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External validation of artificial intelligence
for detection of heart failure with preserved
ejection fraction

Ashley P. Akerman1, Nora Al-Roub2, Constance Angell-James2,
Madeline A. Cassidy2, Rasheed Thompson3, Lorenzo Bosque4, Katharine Rainer2,
William Hawkes1, Hania Piotrowska1, Paul Leeson 1, Gary Woodward1,
Patricia A. Pellikka 5, Ross Upton1 & Jordan B. Strom 2

Artificial intelligence (AI) models to identify heart failure (HF) with preserved
ejection fraction (HFpEF) based on deep-learning of echocardiograms could
help address under-recognition in clinical practice, but they require extensive
validation, particularly in representative and complex clinical cohorts for
which they could provide most value. In this study enrolling patients with
HFpEF (cases; n = 240), and age, sex, and year of echocardiogram matched
controls (n = 256), we compare the diagnostic performance (discrimination,
calibration, classification, and clinical utility) and prognostic associations
(mortality and HF hospitalization) between an updated AI HFpEF model
(EchoGo Heart Failure v2) and existing clinical scores (H2FPEF and HFA-PEFF).
TheAIHFpEFmodel andH2FPEF score demonstrate similar discrimination and
calibration, but classification is higher with AI than H2FPEF and HFA-PEFF,
attributable to fewer intermediate scores, due to discordant multivariable
inputs. The continuous AI HFpEF model output adds information beyond the
H2FPEF, and integration with existing scores increases correct management
decisions. Those with a diagnostic positive result from AI have a two-fold
increased risk of the composite outcome. We conclude that integrating an AI
HFpEF model into the existing clinical diagnostic pathway would improve
identification of HFpEF in complex clinical cohorts, and patients at risk of
adverse outcomes.

Heart failure (HF) is a common and morbid disease impacting an
estimated 56.2 million individuals worldwide with rising
prevalence1, and impacting approximately 1 in 4 adults in their
lifetime2. Of those suffering from HF, approximately half have a
preserved left ventricular ejection fraction (HFpEF)3–6. HFpEF is
often unrecognized or misdiagnosed due in part to insufficient
consensus on its definition as well as complexities inherent in the

diagnostic tools and multiple clinical pathways used for diagnosis.
However, early identification and treatment may be important in
limiting disease progression, reducing the burden of disease on
the patient and healthcare system7–10.

In this setting, echocardiography represents a crucial diagnostic
tool for evaluating patients with undifferentiated dyspnea and sus-
pected HFpEF due to the wealth of information it provides on
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myocardial remodeling, diastolic dysfunction, estimation of left
ventricular filling pressures (LVFP), chronicity of illness, and alter-
native causes of dyspnea such as valvular heart disease7,11. While
recently developed multiparametric clinical scores incorporating
clinical, laboratory, and echocardiographic information have shown
promise in estimating the probability of HFpEF among patients with
symptoms, they face limitations in cases of incomplete or incon-
sistent input data12,13. Furthermore, up to 30% of patients may be
classified as “indeterminate” by echocardiographic assessment,
leading to uncertainty about whom should be referred for further
diagnostic testing to confirm a HFpEF diagnosis14,15. As such, artificial
intelligence (AI) models based on deep learning of echocardio-
graphic images have recently been developed using limited input
information (a single apical 4-chamber transthoracic echocardio-
gram [TTE] video clip) with excellent performance in identifying
those with HFpEF. While suchmodels show promise, more validation
is needed to understand how they compare to existing multi-
parametric clinical scores in patients at high risk for HFpEF and how
AI models could be best integrated in practice to optimize patient
management16.

As such, in this study, we aimed to externally validate the
performance of an AI HFpEF model (EchoGo Heart Failure,
Ultromics Ltd) in an independent dataset, and compare this to
existing multiparametric clinical scores for diagnosis of HFpEF in
a matched case control study including patients with and without
HFpEF who underwent TTE at Beth Israel Deaconess Medical
Center (BIDMC). While this AI HFpEF model has previously
undergone extensive multi-center internal validation across a
large integrated delivery network17, the motivation for the current
study was to examine whether performance generalizes between
institutions, and evaluate how architectural improvements due to
experiences in clinical implementation (Supplementary Meth-
ods), may have impacted model performance. We hypothesized
that the AI HFpEF model would outperform existing clinical
scores and would be associated with patient outcomes.

