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Abstract

Background: Model-Informed Precision Dosing is increasingly integrated into
Therapeutic Drug Monitoring to optimize individualized pharmacotherapy, with
Maximum A Posteriori Bayesian Estimation (MAPBE) serving as a key tool for
personalized pharmacokinetic parameter estimation. However, the influence of
residual error specification on MAPBE imprecision remains underexplored. We
hypothesized that reducing residual error in MAPBE reduces the imprecision of
individual area under the curve (AUC) prediction.

Methods: Using rich pharmacokinetics datasets comprising 321 profiles for
tacrolimus, iohexol, and mycophenolate mofetil, we applied MAPBE based on sparse
sampling (three time points) using population pharmacokinetics models implemented
from literature while varying proportional residual error settings, including only a
near-zero proportional error (1078 %), a low proportional error (1%, “Flat1”), and the
original published error model.

Results: Results showed that employing a low proportional error reduced the overall
root mean square error (%RMSE) of individual AUC predictions by 30-40% relative to
the original residual error configuration. For instance, for tacrolimus, %RMSE
decreased from 28.5% under the published error model to 16.3% with the 1% error
setting, whereas for iohexol, a near-zero residual error achieved up to a 40%
%RMSE relative reduction. At the individual level, the near-zero error scenario
provided the most accurate AUC estimates in 45-62% of patients across the
evaluated drug models.

Conclusions: These findings indicate that a strategic reduction of residual errors in
MAPBE significantly enhances the influence of observed data on posterior
calculations, thereby improving AUC estimation precision and consequently dosing
accuracy without necessitating new data acquisition or model redevelopment.

Keywords: model-informed precision dosing; residual error; population
pharmacokinetics; tacrolimus; MMF
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1. Introduction

The integration of model-informed precision dosing (MIPD) into routine therapeutic
drug monitoring (TDM) has opened new avenues for individualized
pharmacotherapy. Central to this approach is maximum a posteriori Bayesian
estimation (MAPBE), which enables the derivation of patient-specific
pharmacokinetic (PK) parameters by combining sparse clinical data with prior
information from validated population PK models.

Despite growing interest, the implementation of Model- Informed Precision Dosing
(MIPD) faces challenges including inconsistent reporting of model assumptions and
residual error structures '. One such critical yet underexplored element is the
handling of residual error. Typically modelled as a combination of proportional and
additive components, residual error accounts for random unexplained variability in
measured concentrations. However, it also directly influences the balance between
prior and observed data in MAPBE and might thus affect the quality of individual
predictions. When residual error is high, observed concentrations are down-weighted
in the individual predictions in favor of the prior (i.e., the underlying population
model), potentially increasing the imprecision of individualised exposure estimates
such as the area under the concentration-time curve (AUC). Conversely, minimizing
residual error increases the influence of observed data, but may bear the risk of
overfitting if noise is misinterpreted as true signal.

In current practice, residual error parameters are often retained unchanged from the
original population model during clinical implementation, even when applied to
different populations or sampling conditions. Informal discussions among
pharmacologists reveal heterogeneity in these practices, with some teams modifying
error parameters empirically and others using them as published—despite the lack of
systematic evaluation of these choices.

Another promising strategy to enhance individualization within MAPBE involves
reducing the weight of the prior distribution, as proposed by Hughes et al 2. By
inflating the variance of interindividual variability terms (w?), the influence of the prior
is down-weighted, allowing the model to rely more heavily on observed data. This
approach, known as “flattening the prior,” was shown to improve prediction accuracy
in patients poorly represented by the population model, especially when
implemented dynamically via machine learning.

In MAP-BE, residual error represents the short-term noise around each measured
concentration, i.e. the deviation between the measured concentration and individual
model prediction, potentially arising from assay imprecision, sampling/handling
variability, documentation errors, or small model-data mismatches. Operationally, o
is the standard deviation of the measurement noise (RUV for residual unexplained



98

99
100
101
102
103
104
105
106
107

108
109
110

111
112
113
114
115
116

117

118

119
120
121
122

123
124
125
126
127
128
129
130
131
132

133
134

variability) around each observed concentration. The MAP-BE objective combines
two forces: (i) a data term that penalizes squared prediction errors (scaled by ¢?),
and (ii) a prior term that penalizes individual deviations n from the typical profile
according to the population covariance Q. Thus, a smaller o gives more weight to the
observations (the model is pulled closer to the measured points), whereas a larger o
gives more weight to the prior (individual parameters stay closer to the population).
In this work we vary only o in the RUV; the structural model and interindividual
variability (n,Q) are kept exactly as published. (While one could alternatively inflate Q
to “flatten” the prior? and move closer to the data, we did not do so here in order to
isolate the effect of 0.).

