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From Clinical Gestalt to Quantitative Evidence

7 Recognizing facial patterns
LINA From clinical expertise to computational facial analysis

Quantifying facial gestalt

Cohort-level similarity and syndrome delineation
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% Translating similarity into evidence
Patient-level analysis and ACMG/AMP PP4 calibration

Bringing Al into clinical practice
Ancestry, generalization, and clinical implementation




DeepGestalt Approach (Gurovich et al. Nat Med 2019)

v | nature,, .
medicine

Letter | Published: 07 January 2019
- Identifying facial phenotypes of genetic

disorders using deep learning

Yaron Gurovich , Yair Hanani, Omri Bar, Guy Nadav, Nicole Fleischer, Dekel Gelbman, Lina Basel-

Salmon, Peter M. Krawitz, Susanne B. Kamphausen, Martin Zenker, Lynne M. Bird & Karen W. Gripp

Nature Medicine 25, 60-64 (2019) = Download Citation X
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GestaltMatcher Approach (Hsieh and Bar-Haim et al. Nat Genet 2022)

[GestaItMatcher

natre
s TECHNICAL REPORT

Technical Report | Published: 10 February 2022

GestaltMatcher facilitates rare disease matching using
facial phenotype descriptors

Tzung-Chien Hsieh, Aviram Bar-Haim, ... Peter M. Krawitz & 4+ Show authors




What a facial score measures

lllustrative case relationships Patient similarity

Model-dependent
@® Case C resemblance

@® Case A to reference cases

Ranked differential

® Case B
Calibration is a further step

before phenotype evidence

A and B have similar
model representations

Schematic only. Similarity is computed in model space, not from these positions.



Integrating GestaltMatcher scores into the exome analysis

NIPBL

NIPBL




Phenotype specificity and PP4

PP4: phenotype specificity

A phenotype or family history highly specific
for a disease with a single genetic etiology

Facial resemblance informs the phenotype assessment
Variant interpretation also requires molecular evidence

Richards et al., Genet Med 2015. Hsieh et al., Neurol Genet 2026 13



Cohort similarity and subgroup delineation

PSMC(C5 MN1

Do these patients share Do variant-associated groups

a measurable facial gestalt? show different facial
phenotypes?

Within-cohort resemblance and between-group separation need different comparisons

Kiry et al., Nat Commun 2025. Mak et al., EBioMedicine 2025 7



PSMC5: a heterogeneous clinical cohort

PSMCS pairwise rak 44 clinical participants

i LTT T 15 in facial analysis

2027 1995 6730 €94 980 4548 1537 3351 6059 2519 2409 1280 2789 -544 ‘

1600 [ 6374 6899 SBIT 2533 1068 5272 1959 780 1047 3170 1698 1396 .51

1743 2061 2104 4813 275 2704 1672 1750 1757 1552 1246 402 -sa2

1819 6542 205 276 488 497 645 374 296 3810 700 1962 -538

Clinical appearance is
heterogeneous

3177 4310

7020 6800 3431 5545 1858 -s13

4383

Ji2 5832 2930 385
738 2389 5266 13T4 88 27 a3 871 3183 8s1s
4879 1185 277 707 118 3272 2640 2530fs23
9 4171 1990 2842 @S0

a0 [l e

2568 96 567 §s12

1775 4909 3422 210

Gallery images

3270 1763 1757 844

Pairwise ranks reveal shared
resemblance

6017 606 1623 400

2488 937 1863 354 SR 2725 425 1128 Qsss

2473 3430 252 2331 2240 g

6RO 1954 1784" 74 352

1977 2132 493 591 1008

1853 2479 1250 3264

812 1264 9% 825

o A L g

2429 1597 242 1797

i ¢ 3 8 28 2 8 5 8 & B 3
lllll_'}lt,llll.llll
est images

Kury et al., Nat Commun 2025, Fig. 2b. d0i:10.1038/s41467-025-65556-8 8



MN1 pairwise rank
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Mak et al., EBioMedicine 2025, Fig. 4a. doi:10.1016/j.ebiom.2025.105677

