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The integration of artificial intelligence (AI) into diagnostic 
medicine has accelerated over the past five years, driving 

a paradigm shift toward precision, speed, and personalization 
in disease detection and prognosis. This review synthesizes 
current advances and future directions across deep learning in 
medical imaging, multi-omics predictive modeling, and multi-
modal decision support systems, with a focus on novel methods 
such as transformers, federated learning, foundation models, 
and digital twins. We discuss interpretability and fairness 
concerns and highlight exemplary real-world deployments, 
underscoring the critical role of interdisciplinary collaboration to 
translate AI breakthroughs into clinical practice.

1. Introduction

Diagnostic medicine is at the forefront of the AI revolution, 
underpinned by the convergence of deep learning, genomic 
technologies, and ubiquitous clinical data streams from EHRs 
and wearable devices. From the 2010s’ foundational CNNs 
to today’s large-scale transformer architectures and self-
supervised pretraining, the field has rapidly evolved to address 
clinical challenges. Recent progress in federated learning, 
multi-modal foundation models, and explainable AI offers new 
pathways to enhance patient outcomes while maintaining data 
privacy and ethical integrity.

This article examines three principal domains:

1.	 medical image analysis,

2.	 predictive modeling integrating clinical and multi-omics 
data, and

3.	 multi-modal AI systems for decision support, linking these 
advances to translational and precision medicine initiatives.

2. AI in Medical Image Analysis

Artificial intelligence continues to revolutionize the field of 
medical imaging by enhancing diagnostic accuracy, enabling 
early detection of disease, and facilitating personalized 
treatment planning. AI’s capabilities in processing complex 
imaging data, ranging from radiographs and MRIs to 
histopathological whole-slide images (WSIs), are evolving 
rapidly with innovations in deep learning, transformers, and 
generative models.

2.1 Deep Learning and Vision Transformers in Imaging

Convolutional neural networks (CNNs) have long been the 
backbone of medical image analysis, especially for tasks like 
segmentation, classification, and anomaly detection. However, 
the landscape is shifting with the introduction and increasing 
adoption of Vision Transformers (ViTs) and hybrid models 
that combine the strengths of CNNs with the global attention 

mechanisms of transformers.

Vision Transformers, including Swin Transformers and 
specialized medical variants like Medical SAM (Segment 
Anything Model), have demonstrated superior performance on 
multi-organ segmentation benchmarks. In a comparative study, 
Hatamizadeh et al. (2022) showed that ViTs outperformed 
traditional CNNs in tasks such as cardiac MRI segmentation 
and liver CT delineation, particularly under conditions of limited 
annotated training data. This advantage arises from ViTs’ ability 
to model long-range dependencies and contextual relationships 
in high-resolution medical images more effectively than 
localized CNN kernels.

Hybrid models are also gaining ground, combining CNN 
feature extractors with transformer-based attention modules 
to capitalize on both local texture and global structure. Recent 
frameworks such as UNETR (UNet with Transformers) and 
TransUNet have become state-of-the-art for 3D volumetric 
segmentation, with strong generalization across organ systems 
and imaging modalities (Chen et al., 2021; Hatamizadeh et al., 
2022).

In parallel, foundation models for medical imaging are gaining 
traction. BioMedCLIP, trained on paired radiology images and 
textual reports, and RadFormer, a transformer-based radiograph 
encoder pretrained on over one million chest X-rays, exhibit 
strong zero-shot and few-shot learning capabilities. These 
models demonstrate promise for detecting rare diseases and 
rapidly adapting to new clinical domains with minimal retraining, 
thanks to their extensive pretraining on multimodal data (Zhou 
et al., 2023).

Furthermore, tools like MONAI (Medical Open Network for AI) 
are facilitating the clinical deployment of ViT-based pipelines 
by offering pretrained models, reproducible benchmarks, and 
integration with DICOM workflows, accelerating translational 
applications in radiology and oncology.

