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ABSTRACT

Generative Artificial Intelligence (AI) is revolutionizing healthcare with its transformative potential in medical imaging,  drug  discovery,  and  clinical  decision-making.  Generative  models  such  as  Generative Adversarial Networks (GANs), Variational Autoencoders (VAEs), and large foundation models can synthesize realistic data, emulate  biological  systems,  and  accelerate  innovation  beyond  traditional AI  methods.  In  medical  imaging, generative AI enhances diagnostic accuracy by enabling high-resolution image reconstruction, noise reduction, anatomical  segmentation,  and  the  creation  of  synthetic  datasets  to  support  algorithm  training  in  data-scarce environments.  These  advancements  assist  radiologists  in  early  disease  detection,  treatment  planning,  and longitudinal patient monitoring. In drug discovery, generative AI accelerates molecule design, lead optimization, and prediction of protein-ligand interactions, reducing time and cost while enabling precision therapeutics and drug repurposing. Clinically, it supports automated report generation, patient-specific treatment simulations, and digital twin development for disease modeling and trial optimization through synthetic patient cohorts. Despite these  advances,  challenges  persist  regarding  data  quality,  interpretability,  regulatory  approval,  ethical transparency, and bias mitigation, which are critical for ensuring patient trust and safety. This study explores generative AI’s  applications  across  medical  imaging,  pharmacology,  and  clinical  workflows,  highlighting  its opportunities,  limitations,  and  future  directions  toward  sustainable,  ethical,  and  patient-centered  healthcare integration.

Keywords: Generative AI, Medical Imaging, Drug Discovery, Clinical Applications, Synthetic Data etc.


INTRODUCTION

Generative  Artificial  Intelligence  (Generative  AI)  has  rapidly  emerged  as  one  of  the  most  transformative technologies in the field of computer science and biomedical research. It refers to a class of artificial intelligence models that learn to understand and replicate complex data distributions to create new, realistic data samples that resemble real-world inputs. In contrast to classic discriminative models that target to categorize or predict with the help of the already available data, generative models are built with a goal to produce new data instances, which can find numerous applications in healthcare as in Figure 1 [1].
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Figure 1: Generative AI application in healthcare
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Generative  modeling  was  founded  on  the  development  of Variational Autoencoders  (VAEs)  and  Generative Adversarial Networks (GANs). The concept of the latent representation of data sampled to give new examples with controlled variability was developed by VAEs [2]. Conversely, GANs are trained on a competitive model where a generator (data generating) and a discriminator (data trying to differentiate between generated and real data) are involved [3]. The adversarial process has found application especially in generating real-world medical images, de-noising scans, and scaling down small datasets. Such models have been enhanced throughout the years to more sophisticated models such as diffusion models and transformer-based models that can be more fidelity  and  controllable  on  generative  tasks  [4].  Recent  advancements  in  the  diffusion  probabilistic  models including models like Denoising Diffusion Probabilistic Model (DDPM) and Latent Diffusion Model (LDM) have demonstrated a high level of performance in terms of high-quality image generation [5]. These models continuously  increase  the  amount  of  detailing  of  random  noise  by  successive  improvement  to  high-quality images as a way of giving improved reconstruction of images in medical modalities such as MRI images and CT images. Similarly, transformer-based Large Language Models (LLMs), like GPT inspires, BERT inspires, and others, have surpassed the state of the art in generative text simulation by producing fluent, contextualized and domain specific text [6]. These models can be used in the clinical world to generate synthetic clinical notes, radiology reports and even assist in summarizing the history of patients without losing linguistic fluency and factual integrity [7].

Generative AI data augmentation and privacy-preserving synthetic data generation is among the most important beneficial aspects of AI in the healthcare sector. Privacy laws and the unavailability of expert-labelled samples (particularly rare diseases) can severely restrict medical data. Generative AI may be used to generate realistic but artificial patient data, enables training its models with no exposure to sensitive patient data [8]. This artificial data has the ability to produce balance in classes, pathological variations, and enhance robustness in the models. Moreover, medical images can be enhanced and de-noised with generative models, which allows improving the diagnostic quality of medical images by recovering missing or corrupted information in imaging datasets [9]. The other large-scale use is in molecular design and drug discovery. The process of traditional drug discovery is long and expensive, and in most cases may take years of experimentation and billions of dollars are involved. It can be massively accelerated through the use of generative models that can create new molecular structures that maximize the desired biological and chemical properties [10]. With powerful generative models such as graph neural networks and variational molecular generators, scientists are able to predict binding affinities, molecular stability and pharmacokinetics, speeding up the time between an idea and clinical test by a long way [11]. The use of generative AI can be used to identify promising  drug candidates  more  effectively  and  faster than the methods of traditional computational chemistry because it searches large chemical spaces through an algorithm.