In this study, we investigate how varying the magnitude of residual error influences
the accuracy of AUC estimation when literature-derived pharmacokinetic models are
implemented using MAPBE.

To this end, we used three representative case studies, tacrolimus, iohexol, and
MMF, for which complete pharmacokinetic profiles were available. These rich
datasets allow direct comparison between AUC estimates obtained via MAPBE with
sparse sampling and reference AUCs based on rich data calculated using the
trapezoidal rule. These three drugs, which differ in population pharmacokinetic
models serve as representative test cases for generalizing methodological insights.

2. Materials and Methods

2.1 Drugs and Data Sources

This study focused on 2 drugs commonly used in transplant pharmacotherapy,
tacrolimus, and MMF and one used to estimate the glomerular filtration rate
(iohexol), selected for their diverse pharmacokinetic profiles and the availability of
published population PK models suitable for MAPBE.

For tacrolimus, we used data from the PCCP study®, which originally informed the
development of the Woillard et al. model. To assess the impact of dataset
provenance on MAPBE performance, we also analysed an external validation cohort
(AADAPT?). Both once-daily (QD) and twice-daily (BID) formulations were included
when available. The Woillard model, which accommodates both formulations, was
applied to the AADAPT and PCCP cohorts, whereas the Campagne model
(developed on BID formulation) was used only with PCCP. For iohexol and MMF,
data were drawn from independent, previously published clinical studies®>™’. All MMF
patients were co-treated with tacrolimus; none received cyclosporine or everolimus.
The variables available in each dataset are summarised in Table 1.

To ensure robust reference AUC values, only profiles with at least eight observed
concentration measurements per patient were included in the analysis. These rich
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datasets provided the necessary granularity to evaluate AUC estimates derived from
sparse sampling under different proportional residual error conditions.

An additional dataset of 500 patients based on the Woillard tacrolimus population
model was simulated to also investigate the effect of decreasing the residual error in
simulated patients from a model used to perform MAPBE. In simulations, data were
generated using the Woillard tacrolimus model including its original residual error
(proportional 11.3% and additive 0.71 pg/L). To eliminate aberrant cases, we first
removed the lowest and highest 5% of trough concentrations (5"—95" percentile
trimming). This yielded a final subset of 450 patients with trough concentrations
ranking between 2 and 22 ug/L.

2.2 Sampling Design for MAPBE

MAPBE was applied using only three concentration time points per profile to emulate
sparse clinical sampling, as typically encountered in routine MIPD. For tacrolimus,
samples were taken at 0, 1, and 3 hours post-dose; for iohexol, at approximately 5
minutes, 30 minutes, and 3 hours; and for MMF, at 20 minutes, 1 hour, and 3 hours.
These time points were chosen to reflect common clinical sampling schedules. We
applied a £10% tolerance to each nominal time, but bounded the absolute window to
avoid extremes: a minimum width of 5 minutes (to prevent overly tight windows at
early times) and a maximum of £30 minutes (to avoid excessively wide windows at
late times). Thus, for the 20-min sample, observations from 15-25 min (rather than
18-22 min) were accepted, for the 1-h sample 54-66 min, and the 9-h sample was
capped at 8 h 30 min—9 h 30 min (instead of 8 h 06 min —9 h 54 min).

2.3 Residual error scenario for MAPBE

Individual pharmacokinetic parameters were estimated using MAPBE. In this
approach, the goal is to minimize the negative log-likelihood of the posterior
distribution, which combines the deviation between observed and predicted
concentrations and the deviation of individual parameters from population means:

(v — D)2 A
Criteria = _ZIOQ(ZM‘FZW_JZ)
e 0; e wj
i=1 j=1

yi represents the observed concentration, yi is the predicted concentration based on
the pharmacokinetic model and estimated parameters, o? is the variance of the
residual error for observation i, n; is the individual deviation of the jth parameter from
the population mean, and w?[] is the variance reflecting the interindividual variability
for the jth pharmacokinetic parameter.
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Reducing o? increases the weight of the observed data in the estimation process,
thereby forcing the posterior prediction to more closely follow the individual
measurements. In practice, a smaller residual error term magnifies the penalty
associated with deviations between observed and predicted concentrations,
effectively compelling the estimation algorithm to prioritize data fitting over prior
conformity.

