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Abstract: Bioequivalence (BE) studies are clinical trials essential in demonstrating 
therapeutic equivalence across generic and reference medicinal products. 
Unfortunately, the lack of large samples and broad confidence intervals (CIs) limits 
their effectiveness. We present a hybrid data augmentation framework in this study 
that merges actual clinical and synthetic pharmacokinetic (PK) data generation with 
Wasserstein Generative Adversarial Networks (WGANs). Three randomized, 
single-dose, 2 × 2 crossover BE datasets (lisinopril, amlodipine, and aceclofenac) 
were used to develop WGAN-based analyses to directly convert them to virtual 
subject data. Hybrid datasets were generated by pooling real and synthetic data in 
fixed proportions while keeping a constant real sample amount. The hybrid datasets 
were analysed with respect to baseline BE metrics, including geometric mean ratio 
(GMR), 90% CI, as well as within-subject variability over PK data components, 
including AUC, Cmax, and the recently proposed average slope (AS). Hybrid 
datasets achieved a significant reduction in 90% CI widths, with an average 
reduction of up to 6.7% across all drugs and parameters. For example, in the case 
of aceclofenac and Cmax, the hybrid 50–150 model reduced the width by 
approximately 59.8%, decreasing from 18.86% to 7.59%. These results suggest that 
WGAN-based hybrid datasets can improve the statistical robustness and 
reproducibility of BE assessments if used as supporting evidence. Whilst clinical 
data needs to be the foundation for regulatory decisions, hybrid data may be useful 
for study design minimization and design, sensitivity assessment, and uncertainty 
reduction particularly in areas where large-scale recruitment is not feasible or an 
ethically untenable condition. 

 Keywords: Wasserstein Generative Adversarial Networks; generative AI; data 
augmentation; hybrid datasets; bioequivalence studies 

1. Introduction 

An estimation of the sample size required is one of the most common challenges in designing and conducting 
bioequivalence (BE) studies, and directly impacts the time, cost, and ethical feasibility of the study. Statistical 
power is critical because BE studies seek to show whether a generic formulation shares the same pharmacokinetic 
(PK) properties as the drug under consideration. Such underpowered trials could produce wide 90% confidence 
intervals (CIs) that surpass regulation approval limits (80–125%), leading to inconclusive or failed research [1].  

Conversely, when participants should not be overestimated in quantity as they are healthier subjects who, 
when exposed to the drug of the experiment, do not take medication, leading to high cost, increased ethical issues 
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at the very least. This is further weakened by the different PKs in the participants, which can mean that sample 
size requirements are unpredictable [2].  

Hence, the design of BE studies often demands careful compromises between practical considerations of 
ethics and statistical reliability. But this more complex problem has recently been tackled with technology and 
Artificial Intelligence (AI) breakthroughs, and can lead to more novel solutions. Machine learning algorithms have 
been applied to a multitude of biological challenges, such as image interpretation and the personalization of 
medicines and treatments, over the past 10 years [3].  

Regarding AI, generative models like Generative Adversarial Networks (GANs), proposed by Goodfellow 
et al. [4], have exhibited powerful capability in fields including medical imaging, speech synthesis, and electronic 
health record management [5,6]. Recognizing the features of the data distribution by GANs facilitates the 
construction of synthetic distributions imitating that of real data, giving a means to augment a sparse set of data. 
The Wasserstein GANs (WGANs) build upon this work by incorporating the earth mover’s distance to its loss 
function for better training stability and distribution preservation [7,8]. GANs, especially WGANs, may be vital 
for health care research in countries where there is an acute lack of data.  

Despite the remarkable progress of the researchers, conventional methods to calculate the size of study 
populations from BE analyses mostly use population variability assumptions, which are not necessarily well-
served by actual data. This challenge often results in repeated study designs, protocol changes, and duration 
extensions, which significantly increase costs. Also, more alarming, the need to recruit many healthy volunteers 
introduces additional ethical challenges. Especially because current clinical data might be more easily used. In this 
setting, AI-synthetic data augmentation offers a disruptive alternative. It enables scientists to accurately model 
heterogeneity in the whole population, optimize the design before recruiting, or possibly cut down the number of 
participants required for any single study.  

With today’’s latest research and advances in knowledge, however, the state cannot incorporate generated, 
AI-augmented, or hybrid data as part of BE assessment. The current guidelines of the European Medicines Agency 
(EMA) [9] and Food and Drug Administration (FDA) [10] state to be developed by the utilization of actual patient 
data and using existing statistical techniques, including ANOVA and the two one-sided tests procedure. 
Furthermore, the recently finalized ICH M13A guideline on BE for immediate-release solid oral dosage forms, 
emphasizes solely on the reliance on actual patient data and the already well-established statistical techniques. It 
is imperative that AI-generated data be addressed by the regulatory bodies to evaluate their potential benefits and 
limitations within the BE environment [11]. The old methods and standards, like the previous, are patient-
protection measures, while innovative approaches that might work towards efficiency in a clinical trial only exist 
here. This wide gap between the state-of-the-art technologies available and the actual regulations makes it critical 
that continued research is conducted to assess whether AI-generated data can be responsibly used to supplement real-
life evidence. The rapid AI evolution has moved beyond simple frameworks to include diverse architectures like 
stable diffusion and transformer-based models, which are increasingly applied to solve complex biological problems. 
Recent research has demonstrated the utility of these models in generating synthetic medical data, particularly in 
addressing the limitations of small datasets. These advancements highlight a shift toward more robust data 
augmentation strategies, setting the stage for their application in highly regulated fields such as BE [12–14]. 

