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ABSTRACT

Selecting an appropriate population pharmacokinetic (PK) model for individual patients in model-informed precision dosing
(MIPD) can be challenging, particularly in the absence of therapeutic drug monitoring (TDM) samples. We developed a machine
learning (ML) model to guide individualized PK model selection for a priori MIPD of vancomycin based on routinely recorded
patient characteristics. This retrospective analysis included 343,636 vancomycin TDM records, each from a distinct adult patient
across 156 healthcare centers, along with a priori predictions from six PK models. A multi-label classification approach was
applied, labeling PK model predictions based on whether they fell within 80%-125% of observed TDM values. Various modeling
strategies were evaluated using XGBoost as the base algorithm, with binary relevance selected for the final model. At the predic-
tion stage, PK models were ranked and averaged for each patient based on ML-predicted probabilities that predictions would fall
within 80%-125% of the observed concentration. Selecting the highest ranked PK model for each patient and ML-based model
averaging outperformed all single PK models, body mass index-based selection, and naive averaging. On a population level, these
ML approaches resulted in more accurate predictions, a higher proportion of predictions within 80%-125% of observed vancomy-
cin concentrations, and no systematic bias. Predictive performance declined with lower ML-assigned rankings, and selecting the
lowest-ranked PK model for each patient resulted in worse performance than the worst-performing single PK model. By guiding
the selection of appropriate models and avoiding less suitable ones, ML approaches for a priori MIPD may improve early dosing

decisions.
1 | Introduction on population pharmacokinetic (PK) models to predict indi-
vidual drug exposures based on patient characteristics and,
Model-informed precision dosing (MIPD) aims to personal- when available, plasma drug concentrations obtained through

ize drug dosing to achieve plasma drug exposure associated therapeutic drug monitoring (TDM) using Bayesian fore-
with efficacy and reduced risk of toxicity. It commonly relies casting [1]. For many drugs, multiple PK models exist, and
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Summary

« What is the current knowledge on the topic?

o Pharmacokinetic (PK) model selection is a key chal-
lenge in model-informed precision dosing (MIPD),
especially in the absence of therapeutic drug moni-
toring (TDM) data. Current practice often relies on
patient similarity to model development populations
or external validation studies.

« What question did this study address?

o Can machine learning (ML) guide individualized
PK model selection and help avoid inappropriate
models for a priori vancomycin MIPD, using only
routinely recorded patient characteristics?

« What does this study add to our knowledge?

° ML-based ranking and averaging of PK models im-
proved a priori prediction accuracy compared to con-
ventional model selection strategies for vancomycin
MIPD and helped avoid inaccurate models. This study
highlights the potential of ML models trained with
real-world data to guide model selection in MIPD.

« How might this change drug discovery, development,
and/or therapeutics?
o Integrating ML-guided model selection into MIPD
tools could improve early dosing decisions before
TDM data become available.

MIPD software tools typically incorporate several of these.
Predictions from different models can vary substantially for
a given patient, so the choice of model at the point-of-care can
impact dosing decisions [2-4]. Selecting an appropriate model
and avoiding inappropriate ones is therefore essential to fully
realize the potential of MIPD [5].

Algorithms for model selection and averaging have been shown
to improve predictive performance in Bayesian forecasting but
depend on the availability of TDM samples [6, 7]. In the absence
of TDM data (i.e., for a priori MIPD), practitioners typically
select a model based on patient similarity to the model devel-
opment population [8], results from external validation studies
[4,9-12], or prior experience. However, the best model for an in-
dividual patient is not always the one developed using the most
similar population or the one that performs best across a valida-
tion cohort [5, 13]. Patients may also belong to populations un-
derrepresented in PK studies [14], or to multiple subpopulations
simultaneously [15]. Moreover, the suitability of PK models may
be influenced by multiple patient characteristics, complicating
generalizations based on single variables. For example, optimal
vancomycin model selection was recently shown to vary across
patient groups defined by combinations of age and BMI [16].
Since conducting prospective validation studies for highly spe-
cific populations is impractical, selecting the right model for the
right patient remains complex. Machine learning (ML) appears
well-suited to address this challenge. The ability of ML to iden-
tify complex patterns in data has driven growing interest in its
applications in pharmacometrics and MIPD [1, 17-22].