MAPBE was conducted under a range of predefined residual error conditions to
evaluate their effect on AUC estimation accuracy. These conditions included a nearly
negligible proportional error level (1078 %, referred to as "Null") to approximate
maximum weighting of the observed concentrations, as well as a low proportional
error of 1% ("Flatl") and a moderate proportional error of 5% ("Flat5"), reflecting
increasing degrees of measurement noise. In addition, we tested scaled versions of
the original published error models, with residual error components reduced to 80%,
60%, 40%, and 20% of their original values. The final configuration employed the full
original error model as reported in the respective population PK publications and
served as a benchmark. Details of all error settings are provided in Supplementary
Table 1.

2.4 Pharmacokinetic Models

For each drug, MAPBE was based on previously published population PK models
selected for their differences in terms of structure (Supplementary Table 2).

Tacrolimus exposure was estimated using the model developed by Woillard et al.?,
originally constructed from the AADAPT cohort and widely applied in routine MIPD.
To assess the robustness of MAPBE across model structures and datasets, an
additional tacrolimus model by Campagne et al.®, incorporating CYP3A5 genotype
effects, was also evaluated on the external PCCP dataset.

For iohexol, the model by Zwart et al®. was implemented, which was developed for
GFR estimation in renal transplant patients using a population-based clearance
approach.

MMF refers to the administered prodrug, whereas the pharmacokinetic model and
exposure metrics here pertain to mycophenolic acid (MPA), the active metabolite of
MMF. MPA exposure was estimated using the model published by Rong et al.’°,
which characterizes MPA pharmacokinetics in corticosteroid-free adult kidney
transplant recipients co-treated with tacrolimus.

All models were encoded in mrgsolve and implemented without structural
modification. Parameter values, residual error structures, and covariate relationships
were applied as reported in the original publications. This approach reflects real-
world use of literature-derived models in MIPD applications, where re-estimation or
reparameterization is typically not feasible.



206

207
208
209
210
211
212
213

214

215
216
217
218
219

220
221
222
223
224

225
226
227
228
229
230
231
232

233

234

235
236
237
238

2.5 Bayesian Estimation Process

MAPBE was performed in R using the mapbayR ‘?package. For each patient and
each residual error condition, individual pharmacokinetic parameters were computed
by fitting the corresponding population model to the three selected sampling time
points. To evaluate the influence of residual error settings, simulated concentration-
time profiles were generated from the individual estimates obtained under each
scenario and compared to the full reference profiles for AUC imprecision
assessment.

2.6 Evaluation Criteria

Reference AUCs were calculated based on the trapezoidal rule, applied to the full
set of observed concentration—time points for each patient. As a sensitivity analysis
for the tacrolimus case study, we also computed a model-predicted reference AUC
by integrating the model-predicted concentration—time profile conditional on all
observations from that profile.

The primary endpoint was the percentage root mean square error (%0RMSE) across
the study population, defined as the mean percentage difference between the AUC
estimated by each MAPBE scenario and the corresponding reference AUC allowing
to facilitate comparisons across drugs with different AUC scales and reflects method
performance at the population level.

As a secondary endpoint, we assessed method performance at the individual level.
For each patient, we identified the MAPBE scenario that produced the AUC estimate
with the lowest root mean square error (%RMSE) relative to the reference AUC. The
distribution of patients according to their best-performing method was then analyzed
to capture inter-individual variability in the accuracy of AUC estimation across
residual error settings.In addition to %RMSE, we report P15 (percentages of patients
with absolute percentage AUC error <15%) as clinically interpretable accuracy
thresholds.