Gallery images

56 individuals in the
ohort

38 facial images
28 C-terminal truncations
10 N-terminal truncations

Variant-associated groups
show distinct facial patterns
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. evidence for distinct subgroups

C d
Threshold N
3" 1 BE
i 1. L] i e e o
' e e e e Teeshod |
” 0'6 Meanngaimise distance " " " | 1 ’ ’ ‘ S;mple size ! ’ ’ b
[l C-terminal/N-terminal [] Same syndromes [ Different syndromes
Between-group distance 1.035 Facial separation complements

Study threshold 0.901 independent DNAmM evidence

Mak et al., EBioMedicine 2025, Fig. 4c/d and methods p5 12



Mowat—Wilson syndrome: the clinical case

Figure 2 Facial Profile, Feet, and T1 Sagittal Slice of the MRI Brain of the Proband

(A and B) Facial photographs of the proband. (C) The profile
photograph of the proband. The facial and profile photo-
graphs show esotropia, short columella, broad nasal tip,
low-set ears, posteriorly rotated ears, uplifted earlobe,
broad forehead, and thick eyebrows. (D) Midsagittal MRI of
the brain showing hypoplasia of the body of the corpus
callosum.

Hsieh et al., Neurol Genet 2026, Fig. 2. doi:10.1212/NXG.0000000000200384

4-year-old proband
ZEB2 last-exon frameshift

Initial laboratory VUS
Clinical suspicion of MWS

MWS ranked first by facial
analysis

14



Figure 1 Derivation and Validation of Gestalt Score Thresholds for Mowat-Wilson Syndrome (MOWS)

Syndrome-specific

Training set 1. Calculate evidence thresholds Mowat-Wilson Gestalt score .
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thresholds on a held-out set. (Top, training) Positive class: MOWS, n = 61; control class: other syndromes, n = 610. Histograms show the distribution of Gestalt

scores for cases (blue) and controls (orange). Vertical dashed lines denote score thresholds corresponding to ACMG evidence levels: supporting (target LR > . H .

2.08), moderate (24.3), strong (218.7), and very strong (=350). On the training data, the observed LRs at these thresholds met or exceeded the targets (e.g., | | I I I |t EV| d e n Ce St re n gt h
supporting LR = 4.29; moderate LR = 18.48; strong and very strong LR—x because no controls exceeded the thresholds). (Bottom, test) Positive class: MOWS,

n=>5; controls: other syndromes, n =50. Applying the same thresholds yielded LRs consistent with their intended evidence levels (e.g., supporting LR = 5.0 and

moderate LR = 16.7), confirming that these thresholds also work in the test set.

Hsieh et al., Neurol Genet 2026, Fig. 1, methods and Table 3 15



Four photographs and phenotype evidence

Photograph Gestalt score Study PP4 level

1 0.593 Moderate
2 0.580 Moderate
3 0.647 Moderate
4 0.547 Supporting

Supporting 20.5111 Moderate 20.5672

Repeated photos of one patient contribute correlated phenotype information

Hsieh et al., Neurol Genet 2026, Tables 2—3 16



Challenges

/(/ [::FACE2GENE

%GestaltMatcher

» ; ﬁp\ D
THE EXPEGTATION: » AR

)

THE REALITY
(ESPECIALLY IN ASIA):

PHOTOS OK. 9 \ R
NO EXTERNAL UPLOAD. | \ e




% The privacy barrier in practice

" Mishima et al. (Japan): Ethics committees ‘

often veto external transfer of identifiable
facial images.

Mishima et al., 2019, Jounal of Human Genetics.

Local On-Premise Server
(e.g., GestaltMatcher)

Motivates need for local, secure solutions
that keep data within the institution.

™~

17



NGPsuite bridges the clinician and Al

J— Secure Local API Call
SR e | | (HPO & Image)

$i® GestaltMatcher

GestaltMatcher Engine
(Dockerized)

Results
(Ranked List)

Clinician’s Workstation
(NGPsuite Frontend)

(Backend)

1. Clinician inputs data via user-friendly GUI.
2. NGPsuite sends secure request to local backend over hospital network.
3. Dockerized GestaltMatcher processes data entirely on-site.

