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Abstract

Artificial Intelligence (Al) in diagnostic imaging has progressed from proof-of-concept classifiers to clinically
integrated, regulated software that augments radiologists across screening, triage, quantification, and care
coordination workflows, with multiple FDA-cleared products in routine use and nationwide prospective
evaluations demonstrating increased detection without higher recalls in mammography screening programs. This
expanded paper details model families (CNNs, vision transformers, foundation models), clinical performance in
breast imaging, chest radiography, neuroimaging, cardiothoracic CT, and MRI, integration into PACS/EHRs,
governance and bias mitigation, federated learning for privacy-preserving collaboration, and future trajectories
including imaging foundation models, multimodal decision support, and physics-informed reconstruction at scale.

Introduction

Imaging modalities such as X-ray, CT, MRI,

ultrasound, and mammography underpin a large fraction
of diagnostic pathways, yet workforce constraints and
workload growth challenge timely, consistent reporting;
Al systems trained on large, diverse datasets can prioritize
critical cases, standardize measurements, and reduce time
to diagnosis in high-volume settings. Prospective and
large-scale real-world studies now provide evidence that
Al support can increase cancer detection rates without
raising recall rates in population screening, indicating
transition from laboratory metrics to clinical impact.
Commercial platforms with FDA clearances have
operationalized these gains by embedding triage,
notification, and structured reporting into existing clinical
systems.

Technology Overview

State-of-the-art vision backbones span convolutional
neural networks and transformer- based architectures,
with foundation models emerging to pretrain on vast
multi-institutional

imaging corpora and then specialize to tasks such as rib
fracture triage or mammography reading. Training

regimes address label noise via robust loss functions, class
imbalance through sampling and reweighting, and
covariate shift with domain adaptation and continual
learning; open-source initiatives like MONAI provide
reproducible pipelines, federated learning tooling, and
hospital integration patterns, accelerating translational
research. Privacy-preserving collaboration is
increasingly enabled by federated learning and related
schemes that keep data in place while sharing model
updates, though work remains to harden against leakage
and heterogeneity.

Data Quality, Labeling and Annotation
Challenges

High-quality labeled datasets remain one of the biggest
constraints in developing clinically reliable Al models for
diagnostic imaging. Unlike natural images, medical
images require expert annotation, often involving
radiologists marking subtle findings such as
microcalcifications, soft-tissue lesions, or early ischemic
changes. This leads to high annotation cost and
variability, especially when labels are derived from
reports or consensus readings. Many datasets also contain
label noise due to incomplete clinical documentation or
follow-up uncertainty.
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To mitigate these challenges, modern pipelines
increasingly incorporate consensus labeling frameworks,
weak supervision, and label-uncertainty modeling that
assigns confidence scores rather than binary labels. Multi-
reader adjudication and retrospective validation with
pathology or longitudinal outcomes improve consistency
and ground truth quality. Ultimately, the stability of
model performance in clinical settings strongly depends
on the fidelity of data curation, annotation governance,
and clarity in defining intended-use labels during dataset
creation.

Figure 1: Al-assisted medical imaging annotation software. The
interface displays multiplanar brain MRI views with segmented
anatomical structures, illustrating the process of creating labeled
datasets for diagnostic Al model training.

Clinical Applications

. Breast cancer screening: Prospective
population-based deployments show Al-supported
double reading improves detection while maintaining
recall, and reader studies consistently show reduced
false positives and false negatives compared with
standard practice. Use cases include Al as a second
reader, triage of normal studies, and prioritization of
suspicious cases for multidisciplinary review.

. Chest radiography: FDA-cleared
solutions now triage and notify for urgent
findings such as pneumothorax, tension
pneumothorax, pleural effusion, vertebral
compression fracture, and pneumoperitoneum,
reducing time to treatment via automated
prioritization and notification workflows

integrated into PACS/RIS.

. Neurovascular and cardiothoracic CT: Al
platforms support rapid detection and care coordination
for acute conditions including stroke and trauma, with
mobile-to-desktop  notification and EHR/PACS
integration reducing door-to-treatment intervals
through team activation.

. MRI optimization and synthesis: FDA-
cleared software accelerates acquisition and
improves image quality, with suites that enhance
spatial resolution, synthesize contrasts, and correct
alignment, expanding throughput and access in
constrained MRI environments.

