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Diabetes drug discovery remains slow, costly, and insufficiently 
personalised, particularly in resource-constrained healthcare settings. While 
generative Artificial Intelligence (GenAI) has accelerated molecular 
discovery, most approaches remain molecule-centric and neglect patient-
level clinical heterogeneity. This study proposes a personalised generative 
framework that integrates molecular and clinical data for diabetes drug 
discovery. Guided by the CRISP-DM framework, this study developed a 
hybrid Clinical–Molecular Variational Autoencoder (VAE) architecture that 
fuses molecular representations with anonymised patient metabolic profiles, 
including HbA1c, fasting glucose, BMI, cholesterol, and age. Molecular data 
were sourced from PubChem and ChEMBL. A systematic modelling and 
evaluation pipeline was implemented, incorporating molecular validity 
checks, drug-likeness assessment, effectiveness classification, and 
probability calibration analysis. The proposed framework successfully 
generated chemically valid, drug-like molecules, with an average 
Quantitative Estimate of Drug-likeness (QED) score exceeding 0.5. 
Effectiveness classification achieved an accuracy of 0.80 at a fixed decision 
threshold; however, ROC analysis revealed limited discriminative reliability 
(AUC = 0.49), highlighting the impact of class imbalance and probability 
miscalibration. These findings demonstrate that patient-conditioned 
molecular generation is feasible but requires calibration-aware evaluation. 
This study presents one of the first empirically evaluated Clinical–Molecular 
dual-VAE frameworks for personalised diabetes drug discovery. By 
integrating patient metabolic profiles and explicitly analysing calibration 
behaviour, the work advances generative drug discovery toward clinically 
contextualised and reliability-aware precision therapeutics. 
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A. Introduction 
Diabetes mellitus is a chronic metabolic disorder characterised by persistent 
hyperglycaemia resulting from insufficient insulin production, impaired insulin 
action, or both  [1]. The disease manifests primarily as type 1 diabetes, type 2 
diabetes, and gestational diabetes, each associated with distinct aetiologies and 
clinical trajectories  [2].  Despite significant advances in disease management, 
diabetes continues to impose a substantial global health burden, contributing to 
rising morbidity, premature mortality, and escalating healthcare costs  [3]. 
Diabetes-related complications, including cardiovascular disease, renal failure, 
neuropathy, and retinopathy, significantly diminish patients’ quality of life and 
place sustained pressure on healthcare systems worldwide  [4][5][6]. 

The burden of diabetes is particularly pronounced in low- and middle-
income countries, where healthcare infrastructure constraints, limited access to 
specialised treatment, and high medication costs hinder effective long-term 
disease management [7]. In such contexts, healthcare systems are further strained 
by recurrent hospital admissions and prolonged treatment pathways, exacerbating 
operational and financial pressures [8][9]. Although existing diabetes management 
strategies, such as lifestyle modification, glycaemic monitoring, and 
pharmacological interventions, have improved patient outcomes, they remain 
largely reactive and insufficiently tailored to individual patient profiles [10]. This 
highlights the growing need for more efficient, scalable, and personalized 
therapeutic solutions. 

Drug discovery for diabetes remains an inherently complex, time-
consuming, and costly process. Traditional drug development pipelines involve 
extensive trial-and-error experimentation, prolonged clinical trials, and high 
attrition rates, with many candidate compounds failing during early or 
intermediate stages  [11]. These inefficiencies not only delay the availability of new 
therapies but also limit the feasibility of developing treatments that account for 
patient heterogeneity. Consequently, there is increasing interest in computational 
approaches that can accelerate early-stage drug discovery while improving the 
quality of candidate selection. 

Generative artificial intelligence (GenAI) has emerged as a transformative 
paradigm in computational drug discovery, enabling the generation of novel 
molecular structures, the optimization of candidate compounds, and the 
exploration of vast chemical spaces more efficiently than conventional methods 
[12]. GenAI is a subset of Artificial Intelligence that generates new content by 
learning patterns from large-scale datasets. By learning underlying patterns from 
large-scale molecular datasets, GenAI models can propose new drug candidates, 
repurpose existing compounds, and reduce the time and cost of early drug 
development [13][14]. Key generative techniques, including Generative 
Adversarial Networks (GANs), Variational Autoencoders (VAEs), diffusion models, 
and Generative Pre-trained Transformer (GPT)-based architectures, have 
demonstrated promising results in molecule generation and structure-based drug 
design  [15] [16][17][18]. 

