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ABSTRACT

Tucuxi, a Swiss-developed Model-Informed Precision Dosing (MIPD) software, aims to support clinical dosage decision-making
to achieve therapeutic concentration targets. This study assessed its predictive accuracy compared to NONMEM, a gold-standard
tool for Bayesian PK predictions. A panel of models was created to mimic various pharmacokinetic scenarios following oral,
bolus, or intravenous administration. For each scenario, a virtual population of 4000 patients receiving doses ranging from 10 to
120mg every 24 h was created. Sparse and rich profiles were simulated, with either one or four samples taken per patient. Tucuxi
) and peak (C_ ) concentrations, and area under the
curve (AUC, ,,,) were compared by calculating their relative differences, mean prediction error (MPE) and relative root mean
aame G and C,_ .. All the out-
comes predicted by Tucuxi closely matched those predicted by NONMEM. A median of 99.8% of predicted concentrations at
sampling times presented relative errors smaller than 0.1%. For all outcomes predicted, MPE and relative RMSE were 0% (—0.09,
0.07) and 0.82% (0%, 18.79%) respectively. The bioequivalence criterion, calculated for AUC,,,C,..,and C .,
all models, with median values of 100%. This project highlights Tucuxi's excellent predictive accuracy compared to NONMEM,
demonstrating its reliability and potential for adoption in clinical practice.
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1 | Introduction

Over the last few years, a strong movement in favor of preci-
sion medicine has emerged regarding therapeutic decisions, em-
phasizing personalized dosing adapted to patients’ needs, and
moving away from the traditional approach based on standard
dosages [1-3]. One of the main reasons for this change is that

preclinical and clinical studies, which often focus on a narrow
subset of the population meeting specific restricted criteria,
may not sufficiently capture the variability of drug disposition
within the broader population [4, 5]. As a result, dosage recom-
mendations derived from these studies may be inadequate to
ensure appropriate concentration exposure in specific subsets
of patients, potentially resulting in either therapeutic failure
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Summary

+ What is the current knowledge on the topic?

o Tucuxi is a versatile model-informed precision dos-
ing software developed in Switzerland, designed
to assist clinicians in individual dosage decisions
based on TDM to optimize the achievement of in-
target concentration exposure using popPK models.

« What question did this study address?
o This study aimed to perform a numerical verifica-
tion of Tucuxi by comparing its predictive perfor-
mance versus NONMEM.

« What does this study add to our knowledge?

o Tucuxi's predictive accuracy was found comparable
to NONMEM's, with over 98% excellent predictions.
The predictions of pharmacokinetic indicators used
as therapeutic targets were excellent as well and
largely outperformed the bioequivalence criterion.

« How might this change drug discovery, development,
and/or therapeutics?

o Thanks to its excellent predictive accuracy, together
with its user-friendliness, robustness, and versatil-
ity, Tucuxi might become a promising MIPD tool for
routine clinical use.

or increased toxicity. To overcome this problem, therapeutic
drug monitoring (TDM) is one of the most widely recognized
strategies. Introduced mainly in the 1960s, TDM involves mea-
suring drug concentrations and adjusting doses accordingly to
achieve the therapeutic target, thereby optimizing treatment
while minimizing adverse effects [6, 7]. TDM is performed
using various empirical methods, such as simple arithme-
tic rules or nomograms, as well as Bayesian approaches [6, 7].
Bayesian TDM adjusts patients' dosage by estimating the indi-
vidual pharmacokinetic (PK) parameters based on a population
pharmacokinetic (popPK) model, specific patient information,
and collected plasma drug concentrations [7, 8]. This approach
became progressively adopted following the introduction of the
first nonlinear mixed effect modeling software NONMEM in
1982 [9, 10]. Population approaches as allowed by NONMEM
and its more recent competitors enable the development of mod-
els that describe drug absorption and disposition within a pop-
ulation while quantifying the impact of clinical, demographic,
and environmental factors that explain variations observed
among patients [11, 12]. These models allow the estimation of
maximum likelihood individual PK parameters and simulations
to test different dosage regimens [11]. Unlike traditional non-
compartmental analysis (NCA), population approaches provide
a deeper understanding of population-level characteristics that
may influence PX profiles and parameters. They are now widely
adopted in drug development and considered a gold standard
and a requirement for regulatory submissions of drugs to the
Food and Drug Administration (FDA) [13]. Furthermore, pop-
ulation approaches require fewer samples compared to NCA,
making them particularly advantageous, as NCA relies on rich
PK datasets that are challenging to obtain in clinical practice.
By contrast, the model-based nature of population approaches
is well-suited to the sparse clinical data, typically available
in TDM. Consequently, popPK analysis methods can be uti-
lized in TDM for their ability to estimate maximum likelihood