In this context, previous works from our lab investigated experimental strategies to fill this gap by applying 
WGANs on BE datasets. We showed that WGAN-generated datasets had statistical characteristics like the original 
dataset, while the sample one was unable to make the same [15]. The similarity metrics (original versus synthetic, 
original versus conventional sampling) and statistical power were assessed for the synthetic datasets. This proof-
of-concept work showed that AI-based augmentation can make BE evaluations more interpretable and dependable 
without losing the core of a true clinical study, as they need to be true to the actual clinical data. AI models for 
data augmentation have been applied in clinical and BE studies on a much larger scale. Historically, WGANs have 
been used for Monte Carlo simulations such that the generated data remained closely approximating the statistical 
characteristics of the source population [16], with similar data for previous work. For studies of highly variable 
drugs, it was shown that the WGAN-based approaches, when compared with reference-scaled EMA and FDA 
methods, showed equivalent or better performance compared to the regulator-standard. Interestingly, results were 
improved across larger augmentation ratios, emphasizing the utility of WGAN in highly variable conditions [17]. 
Likewise, Variational Autoencoders (VAEs) were tested in multiple simulation scenarios, with a consistent 
increase in numerical power, mainly in analyses that didn’’t completely represent the original population attributes. 
In BE studies, the VAE-generated datasets maintained similar or even better performance compared to the original 
datasets [18,19]. In the extreme cases of extremely variable drugs, the VAE-generated data again exhibited higher 
statistical power than the sample datasets, indicating robustness and reliability of the approach [20].  
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Based on this base, the current study presents a hybrid dataset framework whereby real clinical data are mixed 
with WGAN-generated data in different percentages for the first time. This approach introduces an innovative 
technique for using generative AI in business ethics, addressing one of the most enduring challenges in the field: 
the precise determination of sample size.  This objective is addressed by investigating whether and to what extent 
hybrid datasets will narrow CI widths, better represent the variability of the population, and provide more 
reproducible BE results by examining pharmacokinetic parameters such as the AUC, Cmax, and a newer average 
slope (AS) metric [21] (Figure 1). The long-term aim is to provide a theoretical basis addressing not only traditional 
methodology and statistical constraints on sample size estimation but also to prepare the ground for regulatory 
negotiations over meaningful integration of AI in the BE trial assessment process. Given the current extent of the 
need for exploring this type of approach within a BE research context, this study is the first to propose this approach.  

 

Figure 1. Depiction of the proposed hybrid dataset approach. The sample from the population serves as an input in 
the WGANs, which then generates a population as an output. The two datasets (sample + generated population) can 
be joined to create a hybrid dataset, thus enhancing the statistical power and reducing potential errors. A framework 
illustrating how the power of real clinical data and the power of generative AI may be coupled to produce powerful results. 

2. Materials and Methods 

The study methodology can be divided into three main components. First, a thorough examination of real BE 
datasets on which WGANs will be implemented was undertaken. Next is the hyperparameter tuning of the WGAN 
model. Finally, different types of hybrid models are proposed and assessed that will combine real and WGAN-
generated data. By assessing real BE datasets against the limits set by the FDA and the EMA [9,10], the 
behaviour of the generated data and the hybrid models can be evaluated, compared to the real data, and how 
well they can co-exist. 

2.1. Actual BE Data Used in the Analysis 

The first part of the research involved selecting the datasets of the BE studies, served as the foundation of the 
analysis. Recent studies were deliberately chosen for different types of drugs and number of subjects. The studies 
share two characteristics: are randomized, single dose, 2 × 2 crossover studies and the subjects were in a fasted 
condition (Table 1). The number of subjects (N) represents those who completed the BE study after initial 
screening, application of exclusion criteria, and any protocol violations or partial withdrawals.  

Table 1. Summary of the BE studies used as input data for WGANs. 

BE Study Li et al. [22] Li et al. [22] Bushra et al. [23] 

Study Type Randomized, single dose,  
2 × 2 crossover study 

Randomized, single dose,  
2 × 2 crossover study 

Randomized, single dose,  
2 × 2 crossover study 

Drug Name Lisinopril Amlodipine Aceclofenac 
Drug Type ACEI Dihydropyridine-based CCB NSAID 

Fed/Fasted Conditions Fasted Fast Fasted 
N (Completed) 39 39 12 

Key: ACE, angiotensin-converting enzyme inhibitors; CCB, calcium channel blockers; NSAID, non-steroidal anti-inflammatory drugs. 
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The research is focused on the following pharmacokinetic parameters: area under the curve (AUC) and peak 
drug concentration (Cmax), which are depicted in the following figure (Figure 2a). Additionally, the AS was 
calculated for each dataset, based on recent research, where AS exhibited the necessary properties, including 
kinetic sensitivity and proper units, making it a more reliable metric compared to the Cmax, which primarily 
reflects the extent rather than the rate of absorption and lacks appropriate kinetic units (Figure 2b) [21,24].  

The 90% CI width was calculated as the difference between the upper and lower confidence limits of the 
90% CI for the geometric mean ratio of the ln-transformed AUC and Cmax, as specified in the FDA and EMA 
guidelines on the Investigation of BE [9,10]. 

 

Figure 2. Visual representation of the parameters examined in this research: (a) Area under the curve (AUC), which 
is the integral of the plasma concentration-time curve, and highest concentration (Cmax), which refers to the peak 
level the drug achieves in the body. Both are derived from the plasma concentration-time curve, as depicted. This 
curve is generated by giving a drug to a subject, taking blood samples at various time points, and measuring the 
amount of tested drug present in the blood plasma; (b) AS, which is calculated by the average of the tangents 
between two consecutive points [21]. 

2.2. WGANs and Hyperparameter Tuning 

GANs consist of two neural networks, a Generator (G) and a Discriminator (D), that are trained against each 
other to improve the quality of data generation, by following a two-player minimax game with a value function 
𝑉𝑉(𝐷𝐷,𝐺𝐺) (Equation (1)) [4,25]: 

min𝐺𝐺max𝐷𝐷𝑉𝑉(𝐷𝐷,𝐺𝐺) = 𝐸𝐸𝑥𝑥~𝑝𝑝data(𝑥𝑥)�log 𝐷𝐷(𝑥𝑥)� + 𝐸𝐸𝑧𝑧~𝑝𝑝𝑧𝑧(𝑧𝑧) �log �1 − 𝐷𝐷�𝐺𝐺(𝑧𝑧)���. (1) 

G’s purpose is to create, from random noise (𝑝𝑝𝑧𝑧(𝑧𝑧)), convincing fake data that looks like real data (𝑝𝑝data(𝑥𝑥)), 
by learning the underlying distribution of the real data and mimicking it. On the other hand, D’s goal is to correctly 
distinguish the real from the fake data that were produced by the G: 
(1) 𝐷𝐷(𝑥𝑥) ≈ 1, meaning that D thinks the sample is real, or 
(2) 𝐷𝐷(𝑥𝑥) ≈ 0, meaning that D thinks the sample is fake 

During this minimax game, G and the D compete against each other until they reach an equilibrium. D must 
correctly classify both real and fake samples, while G wants to minimize the performance of the D on the fake data.  