The  clinical  decision-making  sector  may  utilize  generative AI  to  contribute  to  multimodal  data  generation, clinical  records  and  smart  reports. An  example  of  this  could  be  that,  using  the  example  of  electronic  health records (EHRs), the trained LLAMs will be applicable in assisting a medical practitioner, as in summarizing patient encounters, generating discharge plans, and related potential diagnosis suggestions based on their textual and numerical input [12]. Such systems imply a reduced workload of clinicians and decreased documentation errors, which promotes efficiency in the working process and patient outcomes. Moreover, full-scale diagnostic reasoning may be assisted by using generative systems to integrate textual and visual information with genomic information  in  combination  with  multimodal AI  models,  when  combined  with  other  systems  [13]. Although generative AI  use  in  healthcare  systems  has  a  high  potential,  it  also  raises  important  ethical  and  regulatory concerns. The research concerns surrounding the data bias, model hallucination, interpretability, and the potential of misuse need a narrow scope of validation and control [14]. The quality, safety  and interpretability  of the generated medical data and recommendations remain a major issue before the large-scale clinical adoption. In order to address such challenges, the interaction between clinicians, AI researchers, and policymakers across diverse spheres is required so that they could come up with guidelines on how to authenticate their models, explain them, and apply them in an ethically sound manner [15]. The future of healthcare is generative AI and the disruptive aspect of such models can be undermined by the fact that they can produce high-quality artificial data,  recombine  and  enhance  medical  imaging,  design  new  therapeutic  molecules  and  optimize  clinical operations. This  review  will  discuss  three  important  fields  of  medical  imaging,  drug  discovery  and  clinical decision-making and documentation that generative AI is transforming. All these domains represent the merge
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of artificial intelligence and medicine towards a more data-driven, more efficient and more personalized health-related future.


METHODOLOGY OF LITERATURE REVIEW

The present review was based on a systematic and integrative approach that summarized the current research on the  use,  efficacy  and  issues  of  Generative  Artificial  Intelligence  (AI)  in  healthcare.  The  methodological framework was formulated so that it would be able to guarantee transparency, reproducibility and scientific rigor in the identification and analysis of the relevant peer content.

Search Strategy

A comprehensive literature search involved the use of various academic databases, such as PubMed, Scopus, IEEE  Xplore,  ScienceDirect,  and  Google  Scholar,  the  publications  of  which  were  printed  in  2013-2025. Searching was done using Boolean operators and Medical Subject Headings (MeSH) where necessary, and it included the following terms:  Generative Artificial  Intelligence, Generative Adversarial Networks, Diffusion Models, Variational Autoencoders,  Large  Language  Models,  Medical  Imaging,  Drug  Discovery  and  Clinical Decision Support.

Additionally,  the  reference  lists  of  the  major  papers  and  reviews  were  searched  manually  to  find  additional literature not available via database search. Articles that were published in other languages were not taken into account. Articles published in English language were only considered.

Inclusion and Exclusion Criteria

All the articles if they satisfied the following criteria:

1. The article used or presented generative AI models (e.g., GANs, VAEs, diffusion models, or transformer-

based LLMs) to a healthcare setting.

2. The research had either one or more of these domains; medical imaging, drug discovery, biomedical data

generation, or clinical decision-making systems.

3. The  publication  in  a  peer-reviewed  journal  or  significant  conference  proceedings  has  to  take  place

between 2013 and 2025.

Articles were excluded if they:

1. Only discriminative AI methods or other irrelevant computational models.

2. They  were  non-peer-reviewed,  editorial  commentaries,  or  not  experimental,  methodological,  or

analytical.

3. Were published in non-English languages and without freely available full-text editions.

Data Extraction and Analysis

The  initial  search  identified  approximately  250  records. After  removing  duplicates  and  applying  inclusion criteria,  85  articles  were  selected  for  detailed  review.  Each  study  was  assessed  according  to  the  following parameters:

•   Generative model type: VAE, GAN, Diffusion, or Transformer-based LLM.

•   Application domain: imaging, pharmacological modeling, or clinical AI.

•   Outcomes and performance metrics: image fidelity, accuracy, interpretability, or efficiency.
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•   Reported limitations: data bias, computational constraints, ethical or regulatory barriers.

The thematic groupings of the studies were divided into three areas i.e. medical imaging, pharmaceutical drug discovery,  and  clinical  decision  support  to  guarantee  integrative  knowledge  of  cross-disciplinary  uses. Theoretical background of generative modeling was laid down by Kingma and Welling [2], Goodfellow et al. [3], and Rombach et al. [4], while applications were analyzed from studies such as Yi et al. [16] in imaging, Zhavoronkov et al. [10] in drug discovery and

Singhal et al. [7] in clinical knowledge modeling. Mittelstadt et al. [14] and Topol [15] had mostly directed the ethical and interpretability perspectives.

The qualitative method of synthesis was used to be able to discover the main trends, pros and cons through the study. The resulting comparative framework is summarized in Table 1.

Table 1. Comparative Summary of Key Literature on Generative AI Applications in Healthcare

Author(s) &       Model Type      Application       Key Contribution /         Limitations Year                           Area            Findings                 Reported

Kingma &        Variational        Probabilistic        Introduced latent-space       Generated images

Welling (2013)     Autoencoder       modeling and       encoding for controlled       often blurred;

[2]                  (VAE)             anomaly            sampling and synthetic       limited clinical

detection           data generation               testing

Goodfellow et      Generative         Image synthesis     Established adversarial       Training instability

al. (2014) [3]       Adversarial         and enhancement   learning enabling realistic     and mode collapse

Network (GAN)                  medical image generation

Rombach et al.     Latent Diffusion Radiological        Achieved superior            Requires large

(2022) [4]          Model (LDM)     image             reconstruction of CT/MRI    datasets and GPU

enhancement      images using latent-space     resources

denoising

Singhal et al.        Large Language    Clinical text         Demonstrated transformer-   Hallucination and

(2023) [7]          Model (LLM)     generation         based LLMs capable of      factual

encoding clinical  inconsistency risks

reasoning and generating

medical narratives

Chen et al.          Hybrid VAE–      Synthetic           Created privacy-preserving Residual re-