individual PK parameters, thus enabling precise dosage adjust-
ments and providing a layer of refinement to clinical decision-
making. However, the use of popPK software such as NONMEM
for TDM in clinical practice presents several challenges: it re-
quires specialized training, familiarity with its programming
language (Fortran), and the ability to manage its complex work-
flow and technical constraints. Furthermore, although it allows
for simulations, NONMEM does not directly provide dosage
recommendations, which complicates its application in routine
clinical settings. To enhance TDM, the integration of dedicated,
user-friendly Model-Informed Precision Dosing (MIPD) soft-
ware tools allows an easier democratization of population ap-
proaches in the hands of clinicians [14]. These tools use popPK
models, developed with software such as NONMEM, coupled
with patients’ information to suggest dosage adjustments aimed
at achieving therapeutic targets more accurately [15]. Compared
to empirical TDM methods, MIPD offers several significant ad-
vantages, including greater flexibility in accommodating blood
sampling schedules and a faster determination of appropriate
dosage adjustments. Empirical methods usually require waiting
for the treatment to reach a steady state before verifying target
achievement, as therapeutic targets are typically established for
steady state. On the other hand, MIPD allows direct prediction
of SS concentration, enabling earlier and more timely dosage ad-
justments. Additionally, therapeutic targets are generally based
on standard PK indicators such as minimal (C,;,) or maximal
(C,,,) concentrations, or area under the curve (AUC). Empirical
TDM therefore requires precise blood sampling at specific times
after the last dose intake. With MIPD, however, these PK indi-
cators can easily be extrapolated from random sampling time
results [7, 16].

According to a recent review, several MIPD tools have been de-
veloped since 1979, including DoseMe, BestDose, InsightRX,
NextDose, and Tucuxi [14]. Despite the progress made, their
adoption in clinical practice remains uneven and limited to few
drugs, with potential for further expansion [4, 14, 17-19]. This
limitation may be due in part to the complexities of the soft-
ware, often not user-friendly for non-specialists, the high cost
of access, and a lack of robust evidence supporting their clin-
ical utility. Furthermore, the implementation of an MIPD tool
in a clinical setting requires a twofold validation process. First,
numerical verification is essential to ensure the accuracy and
robustness of the software’s predictions. Secondly, clinical val-
idation is required to confirm whether the software can pro-
pose dosages comparable to those of a clinical pharmacologist.
Although the specifications of certain software mention some el-
ements of validation, the methodology used is rarely detailed in
the literature [20]. Only a few MIPD applications have provided
comprehensive descriptions of their numerical verification pro-
cesses, highlighting a gap that needs to be addressed to enhance
their credibility and usability in clinical practice [21-25].

This study focused on the MIPD software Tucuxi, developed
by the School of Engineering and Management of the Canton
of Vaud (HEIG-VD) and the University Hospital of Lausanne
(CHUV) in Switzerland [26]. Tucuxi is still under develop-
ment and tested in some Swiss, French, and Australian hos-
pitals [27-29]. The current version is available as open source
on https://github.com/sotalya and compiled versions can be
found on https://www.tucuxi.ch. Tucuxi is available in various
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implementations: as a desktop application (Tucuxi), as an ap-
plication run from the command line (Tucucli) or through a
Python package (Sotalya). Several popPK models have already
been implemented, enabling Bayesian TDM to be performed on
different categories of drugs (e.g., antibiotics, anticancer agents,
anticoagulants). The Tucuxi software is versatile and can han-
dle any type of popPK model, whether developed for neonates,
pediatric, adult, or elderly populations, as long as the selected
models have been properly validated for the target population.
The core of the Bayesian engine is implemented in C++, but var-
ious models can be defined in external files (i.e., “drug files”),
following a structure somewhat similar to that of a NONMEM
run file. These “drug files” completed by the user also specify
the possible doses and dosing intervals, routes of administra-
tion, infusion durations, and the desired therapeutic target (i.e.,
type of PK indicators and aimed values). A drug file editor is
available at https://drugeditor.tucuxi.ch.

Tucuxi uses closed-form expressions for 1- and 2-compartment
popPK models with linear absorption and elimination, while
other implemented models are specified using differential
equations and solved with the Runge-Kutta 4th-order method.
Tucuxi's predictions, when blood concentration results are
available, rely on the Bayesian maximum a posteriori probabil-
ity (MAP) method, using the Polak-Ribiére variant of the con-
jugate gradient descent algorithm. The algorithm is initialized
with typical population parameters (possibly depending on pa-
tient covariates) and reaches the most likely parameter values
(i.e., MAP individual departure from population values) mini-
mizing the gradient. Various requests can be made to Tucuxi.
A priori predictions, using only the popPK model and patient
covariates, or a posteriori predictions, which also incorporate
measured plasma concentration data, can be computed. Tucuxi
can also calculate a priori and a posteriori concentration percen-
tiles that depict probability distributions of circulating exposure.
Finally, Tucuxi provides dosage adjustment hints making use of
the “drug file”, which supports the user in his/her elaboration of
a dosage readjustment based on TDM observations.

While Tucuxi is regarded as easy to use and accessible to every-
one due to its open-source status, it still lacks formal validation
for clinical use [14, 19]. Clinical validation must be conducted
for each drug to ensure that Tucuxi's dosing recommendations
align with real-world clinical practice. Recent examples of this
validation have been published for cefepime, busulfan, and pip-
eracillin in adults, where dose adjustments suggested by Tucuxi
were compared with those made by clinicians to assess the soft-
ware's clinical relevance [27, 30, 31]. Since Tucuxi is not certified
as a medical device, its implementation heavily depends on the

user. Drug specification files are pre-filled based on interna-
tional guidelines but must be reviewed and adapted by clinicians
to reflect their hospital's specific practices. Our study focused on
an internal verification of the software, specifically ensuring its
mathematical correctness independently of any clinical context
or user influence. To achieve this, we aimed to generalize the
verification process by mathematically verifying Tucuxi pre-
dictions against NONMEM, which, despite not being originally
designed for TDM, is a reference for PK modeling in order to
demonstrate that the software's numerical performances are ro-
bust across a broad range of popPK models.

