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Abstract

:

Bayesian therapeutic drug monitoring (TDM) software uses a reported pharmacokinetic (PK) model as prior information. Since its estimation is based on the Bayesian method, the estimation performance of TDM software can be improved using a PK model with characteristics similar to those of a patient. Therefore, we aimed to develop a classifier using machine learning (ML) to select a more suitable vancomycin PK model for TDM in a patient. In our study, nine vancomycin PK studies were selected, and a classifier was created to choose suitable models among them for patients. The classifier was trained using 900,000 virtual patients, and its performance was evaluated using 9000 and 4000 virtual patients for internal and external validation, respectively. The accuracy of the classifier ranged from 20.8% to 71.6% in the simulation scenarios. TDM using the ML classifier showed stable results compared with that using single models without the ML classifier. Based on these results, we have discussed further development of TDM using ML. In conclusion, we developed and evaluated a new method for selecting a PK model for TDM using ML. With more information, such as on additional PK model reporting and ML model improvement, this method can be further enhanced.
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1. Introduction


Since its introduction into clinical practice in 1958, vancomycin has been widely used for penicillin-resistant Gram-positive bacterial infections, especially those caused by methicillin-resistant Staphylococcus aureus (MRSA) [1]. Adverse reactions to vancomycin typically include Red Man syndrome, nephrotoxicity, and ototoxicity. Since the adverse effects of vancomycin are related to the dosage and concentration of the drug, it can be used relatively safely under adequate monitoring [2]. Therefore, vancomycin is a representative drug for which therapeutic drug monitoring (TDM) is recommended. TDM is a clinical process that measures the concentration of a drug in the blood and interprets the resulting pharmacokinetic (PK) parameters to draw appropriate conclusions regarding drug concentration and dose adjustment [3]. A recently revised guideline recommends monitoring the area under the drug concentration-time curve (AUC) using Bayesian TDM software programs embedded with a PK model based on vancomycin data as the Bayesian prior [4].



Bayesian TDM software uses PK models reported in the existing literature as prior information, integrates patient data, and calculates patient PK parameters through statistical estimation [5]. Patient data typically include height, weight, dosing history, and drug concentration, but data on the number of blood collections in clinical practice are often limited. Hence, it is important to select an appropriate PK model to be used as prior information to correctly estimate the PK parameters from limited data. This is due to the fact that TDM performance varies depending on the PK model, even when the same patient data are used [6,7].



As vancomycin has been widely used for a long time, reported population PK studies of vancomycin for various patient groups can be used as a prior model [8]. Therefore, studies have been conducted to evaluate the predictive performance of TDM in PK models [6,7]. In particular, a study on the methods for averaging/selecting a model using goodness-of-fit has been reported [9]. The model selection and averaging approach have the advantages of reducing uncertainty that may arise from a single model assumption [9,10,11].



Machine learning (ML) has led to various breakthroughs in science and has been introduced into medicine, owing to data availability and the growth of computational power. ML is more flexible and scalable than traditional statistical methods. Thus, it has the capability of accomplishing tasks such as classification [12,13]. Although several studies have reported using ML to improve TDM performance, to the best of our knowledge, no studies have applied ML to select the appropriate PK models to be used [14,15,16].



Accordingly, the aim of this study was to develop a classifier for TDM using ML to select a vancomycin PK model appropriate for a patient (given limited data). Nine vancomycin PK studies were chosen, and a classifier to sort the patients into the PK models of those studies was created. The performance of TDM with the classifier applied was evaluated using the populations generated from nine PK models or those generated from four PK models in another study (Figure 1).




2. Materials and Methods


2.1. Classifier Development


First, PK studies were selected as labels to create classifiers. Next, virtual patients were generated as learning data using the selected PK studies, and features were created. Finally, the classifier was trained using learning data.



2.1.1. PK Models for the Classifier


Nine of the fifty-four vancomycin population PK studies presented in two review articles were selected, if they met the following criteria: (1) studied population: adult; (2) compartment of PK model: two-compartment model; and (3) covariates included in the PK model: age, sex, height, weight, or renal function markers (serum creatinine [sCr], creatinine clearance [CrCL], modification of diet in renal disease [MDRD], and Chronic Kidney Disease Epidemiology Collaboration [CKD-EPI]) [17,18]. Studies in which the PK model consisted covariates that did not fall under (3) were excluded. The characteristics of the nine selected studies are listed in Table S1 [19,20,21,22,23,24,25,26,27].




2.1.2. Virtual Patients for the Classifier


The demographics of 100,000 patients were generated based on representative values obtained from the internal data of the Kyung Hee University Hospital Clinical Trial Center. The mean ± SD of internal data for age (years), height (cm), weight (kg), and sCr (mg/dL) was calculated as 50.2 ± 17.1, 165.1 ± 8.7, 65.1 ± 10.2, and 0.8 ± 0.2, respectively. Sex was set as a 1:1 balance between men and women. The continuous demographic values were assumed to be from a multivariate normal distribution. The sample correlation matrix of the internal data was used for the correlation structure.



A total of 900,000 patients were generated by integrating the demographic characteristics of 100,000 patients into each of the nine selected population PK models. First, individual PK parameters were generated by integrating demographic characteristics into each population PK model with inter-individual variability. Subsequently, true concentrations were calculated from the individual PK parameters for each simulation scenario. Finally, the observed concentrations (COBS) were generated by incorporating the residual unexplained variability into the true concentrations. Inter-individual variability was assumed to follow a log-normal distribution, and the residual unexplained variability was assumed to follow a normal distribution. The characteristics of the PK model are presented in Table S1.



The dosing of vancomycin was assumed to be an intravenous infusion of 1000 mg at 1-h intervals for 12 h based on the drug label provided by the Ministry of Food and Drug Safety in Korea (MFDS) [28]. The blood sampling point was set to four cases: trough (12 h); peak and trough (2, 12 h); peak, mid, and trough (2, 5, 12 h); and every hour (1, 2, 3, …, 12 h), which were applied for both single-dose and steady-states. The R package mrgsolve was used to generate the PK parameters and concentrations [29].