3. Results

3.1 Dataset Composition

A total of 321 real patients after filtering out patients with less than 8 samples and
450 simulated pharmacokinetic profiles were analyzed. Most of the profiles
comprised a minimum of 10 concentration points, thereby ensuring the accurate
determination of AUCs as shown in Supplemental Table 3.
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3.2 %RMSE and Model imprecision

Across the entire range of drugs, the %RMSE exhibited a consistent decrease as the
residual error was reduced (Figure 1la). The smallest %RMSE values for AUC
estimation were obtained under the 1% proportional error condition. The
intermediate error settings (1-5%) were shown to enhance performance in
comparison with the original model error. It is important to note that these
enhancements were successfully replicated in external test sets. Only for iohexol,
the smallest % RMSE was for a negligible error.

As for the model-predicted reference AUC, the conclusions regarding the effect of o
were similar to those obtained with the trapezoidal reference; the comparative plot is
provided as Supplementary Figure 1. Furthermore, the concentration-time profiles of
tacrolimus exhibited similar trends, regardless of which model was applied (PCCP
using the Woillard et al. model vs. the Campagne et al. model) as seen in more
detailed in Figure 1b.

As for the training and external datasets, the increase in %RMSE in the null scenario
is due to three cases of data overfitting. However, the decrease in %RMSE as the
proportional error decreases is still observable. P15 summaries mirrored the
%RMSE trends: Flatl and Null were most often within 15% at the individual level.
Figure 2 displays the P15—c curves for each dataset.

3.3 Posterior Profile Fidelity

The application of MAPBE with minimal residual error resulted in posterior profiles
that closely followed the individual's observed data (Figure 3a). In contrast, models
incorporating higher residual error yielded smoother posterior profiles that deviated
from the observed data and tended to regress toward the population prior. A small
subset of patients -3 out of 321- with marked variability in their measured
concentrations showed overfitting when the residual error was set to near-zero.
However, such cases were infrequent, as illustrated in Figure 3b and overfitting was
easy to recognize on inspection, with posterior curves tightly tracking assay noise
and yielding implausible parameter or AUC values (e.g., abnormally high tacrolimus
AUC). The magnitude of residual unexplained variability (RUV) affected individual
trends: lower RUV allowed the model to closely follow observed data, whereas
higher RUV resulted in predictions that leaned more heavily on typical population
values, potentially masking true interindividual variability.
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3.4 Inter-individual variability in method performance (Individual level)

Inter-Individual Variability in Optimal MAPBE Performance

While population-level performance metrics, such as average %RMSE, generally
favored the Flatl scenario (1% proportional error), a deeper analysis at the individual
patient level revealed higher variability in optimal method performance. To
investigate this inter-individual variability, we determined, for each patient, the
MAPBE scenario that yielded the most accurate AUC estimate—defined as the
lowest absolute percentage error relative to the reference AUC.

Figure 4 and Supplementary Table 4 presents the distribution of patients according
to the best-performing residual error scenario. Although Flatl and the null error
setting frequently emerged as top performers, the null scenario—characterized by
the absence of residual error and thus maximal weighting of observed data—proved
to be the most accurate method for most patients across all drug models. In total, it
outperformed all other scenarios in over 300 individual cases, substantially
exceeding the count observed for Flatl. These findings indicate that in many
instances, especially when measurement variability is low, removing residual error
altogether may yield more accurate AUC estimates than individualized MAPBE with
standard residual error assumptions.

A Head-to-Head Comparison

To further compare the two most promising approaches, we performed a direct
comparison between Flatl and null residual error configurations (Figure 5). While
Flatl showed slightly better or equivalent average performance across all patients,
this advantage was not consistently observed at the individual level. Notably, Flatl
only outperformed the null scenario in the MMF dataset, which included just 16
patients. In all other drug models, both strategies yielded comparable or superior
accuracy in favor of the null scenario.

Interestingly, the pattern of optimal residual error scenario was consistent across
different pharmacokinetic models for tacrolimus. In the PCCP dataset, 79 out of 136
patients had the same best-performing scenario regardless of the model used: 34
patients consistently benefited from the null error approach, while 45 had better
estimates under Flatl. This suggests that, in many cases, data quality and error
specification may have a greater impact on individual predictions than the choice of
structural PK model.

3.5 Simulated data

The preceding results assume that full-profile AUCs derived via trapezoidal rule
represent an adequate reference standard. While this approach is widely accepted, it
remains sensitive to assay noise and sampling variability—factors that can influence

10
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%RMSE calculations and benchmark comparisons. Simulated data are here to
confirm with exact AUC the preceding results shown in Figure 1b.

