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introduction

We developed a deep-learning-based pharmacokinetic prediction All PK-RNN-V models exhibited better RMSE, MAE, and MAPE

model for vancomycin (PK-RNN-V) which takes the patient’s real- compared to any of the VTDM models. The baseline PK-RNN-V

time sparse and irregular observations from structured EHR and already shows good performance. The performance of the model
offers dynamic predictions. The main objective of this study is to was improved by ensembling and letting the model adjust its state
evaluate the prediction accuracy of the PK-RNN-V model and its based on the first measurement. PK-RNN-V E with full feedback uses
variants using standard benchmark measures and compare it with all the available measurements to adjust its state and achieved the
the Bayesian models. best result.

Electronic Model Name RMSE MAE MAPE
Health Records (EHRs) (mg/L) (mg/L) (%)

Vancomycin Administration

Demographics H Data are aggregated at each timestep BayeS|a N VTD M 8.58 6,54 41 .8 1

Laboratory, Vitals ; ; ; Model VTDM with Feedback 6.29 4.26 29.15

Date and Time

N PK-RNN-V 5.86 4.09 37.57
Embedding Embedding Embedding PK-RNN-V PK-RNN-V E with Feedback 5.39 3.64 25.41
Model  pK-RNN-V E with Full
® & o o o o0 5.37 3.62 25.05
Feedback
v Table 1: Model performance comparing different types of PK-RNN-V and Bayesian Models
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Figure 1: PK-RNN-V model architecture : N | YA\ *
Methods
The population-level Bayesian model VTDM! is our baseline. The .
original PK-RNN-V models predicted individual patient volume \
distribution (v) and vancomycin elimination (k) at each time step £ 030- -4 5l
using an irregular timesteps GRU model. PK-RNN-V feedback uses I I | I I \l / N
the first measurement to adjust its hidden state. The variant that T e e s om0 w e w o ae a0 g
takes all measurements available as PK-RNN-V full feedback. Figure 3: A sample patient in whom PK-RNN-V E with feedback model predicted
Additionally, we use model ensembling (PK-RNN-V E) to get a vancomycin levels better than the VTDM model.
osterior estimate of the vancomycin concentration. :
P Y Conclusion
e | Dpay1 | | Dayz | | Days | | Days |
1. The evaluation results revealed the superior performance of PK-
40 . .
L RNN-V models when compared with Bayesian VTIDM models;
‘§ ZZ 2. PK-RNN-V E model can integrate real-time patient-specific data
E” 2 rr— from EHR, allowing real-time therapeutic drug monitoring and likely
5 1s leading to precision dosing of vancomycin;
10 [ Normal Vancomycin Level ].
. 3. Potential biases due to the study design cannot be evitable;
0 Q Additionally, we did not have access to commercially available
Loading dose | DoseAdjustment | . :
Casof e Bayesian models for the comparison.
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Figure 2: The simple schematic time sequence of an example patient from our cohort. with methicillin-resistant Staphylococcus aureu 1
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