2.1.3. Features and Labels


Features for classifier learning were created by dividing the population predicted concentration (CPRED) by the observed concentration (COBS) (Figure 2). The CPRED was calculated by integrating the nine PK models in Table S1 and the patient covariates (a priori) without incorporating any variability. The CPRED could be represented as follows:    C  P R E D , m ,    t  P R E D    i   , where  i  is the number of the  i th patient of a total of 900,000 patients,  m  is the number of the  m th PK model of a total of nine PK models, and    t  P R E D     is the time for every hour from 1 to 12 h. Therefore, the CPRED values were generated every hour for 12 h using the population-predicted PK parameters calculated by integrating the covariate of individual patients into each of the nine PK models; hence, a total of 108 CPRED values were obtained for each patient. CPRED generation was performed using the R package mrgsolve [29]. The observed concentrations could be represented as follows:    C  O B S ,    t  O B S    i    where  i  is the number of the  i th patient of a total of 900,000 patients and    t  O B S     is the concentration observed time for each blood sampling point.



Thus, the CPRED can be created every hour, but the COBS can only be known at a limited time, depending on the blood sampling time. Therefore, to match the CPRED and COBS at the same time and to make the number of features equal in all scenarios, the COBS at the observed time was imputed to the COBS at the unobserved time. Thus, the CPRED can be divided by COBS at the observed time and by the imputed COBS at the unobserved time. This is the same as matching and dividing CPRED in a specific range of times and COBS at an observation time for each scenario. In the case of the trough sampling scenario, all    C  P R E D , m     for each  m th PK model from 1 to 12 h were divided by    C  O B S , 12    . For the peak and trough sampling scenarios, the    C  P R E D , m     from 1 to 6 h and    C  P R E D , m     from 7 to 12 h were divided by    C  O B S , 2     and    C  O B S , 12    , respectively. In the case of the peak, mid, and trough sampling scenarios, the    C  P R E D , m     from 1 to 4 h,    C  P R E D , m     from 5 to 8 h, and    C  P R E D , m     from 9 to 12 h were divided by    C  O B S , 2    ,    C  O B S , 5    , and    C  O B S , 12     respectively. In the case of the every-hour sampling scenario,    C  P R E D , m , t     was divided by    C  O B S , t     at each time  t .



Labels for individual patients comprised one of the nine population PK models used to generate PK parameters for each patient. Therefore, the 900,000 patients used as learning data consisted of nine groups of 100,000 patients, each with different labels. Additionally, eight different learning datasets for each scenario were generated for 900,000 patients since the composition of the features differed depending on the simulation scenario.




2.1.4. Classification Model


To develop the classifiers, we first compared the prediction performances of three ML methods: Decision Tree (DT), Random Forest (RF), and XGBoost. ML models were developed using each R package as follows: (1) DT: rpart; (2) RF: ranger; and (3) XGBoost: xgboost [30,31,32]. The hyperparameters were then determined using 10-fold repeated cross-validation and grid search (Table S2). Since the learning data were generated based on statistical distribution, it was assumed that the characteristics of the data for hyperparameter tuning were retained even if sampled data were used. Thus, considering the computation time, 10% (n = 90,000) of the total learning data were randomly sampled for hyperparameter tuning. Cross-validation was applied to the training data by splitting the sampled learning data into training (70%) and test subsets (30%). Cross-validation was performed using the R package mlr [33]. Subsequently, the accuracies of these three models were calculated using the internal validation process described in Section 2.2. As a result, XGBoost, which had higher accuracy, was selected as the ML model for the classifier (Table 1). A classifier based on the tuned XGBoost model was used to calculate the predicted probability of each class for individual patients, which was obtained by minimizing the negative log-likelihood using the XGBoost parameter, objective (=“mult:softprob”) and eval_metric (=“mlogloss”).





2.2. Validation of TDM Performance


To validate the TDM performance when the classifier was applied, the AUC of vancomycin for virtual patients was predicted using a single model or an ML-selected/weighted model and compared. Therefore, new virtual patient populations were generated for validation. The PK parameters were estimated using the nine models used to generate the classifier. Subsequently, the AUC was calculated using the estimated PK parameters for each model. Additionally, the AUC was calculated from the model selected or weighed using the ML classifier. The estimated and true AUC were then compared.



2.2.1. PK Models and Virtual Patients for Validation


The PK model was used to generate virtual patients for validation. Internal and external validations were performed and distinguished based on the PK model (Figure 1). The PK models for internal validation were the nine models used to develop the classifier. The PK models for external validation were the four models that did not overlap with the PK model for internal validation in the 54 vancomycin population PK studies presented in two review articles [17,18]. The PK model for external validation was selected when it met criteria (1) to (3) in Section 2.1.1. However, a PK model for external validation that also met the additional criteria of including discrete covariates, such as renal replacement therapy (RRT), was selected. The PK characteristics of the four selected studies are presented in Table S3 [34,35,36,37].



The virtual patient generation process for evaluation was the same as the patient generation process for classifier development, except for the number of patients and PK models. First, the demographic information of 1000 patients was generated using data from the Kyung Hee University Hospital Clinical Trial Center. Then, the demographics of 1000 patients were integrated into nine PK models for internal validation to generate 9000 patients and integrated into four PK models for external validation to generate 4000 patients. The vancomycin dosing and blood sampling scenarios were the same as those used for classifier development. Virtual patient generation was performed using the R package mrgsolve [29].




2.2.2. PK Parameter Estimation


The PK parameters of the patients were estimated based on the Bayesian method, a computational combination of the patient demographics, dosing regimen, drug concentration per simulation scenario, and the PK model as prior information [5]. The PK models for estimation used the same nine models as those used to develop the classifier. Therefore, nine sets of PK parameters were obtained for each PK model for each patient. The R package mapbayr was used for PK parameter estimation [38].



The AUC predicted by each single model was calculated from the estimated PK parameters, giving nine values for each PK model. The AUC was calculated using the R package mrgsolve [29]. The time for calculating the AUC was set as the next dosing interval from the time of the concentration observation. In other words, the AUC was calculated between 12 and 24 h after the first dose.




2.2.3. ML Application


For TDM performance evaluation using the ML classifier, the classifier was applied for AUC prediction in two methods: model selection and the weighted average of the models. Given the patient information for TDM, such as patient demographics, dosing regimen, and drug concentrations, the classifier calculated the probability that the patient was generated from a specific PK model among the nine label models. The model selection method picked out one PK model with the highest probability as calculated by the classifier. The AUC predicted by the selected model was used as the predicted value. The weighted average method used the probability of each PK model calculated by the classifier as the weight. The predicted AUC for each model was averaged using the weights of the corresponding models.