Despite these advances, most existing GenAI-driven drug discovery models 
remain molecule-centric, focusing primarily on chemical validity, novelty, and 
binding affinity, while largely neglecting patient-specific clinical characteristics. 
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Such approaches produce generic drug candidates that may not adequately 
address interpatient variability in disease progression, metabolic responses, and 
treatment efficacy, a particularly critical limitation for diabetes, which is known for 
its heterogeneous presentation and treatment responses [19]. As a result, the 
translational value of many GenAI-generated drug candidates remains limited, 
particularly in the context of personalised medicine. 

Recent studies have begun to acknowledge the importance of integrating 
clinical information into AI-driven healthcare solutions  [19][20]. However, in the 
domain of generative drug discovery, incorporating patient clinical attributes such 
as glycaemic indicators, body mass index, lipid profiles, and age remains 
underexplored. Most GenAI models continue to generate candidate molecules 
without conditioning on individual patient profiles, thereby restricting their 
applicability to precision medicine and personalised treatment strategies [21]. 
This gap is especially consequential in resource-constrained healthcare 
environments, where optimising therapeutic relevance and cost-effectiveness is 
critical. 

In addition to the lack of personalization, emerging evidence suggests that 
GenAI models used in drug discovery may exhibit performance limitations in 
probability calibration and handling class imbalance. While such models can 
achieve high classification accuracy at selected decision thresholds, their predicted 
probabilities may be poorly calibrated across broader operating ranges, reducing 
reliability in real-world decision-making contexts. These challenges underscore 
the need for empirically evaluated GenAI frameworks that not only generate drug-
like molecules but also provide robust, interpretable, and clinically meaningful 
outputs. 

Despite the growing body of research on GenAI in drug discovery, existing 
approaches remain largely molecule-centric and do not incorporate patient-level 
clinical heterogeneity into candidate generation. Furthermore, while recent studies 
demonstrate promising molecular novelty and validity, little attention has been 
paid to the reliability of probabilistic outputs, particularly in the presence of class 
imbalance and calibration drift. This study addresses these limitations by 
proposing and empirically evaluating a personalized Clinical–Molecular generative 
framework that integrates patient metabolic profiles into molecular generation 
while explicitly analyzing calibration and robustness behaviour. 

Beyond diabetes, this work contributes to a broader methodological shift in 
generative drug discovery and healthcare AI. By demonstrating how clinical 
attributes can be fused with molecular latent spaces and evaluated using 
calibration-aware metrics, the proposed framework offers a transferable blueprint 
for personalised generative modelling across heterogeneous diseases. As 
healthcare AI systems increasingly move toward real-world deployment, 
approaches that integrate patient context while explicitly addressing probabilistic 
reliability will be essential for safe, trustworthy, and clinically meaningful 
innovation. 

Thus, this study proposes a personalised Clinical–Molecular generative 
framework that integrates patient metabolic profiles into molecular generation 
while explicitly evaluating effectiveness and probability calibration behaviour. The 
study addresses  the following objectives: 
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1. Collect and preprocess molecular data related to diabetes drug discovery 
and anonymised patient clinical attributes relevant to drug response. 

2. Design a hybrid Clinical–Molecular Variational Autoencoder (VAE) 
architecture for personalised drug candidate generation. 

3. Generate novel diabetes drug candidates conditioned on patient-specific 
clinical profiles. 

4. Evaluate the generated drug candidates using molecular validity, drug-
likeness, and effectiveness classification metrics. 

5. Assess model performance robustness by analysing probability calibration 
and class imbalance effects. 
 
This study makes four original contributions to AI-driven drug discovery. 

First, it introduces a dual-VAE generative architecture that fuses molecular 
representations with patient clinical profiles to enable personalised generation of 
drug candidates. Second, it provides an empirical evaluation of generated 
compounds using molecular validity, drug-likeness, and effectiveness classification 
metrics. Third, it presents one of the first calibration-aware analyses of generative 
drug discovery models, demonstrating how class imbalance and probability 
miscalibration affect translational reliability. Finally, it situates personalised GenAI 
drug discovery within resource-constrained healthcare contexts, offering a 
clinically grounded pathway toward precision therapeutics. 

To the authors’ knowledge, this study is among the first systematic 
empirical evaluations of a dual Clinical–Molecular generative architecture that 
conditions molecular generation on patient metabolic profiles and explicitly 
assesses probability calibration in drug discovery pipelines. 

The remainder of this paper is structured as follows. Section A presents the 
problem statement, aim, and objectives of the study. Section B reviews related 
GenAI models and identifies the research gap. Section C details the methodology 
and system architecture. Section D presents the empirical results, followed by a 
discussion in Section E. Section F outlines limitations and future research 
directions, and Section G concludes the paper 
 
B. Literature Review 

 
This section reviews existing GenAI models applied to drug discovery, 

focusing on their methodological strengths and limitations, and their relevance to 
personalised diabetes treatment. The review critically examines representative 
GenAI architectures to establish the research gap addressed by this study. 