2.2 Generative AI and Synthetic Imaging

Generative adversarial networks (GANs) and diffusion 
models are transforming the way synthetic data is used to 
train and validate AI systems in medicine. These models are 
particularly valuable in scenarios where rare pathologies or 
underrepresented patient groups (e.g., pediatric or minority 
populations) lead to data imbalance.

For instance, GAN-based augmentation has shown to improve 
classifier sensitivity in detecting rare ocular diseases such as 
retinoblastoma and age-related macular degeneration (Costa et 
al., 2021). Diffusion models, known for their ability to generate 
high-fidelity and diverse synthetic images, are now applied to 
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simulate 3D CT scans and MRI slices with preserved anatomical 
realism, aiding in model training without risking patient privacy 
(Pinaya et al., 2022).

Moreover, synthetic histopathology is emerging as a vital 
subfield. Models like Histogan and GANPath generate realistic 
virtual WSIs that retain cell and tissue morphology critical for 
downstream pathology tasks. Such approaches not only enrich 
datasets for cancer subtype detection but also enable virtual 
staining techniques, reducing lab costs and tissue degradation 
risks (Zhao et al., 2023).

Beyond augmentation, generative models are being explored 
for counterfactual image generation, enabling clinicians and 
researchers to understand what changes in image morphology 
could flip a model’s prediction, thereby providing insights into 
model interpretability and potential biases (Singla et al., 2023).

2.3 Histopathology Advances

Whole-slide imaging (WSI) in histopathology has become a key 
frontier for AI, offering pixel-level views of tissue samples that 
can be mined for diagnostic and prognostic signals. The field 
has seen dramatic gains due to the introduction of large-scale 
transformer-based models, particularly those using weakly 
supervised or multiple instance learning (MIL) approaches.

Models such as CLAM (Clustering-constrained Attention 
Multiple Instance Learning) and Pathformer (2024) have 
surpassed 95% classification accuracy in subtyping cancers 
such as breast, prostate, and colorectal, while also predicting 
patient outcomes. Pathformer uniquely integrates tissue-
level self- attention with morphometric priors, like nuclear 
size, glandular architecture, and stromal density, to predict 
progression-free survival and therapy response (Li et al., 2024).

In parallel, self-supervised learning (SSL) has enabled pathology 
models to be pre-trained on massive unlabeled WSI datasets, 
leading to better downstream performance on low-sample tasks 
such as rare tumor grading. SSL approaches like Self-Distillation 
with No Labels have been adapted to pathology with success, 
learning invariant features across stain variations and scanner 
artifacts.

An emerging area is multi-scale fusion, where models 
simultaneously process tissue architecture at multiple 
magnifications (e.g., 5x, 10x, 40x) to emulate a pathologist’s 
diagnostic workflow. Such models have improved 
interpretability and decision consistency, especially when paired 
with heatmaps that highlight regions of interest for human 
review.

Finally, regulatory progress is supporting real-world clinical 
implementation. Several transformer-based histopathology 
models are undergoing validation for FDA approval, particularly 
in the context of breast cancer recurrence prediction and 
prostate Gleason scoring, signaling readiness for clinical 
adoption.

3. Predictive Modeling with Clinical and Genomic Data

The integration of artificial intelligence with diverse biomedical 
datasets, ranging from genomics and transcriptomics to 
longitudinal clinical records, is unlocking a new era of predictive 
healthcare. By capturing individual-level variability and dynamic 
biological states, AI is helping to move beyond population-
level risk stratification toward precision medicine and real-time 
forecasting.

3.1 Multi-Omics and Polygenic-Plus Risk Scores

Traditional polygenic risk scores (PRS), derived from genome-
wide association studies (GWAS), have been widely used to 
estimate genetic predisposition to common diseases such as 

breast cancer, type 2 diabetes, and coronary artery disease. 
However, PRS models are limited in scope, often failing to 
account for non-genetic factors and regulatory layers of biology.