This study aimed to develop an ML model capable of ranking
and averaging PK models in the absence of TDM samples, based

only on routinely recorded patient characteristics. Vancomycin
was selected as a case study due to its narrow therapeutic win-
dow and the well-established recommendations for MIPD in its
dosing guidelines [23]. Additionally, we had access to a large
dataset of vancomycin TDM records to train and evaluate the
proposed ML approach.

2 | Methods
2.1 | TDM Records and Predictions

This analysis was based on retrospective data from adult pa-
tients receiving vancomycin at healthcare centers across the
United States between January 1, 2020, and January 30, 2024.
Data were entered by users or extracted from electronic health
records into the MIPD clinical decision support software
InsightRX Nova and included patient characteristics, dosing
information, and TDM values. As the data were collected as
part of routine clinical care at contracted healthcare entities
and were fully deidentified prior to analysis, the study is ex-
empt from US federal Human Research Subjects regulations
under 45 CFR 46.102(f). Records were excluded if key data
were missing, or the likelihood of erroneous entries was high.
The following exclusion criteria were applied: age <18 or
> 110years, weight <30 or >400kg, height <120 or >220cm,
serum creatinine (SCr) <0 or >20mg/dL, vancomycin doses
<0.1g or >6g, TDM values >50mg/L, or TDM samples col-
lected more than 72 h after the last recorded dose. Ambiguous
records, such as entries with the same patient identifier and
timestamp but conflicting TDM values, were also excluded.
Of the remaining records, only the first recorded TDM sample
for each patient was included to balance the influence of indi-
vidual patients’ data.

For each included TDM record, a priori predictions were gen-
erated using six parametric population PK models available on
InsightRX Nova. These predictions were based on the patient'’s
dosing history, covariates, and population point estimates of
the PK parameters, and did not incorporate interindividual
or residual variability. The models included the Buelga [24],
Carreno [25], Colin [26], Goti/Tong [27, 28], Hughes [29], and
Thomson [30] models. Selection was based on performance in
validation studies and implementation in other MIPD software
platforms. The Goti model, which performed best in an exter-
nal validation [4], was modified by removing a rule of round-
ing SCr to 1 mg/dL for patients aged > 65 years with SCr values
<1mg/dL, which was demonstrated to improve performance
[28]. The Carreno model, developed for obese patients, out-
performed other obesity-specific models in a limited sampling
setting and has performed well in internal InsightRX valida-
tions, although the Hughes model has recently demonstrated
superior performance [25, 29]. The Colin model, developed by
pooling datasets from various studies, performs well across
general, obese, and younger adult populations [13, 16, 29]. The
Buelga model, developed in adults with hematological malig-
nancies and used in the DoseMe platform [31], is the only one-
compartment model included. The Thomson model, used here
with a capped creatinine clearance of 150 mL/min, has shown
strong internal performance [16]. A more detailed overview of
the models is provided in Table 1.
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TABLE1 | Overview of the included PK models.

n subjects/n

PK model samples Population Structure Covariates
Buelga [24] 215/1004 Adults with hematological 1 CMT, linear CrCl, weight
malignancies

Carreno [25] 12/71 Obese adult patients 2 CMT, linear CrCl

Colin [26] 2554/8300 Pooled model (neonates, children, 2 CMT, linear SCr, weight, PMA
adults; healthy, ICU, obese)

Goti/Tong [27, 28] 1812/2765 Adult patients, including ICU 2 CMT, linear CrCI?, weight,
and hemodialysis patients hemodialysis

Hughes [29] 83/272 Obese adult patients 2 CMT, linear CrCl, fat-free mass

Thomson [30] (modified) 398/1557 Adult patients 2 CMT, linear CrClI (capped®), weight

Abbreviations: CMT, compartment; CrCl, creatinine clearance; ICU, intensive care unit; PMA, postmenstrual age; SCr, serum creatinine.
aThe Goti model was modified by removing a rule of rounding SCr to 1 mg/dL for patients with age >65years and SCr <1mg/dL, described in Tong et al. [28].

bThe Thomson model was modified by capping CrCl at 150 mL/min.