 
Generative AI in Drug Discovery 

GenAI has increasingly been adopted in drug discovery to address 
inefficiencies associated with traditional experimental pipelines [10][12]. By 
learning latent representations from large chemical datasets, GenAI models can 
generate novel molecular structures, optimize candidate compounds, and reduce 
the time and cost associated with early-stage drug development [13][14]. 
Techniques such as Variational Autoencoders (VAEs), Generative Adversarial 
Networks (GANs), diffusion models, and transformer-based architectures have 
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demonstrated the capacity to explore expansive chemical spaces and propose 
drug-like molecules with desirable properties [17][18]. 

Despite these advances, most GenAI-driven drug discovery efforts remain 
molecule-centric, prioritizing chemical validity, novelty, and binding affinity while 
overlooking patient-specific clinical heterogeneity [19][28]. This limitation 
restricts the translational potential of generated drug candidates, particularly for 
complex and heterogeneous diseases such as diabetes. 

 
DrugGPT Model 

DrugGPT employs a GPT-based autoregressive architecture to generate novel 
ligands for specific protein targets using protein–ligand interaction data [24]. 
Using a custom Byte-Pair Encoding (BPE) tokenizer, the model navigates large 
chemical spaces and generates candidate molecules in SMILES format [21]. 
DrugGPT demonstrated strengths in automating ligand design and producing 
diverse molecular outputs under defined constraints [25].  

However, DrugGPT is highly dependent on the quality and scale of the 
training data, and limited sampling from large databases such as ZINC20 raises 
concerns about chemical space coverage [26][24]. Moreover, the model does not 
incorporate patient clinical data, limiting its applicability to personalized medicine. 
Its outputs require extensive experimental validation, and the absence of 
explainability further constrains its clinical relevance. 

 
Molecular Generative Adversarial Network (MolGAN) Model  

MolGAN is a generative model designed and developed for molecular graphs 
that generates drug-like compounds using a GAN framework adapted to graph-
structured data [27]. As an implicit generative model, it generated molecular 
structures directly without atom-by-atom or sequential assembly [28]. The 
MolGAN model incorporated reinforcement learning objectives that used rewards 
to ensure the relevance of generated outputs to their intended purpose, i.e., 
molecules should possess properties of interest, such as solubility or drug-likeness 
[29].  

This model's strength is that it guarantees the chemical validity of the 
generated molecules, making it ready for real-world applications [30]. It further 
demonstrated its ability to generate highly diverse molecular structures with a 
higher probability of novelty [11]. On the other hand, it is plagued by serious 
drawbacks, such as instability during training, an issue inherent to GANs, including 
mode collapse [31]. Although the all-at-once generative approach would work well 
for MolGAN, it proved impractical for incremental molecule optimization, thereby 
offering little scope for fine-tuning molecules for a specific pharmacological target 
[5]. In the absence of these customizations for the individual patient profile, 
MolGAN was not useful for precision medicine [32]. Moreover, the lack of 
explainability of model outputs made the model difficult to interpret, thereby 
diminishing trust in its outputs and restricting its application in drug discovery 
[33]. 

 
DiffDock Model 
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DiffDock applies denoising diffusion probabilistic models to predict protein–
ligand binding poses directly from noisy inputs [34][35][36]. By bypassing 
traditional docking score functions, DiffDock demonstrates improved accuracy and 
generalisation across unseen protein targets [37][38]. Its ability to generate 3D 
ligand poses makes it valuable for structure-based drug design. 

Despite these strengths, diffusion-based models such as DiffDock are 
computationally intensive and sensitive to the quality of the training data [12][39]. 
More importantly, they remain focused on molecular and structural optimization 
without incorporating clinical patient attributes, thereby limiting their relevance 
to patient-conditioned generative feasibility and clinically contextualized 
molecular generation. 

 
BicycleGAN Model 

BicycleGAN was adapted for drug discovery to generate novel molecules 
from protein pocket representations, supporting structure-based drug design and 
drug repurposing [15][40][42]. The integration of structural information enhances 
molecular relevance to target binding sites [49]. 

However, BicycleGAN exhibits notable limitations, including ethical concerns, 
limited explainability, and the inability to generate patient-conditioned molecular 
designs  [13][43][44]. These shortcomings reduce its suitability for personalised 
medicine and pose challenges for the responsible deployment of AI in 
pharmaceutical contexts. 