2 | Methods

We used the verification method, inspired by Le Louedec et al.
[25] described in Figure 1. NONMEM (version 7.4.2) was used to
simulate virtual populations with virtual “observed” concentra-
tions at pre-established time points. For this purpose, we built
popPK models with different inter- and intra-individual vari-
abilities and pre-established study designs, as detailed below.
We then used NONMEM and Tucuxi to predict concentrations
and estimate individual PK characteristics through the same
models and study designs employed for virtual data generation.
We relied on Python (version 3.6.9) and R Studio (version 4.3.2)
to automate the numerical verification process and to analyze
the results. All the NONMEM and Tucuxi files used to make
this project are available on GitHub: https://github.com/sotalya/
tucuxi-numericalvalidation.

2.1 | Virtual PopPK Models

A series of 36 models were created to investigate various phar-
macokinetic scenarios following oral, intravenous (IV), or bolus
administration. We considered different structural models
(ranging from 1 to 3 compartments), absorption models (lin-
ear, lag time, Erlang), elimination models (linear, Michaelis-
Menten, or both), as well as error models (proportional, additive,
mixed). Inter-individual variabilities (IIV) ranging from 45% to
141% on all the pharmacokinetic parameters, with or without a
correlation between clearance and volume of distribution, were
examined. We also investigated constant and time-varying co-
variate models including an allometric effect of body weight
and creatinine clearance, as well as a proportional effect of sex
on clearance. Table 1 presents the characteristics of the virtual
popPK models tested. Two clinically used models already imple-
mented in Tucuxi were also verified, and are presented in detail
in Supporting Information—S1 [32, 33].

popPK models Virtual population (n=4000)

10 to 120 mg every 24 h

v

Fabricated models

NONMEM  0GoO

Subroutines: ADVANG for IV and
Bolus, ADVAN13 for oral.
Algorithm: FOCE-I Method

Estimated outcomes Comparison

Individual prediction
concentrations at
sampling time

Relative difference between NONMEM
and Tucuxi predicted values:
Excellent if <0.1%
if20.1% and <10%

Single dose a Multiple doses

\24&10h‘ &
[ 1] —

used to mimic
various PK scenarios -
—
Oral, IV and Bolus w \ a

a a a
administration \ \ \ \

*Simulated concentrations using NONMEM

ﬂ TUCUXI (tucucl)) /)

Discordant if 2 10%

Individual PK parameters MPE and RMSE:

Excellent if <0.5%

Computation: Analytical

1#1h, 4+1h, 8+2h, 24+6h* »| equations (1-, 2- CMTs linear) or
Runge-Kutta Method
Algorithm: Bayesian MAP

Individual PK indicators

(AuC Co Gy [, Bioequivalence criteria:
'0-24h» ~min ~max

1C90% in [80%, 125%]

FIGURE1 | Diagram of the methodology for comparing Tucuxi and NONMEM performance.
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TABLE1 | Characteristics of the virtual popPK models studied.

PopPK model characteristic Model n° PopPK model characteristic Model n°
Structural model® Inter-individual variability
1- CMT model 10,000 IIV of 63% on all PK parameters
2- CMT model 20,000 1-CMT model 10,001
3- CMT model 30,000 2-CMT model 20,001
Absorption model® 3-CMT model 30,001
Absorption with a lag time 11,000 IIV of 77% on all PK parameters
Bioavailability (logit function) 12,000 1-CMT model 10,002
Erlang absorption with a 2- CMT model 2-CMT model 20002
1 Erlang CMT 23,000 3-CMT model 30,002
2 Erlang CMT 24,000 IIV of 89% on all PK parameters
3 Erlang CMT 25,000 1-CMT model 10,003
4 Erlang CMT 26,000 2-CMT model 20,003
5 Erlang CMT 27,000 3-CMT model 30,003
6 Erlang CMT 28,000 IIV of 100% on all PK parameters
Elimination model? 1-CMT model 10,004
Michaelis Menten elimination 2-CMT model 20,004
1- CMT model 10,100 3-CMT model 30,004
2- CMT model 20,100 IIV of 141% on all PK parameters
Linear and Michaelis Menten elimination 1-CMT model 10,007
1-CMT model 10,300 2-CMT model 20,007
2- CMT model 20,300 3-CMT model 30,007
Residual Error Model? Covariates (i.e., body weight, creatinine
clearance and sex) on CL?
Additive 10,010 1-CMT model 10,009-1
Mixed 10,020 2-CMT model 20,009-1
Correlation of 20% between CL and V? 10,008 3-CMT model 30,009-1

Abbreviations: CL, clearance; CMT, compartment; ITV, inter-individual variability; V, volume of distribution.

“IIV of 45% on Ka, CL, V¢, V and K.

MAX?

