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Craniosynostosis ”‘)A % \

Premature suture fusion

— ~11In 2’500 blrthS Open sagittal suture Closed sagittal suture

Abnormal head shape

Severity is subjective

Impacts surgical decision-making

an d outcomes Normal skull growth Abnormal skull growth
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No standardized, quantitative definition of severity

How do we measure severity objectively?



Craniosynostosis is a continuous spectrum
Not binary
Mila — Moderate

Where does a patient fall?
Current metrics cannot answer this reliably.
We need a continuous, quantitative representation of severity



Why current metrics fail to capture shape

/Cephaiic Index

(Width/Length)

e

Reduces shape — single ratio Shape is continuous
lgnores local variation High-dimensional
High inter-rater variability Requires full surface

Severity is not a line — it's a surface.



How clinicians assess severity

Education/Training

Diagnosis +
Treatment decision

human pattern recognition over
high-dimensional geometry

Prior cases (mental  Clinical Experience
reference) (hundreds of cases)

This process is powerful — but subjective and unstandardized.




Introducing CranioRate™

From subjective jJudgment to objective, reproducible
measurement

Clinically
Relevant

A machine learning framework for quantitative cranial shape analysis



CranioRate™ — the secret sauce

Learning a standardized representation of anatomy
across patients

O

IEISame anatomical locations — same coordmates across patients

Enables population-level statistical learning ’ ShapeWworks



From anatomy to shape space

Each skull becomes a point in a quantitative shape space
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Normals cluster at the center — distance reflects severity



Quantitying deviation from normal shape
Unsupervised learning of normative anatomy

No labels req
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Cranial Morphology Deviation (CMD)
= deviation from normative model in the shape space

uired — robust to subjective bias
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Cranial Morphology Deviation (CMD)

Validated in peer-reviewed studies (e.g., The Journal of Craniofacial Surgery, Plastic and Reconstructive Surgery)




Expert-aligned severity scores "o B &

patient & &

Maps shape to an objective, expert-aligned severity score

Learning from noisy,
subjective expert labels

variations multiple expert ratings per patient
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Red (active): sagittal
Gray: other phenotypes (context only)



Evaluation: Agreement with expert-defined severity

CMD vs MSS

Metoplc Severlty Score (MSS)
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Sagittal Severity Score (SS5)
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Higher CMD
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MSS / SSS

Strong correlation but not perfect — reflects inherent subjec:tlwty

Validated in peer-reviewed studies (e.g., The Journal of Craniofacial Surgery, Plastic and Reconstructive Surgery)



Interpretability: linking ML scores to anatomical regions

Severity reflects spatial
deformation patterns

MRS

Red = outward
Blue = inward
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Regional contribution

to severity

Patient A — mid-vault dominant

Patient B — mid-vault +
posterior dominant

Patients with similar severity can
have different anatomical drivers



From imaging to scores — fully automated

-nd-to-end ML pipeline from raw imaging to
quantitative phenotype— no manual steps requirea

Normal Severity score Severe
given
patient’s

CMD

Shape
CT Scan 3D Cranium Extraction Representation Quantitative Scores
(patient encoded in (CMD & Severity)

shape space)



CranioRate™ at the Point of Care Ol 0
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CranioRate has evaluated 2 of your scans since March 2026

Search scans By ScanID ~ < Refresh 2. Evaluate a New Scan

scan-2026-03-24-113754

My latest scan!
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Il Cursorful - Screen Recorder with Auto Zoom is sharing your screen

Upload a CT — Receive quantitative severity scores
Translating ML models into clinical decision support tools



Point of care in action
Providing quantitative assessment across multiple institutions
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CranioRate Consortium & Bulk Processing at Scale

/ active institutions — N /€&

additional sites onboarding— " y ~‘ - .
Total: 2901 Scans Uploaded & Processed
Jan 2025 - Present

Enables efficient batch processing and identification of
edge cases to improve robustness