 
Opportunities and Challenges of GenAI for Diabetes Drug Discovery 

GenAI creates opportunities for diabetes drug discovery, especially in 
expediting the development process [11]. It handles the verification and 
optimization of potential drug candidates. GenAI enables the compression of drug 
development cycles, freeing scientists to focus on testing the best compounds [23]. 
This ability also extends to personalized medicine by enabling, through GenAI, the 
customization of candidate lists for diabetes drugs based on the clinical features of 
diabetic patients [30]. Thus, treatments become more effective with fewer side 
effects. The ability of GenAI to explore large chemical spaces, invent novel 
molecular arrangements, and repurpose existing drugs rapidly is what makes it so 
important for next-level treatment development [45]. 

 
Nevertheless, several challenges persist. First, models based on GenAI rely on 

high-quality, large-scale, diverse datasets [46]. If there is insufficient variability in 
patient data, model training may be less effective, leading to inaccurate predictions 
[47]. A discrepancy in patient data reduces model training efficiency and leads to 
unreliable predictions. Further, many GenAI models operate as black boxes, 
rendering their decision-making processes difficult to analyze and thereby 
undermining stakeholder trust [48]. There are also ethical issues regarding patient 
data privacy and consent, which further complicate the situation and require 
careful handling to ensure responsible use [49]. There are a few practical issues 
with integrating GenAI approaches into contemporary drug discovery procedures 
[50]. It must integrate smoothly into established working approaches and be 
supported by proper staff training [51][52][53]. 
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Collectively, these studies demonstrate the technical maturity of generative 
models for molecular design, while simultaneously exposing a critical absence of 
patient-conditioned generation and calibration-aware evaluation, which this study 
explicitly addresses. 

 
Synthesis and Research Gap 

Existing generative drug discovery research demonstrates substantial 
progress in molecular representation learning, chemical validity, and novelty 
optimisation. However, the literature remains predominantly molecule-centric, 
with evaluation frameworks focused almost exclusively on chemical and structural 
properties, while patient-level clinical heterogeneity is largely excluded from the 
generative process. 

Furthermore, most prior studies assess model performance using threshold-
dependent metrics without examining probability calibration or robustness under 
class imbalance. This limits the translational reliability of generative outputs in 
clinical decision-making contexts. The absence of patient-conditioned generation 
and calibration-aware evaluation represents a critical methodological gap, 
particularly for heterogeneous diseases such as diabetes. 

This study addresses these gaps by proposing and empirically evaluating a 
Clinical–Molecular generative framework that integrates patient metabolic profiles 
into molecular generation while explicitly analysing probabilistic reliability. 

 
C. Research Methods 
To directly address these gaps, this study employs a methodology designed to 
integrate clinical and molecular information at the generative stage while enabling 
a robust assessment of predictive reliability. This motivated the selection of a dual 
Clinical–Molecular Variational Autoencoder architecture, the use of routinely 
collected metabolic patient features as conditioning variables, and the inclusion of 
calibration-aware evaluation alongside conventional performance metrics. The 
methodological design is further structured using the CRISP-DM framework to 
ensure transparency, reproducibility, and alignment between problem 
formulation, data preparation, modelling, and evaluation. 
 
Research Design 

Guided by the identified research gaps, this study follows the Cross-Industry 
Standard Process for Data Mining (CRISP-DM) framework [54]. CRISP-DM was 
selected to ensure traceability between the identified research gap, data 
preparation decisions, model design, and evaluation criteria in a clinically sensitive 
generative setting. While CRISP-DM informed the overall research process, 
emphasis was placed on empirical model development, evaluation, and validation 
consistent with experimental AI research. 
 
Data Sources and Ethical Considerations 

Molecular data were obtained from two authoritative bioinformatics 
repositories: PubChem and ChEMBL [55]. PubChem provided SMILES-encoded 
molecular structures, while ChEMBL supplied curated bioactivity data, including 
inhibitory concentrations (IC50) for diabetes-related protein targets. The IC50 
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thresholds used for binary labelling were selected in accordance with established 
diabetes drug-discovery benchmarks and pharmacological screening standards 
reported in prior cheminformatics studies. Effectiveness labels were defined by 
setting IC50 cutoff values commonly used in benchmarking drug discovery for 
diabetes. Compounds with IC50 values below the therapeutic activity cutoff were 
classified as effective, whereas those with IC50 values above the cutoff were 
classified as ineffective, in accordance with cheminformatics conventions. IC50 
cutoff values were selected from commonly used benchmarks in diabetes drug 
discovery, with IC50 values below 1 micromolar considered indicative of 
significant pharmacological activity. 