2.2 | Features

Eight patient characteristics were initially selected as features
(i.e., predictors) for ML model development. These included
age, weight, height, sex, and SCr, which were available from the
TDM records, as well as three derived features: body mass index
(BMI), body surface area, and estimated glomerular filtration
rate (eGFR) calculated using the 2021 CKD-EPI creatinine for-
mula [32]. Note that different equations for eGFR may have been
used for the PK predictions, depending on the covariate specifi-
cations of the model.

Atvarious stages of model development, we evaluated whether
including additional features improved performance. These
features included user-supplied tags (e.g., whether the pa-
tient was in the intensive care unit), binarized versions of pa-
tient characteristics (e.g., BMI >30 or <18.5), and indicators
specifying whether a patient characteristic was below, above,
and outside the ranges reported in the population PK model
publications.

2.3 | Machine Learning Model Development

The ML task was framed as a multi-label classification prob-
lem, with the labels representing the included PK models.
For each TDM record, the predictions from each of the six
PK models were classified based on whether they fell within
80%-125% of the observed TDM value (Figure 1). This range
was selected because it treats underpredictions and overpre-
dictions symmetrically on the log scale and approximately re-
flects the width of commonly targeted vancomycin exposure
or concentration ranges [11].

We used the utiml R package for ML model development, which
is specifically designed for multi-label classification tasks [33].
Unlike standard classification problems, multi-label problems
allow each instance to be associated with multiple labels. The
utiml package offers several transformation strategies to make
such problems compatible with standard classification algorithms,
for example by training independent binary classifiers for each

label, comparing labels pairwise, predicting labels sequentially,
or treating each label set as a unique class. These transforma-
tions also influence the model output, producing either label-wise
probabilities or direct label rankings. Eight transformation strat-
egies (listed in Table S1) were selected for comparison based on
their suitability for our dataset, which included a large number of
observations and a relatively small, nonhierarchical label space
including six labels. More details on transformation approaches
are available through Rivolli and De Carvalho [33]. XGBoost was
chosen as the base algorithm [34], as it was considered the most
appropriate among those available in the utiml package due to its
strong performance on tabular data, ability to handle correlated
features, computational efficiency on large datasets, and previous
performance in similar contexts [21, 35-39].

The dataset was divided into training, validation, and test sets
using a 70%-15%-15% split. The training set was used for hyper-
parameter tuning and model training. Hyperparameter tuning
was performed using 10-fold cross-validation with a random
search strategy across 100 iterations [40]. The optimized hyper-
parameters were the learning rate (eta, ranging from 0.01 to 0.3),
the number of boosting iterations (nrounds, from 50 to 200 in
steps of 50), maximum tree depth (max_depth, integer values
from 3 to 9), the proportion of subsampled training rows (sub-
sample, from 0.6 to 1), and the proportion of columns subsam-
pled per tree (colsample_bytree, from 0.6 to 1). Mean average
precision was chosen as the evaluation metric during hyperpa-
rameter optimization because it captures ranking quality and
balances precision and recall.

The validation set was used to compare ML models developed
using different multi-label transformation strategies. For these
comparisons, we focused on metrics that reflect how ML-based
ranking and averaging would perform if applied in MIPD,
thereby ensuring that model evaluation was aligned with the
study's aim of improving predictive performance in this context.
The primary metric was the percentage of predictions within
80%-125% of the observed TDM value, capturing both accuracy
and clinical relevance. Additional evaluation metrics are de-
scribed in the Performance evaluation section. The test set was
reserved for evaluating the final model.
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FIGURE1 | Schematic overview of the development and application
of the multi-label classification ML model, illustrated with three hypo-
thetical population PK models A, B and C. (a) A priori predictions are
generated using patient covariates and dosing information extracted
from TDM records and population point estimates of PK model parame-
ters. (b) For ML model training, patient characteristics serve as features,
and labels are assigned based on whether PK model predictions fall
within 80%-125% of the TDM observation. (c) At the prediction stage,
the ML model outputs probabilities for each PK model predicting within
the 80%-125% range, using patient characteristics alone. (d) Predicted
probabilities are used to rank or average PK models, with model averag-
ing illustrated by black lines.

