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Purpose: This study aimed to establish an optimal model to predict vancomycin trough
concentrations by using machine learning.

Patients and Methods: We enrolled 407 pediatric patients (age < 18 years) who received
vancomycin intravenously and underwent therapeutic drug monitoring from June 2013 to
April 2020 at Xinhua Hospital affiliated to Shanghai Jiaotong University School of
Medicine. The median (interquartile range) age and weight of the patients were 2 (0.63-5)
years and 12 (7.8-19) kg. Vancomycin trough concentrations were considered as the target
variable, and eight different algorithms were used for predictive performance comparison.
The whole dataset (407 cases) was divided into training group and testing group at the ratio
of 80%: 20%, which were 325 and 82 cases, respectively.

Results: Ultimately, five algorithms (XGBoost, GBRT, Bagging, ExtraTree and decision
tree) with high R’ (0.657, 0.514, 0.468, 0.425 and 0.450, respectively) were selected and
further ensembled to establish the final model and achieve an optimal result. For missing
data, through filling the missing values and model ensemble, we obtained R’=0.614,
MAE=3.32, MSE=24.39, RMSE=4.94 and a prediction accuracy of 51.22% (predicted
trough concentration within £30% of the actual trough concentration). In comparison with
the pharmacokinetic models (R’=0.3), the machine learning model works better in model
fitting and has better prediction accuracy.

Conclusion: Therefore, the ensemble model is useful for the vancomycin concentration
prediction, especially in the population of children with great individual variation. As
machine learning methods evolve, the clinical value of the ensemble model will be demon-
strated in the clinical practice.

Keywords: machine learning, XGBoost, prediction, vancomycin, trough concentration,
pediatric patients

Introduction

Vancomycin is an important antibiotic primarily used in the treatment of invasive multi-
drug-resistant organism infections, especially methicillin-resistant Staphylococcus aur-
eus (MRSA) and ampicillin R, in both adults and children.! For pediatric patients,
compared with adults, the pharmacokinetics of vancomycin is highly variable due to
their wide differences in terms of weight, development and organ function.”

In clinical practice, vancomycin trough serum concentration is monitored to evaluate
the dosage appropriateness.” At present, studies about vancomycin concentration analy-
sis commonly adopt the population pharmacokinetic (PPK) models, which are affected
by a few factors, such as age, weight and creatinine/creatinine clearance rate.'®

According to the guideline on vancomycin monitoring, trough concentrations in the
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range 15-20 mg/L were recommended for serious infections
to improve clinical outcomes and prevent drug resistance.”®
Based on the daily monitoring of vancomycin concentration,
we found that great individual variation exists among children,
with generally low concentrations of vancomycin, most of
which cannot reach the effective blood drug concentration,
hence the PPK model may not be suitable to predict the dosage
for children. As it is challenging to achieve recommended
trough concentrations in children, therapeutic drug monitoring
(TDM) in pediatric patients is necessary.6

So far, some vancomycin concentration prediction
algorithms were developed using linear regression analysis
in adult and pediatric patients.”'® The rapidly developing
machine learning methods can help promote data-driven
estimation when predicting from multiple variables and
capture non-linear variable relations to achieve high accu-
racy in predicting clinical outcomes.'"'* This article aims
to establish an optimal model to predict vancomycin
trough concentrations in pediatric patients by using
machine learning methods.

Methods
Study Population

Patients who were treated with vancomycin and underwent
therapeutic drug monitoring at Xinhua Hospital affiliated
to Shanghai Jiaotong University School of Medicine from
June 2013 to April 2020 were enrolled in this study. The
inclusion criteria were as follows: (i) age < 18 years, (ii)
patients were administered intravenous vancomycin, and
(iii) vancomycin TDM was performed on day 3 (48 h since
the initiation of vancomycin therapy). The exclusion cri-
teria were as follows: (i) new-borns with age < 1 month,
and (ii) patients lacking specific blood collection time.
Finally, 407 pediatric patients were included in the study.