2.2 | Virtual Study Design

For each popPK model, we created a virtual population of
4000 random patients receiving doses ranging from 10 to
120mg every 24h, and we divided them into two groups
(n=2000): one under a single-dose regimen and the other
under a multiple-dose regimen. We set up sparse and rich
sampling schemes, with respectively one sample taken at
24+10h and four samples taken at 1+1, 4+1, 8+2h, and
24+ 6h after the last dose administration. Simulations based
on the study virtual models with variabilities were performed
in NONMEM, using ADVAN6 and ADVAN13 subroutines for
the IV/Bolus and oral models, respectively, to obtain “true”
individual PK parameters and “observed” plasma concentra-
tions for each patient in this in silico exercise. Individual PK
parameter values were generated from a log-normal distri-
bution according to the pre-established IIV set in the model.

Additive, proportional, or mixed residual errors, depending on
the model studied, following a normal distribution centered
at 0 with a standard deviation of 1, were added to the concen-
tration values. We fixed concentration values generated below
0.1 ug/L at this floor value. We also imposed a constraint on
the half-life, which had to be between 1/5 and 5 times the
typical population half-life to simulate clinically realistic PK
profiles.

For models requiring covariates (i.e., model 10,009, 20,009, and
30,009 detailed in Table 1), we assigned to each patient body
weight values drawn from a uniform distribution ranging from
20 to 100kg, and a creatinine clearance randomly drawn from
a uniform distribution between 20 and 250 mL/min. To evalu-
ate the impact of time-varying covariates (i.e., model 100,091,
200,091, and 300,091 detailed in Table 1), body weight was
allowed to vary randomly by up to 5% at each dosing event.
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Similarly, creatinine clearance could fluctuate by up to 30% with
each new dose administration. The population was also divided
between 2000 males and females.

2.3 | NONMEM Predictions

We obtained predictions of individual PK parameters, individual
a posteriori concentrations at the sampling time, and individual
PK indicators (i.e., AUC , 1, Cpp\ipo @a0d C, ) for all the virtual pa-
tients using NONMEM with the FOCEI method [34]. The estima-
tion was performed with the following settings: $EST method =1
inter maxeval=0 noabort sig= 3 print=1 posthoc, ensuring that
only individual post hoc estimates were computed without re-
estimating population parameters while accounting for ETA
variability in the optimization process [34]. The ADVANG6 and
ADVAN13 subroutines of NONMEM were used for the IV/Bolus
and oral models, respectively, to code the differential equations
solved with LSODA, requisite to retrieve AUC , ;.
The default handling of time-varying covariates differs be-
tween NONMEM and Tucuxi. Tucuxi can either use the “last
value carried forward” method or apply linear interpolation
between covariate measurements, whereas NONMEM applies
the “next value carried forward” approach. In this study, we
chose to validate the “last value carried forward” method, as it
is more intuitive for clinical applications than the “next value
carried forward” approach. To ensure consistency between
the two software, the NONMEM code had to be adapted.
Specifically, additional rows were inserted into the dataset
just before a covariate change, using the previous covariate
value and setting EVID = 2. This adjustment forces NONMEM
to retain the previous covariate value until a new one is explic-
itly provided.

2.4 | Tucuxi Predictions

We implemented each model in Tucuxi with the drug file editor,
providing information on the number of compartments, the type
of absorption and elimination, and the population average val-
ues of the PK parameters along with corresponding variabilities.
For each virtual patient, a data sheet was automatically gener-
ated, containing the patient's individual characteristics (i.e.,
body weight, sex), the time and amount of the doses received,
and the observed concentrations [26]. We then ran the software
from the command line using Tucucli via a Python script. As
with NONMEM, individual a posteriori predictions were ob-
tained to predict the outcomes studied: concentrations predicted
at the sampling time, estimated individual PK parameters, and
characteristic indicators of the PK profile (i.e., AUC,, ., C,;.»
and C_, ). More details on the calculation method used in
Tucuxi and the objective function are available in the article by
Y. Thoma et al. [35].

2.5 | Software Comparison

We compared all the predicted outcomes (i.e., individual PK
parameters, concentrations predicted at the sampling time,

AUC Crrin» Cinay) Of Tucuxi and NONMEM by calculating

0-24h> ~'min’

in each virtual patient the relative difference between both esti-
mated values, using the following formula:

Tucuxi NONMEM

i

Outcome

— Outcome;
NONMEM @

i

Outcome

AOutcome; =

with Outcome™* and OutcomeN™M being the predicted out-
come obtained for individual i with Tucuxi or NONMEM,
respectively.

Tucuxi predictions were considered excellent if the relative dif-
ference was less than 0.1%, acceptable if it ranged between 0.1%
and 10%, and discordant if it exceeded 10% [25].

To globally assess the agreement of all outcomes produced by
Tucuxi with those produced by NONMEM, taken as reference,
we evaluated their bias and accuracy. We quantified the bias by
calculating the mean prediction error (MPE, equation 2) on log-
transformed outcomes and its 90% confidence interval. It was
considered non-significant if the interval included the value 0.
Log-transformation of the outcomes was necessary to ensure
normality, reduce the influence of outliers, and thus enhance the
robustness of the analysis. We quantified the accuracy by comput-
ing the relative root mean square error (RMSE, equation 3). The
smaller the relative RMSE, the more accurate the predictions.