4. Discussion

This study aimed to evaluate the impact of proportional residual error magnitude on
AUC determination when applying literature-derived population PK models and LSS
using MAPBE. By leveraging full pharmacokinetic profiles for tacrolimus, iohexol,
MMF, we compared MAPBE-derived AUCs from sparse sampling to reference AUCs
calculated using the trapezoidal rule.

We selected the rich-profile trapezoidal AUC as the primary reference because it is
model-independent and remains the most accepted empirical standard in clinical PK
when dense sampling is available.

Importantly, because our MAP-BE predictions for the LSS scenarios are based on
only three samples, decreasing o does not guarantee a closer match to the rich
trapezoidal AUC, which integrates the entire profile. In fact, in a small humber of
extreme cases, visual inspection shows that the model-predicted AUC (even when
conditioned on all points) can be less plausible owing to shape distortion
(Supplemental Figure 2), whereas the trapezoidal AUC remains consistent with the
observed data. These findings support retaining the trapezoidal AUC as the primary
reference, with the model-predicted reference provided as a corroborative analysis
(Supplemental Figure 1).

In this study, we specifically focused on the proportional component of the residual
error structure. The additive error was not explored, primarily because it is expressed
in concentration units, which vary across models depending on the drug and assay
used. This heterogeneity limits the comparability of additive error magnitudes
between models. Moreover, proportional error typically has a greater influence on
individual prediction accuracy in MAP-BE, especially for drugs with wide
concentration ranges. Focusing on proportional error thus allows for a more
interpretable and clinically relevant assessment of its impact on individualised
predictions, while minimizing confounding from unit-dependent additive terms.

Our findings show that reducing residual error systematically improves AUC
prediction accuracy across a range of drugs with differing model structures. These
improvements were observed not only in training datasets but also in independent
test cohorts, suggesting that residual error minimization might be a generalisable
and reproducible strategy for enhancing MAPBE performance, provided that the
underlying data are of sufficient quality.

While minimizing residual error can improve the fidelity of posterior predictions,
caution is needed when dealing with noisy or sparse datasets, as illustrated in Figure
2. In such contexts, assuming a null residual error can lead to overfitting, where the
model interprets all observed fluctuations as meaningful biological signal rather than
measurement noise. For example, in Figure 3b, setting RUV to zero resulted in an

11
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implausibly high AUC for tacrolimus exceeding 1000 pg-h/L, highlighting the risk of
unstable and clinically unrealistic parameter estimates in certain individuals; although
such cases can often be identified by pharmacometricians by simply looking at the
fitted curve.

The relative performance of MAPBE across the three drug models was also
influenced by the alignment between the sampling times used in this study and those
employed during model development. For tacrolimus, the Woillard et al. model was
built using rich sampling that included 0O, 1, and 3 hours post-dose, the same points
used in our sparse MAPBE design. This likely contributed to its high accuracy.

In comparison, the iohexol model developed by Zwart et al. was primarily based on
relatively early sampling times (up to 6 hours post-dose) without including late time
points. In contrast, Destere's model incorporated later sampling points (e.g., nine
hours), resulting in improved predictive performance. When the MAPBE method is
applied to Zwart's model using later sampling points, a notably higher %RMSE is
observed compared to Destere’s results, highlighting the importance of including late
sampling times for iohexol.

Interestingly, the baseline %RMSE of the original model appeared to predict the
degree of improvement achievable through residual error reduction. Models with
higher initial %RMSE showed greater benefit when residual error was minimized,
likely because down-weighting the prior and increasing the influence of observed
data helped correct for model imprecision. Conversely, models with already low
%RMSE required more aggressive down-weighting to see further gains, suggesting
that residual error tuning may be particularly beneficial when adapting older or less
precise models for clinical implementation. For instance, if a model was originally
developed in specific subgroups such as ICU or obese patients, and is later applied
to a more general patient population, increasing the influence of the observed data
(by reducing the residual error) can improve individual predictions without requiring
model redevelopment.