(2021) [8]          GAN             healthcare data      synthetic datasets for         identification risk in

generation         model training without       synthetic data

exposing real patient data

Zhavoronkov et    Deep             Drug discovery     Accelerated identification    Necessitates

al. (2019) [10]      Generative         and molecular       of potent DDR1 kinase       biochemical

Framework      screening         inhibitors using deep         validation of outputs

generative modeling

Sanchez-          Variational        Inverse             Enabled rapid generation     Limited

Lengeling &       Molecular         molecular design   of novel molecules with      interpretability;

Aspuru-Guzik      Generator                          optimized pharmacological experimental

(2018) [11]                                              properties                    validation required
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Mittelstadt et al.    Algorithmic        Ethical AI and       Conceptualized principles    Theoretical

(2016) [14]        Ethics              transparency        of fairness, accountability,    framework; lacks

Framework                      and explainability in         empirical validation

healthcare algorithms

Topol (2019)       Human-AI        Clinical decision    Advocated human-in-the-    Implementation and

[15]               Collaboration      support             loop AI systems to           regulatory barriers

Model                         enhance diagnostic

reliability and clinician

trust

Yi et al. (2019)      GAN              CT and MRI        Applied GANs for cross-     Presence of

[16]                                     image translation   modality synthesis and        hallucination

image denoising             artifacts; limited

interpretability

Dhariwal &        Diffusion          Image              Demonstrated high-fidelity High computational

Nichol (2021)      Model            reconstruction      image generation with        cost and slow

[17]                                                     improved stability            sampling

compared to GANs

Chung et al.        Diffusion          MRI super-         Demonstrated enhanced      Limited clinical

(2022) [18]         Model            resolution and      structural detail               generalizability;

denoising          preservation and improved    high training cost

image quality

Generative Model Families: A Primer

The contemporary artificial intelligence is based on the generative models enabling machines to create realistic data  points  of  different  modalities  images,  text,  audio,  and  molecular  structures.  The  models  have  proved essential in the development of artificial medical data in healthcare, enhancement of image quality, as well as clinical decision-making. The significant families of generative models that provide particular capabilities and trade-offs to the medical science are Variational Autoencoders (VAEs), Generative adversarial networks (GANs), Diffusion Models, and Transformer-based Generative Models [19]. Various generative models are in Figure 2 below.
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Figure 2: Generative Model Families
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A. Variational Autoencoders (VAEs)

Variational Autoencoders (VAEs) are probabilistic generative design frameworks which encode input data in a continuous latent  space enabling controlled sampling  and interpolating features [2]. The VAE is  made up of encoder  that  encodes  the  input  data  into  a  latent  probability  distribution  and  the  decoder  that  recovers  data samples  that  encode  the  input  data. This  architecture  is  efficient  in  dimensionality  reduction  as  well  as  the creation of new data points which then obey the same underlying distribution  as the training data. VAEs are especially  effective  in  the  case  of  medical  anomaly  detection  since  they  can  be  trained  on  the  statistical regularities of normal data, which deviation should be identified as a possible abnormality [20]. They are also used in compressed medical image representations, and are useful in tasks such as telemedicine where bandwidth is crucial. However, VAEs often produce blurrier images compared to adversarial models, due to the trade-off between reconstruction accuracy and latent smoothness [21].

B. Generative Adversarial Networks (GANs)

Goodfellow et al. initiated Generative Adversarial Networks (GANs) to transform the way generative models are trained to adversarially train two models: a generator that generates synthetic samples and a discriminator that differentiates between actual and synthetic samples [3]. Such an adversarial structure pushes the generator to create very realistic examples. Medical imaging is another popular field in which GANs are used to translate images to images, e.g. to convert CT to MRI images, super-resolution reconstruction, and modality synthesis [16]. For instance, GANs have the potential to advance low-dose CT images and produce high-resolution results with little noise, contributing to diagnosis with the lowest radiation dose [22]. In spite of their success, GANs are characterized by the instability in training and mode collapse, in which the generator results in a low diversity of output [23]. Ongoing research addresses these limitations through improved architectures such as Wasserstein GANs and Cycle GANs.

C. Diffusion Models

Diffusion models are a more recent type of generative systems that demonstrate impressive results in the creation of high-fidelity images. These architectures are trained to progressively remove random noise in structured data by successive refinement steps effectively undoing a diffusion process that introduces noise to the data with training [5]. Diffusion models are more stable to train, have better mode coverage and state-of-the-art image quality  compared  to  GANs  [22].  Diffusion-based  models  have  been  utilized  to  reconstruct  MRI,  generate histopathological images and de-noise low-quality scans in the medical field [23]. Despite being computationally costly, because of their iterative sampling mechanism, diffusion models are gaining popularity as they are more robust and can produce fine-grained real-world details.

D. Transformer-based Generative Models / Large Language Models (LLMs)

The original transformer-based models, created to process natural language, have become the potent generative models designed to work with different types of data. Transformers are based on self-attention models that learn complex dependencies on sequential data, which can be used to produce coherent and context-sensitive text [6]. Large Language Models (LLM) like GPT, BERT, and Med-PaLM can be used to apply these features to clinical text generation, summary of reports, and generation of structured output based on unstructured clinical data [7]. Besides, multimodal generative tasks have been translated to transformer architectures, including textual, visual, and tabular data - effective in generating medical reports or interpreting radiology images [25]. They are at the heart of the future in AI-based healthcare because of their scalability and flexibility.