However, GANs face the problem of unstable training, which can be a major hurdle and can result in mode 
collapse, in which the generator produces similar outputs. In order to address this, WGANs introduce the 
Wasserstein distance (Equation (2)) [7] as their loss function, offering smoother gradients that increase training 
stability and convergence [25]: 

𝑊𝑊�ℙ𝑟𝑟 ,ℙ𝑔𝑔� = 𝑖𝑖𝑖𝑖𝑖𝑖𝛾𝛾∈𝛱𝛱�ℙ𝑟𝑟,ℙ𝑔𝑔�𝔼𝔼(𝑥𝑥,𝑦𝑦)~𝛾𝛾[‖𝑥𝑥 − 𝑦𝑦‖], (2) 

where: 



Nikolopoulos and Karalis   Appl. Math. Stat. 2026, 3(1), 3 

https://doi.org/10.53941/ams.2026.100003  5 

• 𝛾𝛾 ∈ 𝛱𝛱�ℙ𝑟𝑟 ,ℙ𝑔𝑔� means that 𝛾𝛾 serves as a joint probability distribution that specifies how much probability 
mass should be moved from every point 𝑥𝑥 in ℙ𝑟𝑟, to every point 𝑦𝑦 in ℙ𝑔𝑔. 

• The constraint 𝛱𝛱�ℙ𝑟𝑟 ,ℙ𝑔𝑔� ensures that with the sum of all the mass leaving from ℙ𝑟𝑟 you get ℙ𝑟𝑟 itself, 
and with the sum of all the mass arriving at ℙ𝑔𝑔 you get ℙ𝑔𝑔 itself (conservation of mass). 

• ‖𝑥𝑥 − 𝑦𝑦‖ refers to the distance (typically Euclidean) between the two points 𝑥𝑥 (source) and 𝑦𝑦 (destination). 
The cost is the distance the mass must travel. 

• 𝔼𝔼(𝑥𝑥,𝑦𝑦)~𝛾𝛾[‖𝑥𝑥 − 𝑦𝑦‖] refers to the calculation of the expected total cost for a given transport plan 𝛾𝛾. 
• The final term 𝑖𝑖𝑖𝑖𝑖𝑖𝛾𝛾∈𝛱𝛱�ℙ𝑟𝑟,ℙ𝑔𝑔� stands for the infimum, the greatest lower bound, so that the equation should 

iterate through all possible transport plans and then select the one that results in the minimum total cost 
(𝑊𝑊�ℙ𝑟𝑟 ,ℙ𝑔𝑔�). 

This loss function helps to determine how different the generated data are from the real ones [26,27]. This 
method keeps the discriminator from becoming too strong, resulting in balanced training between the two 
networks. The use of Wasserstein distance in WGANs helps in a better alignment of generated and real data 
distributions, which improves the quality of synthetic data [26]. Concluding, WGANs showcase a more robust 
framework in generative AI, which makes them well-suited for applications that require stable training and high-
quality data generation. 

The architecture of the WGAN model and the hyperparameter tuning are of utmost importance, because they 
can directly impact the ability of the generated data to co-exist with the real data. In the following table (Table 2) the 
different values that were evaluated for each hyperparameter or parts of the WGAN architecture. After thoroughly 
examining different scenarios, the optimal combination for the model was selected. Finally, to ensure consistency, 
robustness, and reproducibility, these parameters remained constant throughout the whole research process. 

Table 2. Architecture of the WGAN algorithm and the different values that were examined during the 
hyperparameter tuning of the model. 

Generator-Critic Hidden Layers 1   
Neurons in Hidden Layers 4 6 8 

Activation Function Hidden Layers linear ReLU  
Output Layers sigmoid tanh linear 

Learning Rates 0.01–0.00001   
Latent Dimensions 80 100 120 

Batch Size 32 64 128 
Epochs 150 300 500 

Based on the hyperparameter tuning summarized in Table 2, the final WGAN configuration used one hidden 
layer with 6 neurons in both the generator and the critic. A latent space dimensionality of 100 was used, with ReLU 
activation functions in the hidden layers and linear activation at the output layer to enable unconstrained generation 
of continuous pharmacokinetic variables. A learning rate of 1 × 10−4, batch size of 64, and 300 training epochs 
were used for model training. In order to provide reproducible and stable generative processes, such as in this 
paper, the WGAN architecture, as well as any hyperparameters attached to it, was kept the same across all drugs 
and pharmacokinetic parameters studied. A fixed random seed was used for the initialization of the network, 
updates of weights, and shuffling data so as to minimize random initialization-induced stochastic variability. Each 
training and generation procedure was repeated multiple times under exactly the same conditions. They were then 
used to examine the convergence stability of outputs obtained from the generator itself, and all those produced are 
then tested in general. Reproducibility and stability were controlled similarly, as well, in our previous work, where 
the following repeated Monte Carlo simulations, extensive hyperparameter tuning, and distributional similarity 
evaluation between original, resampled, and generated data were applied and validated [15–17]. These iterative 
methods reduce the effect of random variability inherent in GAN training, help in the detection of convergence 
instabilities of the model or mode collapse, and confirm the reported hybrid data features are representative of 
stable model behavior, independent of each random fluctuation that occurs in the data. 

In addition, we should note that the WGAN model was independently trained on each investigated drug 
(lisinopril, amlodipine, and aceclofenac) separately. For all studies, the respective AUC, Cmax, and AS 
pharmacokinetic summary parameters (as indicated in original BE data sets [22,23]) were included in the inputs 
for the model. Its raw concentration–time profiles were not used for processing, nor was it used to model 
physiological pharmacokinetic constants (bioavailability or absorption rate constants). It concentrated solely on 
the direct generation of the BE assessment parameters used for the following statistical analyses. 
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2.3. Hybrid Model Approach 

This study examines hybrid models that combine real sample data with WGAN-generated distributions 
(“virtual patients”) in varying proportions. Their performance was evaluated by holding a fixed real sample size 
and increasing the overall hybrid dataset size as the generated data was added. Figure 3 illustrates the technique: 
a random selection of half of the available dataset (i.e., half of the subjects from the original BE dataset) was used 
as input to the WGAN model. The model then created a synthetic population of "virtual patients", which was 
combined with the sample to form hybrid models where real and generated data coexist. 