Results
Patient Population
A final sample of 240 cases and 256 controls were identified after
application of exclusions (Fig. 1). All cases had HF within the prior
year on manual chart review and all controls lacked HF in the year
prior to or following the index TTE. Overall, cases (mean ± SD;
74.2 ± 12.1 years, 54.2% female) and controls (75.0 ± 13.0 years, 55.1%
female) had a similar age and sex distribution as expected due to
matching (Table 1). However, cases were more likely to be Black,
(18.3% vs. 6.6%, p = 0.001), had a higher BMI (29.4 ± 7.1 vs. 27.1 ± 5.5,
p < 0.001) and overall had a higher number of comorbidities
(Table 1). Additionally, cases had a lower estimated glomerular fil-
tration rate, higher values for NT-proBNP, lower on-treatment cho-
lesterol, and more frequently with cardioactive medications
including beta blockers, statins, mineralocorticoid inhibitors, cal-
cium channel blockers, antithrombotics, loop diuretics, and nitrates
(all p < 0.05). While cases and controls had a similar biplane LVEF
(63.1 ± 7.8 vs. 63.4 ± 7.0, p = 0.67; Supplementary Table 1), cases had a
greater impairment in systolic function (global longitudinal strain
-15.5 ± 4.8 vs. -20.0 ± 2.7, p = 0.009) and diastolic function (Supple-
mentary Table 1; all p < 0.05). The proportion of cases with normal,
abnormal, and missing echocardiographic and clinical parameters is
summarized in Supplementary Fig. 1. However, the control group
also demonstrated high rates of concentric remodeling (mean rela-
tive wall thickness, 0.48 ± 0.15), left atrial dilation, higher than nor-
mal E/e, elevated tricuspid regurgitant velocity, and elevations in NT-
proBNP levels, representing a complex clinical cohort. Supplemen-
tary Tables 2–3 demonstrate that the difference between the current
cohort of cases and controls, compared with those used in the
development and original validation of the AI HFpEF model. Gen-
erally, the current cohort of cases and controls were the most similar
(to each other) across various key clinical characteristics, than in
previous datasets. Importantly, the current cohort of controls were
older and more commonly had hypertension, structural heart dis-
ease, atrial fibrillation, coronary artery disease, diabetes, pulmonary

Fig. 1 | Flowchart demonstrating study inclusion and exclusions. Displayed is a flowchart depicting the study selection for cases and controls based on inclusion and
exclusion criteria. BIDMC Beth Israel Deaconess Medical Center, LVEF left ventricular ejection fraction, HF heart failure, TTE transthoracic echocardiogram.
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Table 1 | Baseline Clinical Characteristics

Variable Controls Cases p value

Demographics

Age (y) 75 ± 13.0 [256] 74.2 ± 12.4 [240] 0.603

Female sex 141 (55.1%) [256] 130 (54.2%) [240] 0.910

Body mass index (kg/m2) 27.1 ± 5.5 [252] 29.4 ± 7.1 [239] <0.001

Race

White 200 (78.1%) 164 (68.3%)

Black 17 (6.6%) 44 (18.3%)

Asian 14 (5.5%) 14 (5.8%) 0.001

Other 23 (9.0%) 17 (7.1%)

Clinical History

Hypertension 178 (69.5%) 209 (87.1%) <0.001

Hyperlipidemia 149 (58.2%) 162 (67.5%) 0.039

Atrial fibrillation 48 (18.8%) 108 (45.0%) <0.001

Permanent 10 (3.9%) 24 (10.0%)

Paroxysmal 24 (9.4%) 42 (17.5%) 0.311

Persistent 2 (0.8%) 11 (4.6%)

Diabetes mellitus 55 (21.5%) 100 (41.7%) <0.001

Chronic kidney disease 37 (14.5%) 114 (47.5%) <0.001

Coronary artery disease 50 (19.5%) 82 (34.2%) <0.001

History of MI 25 (9.8%) 42 (17.5%) 0.016

History of CABG 22 (8.6%) 22 (9.2%) 0.922

Presence of cardiac pacemaker 19 (7.4%) 20 (8.3%) 0.832

Chronic obstructive pulmonary disease 15 (5.9%) 42 (17.5%) <0.001

NYHA class

I 5 (2.0%) 15 (6.3%) <0.001

II 1 (0.4%) 57 (23.8%)