Clinical attributes, including HbA1c, fasting glucose, body mass index, 
cholesterol, and patient age (years), were obtained from the local hospital 
repository. All patient data has been fully anonymized before access. No personal 
identifiable information has been stored. The study has relied entirely on 
secondary data. No direct patient handling has been performed. 

 
Data Understanding and Exploratory Analysis 

Exploratory Data Analysis (EDA) was conducted to assess feature 
completeness, detect outliers, and examine distributions across molecular and 
clinical variables. For molecular data, chemical validity checks were performed to 
verify the integrity of SMILES and the consistency of fingerprints. For clinical 
attributes, summary statistics and distribution plots were used to evaluate 
variability and identify missing values. This step ensured that both datasets were 
representative and suitable for personalized generative modelling. 

 
Data Preparation and Feature Engineering 

Data preparation followed a structured pipeline comprising cleaning, 
transformation, feature extraction, and scaling. 

Data Cleaning: Molecules missing valid SMILES representations or essential 
molecular descriptors were removed. Clinical records containing incomplete 
numerical values were excluded to maintain data integrity. Outlier detection for 
clinical variables was performed using the interquartile range (IQR) method. 

Molecular Feature Engineering: Molecular structures were represented 
using SMILES notation and transformed into integer-encoded sequences. These 
sequences were subsequently one-hot encoded and padded to uniform length, 
producing a three-dimensional tensor suitable for training the Molecular 
Variational Autoencoder (VAE). Additional molecular descriptors, including 
molecular weight, hydrogen bond donors (HBD), hydrogen bond acceptors (HBA), 
topological polar surface area (TPSA), LogP, Quantitative Estimate of Drug-likeness 
(QED), and Extended Connectivity Fingerprints (ECFP), were extracted using 
RDKit. 

Clinical Feature Engineering: Clinical attributes were normalized via 
min–max scaling and grouped by metabolic relevance to drug response. These 
features served as conditional inputs to the Clinical VAE, enabling patient-specific 
latent representations. 
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Model Architecture 
The proposed framework in Figure1 consists of two parallel generative 

components: 
1. Molecular VAE, trained on SMILES-encoded molecular sequences to learn 

latent chemical representations. 
2. Clinical VAE, trained on anonymized patient clinical attributes to capture 

individual metabolic profiles. 

 
Figure 1. System Architecture for Clinical-Molecular VAE Personalised Drug 

Discovery 
 
Each VAE encodes its respective input into a 128-dimensional latent space. 

The latent vectors from both models are concatenated using a fusion operator to 
form a unified 256-dimensional latent representation. This fused latent space 
conditions the generative decoder, enabling the synthesis of personalized drug 
candidate molecules aligned with patient-specific characteristics 

 
Model Training Procedure 

Model training employed a composite objective function comprising 
reconstruction loss and Kullback–Leibler (KL) divergence. Reconstruction loss 
minimized discrepancies between input and reconstructed SMILES sequences, 
while KL divergence regularised the latent space to promote smoothness and 
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generative diversity. A cyclical annealing schedule was applied to stabilise training 
and mitigate posterior collapse. 

The dataset was split into training (90%) and validation (10%) subsets. To 
enhance robustness and generalisability, k-fold cross-validation was employed, 
with each fold used once as the validation set and the remaining folds used for 
training. Thus, a stratified 5-fold cross-validation protocol was employed to 
preserve the effective/ineffective class distribution within each fold and to obtain 
robust performance estimates across repeated runs 

 
Generative Inference and Molecule Validation 

During inference, fused latent vectors were sampled and decoded to generate 
candidate molecular structures. Generated SMILES strings were subjected to 
chemical sanitisation and validity checks using RDKit. Invalid or incomplete 
molecular structures were discarded. Only molecules satisfying minimum chemical 
validity criteria were retained for downstream evaluation. 

 
Evaluation Strategy 

Model evaluation was conducted in two distinct stages to avoid task 
conflation. 

Generative Evaluation: Generated molecules were assessed using 
established drug-likeness and feasibility metrics, including QED, LogP, TPSA, 
synthetic accessibility score (SAS), and toxicity risk indicators. These metrics 
evaluated the chemical plausibility and therapeutic relevance of generated 
compounds. 

Effectiveness Classification Evaluation: A supervised classifier was trained 
to distinguish effective from ineffective drug candidates using molecular 
descriptors derived from compounds generated in silico. Performance was 
assessed using accuracy, precision, recall, F1-score, confusion matrix analysis, and 
Receiver Operating Characteristic (ROC) curves. 