Secure data flow for consortium uploads
XNAT server deployment

$ for PHI de-identification
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Standardized, secure pipelines are required for reproducible ML
Secure bulk upload infrastructure for consortium sites



Real-world challenges in clinical Al

Motion artifacts — blurred
edges — thresholding failure
— incorrect severity

Noisy CT scans — unstable thresholding
— surface artifacts — incorrect severity

Post-operative scan — artifacts + false/missing
structures — incorrect severity



CranioRate 2.0: Anatomy-aware segmentation
VZ.O Deep Learning

U-Net Autoencoder Denoising Morphology Recovery
Initial Segmentation Project to Manifold Post-Processing

V1.0 Thresholding
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Autoencoder

Denoising
U-Net Initial Projection to Manifold Final Refined
Segmentation of Plausible Segmentations Segmentation

Initial Noisy Final Refined
Segmentation Projection to Manifold of Segmentation
(Post-Op Scan) Plausible Segmentations

Deep learning segmentation — robust across
diverse scan conditions
Shape-aware refinement — corrects artifacts
and enforces anatomical plausibility

Fails on challenging scans
(soft bones, motion, post-op,
noise)

Generalizes across sites




CranioRate 2.0: Improved severity quantification
Metopic craniosynostosis

MSS v1.0 - 5.017
l

MSSv2.0-9.716 T
moderate — severe

MSS v1.0 - 3.568
!

MSS v2.0 - 6.904 T
mild — near severe

Correcting systematic underestimation in challenging clinical scans



Scaling impact: Structured data sharing

Multi-site Data Ingestion ‘ 1
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From CT to scalable 3D imaging

CT scanning I 3D stereophotogrammetry

T

From high-quality, sparse data —
scalable, noisier data

& Radiation-free
® Fast, repeatable acquisition

& High precision
f, Radiation exposure limits
ongitudinal use

® Scalable across clinics
From radiation imaging to safe, repeatable, population-scale measurement



X Noisy & incomplete surface
X Missing regions (occlusions, hair, motion)

X No surface correspondence

Without correspondence, 3D shape cannot be
compared—so severity cannot be quantified



CranioRate 2.0 — Now Extending to 3D Photography

2l s

Gray = Raw 3D photogrammetry (incomplete, noisy, variable coverage)
Yellow = Standardized surface representation (missing regions imputed, non-anatomy removed)

Transforms incomplete and noisy 3D photos into

consistent, analysis-ready cranial shape

Learns anatomically plausible completion from noisy, partial data
Establishes dense correspondence across patients



Moving Forward

> ® @ @

National Institutes
of Health

e oy EXPAND PHENOTYPES LINK SHAPE TO MULTIMODAL
| OUTCfM ES DATA AT SCALE
Beyond sagittal — full Clinical, cognitive, CT + 3D + MRI +
craniosynostosis spectrum and genetic data longitudinal
cohorts

Toward population-scale, multimodal
craniofacial analysis
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CranioRate™: A Common Language for Cranial Shape

2/ \ Enables objective, multi-center benchmarking
Sy ey em

%‘ 3 xv\ \’/\\'%j’ A at Scale

b = & Representation enables clinical Al

/mm Standardizes how cranial shape is measured, shared,
and studied

CranioRate"

Signup Form
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Join the CranioRate™ Consortium!

Scan to collaborate!

CranioRate Email: craniorate@gmail.com
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Collecting expert ratings for unicoronal severity
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CranioRate™ at the Point of Care @)
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Transforming Craniosynostosis Care
Through Al-Driven Insights

CranioRate is a novel, machine-learning-powered platform that brings objectivity and precision to
craniosynostosis assessmen t.

Learn More Collaborate
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ErasmusMC

Boston Childrens Hospital

Upload a CT — Receive quantitative severity scores



3D photos match CT-based severity scoring

Manual processing +
alignment required

Comparison of MSS Derived from CT Skin vs. CT Skull
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Validates generalization across

imaging modalities

'\ Requires manual preprocessing — not scalable
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3D Photography to Quantify the Severity
of Metopic Craniosynostosis
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