To compare the TDM performance using the ML classifier, two additional methods were used to predict the AUC. First, the perfect model selection method assumes that the classifier perfectly knows the PK model used to generate for individual patients (i.e., the accuracy of the classifier is 100%). In this method, the predicted AUC was the AUC predicted using the model used to generate the patient. This method was applied only to patients in the internal model, where the PK models used for patient generation were the same as those used for classifier development. Thus, it can be applied only to virtual patients for comparison purposes and not to real patients. Second, the non-weighted averaging method arithmetic averages the AUC predicted by the nine models without weights. This method was applied regardless of whether the model was internal or external. Hence, it can also be applied to both real and virtual patients.



Apart from the methods using the ML classifier, another model selection and weighted average method was applied to the evaluation data of this study [9]. In this method, the objective function values (OFVs) for estimating the PK parameters for each model were processed and used as weights. The OFVs were then calculated using the R package mapbayr for PK parameter estimation [38]. The OFV was processed to a weight using the following equation:


   W  O F  V m    =    e  − 0.5 × O F  V m        ∑   m = 1   m = 9    e  − 0.5 × O F  V m       








where   m   is the number of the  m th PK model out of the nine models used for parameter estimation. The weights of the OFVs were applied to the AUC predictions in two ways: model selection and the weighted average of the models. The PK model with the highest weight was selected, and the AUC was averaged using that weight.




2.2.4. Performance Evaluation


The performance of the ML models was assessed using the metrics   a c c u r a c y  ,   p r e c i s i o n  ,   r e c a l l  , and   F 1 − s c o r e  . These metrics are calculated as follows:


   A c c u r a c y =   T P + T N   T P + T N + F P + F N   ,    P r e c i s i o n =   T P   T P + F P   ,    R e c a l l =   T P   T P + F N   ,    F 1 − s c o r e = 2 ×   P r e c i s i o n × R e c a l l   P r e c i s i o n + R e c a l l     








where   T P   is the number of true positives,   T N   is the number of true negatives,   F P   is the number of false positives, and   F N   is the number of false negatives in the confusion matrix obtained for each classification outcome of the internal validation. The confusion matrix was constructed using the R package caret [39].



TDM performance was assessed based on the mean percent error (  M P E  ) and the relative root mean squared error (  r R M S E  ) of the predicted AUC relative to the true AUC of each simulation scenario, which is defined as follows:


   M P E =  1 N    ∑   i = 1  N    P r e d i c t e d   A U  C i  − T r u e   A U  C i    T r u e   A U  C i    × 100 %    r R M S E =    1 N    ∑   i = 1  N        P r e d i c t e d   A U  C i  − T r u e   A U  C i     2        T r u e   A U  C i     2      × 100 %   








where  i  is the number of the  i th patient of a total of  N  patients in each simulation scenario. For each simulation scenario, the total number of patients in the internal and external validations were 9000 and 4000, respectively. The types of predicted AUC were as follows: the AUC predicted by each model out of the nine PK models, AUC selected by the ML classifier, AUC weighted by the ML classifier, perfect selection AUC, and non-weighted averaging AUC. The true AUC was calculated from the true PK parameters generated for each patient.






3. Results


The classifier was created using learning data from 900,000 virtual patients based on nine PK studies and learning using the XGBoost model. The patient characteristics are presented in Table S1. The mean AUC of the learning patients by population was 178.06–290.47 mg·h/L for a single dose and 268.2–406.50 mg·h/L for the steady-state.



Table 1 lists the accuracy of the classifiers and Tables S4, S6, and S8 provide the details of the confusion matrices for each ML model by scenario. Between ML models, the XGBoost model showed the highest accuracy, and the DT model showed the lowest accuracy in all scenarios. In the XGBoost model classifier, the accuracy ranged from 24.6% to 71.6% for a single dose and 20.8% to 56.6% for the steady-state. The accuracy improved as the number of blood samples increased, and all of the ML models showed the same tendency. Similarly, in all ML models, the single-dose values were more accurate than the steady-state values. Additionally, the precision, recall, and F1-score in the ML models for each class improved as the number of observed concentrations increased (Tables S5, S7, and S9). Meanwhile, the feature importance plot of each scenario in the XGBoost model is shown in Figures S1 and S2.



For validation, the performance of TDM with the classifier was evaluated using the predicted AUC of 13,000 virtual patients (from 9000 patients in the internal validation and 4000 patients in the external validation) based on 13 PK studies. Table S1 shows the characteristics of the patients included in the internal validation. The mean AUC of the patients in the internal validation was similar to that of the patients for learning data. The characteristics of the patients in the external validation are listed in Table S3. The mean AUC of the patients in the external validation was 165.18–237.77 mg·h/L for a single dose and 317.16–691.72 mg·h/L in the steady-state.



The TDM performance of the internal validation is presented in Figure 3 and Table 2. The predicted AUC of the perfect selection method showed better results for both   M P E   and   r R M S E   in most scenarios than when estimating using a single model. Except for the trough blood sampling scenario, TDM using the classifier performed better than using a single model. As the number of observed concentrations increased, the   M P E   and   r R M S E   in cases where the classifier was used approached the values of the perfect selection method. In most scenarios, the weighted average method exhibited better TDM performance than the model selection method. The non-weighted average method also showed stable results without value jumps compared to single model estimation.



The TDM performance of the external validation is shown in Figure 4 and Table 3. In the trough sampling scenario, the non-weighted average method performed better than both the model selection method and weighted average method using the ML classifier. However, as the number of observed concentrations increased, TDM performance using the classifier led to better outcomes than the non-weighted average method. The model selection method outperformed the weighted average method in terms of the   M P E  , but the weighted average method outperformed the model selection method in terms of the   r R M S E  .



Table S10 shows the TDM performance of the method using the OFVs [9]. The method using the OFV of the selection or weighted average methods showed more stable results without value jumps than a single model for patients from both internal and external validation sets. In patients in the internal validation set, the performance of TDM with the ML classifier applied was better than that of the OFV method (Table 2). In the patients in the external validation set, the method using OFV performed better than the method using the ML classifier until two concentrations were observed, but showed similar performance as the number of concentrations increased (Table 3).




4. Discussion


Since estimations for TDM software are mostly based on Bayesian methods, estimation performance can be improved using a PK model with PK characteristics similar to those of a patient as prior information [6,9,15]. Therefore, the purpose of classifier generation was to create a classifier that would give the patient the best TDM model (i.e., the model that most closely resembles the patient’s PK characteristics). For this purpose, the PK models used to generate the patient PK parameters were used as labels for the classifier. However, it was essential to check whether estimating the parameters with the PK model used to generate the patients could improve the performance of TDM. Therefore, as a result of testing the perfect model selection method that estimates parameters using the model used to generate the patient, it was confirmed that it showed better performance than a single model in the AUC prediction of internal validation patients (Table 2, Figure 3).