 
Calibration and Robustness Analysis 

Probability calibration was evaluated to assess the reliability of predicted 
effectiveness scores across operating thresholds. Although the model 
demonstrated strong threshold-dependent performance, ROC–AUC analysis 
revealed limited discrimination capability, indicating probability miscalibration. 
This behaviour was further influenced by class imbalance within the dataset. To 
address these limitations, calibration techniques such as isotonic regression and 
Platt scaling were identified as corrective strategies for future deployment. The 
aforementioned calibration methods were not applied in the present study to first 
characterise baseline probability behaviour; however, future implementations will 
integrate post hoc calibration as a mandatory step in deployment. 

Bootstrapped confidence intervals (95%) were computed across repeated 
training runs to assess performance stability and generalization robustness. 

This separation between baseline characterization and corrective calibration 
reflects recommended best practice for evaluating probabilistic reliability in 
applied machine learning systems. 
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Implementation Tools 
All experiments were implemented using Python. Key libraries included 

RDKit for molecular processing, PubChemPy and ChEMBL APIs for data 
acquisition, NumPy and Pandas for data manipulation, TensorFlow/Keras for 
model development, and scikit-learn for scaling, validation, and evaluation. 

 
D. Results  

This section presents the empirical findings of the proposed Clinical–
Molecular VAE framework. Results are reported objectively, without 
interpretation, and are organised around generative performance, molecular 
quality, and effectiveness classification. 

 
Generated Molecular Outputs 

The proposed GenAI framework effectively generated novel structures 
conditioned on fused latent representations of molecules and clinical data. Figure 2 
depicts a sample of 10 generated molecules in SMILES notation, with key 
properties: molecular weight (MW), LogP, hydrogen bond donors (HBD), hydrogen 
bond acceptors (HBA), topological polar surface area (TPSA), and the Quantitative 
Estimate of Drug-likeness (QED).MW on the other hand affects absorption and 
distribution; LogP means the hydrophobic nature of a molecule and is related to 
solubility and permeability through cell membranes; HBD or HBA defines how the 
molecule will interact with biological targets, which alters binding affinity; 
whereas TPSA allows for the prediction of the ability of the drug to pass through 
biological membranes, while QED assesses drug-likeness of a compound to show 
how likely a compound is as a candidate therapeutic agent [56]. 

 
Overall, across the range of molecules generated, molecular weights were 

within the range suitable for oral administration. Additionally, the balance of LogP 
values suggested an appropriate balance of lipophilicity. QED values were greater 
than 0.5 across the range of molecules that were generated, indicating that drug-
like properties were appropriate. 

 
Three-Dimensional Molecular Visualisation 

Figure 2 illustrates three-dimensional visualisations of representative 
generated molecules.  
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Figure 2. SMILES 3D visualization 

 
The visualizations reveal structurally diverse compounds with varied 

functional-group arrangements and spatial conformations. This diversity reflects 
effective exploration of the latent chemical space while maintaining structural 
validity, a key requirement for early-stage drug discovery. 
 
Output (SMILES Representation) 

 
Figure 3. Model output 

 
Figure 3 depicts the output of ten novel molecules generated by GenAI for 

drug discovery targeted at the treatment of diabetes. Each entry includes the 
molecules in SMILES format, along with textual information on the chemical's 
structure. As established earlier, these physicochemical properties are central to 
the feasibility of oral drugs; here, their distributions are analysed comparatively 
across classification outcomes. 

In drug discovery and development, these molecular properties are 
important for assessing whether a compound is suitable and effective.  

 
Effectiveness Classification Performance 

To assess downstream effectiveness, generated molecules were evaluated 
using a supervised classifier trained to distinguish effective from ineffective 
compounds. Figure 4 presents the confusion matrix for classification outcomes. 
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Figure 4. Confusion matrix 

 
At the selected decision threshold, the classifier correctly identified 3,988 

effective compounds and 995 ineffective compounds, yielding no false positives or 
false negatives. This result indicates strong threshold-specific discrimination 
between the two classes within the validation set. This behaviour reflects the effect 
of threshold selection under class imbalance and should not be interpreted as 
evidence of perfect generalisation 

 
Figure 5. Classification metrics 

 
Figure 5 summarizes classification performance metrics. The model achieved 

an accuracy of 0.80, precision of 0.80, recall of 1.00, and an F1-score of 0.889. 
These results indicate that, at the chosen threshold, the classifier was highly 
sensitive to effective drug candidates. 