 

Figure 3. Illustration of the hybrid dataset approach introduced in this study: (a) the hybrid 50–50 approach 
combines equal proportions of sample and generated data; (b) the hybrid 50–100 approach includes twice as much 
generated data as the sample dataset; and (c) the hybrid 50–150 approach incorporates three times the generated 
data compared to the sample dataset. The three different ratios serve as a first step for assessing the feasibility of such 
a methodology and showcasing the performance of using a greater amount of generated data in each hybrid model. 

An examination of three types of hybrid models was undertaken. The “Hybrid 50–50” consists of an equal 
mix of real and generated data. The “Hybrid 50–100” and “Hybrid 50–150” expand the dataset by two and three 
times the sample size, respectively. These variations allow us to assess the extent to which real and generated data 
can coexist effectively and how their interaction changes as the proportion of generated data increases. For each 
hybrid scenario, the metrics of the corresponding generated one were also noted to provide a total perspective of 
the performance of the WGANs. 

For the evaluation of each distribution (original, sample, generated, and hybrid), the metrics calculated 
included the geometric mean ratio (GMR), 90% CI (upper and lower limits, as well as width), and within-subject 
coefficient of variation (CVw), which was calculated through the residual variability of the ANOVA analysis. 
These metrics were selected due to their critical role in assessing the BE of a study. 
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3. Results 

As previously stated, certain metrics were calculated for each drug and pharmacokinetic parameter in order 
to evaluate the distributions’ performance. The findings for each parameter were collected in separate tables, and 
the corresponding figures serve as a visual depiction of the 90% CI widths between the original and hybrid 
distributions. Figure A1 shows histogram-based comparative observations of original, sparsely sampled, and 
WGAN-driven datasets, presenting a controlled demonstration of distributional similarity and generative fidelity 
amidst differing Test–Reference discrepancies. 

Table A1 contains the AUC parameter results. For lisinopril, the GMR and CVw values for all hybrid datasets 
were closer to the originals, whereas the sample dataset’s values were greater than both the original and hybrid 
values. Amlodipine behaves similarly, with the GMR and CVw corresponding more closely to the original than 
the sample dataset. For aceclofenac and the GMR metric, only the hybrid 50–100 scenario was closer to the 
original. However, the CVw for all hybrid datasets were more like the original dataset than the sample to the 
original dataset. In total, for most cases, the hybrid scenarios achieved metrics much more related to the original 
dataset than what the sample could achieve. Figure 4 illustrates the comparison of the 90% CI widths. Amlodipine 
and aceclofenac perform similarly in the hybrid 50–150 scenario, having the smallest width compared to the other 
scenarios and the original. On the other hand, the widths of lisinopril are narrowing, except for the hybrid 50–150, 
which is slightly broader than the hybrid 50–100 scenario. 

 

Figure 4. Comparison of the 90% CI widths for the AUC values between original and hybrid distributions for each 
drug. Here, the original distribution (real data) serves as a baseline next to the results of the hybrid models. For 
each type of drug, real data showcase a bigger width percentage as opposed to the hybrid models. The figure also 
demonstrates the reduction in width percentage in most case scenarios (except for the hybrid 50–150 of lisinopril). 

Table A2 shows the Cmax parameter results. To begin, lisinopril behaves similarly to the AUC metric, with 
the GMR and CVw values for all hybrid datasets closely resembling the original dataset rather than the sample. 
Except for the hybrid 50–100 scenario, the GMR values for amlodipine are identical to those for the original. In 
terms of CVw, however, all hybrid scenarios resemble the original more than the sample does. Finally, for 
aceclofenac, the GMR and CVw metrics in the hybrid situations are more closely connected to the original values 
than the sample is. Once again, most hybrid scenarios could better capture the original dataset’s characteristics 
than the sample dataset’s ones. 

Figure 5 provides the same information as Figure 4, but for the Cmax parameter. It is clear that all hybrid 
situations, regardless of drug type, had a narrower width than the original dataset. As the percentage of generated 
data increases, the width decreases. 
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Figure 5. Comparison of the 90% CI widths for the Cmax values between original and hybrid distributions for each 
drug. Here, the original distribution (real data) serves as a baseline next to the results of the hybrid models. For 
each type of drug, real data showcase a bigger width percentage as opposed to the hybrid models. The figure also 
demonstrates the reduction in width percentage as the hybrid model incorporates more generated data. 

Table A3 shows the results for the AS parameter. Starting with lisinopril, the hybrid scenarios for both CVw 
and GMR metrics appear to more closely mirror the original dataset than the sample. GMR and CVw values are 
closer to the original in two of the three hybrid scenarios for amlodipine (hybrid 50–50 and hybrid 50–150), 
whereas in the hybrid 50–100 scenario, the CVw is closer to the original, but the GMR is not. Finally, for 
aceclofenac, all hybrid scenarios have GMR values closer to the original dataset; however, only the scenario hybrid 
50–150 has a CVw value closer to the original than the sample does. To summarize, most hybrid scenarios’ values 
were closer to the original dataset than the sample’s. 

Figure 6 follows the logic of Figures 4 and 5, but with the AS parameter. The widths of all hybrid scenarios 
were smaller than the originals, with the width decreasing as the hybrid scenario contained more generated data, 
for all types of drugs. 

 

Figure 6. Comparison of the 90% CI widths for the AS values between original and hybrid distributions for each 
drug. Here, the original distribution (real data) serves as a baseline next to the results of the hybrid models. For 
each type of drug, real data showcase a bigger width percentage as opposed to the hybrid models. The figure also 
demonstrates the reduction in width percentage as the hybrid model incorporates more generated data. 
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Figure 7 depicts the average performance of each hybrid scenario in terms of 90% CI widths compared to the 
original ones, for all types of drugs and different parameters. This figure serves as an efficiency metric to depict 
the behaviour of the different hybrid scenarios. The average width difference for the 50–150 hybrid scenario is 
clearly the largest, and it increases as the percentage of generated data in the hybrid dataset increases.  

 

Figure 7. Comparison of the hybrid models against the original distributions. The widths of 90% CI were taken 
into consideration for all different types of drugs (lisinopril, amlodipine, aceclofenac) and the three parameters 
examined in this study (AUC, Cmax, AS). For each pair of calculations (e.g., lisinopril-AUC-original width minus 
lisinopril-AUC-hybrid 50–50 width), the values were noted and later the average difference for each one of the 
three different hybrid models (50–50, 50–100, 50–150) was calculated. 