Although aggregate metrics favored the Flatl scenario, our patient-level analysis
revealed substantial variability in which null residual error setting yielded the most
accurate AUC estimate. Both the Flatl and null scenarios consistently outperformed
other methods across individuals, but they did so in different ways. The null scenario
was particularly effective at capturing extreme profiles, likely due to its full reliance
on observed data. However, this also rendered it more vulnerable to overfitting in the
presence of noisy or aberrant measurements. In contrast, the Flatl scenario
maintained a mild constraint through its low residual error assumption, offering a
practical balance between individualization and robustness. While it may not capture
all outliers, it avoids the risks associated with overinterpretation of noise. Therefore,
both methods are viable, but clinical judgment should guide their use, particularly in

12
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cases where model output conflicts with expected pharmacological behavior or
clinical context.

Our findings reinforce the notion that residual error should not be treated as a fixed,
immutable element of population PK models when applied to new clinical contexts.
Instead, it can and should be pragmatically adjusted during MAPBE implementation,
particularly when the original model was developed under different assay conditions,
sampling designs, or population characteristics. A low fixed proportional error (e.g.,
1%) may serve as a suitable default, striking a balance between enabling
individualization and avoiding overfitting. This approach offers a practical alternative
to blindly adopting the original model’'s residual error, which may no longer reflect
current analytical precision or clinical sampling practices.

Importantly, residual error adjustment does not require any modification to the
structural model or covariate relationships and can often be implemented directly
within MAPBE software or through wrapper code. To support transparency and
reproducibility, we recommend that pharmacometricians report the rationale and
parameters used for residual error modification when applying literature-based
models in MIPD tools. Incorporating this flexibility into clinical decision-support
platforms would facilitate broader uptake of model-informed dosing while maintaining
methodological rigor.

Several limitations should be considered when interpreting the findings of this study.
First, although our analysis was based on rich pharmacokinetic datasets and multiple
published models, only three drugs were evaluated. While tacrolimus, iohexol, and
MMF differ in their pharmacokinetic characteristics and thus provide a diverse set of
test cases, broader validation across other drug classes and clinical settings is
warranted to fully assess generalizability. Nonetheless, the consistency of results
across models with differing structural complexity and error behavior suggests that
the observed impact of residual error adjustment may extend beyond these specific
examples. This may be especially relevant for drugs exhibiting nonlinear
pharmacokinetics, where small deviations in concentration may disproportionately
affect model predictions and AUC estimates, making residual error specification
even more critical.

Second, our implementation focused solely on modifying the residual error
component without adjusting other model elements, such as interindividual variability
(flatten of the priors).

Third, available MMF profiles ended at 9 h, which may not fully capture late
enterohepatic recirculation (typically ~6-12 h)*** and thus may slightly
underestimate the reference AUC. This limitation is common in published MMF PK
studies because late samples are rarely collected densely between 6 and 12 h.

13
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While model-based simulations could be produced, they would not replace empirical
information in this time window and would remain dependent on model assumptions.
Consequently, our MMF findings should be interpreted with caution, and future
prospective work including full 6-12-h profiles is warranted.

Fourth, clinical-trial datasets are usually more standardized than routine care
datasets (sampling windows, adherence, handling), so models trained on trial-like
data may more likely encounter a mismatch between development and real-world
conditions.

Finally, this study did not evaluate the downstream clinical consequences of
improved AUC estimation, such as target attainment or clinical outcomes, limiting our
ability to directly infer therapeutic benefit. Future prospective studies linking residual
error optimization to clinical endpoints will be important for confirming its relevance in
routine care.

In MAP-BE, o primarily weights the observations relative to the prior and reflects the
total observation-level variability i.e. assay imprecision plus pre-analytical factors
(e.g., timing/documentation, handling) and minor model data mismatches rather than
the assay CV alone.

Accordingly, a very small but non-zero ¢ is most appropriate when overall
observation noise is low (high-precision analytics, such as LC-MS/MS, and tightly
documented sampling/handling), because it prevents the prior from dominating
sparse LSS data and lets local measurements drive individualization while the
literature model provides the structural “shape.” By contrast, in noisier settings an
overly small o will overweight measurement noise and yield unstable posteriors.
However, even with a precise LC—MS/MS platform, poor TDM practices argues for a
larger o.