These outcomes reflect performance at a single operating point and should 
not be interpreted as global discriminative ability. The subsequent ROC analysis 
demonstrates that probability estimates are poorly calibrated across thresholds 
(AUC = 0.49), indicating that deployment decisions must be supported by 
calibration-aware evaluation. 

 
Receiver Operating Characteristic Analysis 

Figure 6 presents the Receiver Operating Characteristic (ROC) curve for the 
effectiveness classifier. The area under the curve (AUC) was 0.49, indicating 
limited discriminatory performance across varying probability thresholds. 
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Figure 6. ROC curve 

 
This result indicates a divergence between threshold-dependent 

classification metrics and probability-based discrimination. 
 

Class-Wise Performance and Property Distributions 
Figure 7 compares class-wise metrics for effective and ineffective 

compounds. While effective compounds achieved high recall and F1 Scores, 
ineffective compounds exhibited poor classification performance, reflecting class 
imbalance in the dataset. 
 

 
Figure 7. Effective and ineffective drugs 

 
Figure 8 illustrates distributions of molecular properties for correctly 

classified and misclassified samples. While molecular weight and QED 
distributions were comparable across groups, misclassified compounds displayed 
greater variability in LogP and TPSA values. 
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Figure 8. Classification correctness 

 
Figure 9 presents the distribution of molecular properties across effective 

and ineffective compounds. Effective candidates exhibited narrower, more 
desirable ranges for LogP, QED, and hydrogen-bond counts, consistent with 
established drug-likeness principles. 

 
 

 
Figure 9. Drug properties distribution 

 
When compared with prior generative drug discovery studies that report 

similar QED and physicochemical property ranges without clinical conditioning, 
the present framework demonstrates that personalisation does not compromise 
chemical feasibility. Instead, the observed property distributions remain 
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consistent with established oral drug heuristics, suggesting that clinical 
conditioning can be introduced without degrading molecular quality. 

Collectively, the results indicate that patient-conditioned generative 
modelling can produce pharmaceutically plausible compounds without degrading 
chemical feasibility. However, downstream effectiveness estimation is highly 
sensitive to dataset imbalance and to the calibration of probabilities. While 
effective candidates exhibit narrower, more desirable physicochemical ranges 
consistent with oral drug heuristics, misclassified compounds exhibit broader 
variability in LogP and TPSA, suggesting that membrane permeability and polarity 
remain critical discriminators. These findings highlight the need to jointly optimise 
generative quality and calibrated effectiveness prediction when translating 
personalised GenAI pipelines into real-world pharmaceutical workflows. 

 
E. Discussion 

Beyond its application to drug discovery, this study's findings reinforce a 
broader methodological concern in applied machine learning: high threshold-
dependent accuracy may coexist with poor probabilistic discrimination, 
underscoring the need for calibration-aware evaluation in safety-critical AI 
systems. 

The empirical findings directly address the study objectives by 
demonstrating (i) the feasibility of dual-VAE integration for patient-conditioned 
molecule generation, (ii) the generation of chemically valid, drug-like candidates, 
(iii) threshold-specific effectiveness discrimination, and (iv) the presence of 
calibration and class-imbalance effects that constrain probabilistic reliability. 

This study investigated the feasibility of integrating molecular and clinical 
data within a generative artificial intelligence framework to support personalized 
diabetes drug discovery. The findings demonstrate that the proposed Clinical–
Molecular VAE architecture can generate chemically valid, drug-like molecular 
candidates while conditioning its outputs on patient-specific clinical attributes. 

The generated molecules exhibited favorable physicochemical properties, 
with QED scores consistently exceeding commonly accepted thresholds for drug-
likeness. This aligns with prior studies reporting the effectiveness of generative 
models in exploring chemical space and proposing viable drug candidates  [13] 
[57]. Unlike molecule-centric approaches such as DrugGPT  [24] and MolGAN  [27]. 
The proposed framework explicitly incorporates clinical information, addressing a 
critical limitation in existing GenAI drug discovery research. 

In contrast to conventional generative drug discovery pipelines that optimise 
exclusively for molecular novelty and validity, this framework demonstrates the 
feasibility of conditioning generative latent spaces on patient metabolic attributes. 
Conceptually, the study reframes generative drug discovery as a problem of 
patient-conditioned probabilistic inference rather than purely chemical 
optimisation, marking a shift from population-level candidate generation toward 
patient-aware molecular design that aligns more closely with precision medicine 
and stratified therapeutics. The effectiveness classification results indicate strong 
sensitivity to effective compounds at a fixed decision threshold, as reflected by 
high recall and F1-score values. However, the ROC analysis revealed an AUC of 
0.49, indicating poor discrimination across probability thresholds. This apparent 
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contradiction highlights an important methodological insight: while threshold-
based metrics may suggest strong performance, probability calibration remains a 
critical challenge in generative drug discovery models. Similar calibration 
limitations have been observed in other AI-driven healthcare applications 
[15][47][48]. 