4. Ranked results are returned to the GUI for review.

Processing ':'
& Analysis |

Local Hospital Server

18



Running NGPsuite on your computer

Queried HPO
HPO ID Name
HP:0008897 Postnatal growth retardation
HP:0001249 Intellectual disability
Uup-nNN1NN7 Hiraitian
Meta GM PCF —— N OMIM
narome Name
Rank Rank Rank y ID
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1 1 1 Cornelia de Lange syndrome "
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Output of NGPsuite

Meta Rank = Average of GestaltMatcher and PubCaseFinder Rank

GestaltMatcher Rank
PubCaseFinder Rank

\ 4

Meta GM PCF
Rank Rank Rank
1 1 1
2 6 2
3 3 23

Syndrome Name
Cornelia de Lange syndrome
Coffin-Siris syndrome

OGDEN SYNDROME; OGDNS

OMIM
ID
122470
24
135900
4
300855

GM
Distance

0.4760

0.6730

0.6190

GM
Match

PCF
Score

0.9780

0.9583

0.8622

PCF
Match
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Integrate with your variant prioritization pipeline

Meta GM
Rank Rank
1 1
2 6
3 3

Export data

PCF
Rank

Syndrome Name

Cornelia de Lange syndrome

2 Coffin-Siris syndrome

23 OGDEN SYNDROME; OGDNS

"rank": 1,
"syndrome: "CdLS",
"gene": "NIPBL

i {3

—

OMIM GM GM PCF PCF
ID Distance Match Score Match
152470 0.4760 [ 0.9780 L —
135900
2 0.6730 L 0.9583 )
300855
o 0.6190 & 0.8622 G
Variant prioritization platform l l

T T

Variantl JAG1 0.91
‘ 2

SMC1A 33 0.81
465 Variant101 HDAC8 10 0.12
466 Variant50  RAC1 5 0.11

Variant2



IRTHIID

GestaltMatcher Database

Home Gallery Groups My Data~ Downloads Publications About ~ tzung.chien.hsieh@gmail.com ~

Search




Access

https://db.gestaltmatcher.org/

i) =
=1

A collection of curated medical photography of genetic syndromes as a

Ge St altMatcher resource for clinician and computer scientists.
Database To sign up, please send an email to
info@gestaltmatcher.org

2 Z

Gallery View

View all in the database in the gallery view at a

glance - you can search by gene, phenotypic
({ﬂ’h series or disorder. @




Ancestry and reference-data composition

GMDB-FAIR: 10,980 images / 8,346 patients / 581 disorders
Known ancestry: European 67%, Asian 19%, African 7%, Others 7%

European ~____ Unknown

i 4 Asian
Micdie E.a st/West East Asian South Asian :
Asian Others

a0 N ©
. c? D . R .o
V\ g\§\(’ \\’b( (\(’ O\\.(\ (\(’ Y \\S\e
\(\g, O(\, 2 N\ Q &(\(, v O
C)O v& \2

Source graphic includes unknown ancestry. Reported labels are not genetic measurements.

Lesmann, Hsieh et al., GMDB manuscript, Fig. 1b. FAIR freeze: 6 April 2024 18



Disease mix changes ancestry comparisons

Top-1 accuracy: pooled versus shared-disorder comparison

_ 62.07% 55.64%
All tested disorders 29 images 523 images
0 o
Six shared disorders 04.29% 020
14 images 32 images

Different disease mixes can conceal gaps. Shared-disorder samples remain small.