MPEoulcome (%)=
<exp <% Z (In(Outcome****) — In(OutcomeNONMEM ) ) ) - 1) )

i i

X100

RMSEomcome (%) =

<exp ( \/ % Z (In(Outcome**) — In(OutcomeNONMEM ) ) 2 > - 1>

X100

©)

With Outcome*™ and OutcomeN"™EM ag previously defined, n
being the number of virtual patients. Predictions of concen-
trations at sampling time were also verified by calculating the
MPE and relative RMSE using observed concentrations as a
reference.

The bioequivalence criterion, widely used to establish the equiv-
alence between two pharmaceutical products, was additionally
applied to compare the individual PK indicators (i.e., AUC ;.
Crrin» Cinay) Obtained with both software packages. These spe-
cific outcomes were submitted to bioequivalence testing be-
cause they are used to define therapeutic targets, which directly
influence clinical decisions. Concretely, the 90% confidence in-
terval of the ratios of log-transformed AUC, ,,,, C,.,.,and C_
predicted by Tucuxi over the reference value (i.e., predicted by
NONMEM) should lie between 80% and 125%. The individual

bioequivalence ratios were calculated as follows:

In(PKindicator,™*"™)

- ln(PKindicator?ONMEM)

Bioequivalencepyy,dicator,; (%) %100 @

with PKindicator] " and PKindicatorN®™™ being the predicted
characteristic of the individual PK profile j (i.e., AUC,,., C

min’
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C..,,) obtained for individual i with Tucuxi or NONMEM, re-
spectively. The means and corresponding confidence intervals
were calculated with R.

3 | Results

All the outcomes predicted by Tucuxi closely matched those
predicted by NONMEM. As illustrated in Figure 2, a median of
99.8% of Tucuxi-predicted concentrations at sampling time for
oral and I'V/bolus were considered excellent (i.e., showing rela-
tive errors of less than 0.1%). Only 0.2% and 0.1% of predictions
were respectively classified as acceptable and discordant. These
discrepancies were mainly observed in models with significant
inter-individual variabilities and depended on the study design,
particularly evident in the multi-sample group (see Figure 3).
However, these differences involved only a small subset of pa-
tients, ranging from 4 to 253 depending on the model, with the
highest number of patients corresponding to the model with
the greatest variability. For these specific patients, as shown in
Figure 4, Tucuxi provided a posteriori concentration predictions
at sampling times that were closer to the observed values than
those of NONMEM.

Similar results were obtained for the individual PK parameters
as well as for the PK profile characteristics and are detailed in
(Figures S1-S4).

Across all MPE and relative RMSE values calculated for the
different outcomes (predicted concentrations, AUC, C_, .,
C...x PK parameters), the median (min, max) values were 0%
(—0.09, 0.07) and 0.82% (0%, 18.79%), respectively, reflecting
the strong predictive performance of Tucuxi. The detailed
MPE and relative RMSE values for each outcome are pro-
vided in Table S1. The concentrations predicted by the soft-
ware closely align with reality, as evidenced by a median
MPE of —4% and a relative RMSE of 8% for both Tucuxi and
NONMEM, respectively, demonstrating the software's strong
predictive performance (Table S2).

Furthermore, the bioequivalence criterion, calculated for
AUC s Coinr@and C, ., was verified for all models, with a me-
dian value of 100%. Detailed results for each model are provided
in Table S3.

The results obtained with the two clinical models were compa-
rable and are provided in the (Figure S5 and Tables S1-S3).
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FIGURE 2 | Barplot describing the predictive performance of Tucuxi versus NONMEM based on the relative difference criteria for concentra-

tions predicted at sampling times across all models. Models 11,000, 12,000, 23,000, 24,000, 25,000, 26,000, 27,000, and 28,000 test different types of

absorption and do not apply to IV and bolus administrations. The black vertical line indicates the 95% percentile.
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| Barplot describing the predictive performance of Tucuxi versus NONMEM based on the relative difference criteria for concentra-

tions predicted at sampling times according to study design for IIV variabilities popPK models, all administrations combined. The black vertical line

indicates the 95% percentile.
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FIGURE 4 |
Tucuxi and NONMEM with a relative difference criteria greater than

Comparison of individual concentrations predicted by

0.1% with observed concentrations.

4 | Discussion

This project compared the numerical predictions obtained by
Tucuxi with those of NONMEM, one of the gold standards in
popPK, which can be accommodated to compute maximum a

posteriori estimates of individual PK parameters and indicators
in the framework of TDM. The analysis numerically verified
Tucuxi as a reliable tool in this area, as the predictions of both
tools were very similar, with a remarkably low relative error.
This verification is particularly robust as it was conducted on a
large scale, including a wide range of pharmacokinetic profiles
that could be observed in marketed drugs.

