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Abstract
Recurrent neural network (RNN) has been proved as a powerful tool for
analyzing various types of time series data. There is limited knowledge
about the application of the RNN model in the area of pharmacokinetics
(PK) and pharmacodynamics (PD) analysis. In this project, a specific
variation of RNN, Long Short-Term Memory (LSTM) network, is presented
to analyze the simulated PK/PD data of a hypothetical drug. The plasma
concentration and effect level from patients under one dosing regimen were
used to train the LSTM model. The developed LSTM model was then used
to predict the individual response data under other dosing regimens. The
optimized LSTM model captured temporal dependencies and predicted PD
profiles accurately for the simulated indirect PK-PD relationship. The
results demonstrated that the generic LSTM model can approximate the
complex underlying mechanistic biological processes.
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Introduction
Model‐informed drug development (MIDD) refers to the application of a
wide range of quantitative models in drug development to facilitate the
decision‐making process. MIDD was formally recognized as an important
enabler of efficient and effective drug development and included in the
Prescription Drug User Fee Act (PDUFA) re‐authorization performance
goals and procedures for fiscal years 2018 through 2022 (PDUFA VI). PK
and PD models are two important types of pharmacology models. PK
relates to the ADME (absorption, disposition, metabolism and elimination)
process and describes the concentration-time profile of drugs in the body
with the administration of a certain drug dose while PD describes the effect
resulting from a certain drug concentration. PK and PD models are
combined to describe the dynamic dose-concentration-response
relationships and determine the reasonable drug dosing regimen.
However, the traditional compartment modeling methods require
specification of model structures based on simplified hypotheses about the
body mechanism that may not represent complex nonlinear relationships
accurately. Hence, there were early efforts to apply neural network models
to quantify complex pharmacodynamic models even before the boom of
machine learning under the general artificial intelligence. Since then, there
have been continued interests to explore data-driven methods (i.e.,
machine learning approaches) for analyzing the PK/PD data.
Diverse machine learning algorithms have been developed progressively in
the past three decades and have been widely utilized in multiple phases
during the pharmaceutical drug development. The potential applications
rely on these algorithms’ ability to quantify complex relationships among
variables, recognize correlated patterns, and predict outcomes. An
advanced variation of Recurrent Neural Network (RNN), Long Short-Term
Memory (LSTM) network, is explored to analyze the simulated PK-PD data.
RNN was designed as a powerful model architecture for processing and
predicting data with gaps and delays in time series. Such a feature can be
utilized to address a common phenomenon observed in the PK/PD field.
The classic methods to handle the delay between plasma drug
concentration (PK) and PD response are the effect-compartment method
and the indirect PK/PD method. The ability of LSTM model to describe the
underlying indirect or delayed PK/PD relationship was explored.

Methods

Results and Discussion

A hypothetical orally administrated drug X was used to generate PK and PD
profiles for 60 simulated patients. The PK and PD of drug X is described by
a three-compartment population PK model and an indirect-response
model. Each patient was assumed to take doses (250-2000 mg) under
various dosing regimens (i.e., QD, BID, TID, and random) for 7 days. The
measurements of plasma concentration and PD effects were taken every 0.5
hours.
Several LSTM RNN models that varied in their number of hidden layers
and neurons are constructed and trained to use the time sequence of
plasma concentrations along with patient baseline PD values and patient
demographics to predict the PD response under QD regimen. The simplest
model that predicted the PD response with acceptable error was then used
to evaluate the extrapolating ability of LSTM in patients given the drug
according to other different schedules, i.e., BID, TID, and random-dosing
regimens.

The simulated PK and PD profiles under the once-daily regimen are shown
in Figure 2. The optimized LSTM model captured temporal dependencies
and predicted PD profiles accurately for the simulated indirect PK-PD
relationship at the individual level as shown in Figures 3. The high
consistency between the true PD profiles and the LSTM model-predicted
PD profiles in all cases demonstrates that the LSTM model can quantify the
underlying PK-PD relationship and predict PD profiles under new PK
profiles. Similar results were obtained when the model was trained based
on TID data (Figure 4).

Figure 5. Comparison of weights used in QD-trained model and TID
trained model. The dashed diagonal represents the line of unity.

Figure 2. Individual examples for simulated PK and PD profiles of the drug
under the QD regimen.

The model trained from relatively sparse data shows an inferior predicting
performance, especially when predicting the PD outcomes under other
regimens (Figure 6). Even though the model can reasonably predict the
complete PD profile under the QD regimen, the predictions for BID and
TID are not acceptable, suggesting the lack of sufficient data to train a
robust model for BID and TID extrapolation. Model prediction with
unevenly distributed time points is still a challenge.

Figure 3. Individual examples for fitting and predictions with QD-trained
LSTM model following different dosing regimens: (a) QD, (b) BID, (c) TID,
and (d) random dosing intervals.

Figure 6. Individual examples for predictions with sparse QD-trained model
under different dosing regimens: (a) QD, (b) BID, (c) TID, and (d) random
dosing intervals.

Furthermore, a sparse subset with 100 randomly selected measurement
points for each dose was generated to investigate the performance of the
LSTM network for modeling data with irregular time interval.
It is common that a more frequent dosing regimen was approved first, and
a less frequent dosing regimen was then developed for convenience during
the new drug development. Therefore, another model was trained based on
the PK/PD data under the TID regimen, and the PD data for each
individual under other regimens (BID and QD) were used as the testing
dataset to evaluate the extrapolating ability of this model.

The comparison of the two sets of parameters shows that these two models
can generate similar PD profiles with highly different parameter estimates
with the same model architecture (Figure 5), a common characteristic of
complex machine learning models.

Conclusion
This study evaluated the feasibility of applying the LSTM RNN model as an
alternative method to analyze PK/PD data with delays.

Figure 1. Block Diagram of the recurrent module of an LSTM network

The complex underlying mechanistic biological processes can be
approximated by the generic LSTM models.
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Machine learning models and mechanistic models can certainly
complement each other to help improve the efficiency of drug development
and optimize the treatment for individual patients.
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* W is weight matrix, b is bias matrix

The fast development of wearable sensors and mobile technology makes it
possible to continuously collect longitudinal response data that can be
Figure 4. Individual examples for fitting and predictions with TID-trained
LSTM model following different dosing regimens: (a) TID, (b) BID, (c) QD,
and (d) random dosing intervals.

used to build a robust LSTM RNN model or other data-driven machine
learning models.
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