Vancomycin daily dose information, demographic data and
laboratory results were obtained from each patient’s electronic
record. Vancomycin blood concentrations were determined by
the clinical laboratory of hospital, and previous methods were
used." To be specific, the chromatographic bar was Hypersil
BDS C18 (250 mm x 4.6 mm, 5 wm). The mobile phase was
tribasic potassium phosphate buffer-methanol (92.5: 7.5, v/v).
The detecting wavelength of ultraviolet was 236 nm. Standard
curve was linear in the range of 1.5625-100 mg-L ™", and the
average method recovery rate of three concentrations (3.125,
25, 50 mg/L) were 96.2%, 100.8% and 103.5%, respectively.
The within-day relative standard deviation (RSD) was less
than 3.24%, and between-day RSD less than 6.12%. The

limit of detection (LOD) of the method was 0.4735 mg-L ™",
and the limit of quantity (LOQ) was 1.5625 mg-Lfl. After the
fourth dose of continuous administration, the blood samples of
vancomycin trough concentrations were obtained at 0—30 min
before intravenous infusion. Blood samples should not be
administered in the intravenous channel for vancomycin infu-
sion. If the patient had not reached a steady-state dose adjust-
ment, vancomycin trough concentrations could be
administered according to the above rules after adjusting the
dosage regimen and administering 2 or 3 doses. This study has
been approved by the Ethics Committee of Xinhua Hospital
affiliated to Shanghai Jiaotong University School of Medicine
(XHEC-D-2020-157) and was performed in accordance with
the Declaration of Helsinki, and informed consents have been

exempted in the ethical approval documents.

Data Processing

After data cleaning of the vancomycin dataset, the target
variable and the relevant important covariates were
screened. Multivariate Imputation by Chained Equations
(MICE) package in R language was used to fill the missing
data, and a dataset of 407x24 was obtained. Based on the
final dataset, we chose vancomycin trough concentrations
as the target variable, and the whole dataset was divided
into training group and testing group at the ratio of 80%:
20% (Figure 1), which were 325 and 82 cases, respec-
tively. The datasets are available in the Supplementary
Table 1.

Algorithm Selection

We used eight different algorithms for modeling to com-
pare the prediction abilities of different algorithms on
vancomycin trough concentrations, including decision
tree (DT), support vector regression (SVR), random forest
(RF), Adaboost, Bagging, ExtraTree, GBRT and XGBoost.
Algorithms with higher accuracy values were selected for
the prediction model of vancomycin trough concentra-
tions. The steps of processing and analyzing data are
displayed in Figure 2.

Ensemble Model

According to the ranking of the prediction results of dif-
ferent algorithms, the proportion of a single model in the
final model was determined, and the final output result was
the weighted average of selected models. Four evaluation
metrics were used to evaluate the model prediction ability,
including R-squared (R’), mean square error (MSE), root
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Figure | Flowchart of the process of including pediatric patients with intravenous vancomycin in this study.
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Figure 2 The workflow of data processing and algorithm selection.
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R’ represents the goodness of fit of the model, and the value
range is 0—1. The larger the value, the better the fitting of the
model. In terms of MSE, RMSE and MAE, when their values
get smaller, the model has better goodness of fit.
Furthermore, another 20 patients’ data from the hospi-
tal were chosen as the validation group to validate the

model prediction performance.

Comparison with PPK Model

The results of the ensemble model using machine learning
were compared with the predicted values of drug trough
concentration calculated by population pharmacokinetic
model. When the administration reached steady state, the
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model for calculating the steady-state trough concentration

was as follows:'*!°

CL(L-h™") = 1175
X [PNAO.4672
X (PNA0'4672+33.30‘4672)_1}
% (WT/70)075 % e0.362

V(L) = 54.49 x WT/70 x ¢*¢7!

D 1-e T

Cmin,ss =

CL: clearance rate; PNA: postnatal age; WT: weight; V-
volume of distribution; D: dose; T: infusion time; 7: inter-
vals; Chinss: steady-state serum trough concentration.

Statistical Analysis

In the comparison between training group and testing
group, Mann—Whitney U-test was used to analyze the
continuous variables. For the categorical variables, if the
expected frequency (T) > 5 and total sample size (n) > 40,
Pearson chi-square test was applied; if 1 <T <5 and n >
40, continuous correction chi-square test was applied; and
if T <1 or n <40, Fisher’s exact test was applied. SPSS 20
was used for statistical analysis, and the Bayesian analysis
module in the NONMEM software was used to obtain the
predicted value of the patient’s individual concentration
and compare it with the measured value according to the
vancomycin PPK model from literature.