III 0.0% 35 (14.6%)

IV 0.0% 2 (0.9%)

Smoking 18 (7.0%) 23 (9.6%) 0.385

History of stroke/TIA 25 (9.8%) 34 (14.2%) 0.169

Laboratory Results

Glucose – mg/dL 114.6 ± 40.9 [224] 125.0 ± 52.1 [231] 0.018

Sodium – mEq/L 138.9 ± 9.4 [241] 138.9 ± 4.2 [239] 0.949

Potassium - mEq/L 4.3 ± 0.5 [242] 4.3 ± 0.5 [239] 0.638

Creatinine – mg/dL 1.3 ± 1.7 [243] 2.2 ± 2.2 [239] <0.001

Estimated glomerular filtration rate – mL/min/1.73 m2 65.7 ± 17.9 [237] 50.1 ± 24.7 [233] <0.001

Albumin – g/dL 5.1 ± 14.0 [172] 3.8 ± 2.4 [211] 0.157

Troponin – ng/mL 0.08 ±0.33 [130] 0.14 ± 0.58 [188] 0.286

NT-proBNP – pg/mL 2280 ± 6345 [70] 7845 ± 12820 [178] 0.001

Total cholesterol - mg/dL 172.9 ± 48.5 [137] 146.7 ± 47.0 [130] <0.001

High Density Lipids (HDL) - mg/dL 57.3 ± 18.5 [137] 50.8 ± 19.1 [129] 0.005

Low Density Lipoprotein (LDL) - mg/dL 93.3 ± 36.6 [134] 75.4 ± 31.4 [131] <0.001

Triglycerides - mg/dL 129.2 ± 106.0 [143] 132.4 ± 85.2 [133] 0.785

Hemoglobin – g/dL 11.7 ± 2.3 [234] 9.9 ± 2.4 [238] <0.001

Treatment

Beta-blocker 105 (41.0%) 174 (72.5%) <0.001

Aspirin 99 (38.7%) 112 (46.7%) 0.101

Statin 133 (52.0%) 165 (68.8%) <0.001

Other lipid lowering drug 11 (4.3%) 16 (6.7%) 0.333

Mineralocorticoid antagonist 10 (3.9%) 23 (9.6%) 0.020

SGLT2 inhibitor 2 (0.8%) 1 (0.4%) >0.999

ACE inhibitor 63 (24.6%) 43 (17.9%) 0.076

Angiotensin receptor blocker 43 (16.8%) 54 (22.5%) 0.148

Calcium channel blocker 66 (25.8%) 104 (43.3%) <0.001

Antithrombotic 44 (17.2%) 99 (41.3%) <0.001
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disease, previous cardio- and cerebro-vascular events, and HFpEF
“mimics” than in previous datasets, supporting the notion of a far
more complex clinical cohort.

Model discrimination and calibration
Discrimination was similar between the AI HFpEF model (AUROC:
0.798, 95% CI 0.756–0.799) and H2FPEF score (AUROC: 0.788,
0.745–0.798, difference: p = 0.71; Fig. 2). Both the AI HFpEF model
and H2FPEF score demonstrated similar calibration results. The
intercept and slope for the AI HFpEFmodel (intercept: –0.56, –0.82
to –0.32; slope: 0.44, 0.35 to 0.56) and H2FPEF score (intercept:
–1.00, 1.75 to –0.40; slope: 0.81, 0.58–1.15) both indicated an
overestimation of risk. For the AI HFpEF model this overestimation
was predominant in moderate-to-high probabilities, whereas
for the H2FPEF score there was overestimation across the full

spectrum of probabilities (Supplementary Fig. 3, Hosmer-Leme-
show, both p < 0.001).

Model classification
Table 2 highlights classification performance for all models. Full con-
fusion matrices are provided in Supplementary Table 4, and compar-
ison of performance across sociodemographic groups, and relevant
clinical risk factors in Supplementary Tables 5–10. All three clinical
scores provided a “intermediate” classification when there was dis-
cordant, or missing information to reliably suggest HFpEF presence or
absence. Classification performance is therefore presented when
considering all patients (i.e., including intermediate outputs in the
calculation of classification statistics; Supplementary Tables 11–12),
and when considered only diagnostic outputs (i.e., positive or nega-
tive; Supplementary Methods and Supplementary Tables 11–12).