2.4 | Processing ML Predictions

Depending on the transformation strategy, the model output
was either a direct ranking of PK models or predicted probabili-
ties indicating the likelihood that each PK model would produce
a prediction within 80%-125% of the observed concentration,
which could also be used for ranking. In addition, two model-
averaging approaches were applied for the transformation
strategies that output probabilities. The first method involved

averaging the PK model predictions using the normalized ML-
predicted probabilities as weights:

M

P; . -PRED;

PREDi,an_prob = Z < %) (1)
m=1 Zm:l Pi,m

where M represents the number of PK models, P; , represents the
predicted probability for patient i and model m, and PRED, ,, is
the corresponding prediction.

The second method involved averaging predictions from all PK
models with predicted probabilities > 0.5 for that patient (i.e., PK
models expected to produce predictions within 80%-125% of the
true concentration based on a bipartition rule):

Sy V(P >0.5) -PRED, ,,

PRED, -
Yot V(P 20.5)

i,avg_threshold =

@

where I(P;, >0.5) is an indicator function that equals 1 if
P,,, > 0.5 and 0 otherwise. If no models met this threshold, the
prediction from the PK model with the highest predicted proba-

bility was selected instead.
2.5 | Performance Evaluation
The performance of ML-based model ranking and averaging

was compared with that of individual PK models, as well as
naive (i.e., unweighted) model averaging:

S

PRED - PRED, ©)

_ 1
i,avg_naive — Vs
— M

Additionally, rules-based selection approaches using a BMI
cutoff of 40kg/m? were assessed. The Carreno and Hughes
models were developed using data from patients with obesity
[25, 29], and switching between PK models based on BMI is
common practice in MIPD. In most hospitals using InsightRX
Nova, model switching based on this cutoff is implemented
by default, although the models involved vary by site. The
true best PK model for each TDM observation was retrospec-
tively identified as the model with the lowest absolute predic-
tion error.

All ML and PK approaches were evaluated according to the fol-
lowing metrics:

i. the percentage of predictions within 80%-125% of the

CPT: Pharmacometrics & Systems Pharmacology, 2025

TDM observations (P, 155,.):
N
N 1(0.8 - TDM, < PRED; < 1.25- TDM,
Pgog-1250%.k = Zl:l ( £ ) +100% 4)
’ ” N
ii. the root mean squared error (RMSE):
1 N
2
RMSE; = 4| ~ i; (TDM, —PRED, ;) )
iii. the mean absolute error (MAE):
1653

95U8017 SUOWIOD aA1Ee.D) 8gedl[dde au Aq peusenob o sajoie O ‘8sn Jo s Joj Aig 17 8uluO 3|1 UO (SUOIIPUOO-PUR-SW)/W0D A | M Aleid Ul uo//Sdny) SUONIPUOD pue WS 1 8u) 89S *[SZ0z/0T/ST] uo Arelqiauljuo A3|IM ‘¥800. +dsd/z00T 0T/I0p/w0d A m Ateldjputjuo-idase//sdny wiouy pepeojumod ‘0T ‘G202 ‘90E8EITZ



N
1
MAE, = ~ > | TDM, - PRED,, | (6)
i=1

iv. the distribution of prediction errors (PE), with a focus on
the median PE to detect bias:

PRED,; — TDM,
Ei,k = T -100% (7)

In these formulas, N is the total number of TDM observations in
the validation set (for ML model development) or test set (for final
model evaluation), i represents the observation number, and k rep-
resents the approach to PK model selection (e.g., single PK models,
naive averaging, or the ML-predicted best-ranked PK model).

2.6 | Software

Population PK model predictions were made using the R
(v4.1) package PKPDsim (v1.4.0) [41]. All other analyses were

TABLE 2 | Overview of patient characteristics (n=2343,636) and
TDM values.