To overcome these limitations, PolyOmic Risk Scores (PoRS) 
have emerged, integrating polygenic, transcriptomic (RNA 
expression), epigenomic (e.g., DNA methylation), proteomic, 
and metabolomic data. These integrative models improve risk 
prediction performance by modeling downstream biological 
processes and gene-environment interactions. In a large-scale 
study using UK Biobank data, PoRS approaches improved 
net reclassification indices (NRI) by up to 15% compared to 
PRS alone for breast cancer and cardiovascular outcomes, 
especially in diverse ancestries (Morrison et al., 2023; Wu et al., 
2022).

Recent advances in AI-driven multi-omics modeling leverage 
unsupervised and contrastive learning to derive biologically 
meaningful representations from high-dimensional omics 
data. Variational autoencoders (VAEs), graph neural networks 
(GNNs), and multimodal transformers are now used to fuse 
layers of biological signals for risk stratification and biomarker 
discovery. For example, the MOFA+ framework (Multi-Omics 
Factor Analysis Plus) and scMM (single-cell multimodal 
modeling) have shown success in integrating multi-layer data to 
uncover latent factors linked to disease onset and therapeutic 
response (Argelaguet et al., 2020; Liu et al., 2023).

Longitudinal multi-omics pipelines, as implemented in initiatives 
like All of Us, UK Biobank, and Mount Sinai’s BioMe, are fueling 
AI models capable of dynamically updating risk predictions. 
These pipelines allow for modeling disease trajectories over 
time, capturing complex interactions between genotypes, 
environmental exposures, and social determinants. For 
instance, machine learning models trained on longitudinal 
omics and wearable data have been used to predict insulin 
resistance and cognitive decline years before clinical onset 
(Schüssler-Fiorenza Rose et al., 2019; Price et al., 2022).

Moreover, AI frameworks are increasingly incorporating 
exposome data (e.g., pollution, diet, socioeconomic status) 
into multi-omic models, enabling richer representations of 
chronic disease risk and progression, particularly for metabolic 
syndrome and neurodegenerative disorders.

3.2 Transformers for Clinical Time Series

Electronic Health Records (EHRs) contain rich temporal 
information, including diagnoses, lab values, procedures, 
and medications that are critical for patient monitoring and 
forecasting adverse events. Historically, recurrent neural 
networks (RNNs) and long short-term memory (LSTM) 
architecture dominated temporal modeling. However, their 
limitations in capturing long-range

dependencies, irregular sampling intervals, and complex feature 
interactions have prompted the adoption of transformer-based 
architectures.

Transformers like Med-BERT and BEHRT adapt self-attention 
mechanisms to handle longitudinal patient records as 
sequences of medical events, learning contextual embeddings 
that preserve temporal and semantic relationships (Li et al., 
2020; Zhang et al., 2020). These models have outperformed 
RNNs in predicting disease onset (e.g., Alzheimer’s, diabetes), 
hospital readmissions, and sepsis, owing to their ability to 
capture both short- and long-term interactions across visits.

Newer models are advancing toward foundation models trained 
on vast multimodal clinical corpora. For example:

•	 GatorTron, trained on over 90 billion words of clinical 
notes from more than 100 million patient encounters, has 
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achieved state-of-the-art performance on clinical question 
answering, summarization, and disease prediction tasks 
(Yang et al., 2022).

•	 AMIE (Articulate Medical Intelligence Explorer), developed 
by Google DeepMind (2024), is a conversational diagnostic 
model trained to perform diferential diagnosis using 
synthetic and real-world EHR data. It demonstrates 
promising performance in simulating doctor- patient 
interactions and generating clinically sound reasoning 
pathways for early disease detection across organ systems 
(Gao et al., 2024).

In critical care and ICU settings, transformer models like 
HiTANet and ClinFormer are being used for real-time 
forecasting of multi-organ dysfunction, septic shock, and 
mortality. These models incorporate structured time series 
(labs, vitals) with unstructured data (notes, imaging summaries) 
to predict deteriorating conditions with lead times of 6–12 
hours, allowing for earlier interventions (Zhou et al., 2022; 
Vasquez et al., 2023).