For real-world patients, there is no generation model, and the available data are limited. Therefore, the perfect model selection is impossible. Hence, we created a new feature using the ratio of CPRED to COBS to enable classification is based on the available information. This is due to the fact that the trend of CPRED change over time was assumed to differ by population. If so, the more similar the patient PK characteristic is to a specific PK model, the more similar the trends of change over time of the COBS (reflecting individual characteristics) may be to those of the specific CPRED (reflecting population characteristics). For example, in the every-hour sampling scenario, if the patient’s characteristics were similar to the PK model used for calculating the CPRED, it can be assumed that the ratio of CPRED to COBS would maintain a constant value every hour. The classification using these features showed high accuracy (71.6% at a single dose, every-hour sample) despite the many selection options from the nine models (Table 1). Moreover, the COBS at unobserved time points can also be used for features in our study due to the assumption that the CPRED differs between populations. For example, if two patients were observed with the same trough concentration but had different covariates, the CPRED cannot be identical even when using the same model. Thus, if the CPRED calculated at the peak time with model X is too high for the observed trough concentration for a patient (and another patient does not), model X can be excluded from the classifications that can be used for this patient. Although the accuracy was lower than when hourly samples were used, classification was possible with 24.6% accuracy (at a single dose) even when only a trough sample was used (Table 1).



In the present study, 12 sampling points for every hour within one dosing interval were used to calculate the CPRED for each model. However, an additional feature selection process may improve the classification performance [40]. The features with high importance value in our study showed that most of the time points of CPRED and COBS were similar (Figures S1 and S2). In addition, the PK model has information on specific PK parameters depending on the time point [41]. Therefore, future studies will require feature selection using only the appropriate sampling points for CPRED calculation.



The results of the TDM performance evaluation using the classifier were reasonable in most scenarios. However, there is one point to be considered. Between the two methods of applying ML, the weighted average method showed better   M P E   and   r R M S E   than the model selection method for both internal and external validations, except for the   M P E   for external validation. Patients from the external validation included special populations, such as patients with burns, continuous renal replacement therapy (CRRT), and hemodialysis (HD) [34,35,36,37]. Therefore, the AUC of the external validation set showed a different range than that of the internal model patients and had large standard deviations in some models (Tables S1 and S3). These differences in PK characteristics may have biased the results of some single-model estimates, and these biased values may be summed up when averaging the predicted AUC. Therefore, when performing TDM in patients belonging to special populations, the model selection method can be considered first. Furthermore, it is also possible to include covariates related to the special patient population during classifier generation.



In conclusion, we created and tested a classifier that could select PK models using ML and applied it to TDM to facilitate safe vancomycin administration. In general, probabilistic model selection and averaging used values related to the goodness-of-fit of the models, such as the Akaike information criterion (AIC) and Bayesian information criterion (BIC) [42]. Since the PK model is also a model for fitting data, it is possible to select a PK model based on probabilistic model selection; such a study was recently reported [9]. However, our study proposed a new method for model selection to find a model that provides better TDM performance with limited patient data, such as sex, age, height, weight, and concentration, without model fitting.



In the era of big data, our research method with ML-based classification is expected to further develop as the amount of available information increases. The results of our study showed that regardless of internal and external validation, increasing the number of observed concentrations resulted in better classification accuracy (Table 1). In particular, internal validation showed better TDM performance than the previously reported method (using OFVs) in almost all scenarios (Table 2 and Table S10). To assume the clinical practice where limited patient information is available, we only selected nine PK models with easily measurable covariates for classifier generation in our study. Theoretically, if all PK models were built for all vancomycin patient populations and were included in a classifier, TDM with the classifier applied will always achieve better performance than TDM using a single model. Additionally, if additional covariates not used in our study were used to generate a classifier, a classifier with more information can be created. Furthermore, our ML-based approach can be easily applied to the TDM of any drug using the same procedure as creating the classifier for vancomycin, particularly if various PK models can be used as prior information.



It was also observed that the classification performance improved when the improved algorithm, XGBoost, was used since it is an optimized distributed gradient boosting library designed to be more efficient and scalable than traditional classification models, such as DT (Table 1) [43]. Since the main purpose of this study was not to improve the performance of classification, only three ML models were used and compared. Therefore, future studies may also consider using a super-runner model to improve classification performance. In addition, computing and ML techniques are developing rapidly, and these advances can help improve the selection of ML-based TDM models.



Although we developed a new method for TDM model selection and evaluated the method, it had certain limitations. Currently, it applies only to scenarios in which the classifier is trained in advance. Therefore, further studies are needed to apply our method to commercial TDM programs. For example, depending on the hospital, generating classifiers by learning only frequently used scenarios in advance may be considered. To apply a general multiple dosing regimen, it is also possible to create a classifier using patient data that changes when the renal function changes over time, considering the PK characteristics of vancomycin excreted by the kidneys. Moreover, it is possible to develop a new set of features that can classify the PK model regardless of the scenario. Another method is to find an appropriate amount of training data and features to speed up computation, creating a new classifier for a new patient every time. Currently, it takes approximately 2 min to create one XGBoost classifier with data from 900,000 virtual patients using a 64-bit Windows 11 platform with an Intel i7-9700 CPU, 16 GB RAM, and NVIDIA TITAN Xp with 12 GB VRAM. As an additional limitation, all processes in this study were only based on simulations. The entire process was conducted based on simulations, and the obtained values were compared with the true values in various scenarios. Nevertheless, to make the values similar to real-world patients, demographic information was generated using the internal data. However, further studies are required to validate the performance of TDM with an ML classifier applied to real patients. Further studies overcoming these limitations can help improve the TDM performance for safe vancomycin administration.