Table 1 (continued) | Baseline Clinical Characteristics

Variable Controls Cases p value

Loop diuretic 36 (14.1%) 158 (65.8%) <0.001

Anti-platelet agent 28 (10.9%) 28 (11.7%) 0.932

Nitrate 13 (5.1%) 41 (17.1%) <0.001

Antiarrhythmic medication 11 (4.3%) 17 (7.1%) 0.259

Gout medication 28 (10.9%) 32 (13.3%) 0.515

Shown are the clinical characteristics of the study population, stratified by cases and controls. P values for the comparison of cases vs. controls are shown using two-sided Fisher’s exact tests for
categorical variables and Student’s t tests for continuous variables. Results are shown as mean ± standard deviation and effective sample size in [square brackets], and count (proportion), where
appropriate. Comparisons of baseline echocardiographic variables are provided in Supplementary Table 1.
ACE angiotensin-converting-enzyme,CABGcoronary artery bypassgraft,GFRglomerularfiltration rate,MImyocardial infarction,NT-BNPN-terminal B-typenatriuretic peptide,NYHANewYorkHeart
Association, SGLT2 sodium/glucose cotransporter 2, TIA transient ischemic attack.

Fig. 2 | Receiver operating characteristic curve comparing discrimination for
identification of heart failure with preserved ejection fraction (HFpEF) using
artificial intelligence (AI) HFpEFmodel versus the H2FPEF score. Shown are the
receiver operating characteristic (ROC) curves comparing discrimination for
identification of HFpEF using AI HFpEF model vs. the H2FPEF score. AI HFpEF is in

blue (area under the curve of the ROC [AUROC]: 0.798, [95% CI 0.756–0.799]), and
the H2FPEF score is in orange (0.788, ([0.745–0.789])). The difference between the
two was not significant (mean difference in AUROC, 0.01, [–0.043–0.064],
p = 0.710 using a two-sided DeLong test).
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H2FPEF score
The H2FPEF score resulted in 306 (61.7%) intermediate classifications,
compared with 75 (15.1%) for the AI HFpEF model. Compared to the
H2FPEF score, the AI HFpEF model demonstrated higher sensitivity
(mean difference, 26.7%, 17.9–35.4%, p <0.001), and specificity (mean
difference, 37.5%, 29.9–45.1%, p < 0.001), but no difference in NPV
(–8.7%, –22.8 to 5.3%, p =0.36), and PPV (–6.3%, –15.7 to 3.1%, p = 0.21).
When considering only diagnostic outputs (i.e., removing “inter-
mediate” scores from the calculation), theH2FPEF score demonstrated
higher sensitivity (p = 0.002) and specificity (p = 0.011).

Owing to themeaningful impact of intermediate classifications on
model performance, due either to missing or discordant clinical
parameters (detailed in Supplementary Methods), classification was
also assessed only in patients with all information available (i.e., true
discordance contributing to intermediate classifications, rather than
missing data). After removing patients with missing inputs for the
H2FPEF score (n = 319 [64.3%]), H2FPEF sensitivity improved (97.5%,
92.5–100%, vs. 86.3%, 79.8–91.2% for the AI HFpEF model), and speci-
ficity improved (38.6%, 18.7-53.1% vs. 59.9%, 49.2–70.7% in theAIHFpEF
model), despite retaining high intermediate classification rates (61.1%
vs. 13.5% in AI HFpEF model; Supplementary Table 11).

Supplementary Table 13 illustrates how performance of the
H2FPEF changes as a consequence of the decision threshold. As
expected, higher decision thresholds result in lower sensitivity, and
higher specificity, and the converse is true for lower decision thresh-
olds. Sensitivity ranged from 3.8% to 98.8%, and specificity ranged
from 10.9% to 100%, for thresholds of categorical scores (1–9). Sup-
plementary Table 6 highlights how the AI HFpEF model might com-
pensate for the drop in performance above a score of 6, and below a
score of 4 (sensitivity and specificity respectively). Similarly, Supple-
mentary Table 14 demonstrates consistent performance between the
AI HFpEF model and the H2FPEF score for comparable decision
thresholds according to the continuous probability produced by each
model. Additionally, Supplementary Tables 5–10 demonstrate con-
sistentmodel performanceacross relevant sociodemographic, clinical,
and echocardiographic subgroups of interest.