Additionally, temporal fusion transformers (TFTs) and co-
attention mechanisms are being integrated with wearable 
device data and home monitoring systems for chronic care 
management, forecasting heart failure and glycemic events with 
patient-specific contextualization.

The interpretability of these models is also improving. Attention 
heatmaps, SHAP (SHapley Additive exPlanations), and 
counterfactual explanations are now embedded within clinical 
AI dashboards to support transparency and clinician trust.

4. Multi-Modal Data Integration and Digital Twins

As AI matures beyond proof-of-concept studies, its real-world 
integration into healthcare systems hinges on overcoming 
challenges related to privacy, multimodal data integration, 
and dynamic modeling of patient physiology. This section 
explores how AI is being operationalized in privacy- sensitive, 
heterogeneous, and high-stakes environments.

4.1	 Federated and Privacy-Preserving AI

Training AI models on medical data faces two major challenges: 
privacy regulations (e.g., GDPR, HIPAA) and institutional silos 
that prevent centralized data aggregation. Federated Learning 
(FL) addresses these constraints by enabling collaborative 
training of machine learning models across decentralized 
nodes, where raw data remains on-premises.

Projects like MELLODDY (Machine Learning Ledger 
Orchestration for Drug Discovery) showcase the power of FL at 
scale. MELLODDY connected ten pharmaceutical companies 
to jointly train models on over 1 billion molecular data points 
without exposing proprietary data, improving drug safety 
predictions in oncology pharmacovigilance (Durand et al., 
2021). The approach relies on secure aggregation, differential 
privacy, and homomorphic encryption to ensure compliance 
with GDPR and HIPAA while improving model generalizability.

Healthcare-specific federated systems are also being 
implemented:

•	 FeTS (Federated Tumor Segmentation), which uses 
federated deep learning to train glioma segmentation 
models across multiple radiology centers, has 
demonstrated robust performance while eliminating the 
need for data pooling (Sheller et al., 2020).

•	 FHIRChain, a blockchain-compatible FL architecture built on 
HL7 FHIR standards, enables secure model updates across 
hospital systems in oncology and diabetes management 

(Nguyen et al., 2022).

Differential Privacy (DP) is another method increasingly used 
alongside FL. DP introduces mathematical noise to data or 
gradients, ensuring that no single patient’s contribution can be 
reverse-engineered, vital for protecting sensitive data such as 
genomic variants and psychiatric records. Notably, Apple and 
Google have adopted DP-augmented FL for health applications, 
setting precedents for clinical-grade deployments.

Finally, secure multiparty computation (SMPC) and trusted 
execution environments (TEE) are enhancing federated 
frameworks by enabling encrypted computation and verifiable 
data lineage, addressing concerns of both security and 
auditability (Kaissis et al., 2020).

4.2 Multi-Modal Fusion and Decision Support

Modern AI systems increasingly integrate diverse data 
modalities, ranging from clinical narratives and imaging to 
genetic markers and lab time series, into unified representations 
for improved decision support.

Cross-modal fusion techniques now power clinical 
prediction systems across chronic and acute conditions. Key 
methodologies include:

•	 Cross-attention mechanisms, which learn interactions 
between modality-specific embeddings (e.g., linking MRI 
findings with pathology reports).

•	 Graph Neural Networks (GNNs), which model patient 
trajectories as graphs, where nodes represent symptoms or 
lab results and edges encode clinical progression (Choi et 
al., 2020). GNNs have been especially effective in tracking 
autoimmune diseases like lupus and multiple sclerosis, 
where multi-organ involvement and temporal complexity 
are common.

Deployed examples of multi-modal AI include:

•	 Epic Cognitive Computing integrates NLP-processed 
clinical notes, creatinine trends, and vitals to predict Acute 
Kidney Injury (AKI), with real-time alerts in over 50 U.S. 
hospitals.