5. Conclusions


In this study, we created and tested a classifier that selects PK models using ML and applied it to TDM to ensure safe vancomycin administration. The accuracy of the classifier ranged from 20.8 to 71.6% in various simulation scenarios. The TDM performance using the ML classifier showed stable results compared with using single models. In the era of big data, this new method for TDM model selection will develop further as the amount of available information increases.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/pharmaceutics14051023/s1, Table S1. PK model and patient characteristics used for classifier training and internal validation. Table S2. Hyperparameter ranges used for tuning the machine learning (ML) models. Table S3. PK model and patient characteristics in the external validation set. Table S4. The confusion matrix of the decision tree (DT) model in each scenario. Table S5. The precision, recall, and F1-Score of the decision tree (DT) model in each scenario. Table S6. The confusion matrix of the random forest (RF) model in each scenario. Table S7. The precision, recall, and F1-Score of the random forest (RF) model in each scenario. Table S8. The confusion matrix of the XGBoost model in each scenario. Table S9. The precision, recall, and F1-Score of XGBoost in each scenario. Table S10. The mean percent error (  M P E  ) and relative root mean squared error (  r R M S E  ) of the predicted AUC relative to the true AUC of each simulation scenario using objective function values (OFVs) for model selection and weighted averaging. Figure S1. The feature importance plot of the XGBoost model in a single dose. The x-axis represents the XGBoost importance value of the feature, whereas the y-axis represents the concentration used for feature creation. Out of the 108 features created, 10 features with the highest importance values are presented. (A) Trough, (B) peak and trough, (C) peak, mid, and trough, and (D) one-hour interval sampling. Figure S2. The feature importance plot of the XGBoost model in the steady state. The x-axis represents the XGBoost importance value of the feature, whereas the y-axis represents the concentration used for feature creation. Out of the 108 features created, 10 features with the highest importance values are presented. (A) Trough, (B) peak and trough, (C) peak, mid, and trough, and (D) one-hour interval sampling.





Author Contributions


Conceptualization, S.L. and B.-H.K.; methodology, S.L., M.S., D.L. and B.-H.K.; software, S.L. and M.S.; validation, S.L., M.S. and J.H.; formal analysis, S.L. and M.S.; investigation, S.L., D.L., J.H. and B.-H.K.; resources, J.H. and M.S..; data curation, S.L. and M.S.; writing—original draft preparation, S.L. and M.S.; writing—review and editing, S.L., D.L. and B.-H.K.; visualization, S.L.; supervision, D.L. and B.-H.K.; project administration, S.L., D.L. and B.-H.K.; funding acquisition, B.-H.K. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the National Research Foundation of Korea (NRF) grant funded by the Korea government (MSIT) (No. 2019R1C1C1011218).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Data will be made available on request.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to publish the results.




References


	



Filippone, E.J.; Kraft, W.K.; Farber, J.L. The nephrotoxicity of vancomycin. Clin. Pharmacol. Ther. 2017, 102, 459–469. [Google Scholar] [CrossRef]

	



Matzke, G.; Zhanel, G.; Guay, D. Clinical pharmacokinetics of vancomycin. Clin. Pharmacokinet. 1986, 11, 257–282. [Google Scholar] [CrossRef] [PubMed]

	



Dasgupta, A. Therapeutic Drug Monitoring: Newer Drugs and Biomarkers; Academic Press: Cambridge, MA, USA, 2012. [Google Scholar]

	



Rybak, M.J.; Le, J.; Lodise, T.P.; Levine, D.P.; Bradley, J.S.; Liu, C.; Mueller, B.A.; Pai, M.P.; Wong-Beringer, A.; Rotschafer, J.C. Therapeutic monitoring of vancomycin for serious methicillin-resistant Staphylococcus aureus infections: A revised consensus guideline and review by the American Society of Health-System Pharmacists, the Infectious Diseases Society of America, the Pediatric Infectious Diseases Society, and the Society of Infectious Diseases Pharmacists. Clin. Infect. Dis. 2020, 71, 1361–1364. [Google Scholar] [PubMed]

	



Drennan, P.; Doogue, M.; van Hal, S.J.; Chin, P. Bayesian therapeutic drug monitoring software: Past, present and future. Int. J. Pharmacokinet. 2018, 3, 109–114. [Google Scholar] [CrossRef]

	



Broeker, A.; Nardecchia, M.; Klinker, K.; Derendorf, H.; Day, R.; Marriott, D.; Carland, J.; Stocker, S.; Wicha, S. Towards precision dosing of vancomycin: A systematic evaluation of pharmacometric models for Bayesian forecasting. Clin. Microbiol. Infect. 2019, 25, 1286.e1–1286.e7. [Google Scholar] [CrossRef]

	



Guo, T.; van Hest, R.M.; Roggeveen, L.F.; Fleuren, L.M.; Thoral, P.J.; Bosman, R.J.; van der Voort, P.H.; Girbes, A.R.; Mathot, R.A.; Elbers, P.W. External evaluation of population pharmacokinetic models of vancomycin in large cohorts of intensive care unit patients. Antimicrob. Agents Chemother. 2019, 63, e02543-18. [Google Scholar] [CrossRef]

	



Rodvold, K.A. 60 plus years later and we are still trying to learn how to dose vancomycin. Clin. Infect. Dis. 2020, 70, 1546–1549. [Google Scholar] [CrossRef]

	



Uster, D.W.; Stocker, S.L.; Carland, J.E.; Brett, J.; Marriott, D.J.; Day, R.O.; Wicha, S.G. A model averaging/selection approach improves the predictive performance of model-informed precision dosing: Vancomycin as a case study. Clin. Pharmacol. Ther. 2021, 109, 175–183. [Google Scholar] [CrossRef]

	



Aoki, Y.; Röshammar, D.; Hamrén, B.; Hooker, A.C. Model selection and averaging of nonlinear mixed-effect models for robust phase III dose selection. J. Pharmacokinet. Pharmacodyn. 2017, 44, 581–597. [Google Scholar] [CrossRef]

	



Buckland, S.T.; Burnham, K.P.; Augustin, N.H. Model selection: An integral part of inference. Biometrics 1997, 53, 603–618. [Google Scholar] [CrossRef]

	



Badillo, S.; Banfai, B.; Birzele, F.; Davydov, I.I.; Hutchinson, L.; Kam-Thong, T.; Siebourg-Polster, J.; Steiert, B.; Zhang, J.D. An introduction to machine learning. Clin. Pharmacol. Ther. 2020, 107, 871–885. [Google Scholar] [CrossRef]

	



Ngiam, K.Y.; Khor, W. Big data and machine learning algorithms for health-care delivery. Lancet Oncol. 2019, 20, e262–e273. [Google Scholar] [CrossRef]

	



Huang, X.; Yu, Z.; Bu, S.; Lin, Z.; Hao, X.; He, W.; Yu, P.; Wang, Z.; Gao, F.; Zhang, J. An ensemble model for prediction of vancomycin trough concentrations in pediatric patients. DrugDes. Dev. Ther. 2021, 15, 1549. [Google Scholar] [CrossRef]

	



Hughes, J.H.; Keizer, R.J. A hybrid machine learning/pharmacokinetic approach outperforms maximum a posteriori Bayesian estimation by selectively flattening model priors. CPT Pharmacomet. Syst. Pharmacol. 2021, 10, 1150–1160. [Google Scholar] [CrossRef]