Still, slight differences were observed between the predictions
generated by NONMEM and those provided by Tucuxi for mod-
els with high ITVs for all PK parameters, which can be explained
by differences in the algorithms used by each software to find
maximum likelihood estimations [34]. Our analyses showed
particularly pronounced discrepancies in studies with rich data
profiles. An increase in the number of data points contributes to
the complexity of the likelihood function, which increases the
risk of the minimization process getting trapped in local min-
ima during parameter estimation. However, models with such
high variability in all PK parameters are not representative of
the models typically applied to clinical TDM. Therefore, the
differences observed between NONMEM and Tucuxi in high
variability contexts may not be as significant when working
with typical clinical data, where conditions are generally less
extreme.
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An important aspect to highlight is the similarity of the PK indi-
cators estimated by Tucuxi and NONMEM, where the bioequiv-
alence criterion was rigorously verified for each model. These
results are particularly promising for the clinical use of Tucuxi.
AUC, s Crine @and C, . are key parameters often used in clin-
ical settings to evaluate the therapeutic efficacy and toxicity of
drugs during TDM [6]. Verification of these comparisons using
the bioequivalence criterion, a widely recognized standard re-
quired by regulatory authorities, was therefore considered es-
sential. All bioequivalence estimates indicated an average value
of 100%, with confidence intervals narrower than £0.003%. This
excellent precision was essentially reached thanks to the simula-
tion of 4000 virtual patients, a number rarely reached in clinical
bioequivalence trials. Nevertheless, this strengthens the credi-
bility of Tucuxi as a robust MIPD that can be used to support
clinical decision-making in TDM practice.

This large-scale verification enabled us to further improve
Tucuxi, specifically for complex popPK model structures.
This helped us to better equip the software for providing ac-
curate PK outcomes, even with complex models and high
inter-individual variability. The virtual models used for this
verification were more complex than those typically seen in
clinical TDM practice, which sometimes led to the generation
of unrealistic data or even data inconsistent with typical clini-
cal scenarios. These anomalies were corrected by introducing
half-life constraints to prevent the simulation of biologically
unlikely scenarios. We also chose to impute concentrations
below the LOQ by assigning them the LOQ value itself, a com-
monly used and pragmatic approach in routine TDM. Tucuxi
does not include specific methods for handling LOQ data, and
imputation with the LOQ value provides sufficient information
to support individual PK parameter estimations. However, this
limitation is not problematic given the tool's intended clinical
use. Ultimately, it is the clinician's role to interpret the results
in context, assessing whether a low concentration is clinically
plausible or potentially indicative of external factors such as
poor adherence. The decision to follow the method developed
by Le Louedec et al. is part of an effort to harmonize numerical
verification approaches for MIPD software. Using a methodol-
ogy already adopted for two other MIPD computer applications
should promote the standardization of verification processes,
which facilitates comparisons between different tools [24, 25].
We complemented this approach with the comparison of MPE
and relative RMSE values, which casts further light on the
respective merits of the compared MIPD tools. Adopting an
established methodology ensures that Tucuxi performance is
evaluated according to recognized criteria, thereby increasing
the credibility of the results obtained.

Tucuxi is currently being tested in several hospitals.
Comparative studies of different MIPD software have shown
that Tucuxi is a robust MIPD tool [14, 19]. It distinguishes it-
self from other MIPD tools through several unique features.
Its intuitive interface facilitates a rapid learning process with-
out needing programming skills. The software also provides
clear visual support for therapeutic decision-making. Unlike
most existing MIPD software, Tucuxi displays both individu-
alized predictions and population/a priori percentiles, provid-
ing additional insights for clinical interpretation. In addition,
as an open-source tool, Tucuxi is not only freely available but

also highly customizable, allowing users to adapt the soft-
ware to their specific needs, for example by incorporating their
own popPK models. This flexibility enhances its usefulness
in a variety of therapeutic contexts. Finally, this project has
demonstrated the excellent predictive performances of Tucuxi
compared to NONMEM, one of the gold standards in PK mod-
eling known for its robust and reliable equation resolution ca-
pabilities. This comparison with NONMEM shows that Tucuxi
can provide highly accurate results, which is essential for its
adoption in clinical settings. In the future, the scripts devel-
oped within this project might be used as a verification tool for
new models. When new pharmacokinetic scenarios are intro-
duced into Tucuxi, these models can be easily verified by cre-
ating a corresponding NONMEM control file and re-running
the scripts. This process ensures that future model updates in
Tucuxi can be quickly and efficiently verified for numeric con-
sistency, contributing to a (semi-)automated verification work-
flow that aligns with best practices for software reliability and
potential regulatory applications. Clinical validation projects
are currently underway to assess the accuracy of dosage adjust-
ment recommendations assisted by Tucuxi, intending to secure
confidence in its clinical use.

Author Contributions

A.R. wrote the manuscript. M.G., Y.T., C.C., and T.B. designed the
research. A.R., A.E.C., Y.T., and M.G. performed the research. A.R.,
A.E.C.,M.G., and Y.T. analyzed the data. Open access publishing facili-
tated by Haute Ecole Specialisee de la Suisse Occidentale, as part of the
Wiley - Haute Ecole Specialisee de la Suisse Occidentale agreement via
the Consortium Of Swiss Academic Libraries.

Conflicts of Interest

The authors declare no conflicts of interest.

References

1. G. T. Tucker, “Personalized Drug Dosage—Closing the Loop,” Phar-
maceutical Research 34 (2017): 1539-1543.

2.R. W. Peck, “Precision Dosing: An Industry Perspective,” Clinical
Pharmacology & Therapeutics 109 (2021): 47-50.