•	 Their ensemble system reduced unrecognized AKI cases by 
30% in high-risk patients (Johnson et al., 2023).

•	 Mirada RTx applies AI to radiotherapy planning by aligning 
anatomical imaging, tumor dynamics, and dosimetry plans. 
It uses iterative auto-segmentation and predictive modeling 
to adjust radiation fields based on tumor shrinkage 
patterns, improving both precision and patient safety 
(Mirada Medical, 2022).

•	 PathAI and Tempus integrate histopathology images, 
genomic variants, and EHRs to guide treatment decisions 
in oncology, including PD-L1 expression modeling and 
targeted therapy recommendations (Rieke et al., 2022).

Emerging platforms also combine wearable data (e.g., from 
Apple Watch or Fitbit) with EHRs for continuous monitoring. 
Multi-modal fusion allows for early detection of atrial fibrillation, 
heart failure exacerbation, and glycemic dysregulation with 
context-aware alerts.

4.3 Digital Twins in Diagnostics

The digital twin concept in healthcare is evolving from 
static simulations to dynamic, individualized virtual replicas 
of patients. Powered by AI, these digital twins assimilate 
continuous streams of data—including genomics, imaging, 
labs, sensor telemetry, and interventions—to provide real- time 
decision support.
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In cardiology, digital twins now integrate data from 
echocardiograms, wearable ECG telemetry, and genetic risk 
factors to predict arrhythmias, heart failure decompensation, 
and optimize device implantation strategies. A recent model by 
Ghanem et al. (2025) successfully predicted atrial fibrillation 
onset within a 72-hour window by fusing structural heart data 
with autonomic variability markers from wearables.

In oncology, AI-enabled digital twins simulate tumor progression 
under various therapy regimens using imaging, genomic 
mutational profiles, and pharmacokinetic models. This allows 
for personalized treatment optimization and adaptive clinical 
trial simulations (Bruynseels et al., 2023).

In neurodegenerative disease, digital twins are being developed 
using multimodal MRI, longitudinal cognitive scores, CSF 
proteomics, and polygenic hazard scores to model individual 
disease trajectories in Alzheimer’s and Parkinson’s disease. 
Projects like EPAD (European Prevention of Alzheimer’s 
Dementia) and Human Brain Project are at the forefront of this 
effort (Frisoni et al., 2022).

Advanced AI architectures for digital twins include:

•	 Hybrid modeling systems, which couple physics-based 
simulations (e.g., blood flow dynamics) with neural 
networks for real-time personalization.

•	 Reinforcement learning frameworks, which dynamically 
adjust treatment plans in silico to minimize adverse events 
and maximize patient survival.

These patient-specific simulations are not only enhancing 
clinical decision-making but are also being used for regulatory 
science, such as synthetic control arms in FDA trials, especially 
where randomized controls are ethically or logistically 
infeasible.

5. Challenges: Interpretability, Bias, and Ethics

As AI systems increasingly influence diagnosis, treatment 
planning, and healthcare delivery, critical challenges around 
interpretability, algorithmic fairness, and regulatory oversight 
are gaining urgency. While AI models continue to evolve in 
complexity and accuracy, their safe and ethical integration into 
clinical workflows demands transparency, accountability, and 
patient-centered design.

5.1 Explainability and Human Trust

Explainable AI (XAI) is central to building clinician trust and 
enabling accountability in clinical decision support systems 
(CDSS). Without transparency, even highly accurate models 
may be rejected by practitioners wary of “black box” behavior, 
especially in high-stakes domains like oncology, neurology, or 
intensive care.

State-of-the-art XAI techniques now routinely accompany 
predictions in AI-driven clinical dashboards:

•	 Integrated gradients quantify the contribution of each 
input feature to a model’s prediction, enhancing the 
interpretability of deep learning classifiers for EHR data and 
medical imaging (Sundararajan et al., 2017).

•	 SHAP (SHapley Additive exPlanations) force plots are being 
embedded into systems for predicting adverse drug events 
and ICU readmissions, helping clinicians visualize how lab 
results, vitals, or medications contributed to the final output 
(Lundberg et al., 2020).