4. Discussion 

WGANs were shown to have significant advantages for BE datasets by existing studies, where they can 
effectively produce synthetic pharmacokinetic profiles that are comparable to the original population [15]. 
Synthetic data in the study reproduced essential population characteristics while narrowing the size of the 90% 
CIs for that group of patients, showing that AI-based data augmentation may be a promising complement to 
traditional BE analyses. But those scenarios were primarily concerned with fully generated datasets and did not 
explicitly outline the drawbacks of synthetic data alone, or the potential benefits of integrating generated data with 
actual clinical observations. Here, we build on this methodological backbone with hybrid data sets that combine 
real clinical data with WGAN-generated data in three fixed proportions. We tested this strategy with three 
randomized, single-dose, 2 × 2 crossover BE studies involving lisinopril, amlodipine, and aceclofenac [22,23]. 
AUC, Cmax, and the recently proposed AS [21,24], which are key PK parameters, were investigated. The basic 
question was that if hybrid data sets could achieve greater reductions in CI widths and greater reproducibility, 
population-level statistical characteristics should be more than just one-hot subsampling/generation methods allowed. 

Furthermore, under the current rules of the European Medicines Agency (EMA) and the U.S. Food and Drug 
Administration (FDA) that have been promulgated recently, BE findings should reflect real clinical data, analyzed 
using established statistical methodologies [9,10]. Moreover, while the ICH M13A guideline aims to harmonize 
BE study designs, it primarily focuses on traditional clinical frameworks, without stating anything regarding the 
use of synthetic data generated from AI models [11]. It is this point that stands out most. Despite the accelerated 
development of generative models in biomedical research, regulatory science has not yet delineated formal 
mechanisms to include AI-derived data in a confirmatory clinical assessment. However, there is increasing 
acknowledgement of the value proposition for the role artificial intelligence in drug development and clinical trial 
design has for this type of evidence, use of novel compounds [28,29], evidenced through pilot programs and 
reflective papers that focus on the ethical considerations and methodology relevant to the fusion of machine 
learning and empirical data [30,31].  
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On this changing horizon, this paper provides a practical use case that illustrates how AI-supported data, 
when openly integrated with real datasets, can improve the statistical robustness of BE analyses, while respecting 
the supremacy of clinical outcomes. An overarching principle underlying this effort is that AI-generated data 
should complement rather than replace actual clinical data. The findings indicate that while generated-only datasets 
frequently mimic the original population in summary statistics, they are not clinically proven and are not suited 
for regulatory acceptability, so they cannot contribute to BE conclusions independently. In contrast, hybrid datasets 
exhibited narrower 90% CI widths per drug and PK parameter investigated, but with central tendency estimates 
on the same level as the original data.  

In the three drugs involved, hybrid augmentation was consistently beneficial. When comparing both lisinopril 
and amlodipine, hybrid data sets resulted in a better GMR and CVw accuracy, typically more similar to the original 
populations than the sample-based analyses. For aceclofenac, we found that the hybrid approaches were especially 
effective at CIs contraction for Cmax and AS, and thus they demonstrate the capacity to accommodate 
heterogeneity in compounds that may display different absorption and variability profiles. Despite the parameter 
and drug dependence of alignment with population variability, the general tendency provides evidence of the 
generalization effect of hybrid augmentation from several PK properties.  

Figure A1 presents histogram-level comparisons based on simulated and not the clinical models to validate 
the inherent generative power of the WGAN framework under fully controlled conditions by using simulated rather 
than the original clinical datasets. As we employ simulated populations, the mechanism by which true data is 
generated–such as population distributions, effect sizes, and variation structures–can be clearly expressed a priori, 
an impossible condition for real clinical datasets. This allows for a definitive assessment of a WGAN ability to 
retrieve known underlying distributions and not only to provide typical idiosyncratic features from proprietary trial 
data. Two established Test–Reference ratios (a = 1.00 and a = 1.05) are also included, ensuring a direct assessment 
of model behaviour under both bioequivalent and marginally non-equivalent conditions and demonstrating how 
differences in Test and Reference formulations are propagated by sparse sampling and generative augmentation. 
This controlled experimental environment for distinguishing fidelity from CI narrowing, however, is very 
important as it makes clear that the observed stabilization of pharmacokinetic metrics, which is a typical effect of 
generalisation, does not represent an artifact of data enrichment, but instead reflects true reconstruction of 
underlying distributions. 

One fundamental methodological issue is that just increasing the data size will automatically produce 
narrower CIs, so you cannot use the data to show the specific benefits of the WGAN enhanced feature on its own. 
To deal with this issue, our prior research extensively compared WGAN-generated data sets to conventionally 
resampled reference datasets matched for sample size, revealing that WGANs outperform naïve resampling with 
respect to preserving population-level features like geometric mean ratios and CVw, especially in small sample 
and highly variable conditions [15–17]. These studies also carried out highly elaborate hyperparameter tuning, 
repeated Monte Carlo simulations, and fixed random seeds to evaluate convergence stability and reproducibility 
for the independent runs. Expanding on this well-established framework, the current study follows identical 
architecture and reproducibility guarantees while adding hybrid real–synthetic datasets from an authentic BE 
experiment to the analysis. As shown in Figure 8, modest disparities in point estimates (especially for the AS) 
suggest that in short-run training data, the error structure of AS is more sensitive, local, and to the residual error 
than the generative model causes due to systematic bias [24]. In other words, this deviation affects point-estimate 
stability rather than BE decision boundaries and therefore does not imply inflation of type I error. This behaviour 
for this approach will allow a clearer, more systematic testing of the method by repeating experiments over several 
random seeds and by augmentation ratios, and will allow a more complete assessment of the effect, distilling 
stochastic sampling from actual generative performance. 

Tables A1–A3 also demonstrate that generated-only datasets offer rich contextual information but cannot 
supplant the clinical basis necessary for BE work. Hybrid models, in contrast, bring together the strengths of both 
worlds: the truthfulness of real clinical data and the statistical power of AI-enhanced augmentation. These results 
can have critical implications in terms of sample size. Although all analyses have been conducted with a fixed real 
sample size, the results indicate that a significant subset of actual subjects might keep important population 
characteristics for exploratory and design-stage models and analyses when used on the basis of generative data at 
the design and exploration level. In Li et al. [22], 39 subjects completed the trial, of whom 36 were used for model 
training; exploratory analyses suggest that a subset of 18 real subjects, when complemented with virtual patients, 
may preserve important population characteristics at the design and sensitivity-analysis stage, without implying 
any reduction in sample size requirements for confirmatory regulatory BE evaluations. Similarly, in the 
aceclofenac study conducted by Bushra et al. [23], hybrid models similarly behaved from a subset of 6 subjects. 
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These observations pertain to study planning and sensitivity analyses and are not indicative of a scaling down of 
sample size needed for confirmatory regulatory evaluations. 

