
PK/PD data analysis is a cornerstone of drug development and efficacy and safety studies. However, individual-level PK/PD data is difficult to obtain. Ideally, the availability of individual patient data (IPD) would allow 

methods such as model-based meta-analysis (MBMA), to provide a better characterization of the relationships between covariates and PK/PD parameters. Differently from previous research aiming to integrate AD and IPD 

in a combined meta-analysis (S.Weber [1], L.Yang [2]), we exploit generative-AI to regenerate IPD from AD, with the ultimate aim of enabling an IPD MBMA. 

To test the methodology, we simulated a scenario where a generative model is trained using IPD from a single study and can then generate IPD data from the population statistics of a number of other simulated studies. 
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IPD of drug effect on the Forced Expiratory Volume in 1 second (FEV1) were simulated 

using eq.1, based on a similar model structure as described in C. Llanos-Paez [3].

 𝐹𝐸𝑉1𝑖,𝑗,𝑘 𝑡

= 𝐵𝑖,𝑗,𝑘 𝐶𝑂𝑉, 𝜃𝐵𝑖 , 𝜂𝐵𝑖𝑘 + 𝐷𝑃𝑖,𝑗𝑘 𝑡, 𝐵𝑖,𝑗,𝑘 , 𝜃𝐷𝑃𝑖 , 𝜂𝐷𝑃𝑖𝑘  𝑃𝐵𝑂𝑖𝑘 𝑡, 𝜃𝑃𝐵𝑂𝑖 , 𝜂𝑃𝐵𝑂𝑖𝑘

+ 𝐸𝑖,𝑗,𝑘,𝑥 𝑡, 𝑥, 𝐵𝑖,𝑗,𝑘 , 𝜃𝐸𝑖𝑥 , 𝜂𝐸𝑖𝑘𝑥 + 𝜀𝑖,𝑗.𝑘

The PK/PD model

Initially, the core computational framework employed a WGAN architecture, with a Long Short-Term Memory (LSTM)-based 

generator and a dense critic network. The generator is trained to capture temporal dependencies in trial data, in particular between 

𝐹𝐸𝑉(𝑡), 𝐶𝑂𝑉, and 𝐸𝐷50 and Emax. During the training, the critic evaluates the generated data to optimize the Wasserstein 

distance, guiding the generator towards producing realistic outputs. During the test phase, a set of covariates are sampled from the 

AD of Trials 1-7 for each individual we want to simulate, and used as input to the model that will generate the corresponding 

FEV1(t) profile. This results in the reconstructed external IPD dataset (the external ML-generated data). The mechanism of the 

network as well as the structure of the generator and critic can be seen in Figure 1

After further consideration, we decided to employ a Conditional Variational Auto-Encoder structure to provide a methodology 

independent of drug-specific parameters (ED50, Emax…) and solely based on the averaged evolution of FEV1 during the trials, 

traditionally reported in publications.
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Discussion and next steps

The ML-generated values  greatly resemble the values obtained by the PK/PD model that we consider as ground-truth. The experiment produced a set of samples that scored an 

average sum of squared estimate errors of 0.3311 (0.2117 – 0.4799) against the expected PK-PD model response.

This  methodology demonstrates a scalable approach for generating synthetic pharmacological individual trial data, providing a foundation for further analysis and predictive 

modelling while mitigating concerns associated with data privacy and scarcity. 

A limitation of the performed analysis is that assumes a PK/PD model very similar across studies, which implies that comparative studies should be performed only for drugs 

with a similar mechanism of action to avoid bias in profile generation. 

The main aim once the ML data reconstruction algorithm is fully optimized is to study model improvement by performing IPD MBMA. Early attempts at meta-analyzing the 

data generated can be seen in the figure to the right.
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