 E. Comparative Trade-offs 

All the generative model families have their own unique advantages and difficulties. VAEs provide interpretable latent space and provide smooth data interpolation but can produce a blurry image. GANs are very much good in generating clear, photorealistic images but at the same time experience instability in their training. Diffusion models are seen to have better quality and diversity of the samples, but need a massive amount of computation power. Transformers and LLMs perform exceptionally well in the text and sequence modeling tasks but require
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big data and computational units. The choice of the generative model is, therefore, dependent on the specific healthcare task - be it image synthesis, text generation or multimodal data fusion [15].


Transforming Medical Imaging

One of the most data-intensive and, at the same time, computationally intensive fields of healthcare is medical imaging. Although the imaging modalities, like MRI, CT, PET, and ultrasound, have evolved, several issues still exist, such as the lack of annotated datasets, differences in image quality, and long acquisition time. Generative AI has become a revolution in this area, making it possible to generate synthetic data, cross-modality translation, and image reconstruction not to mention that it enhances segmentation, harmonization, and diagnostic accuracy. The  working  of  generative AI  in  medical  imaging  is  shown  in  figure  3. All  such  innovations  contribute  to achieving better generalization of the models, cost reductions, and increased accessibility in the clinical imaging processes [26].

A. Data Augmentation and Synthetic Data

Medical imaging data are frequently small-scale, unbalanced, or biased against some population groups because of privacy issues and expert labeling is expensive. Variational Autoencoders (VAEs), Generative Adversarial Networks (GANs), and diffusion models are generative models that create realistic synthetic images that can be used to augment training datasets to ultimately enhance the performance of downstream classifiers in disease detection and segmentation [27]. As an illustration, GAN-based augmentation has been demonstrated to enhance the accuracy of tumor detection by generating realistic lesion and tissue texture variations in MRI images [28]. The simulation of rare pathologies that are not represented sufficiently in clinical repositories is also supported by synthetic data, which guarantees enhanced generalization of the model [29]. Moreover, artificial amplification is used to adjust the demographic and device-level diversity, reducing the bias in the algorithms. Notably, with a validated synthetic image, it is possible to train models without accessing real patient data, both in terms of ethical and privacy concerns in the context of data protection laws, like HIPAA and GDPR [8].

B. Cross-Modality Synthesis

Another  strong  tool  of  generative AI  is  cross-modality  synthesis  which  improves  the  translation  of  imaging modalities including CT and MRI or MRI and PET. Paired datasets can be trained to generate one modality of the other, further simplifying the processes that are both costly and invasive to perform [30]. As an illustration, Cycle GANs have been applied in the synthesis of MRI images given CT scans to enable a physician view soft-tissue contrast without having to perform another MRI scan [31]. This modality completion enables the multi-modal analyses to be complete in a case where some scans are not present, or incomplete and contraindicated. Cross-modality synthesis also enhances the interoperability of data, and as such, it is now possible to combine heterogeneous data sources across imaging centers [32].

C. Image Reconstruction and Enhancement

Image reconstruction and enhancement stimulate the use of generative models that allow high-quality images to be generated based on under sampled or low-dose acquisitions. In MRI, VAEs and GAN reconstruction models are trained on the prior distribution of anatomical structures, which they use to recover missing information in sparse k-space data to generate better and faster reconstructions compared to traditional compressed sensing algorithms [33]. Equally, diffusion-based models can be trained to refine erroneous or under-resolution scans, which give fidelity results maintaining subtle structural information [23]. The use of GANs in CT has been in low-dose reconstruction, which is effective in reducing radiation dose and retaining diagnostic quality [20]. Such innovations  help  in  the acceleration  of  scanning,  reduction  of  risk  to  the  patient  and  enhancement  of  image quality both in the research and clinical practice.

D. Anomaly Detection and Segmentation

Generative models are able to train on the appearance of healthy anatomy and then identify abnormalities by showing differences between normal patterns. Reconstruction-error and latent-space-distance techniques have
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the capability to emphasize suspicious areas which can be tumors, lesions, or structural abnormalities [17]. An example is that VAEs which are trained on normal brain MRIs can be used to detect areas of pathological tissue through comparison  between input  and reconstructed images. Moreover, GAN adversarial  training improves segmentation performance, in which the discriminator imposes anatomy realism on segmentation masks [34]. Diffusion  models  have  also  been  shown  to  be  useful  in  producing  accurate  and  consistent  organ  and  lesion segmentation maps, and are also more robust on semi-supervised medical segmentation challenges [35]. The use of generative AI in medical imaging is as in the Figure: 3.

E. Image Harmonization and Bias Mitigation

An ongoing difficulty in large-scale medical imaging research is domain shift, which arises due to the change in imaging procedures, scanner vendors, and site factors. This type of heterogeneity impairs the inter-institutional generalization of deep learning models. Generative domain adaptation helps to solve this problem by aligning the  images  across  an  image  source  into  a  single  visual  style  without  anatomical  information  loss  [36]. Standardization  of  MRI  and  CT  scans  across  multi-centers  studies  has  been  applied  to  the  style  transfer frameworks  and  harmonization  frameworks  of  GAN,  improving  the  reproducibility  and  decreasing  biasing factors  because  of  confounding  factors  [37].  The  strategies  will  be  essential  in  the  achievement  of  the establishment  of  robust AI  solutions  that  can  be  effectively  applicable  in  various  populations  and  imaging contexts.
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Figure 3: Generative AI in medical Imaging

F. Risks and Failure Modes in Imaging

Regardless of the massive progress in medical imaging, generative AI in medical imaging has its risks. Synthetic images may contain hidden artifacts or hallucinated objects that may be confusing to radiologists or diagnostic codes [38]. Overweight synthetic augmentation without proper validation may end up giving spurious correlation hence  rendering  the  model  incompetent.  Also,  diffusion  and  adversarial  systems  may  sometimes  produce anatomically constrained or clinically misleading images, especially when trained on small and/or biased data sets. It should be ensured that the clinical safety is guaranteed by the strict validation procedures, reader tests, and  frameworks  of  uncertainty  quantification  [39]. The  generative  processes  must  be  transparent  as  well  as interpretable to eliminate diagnostic errors and keep confidence among the clinicians.