To make these new findings relevant for the field of regulations, the guidelines that support the use of 
generative models in BE need to be transparent. On a technical level, convergence diagnostics, activation 
functions, learning rates, and batch sizes for GAN design parameters are to be standardized and uniformized for 
reproducible and homogenous results [32–35]. Challenges from a research standpoint could be the ratio of 
synthetic data to the real (for reporting, comparisons to independent validation data), as well as a number of hybrids 
(e.g. 50–50, 50–100) for model robustness [36–38]. Model architecture transparency, random seed control, and 
independent replication of findings are also critical [39,40]. Such steps would ultimately contribute to establishing 
that the hybrid models are scientifically sound and practical.  

Despite the potential benefits of the presented hybrid approach, several significant limitations should be 
identified. First, the current study included only 3 BE datasets based on randomized, single-dose, 2 × 2 crossover 
studies conducted in fasting conditions, thereby limiting the generality of the findings. Prior, however, to 
generalize these findings more broadly, it is necessary to validate these claims on other drug classes, formulations, 
dosing schedules, fed conditions, and study designs. Second, the WGAN generalization performance is sensitive 
to architectural decisions, hyperparameter adjustment, and random initialization: poor training or unstable 
convergence can introduce subtle bias, mode collapse, or variances that summary statistics alone wouldn’t reveal. 
The third problem concerns the generation of pharmacokinetic summary metrics (AUC, Cmax, and AS) rather 
than full concentration–time profiles, which restricts mechanistic interpretability and may obfuscate clinically 
relevant temporal dynamics of absorption and elimination. Fourth, the AI-assisted data set for regulatory 
application contains ethical/legal issues related to transparency, accountability, and reproducibility (e.g. [41–43]), 
emphasizing the importance of traceable model development pipelines and uniform reporting. A further important 
limitation related to statistical power may be considered in raising statistical power and the potential of false 
positive BE results. Hybrid augmentation diminishes CIs but is not to be exploited to circumvent stringent sample-
size restrictions. Conversely, generative AI should be treated like a sensitivity analysis and study-design 
optimization tool. Similarities and replicability of original distributions, generated distributions, and sampled 
distributions have been found to reduce false-positive rates and help maximize statistical robustness [15,16], and 
the inclusion of these safeguards should be systematically incorporated in future implementations. Additionally, it 
is important to distinguish whether CI narrowing is a real reappearance of variances at the population level or just 
the mathematical result of expanded dataset size. The current study shows that hybrid datasets preserve geometric 
mean ratios and CVw nearer to those of the original populations as compared to small empirical samples alone, 
but independent datasets and failed BE studies are necessary for further validation. Lastly, many regulatory bodies 
already take action against high pharmacokinetic variability with scaled acceptance limits, and WGANs have 
previously been examined in simulated extreme-variability scenarios [17]. The hybrid approach does not intend to 
mitigate abysmal formulation performance but to minimize uncertainty in the more borderline locations, in which 
recruitment is either ethically deficient or logistically difficult, to position it as a complementary, not a substitutive 
method within the existing BE paradigm. 

The ethical implications of blending AI-generated synthetic data into BE studies, particularly one focused on 
the partial replacement of actual human subjects, must be balanced effectively by the imperative to maintain 
evidence of clinical quality. So, in the present framework, synthetic data are introduced at the design and 
sensitivity-analysis stage to complement a defined proportion of enrolled subjects, while all confirmatory 
inferences remain exclusively based on empirical clinical data. The goal is that the use would reduce uncertainties 
and improve our statistical efficiency, while still keeping the clinical heart of this research firmly in patients’ eyes. 
All confirmatory inferences are still based on the empirical data in accordance with EMA, FDA, and ICH M13A, 
and hybrid datasets are employed as auxiliary tools for sensitivity analysis, uncertainty quantification, and design 
optimization. By keeping a strict separation between AI-driven augmentation and regulatory evidence generation, 
the approach attempts to avoid unnecessary exposure of healthy volunteers without upsetting either ethical 
standards or the scientific standards of valid BE results. 

Apart from the methodological implications, there is significant applicability of hybrid augmentation. 
Restricting the enrolment might cut study costs, logistical challenges, and may prevent unwanted risk to healthy 
volunteers. It is shown in Table 3 that using a fictitious WGAN-assisted design for small-molecule drugs, both 
pilot and pivotal studies, compared the traditional two-stage BE design [44]. The reduced number of participants 
and cost per subject outlined in the table were informed by simplified assumptions meant to help contextualize the 
potential operational significance of hybrid modalities, not empirical (validated) estimates. However, such data 
are illustrative, not representative of the regulatory acceptability of a potential loss in enrolling participants with 
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BE in confirmatory BE trials. Nonetheless, they also provide one useful theoretical model of what might change 
in practice because of hybridization in terms of trial efficiency. 

Table 3. Illustrative comparison between a typical BE study and a hybrid (50–50) scenario. Shown are example 
sample sizes and estimated total study costs for a conventional BE design using only real subjects and for a hybrid 
design in which 50% of subjects are supplemented by WGAN-generated virtual subjects. Cost estimates are based 
on a commercial analytical context, at a cost per sample of $200 (within the price range of $100–350 per sample), 
12 blood samples per period, and two dosing periods in a standard 2 × 2 crossover design. The “Estimated cost 
savings” column captures the difference between the estimated costs in both cases and the anticipated cost savings 
of lower recruitment. 