Characteristic Values

Age (years) 64.5 (52.0-75.0) [22.3-94.0]
Weight (kg) 83.0 (68.0-102) [41.3-184]
Height (cm) 170 (163-180) [147-194]
Sex (% male) 57.1

SCr (mg/dL) 0.960 (0.740-1.30) [0.370-5.75]
eGFR (mL/min/1.73m?) 79.7 (53.2-99.8) [9.12-136]
BMI (kg/m?) 28.3 (23.7-34.4) [15.7-61.7]
BSA (m?) 1.96 (1.76-2.18) [1.36-2.86]
TDM observation (mg/L) 13.4(9.70-18.2) [3.90-38.0]

Note: Data are presented as median (IQR) and [1st-99th percentile] or
percentages.

Abbreviations: BMI, body mass index; BSA, body surface area; eGFR, estimated
glomerular filtration rate; SCr, serum creatinine; TDM, therapeutic drug
monitoring.

aCalculated using the 2021 CKD-EPI creatinine formula [32].

performed in R (v4.4.2) [42], using the utiml (v0.1.7) [33], caret
(v7.0-1) [43], and xgboost (v1.7.8.1) [34] packages for ML model
development and the tidyverse collection (v2.0.0) [44] for data
wrangling and visualization. The script used to develop the ML
model is provided as Supporting Information.

3 | Results
3.1 | Data

A total of 343,636 TDM records from distinct patients across 156
centers in the United States were included from an initial dataset
of 974,411 records from 397,223 patients. Details of the included
records are presented in Table 2. Label frequencies (i.e., the
number of times each PK model's a priori prediction fell within
80%-125% of the observed TDM value) were well balanced
(Table 3). Among the six population PK models, the Hughes
model had the highest percentage of positive labels (49.4%) and
the Buelga model the lowest (35.8%). All 64 possible label sets
(i.e., unique combinations of PK models with predictions within
80-125%) were observed in the training data. The mean number
of positive labels per TDM record (i.e., the cardinality) was 2.65.

3.2 | Machine Learning Model

The Binary Relevance (BR) approach, in which independent
binary classifiers are trained for each label, was selected from
the eight evaluated transformation strategies, as it performed
similarly to or better than more complex and computation-
ally expensive alternatives (Table S1). Two strategies that pro-
duced direct rankings slightly outperformed BR on the ranking
task (Calibrated Label Ranking and Ranking by Pairwise
Comparison), but given the minimal performance difference,
BR was selected as it outputs probabilities that offer additional
insight into relative predicted performance and allow for model
averaging. Variation in mean average precision across the tested
hyperparameter space was limited (Figure S1), with model per-
formance most sensitive to the learning rate (eta) and maximum
tree depth (max_depth). The mean average precision of the final
model was 0.738 on the training set, 0.727 on the validation set,
and 0.725 on the test set, indicating minimal overfitting. Across
the binary classifiers trained for each label within the multi-
label classification model, age, BMI, eGFR, and SCr were the

TABLE 3 | Frequencies ofa priori predictions within 80%-125% of the observed TDM value for each PK model and corresponding label imbalance

ratios.
PK model Positive label frequency, n (%) Label imbalance ratio®
Buelga 122,988 (35.8%) 1.38
Carreno 143,639 (41.8%) 1.18
Colin 161,353 (47.0%) 1.05
Goti/Tong 155,683 (45.3%) 1.09
Hughes 169,921 (49.4%) 1.00 (majority)

Thomson (modified)

156,747 (45.6%) 1.08

2Calculated as the ratio between the frequencies of the majority and considered labels.
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most influential features (Figure 2). Adding additional features
did not improve performance on the validation set.

For all PK models, ML-predicted probabilities that a priori pre-
dictions would fall within 80%-125% of the true drug concentra-
tion generally increased with age, while probabilities declined at
eGFR values above 100 mL/min/1.73m? and with low SCr levels
(Figure 3). Probabilities for the Buelga, Colin, Goti/Tong, and
modified Thomson models decreased for patients with obesity
(BMI >30kg/m?), whereas probabilities for the Hughes and
Carreno models remained more stable at higher BMIs. Similar
trends were observed for weight. The Carreno model was the
only one for which probabilities were typically higher for fe-
males than males across the test set, although population-level
differences between the sexes were generally small for all PK
models.