Performance and Real-World Evidence

In the landmark Google/DeepMind mammography study,
the Al system reduced false positives and false negatives
versus radiologists across UK and US datasets, and
simulations suggested replacing the second reader would
maintain  non-inferior performance while cutting
workload by 88%.

Recent nationwide, multi-site, prospective screening in
Germany showed Al-supported double reading increased
detection without affecting recall, affirming clinical

Figure 2:Projection of a three-dimensional (3D) model into
space to illustrate the manipulation of the 3D model during
surgery. This figure demonstrates the intuitive display of
cross-sectional images of a 3D model in space without the
need for special controllers.
benefit at scale and supporting pathway-level redesign.
Vendor- reported and independent roundups highlight
accelerating FDA clearances across modalities, including
the first cleared CADt solution powered by a foundation
model, signaling a shift toward generalizable pretraining
in regulated software.

Interpretability  and Explainability in
Medical Al

As Al adoption expands across radiology workflows,
interpretability remains essential for clinician trust,
regulatory approval, and safe decision support. Modern
imaging Al systems leverage a combination of saliency
maps, Grad-CAM overlays, feature attribution scores, and
structured decision pathways to provide insight into how
a model arrives at a prediction. These visual explanations
help radiologists assess whether the algorithm focuses on
clinically meaningful regions or is being distracted by
artifacts,  implants, or  confounding  anatomy.
Beyond heatmaps, newer approaches integrate concept-
based  explanations,  prototype learning, and
counterfactual image generation to provide richer
contextual understanding. These methods can help
identify when a model is uncertain, drifting, or operating
outside its validated distribution. As regulatory bodies
increasingly emphasize transparency, explainability is
becoming a core requirement rather than a secondary
feature, enabling Al systems to fit more naturally into
existing clinical reasoning and reporting frameworks.
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Workflow Integration

Successful deployments couple model inference with:
seamless PACS/RIS/EHR integration; smart worklists
that escalate critical findings; synchronized mobile and
desktop alerts for multidisciplinary teams; and structured
outputs that slot into reporting templates and tumor
boards. Platforms like Viz.ai and others demonstrate care
coordination benefits by connecting detection with team
activation across devices, while hospital adoption
patterns  emphasize  security  certifications and
interoperability.

Training Efficiency and Computational
Infrastructure

The transition from small CNN-based classifiers to large
vision transformers and foundation models has
substantially increased computational demands. Training
state-of-the-art imaging models now often requires multi-
GPU or distributed compute clusters, along with
optimized data pipelines capable of streaming high-
resolution DICOM datasets at scale. Hospitals and
research labs face challenges balancing compute
requirements with budget, security restrictions, and the
need for on-premise infrastructure due to patient-data
privacy.

To address these constraints, organizations are
increasingly adopting mixed-precision training, model-
parallelism strategies, and memory-efficient
architectures. Pretrained medical foundation models also
reduce the need for full training from scratch, enabling
fine-tuning on smaller curated datasets with far lower
computational cost. Cloud-supported development
environments, combined with federated or hybrid learning
setups, further help institutions collaborate without
centralizing data. Efficient training pipelines thus play a
pivotal role in accelerating research while keeping costs
and latency within practical limits.

Governance, Bias and Safety

Federated learning and  data-governance-centric
collaboration broaden demographic coverage without
centralizing PHI, but gradient leakage and non-id
distributions require secure aggregation and domain
harmonization to avoid performance cliffs. Best practice
guidance highlights the distinction between privacy
preservation and data governance, urging rigorous
external validation, subgroup analysis, and continuous
monitoring for drift; regulatory-grade deployment also
demands clear intended use, human-in-the-loop
safeguards, and auditability of alerts and outcomes.

Ethical, Legal and
Considerations

Regulatory

As Al becomes embedded into diagnostic pathways,
ethical and legal considerations have grown more
prominent. Issues surrounding patient privacy, secondary
data use, and model transparency require robust
governance frameworks and compliance with regional
regulations such as GDPR, HIPAA, and emerging Al-
specific legislation. Al systems that generate clinical
recommendations must clearly specify their intended use,
risk classification, and safety mitigations, including
human-in-the-loop oversight and fail-safe mechanisms.
Liability questions also arise when Al impacts clinical
decisions—especially in cases of missed findings,
delayed alerts, or algorithmic bias affecting minority
populations.  Regulatory bodies now emphasize
continuous post-market monitoring, real-world auditing,
and explainability standards to ensure that Al tools remain
safe and effective across diverse populations. As
healthcare delivery evolves with Al-assisted pathways,
clear legal accountability and ethical stewardship will be
essential for long-term clinical adoption and public trust.