•	 Prototype-based reasoning, especially in convolutional 
prototype networks, allows models to show clinicians 
similar “precedent” cases from the training set, improving 
trust and auditability (Chen et al., 2019).

These techniques are being deployed in commercial and 
research-grade tools alike. For example, Xie et al. (2025) 
describes an explainable sepsis risk score that pairs 
temporal attention maps with SHAP insights in a multi-modal 
ICU dashboard, enabling both traceability and confidence 
calibration.

Recent work also explores counterfactual explanations, offering 
clinicians alternate input conditions that would have changed 
the model’s prediction. This is particularly helpful for patient 
education and clinical what-if scenarios (Verma et al., 2022).

However, challenges remain in translating mathematical 
explanations into clinically actionable insights. There is growing 
demand for XAI frameworks that align with human reasoning 
and are validated through clinician-in-the-loop studies, not just 
computational benchmarks.

5.2 Algorithmic Bias and Fairness

AI models are only as equitable as the data they are trained 
on. Structural inequities in healthcare delivery are often 
reflected in clinical datasets, leading to algorithmic bias that 
disproportionately affects historically underserved populations.

Key findings in recent audits include:

•	 Melanoma detection algorithms trained primarily on lighter 
skin tones underperformed significantly on Fitzpatrick 
types IV–VI, leading to delayed or missed diagnoses in 
patients of color (Adamson & Smith, 2021).

•	 Cardiovascular risk prediction tools, including some 
widely deployed models, have been shown to incorporate 
socioeconomic variables (e.g., zip codes, insurance status) 
as proxies for risk, reinforcing disparities in treatment 
access and intensity (Obermeyer et al., 2019).

Tackling algorithmic bias requires multi-pronged strategies:

1.	 Diverse training datasets: Initiatives such as NIH AIM-
AHEAD and Stanford’s POMERIUM (Population Med-Risk 
Modeling) are working to ensure inclusion across ethnicity, 
gender, age, and comorbidities.

2.	 Fairness-aware learning algorithms: Techniques like 
adversarial debiasing, reweighting, and representation 
parity are being incorporated into training pipelines to 
minimize disparate impact across subgroups (Zemel et al., 
2013; Bellamy et al., 2019).

3.	 Third-party audits and scorecards: Tools like AI Fairness 
360 and Model Cards for Model Reporting offer 
standardized reporting on model bias and performance 
stratified by demographic subgroups (Mitchell et al., 2019).

Emerging research also emphasizes intersectional bias, where 
combined attributes (e.g., Black women, elderly Hispanic 
patients) may reveal inequities that are not apparent when 
evaluating single demographic features alone.

There is a growing consensus that algorithmic fairness is 
not just a technical problem but an ethical and sociopolitical 
imperative—requiring transparency in model development, 
shared governance, and community co-design of AI tools 
(Gebru et al., 2020).

5.3 Regulatory Innovations

As AI shifts from static diagnostic tools to adaptive learning 
systems, traditional regulatory paradigms— built around one-
time approvals—are no longer sufficient. Regulatory bodies in 
the U.S., Europe, and Asia are now experimenting with dynamic 
oversight frameworks to ensure ongoing safety, performance, 
and accountability.
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In the United States, the FDA’s Digital Health Software 
Precertification Program (2024–2025) is being piloted with a 
focus on Total Product Lifecycle (TPLC) monitoring rather than 
static approval. Key principles include:

•	 Real-world performance monitoring through post-market 
surveillance and registries.

•	 Continuous learning approvals that allow models to update 
with new data under predefined guardrails.

•	 Transparency requirements including labeling of AI updates 
and performance metrics.

In the EU, the AI Act and Medical Device Regulation (MDR) 
require risk stratification for AI systems and mandate human 
oversight for high-risk applications, such as diagnostic 
algorithms or AI-assisted surgery. The European Health Data 
Space (EHDS) is also being developed to streamline cross-
border data sharing and model evaluation.