Collectively, our results offer practical guidance for centers deploying published
models: when local assay performance, TDM practices, or patient differ from that of
the source model, use a small but non-zero proportional o ~1% (Flat1) only in high-
guality contexts. In other case, increase o (e.g., 2-5%) or select it via a brief
sensitivity check (=0.5-3%) and confirm with routine diagnostics (visual fits, residual)
before dosing decisions. Finally, when timing records are imprecise or sample
handling is variable (e.g., rounded draw times or small handling deviations),
robustness can also be improved by adding a small additive noise term to the RUV
model.

5. Conclusion

This study highlights the critical influence of residual error specification on the
accuracy of AUC estimation when applying literature-derived pharmacokinetic
models in MIPD. Our results demonstrate that reducing residual error enhances the
contribution of observed data during MAPBE, often leading to more accurate
individual exposure estimates, particularly when the original model's performance is
suboptimal or sampling design is sparse. However, minimizing residual error must be
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approached with caution, as it can increase the risk of overfitting in noisy or
unstructured data.

From a practical standpoint, residual error represents a flexible implementation
parameter that can be adjusted without modifying the structural model. Our findings
support the use of a low, fixed residual error as a pragmatic and reproducible
strategy when original model assumptions are misaligned with the clinical context.
Moreover, we advocate for greater transparency in the reporting of residual error
adjustments and sampling designs in MIPD studies and tools. These methodological
refinements should become part of standardized guidelines for model reuse in
clinical pharmacology. In parallel, we encourage pharmacometrician to clearly report
their residual error structures, including whether terms are expressed as variances or
standard deviations, to support consistent and correct reuse in external applications.

As MIPD continues to expand in scope and clinical impact, establishing clear,
evidence-based practices for model adaptation will be essential. Residual error
tuning, alongside complementary strategies such as prior flattening?, represents a
key opportunity to enhance the precision and reliability of model-based therapeutic
decisions—potentially without requiring model redevelopment.
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Figure Legends

Figure 1. %RMSE trends of individual AUC prediction across residual error scenarios
for each drug model for external datasets (a) and compared to train dataset for
Tacrolimus (b)

Figure 2 : Proportion of predicted AUCs within +15% of the reference (P15) as a
function of o, by drug and dataset.

Figure 3. Representative individual good fits (a) or overfit (b) obtained using MAPBE
for different scenarios

Figure 4: Number of patients for whom each residual error scenario produced the
most accurate AUC estimate in external datasets. (i.e., lowest absolute % error
compared to reference AUC).

Figure 5: Proportion of patients for whom the best AUC estimate was obtained using
either the Null, Flatl, or original method, stratified by drug model
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572  Supplementary data
573  Supplementary table 1. Residual Error Models Evaluated in MAPBE Analysis

Error Model Proportional Additive Purpose
Error (CV%) Error (mg/L
or ug/L)
Null (minimal error) 10"-8% 0 Maximize weight of observed
data
Flatl (low proportional 1% 0 Represent low-level
error) measurement noise
Flat5 (Moderate 5% 0 Represent moderate
proportional error) measurement noise
0.8 (Scaled original error) original x 0.8  original x Gradual reduction from
0.8 original model
0.6 (Scaled original error) original x 0.6  original x Gradual reduction from
0.6 original model
0.4(Scaled original error) original x 0.4  original x Gradual reduction from
0.4 original model
0.2(Scaled original error) original x 0.2  original x Gradual reduction from
0.2 original model
Original published error original original Baseline for comparison
model
574
575
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Supplementary Table 2: Overview of the different pharmacokinetic models used

Drug Model Compartments Absorption Covariates IlV (ETAs) RUV
Structure
Tacrolimus Woillard 2 + 3 transit Transit (3 HT, CYP, ST CL, V1, Q, Proportional
et al. compartments) V2, KTR + Additive
(0.113,
0.71)
Tacrolimus Campagne First-order CYpP CL, V1, qQ, Proportional
etal. with lag time KTR only (0.09)
lohexol Zwart et IV bolus (no PT CL, V1, Q, Proportional
al. absorption) (donor/recipient) V2 + Additive
(0.0523,
0.0)
Mycophenolate Ronget al. First-order AcCMPAG, Tlag, Ka, Proportional
Mofetil (MMF) with lag time AUCMPAG, CL, V¢, Q, + Additive
AUCMPA Vp (0.08, 0.32)
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581  Supplementary Table 3: Distribution of pharmacokinetic profiles by drug and dataset