	



Woillard, J.B.; Labriffe, M.; Debord, J.; Marquet, P. Tacrolimus exposure prediction using machine learning. Clin. Pharmacol. Ther. 2021, 110, 361–369. [Google Scholar] [CrossRef]

	



Aljutayli, A.; Marsot, A.; Nekka, F. An update on population pharmacokinetic analyses of vancomycin, part I: In adults. Clin. Pharmacokinet. 2020, 59, 671–698. [Google Scholar] [CrossRef]

	



Marsot, A.; Boulamery, A.; Bruguerolle, B.; Simon, N. Vancomycin. Clin. Pharmacokinet. 2012, 51, 1–13. [Google Scholar] [CrossRef]

	



Lim, H.S.; Chong, Y.; Noh, Y.H.; Jung, J.A.; Kim, Y. Exploration of optimal dosing regimens of vancomycin in patients infected with methicillin-resistant Staphylococcus aureus by modeling and simulation. J. Clin. Pharm. Ther. 2014, 39, 196–203. [Google Scholar] [CrossRef]

	



Llopis-Salvia, P.; Jimenez-Torres, N. Population pharmacokinetic parameters of vancomycin in critically ill patients. J. Clin. Pharm. Ther. 2006, 31, 447–454. [Google Scholar] [CrossRef]

	



Moore, J.; Healy, J.; Thoma, B.; Peahota, M.; Ahamadi, M.; Schmidt, L.; Cavarocchi, N.; Kraft, W. A population pharmacokinetic model for vancomycin in adult patients receiving extracorporeal membrane oxygenation therapy. CPT Pharmacomet. Syst. Pharmacol. 2016, 5, 495–502. [Google Scholar] [CrossRef]

	



Mulla, H.; Pooboni, S. Population pharmacokinetics of vancomycin in patients receiving extracorporeal membrane oxygenation. Br. J. Clin. Pharmacol. 2005, 60, 265–275. [Google Scholar] [CrossRef]

	



Okada, A.; Kariya, M.; Irie, K.; Okada, Y.; Hiramoto, N.; Hashimoto, H.; Kajioka, R.; Maruyama, C.; Kasai, H.; Hamori, M. Population pharmacokinetics of vancomycin in patients undergoing allogeneic hematopoietic stem-cell transplantation. J. Clin. Pharmacol. 2018, 58, 1140–1149. [Google Scholar] [CrossRef]

	



Purwonugroho, T.A.; Chulavatnatol, S.; Preechagoon, Y.; Chindavijak, B.; Malathum, K.; Bunuparadah, P. Population pharmacokinetics of vancomycin in Thai patients. Sci. World J. 2012, 2012, 762649. [Google Scholar] [CrossRef]

	



Sanchez, J.; Dominguez, A.; Lane, J.; Anderson, P.; Capparelli, E.; Cornejo-Bravo, J. Population pharmacokinetics of vancomycin in adult and geriatric patients: Comparison of eleven approaches. Int. J. Clin. Pharmacol. Ther. 2010, 48, 525–533. [Google Scholar] [CrossRef]

	



Yamamoto, M.; Kuzuya, T.; Baba, H.; Yamada, K.; Nabeshima, T. Population pharmacokinetic analysis of vancomycin in patients with gram-positive infections and the influence of infectious disease type. J. Clin. Pharm. Ther. 2009, 34, 473–483. [Google Scholar] [CrossRef]

	



Yasuhara, M.; Iga, T.; Zenda, H.; Okumura, K.; Oguma, T.; Yano, Y.; Hori, R. Population pharmacokinetics of vancomycin in Japanese adult patients. Ther. Drug Monit. 1998, 20, 139–148. [Google Scholar] [CrossRef]

	



Vancomycin HCl Injection; [Package Insert]; HK Inno.N Co.: Seoul, Korea, 2020.

	



Baron, K.T.; Hindmarsh, A.; Petzold, L.; Gillespie, B.; Margossian, C.; Pastoor, D. mrgsolve: Simulate from ODE-Based Population PK/PD and Systems Pharmacology Models. 2019. Available online: https://github.com/metrumresearchgroup/mrgsolve (accessed on 27 March 2022).

	



Therneau, T.; Atkinson, B. rpart: Recursive Partitioning and Regression Trees. R Package Version 4.1–15. 2019. Available online: https://github.com/bethatkinson/rpart (accessed on 27 March 2022).

	



Wright, M.N.; Wager, S.; Probst, P.; Wright, M.M.N. Package ‘ranger’. Version 0.11. 2019, Volume 2. Available online: https://github.com/imbs-hl/ranger (accessed on 27 March 2022).

	



Chen, T.; He, T.; Benesty, M.; Khotilovich, V. Package ‘xgboost’. R Version. 2019, Volume 90. Available online: https://github.com/dmlc/xgboost (accessed on 27 March 2022).

	



Bischl, B.; Lang, M.; Kotthoff, L.; Schiffner, J.; Richter, J.; Studerus, E.; Casalicchio, G.; Jones, Z.M. mlr: Machine learning in R. J. Mach. Learn. Res. 2016, 17, 5938–5942. [Google Scholar]

	



Bae, S.H.; Yim, D.-S.; Lee, H.; Park, A.-R.; Kwon, J.-E.; Sumiko, H.; Han, S. Application of pharmacometrics in pharmacotherapy: Open-source software for vancomycin therapeutic drug management. Pharmaceutics 2019, 11, 224. [Google Scholar] [CrossRef] [PubMed]

	



Dolton, M.; Xu, H.; Cheong, E.; Maitz, P.; Kennedy, P.; Gottlieb, T.; Buono, E.; McLachlan, A.J. Vancomycin pharmacokinetics in patients with severe burn injuries. Burns 2010, 36, 469–476. [Google Scholar] [CrossRef] [PubMed]

	



Goti, V.; Chaturvedula, A.; Fossler, M.J.; Mok, S.; Jacob, J.T. Hospitalized patients with and without hemodialysis have markedly different vancomycin pharmacokinetics: A population pharmacokinetic model-based analysis. Ther. Drug Monit. 2018, 40, 212–221. [Google Scholar] [CrossRef] [PubMed]

	



Medellín-Garibay, S.E.; Ortiz-Martín, B.; Rueda-Naharro, A.; García, B.; Romano-Moreno, S.; Barcia, E. Pharmacokinetics of vancomycin and dosing recommendations for trauma patients. J. Antimicrob. Chemother. 2016, 71, 471–479. [Google Scholar] [CrossRef]