Global organizations are coordinating efforts as well:

•	 The World Health Organization (WHO) has proposed a 
framework for ethical governance of AI in health, including 
provisions for informed consent, human-AI collaboration, 
and algorithmic accountability (WHO, 2021).

•	 The IMDRF (International Medical Device Regulators 
Forum) is working toward harmonizing AI/ML Software as 
a Medical Device (SaMD) guidelines, enabling international 
scalability and regulatory consistency.

Key open questions include:

•	 How to certify models that self-update (e.g., via federated 
or online learning)?

•	 What thresholds of explainability are sufficient for 
regulatory approval?

•	 How to balance innovation and safety in models deployed 
across diverse populations and geographies?

Ongoing regulatory innovation will be crucial to achieving safe, 
effective, and equitable AI adoption in clinical practice.

6. Future Directions

As artificial intelligence matures, the frontier is shifting from 
unimodal prediction tools to dynamic, context-aware systems 
that reason, adapt, and collaborate with humans. The next 
generation of AI models integrates vision, language, sound, and 
structured data into unified frameworks, enabling whole-patient 
intelligence. This chapter outlines key advances in foundation 
models, causal reasoning, and human-AI collaboration.

6.1 Foundation and Multi-Modal Large Models

The development of multi-modal large foundation models 
(LFMs) marks a turning point in clinical AI. These models, 
trained on vast, diverse datasets across modalities—text, 
images, lab values,

waveforms, and even voice inputs (e.g., auscultations)—can 
interpret complex diagnostic cues in ways that mimic holistic 
clinical reasoning.

Pioneering models such as:

•	 Med-Flamingo: A vision-language model adapted for 
medical tasks, fine-tuned on biomedical corpora and 
radiology image-caption pairs, capable of open-ended 
image interpretation and report generation (Bavarian et al., 
2023).

•	 LLaVA-Med: An extension of the LLaVA (Large Language 
and Vision Assistant) architecture adapted for medicine, 

combining medical image understanding (X-rays, pathology 
slides) with natural language queries to support multimodal 
reasoning (Liu et al., 2024).

•	 GatorTron-MM: A multi-modal version of GatorTron 
incorporating EHRs, clinical imaging, and lab trajectories, 
designed for real-time clinical triage and decision support 
(Yang et al., 2024).

These models enable zero-shot and few-shot generalization 
across rare diseases and multi-organ dysfunction, 
outperforming earlier task-specific models. For example, Med-
Flamingo has demonstrated near-radiologist-level performance 
in answering open-ended diagnostic questions based on chest 
X-rays, surpassing traditional image classifiers (Bavarian et al., 
2023).

Voice and sound integration are also emerging. EchoNet-Labs, 
for instance, combines echocardiograms with voice signals and 
lab data to detect heart failure phenotypes with high sensitivity 
(Ouyang et al., 2022). Similarly, auscultation models trained 
on phonocardiograms are being embedded in multimodal 
diagnostics to capture murmurs and respiratory sounds, aiding 
in pediatric and geriatric assessments where textual data may 
be sparse.

Unified embeddings, derived from contrastive learning and 
cross-modal alignment (e.g., CLIP-style training), allow these 
models to reason over diverse inputs, whether it’s a radiograph, 
a clinical note, or an audio clip of wheezing. These embeddings 
also enable cross-modal retrieval, such as identifying 
relevant patient cases or prior radiology reports from textual 
descriptions—a feature valuable for teaching hospitals and 
diagnostic workflows.

However, concerns remain about data privacy, hallucination 
risks, and medical liability in generative outputs, prompting 
research into guardrails, grounding layers, and clinical fine-
tuning protocols.

6.2 Causal and Counterfactual AI

Traditional machine learning models, while powerful, often 
capture correlations without causation. As a result, they may fail 
to recommend efective interventions or respond appropriately 
to changes in clinical context. The integration of Causal AI, 
which models cause-efect relationships explicitly is reshaping 
how predictive analytics informs clinical decision-making.