Accelerating Drug Discovery

Drug discovery process has been perceived as a long, expensive and unpredictable process that may take more than a decade and billions of dollars to navigate a single compound throughout the entire process before it can be put into the market. The paradigm shift of generative artificial intelligence (AI) is discussion of large chemical spaces,  creation  of  new  molecules  possessing  preferred  biological  characteristics,  predictive  and  synthetic feedback following which enhances the discovery cycles. Generative AI is transforming the in vivo manner in which  chemical  and  biological  design  are  done  through  the  use  of  graph-based  models,  language-inspired molecular generators, and diffusion architectures. The comprehensive pipeline illustrating generative AI process to accelerate drug discovery is in Figure 4.

A. Generative Molecular Design

Generative models are able to effectively search through chemical space by suggesting new molecules based on optimized therapeutic characteristics like solubility, potency, selectivity as well as toxicity [11]. Early approaches
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used Variational Autoencoders (VAEs) to encode molecular structures-typically represented as SMILES strings or molecular graphs into latent spaces, allowing smooth interpolation and sampling of new compounds [40]. Graph-based generative models, like Graph VAEs and Graph GANs, model molecules as nodes (atoms) and edges (bonds), and they use structural and topological data that are important to the molecular validity [41].

More  recent  diffusion-based  molecular  generators  progressively  improve  random  molecular  noise  into chemically valid compounds, and they are state-of-the-art in terms of diversity and fidelity in de novo molecular design [42]. SMILES strings have also been represented as a series of autoregressive sequence model based on natural language processing to generate new molecules in a similar manner as text in generated grammars [43]. Also,  conditional  generation  has  increased  control  as  the  model  can  be  requested  to  acquire  properties  or biological goals desired such as binding affinity to target receptors over which to wish the output to be formed in the molecular design process [44]. Together, these methods have radically enlarged the chemical design space allowing AI systems to suggest candidate molecules inaccessible to the usual computational chemistry methods.

B. Virtual Screening and Property Prediction

In traditional drug discovery, virtual screening is the process of assessing millions of compounds on a biological target through docking or predictive chemistry. Generative AI enhances this reaction by combining property-predictive networks with generative molecular design, to form candidate libraries which are pre-enriched with desirable pharmacological properties [45]. In essence, this coupling is an effective way of reducing search space in the experiment, reducing the number of compounds that are being subject to expensive wet-lab screening.

For example, generative models based on reinforcement learning and conditional GAN have been applied to bias molecule generation to better drug-likeness or ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) properties [46]. Through real-time drug discovery, AI systems are able to search and analyze novel compounds at the same time, making early drug discovery more informed by data and economical [47].

C. Protein Structure and Design

Generative AI and structural biology have combined to use new opportunities in protein modeling and design. Advances like AlphaFold2 showed that deep learning is capable of predicting protein tertiary structures using amino acid sequences correctly, and this fact made generative protein engineering possible [48]. Continuing on this,  generative  protein  design  models  have  the  potential  of  proposing  new  protein  sequences  that  can  form desired 3D folds or that have particular biochemical properties [49].

Other methods such as Protein GAN and diffusion-based protein models create completely novel proteins or peptides through learning the statistical regularities of protein families in nature [50]. Such systems are used to mediate  binding  interface  design,  which  allows  tailored  generation  of  enzymes,  antibodies  or  therapeutic peptides  that  are  designed  to  bind  a  specific  ligand  or  antigen.  Additionally,  generative  models  can  scan mutations  in  silico  of  sequence  variations  systematically  to  find  stabilizing  or  functional  mutations  and experimentally synthesize them [51]. These developments are promising in the design of custom biologics and the next generation protein therapeutics.

D. De Novo Drug Design and Synthesis Planning

De novo drug design is one of the most radically applicable areas of generative AI, which involves models that suggest new synthetically accessible molecules with optimized pharmacological activity [11]. These models can be integrated with retrosynthesis planning tools to produce new compounds in addition to suggesting a possible synthetic  pathway  to  synthesize  them  in  laboratory  [52].  As  an  example,  reaction  prediction  networks  in transformer form can predict the results of chemical reactions and proposed multi-step synthesis pathways which may minimize cost and complexity [53].

AI  systems  are  achieving  the  cycle  between  design  and  manufacturing  by  integrating  generative  molecular design, reaction prediction, and retrosynthetic analysis. There is a range of end-to-end automated drug discovery workflows, with identification of targets and the generation of compounds, to their synthesis and optimization,
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supported  by  this  integration.  The  possibility  of  reasoning  about  chemical  feasibility  as  well  as  biological functionality has enabled researchers to put a high priority on the compounds which are not only effective but also viable to be generated at scale.

E. Challenges in Molecular Generative Models

In spite of such an impressive advancement, there are some obstacles. A key consideration  - most generated molecules  need  to  be  chemically  valid  and  synthetically  feasible  [54].  The  second  important  problem  is  to balance between novelty versus similarity to known scaffold; too new, the compounds may become unrealistic, too similar, the scaffold is overfitted and does not serve as a source of innovation [55].