3. 1. K. Minichmayr, T. Mizuno, S. Goswami, R. W. Peck, and T. M. Po-
lasek, “Recent Advances Addressing the Challenges of Precision Dos-
ing,” Clinical Pharmacology and Therapeutics 116 (2024): 527-530.

4.D. Chan, V. Ivaturi, and J. Long-Boyle, “The Time Is Now: Model-
Based Dosing to Optimize Drug Therapy,” International Journal of
Pharmacokinetics 2 (2017): 213-215.

5.D. Gonzalez, G. G. Rao, S. C. Bailey, et al., “Precision Dosing: Public
Health Need, Proposed Framework, and Anticipated Impact,” Clinical
and Translational Science 10 (2017): 443-454.

6.T. Buclin, Y. Thoma, N. Widmer, et al., “The Steps to Therapeutic
Drug Monitoring: A Structured Approach Illustrated With Imatinib,”
Frontiers in Pharmacology 11 (2020): 177.

7.S. G. Wicha, A. G. Mirtson, E. I. Nielsen, et al., “From Therapeutic
Drug Monitoring to Model-Informed Precision Dosing for Antibiotics,”
Clinical Pharmacology & Therapeutics 109 (2021): 928-941.

8. D. Brocks and D. Hamdy, “Bayesian Estimation of Pharmacokinetic
Parameters: An Important Component to Include in the Teaching of
Clinical Pharmacokinetics and Therapeutic Drug Monitoring,” Re-
search in Pharmaceutical Sciences 15 (2020): 503-514.

CPT: Pharmacometrics & Systems Pharmacology, 2025

1623

85U0|7 SUOWIWOD aAIeaID 3(cedljdde au Aq pausenob aJe seofe VO ‘@S JO Sa|nJ 10} A%eiq18uliuO 43I UO (SUORIPUOO-pUe-SWLBILIO" A8 1M AfeIq U1 |UO//:SANY) SUORIPUOD pUe SWe 1 8y} 89S *[5202/0T/0z] Uo AriqiTauljuo 8| ‘Tei01ed OS-S3H Aq £200. 7dsd/z00T 0T/10p/w00 Ao im Arelq puluo-idose//sdny wo.j papeojumod ‘0T ‘5202 ‘90€8E9TZ



9.S. L. Beal, L. B. Sheiner, A. J. Boeckmann, and R. J. Bauer, NONMEM
7.4 Users Guides (1989-2018).

10. L. Aarons, “Population Pharmacokinetics: Theory and Practice,”
British Journal of Clinical Pharmacology 32 (1991): 669-670.

11. M. Guidji, C. Csajka, and T. Buclin, “Parametric Approaches in Pop-
ulation Pharmacokinetics,” Journal of Clinical Pharmacology 62 (2022):
125-141.

12. R. J. Bauer, “NONMEM Tutorial Part I: Description of Commands
and Options, With Simple Examples of Population Analysis,” CPT:
Pharmacometrics & Systems Pharmacology 8 (2019): 525-537.

13. R. Madabushi, P. Seo, L. Zhao, M. Tegenge, and H. Zhu, “Review:
Role of Model-Informed Drug Development Approaches in the Lifecycle
of Drug Development and Regulatory Decision-Making,” Pharmaceuti-
cal Research 39 (2022): 1669-1680.

14. P. Del Valle-Moreno, P. Suarez-Casillas, M. Mejias-Trueba, et al.,
“Model-Informed Precision Dosing Software Tools for Dosage Regimen
Individualization: A Scoping Review,” Pharmaceutics 15 (2023): 1859.

15. D. Mould, G. D'Haens, and R. Upton, “Clinical Decision Support
Tools: The Evolution of a Revolution,” Clinical Pharmacology & Thera-
peutics 99 (2016): 405-418.

16. I. K. Minichmayr, E. Dreesen, M. Centanni, et al., “Model-Informed
Precision Dosing: State of the Art and Future Perspectives,” Advanced
Drug Delivery Reviews 215 (2024): 115421.

17. A. S. Darwich, K. Ogungbenro, A. A. Vinks, et al., “Why has Model-
Informed Precision Dosing Not Yet Become Common Clinical Reality?
Lessons From the Past and a Roadmap for the Future,” Clinical Phar-
macology & Therapeutics 101 (2017): 646-656.

18. F. Kluwe, R. Michelet, A. Mueller-Schoell, et al., “Perspectives on
Model-Informed Precision Dosing in the Digital Health Era: Chal-
lenges, Opportunities, and Recommendations,” Clinical Pharmacology
& Therapeutics 109 (2021): 29-36.

19. W. Kantasiripitak, R. Van Daele, M. Gijsen, et al., “Software Tools
for Model-Informed Precision Dosing: How Well Do They Satisfy the
Needs?,” Frontiers in Pharmacology 11 (2020): 620.

20. N. G. L. Jager, M. G. Chai, R. M. Van Hest, et al., “Precision Dosing
Software to Optimize Antimicrobial Dosing: A Systematic Search and
Follow-Up Survey of Available Programs,” Clinical Microbiology and
Infection 28 (2022): 1211-1224.

21. L. F. Roggeveen, T. Guo, R. H. Driessen, et al., “Right Dose, Right
Now: Development of AutoKinetics for Real Time Model Informed Pre-
cision Antibiotic Dosing Decision Support at the Bedside of Critically Il
Patients,” Frontiers in Pharmacology 11 (2020): 646.