Emerging Models and Platforms in Use

. Annalise.ai CXR: Expanded FDA-cleared
triage findings (including differentiation of tension
pneumothorax) reflect comprehensive CXR coverage
in U.S. practice, with integration into hospital
workflows.

. Aidoc CARE1: First FDA-cleared CADt
solution powered by a foundation model (rib fractures
triage), establishing a precedent for foundation-
model-based SaMD in radiology.

. Subtle Medical Subtle-ELITE: FDA
clearance for MRI enhancement modules (SubtleHD,
SubtleSYNTH, SubtleALIGN) indicates growing role
of Al in image quality and reconstruction domains.

. Market momentum: Recent roundups show
multiple new regulatory approvals across trauma X-
ray, coronary calcium assessment, and breast
imaging—evidence of broadening clinical scope
beyond early flagship use cases.

Key Real-World Figures

. Al detecting chest abnormalities (X-ray
example) — Heatmap overlap showing chest radiography
is one of the most common imaging modalities
worldwide, but interpretation remains challenging due to
subtle findings, overlapping structures, and variability
among readers. Ai has shown promise in supporting
radiologists by automatically identifying and localizing
abnormalities such as pneumonia, tuberculosis,
pulmonary nodules and pneumothorax.
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A particularly powerful approach involves the use of
convolutional neural networks (CNNSs) trained on large
chest X-ray datasets (e.g., ChestX-rayl4, CheXpert,
MINIC-CXR). These models not only classify an image
as abnormal but also generate heatmaps (saliency maps,
Grad-CAM overlays) highlighting the regions most
influential in the model’s decision. For example, in
suspected pneumonia, the Al overlay typically highlights
areas of lung consolidation; for pneumothorax, regions of
absent lung markings may be emphasized.

U-Net Architecture for Medical Image
Segmentation
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Figure 3:Illustration of U-Net convolution network structure.
The left side of the U-shape is the encoding stage, also called
contraction path with each layer consisting of two 3 * 3
convolutions with ReLu activation and a 2 * 2 maximum pooling
layers. The right side of the U-shape, also called the expansion
part, consists of the decoding stage and the unsampling process
that is realized via a 2*2 deconvolution to reduce the quality of
input channels by half.

Future Predictions and Research Directions

. Foundation models as a standard: With the
first FDA-cleared CADt powered by a foundation
model, expect rapid migration of high-impact imaging
tasks to foundation backbones, enabling faster
updates, improved generalization, and multi-task
support under a single SaMD framework.

. Prospective, nationwide AI at scale:
Following evidence from large European screening
deployments, more national screening programs will
adopt Al-supported reading with outcome tracking,
enabling pathway redesign and radiologist workload
reallocation.

. Federated and trust-preserving
collaboration: FL will progress from pilots to sustained
consortia with robust secure aggregation, heterogeneity
handling, and governance frameworks, supported by
ecosystem  tooling that eases hospital-grade
deployment.

. Physics-informed and multimodal AI:
Expect greater coupling of reconstruction networks
with downstream diagnosis, plus multimodal
decision support that fuses imaging with reports and
EHR signals for triage, prognosis, and therapy
selection in oncology and cardiology.

. Operational Al excellence: Emphasis will
shift toward reliability engineering—drift detection,

continuous validation, bias auditing, and user
experience—so systems earn clinician trust and deliver
measurable service-level improvements.

Practical guidance for Deployment Teams

. Select use cases with clear time-to-
treatment benefit (e.g., pneumothorax triage,
stroke care coordination) and measurable KPIs
embedded in operational dashboards.

. Pilot with shadow mode, then
controlled rollouts with A/B monitoring for
detection, recall, turnaround time, and alert
fatigue, while maintaining human-in-the-
loop review.

. Prefer platforms with documented
interoperability and security certifications, and
plan for post- market surveillance, model updates,
and change management training.
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