When transforming the predicted probabilities into rankings,
the Colin and Hughes models were most frequently ranked
as the best-performing models (30.7% and 30.1% of test set
records, respectively), followed by the modified Thomson
(17.8%), Carreno (12.0%), Goti/Tong (9.3%) and Buelga (0.2%)
models (Figure 4). The Buelga (52.6%) and Carreno (36.8%)
models were most often ranked last. In contrast, the modi-
fied Thomson model was ranked last in only 0.1% of test set
records.

3.3 | Performance Evaluation

Across the test set population, the Hughes model was the best-
performing single model, while the Buelga model performed
worst (Figure 5). Switching from a general population model
to the Carreno model for morbidly obese patients improved
population-level performance compared to using either model
individually. However, the Hughes model still outperformed
BMI-based selection involving the Hughes model on most
metrics.

Individualized ML-based model selection and averaging out-
performed all single PK models, BMI-based model selection,
and naive averaging in terms of RMSE, MAE, and Py, ;,,
and demonstrated no systematic bias. Furthermore, the

population-level performance of the individually predicted
rankings followed the expected trend: selecting the best-
ranked model for each patient outperformed selecting the
second-ranked model, and so on. Selecting the lowest-ranked
model for each patient performed the worst out of all evalu-
ated approaches.

Given that the Buelga model is a one-compartment model, while
vancomycin is generally described by two-compartment kinet-
ics, and that clearance in its development dataset was shown to
be significantly higher than in other populations [26], we also
evaluated naive averaging with the Buelga model excluded.
This improved performance, but ML-based model selection
and averaging still outperformed this modified naive approach
(Figure 5). Since the Buelga model was generally predicted to
rank low (Figure 4), completely excluding it from the analysis
had minimal impact on the performance of ML-based strategies
(Figure S2).

The performance of the individual binary classification models
trained for each label within the multi-label BR framework was
modest, with a macro-averaged AUC-ROC of 0.611 across all
labels.

4 | Discussion

Selecting the most appropriate PK model at the point-of-care in
MIPD is challenging, particularly in the absence of TDM data.
In this study, we developed a multi-label classification ML ap-
proach for a priori PK model ranking and averaging in MIPD,
based only on routinely recorded patient characteristics. We
demonstrated the approach using a large, real-world dataset of
adult patients receiving vancomycin.

ML-based PK model selection and averaging outperformed
single PK models, BMI-based selection strategies, and naive
averaging. On a population level, the ML approaches resulted
in more accurate PK predictions without systematic bias, al-
though improvements over some approaches were modest.
Selecting the second-highest ranked model for each patient also
outperformed most other approaches. Importantly, population-
level performance declined at lower ranks, and selecting the

Buelga Carreno Colin

Goti/Tong Hughes Thomson modified

i

Age 1

BMI A

eGFR A

g _
5 SCr
©
g oo | [ [
N i i 0
oni | [ L] [
voani] | [ I [ [ [
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
00 01 02 03 04 00 01 02 03 04 00 01 02 03 04 00 01 02 03 04 00 01 02 03 04 00 01 02 03 04

Importance (gain)

FIGURE 2 | Feature importance for the binary classifiers trained for each vancomycin PK model in the multi-label classification model. BMI,

body mass index; BSA, body surface area; eGFR, estimated glomerular filtration rate; SCr, serum creatinine.
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FIGURE 4 | Distribution of the predicted ranks for each PK model
across the test set. TDM, therapeutic drug monitoring.

lowest-ranked model for each patient performed worse than any
single PK model. This highlights the ML model's ability not only
to identify suitable PK models but also to help avoid those likely
to perform poorly for specific patients, reducing the risk of treat-
ment failure or toxicity.

