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Echocardiography is Not Unique: A Complex Multistep Task

Patient selection/referral

Modality chosen

Study images acquired

Multiple image sequences reviewed
a) M-mode

b) 2D

c) Doppler

d) TDI

e) Strain

f) 3D

g CEUS

5. Multiple measurements performed
6. Information integrated into report
7. Results communicated to referring

oW
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In Complex Tasks, Errors are Common

FosteloSF é St r o MASH, B021

Technical Errors (N = 1511)

% of all

Scan Omissions (N = 708)

% of
Type of Technical Error Count | technical | studies Type of Scan Omission Count Yo o.f S.can %o of ’I:Otal

errors Omissions Studies
Missing an ICD-10 diagnosis code 511 33.8% 2.4% Other 228 32.2% 1.1%
Ll i A ik 18‘2% 1‘4:”’ 3D acquisition not completed 151 21.3% 0.7%
lc\)dtl;:;ng 2 prionstacy Suly when one s prosent 1 (1); ;;2 gz;: Inferior vena cava with sniff not done e 17.7% 0.6%
No echocardiograph listed 100 6.6% 0.5% Ultrasound enhancing agents not used 64 9.0% 0.3%
Wrong CPT code listed 98 6.5% 0.5% Suprasternal views not recorded 45 6.4% 0.2%
No CPT code listed 93 62% Ui TAPSE not recorded 44 6.2% 0.2%
gﬁﬁz ﬁr ls?ugi?izgslics(t):; e zg 2;2;: g:j;ﬁ Biplane measurement of left atrium not done 34 4.8% 0.2%
N h 54 3.6% 03% Biplane measurement of left ventricle not done 30 4.2% 0.1%
Missing study indications 52 3.4% 0.2% Apical views not identified in series 15 2.1% 0.07%
Wrong study indications 40 2.6% 0.2% Descending aorta not measured 14 2.0% 0.07%
T—e o [anesine st Y —
T T . W 1% Subcostal views not recorded 0.8% 0.03%
Wrong interpreting physician listed 11 0.7% 0.1% Color Doppler for atrial septal defect assessment | 5 0.7% 0.02%
Multiple CPT codes listed 10 0.7% 0.05% not done
Missing a statement on reaction to UEAs 9 0.6% 0.04% PEDOF probe for aortic stenosis not used 4 0.6% 0.02%
UM e o e L el Ll Right parasternal view for aortic stenosis not 1 0.1% 0.01%
Wrong study l?cation listed 6 gjf:;o ggi:f ol

1% 01%
ﬁifﬁgniz[fc:lsiiord number in PACS } 0.1% 0.01% E/e ,‘ ratioA not re‘ported = : 1 0.1% : 0.01% i

109% of all studies had at least one error in omission or commission
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Current and Future Uses of Al in Echocardiography

View Classification Diastolic Function Prognostication
Automated Border Tracking Disease detection/classification Disease/symptom clustering
(LVEF, GLS, LVMI) (HCM, amyloid, AS, PAH,

pericardial constriction, MR)

Automated measurements Wall motion analysis Scalability/POCUS
Acquisition guidance CEUS algorithms Tissue texture
NLP/Language Models Cardiac monitoring/wearables
Prioritization Algorithms Exercise response / dynamic
information
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Why Do We Need AlI? Assumptions of Basic Models

Y=mx+b >
1><1 1><I‘J 1><l 0 0
Oxl‘.'.l 1><1 1xl‘.'.l 1 0 4
Oxl 0><U 1><1 1 1
0j011(1(0
0j111(0(0
= | : | > X Convolved
—2/ =1 1 2 Image
Feature & >
Classical regression assumes a linear _ . .
relationship between variables and their Convolutions Extract NEdgeo
outcomes . N
But what if this relationship is nonlinear (i.e. Features from Images Into RNNs Have nMemor y
sound/video/text)? Different Channels to remember sequence data
What variables (i.e. features) matter? (good for ECGs. videos text)
Models with more predictors than outcomes can ’ ’
be unstable
More complex models are not always better
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Otterstad, et al. Eur Heart J, 1997
Lang, JASE, 2021

Al Can Reduce Variability and Shorten Exams

ML-assisted interpretation can

re d u Ce me aSu re m ent Conventional interpretation .
ML-assisted
Va. rl ab I I I ty Intraobserver variability Interobserver variability inter;g?;x::e\l/t;c:ir;biliw

IVS thickness, mm 7+5 11+8 01"
LVPW thickness, mm 87 1513 1+3
LVIDs, mm 3*+2 86 35"
LVIDd, mm 2+2 4+4 0=x1
LVOT diameter, mm 2+3 4 +3 6 +14
LV EDV (A2C), mL 109 20 = 13 6 + 8"
LV EDV (A4C), mL 7+5 22 +7 4 £ 5"
LV ESV (A2C), mL 11 =9 23 14 3+ 4
LV ESV (A4C), mL 9+7 32 £ 13 4 + 5°
LA Vol (A2C), mL 14 =9 17 = 22 9+9
LA Vol (A4C), mL 13 =13 18 = 13 9=+ 8"
LVOT VTI, cm 5+4 75 14

MV E Vel, cm/sec 4+ 4 8+7 3+ 16
MV A Vel, cm/sec 3+3 14 =11 3+ 16"
LV E’(l), cm/sec 7*9 10 = 20 2+8
LV E’(s), cm/sec 4+4 6+8 0=x0"

ML-assisted interpretation took 41% less time
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Al Can Teach Us About Disease and Assist with Triage

Shah S, Circulation, 2014
Jamthikar JACC Imaging, 2025
Hathaway, JACC, 2022
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Hu et al, Nature, 2023
Spetko JACC Imaging, 2025
Chang, JAMA Cardiol, 20254

Al Can Bring Improve Access to Imaging

Distance t: rdiov: ular Imagin nter:

Eehocardiography osacoimion [l s Wl s-<o [ w-ew -»  CardiacMRI Al-Assisted Point-of-Care Ultrasound Networks—
b e Considerations for Rural Health Care Delivery

Amanda Chang, MD; Jordan B. Strom, MD, MSc; Kan Liu, MD, PhD

Cardiac PET

e ; Depth
‘ b ; Q@ 5cm© Save Best Clip: 76%

A
A
A

Ultrasound increasingly smaller and
A 95% of US lives within 16 miles of an echo center democratized
A 23.1% of imaging centers performed CCT, 8.3% CMR, Development of ultrasound wearables

and 0.9% PET Implications for rural healthcare and cardiac
A Longer distance = less imaging (except in urban areas) monitoring

A Hub-and-spoke model for CV Care Delivery
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Al Can Detect Disease

Akerman et al. Nature Comms, 2025
Slivnick et al. EHJ, 2025
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External validation of artificial intelligence

for detection of heart failure with preserved

ejection fraction
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Low Probability

High Probability

H2FPEF Al HFpEF

Significant Added Value of Al HFpEF vs. H2FPEF (p<0.001)
Net reclassification Index (NRI): 0.02 (-0.06-0.19)

B 500
Intermediate
400
Intermediate
Diagnostic Negative
300
2
c
o
=
©
[x
200 Unlikely
Diagnostic Positive
100
Probable
0
HFA-PEFF

que”, Katharine Rainer?,

Diagnostic Negative

Diagnostic Positive

Al HFpEF

Significant Added Value of Al HFpEF vs. HFA-PEFF (p<0.001)
Net reclassification Index (NRI): 0.17 (0.01, 0.33)

Key insight:

Value of Sequential Testing
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