582
Drug Tacrolimus lohexol MMF
Dataset AADAPT Simulated PCCP External External
Possible 0-0.33-0.67-1 1sample 0-0.33- 0-0.16-0.33-0.5 0-0.33-0.67-1-
timepoints -2-3-4-6-8 every0.05h 0.67-1-15 -1-2-3-4-5- 15-2-3-4-6-9
(h) -12-15-24 -2-34-6 6-9-12-18-24
-8-12
8 points 0 NA 0 12 0
9 points 3 NA 0 60 1
10 points 30 NA 0 0 15
11 points 1 NA 136 4 0
12 or more 39 NA 0 20 0
points
Total 73 450 136 96 16
583
584
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585  Supplementary Table 4: percentage of patients) per best-case scenario for each
586  drug

Error Model Tacrolimus Tacrolimus lohexol MMF
Woillard Campagne  Zwart Rong
AADAPT Simulated PCCP PCCP External External

(N=73)  (N=450)  (N=136)  (N=136) (N=96)  (N=16)

Minimal error 40% 68.9% 42.6% 41.2% 62.5% 6.2%
(10"-8%)
Low proportional 38% 19.1% 22.1% 17.6% 14.6% 56.2%

error (1%)

Moderate 5.3% 2% 5.1% 2.9% 0% 0%
proportional error

(5%)

Scaled original 0% 0.4% 2.2% 1.5% 2.1% 0%

error (80%)

Scaled original 1.3% 0.7% 1.5% 2.2% 4.2% 6.2%
error (60%)

Scaled original 2.7% 2.7% 2.2% 4.4% 5.2% 6.2%
error (40%)

Scaled original  13.3% 4.7% 5.9% 8.8% 8.3% 18.8%
error (20%)

Original published 9.3% 1.6% 18.4% 21.3% 3.1% 6.2%

error model
587
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Supplementary Figure 1 : %RMSE trends of individual AUC prediction across
residual error scenarios for each drug model for external datasets with AUC
estimated by MAPBE integrating the model-predicted concentration—time profile
conditional on all observations from that profile
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Supplementary Figure 2 : lllustration of Shape Distortion in MAP-Bayesian Individual

— Individual Prediction
* Observed
- - Population prediction

Each panel shows a different subject. Observed concentrations are represented by black
dots. The Population Prediction (PRED; dashed orange line) shows the typical model
trajectory based on fixed effects and dosing. The Individual Prediction (IPRED; solid green
line) is the MAP-Bayesian estimate, representing a compromise between the population
prior and the likelihood from the subject’'s own data. This figure illustrates how a dominant
population prior can force the IPRED to adopt its characteristic shape. This "shape
distortion" leads to underfitting of observed peaks and troughs, which in turn biases the
model-predicted AUC. As demonstrated in this work, reducing the residual error gives more
weight to the observed data, allowing the IPRED to better capture the individual's profile and

mitigate this distortion..
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Figures:

Figure 1. %RMSE trends of individual AUC prediction across residual error scenarios
for each drug model for external datasets (a) and compared to train dataset for

Tacrolimus (b)

RMSE for external datasets

75

RMSE (%)
o
o
1

25+

0 3 6 9
Proportional error value (%)

Comparaison between train, test and simulated dataset

Proportional error value (%)

Drug

=o~ |ohexol_Zwart
MMF_Rong

Tacro_Campagne

$ ¢

Tacro_Woillard

Data type

=8~ Tacro_Campagne
== Tacro_Woillard

data

= External
== simulated
= Train

25



613  Figure 2 : Proportion of predicted AUCs within £15% of the reference (P15) as a
614  function of 0, by drug and dataset.
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617 Figure 3. Representative individual good fits (a) or overfit (b) obtained using MAPBE
618 for different scenarios
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Figure 4: Number of patients for whom each residual error scenario produced the
most accurate AUC estimate in external datasets. (i.e., lowest absolute % error
compared to reference AUC). (A) real clinical datasets only (n = 457 counts; 321
unique profiles plus the same 136 PCCP profiles counted under both tacrolimus
models) and (B) simulated cohort (n = 450).
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628  Figure 5: Proportion of patients for whom the best AUC estimate was obtained using
629 either the Null, Flat1, or original method, stratified by drug model
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