Lesmann, Hsieh et al., GMDB manuscript, Tables 1-2 19



Diversity in the training data

+17.07 points
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Lesmann, Hsieh et al., GMDB manuscript, Fig. 5a and Table 3



Accepted in Nature Genetics
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GestaltMatcher Database - A global reference for facial phenotypic
variability in rare human diseases
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Please diagnose this patient. @ :-:\gﬂ.’b;;io; :s/sstant
Patient Summary Demographics ChatGPT)
* Sex: Female ChatGPT
* Age: 4 years
* Ethnicity: American —
Latin/Hispanic
Clinical Presentation The patient MCP server
presents with multiple craniofacial
and systemic abnormalities:
* Craniofacial features:
* Abnormality of the oral cavity
* Abnormality of the eye
* Abnormality of the head

GestaltMatcher PubCaseFinder




% Integrating LLM with facial image and clinical text

I'll analyze this case using the available rare disease
diagnostic tools to help identify potential diagnoses
based on the clinical features and facial photograph.
First, let me use the facial analysis tool to get additional

diagnostic insights from GestaltMatcher predict
endpoint

Let me search for conditions using individual HPO
terms. Let me start with micrognathia (small
jaw):PubCaseFinder endopoint

Diagnostic Considerations
1. Cornelia de Lange Syndrome (CdLS) - Most Likely
OMIM:122470 - This appears to be the strongest

diagnostic possibility based on the clinical overlap:
Matching features:

ChatGPT

LLM-based assistant
(e.g., Claude /
ChatGPT)

MCP server

Photo ‘

GestaltMatcher

PubCaseFinder




Agentic Al integrating multi-modality analysis

Bram MRI @

Fetus
UItrasound

AI
AGENT

Retmal scan

Blood Test Report

Al Suggestion

30



Artificial Intelligence leads to loss of skills (deskilling)

THE LANCET

PERSPECTIVES | Digital medicine - Volume 406, Issue 10513, P1719, October 18,

2025 ¥, Download Full Issue

Preserving clinical skills in the age of Al assistance

THE LANCET
Gastroenterology & Hepatology

ARTICLES - Volume 10, Issue 10, P896-903, October 2025 ¥, Download Full Issue

Endoscopist deskilling risk after exposure to artificial intelligence
in colonoscopy: a multicentre, observational study

Krzysztof Budzyr, MD P - Marcin Romanczyk, MD & %P &X - Diana Kitala, PhD ¢ - Pawet Kotodziej, MD 9 -
Marek Bugajski, MD ¢ - Hans O Adami, MD *& - Johannes Blom, MD ™ - Marek Buszkiewicz, MDJ -

Natalie Halvorsen, MD f - Prof Cesare Hassan, MD %! - Tomasz Romariczyk, MD ab .

Prof @yvind Holme, MD ™" . Krzysztof Jarus, MD © - Shona Fielding, PhDP - Melina Kunar, PhD 9 -

Prof Maria Pellise, MD %5 - Nastazja Pilonis, MD % - Prof Michat Filip Kamiriski, MD "% .

Prof Mette Kalager, MDf - Prof Michael Bretthauer, MD f - Prof Yuichi Mori, MD ¥ Show less

100
b/

359
30

25+

—

20

ADR (%)

15

10

T
Before Al introduction After Al introduction

Figure 1: Change in ADR with standard, non-Al assisted colonoscopy before
and after introduction of Al for polyp detection

The error bars represent 95% Cls. ADR=adenoma detection rate. Al=artificial
intelligence.
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Potential effects of Al on clinical skills over time

Clinician skill performance

Introduction of Al

Proficiency

Physicians trained prior to Al

_—

Physicians trained after Al

Al-enhanced

practice 1

Never-skilling

Time

32



Will Al help clinicians make the diagnosis?

Prediction probability by Al Will Al change your decision

_ . after seeing Al?
What s the diagnosis?

i 1. Williams syndrome
1. Wi s syndrome Y
!’/ £2. N syndrome 2. Noonan syndrome
|G 50%-
" Q .
',’w £3. Al syndrome 3. Alagille syndrome
5/’/'{/// 25% - . .
,,, 4. 22 deletion syndrome 4. 229.11 deletion syndrome
” - e <01% <0.1%
Y v IS & 2
.é"g o°é° & gf
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Clinicians can be influenced by Al predictions

No. of respondents

In our first group, 39 of 40 clinicians changed
from a correct to an incorrect answer
after seeing an incorrect Al suggestion.

. Total points distribution (max: 15 points)

10

0 2 4 6 8 10 12 14 16
Points scored
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