In  addition  to  that,  generative  models  must  be  capable  of  balancing  between  exploration  and  exploitation  - exploring new parts of chemical space and enhancing the current promising frameworks. Combinations of active learning schemes and experimental feedback loops help models to perfect themselves over time by trying in the field [56]. Finally, reproducibility and interpretability remain a constant issue with many deep generative systems being  a  black  box  that  it  is  difficult  to  make  rationalizations  on  how  certain  structures  are  generated. Nevertheless, using bigger datasets, and incorporating physical, biochemical and experimental restraints, AI-assisted drug discovery is getting much closer to autonomous design systems capable of discovering viable drug targets in weeks, rather than years.
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Figure 4: Accelerated Drug Discovery Pipeline Leveraging Generative Artificial Intelligence

Enhancing Clinical Decision-Making

When  applied  to  the  clinical  processes,  the  application  of  the  generative  artificial  intelligence  (AI)  has  the transformative ability to improve the quality of the diagnostic process and patient documentation along with the quality of care in general. AI systems can offer more clinician expertise and simplify decision-making as a result of multimodal clinical  data being  trained on text, images, laboratory values, genomics, etc. The  instruments should reduce the load on the administration, enable more timely and accurate diagnosis and tailor the treatment plan. However, they ought to be successfully implemented with assistance of good validation, interpretability and safety.

A. Clinical Text Generation and Documentation

One of the nearest AI generative applications in the health area is the automation of clinical documentation. Transformer-based  large  language  models  (LLMs),  such  as  GPT,  Med-PaLM,  and  Bio  GPT,  can  generate, summarize, and structure clinical text with the stunning fluency of transformers [7]. These systems are able to automatically write clinical notes, summarize patient visits and extract structured data of unstructured medical records. By doing so, they have a significant effect of reducing the number of  administrative burdens which occupy up to 40 percent of the working time of physicians [57].

The accuracy of coding and recording of bills can also be enhanced because the appropriate ICD or CPT code will be produced because generative models are being trained on electronic health record (EHR) corpora [58].
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In  addition,  they  enable  enriching  and  rendering  EHR  representations  more  searchable  as  they  assist  in transforming fragmented data into coherent and longitudinal narratives that reflect the entire clinical account of a patient. Indicatively, e.g. Google MedLM which is a division of Microsoft Nuance DAX systems are real-time auto-documentation systems that overhear clinician-patient discussions and generate the automated summaries [59]. This ensures efficiency and further allows clinicians to be in a position to focus more on patient care than on data entry.

B. Diagnostic Decision Support

Generative models are also developed to become an important tool of diagnostic decision support. Depending on the synthesis of the patient history, the results of the imaging, and laboratory data, these models might generate the list of the possible diagnoses, suggest the further steps of diagnosis, and even reproduce the possible patient progression  [60].  They  are  able  to  prioritize  use  of  potential  conditions  through  probabilistic  reasoning  or Bayesian systems of inference, to inform clinicians towards high-value tests and interventions [61].

For instance, the use of LLMs trained on clinical cases can generate structured chains of reasoning - describing why  some  diagnoses  are  more  likely  to  be  true  -  facilitating  the  educational  and  clinical  decision-making processes [62]. Generative systems such as Med-PaLM 2 have shown near-expert performance on questions in the style of the U.S.  medical  licensing  examinations, which illustrates the possibility of such systems being cognitive  collaborators  of  clinicians  [63].  However,  there  is  a  need  to  subject  the  diagnostic  applications  to stringent validation with the real-world data to prove reliability and safety before implementation.

C. Multimodal Patient Representations

Another important area of clinical AI advances is the creation of multimodal generative AI systems that integrate various  types  of  patient  data  -  radiological  images,  lab  findings,  genetic  data,  and  clinical  text  into  single, context-sensitive  representations  [64].  The  prognostic  modeling,  risk  stratification,  and  individual  patient-specific treatment recommendations based on the integrated patient embeddings are possible [65].

As an example, text note to imaging data can be learned using multimodal transformer networks like Med-BERT and BioViL, in which the networks can generate sensible clinical summaries of both quantitative and qualitative results  [66].  Similarly,  diffusion  as  well  as  generative  graph  models  are  also  capable  of  predicting  disease progression or even imagining missing modalities (e.g, generate synthetic MRI images with the assistance of CT images) in clinical diagnosis [67]. It is possible to have such confluence of generative modeling and precision medicine,  making  it  possible  to  transition  towards  more  of  a  population  to  patient-specific  approach  to healthcare.

D. Human-AI Collaboration and Explainability

In healthcare, generative AI is superior as compared to autonomous AI. These systems are an intelligent assistant, which can best be seen as feeding clinicians with synthesized information, describing other available options and helping them to make complex decisions [15]. The implementation of models is valuable to guarantee that clinicians have faith and understanding of model outputs. The aspects of clinical features that best influenced the recommendation or generation of the model can be identified using the visualization tools, such as saliency maps,  attention  heat  map,  and  counter  factual  explanations  [68].  Such  transparency  will  help  the  clinicians examine AI advice critically and this will make them more responsible and capable of being trusted. The models of human - AI collaboration where the clinician will always be the ultimate decision-maker allow avoiding the over-reliance  on  the  automated  system  without  underestimating  the  complementary  nature  of  human  and machine capabilities.