Typical Study Hybrid Study (50–50) 
Sample Size Cost ($) Hybrid Study Estimated Cost Savings ($) 

24 115,200 12 57,600 
36 172,800 18 86,400 
48 230,400 24 115,200 
72 345,600 36 172,800 

The conceptual benefit of hybrid datasets is depicted in Figure 8, where 90% CI widths for lisinopril are assessed 
across real, sample-based, and hybrid data. Sample-based analyses lead to larger CIs, resulting in more potential for 
inconclusive or borderline findings in genuine BE cases. Hybrid datasets provide narrower CIs, which fall within 
regulatory acceptance thresholds, but still exhibit the central behavior of the data. This visualization highlights how 
hybrid augmentation may reduce the uncertainty in the decision-making process and increase robustness of the 
decisions, particularly for difficult or borderline BE cases, without compromising regulatory principles.  

The contributions of the study rely on three major pillars. The first one is the introduction of a hybrid 
framework for the first time, which merges real clinical data with AI-synthesized virtual patients. The second one 
is the comparison of the behaviour of the sample to that of the hybrid models, where samples failed consistently 
to capture the characteristics of the original dataset. Third, the newly introduced pharmacokinetic parameter AS is 
used as a BE assessment metric to prove its utility beyond traditional PK parameters. Lastly, the estimated cost 
benefits after applying the proposed AI approach to reduce sample sizes are presented.  

Further studies may widen the applied hybrid framework with different drug classes, formulations, and study 
designs to establish that hybrid-based model generalizability and operational robustness are feasible. In particular, 
physiologically based pharmacokinetic (PBPK) modelling could offer mechanistic interpretability to the generated 
hybrid populations [45], and conditional and stratified generative architectures could be developed and 
implemented to simulate clinically relevant subgroups [46]. In addition, pilot partnerships with regulatory agencies 
are required to co-develop validation benchmarks, governance principles, and transparency standards for 
responsible AI-augmented data as part of BE research [47]. Importantly, future validation efforts should include 
real-world failed BE studies to confirm that the WGAN–hybrid framework properly identifies non-bioequivalent 
formulations and does not inadvertently inflate false-positive rates, protecting the scientific and regulatory 
credibility of the approach. 

In the same vein, there are a number of other experimental tasks that are suggested to validate the conclusions 
of the current study. For one, extended external validation over more BE datasets of multiple drug classes and 
variability profiles is necessary for determining the generalizability of the hybrid augmentation approach beyond 
the three examples that are presented here. Second, negative controls with real or simulated studies, both of which 
have been reported and demonstrated to fail BE, should be included to explicitly consider the risk of false positive 
findings and control for type I error. Third, we suggest testing robustness, sensitivity, and analyses with respect to 
augmentation ratios, random initialization, and WGAN hyperparameters to estimate the stability of outputs and 
the effect of model assumptions on findings. Fourthly, a comparison to competing augmentation baselines (e.g., 
traditional resampling or variational autoencoder-based generation) would serve as a useful benchmark to evaluate 
the relevant merits of the WGAN-based method. Last but not least, it would be interesting for the work to augment 
summary BE statistics with quantitative distributional similarity measures between real and synthetic data (e.g., 
distance-based and tail-sensitive diagnostics) to guarantee that CI narrowing is a faithful reconstruction of 
population variability, and not simply a mathematical artifact of expanding the number of samples provided. 
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Figure 8. A graphic representation of the proposed approach discussed and the combined results for each 
pharmacokinetic parameter for lisinopril. The green field represents the acceptable limits (80–125%) in the analysis 
of a BE study. This approach proposes that a hybrid dataset, consisting of real clinical and AI-generated data, can 
provide a much narrower range of the 90% CI, still representing the characteristics of the real data. With blue, the 
widths from the real data are represented, with red the ones from the samples (highlighting the fact that they are 
wider), and with green the ones of the hybrid models. 
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From a regulatory and public-health perspective, the key goal of BE assessment should be the strict control 
of type I error, the risk of making misinformed BE decisions on non-bioequivalent formulations. While we found 
that hybrid augmentation stabilized estimation of parameters and diminished the CI widths, some open 
methodological and regulatory issues inhibit a feasible implementation of such an approach. In BE studies, large 
sample sizes are often necessary under two main conditions: (a) drugs display high CVw, evident in the large 
residual error terms in the ANOVA model, as in highly variable drugs; (b) the expected geometric mean ratio is 
far removed from unity. To address excessive sample size requirements for highly variable drugs, regulatory 
agencies have presented reference-scaled average BE methods. Yet these approaches require replicating clinical 
study designs, bringing multiple statistical complexities into play, and further increasing drug exposures per 
volunteer even in the presence of a smaller total number of participants. Thus, while the subject numbers can be 
decreased, the individual burden on each participant increases. On the other hand, AI-assisted hybrid augmentation 
is more conceptually easier, and therefore easily reproducible, to stabilize estimates of variability and eliminate 
uncertainty from the design phase while also not imposing an additional burden on the participants in clinical 
practice. However, these benefits must not undermine consumer protection. Future implementations of the 
WGAN–hybrid framework should therefore systematically integrate negative controls, such as failed real-world 
BE studies and simulated non-bioequivalent scenarios, to directly assess the framework’s effect on false-positive 
rates. Such appraisals are necessary to establish that observed decreases in CI widths represent better modelling 
of population variability, as opposed to a statistical artifact arising from data expansion and the preservation of the 
core regulatory aim of the control of type I error. 

Collectively, these findings confirm hybrid datasets as a feasible and scientifically validated approach to 
improving the statistical integrity and replicability of BE studies. While generated data alone is not sufficient for 
regulatory decision-making, the hybrid models achieve a compromise between clinical evidence and statistical 
efficiency. In a real world BE study with a small sample, the mean often shifts due to the ‘luck of the draw’ in 
participant recruitment. Figure 8 illustrates that while a small sample might lead to a borderline BE success result, 
the hybrid model provides a more robust estimate that accounts for population-level variability, resulting in the 
reduction of false-negative results. To use an analogy, the hybrid model can serve as a stabilizer that incorporates 
WGAN generated data that reflect the broader population distribution, which results in CI that are not only 
narrower but also more centered toward the true population characteristics compared to the potentially biased 
small-scale sample. For this reason, robust technical, ethical, and regulatory standards are essential for the 
responsible implementation of such approaches as well as for unlocking generative AI’s potential for BE research 
and regulatory science. 