Structural causal models (SCMs) and potential outcomes 
frameworks are being embedded into AI pipelines to answer not 
just what will happen but what should we do. This is critical in:

•	 ICU sepsis management: Causal graphs are now used to 
simulate counterfactuals such as “What if antibiotics had 
been administered 6 hours earlier?” or “How would patient 
outcome change if fluids were delayed?” These simulations 
guide time-sensitive decisions and are being evaluated in 
live settings at academic medical centers (Schulam & Saria, 
2017; Parbhoo et al., 2022).

•	 Oncology treatment sequencing: Causal inference is 
used to compare treatment regimens across patient 
cohorts using retrospective EHR data while controlling for 
confounding variables like tumor grade and comorbidity 
load (Yoon et al., 2021).

Modern techniques such as causal forests, instrumental 
variable models, and deep structural networks are enabling 
causal discovery even from observational and imperfect data. 
Furthermore, counterfactual explainer modules (e.g., DiCE, 
FACE) are being embedded into decision support tools to allow 
clinicians to explore alternate pathways and outcomes (Wachter 
et al., 2018).
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Emerging causal ML frameworks like DoWhy, EconML, and 
AutoCausal are becoming part of AI development toolkits, 
supporting transparent and policy-aligned healthcare modeling.

6.3 Human-AI Co-learning

The long-term vision for AI in healthcare is not a replacement, 
but augmentation. The most impactful systems will be those 
that learn from, adapt to, and co-evolve with clinicians—forming 
resilient, trust-centered partnerships. This is the premise of 
human-AI co-learning.

In these systems:

•	 Clinician feedback loops are captured in real-time, adjusting 
model outputs through mechanisms such as reinforcement 
learning from human feedback (RLHF) or trust- weighted 
ensembles.

•	 Trust calibration modules assess and display uncertainty, 
allowing clinicians to know when to rely on AI versus 
override it (Amershi et al., 2019).

•	 Co-learning platforms such as CHAI (Collaborative 
Human-AI Interface) integrate annotation, explanation, and 
disagreement review into clinical workflows, refining both 
model and human knowledge in tandem (Rajkomar et al., 
2022).

These architectures are particularly promising in radiology, 
pathology, and dermatology, where large-volume, image-rich 
environments benefit from hybrid cognition. For example, in a 
recent study at Stanford, an AI-enabled skin cancer screening 
tool improved accuracy and reduced false positives when paired 
with dermatologists, compared to either working alone (Liu et 
al., 2020).

Beyond individual feedback, federated co-learning is being 
piloted across networks of hospitals, allowing AI to adapt 
to local clinician behavior without centralizing data. These 
frameworks promise sustained model performance despite 
shifts in population, guidelines, or hospital protocols.

Critically, co-learning fosters bi-directional knowledge transfer—
where AI not only learns from clinicians but surfaces novel 
patterns or outliers for clinical reappraisal, turning algorithms 
into collaborators in discovery.

7. Conclusion

Artificial intelligence is rapidly transforming the landscape of 
diagnostics and precision medicine. From deep learning in 
imaging to integrative multi-omics risk modeling, from federated 
analytics that protect patient privacy to multi-modal foundation 
models capable of reasoning across diverse inputs, AI is 
ushering in a new era of proactive, personalized healthcare.

Yet, the journey is as complex as it is promising. Challenges in 
transparency, interpretability, algorithmic bias, and regulatory 
compliance must be addressed with rigor, humility, and 
accountability. The next generation of AI systems must not only 
be powerful, but they must also be fair, explainable, and aligned 
with clinical intent.

At the heart of this transformation lies interdisciplinary 
collaboration. Only through partnerships among clinicians, 
data scientists, patients, regulators, and ethicists can we fully 
realize AI’s potential to advance human health equitably and 
responsibly. The future of AI in healthcare is not only intelligent, 
but also human-centered.
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