HFA-PEFF Score
There were 269 (54.2%) intermediate classifications with the HFA-PEFF
score. Compared with the HFA-PEFF score, the AI HFpEF model also
demonstrated higher sensitivity (by 17.5%, 8.8 to 26.2%, p < 0.001),
specificity (by 23.0%, 14.5–31.6%, p < 0.001), but lower NPV (by –16.9%,
–9.0 to –24.8%, p =0.002), and PPV (by –19.0%, –10.8 to –27.3%,
p < 0.001). However, when considering only diagnostic outputs, the
HFA-PEFF score also demonstrated higher sensitivity (p < 0.001) and
specificity (p = 0.012). Supplementary Table 13 illustrates how perfor-
mance of the HFA-PEFF score changes as a consequence of the

decision threshold, demonstrating similar performance characteristics
as the H2FPEF score. After removing patients with missing inputs for
the HFA-PEFF score (n = 246 [49.6%]), sensitivity improved to 100% vs.
87.0% (81.4-92.1%) in AI HFpEFmodel, but specificity decreased (26.7%,
9.8-42.2% vs. 52.6%, 37.3–69.1% for AI HFpEFmodel), and intermediate
classification rates also decreased (31.3% vs. 14.2% in AI HFpEF model;
Supplementary Table 11).

Reclassification and added information
Figure 3 illustrates the reclassification of patients from the H2FPEF
Score (panel A) andHFA-PEFF Score (panel B) into the AI HFpEFmodel,
alongside net classification statistics for theAIHFpEFmodel compared
to each score. In the intermediate classified patients according to the
H2FPEF score (n = 306), the AI HFpEF model also classified 45 as
intermediate, 163 as high likelihood of HFpEF, and 98 as low likelihood
of HFpEF. In the intermediate classified patients according to the HFA-
PEFF score (n = 269), the AI HFpEF model also classified 48 as inter-
mediate, 139 as high likelihood of HFpEF, and 82 as low likelihood
of HFpEF.

For the continuous probability output from the AI HFpEF model
and the H2FPEF score, the AI HFpEF model provided significantly
more information (likelihood ratio test, p < 0.001), supported by
positive overall net reclassification statistics (NRI 0.40, 0.21-0.59;
Supplementary Table 15), and marginally positive discrimination
improvement (IDI) index (0.07, 0.00-0.14). However, when utilizing
only the categorical outputs from the three models, the AI HFpEF
model added significant information to both the H2FPEF and HFA-
PEFF scores according to likelihood ratio tests (both p < 0.001), but
NRI statistics were less consistent (Fig. 3 and Supplementary
Table 15).

Clinical utility
The clinical utility of integrating the AI HFpEF model into clinical
practice was assessed using decision curve analysis18. Making clinical
management decisions based on the integration of diagnostic infor-
mation from theH2FPEF score and theAIHFpEFmodelwas superior to
the H2FPEF score alone. Specifically, compared to only using the
H2FPEF score, decisions to intervene using all available information
resulted to 33% more patients with HFpEF managed correctly, and an
absolute 9% reduction in the number of prescriptions without missing
any patients with HFpEF; this benefit was highest when clinical scores
were used following intermediate AI HFpEF model classifications,
rather than the alternative (Fig. 4 and Supplementary Table 16).
Comparisons to the HFA-PEFF score demonstrated little difference
between approaches (Supplementary Fig. 4). Modeling of combined
continuous probabilities (AI HFpEF model and H2FPEF Score) and
categorical classification (HFA-PEFF Score) supported the notion of

Table 2 | Classification of heart failure with preserved ejection fraction (HFpEF) according to three models

Model Calculation Method Sensitivity Specificity NPV PPV

AI HFpEF All Data 77.4% (74.6–79.6%) 50.2% (48.6–52.1%) 81.6% (73.6%–87.6%) 67.3% (59.6%–71.7%)

Diagnostic Only 86.6% (80.2–90.9%) 58.5% (51.0–64.8%) 81.6% (73.6%–87.6%) 67.3% (59.6%–71.7%)

Ignore Uncertainty 83.8% (78.2–88.1%) 53.9% (47.5–60.0%) 78.0% (70.3–82.8%) 63.0% (56.1–67.0%)

H2FPEF All Data 53.9% (50.2–58.2%) 12.8% (11.8–13.9%) 90.3% (75.0–100.0%) 73.6% (64.9–79.3%)