In addition to a ranking, the ML-predicted probabilities offer
insights into the expected comparative accuracy of PK mod-
els, which can support clinical decision-making when inte-
grating ML approaches into MIPD workflows. For example, if
the top-ranked models are predicted to perform comparably,
users may rely on other selection criteria, such as patient sim-
ilarity to the model development population. Low predicted
probabilities for all PK models could encourage earlier TDM
sample collection to generate MAP Bayesian predictions, or
prompt users to reduce reliance on Bayesian priors for that
patient [35].

The ML-predicted probabilities also enabled model averaging,
although this did not provide a meaningful performance im-
provement compared to ML-based model selection. Model se-
lection further presents several implementation advantages over
model averaging: it provides interpretable PK parameters, en-
ables simulation of concentration-time profiles and AUCs, and
is less of a “black box” to the user.

An advantage of the BR approach is that independent classifiers
are trained for each PK model. This enables selective exclusion
of models in downstream ranking and averaging, offering flexi-
bility to adapt to different clinical contexts.
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FIGURES |

Performance metrics of ML-based model ranking and averaging compared to single PK models, BMI-based model selection and na-

ive averaging (with and without the Buelga model). The ‘True best’ model refers to the retrospectively identified best-performing PK model for each

observation. CI, confidence interval; IQR, interquartile range; MAE, mean absolute error; ML, machine learning; PE, prediction error; RMSE, root

mean squared error; TDM, therapeutic drug monitoring.

Several notable trends between the ML-predicted probabilities
and patient characteristics were observed. In contrast to the
other PK models, probabilities for the Carreno and Hughes
models did not decrease for patients with obesity, which is not
surprising as both were developed using data only from pa-
tients with BMIs >40kg/m? [25, 29]. Interestingly, however,
predicted probabilities—particularly for the Hughes model—
were not necessarily lower for nonobese patients. This aligns
with a previous study based on a partly overlapping dataset,
which found that the Hughes model performed well across a
wide range of BMIs [16]. One possible explanation is that this
model uses fat-free mass as a covariate, which may allow better
generalization to nonobese patients for this hydrophilic drug.
The same study also reported lower accuracy of vancomycin
PK model predictions in younger adults [16]. In the present
study, we also observed that predicted probabilities increased
with age and declined at eGFR estimates above ~100mL/
min/1.73 m?, which is more common in younger adults. This
may reflect the underrepresentation of young adults, who may

have distinct physiology and comorbidities, in PK studies and
highlights the need for vancomycin PK models that better
serve this population [16]. Age and BMI were also among the
most influential features in the ML model, supporting the rel-
evance of evaluating vancomycin model performance across
these characteristics.

There was a substantial gap between the performance of the ML
approaches and the performance of the retrospectively identi-
fied best model (i.e., the hypothetical scenario where the best-
performing PK model is always known a priori). In addition,
the ability of the individual binary classification models within
the multi-label framework to distinguish between positive and
negative instances was limited. These outcomes suggest that
routinely recorded patient characteristics explain only a limited
part of the variability in vancomycin exposure and thus the com-
parative performance of vancomycin PK models. This aligns
with the observed improvements in the predictive performance
of vancomycin PK models when MAP Bayesian forecasting
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based on TDM samples is applied compared to a priori predic-
tions [7, 13, 16, 45]. A priori model selection and averaging ap-
proaches, such as the one presented here, should therefore be
viewed as tools to support dosing decisions when TDM samples
are not (yet) available rather than as replacements for Bayesian
forecasting.

Our results echo findings from two recent studies that explored
how ML approaches can support a priori model selection and
averaging based on patient characteristics, albeit with different
methodologies. Soeorg et al. developed subgroup identification-
based approaches using classification trees for vancomycin
models in neonates and infants, which modestly outperformed
single best PK models in terms of the proportion of predic-
tions within 20% of the observed values but not within 60%
[46]. Similarly, Agema et al. demonstrated that model ensem-
bling based on PK model-specific decision trees increased the
proportion of patients in the target range for vancomycin and
imatinib compared to the single best models [47]. Both studies
were limited by dataset size, with the Soeorg and Agema studies
including 208 and 91 vancomycin treatment episodes, respec-
tively, from a single center for model training. In contrast, our
training set comprised 240,545 patients from 155 centers across
the United States. These aspects reduce the risk of overfitting
and increase confidence that the ML model will generalize to
external data, as supported by the similar performance on the
training, validation, and test sets.