E. Safety, Hallucinations, and Verification

There are high risks associated with generative models in medicine despite the promise. Hallucinations occur in LLPs too, where the outputs consist of statements that are realistic, but not real [69]. Unless included, such errors in clinical practice can lead to an incorrect diagnosis or treatment. In this regard, there is the necessity of having
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powerful verification pipelines. These include retrieval-augmented generation (RAG) which is a model where models rely on verifiable information sources e.g. EHRs, clinical guidelines, or peer-reviewed literature [70]. The development of the confidence estimation is another field under the research of the developers and allows AI-based systems to showcase the results of low confident or doubtful results to be reconsidered by a human [71]. Conservative user interface (UI) designs, such as highlighting statements that are not proven, or making clinicians confirm before adding to the medical record help to reduce risk. Also, to monitor model procedures and verify the safety, privacy and fair standards, regulating mechanisms and audit track are being developed [72].

Finally, the implementation of generative AI in clinical practice must be aimed at improving clinician judgment, and not to substitute them. Explainability, safety, and human oversight can be used to convert clinical decision-making through generative models to provide more efficient, data-driven, and equitable health care delivery. The comprehensive framework of generative AI in making clinical decision is in the Figure 5.
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Figure 5: Generative AI in clinical decision-making: A comprehensive framework

Evaluation, Validation and Regulatory Considerations

Generative AI translation into clinical practice needs to be evaluated carefully, validated openly, and follow the existing regulatory guidelines. Conventional performance measures - e.g. image fidelity or text fluency do not suffice  in  a  medical  context  where  clinical  safety  and  diagnosis  accuracy  take  precedence.  The  evaluation protocols  ought  to  include  task-specific  measures  which  entail  sensitivity,  specificity,  false-negatives,  and calibration, and downstream clinical utility [73]. Technical quality in the imaging domain can be evaluated based on such metrics as structural similarity index (SSIM) and peak signal-to-noise ratio (PSNR) but, clinical quality measurement based on radiologist rating or diagnostic accuracy testing is still required [74]. The problem is that the  real-world  effectiveness  and  safety  need  to  be  defined,  and  prospective  clinical  trials  and  randomized controlled  experiments  are  the  only  possible  variants  to  achieve  it.  Despite  the  fact  that  the  retrospective validation is an easy preliminary indicator of the feasibility, it may be challenging to mirror the concerns of the clinical workflow and patient heterogeneity [75]. Prospective assessment will be employed to ensure that the generative models are the same across different populations, different healthcare settings, and different imaging systems and to remove bias and improve generalizability [76].

To aid in maintaining transparency, traceability, and risk management in AI-based medical devices, government regulatory  bodies  such  as  the  U.S.  Food  and  Drug Administration  (FDA),  the  European  Medicines Agency
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(EMA), and the Central Drugs Standard Control Organization (CDSCO) in India have demanded transparency, traceability, and risk management [77]. Practitioners: to develop, document datasets they are going to learn and test on, have pre-established use-cases, and, introduce post-market surveillance to note model drift or unexpected harms [78].

The  other  factor  is  the  privacy  of  data. The  synthetic  models  which  generalize  based  on  medical  data  may facilitate data sharing without loss of confidentiality, but re-identification threats still exist since they may still contain traces of real patient data [79]. Therefore, in order to verify the compliance with the frameworks such as the HIPAA or GDPR, it is necessary to conduct empirical tests on privacy-protecting tools - such as differential privacy or membership inference audits [80].


Ethical and Social Implications

The prospect of providing healthcare services with the help of generative artificial intelligence (AI) raises serious ethical and social concerns related to the potential of the branch. One of the most significant issues is prejudice and fairness. The systems that are modeled using datasets that lack the presence of a particular demographic, ethnic, or socioeconomic group will potentially perpetuate or intensify the existing healthcare inequality [81]. An example is that when imaging or text data are mostly predominant with data of high-income groups or certain ethnicities, the diagnostic accuracy can be worse with marginalized groups [82]. Although an imbalance can be resolved using synthetic data generation, which creates heterogenous samples, it may also encourage systemic bias in the event that the training data generated to create these samples is imbalanced [8].

Other serious issues are accountability and liability. When generative AI is used to assist in diagnostic reasoning, documentation or treatment recommendations, the issue of responsibility between clinicians, institutions and developers  is  complicated  in  a  scenario  where  generative AI  is  helpful  [83].  Regulatory  frameworks  treat clinicians as ultimate decision-makers, and as AI systems increasingly gain autonomy, there is a need to establish more explicit governance structures that would help place liability in the event of damage or malpractice [84].

It is also necessary that consent and transparency. Patients must be informed of situations when AI systems can assist in their diagnosis or care decisions and when they appreciate their autonomy and trust clinical practice [85]. In addition, provenance and validation of the synthetic datasets training models are also to be reported, as the source of data affects reliability and fairness [86]. The promotion of the open documentation and ethical auditing  and  the  open-ended  dataset  design  will  be  the  determinants  to  ensure  that  the  positive  aspects  of generative AI will be equally beneficial to all patients.


Best Practices and Recommendations 

Effective deployment of generative AI in healthcare requires adherence to rigorous best practices. Robust data practices involve assembling diverse, representative, and well-annotated datasets, with clear documentation of provenance  and  preprocessing  steps.  Model  validation  should  include  multi-site  and  prospective  studies, explicitly reporting failure modes and edge cases. Explainability and uncertainty measures, along with evidence retrieval, ensure interpretability and trust. Maintaining a human-in-the-loop approach keeps clinicians central, using  AI  to  augment  rather  than  replace  judgment.  Compliance  is  simplified  through  initial  engagement  in regulation and through open reports, whereas privacy-sensitive strategies such as differential privacy, federated learning, and synthetic data audits - reduce the risk of patient confidentiality.