	



Le Louedec, F.; Puisset, F.; Thomas, F.; Chatelut, É.; White-Koning, M. Easy and reliable maximum a posteriori Bayesian estimation of pharmacokinetic parameters with the open-source R package mapbayr. CPT Pharmacomet. Syst. Pharmacol. 2021, 10, 1208–1220. [Google Scholar] [CrossRef]

	



Kuhn, M.; Wing, J.; Weston, S.; Williams, A.; Keefer, C.; Engelhardt, A.; Cooper, T.; Mayer, Z.; Kenkel, B.; Team, R.C. Package ‘caret’. R J. 2020, 223, 7. [Google Scholar]

	



Kuhn, M.; Johnson, K. Feature Engineering and Selection: A Practical Approach for Predictive Models; CRC Press: Boca Raton, FL, USA, 2019. [Google Scholar]

	



D’Argenio, D.Z. Optimal sampling times for pharmacokinetic experiments. J. Pharmacokinet. Biopharm. 1981, 9, 739–756. [Google Scholar] [CrossRef]

	



Hastie, T.; Tibshirani, R.; Friedman, J. Model Assessment and Selection. In The Elements of Statistical Learning; Springer: Berlin/Heidelberg, Germany, 2009; pp. 219–259. [Google Scholar]

	



Chen, T.; Guestrin, C. Xgboost: A Scalable Tree Boosting System. In Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, San Francisco, CA, USA, 13–17 August 2016; pp. 785–794. [Google Scholar]








[image: Pharmaceutics 14 01023 g001 550] 





Figure 1. Overview of the study. The results of pharmacokinetic (PK) parameter estimation for TDM can be varied using a PK model as prior information. Therefore, the classifier was created to select a vancomycin PK model more suitable for the patient given the limited data among the nine models. The performance of TDM with the classifier applied was evaluated using the populations generated from nine PK models used as classifiers (internal validation) or from four PK models in another study (external validation). 
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Figure 2. An illustrative example of feature creation. The yellow, olive, and brown lines are the time-concentration profiles of the population predicted concentration (CPRED) using the three models. The round dots represent the CPRED of each PK model every hour for 12 h. The red squares represent the observed concentration (COBS) at each blood sampling time. The black squares represent the imputed COBS at the unobserved time from the observed time.    C  P , m ,  t P      represent the CPRED for a patient, where  m  is the number for the  m th PK model of a total of nine PK models and    t P    is the time every hour from 1 to 12 h.    C  O ,  t O      represents the COBS for a patient, where    t O    is the concentration at the time observed in each blood sampling scenario. The features for classifier learning were created by dividing the CPRED by the COBS for each scenario. (A) In the trough sampling scenario, all CPRED from 1 to 12 h were divided by    C  O , 12    ; (B) in the peak and trough sampling scenario, the CPRED from 1 to 6 h and the CPRED from 7 to 12 h were divided by    C  O , 2     and    C  O , 12    , respectively; (C) in the peak, mid, and trough sampling scenario, the CPRED from 1 to 4 h, CPRED from 5 to 8 h, and CPRED from 9 to 12 h were divided by    C  O , 2    ,    C  O , 5    , and    C  O , 12     respectively; (D) in the every-hour sampling scenario, the    C  P , m , t     was divided by    C  O , t     at each time  t . 
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Figure 3. The mean percent error (  M P E  ) and relative root mean squared error (  r R M S E  ) of the predicted AUCs relative to the true AUCs of each simulation scenario for internal validation [19,20,21,22,23,24,25,26,27]. The prediction method (using a single model, ML application, and comparison) is distinguished by yellow, olive, and brown colors, respectively. The red dashed horizontal line is the value obtained using the non-weighted average method. (A) Single dose; (B) steady-state. 
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Figure 4. The mean percent error (  M P E  ) and relative root mean squared error (  r R M S E  ) of the predicted AUCs relative to the true AUCs of each simulation scenario for external validation [19,20,21,22,23,24,25,26,27]. The prediction method (using a single model, ML application, and comparison) is distinguished by yellow, olive, and brown colors, respectively. The red dashed horizontal line is the value obtained using the non-weighted average method. (A) Single dose; (B) steady-state. 
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Table 1. The accuracy of the ML models in each scenario.
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Scenarios

	
Trough (%)

	
Peak and Trough (%)

	
Peak, Mid, and Trough (%)

	
One-HourInterval (%)






	
Decision Tree




	
Single Dose

	
21.0

	
22.2

	
30.5

	
31.1




	
Steady State

	
16.8

	
20.7

	
22.9

	
27.0




	
Random Forest




	
Single Dose

	
23.4

	
30.7

	
42.6

	
68.6




	
Steady State

	
19.1

	
27.0

	
33.3

	
54.4




	
XGBoost




	
Single Dose

	
24.6

	
31.8

	
42.7

	
71.6




	
Steady State

	
20.8

	
27.8

	
33.7

	
56.6
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Table 2. The mean percent error (  M P E  ) and relative root mean squared error (  r R M S E  ) of the predicted AUC relative to the true AUC of each simulation scenario for internal validation.
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Measures

	
    M P E   ( % )    

	
    r R M S E   ( % )    




	
Scenarios

	
Trough

	
Peak and Trough

	
Peak, Mid, and Trough

	
One-Hour Interval

	
Trough

	
Peak and Trough

	
Peak, Mid, and Trough

	
One-Hour Interval






	
Single Dose Model

	

	

	

	

	

	

	

	




	
Lim et al., 2014 [19]

	
−8.16

	
−6.40

	
−5.50

	
−1.15

	
19.36

	
16.40

	
14.36

	
8.75




	
Llopis-Salvia et al., 2006 [20]

	
−1.39

	
−2.24

	
0.32

	
2.10

	
19.18

	
17.92

	
17.03

	
13.70




	
Moore et al., 2016 [21]

	
8.02

	
2.31

	
−0.44

	
−3.11

	
22.93

	
17.98

	
15.58

	
9.83




	
Mulla et al., 2005 [22]

	
15.97

	
9.91

	
4.49

	
−1.02

	
30.25

	
22.75

	
16.93

	
8.97




	
Okada et al., 2018 [23]

	
−4.86

	
−3.53

	
−5.76

	
−4.79

	
18.25

	
16.23

	
15.14

	
9.56




	
Purwonugroho et al., 2012 [24]

	
−5.33

	
−4.96

	
−1.86

	
1.59

	
23.52

	
19.72

	
16.63

	
10.25




	
Sánchez et al., 2010 [25]