5. Conclusions 

Herein, we propose a new hybrid data augmentation approach for BE studies that combines real clinical data 
with WGAN-based synthetic data. In the study, we found that hybrid datasets consistently narrow 90% CIs while 
preserving the primary population characteristics, leading to increased statistical power, and at the design stage of 
the study, the possibility of obtaining reliable BE assessments with fewer enrolled subjects. The rapid development 
of generative artificial intelligence highlights the need to take responsible action and seize opportunities, even if 
the regulatory landscape is still far up the pipe when it comes to approving AI-generated datasets for confirmatory 
testing. Hybrid datasets are positioned exclusively as design-stage and sensitivity-analysis tools and are not 
intended to contribute to confirmatory regulatory evidence. In general, although hybrid real–synthetic datasets 
appear promising approaches to increasing statistical robustness of BE assessments, this information will benefit 
from explicit validation criteria and setting regulatory standards that can assist in ensuring transparent, clean and 
reproducible results. The method must be extended to a wider range of drug classes in subsequent research, 
negative controls for type I error must be integrated, and mechanistic extensions of synthetic data (e.g., PBPK-
guided generative models) should be investigated in an effort to ensure ethically responsible and scientifically 
grounded integration with BE research. 
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Appendix A 

Table A1. Results of the ANOVA analysis for the assessment of BE concerning the AUC parameter. The table 
shows the values across all distributions and drugs. 

  Lisinopril Amlodipine Aceclofenac 
  GMR 90% CI 

Lower 
90% CI 
Upper CVw GMR 90% CI 

Lower 
90% CI 
Upper CVw GMR 90% CI 

Lower 
90% CI 
Upper CVw 

Original 0.99 93.64% 105.41% 21.24% 1.00 96.43% 102.87% 11.52% 1.06 98.08% 114.05% 14.49% 
Sample 1.07 97.55% 117.02% 22.38% 1.02 97.47% 107.38% 11.80% 1.02 92.35% 113.58% 11.93% 

Generated  
(x Nsample) 

1x 1.00 93.98% 106.40% 21.02% 1.00 96.88% 103.22% 11.44% 1.00 95.41% 104.81% 12.01% 
2x 1.03 98.27% 107.74% 21.42% 1.01 98.66% 103.29% 11.94% 1.06 103.33% 109.44% 11.72% 
3x 1.00 95.10% 105.17% 23.47% 1.00 98.20% 101.84% 11.40% 1.00 96.83% 103.27% 11.39% 

Hybrid (sample-
generated ratio) 

50–50 1.03 98.08% 108.93% 21.13% 1.01 98.32% 104.06% 11.48% 1.01 95.91% 106.78% 13.25% 
50–100 1.04 99.91% 108.68% 21.33% 1.01 99.22% 103.62% 11.73% 1.05 101.72% 109.11% 13.10% 
50–150 1.02 97.35% 106.18% 22.36% 1.01 98.78% 102.40% 11.46% 1.01 97.27% 101.04% 12.94% 

Table A2. Results of the ANOVA analysis for the assessment of BE concerning the Cmax parameter. The table 
shows the values across all distributions and drugs. 

  Lisinopril Amlodipine Aceclofenac 
  GMR 90% CI 

Lower 
90% CI 
Upper CVw GMR 90% CI 

Lower 
90% CI 
Upper CVw GMR 90% CI 

Lower 
90% CI 
Upper CVw 

Original 0.99 92.50% 106.31% 25.07% 0.99 96.21% 101.81% 10.05% 1.02 92.74% 111.60% 17.82% 
Sample 1.10 99.53% 121.57% 24.66% 0.98 94.69% 101.21% 8.10% 0.94 79.94% 109.78% 18.38% 

Generated  
(x Nsample) 

1x 1.00 92.99% 107.54% 25.19% 1.00 98.31% 101.72% 7.88% 1.00 96.22% 103.93% 18.77% 
2x 1.05 99.90% 110.74% 25.22% 0.97 95.64% 98.65% 7.90% 0.99 94.86% 103.36% 18.87% 
3x 1.00 96.02% 104.14% 24.84% 1.00 98.62% 101.40% 7.54% 1.00 96.45% 103.68% 17.10% 

Hybrid (sample-
generated ratio) 

50–50 1.05 98.89% 111.24% 25.13% 0.99 97.20% 100.72% 8.97% 0.97 90.88% 103.07% 18.30% 
50–100 1.07 101.90% 111.87% 25.15% 0.97 95.95% 98.84% 8.98% 0.97 92.74% 101.89% 18.34% 
50–150 1.02 98.58% 106.39% 24.96% 0.99 98.19% 100.77% 8.79% 0.98 94.66% 102.25% 17.46% 

Table A3. Results of the ANOVA analysis for the assessment of BE concerning the AS parameter. The table shows 
the values across all distributions and drugs. 

  Lisinopril Amlodipine Aceclofenac 
  GMR 90% CI 

Lower 
90% CI 
Upper CVw GMR 90% CI 

Lower 
90% CI 
Upper CVw GMR 90% CI 

Lower 
90% CI 
Upper CVw 

Original 0.90 83.08% 98.01% 29.96% 1.00 91.54% 108.20% 30.33% 1.02 93.07% 112.14% 17.95% 
Sample 1.02 91.41% 112.88% 26.06% 0.98 84.22% 113.30% 37.24% 0.94 80.88% 110.05% 17.83% 

Generated  
(x Nsample) 

1x 1.00 94.22% 106.13% 26.33% 1.00 92.81% 107.75% 36.13% 1.00 96.35% 103.80% 18.32% 
2x 0.97 91.48% 102.13% 24.60% 0.88 80.54% 96.34% 37.01% 1.00 95.51% 103.82% 16.41% 
3x 1.00 95.93% 104.57% 25.51% 1.00 92.80% 107.76% 38.33% 1.00 96.53% 103.59% 17.93% 

Hybrid (sample-
generated ratio) 

50–50 1.01 95.16% 106.74% 28.14% 0.99 91.30% 107.00% 33.23% 0.97 91.38% 103.24% 18.14% 
50–100 0.98 93.60% 103.18% 27.28% 0.91 91.54% 106.34% 33.67% 0.98 93.43% 102.37% 17.18% 
50–150 1.00 96.33% 104.62% 27.73% 0.99 93.09% 106.17% 34.33% 0.99 94.93% 102.32% 17.94% 
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Figure A1. Histograms of distributions from Monte Carlo simulations showcasing the way WGANs work with an 
initial population of 20,000 subjects. The generated dataset is the same size as the population, the sampling 
percentage was chosen to be 0.5% (i.e. 100 subjects) and two examples are being presented: (a) a = 1.0; and (b) 1.1. 
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