DISCUSSION

The  reviewed  evidence  highlights  that  Generative  Artificial  Intelligence  (AI)  represents  a  transformative advancement in healthcare, particularly within medical imaging, drug discovery, and clinical decision support.

The  evidence  reviewed  underscores  the  fact  that  Generative Artificial  Intelligence  (AI)  is  a  revolutionary development  in  healthcare, especially  in  the medical  imaging,  drug discovery, and clinical  decision support. GANs and Diffusion models have proven potential in medical imaging when using them in image reconstruction, denoising  and  cross-modality  synthesis  [3],  [4],  [16],  [17].  The  diffusion-based  models  are  superior  to  the
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traditional GANs in structural fidelity and noise reduction but use significantly more computing power [18]. These developments  serve as part of the minimized  radiation  dose and increased diagnostic quality, making generative modeling a fundamental aspect of the next-generation imaging processes.

Generative  frameworks  are  used  in  drug  discovery  to  do  de  novo  molecular  design  and  lead  compound optimization  which  accelerates  preclinical  research.  The  works  by  Zhavoronkov  et  al.  [10]  and  Sanchez-Lengeling  and Aspuru-Guzik  [11]  demonstrate  that  deep  generative  systems  are  able  to  recognize  bioactive compounds  with  a  high  degree  of  precision  and  decreases  the  time  needed  to  develop  and  the  cost  of  the experiment  itself.  But,  experimental  validation,  and  toxicity  testing  are  still  important  precedents  to  clinical translation.

Transformer-based  Large  Language  Models  (LLMs)  have  become  the  decision-support  tool  in  the  field  of clinical  decision-making  that  can  reason  and  produce  reports  with  medical  accuracy  [7]. Although  they  can process  complex  clinical  data,  there  are  still  problems  of  hallucination,  propagation  of  bias,  and  not  being interpretable. It is crucial to consider using human-in-the-loop systems that have been suggested by Topol [15] to make sure the system is reliable and ethically acceptable.

Ethical  and  regulatory  issues  that  were  revealed  by  Mittelstadt  et  al.  [14]  focus  on  the  need  to  implement transparency, fairness, and accountability concerning the use of AI in clinical settings. The disadvantages that fail  to  support  the  broad  adoption  of  these  challenges  include  data  privacy,  model  bias,  and  small  cross-institutional validation.

Overall,  there  is  a  significant  potential  of  generative AI  in  improving  precision  medicine  with  the  help  of autonomy,  simulation,  and  data  generation.  However,  its  introduction  in  clinical  practice  needs  well-defined validation systems, regulatory controls and ongoing cross-disciplinary cooperation to make it secure, reliable and reproducible.

Future Directions 

A. Multimodal foundation models trained on large-scale, heterogeneous clinical datasets to enable zero/few-

shot clinical tasks.

B. Integration of physics and domain knowledge into generative priors for medically plausible synthesis

(e.g., physics-informed reconstruction in imaging).

C. Closed-loop discovery platforms that tightly integrate generative design, active learning, and automated

synthesis/assay systems.

D. Personalized generative models for individualized treatment planning and longitudinal health trajectory

simulation.


CONCLUSION 

Generative artificial intelligence (AI) has emerged as a transformative technology with the potential to reshape multiple facets of healthcare. In medical imaging, generative models enable synthetic data augmentation, cross-modality synthesis, high-fidelity reconstruction, and anomaly detection, thereby enhancing diagnostic accuracy, reducing  scan times, and mitigating risks from  limited or imbalanced datasets.  In drug discovery, AI-driven molecular design, virtual screening, protein engineering, and retrosynthesis planning accelerate the identification of  novel  compounds  and  biologics,  reducing  both  the  time  and  cost  associated  with  traditional  pipelines. Additionally, in clinical decision-making, transformer-based models and multimodal systems support automated documentation,  risk  stratification,  personalized  treatment  recommendations,  and  simulation  of  patient trajectories, complementing clinician expertise and enabling data-driven, precision healthcare.

However,  realizing  the  full  potential  of  generative  AI  requires  rigorous  evaluation  and  validation  across retrospective  and  prospective  clinical  settings,  multi-site  studies,  and  randomized  trials.  Ethical  and  social considerations—including bias, equity, consent, transparency, and accountability-must be carefully addressed to  ensure  fair  and  responsible  deployment.  Safety  mechanisms  such  as  uncertainty  quantification,  retrieval augmentation,  and  human-in-the-loop  oversight  are  critical  to  prevent  hallucinations,  misdiagnoses,  or

[image: ]

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XIV, Issue XII, December 2025

overreliance on AI outputs. Furthermore, regulatory engagement, adherence to standards, and privacy-preserving techniques are essential to maintain trust and compliance in clinical contexts.

With  careful  stewardship,  interdisciplinary  collaboration  between  machine  learning  researchers,  clinicians, regulatory authorities, and patients can ensure that generative AI serves as an augmentative tool rather than a replacement for human expertise. These models have the capacity to shorten drug development cycles, improve diagnostic precision, and enhance personalized care, ultimately contributing to more efficient, equitable, and patient-centered healthcare systems. As technology matures, the integration of generative AI will likely become a cornerstone of modern medicine, bridging computational innovation with tangible clinical impact.
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