Results

Study Population

A total of 407 pediatric patients who were treated with
intravenous vancomycin were included in the study. The
baseline information of 24 variables was described as fre-
quencies (percentages) for categorical variables and median
(interquartile range, IQR) for continuous variables, illu-
strated in Supplementary Table 1. The median (IQR) age
and weight were 2 (0.63-5) years and 12 (7.8-19) kg.
A comparison of patient characteristics between the training

and testing groups is shown in Table 1, without any signifi-
cant difference between variables of two groups (p > 0.01).

Algorithm Selection

The prediction results of eight models using different algo-
rithms are listed in Table 2. Among the eight algorithms, the
algorithms for modeling with higher ideal predictive percen-
tage were XGBoost (42.68%), GBRT (43.9%), ExtraTree

(41.46%), Bagging (45.12%) and DT (42.68%). The five
algorithms mentioned have a low prediction error in terms
of MAE, MSE and RMSE. The degree of model fitting was
evaluated using R>. XGBoost, GBRT, ExtraTree, Bagging
and DT had high goodness of fit, which is 0.514, 0.657,
0.468, 0.425 and 0.450, respectively. Therefore, in general,
these five algorithms with good performance were suitable
for prediction in the task of estimating vancomycin concen-
tration for children. Based on the comparison of algorithms,
we selected the outperforming algorithms for subsequent
experiment. Since there were some missing values, MICE
package was used to impute the missing data, in order to
improve the prediction accuracy and model fitting degree.
Through comparison in Table 3 (take XGBoost as example),
it can be seen that both R? and the prediction accuracy of the
dataset after imputation with missing values are considerably
improved for prediction, and
was 9.88%.

imputation error rate

Modeling and Validation

Among the candidate algorithms, five machine learning mod-
els have high R? (degree of model fitting), including XGBoost,
GBRT, Bagging, ExtraTree and DT, and the output of the final
ensemble model was account for their weight proportion. After
adjustment, the ratio of XGBoost, GBRT, Bagging, ExtraTree
and DT is 4:4:1:0.5:0.5. The importance scores of variables in
each selected model were calculated and ranked. XGBoost
model occupied a large proportion among the five models
with the highest R’ (0.657), and its important variables include
creatinine clearance rate (CICr), procalcitonin (PCT), uric acid
(UA) and weight. Among these, PCT, UA and weight were
positively related to vancomycin trough concentration,
whereas CICr was negatively correlated. In the testing group
of the final ensemble model, the R = 0.614 and the prediction
accuracy within £30% of the actual trough concentration was
51.22% (Table 4). In terms of the validation of the ensemble
model, we collected another 20 patients’ data from the hospital
as the validation group to analyze the prediction performance.
As shown in Table 4, the accuracy of the predicted trough
concentration within £30% of the actual trough concentration
in the ensemble model achieves 72.69%, much higher than the
testing group (51.22%), and R in the ensemble model (0.622)
is also slightly higher than in the testing group (0.614). We can
see from the validation group that the ensemble model has
a good prediction ability, even better than the testing group,
indicating that the model has a strong capacity of
generalization.
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Table | Variable Characteristics in Training and Testing Groups

Categories Variables Training Group (n=325) | Testing Group (n=82) | P value

Vancomycin information | Vancomycin trough concentration, mg/L, median (IQR) 6.88 (4.46—10.46) 6.94 (4.25-9.55) 0.734°
Vancomycin dose, mg, median (IQR) 139 (82.5-240) 130 (93.63-210) 0.912¢
Vancomycin medication intervals, h, median (IQR) 6 (6-8) 6 (6-6)
6 240 (73.8) 64 (78) 0.434°
8 80 (24.6) 18 (22) 0.614°
12 5(1.5) 0 (0) 0.588°
Vancomycin intravenous infusion time, h, median (IQR) 1 (I-1) I (1-1) 0.434°