Our results also relate to a simulation study by Chan et al.,,
who introduced Synthetic Model Combination (SMC), an ML-
based model ensembling strategy, using vancomycin as a case
study [48]. SMC assumes that models developed on populations
more similar to a given patient will perform better for that pa-
tient. Some of our findings, such as the observed trends in prob-
abilities with age and BMI, lend support to this idea. However,
our results also suggest that routinely recorded patient charac-
teristics explain only a limited part of the variability in compar-
ative vancomycin PK model performance and that models may
generalize beyond their original development populations, po-
tentially limiting the clinical applicability of SMC-like methods.

This study has several limitations. First, this was a retrospective
analysis, and while implausible data were removed, remaining
data entry errors could not be identified or corrected. Moreover,
patient characteristics beyond those included in our ML model,
such as critical illness or concomitant administration of diuret-
ics [49, 50], are known to influence vancomycin PK and thus the
relative suitability of different PK models. Although the MIPD
software used in this study allows users to input optional tags for
such factors, these fields are not required for obtaining predic-
tions and are therefore likely recorded inconsistently. This may
explain why incorporating additional features did not improve
model performance (data not shown). Future analyses could eval-
uate whether training an ML model on a prospective dataset with
a broader range of potentially relevant patient characteristics im-
proves predictive performance, despite its inevitably smaller size.

Second, the selected 80%-125% range used for labeling PK pre-
dictions is arbitrary. It was chosen because it treats prediction
errors symmetrically on the log scale and approximately cor-
responds to the width of common vancomycin exposure target

ranges [11]. We also explored single-label multi-class classi-
fication, where for each record the assigned label is the best-
performing PK model. This approach removes the need to define
a range of clinically acceptable prediction errors but performs
worse than the multi-label classification approach in our dataset
(results not shown). This may be due to inherent drawbacks of
single-label classification in this context, including the loss of
information about other PK models that perform similarly to the
best model and the forced assignment of a positive label even
when all PK model predictions are poor.

Third, although ML-based model selection and averaging im-
proved prediction accuracy, we did not evaluate the impact on
dosing decisions. Vancomycin doses are often rounded to the
nearest 250 mg increment, meaning different PK model predic-
tions may lead to identical dose recommendations, as demon-
strated in a recent simulation study on vancomycin dosing in
neonates [3].

In conclusion, our results demonstrate the potential of ML, spe-
cifically multi-label classification, for guiding individualized
PK model selection in a priori MIPD of vancomycin in adults.
While Bayesian forecasting remains essential once TDM sam-
ples become available, integrating ML-based model selection
into MIPD workflows could enable making informed dosing de-
cisions at an early stage to improve target attainment and clini-
cal outcomes.
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Supporting Information

Additional supporting information can be found online in the
Supporting Information section. Data S1. Supplementary text. Figure
S1. Relationship between XGBoost hyperparameter values and perfor-
mance of the Binary Relevance model. Mean average precision is shown
for 100 randomly sampled hyperparameter combinations. The red dot
indicates the combination selected for the final model. Blue lines rep-
resent LOESS smoothers. Hyperparameter definitions: colsample_by-
tree, proportion of columns subsampled for each tree; eta, learning
rate; max_depth, maximum tree depth; nrounds, number of boosting
iterations; subsample, subsample proportion of training rows. Figure
S2. Performance metrics for all evaluated approaches when the Buelga
model was excluded from the analysis. Results are shown for the test
set. Abbreviations: TDM, therapeutic drug monitoring; ML, machine
learning; RMSE, root mean squared error; MAE, mean absolute error;
PE, prediction error; IQR, interquartile range; CI, confidence interval.
Table S1. Performance of evaluated transformation strategies for con-
verting multi-label classification tasks into subtasks suitable for classi-
fication algorithms on the validation dataset. Two strategies (CLR and
RPC) output a direct ranking of PK models. In cases of tied ranks, a
random tie-break was applied.
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