)  6.32% (0.1-109%)
13.4% (82.4) 9.80% (0.1-43.0%)

14.8% 10.1%

31.3% (98.0)  26.8% (0-373%)

43.1% (16.5)  43.1% (22.3-56.6%)
20.7% (75.5)  18.2% (0.2-65.2%)
33.9% (121)  30.5% (0.1-478%)
30.1%(76.0)  26.3% (0-152%)
12.9% (50.1)  11.7% (0.5-41.4%)

28.7% 26.1%

a: For methods 1, 2, and 3, the Mean(CV%) and Median(range) represent the mean(CV%) and median(range) values using five evaluation
data sets(results of integration).

b: MEAN represents the mean value of the mean/median of the six drugs.
CV: Coefficient of Variation
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Table 4. Summary of published adult values of drug clearance and renal clearance for all
renally cleared drugs examined in the study.

Total Renal L
% Renal Binding rate of
Drugs Clearance Clearance . Note
. ] Clearance plasma protein
(mL/min)  (mL/min)

Biliary excretion

Vancomycin 98.3 88.3 ~90% ~30% )
~10% Metabolism

Cefepime 122-136 96-116 ~83% 16-19% No secretion

Low secretion
Latamoxef 87 66 76% ~50% Biliary excretion
No metabolism

Low biliary excretion
Amoxicillin ~300 ~166 ~55% ~20% vy e
~24% metabolism

Low secretion
Azlocillin 150-200 100-140 ~65% 30-40% 15% metabolized
~5% biliary excretion

No secretion

No reabsorption
Ceftazidime 190 140 ~74% 5-10% ibsorption -

Low biliary excretion

No metabolism
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