Demographic information | Age, years, median (IQR) 1 (0.58-5) 2 (0.674) 0.984°
Height, cm, median (IQR) 84 (69.8-111.3) 87.2 (71.2-104.1) 0.913¢
Weight, kg, median (IQR) 11.5 (7.8-20) 12.5 (8-16) 0.98°
Gender, male (%) 200 (61.5%) 45 (54.9%) 02717

Assay index CICr, mL/min/1.73 m?, median (IQR) 109.1 (91.7-131.6) 109.7 (92.8-135.1) 0.990¢
UA, pmol/L, median (IQR) 149.3 (94-216) 142.5 (89.9-215) 0.462°
PCT, pg/L, median (IQR) 0.34 (0.12-1.69) 0.40 (0.12-1.33) 0.819¢
CRP, mg/L, median (IQR) 17 (8-50) 12 (8-36) 0.259¢
AST, U/L, median (IQR) 43 (28-77) 53 (34.5-87.5) 0.043°
ALT, U/L, median (IQR) 30 (22-47) 36 (22-60.3) 0.077¢
TBIL, umol/L, median (IQR) 9.1 (5.6-14.9) 9.6 (6.2-20.1) 0.204°
DBIL, pmol/L, median (IQR) 0 (0-0) 0 (0-0.5) 0.564°
TP, g/L, median (IQR) 61 (55.8-68.1) 64 (56.3-70.5) 0.199¢
RBC, 10'%/L, median (IQR) 3.5 (3.2-3.9) 3.6 (3.24) 0.209°
WBC, 10'%/L, median (IQR) 10 (7.4-14.6) 10.7 (6.7-14) 0.792°
PLT, 10'%/L, median (IQR) 291 (192-421) 305 (200.3-458.3) 0.561°¢
Hb, g/L, median (IQR) 96 (87-107) 95.5 (88-110) 0.746¢
HCT, L/L, median (IQR) 29.3 (26.7-32.1) 29 (27-33) 0.638°
NEU, %, median (IQR) 62.8 (48.4-76.2) 65.3 (44.5-74.2) 0.464°
LYM, %, median (IQR) 25 (14.1-38.9) 242 (17.1-38) 0.337¢

Notes: *Chi-square test; PFisher’s test; “Mann-Whitney U-test.
Abbreviations: IQR, interquartile range; CICr, creatinine clearance rate; UA, uric acid; PCT, procalcitonin; CRP, C-reactive protein; AST, aspartate aminotransferase; ALT,
alanine aminotransferase; TBIL, total bilirubin; DBIL, direct bilirubin; TP, total protein; RBC, red blood cells; WBC, white blood cells; PLT, platelets; Hb, hemoglobin; HCT,
hematocrit; NEU, neutrophil; LYM, lymphocyte.

Based on the data of the testing group, the predicted and
actual results of vancomycin in the models are respectively
displayed to longitudinally compare the prediction perfor-
mance (Figure 3). The five selected models have their own
predictive advantages in different intervals, and the ensemble
model shows predictive trough concentration closer to the true
value than before ensemble.

Comparison with PPK Model

The predicted results of the ensemble model by using
machine learning methods were visually compared with
those using pharmacokinetic formulas, showing the accu-
racy of the predicted trough concentration within +30%
and +50% of the actual trough concentration (Figure 4).
As illustrated in Table 5, in comparison with the PPK

Drug Design, Development and Therapy 2021:15

submit your manuscript

1553

Dove


http://www.dovepress.com
http://www.dovepress.com

Huang et al

Dove

Table 2 Prediction Results of Eight Different Algorithms

Model R-Squared | MAE | MSE | RMSE Accuracy (The Predicted Trough Concentration Within £30% of the Actual
Trough Concentration)
DT 0.450 3.66 | 34.66 5.89 42.68%
SVR 0.178 454 | 51.84 7.20 32.93%
RF 0.388 3.87 | 3858 6.21 37.80%
AdaBoost 0.321 433 | 42.83 6.54 37.80%
Bagging 0.468 3.80 | 33.54 5.79 45.12%
ExtraTree 0.425 3.67 | 36.27 6.02 41.46%
GBRT 0514 3.68 | 30.66 5.54 43.90%
XGBoost 0.657 3.30 | 21.66 4.65 42.68%

Abbreviations: DT, decision tree; SVR, support vector regression; RF, random forest; GBRT, gradient-boosted regression trees; XGBoost, eXtreme Gradient Boosting.

