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Aidoc Secures Landmark FDA Clearance for First Foundation
Model-Powered Clinica! Al Solution of Its Kind

A / About / News / Aidoc Secures Landmark FDA Clearance for First Foundation Model-Powered Clinical Al Solution of Its Kind

FDA clearance of Al solution bowered by qroundbreakinag technoloay — the CARET™ Foundation Model sets a new benchmark in

1. Freeze the core model's weights.

2. Fine-tune it for a specific, low-risk use case.

3. Validate and lock the smaller, task-specific model for requlatory submission.
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Al IN CLINICAL WORKFLOW OF RADIATION
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Revealing hidden patterns in deep neural
network feature space continuum via
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_ Deep neural networks (DNNs) extract thousands to millions of task-specific
/™ Check for updates features during model training for inference and decision-making. While
visualizing these features is critical for comprehending the learning process
and improving the performance of the DNNSs, existing visualization techniques
work only for classification tasks. For regressions, the feature points lie on a
high dimensional continuum having an inherently complex shape, making a
meaningful visualization of the features intractable. Given that the majority of
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Al for precision healthcare
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. Denoising image & superesolution imaging
. Data modality conversion & pattern discovery
. Clinical decision-making & patient stratification

. Therapeutic response
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Data are presented in diverse formats
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Patient-specific reconstruction of volumetric
computed tomography images from a single
projection view via deep learning

Livue Shen%3 Wei Zhao ™" and Lei Xing 2%

Tomographic imaging using penetrating waves generates cross-sectional views of the internal anatomy of a living subject. For
artefact-free volumetric imaging, projection views from a large number of angular positions are required. Here we show that
a deep-learning model trained to map projection radlographs of a patient to the corresponding 3D anatomy can subsequently
generate volumetric tomographic X-ray Images of the patient from a single projection view. We demonstrate the feasibility
of the approach with upper-abdomen, lung, and head-and-neck computed tomography scans from three patients. Volumetric
reconstruction via deep learning could be useful in Image-guided Interventional procedures such as radiation therapy and nee-
die blopsy, and might help simplify the hardware of tomographic Imaging systems.
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MEDICAL PHYSICS

The International Journal of Medical Physics Research and Practice
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Real time volumetric MRI for 3D motion tracking via geometry-

. : Testing 1
informed deep learning
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3D DOSIMETRY WITH 2D MEASUREMENT

MEDICAL PHYSICS

The Internaficnal Journal of Medical Physics Research and Practice
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Deep learning-enabled EPID-based 3D dosimetry for dose
verification of step-and-shoot radiotherapy
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FIGURE 5 (a) Dose profiles along )g andY dlrgctlons at 10 cm depth produced by reconstruction, treatment planning system (TPS), and
measurement for field sizes of 2 x 2 cm®, 4 x 4 cm*,6 x 6 cm*, 8 x 8 cnt” and 10 x 10 cm *. Normalization of the dose to 10 x 10 cm* field was

used. (b) Percentage depth dose (PDD) comparisons for field sizes of 4 x 4 cmZ, 6 x 6 cm2 and 10 x 10 cm?
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FIGURE 6 (a) Axial, coronal and sagittal views of 3D cumulative dose distributions of prostate intensity-modulated radiation therapy
(IMRT) calculated by the treatment planning system (TPS), and reconstructed from electronic portal imaging device (EPID). (b) Different views
of 3D gamma values between the two dose distributions. (c) Dose profiles along the yellow dashed lines in (a)
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LINAC BEAM MODELING
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FIGURE 4 Example beam profile predictions for 6 MV and 6 FFF beam at 4 x 4 cm? field size. Improved consistency with the ground truth
water tank measurements was observed by fitting the prior-embedded network to sparse beam measurement instead of using the “golden™
beam data directly, as indicated by the green circles
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Data are presented in diverse form
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Al FOR OMICS DATA PROCESSING
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BIOLOGY- AND PHYSICS-INFORMED Al

We must better understand the data, the structure and interactions within the data,
and their interactions with models to truly harness the Al foundation models




BIOLOGY-INFORMED AI FOR OMICS DATA PROCES
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Enables Deep Analysis of Single-Cell
Expression Data

Received: 19 August 2022 Md Tauhidul Islam®" & Lei Xing ®"

Accepted: 30 January 2023

Published onfine: 08 February 2023 Remarkable advances in single cell genomics have presented unique chal-

- lenges and opportunities for interrogating a wealth of biomedical inquiries.

i Chock for updates High di ional genomic data are inherently complex because of inter-
twined relationships among the genes. Existing methods, including emerging
deep learning-based approaches, do not consider the underlying biological
characteristics during data processing, which greatly compromises the per-
formance of data analysis and hinders the maximal utilization of state-of-the-

art genomic techniques. In this work, we develop an entropy-based carto-
oranhv ctrateov ta enntrive the hich dimencinnal oene aynreccinn data inta a

https://www.nature.com/articles/s41467-023-36383-6



https://www.nature.com/articles/s41467-023-36383-6

BIOLOGY -INFORMED Al FOR OMICS DATA PROC

nature communications a

Article https://doi.org/10.1038/s41467-023-36383-6

Cartography of Genomic Interactions
Enables Deep Analysis of Single-Cell
Expression Data

Received: 19 August 2022 Md Tauhidul Islam®' & Lei Xing ®'

Accepted: 30 January 2023

Published online: 08 February 2023 Remarkable advances in single cell genomics have presented unique chal-

: lenges and opportunities for interrogating a wealth of biomedical inquiries.
High dimensional genomic data are inherently complex because of inter-
twined relationships among the genes. Existing methods, including emerging
deep learning-based approaches, do not consider the underlying biological
characteristics during data processing, which greatly compromises the per-
formance of data analysis and hinders the maximal utilization of state-of-the-

art genomic techniques. In this work, we develop an entropy-based carto-
oranhv ctrateov tn enntrive the hioch dimencinnal oene eynreccinn data inta a

" Check for updates

www.analyXus.com

Immature
Islam, M.T. and Xing, L., 2023. Nature Communications, 14, 679. B cel . . .

