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How do AIs "read" sonograms?  
And can we trust them?

A Glimpse of the Problem
Fact:

• Up to 70% of CHDs are undetected on 
routine prenatal ultrasound 

• … and roughly half of all fetal 
anomalies missed!

• …and we cannot say why, for any 
individual case.

• …but the question remains; can we 
trust AI to fill the gaps?  Can they be 
relied upon to help us read images 
properly?  To diagnose?  To navigate?



“The AI reports its interpretation in the language of 
human visual examination. That language makes 
the interpretation accessible to us, but it should 
not be mistaken for a description of how the 
machine actually computed it.”

-GPT Astra (ChatGPT 6 Pro)





A Condensed History of AI as Image Reader

• 1960s–1980s — Computer-aided image analysis begins: early rule-based 
systems quantify edges, shapes, densities, and lesions in X-ray, CT, and 
NUCMED. 

• 1990s — Classical CAD enters clinical imaging: handcrafted features and 
statistical classifiers are applied to mammography, chest radiography, and CT; 
AI remains largely a second-reader aid. 

• 2000s — Machine learning broadens: support-vector machines, random forests, 
atlas methods, and early neural networks improve segmentation, detection, and 
organ classification. 

• 2012 — Deep learning inflection point: convolutional neural networks transform 
computer vision, and medical imaging rapidly adopts end-to-end learned 
feature extraction. ImageNet 2012: AlexNet Won the ImageNet Large Scale 
Visual Recognition Challenge (ILSVRC) by a massive margin, slashing the top-5 
error rate to 15.3%.

• 2015–2018 — Deep learning reaches radiologist-level tasks: CNNs become 
highly effective for diabetic retinopathy, CXR, CT, MRI, pathology, and 
dermatologic image classification; U-Net and related architectures make 
segmentation practical at scale. Medical-imaging deep-learning publications 
accelerate sharply after 2017. “Attention is All You Need” is published.

1998- R2 Technology’s 
ImageChecker M1000 system

2017- Arterys Cardio DLTM

2012- AlexNet Creators: 
Sutskever, Krizhevsky, Hinton
The power of Deep Learning



Generally regarded as 
the most important 
scientific paper of the 
21st century.



A Short Hx of AI as Image Reader…cont.
• 2020–2023 — Ultrasound catches up: AI begins automating view classification, 

measurements, quality control, fetal biometry, echocardiographic analysis, and acquisition 
guidance. 

• 2022 —  GPT-3.5 introduced the concept of utilizing Large Language Models (LLMs). Vision 
Transformers (ViTs) are now challenging CNNs in medicine.  

• 2024 — Sonio commercializes prenatal-ultrasound AI in the U.S.: Sonio launches 
commercially at SMFM 2024, and Sonio Detect receives FDA clearance for automatic fetal-
view recognition, anatomy detection, and exam-quality verification. 

• 2025 — AI moves from ultrasound workflow assistance toward diagnostic interpretation: 
Sonio Suspect receives FDA clearance for AI-driven fetal-anomaly detection, while 
BrightHeart expands FDA-cleared fetal-heart software for standard-view recognition and 
congenital-heart-disease assessment. 

• 2025–2026 — BrightHeart and Sonio establish commercial fetal-ultrasound AI platforms: 
BrightHeart’s FDA-cleared fetal-heart tools and Sonio’s Detect/Suspect platform mark the 
transition from “AI helps acquire the image” toward AI actively reading and interpreting 
prenatal ultrasound examinations.   BrightHeart uses Meta’s open DINOv2 (ViT backbone).  
Sonio uses a proprietary CNN …SSD (Single Shot MultiBox Detector).

GPT 3.5 November 30,  2022



What matters to doctors Convolutional Neural Networks — [CNNs] Vision Transformers —   [ViTs]
How they analyze an image Build from local patterns—edges, textures, and shapes—

combining them through successive layers.
Represent image regions as numerical “tokens” and use 
attention to learn relationships among them.

Principal strength
Efficient extraction of visual detail. Strong for tasks such as 
identifying standard views, outlining structures, and locating 
measurement targets.

Flexible integration of context. Directly connects 
information from separated image regions, helping 
model relationships among structures.

Principal limitation
Relationships between distant regions are built more indirectly 
through the network. Broader context may require additional 
architectural components.

High-resolution images and long sequences can 
demand substantial memory and computation. Fine 
detail still requires adequate resolution and an 
appropriate design.

Training requirements Built-in assumptions about image structure often help when 
training with limited data. Can also start from pretrained models.

Particularly powerful when adapting a broadly 
pretrained model. The local clinic does not need to 
repeat the original large-scale training.

Role in a broader imaging 
assistant

Can supply visual features to systems that also process video, 
clinical information, and language.

Token-based representations fit naturally into systems 
combining images, multiple views, video, and language. 
It is multimodal by nature. 

Running beside the scanner Already attractive for fast, low-power analysis. Modern chips 
make them faster still.

Optimized and compact models increasingly run 
locally on Jetson and Apple silicon, reducing 
dependence on cloud processing.

Likely direction — a forecast Remain valuable as efficient specialists and components within 
larger systems.

Gain a larger role in broadly pretrained, multimodal 
imaging systems—often combined with CNNs rather 
than replacing every convolution.

Feature CNN Deployment ViT Deployment

NVIDIA Jetson Native out-of-the-box; extremely fast on GPU & DLA. Requires TensorRT compilation for viable edge speeds. 

Apple Silicon Native via PyTorch mps or Core ML on the ANE. Best implemented using Apple ML's optimized 
transformer guide or hybrid models.



Other things that “AI Vision” Enables 



https://youtu.be/1wCwl_E7ZgM?si=OPUBOURg0LYTnPm5



Now, the Future of AI is at the Edge

«Это система-на-кристалле (SoC), которая была 
компонентом российского ударного беспилотника, 
применённого против Украины. Мы должны 

использовать искусственный интеллект только в 
мирных целях. Война — это глупый и совершенно 
постыдный способ поведения для любого разумного 
вида. Искусственный интеллект должен служить 
мирным целям: помогать лечить больных и безопасно 
приводить детей в этот мир.»





Pro tip from a former DARPA Program 
Manager 

When solving any problem with technology, consider using this 
three-step framework:

1. Define the problem in as much detail as possible and, in doing 
so, challenge everything- every assumption.    Cartesian Doubt

2. Then question every assumption about why you do things using 
your new approach, and ruthlessly ask if your technology 
actually addresses the real pain points.

3. Put yourself on the receiving end. This applies to most tech, but 
particularly medicine. Imagine the person on the table is 
someone you love. Will your solution make their life better, or 
worse?  What is the human benefit?

The Skeptics Rule, The Realist Rule…The Golden Rule

https://thektproject.org/
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