Table 3 Model Performance Metrics Pre- and Post-Imputation

Model (XGBoost) R-Squared MAE MSE RMSE
Pre-imputation 0.535 3.44 23.03 4.80
Post-imputation 0.657 3.30 21.66 4.65

model, the accuracy of the predicted trough concentration
within £30% of the actual trough concentration in the
ensemble model was 51.22%, which outperforms the
value of 36.59% in the PPK model. Generally, the results
of machine learning models were superior to those of the
PPK model. Moreover, the R? of the model using pharma-
cokinetic formula (0.3) was lower than the ensemble
model (0.614), showing poorer predictive ability.

Discussion

In this study, we compared the prediction ability of vanco-
mycin trough concentrations by applying eight machine
learning techniques for pediatric patients. In terms of MSE,
the ensemble model (MSE=24.39) outperforms other algo-
rithms, excluding XGBoost (MSE=21.66). However, the
accuracy of the predicted trough concentration within +£30%
of the actual trough concentration in the ensemble model
(51.22%) is superior to XGBoost (42.68%), and their values

Table 4 Predicted Results of the Ensemble Model

of R? are close (0.657 and 0.614, respectively). The final
selection of model depends not only on metric value, but also
on clinical value, which is the ability to predict vancomycin
trough concentration at a certain confidence interval.
Therefore, the ensemble model was deemed as an optimal
model for clinical use, better than a single algorithm model.

In the XGBoost model, the selected variables with sub-
stantial influences on vancomycin trough concentrations
include CICr, PCT, UA and weight. As the negative corre-
lator for vancomycin trough concentrations, CICr is
a marker of renal function and has remarkable associations
with drug exposure and clearance, and its reduction indicates
kidney injury caused by vancomycin.”'® A high UA repre-
sents poor kidney function, and PCT is highly correlated
with severe infections, especially sepsis, both showing posi-
tive relationships with vancomycin trough concentrations."”

A proper initial dosing regimen can quickly make vanco-
mycin concentration reach the ideal range, which is very
important for the success of anti-infection against MRSA,
but its clinical application is hard to realize. At present,
clinicians commonly use fixed doses of 10-15 mg/kg q6h
for children or use pharmacokinetic formulas to calculate the
initial dosage regimen. However, most pharmacokinetic for-
mulas involve only a few parameters such as age, weight,
creatinine or creatinine clearance to calculate pharmacokinetic

Group R-Squared | MAE | MSE | RMSE Accuracy of the Predicted Trough Concentration Within £30% of the
Actual Trough Concentration

Testing group 0.614 332 | 2439 | 494 51.22%

Validation group 0.622 239 | 1817 | 4.26 72.69%
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Figure 3 Comparison of vancomycin predicted and actual results in the models. The red curve indicates the actual trough concentration, and blue curve indicates the

predicted trough concentration.

parameters. Hence, the process relies on suitable prior general
PPK information, and a deviation from the actual situation of
clinical patients is inevitable, leading to limited clinical appli-
cations. In the present study, with the application of machine
learning methods, more variables were analyzed, and their
remarkable relations with vancomycin trough concentrations
were determined, thus improving the prediction.

In the era of health information technology, machine learn-
ing-based prediction has the advantage of scalability; for exam-
ple, the prediction model is updated by automatically
extracting electronic health records and continuously monitor-
ing physiological data.'®'? In selecting the machine learning
method to be applied in predictive modeling in continuous
features, many factors can be considered. For instance, based

on the advantages of XGBoost, it uses second-order Taylor
series to estimate the value of the loss function, thus reducing
the likelihood of overfitting by the application of regulariza-
tion, and this method has an excellent performance for proces-
sing large-scale and high-dimensional data.” Moreover, GBRT
is an iterative algorithm, which combines several decision trees
and often results in high accuracy, which cannot be obtained by
using a single decision tree.”’ The main motivation behind the
ensemble model is that each model will provide complemen-
tary information and reduce bias.?' In most practical scenarios,
the model that includes multiple algorithms results in a higher
accuracy for each given dataset than does a single algorithm.*
In addition to the eight selected algorithms, artificial neural
networks (ANN) have also been used, such as Enzo. However,
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in some cases, ANN can accurately adapt to the training group,
but perform poorly in the testing group. ANN usually require
more data than the commonly used machine learning algo-
rithms, with thousands or even millions of pieces of data.