	
14.31

	
11.88

	
9.90

	
5.42

	
28.29

	
24.89

	
20.94

	
13.46




	
Yamamoto et al., 2009 [26]

	
−4.32

	
−2.45

	
−1.13

	
0.38

	
19.03

	
16.89

	
13.94

	
8.64




	
Yasuhara et al., 1998 [27]

	
2.27

	
1.01

	
4.40

	
2.64

	
21.05

	
17.42

	
15.64

	
9.39




	
Perfect Model Selection

	
0.65

	
−0.23

	
−0.26

	
−0.35

	
13.19

	
11.62

	
10.44

	
6.25




	
Model Selection by ML

	
2.22

	
−0.31

	
−0.60

	
−0.46

	
21.10

	
16.15

	
13.12

	
7.09




	
Weighted Average by ML

	
2.00

	
0.59

	
0.19

	
−0.27

	
18.60

	
15.07

	
12.32

	
6.84




	
Non-weighted average

	
1.83

	
0.61

	
0.49

	
0.23

	
18.97

	
16.04

	
13.71

	
8.22




	
Steady-State Model

	

	

	

	

	

	

	

	




	
Lim et al., 2014 [19]

	
−9.02

	
−7.21

	
−5.78

	
−3.13

	
17.70

	
14.40

	
11.60

	
6.33




	
Llopis-Salvia et al., 2006 [20]

	
2.85

	
1.55

	
3.32

	
8.73

	
24.55

	
19.89

	
22.46

	
34.66




	
Moore et al., 2016 [21]

	
11.12

	
5.65

	
3.45

	
3.02

	
22.06

	
15.08

	
11.68

	
7.00




	
Mulla et al., 2005 [22]

	
7.02

	
3.00

	
0.87

	
0.82

	
21.23

	
14.63

	
10.80

	
5.63




	
Okada et al., 2018 [23]

	
−4.74

	
−2.40

	
−3.39

	
−1.14

	
17.73

	
13.57

	
11.55

	
6.35




	
Purwonugroho et al., 2012 [24]

	
−2.11

	
−1.84

	
0.26

	
0.60

	
18.45

	
14.89

	
11.57

	
6.00




	
Sánchez et al., 2010 [25]

	
6.52

	
4.00

	
3.64

	
3.48

	
21.83

	
17.32

	
13.98

	
9.08




	
Yamamoto et al., 2009 [26]

	
−7.40

	
−5.06

	
−3.62

	
−2.91

	
17.78

	
13.87

	
10.92

	
6.43




	
Yasuhara et al., 1998 [27]

	
−0.59

	
−1.25

	
0.84

	
−0.36

	
17.81

	
13.86

	
11.19

	
5.78




	
Perfect Model Selection

	
−0.35

	
−0.99

	
−0.79

	
−0.48

	
13.51

	
10.76

	
9.07

	
4.94




	
Model Selection by ML

	
0.25

	
−0.11

	
−0.77

	
−0.42

	
17.17

	
12.95

	
10.28

	
5.28




	
Weighted Average by ML

	
0.27

	
−0.64

	
−0.61

	
−0.40

	
16.11

	
12.40

	
9.87

	
5.18




	
Non-weighted Average

	
0.41

	
−0.39

	
−0.05

	
1.01

	
16.59

	
12.87

	
10.56

	
6.80
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Table 3. The mean percent error (  M P E  ) and relative root mean squared error (  r R M S E  ) of the predicted AUC relative to the true AUC of each simulation scenario for external validation.
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Measures

	
    M P E   ( % )    

	
    r R M S E   ( % )    




	
Scenarios

	
Trough

	
Peak and Trough

	
Peak, Mid and Trough

	
One-hour Interval

	
Trough

	
Peak and Trough

	
Peak, Mid and Trough

	
One-hour Interval






	
Single Dose Model

	

	

	

	

	

	

	

	




	
Lim et al., 2014 [19]

	
1.03

	
−2.92

	
−1.56

	
2.35

	
26.98

	
22.23

	
18.97

	
12.62




	
Llopis-Salvia et al., 2006 [20]

	
10.26

	
6.81

	
9.22

	
9.15

	
32.41

	
28.91

	
29.97

	
24.11




	
Moore et al., 2016 [21]

	
19.04

	
2.69

	
2.73

	
3.41

	
38.48

	
25.67

	
22.43

	
16.30




	
Mulla et al., 2005 [22]

	
29.24

	
15.97

	
10.05

	
1.81

	
49.13

	
33.94

	
25.69

	
12.62




	
Okada et al., 2018 [23]

	
4.77

	
2.78

	
0.52

	
0.40

	
27.58

	
24.37

	
21.31

	
12.88




	
Purwonugroho et al., 2012 [24]

	
5.31

	
−1.82

	
1.32

	
2.05

	
35.64

	
27.92

	
24.13

	
14.28




	
Sánchez et al., 2010 [25]

	
28.13

	
23.84

	
20.07

	
15.89

	
48.98

	
43.01

	
34.17

	
23.44




	
Yamamoto et al., 2009 [26]

	
5.42

	
0.42

	
0.77

	
−1.33

	
29.37

	
23.46

	
20.07

	
11.96




	
Yasuhara et al., 1998 [27]

	
11.54

	
2.40

	
5.07

	
0.43

	
33.43

	
23.16

	
21.08

	
12.22




	
Model Selection by ML

	
15.91

	
1.65

	
2.95

	
1.37

	
38.21

	
26.37

	
23.11

	
11.53




	
Weighted Average by ML

	
13.90

	
3.89

	
4.27

	
1.78

	
33.91

	
24.34

	
21.41

	
11.04




	
Non-weighted average

	
12.75

	
5.58

	
5.36

	
3.79

	
32.49

	
24.20

	
20.67

	
12.49




	
Steady-State Model

	

	

	

	

	

	

	

	




	
Lim et al., 2014 [19]

	
−4.15

	
−4.73

	
−2.86

	
−0.25

	
21.48

	
17.13

	
13.76

	
7.28




	
Llopis-Salvia et al., 2006 [20]

	
6.02

	
3.43

	
6.16

	
12.11

	
40.31

	
33.66

	
35.01

	
54.27




	
Moore et al., 2016 [21]

	
18.54

	
7.16

	
5.82

	
4.97

	
31.51

	
19.18

	
15.40

	
8.94




	
Mulla et al., 2005 [22]

	
10.82

	
3.97

	
2.67

	
2.69

	
33.25
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