From a translational perspective, the outcome should be regarded with some 
caution. Indeed, while in silico approaches to drug likeness prediction may be good 
indicators of drug activity, they cannot be guaranteed. Thus, the approach may be 
regarded as a tool to prioritize compounds in the early stages of drug discovery. 

Practically speaking, the integration of clinical and molecular data represents 
a step forward in the development of more personalized medicine, particularly for 
diseases with heterogeneity, such as diabetes. By integrating molecular generation 
with patient metabolic data, the proposed framework enables more targeted 
therapy development. 

In terms of a new direction in drug discovery, this framework rethinks 
candidate generation in the preclinical stages, shifting from population-based 
molecule design to more patient-informed molecular design. This enables a form of 
therapeutic exploration that is intrinsically compatible with metabolic 
heterogeneity, a key factor in diabetes. While validation of a compound in a 
biological system remains essential, this new framework provides an additional 
layer of computer-based screening that could prioritize compounds relevant to a 
specific patient before conducting expensive experimental work. 

Furthermore, the clinical characteristics used in this study constitute only a 
small fraction of metabolic characteristics. More information from genomics, 
lifestyle, and comorbidity may enable greater personalization but will likely 
require larger clinical cohorts. 

Therefore, the term ‘personalized’ is used within this study to refer to 
patient-conditioned generative feasibility rather than overall individualized 
therapy optimization. 

Nevertheless, it is worth emphasizing that all results presented in this paper 
are computational in nature. While drug-likeness and molecular validity measures 
are useful for early-stage results, it is also essential to conduct biochemical 
validation and clinical trials to assess the therapeutic efficacy, safety, and 
bioavailability of compounds of interest. As such, the findings should be 
interpreted as proof of feasibility rather than definitive clinical outcomes. 

Collectively, these findings suggest that the next generation of generative 
drug discovery systems should be evaluated not only on molecular validity and 
novelty, but on their ability to produce calibrated, patient-conditioned outputs that 
remain reliable under data imbalance and real-world uncertainty. 

 
F. Implications of the Study 

This research has significant theoretical, practical, and policy implications for 
personalized generative drug discovery. From a theoretical perspective, this study 
extends generative drug discovery research by repositioning molecular generation 
as a conditional probabilistic inference problem rather than a purely chemical 
optimisation task. The research has significant practical implications: patient 
metabolic profile data can inform drug design, and drug molecules can be 
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generated, yet the reliability of drug-class prediction is significantly affected by 
class imbalance/miscalibration. These implications have significant policy 
implications, suggesting that clinical or policy reliance on drug designs generated 
through generative drug discovery should be integrated as complementary 
decision-support tools alongside established pharmacological pipelines. From a 
policy perspective, these findings support the need for regulatory sandboxes and 
governance frameworks that recognize GenAI systems as decision-support tools 
rather than autonomous clinical agents, with explicit requirements for calibration 
analysis and uncertainty reporting. Overall, this research suggests that 
personalized generative drug design should be viewed as complementary to 
precision diabetes drug design. 

 
G. Conclusion 

This study empirically demonstrates how generative artificial intelligence 
can be re-engineered to support patient-conditioned drug discovery through the 
integration of molecular and clinical data.A novel approach, a hybrid ‘Clinical-
Molecular Variational Autoencoder’, has been developed and empirically tested 
using publicly available molecular datasets and patient clinical attributes. The 
results show promise in discovering drug molecules with chemically valid 
structures and personalized profiles. 

Despite the model’s high classification performance under its thresholds, 
limitations in discriminative reliability revealed by the probability calibration 
analysis underscore the importance of calibration as a key methodological concern 
in GenAI-based drug discovery models. 

Overall, the study provides empirical evidence supporting the viability of 
personalized GenAI-based drug discovery for managing and treating diabetes, 
while also highlighting the need for careful interpretation and calibration 
awareness. As a result, it provides a practical and theoretically informed basis for 
addressing various issues in AI, ethics, and personalized medicine. 

By integrating generative modeling, conditioning, and calibration-aware 
evaluation, this study provides an important methodological foundation for the 
development of next-generation, highly personalized, AI-driven pharmaceutical 
discovery platforms. As generative AI continues to play an important role in 
shaping the pharmaceutical innovation landscape, the framework and study 
presented herein will serve as a foundation for future research on clinically 
contextualized and reliability-aware molecular generation. 
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