Datasets in this study are small, hence the results of ANN are
unstable and the training on small datasets is inadequate. In
addition, support vector regression (SVR) can generate a good
generalized model, but in our results, the SVR does not achieve
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Table 5 Comparison of Prediction Accuracy Between the Ensemble Model and PPK Model

Accuracy PPK Model Ensemble Model
Accuracy of the predicted trough concentration within £30% of the actual trough concentration 36.59% 51.22%
Accuracy of the predicted trough concentration within £50% of the actual trough concentration 58.54% 63.41%

Abbreviation: PPK, population pharmacokinetic.

the desired effect. We found the integrated learning method
shows good performance in regression modeling and is super-
ior to the single regression model in prediction by reducing bias
and variance. The five selected models (XGBoost, GBRT,
Bagging, ExtraTree and DT) have their own predictive advan-
tages in different intervals, and the ensemble model shows
predictive trough concentration closer to the true value than
before integration. In the present study, based on the compar-
ison with the PPK model, the ensemble model achieves higher
prediction accuracy and R? after dealing with large-volume and
high-dimensional data. Overall, our study confirms that
machine learning methods are suitable for high-dimensional
clinical data modeling.

Currently, there are no accepted standards for the pre-
diction accuracy. The accuracy of the predicted trough
concentration within £10% or +20% of the actual trough
concentration in both the PPK model and the ensemble
model was low and close. Thus we only showed the
accuracy of the predicted trough concentration within
+30% and +50% of the actual trough concentration and
chose +30% as the main comparative indicator. Moreover,
the variability of children is great, and it is hard to predict
their situation, especially in severely infected children,
therefore the accuracy of the predicted trough concentra-
tion within +30% of the actual trough concentration is
relatively low (51.22%), as in the PPK model.

According to a Revised Consensus Guideline and Review
by the American Society of Health-system Pharmacists
(ASHP), the Infectious Diseases Society of America (IDSA),
the Pediatric Infectious Diseases Society (PIDS) and the
Society of Infectious Diseases Pharmacists (SIDP) in 2020,
the use of AUC to guide vancomycin regimen in adults and
children is recommended, and indeed AUC is currently recog-
nized to be superior to trough concentration in guiding drug
use.! At present, the methods of AUC estimation are mainly
through first-order PPK equations or Bayesian software pro-
grams. Bayesian software programs are widely used in clinical
practice, only using trough concentration, but the accuracy of
AUC estimation is not high enough in special groups, such as

children with severe infection, and there are few Bayesian

software programs suitable for Chinese children. In addition,
the first-order PPK equations can accurately estimate the AUC
value not depending on PPK information, which is more
suitable for special populations, but the AUC estimation
requires the concentration of vancomycin at both peak and
trough time points. In this study, we have collected some
children’s peak—trough vancomycin data and estimated AUC
through the first-order PPK equations, but the data are still not
enough for machine learning.

Our study is to demonstrate the effectiveness and advan-
tages of machine learning in this field by comparing with PPK
methods. In the future, we will collect more data from pedia-
tric patients and use machine learning methods to estimate
AUC based on findings from this paper, which we believe is
more meaningful. The study is also limited by the small
sample size, thus limiting the advantage of machine learning.
Despite this limitation, the results are still better than the PPK
model in predicting vancomycin concentration. In future,
a larger sample size should be used for model establishment
to achieve optimal prediction effects.

Conclusion

In conclusion, our ensemble model is potentially useful for the
vancomycin concentration prediction, especially in the popu-
lation of children with great individual variation. This study
aimed to lower the barriers to implementing machine learning
methods in this field. As machine learning methods evolve, the
principles for good practice reviewed in this article will likely
serve health services researchers well into the future.
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