22.S. G. Wicha, M. G. Kees, A. Solms, I. K. Minichmayr, A. Kratzer,
and C. Kloft, “TDMx: A Novel Web-Based Open-Access Support Tool
for Optimising Antimicrobial Dosing Regimens in Clinical Routine,”
International Journal of Antimicrobial Agents 45 (2015): 442-444.

23.S. Lee, M. Song, W. Lim, E. Song, J. Han, and B. H. Kim, “Develop-
ment and Validation of Open-Source R Package HMCtdm for Therapeu-
tic Drug Monitoring,” Pharmaceuticals 15 (2022): 127.

24.C. Leven, A. Coste, and C. Mané, “Free and Open-Source Posologyr
Software for Bayesian Dose Individualization: An Extensive Validation
on Simulated Data,” Pharmaceutics 14 (2022): 442.

25.F. Le Louedec, F. Puisset, F. Thomas, E. Chatelut, and M. White-
Koning, “Easy and Reliable Maximum a Posteriori Bayesian Estima-
tion of Pharmacokinetic Parameters With the Open-Source R Package
Mapbayr,” CPT: Pharmacometrics & Systems Pharmacology 10 (2021):
1208-1220.

26. A. Dubovitskaya, T. Buclin, M. Schumacher, K. Aberer, and Y.
Thoma, Tucuxi—An Intelligent System for Personalized Medicine: From
Individualization of Treatments to Research Databases and Back (ACM,
2017).

27.K. Ben Hassine, C. Seydoux, S. Khier, et al., “Pharmacokinetic
Modeling and Simulation With Pharmacogenetic Insights Support the
Relevance of Therapeutic Drug Monitoring for Myeloablative Busulfan
Dosing in Adult HSCT,” Transplantation and Cellular Therapy 30, no.
332(2024): e331-e332.

28.P. G. Drennan, Y. Thoma, L. Barry, et al., “Bayesian Forecasting for
Intravenous Tobramycin Dosing in Adults With Cystic Fibrosis Using
One Versus Two Serum Concentrations in a Dosing Interval,” Thera-
peutic Drug Monitoring 43 (2021): 505-511.

29. S. Goutelle, Y. Thoma, R. Buffet, et al., “Implementation and Cross-
Validation of a Pharmacokinetic Model for Precision Dosing of Busul-
fan in Hematopoietic Stem Cell Transplanted Children,” Pharmaceutics
14 (2022): 2107.

30. D. Haefliger, L. Mina, M. Guidi, et al., “Individualization of Pipera-
cillin Dosage Based on Therapeutic Drug Monitoring With or Without
Model-Informed Precision Dosing: A Scenario Analysis,” Journal of An-
timicrobial Chemotherapy 80 (2025): 840-847.

31. V. Suttels, P. André¢, Y. Thoma, et al., “Therapeutic Drug Monitoring
of Cefepime in a Non-Critically Il Population: Retrospective Assess-
ment and Potential Role for Model-Based Dosing,” JAC-Antimicrobial
Resistance 4 (2022): dlac043.

32. N. Widmer, L. A. Decosterd, C. Csajka, et al., “Population Pharma-
cokinetics of Imatinib and the Role of al-Acid Glycoprotein,” British
Journal of Clinical Pharmacology 62 (2006): 97-112.

33. K. Dao, M. Guidi, P. André, et al., “Optimisation of Vancomycin Ex-
posure in Neonates Based on the Best Level of Evidence,” Pharmacolog-
ical Research 154 (2020): 104278.

34.R. J. Bauer, “NONMEM Tutorial Part II: Estimation Methods and
Advanced Examples,” CPT: Pharmacometrics & Systems Pharmacology
8(2019): 538-556.

35.Y. Thoma and T. Buclin, TUCUXI-Core: An Open Source Generic
and Efficient Computing Engine for Model-Informed Precision Dosing.

Supporting Information

Additional supporting information can be found online in the
Supporting Information section.

1624

CPT: Pharmacometrics & Systems Pharmacology, 2025

85U0|7 SUOWIWOD aAIeaID 3(cedljdde au Aq pausenob aJe seofe VO ‘@S JO Sa|nJ 10} A%eiq18uliuO 43I UO (SUORIPUOO-pUe-SWLBILIO" A8 1M AfeIq U1 |UO//:SANY) SUORIPUOD pUe SWe 1 8y} 89S *[5202/0T/0z] Uo AriqiTauljuo 8| ‘Tei01ed OS-S3H Aq £200. 7dsd/z00T 0T/10p/w00 Ao im Arelq puluo-idose//sdny wo.j papeojumod ‘0T ‘5202 ‘90€8E9TZ



	Numerical Verification of Tucuxi, a Promising Bayesian Adaptation Tool for Model-Informed Precision Dosing
	ABSTRACT
	1   |   Introduction
	2   |   Methods
	2.1   |   Virtual PopPK Models
	2.2   |   Virtual Study Design
	2.3   |   NONMEM Predictions
	2.4   |   Tucuxi Predictions
	2.5   |   Software Comparison

	3   |   Results
	4   |   Discussion
	Author Contributions
	Conflicts of Interest
	References