Keratino-
cyte
Basal
cell of
epidermis
Bladder
urothelial
cell
Hepatome. . . . . . . . .
Duct
epithelial o
cell
Promono-
cyte
Granulo-
cytopoietic
cell
Pre-pro
B cell
Late-pro
B cell



Applications of omics-to-image conversion
In_single-cell biology
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Analyxus is a platform that provides a series of analysis methods for tabular data. In
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Immune Changes During Aging
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DATA PREPROCESSING FOR DEEP RADIOMIC
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Spatial transcriptomics

Spot/cell

https://www.scdiscoveries.com/blog/knowledge/spatial
-transcriptomics-5-key-applications/
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HE + ST integration : ; Encoding cell-cell spatial
g Spatial mapping Cells distancegintn cell gnPaph Inte{-cel! intleraction learning via
o contrastive loss
/ \ o]
{ HE images ST } 2 F n L 1
: 8 . : - Tumor Microenvironment 3 Cell-cell — |Repel | g @ anchor
i (Morphology information) (Molecular information) | & | distance % o\ © neighbor
: : crretH Encoder T~ Attract :
| 2 i o i O non-neighbor
E S @ @ O/ "-‘.‘l @
i i o
i | - z
| § i Genes Intra-cell interaction learning via
% J i Transcriptomics Encoding gene-gene @ ﬁ reconstruction loss
'Y 'm: B W interaction into 2D
gene expression maps -
Spot-level Tasks (Biology): Patient-level Tasks (Clinical): [ 3N EE B B | 2 | Gene-gene - EN TN -
3 | interaction

> Spati i i ; | EEE mEE interac ;

» Spatial domain detection. » Cancer subtyping. ® © | g:ﬁgn::;ligﬁ?on

» ST super-resolution. » Gene mutation prediction. © - EE Decoder maps

\ i : Gene expressions y

» Cell type decomposition/deconvolution. » Response to immunotherapy.

P sinis ) T




Cell type and spatial domain

Cell type

Astrocyte
Endothelial
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Human cortex
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Yan et al., To be submitted, 2025
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Al Agent &
Al Agentic Workflows Across industries

Automated radiotherapy treatment planning guided by
GPT-4Vision
Sheng Liu®?* Oscar Pastor-Serrano'*, Yizheng Chen', Matthew Gopaulchan’,

Weixing Liang?, Mark Buyyounouski!, Erqi Pollom!, Quynh-Thu Le!,
Michael Gensheimer!, Peng Dong!, Yong Yang!, James Zou??! and Lei Xing!

'Department of Radiation Oncology, Stanford University, Stanford, CA, USA T

. . . , ] anTor edica ysics
“Department of Biomedical Data Science, Stanford University, Stanford, CA, USA *2 Al Foundation Model (FM) is coming to medical physics! We are pleased that
3Department of Computer Science, Stanford University, Stanford, CA, USA the work to use FM for automated RT planning is selected as one of "the Best
in Physics" at the upcoming AAPM annual meeting. Congratulations to Oscar,

Sheng, and all co-authors!

|| | \

Abstract

Radiotherapy treatment planning is a time-consuming
the iterative adjustment of model parameters to b
advancements in frontier AT models offer promising a

AanAd Aliniaal Aasiciaes samalidnae Thin cdasdsr inmbwadsinna 1

Liu S, Pastor-Serrano O, .£..; PhysICS In
Medicine & Biology 70, 2025
doi: 10.1088/1361-6560/@0I02¢C:




Planning trajectories

1.

2.
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Data are presented in
diverse formats
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Bio-networks

Deep representation learning of biological graphs for
enhanced pattern discovery

ABSTRACT

Biological networks encompass interactions among diverse biological entities and are fundamental for understanding the
dynamics within biological systems. Despite their pivotal role in modern biology, reliably discerning patterns from these
intertwined networks remains a significant challenge. The essence of the challenge lies in how 1o holistically characterize the
relationships of each node with others in the network and effectively utilize the information for accurate pattern discovery. In this
work, we introduce a self-supervised network embedding approach termed discriminative network embedding (DNE). Unlike
conventional methods that primarily focus on direct or limited-order node proximity, DNE characterizes a node in the network
both locally and globally by harnessing the contrast between contributions from neighboring and distant nodes. This process
ensures that the nodal embedding captures both local patterns and interactions with the broader network structure, maximizing
structural preservation. Our experimental results demonstrate the superior performance of DNE over existing techniques across
various critical biological network analyses, including the inference of biological interactions and the identification of functional
modules. DNE emerges as a robust strategy for node representation in biological networks, offering promising avenues for
diverse biomedical applications.

R. Yan, T. Islam, L. Xing, Science Advances 10, 1-12, 2024.
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Figure 2. Performance of different network embedding methods for link prediction in four PPI benchmarks. a) ROC
and b) precision-recall curves of DNE compared with eight other network embedding methods for PPI prediction on the A.
Athaliana dataset. Dashed lines represent level curves for accuracy and F1-score in a) and b), respectively. ¢) ROC-AUC scores
computed from 10 independent runs across four PPI datasets. Mean values are reported, with error bars representing the
standard deviations of the scores.




SUMMARY

-6\ Al is changing the landscape of biomedicine

Prior physics/biology knowledge

Biomedical Al
Foundation Models

foundation models for various biomedical applications
—need biology/physics knowledge integration

Multi-modality & Multi-scale FM
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