Diagnostic Only 97.5% (94.0–100.0%) 40.0% (26.8–52.9%) 90.3% (75.0–100.0%) 73.6% (64.9–79.3%)

HFA-PEFF All Data 63.2% (58.3–68.0%) 29.0% (26.9–31.0%) 98.5% (94.7–100.0%) 86.3% (79.3–91.1%)

Diagnostic Only 99.3% (97.3–100.0%) 74.7% (62.8–83.8%) 98.5% (94.7–100.0%) 86.3% (79.3–91.1%)

Classification statistics and95%confidence intervals (CIs) areprovided for the threemodels usingall availabledata (i.e., including thosewith intermediate classifications in thecalculation), andwhen
only considering diagnostic studies (i.e., excluding thosewith intermediate classifications in the calculation). For the AI HFpEFmodel, classification performance is also presentedwhen uncertainty
metrics are disregarded, and classification of patients is based only on prediction class probability (i.e., ≥0.50). For further information related to the calculation of these statistics, please see
Supplementary Table 12.
AI HFpEF artificial intelligence model for the prediction of heart failure with preserved ejection fraction, HF2PEF Heavy, Hypertensive, Atrial Fibrillation, Pulmonary Hypertension, Elderly, Filling
Pressure,HFA-PEFFHeart Failure Association Pre-test assessment, Echocardiography andNatriuretic Peptide Score, Functional Testing in Case of Uncertainty, Final Etiology,NPVnegative predictive
value, PPV positive predictive value.
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added clinical utility when integrating information from all available
diagnostic methods (Supplementary Table 16).

Patient outcomes
During a median (IQR) 25 (15–35) months follow-up, there were 45 HF
hospitalizations (10.3%), and 61 deaths (14.2%). A diagnostic positive
result according to the AI HFpEFmodel was associated with a two-fold
risk of the primary composite endpoint (Fig. 5, Supplementary
Table 17, HR 2.56, 1.46–4.51, p = 0.001 vs. diagnostic negative output),
risk for mortality (HR 2.54, 1.27–5.05, p = 0.008), and three-fold
higher risk of HF hospitalization (HR 3.15, 1.33–7.47, p = 0.009).
The same association was present for quartiles of risk according
to the continuous probability of HFpEF from the AI HFpEF model.
Compared to the first quartile, risk of the composite outcome (HR
3.95, 2.00–7.81, p < 0.001), all-cause mortality (HR 3.14, 1.40–7.02,
p = 0.005), and HF hospitalization (HR 4.74, 1.61–13.9, p = 0.005) were
all elevated (Supplementary Table 18). Similar associations were also
present for the clinical scores (Supplementary Table 17; Supplemen-
tary Figs. 5–6), but there was no significant association between the AI
HFpEF model and risk of outcomes in intermediate classified patients
according to the H2FPEF and HFA-PEFF scores (Supplementary
Table 19).

Discussion
In this retrospective case-control study, anAI HFpEFmodel using deep
learning of a single TTE video clip had higher classification perfor-
mance than existing clinical scores, largely owing to fewer inter-
mediate classifications. When clinical scores provided a diagnostic
output, they demonstrated excellent classification performance.

The continuous output of the AI HFpEF model demonstrated a
significant increase in the information available for diagnosis,
beyond that of the clinical scores, but this was less clear for
categorical outputs. Overall, combining use of AI and clinical score
information resulted in greater rates of appropriate treatment for
HFpEF and fewer unnecessary treatments in decision modeling. All
algorithms, including both the AI HFpEF model and clinical scores,
demonstrated significant associations with risk of all-cause
mortality and HF hospitalization. Overall, these results indicate a
possible role for this AI HFpEFmodel in theHFpEFdiagnostic pathway,
particularly in combination with information from clinical scores, to
identify patients warranting confirmatory testing or management
for HFpEF.

While HFpEF is highly prevalent, impacting up to 64 million indi-
vidualsworldwidewith 5.7million in theUS alone and associatedwith a
5-year survival as low as 35%, it can be challenging to make the diag-
nosis currently due to (1) absence of a clear standardized definition, (2)
complexity of existing echocardiography-based diastology criteria,
and (3) heterogeneity of HFpEF etiology8,19. While TTE remains key to
establishing the presence of increased LVFP and diastolic grade, indi-
vidual TTE parameters are only modestly related to LVFP11,20–25. More-
over, while guideline-based approaches have been developed to
overcome this deficiency through a multiparametric approach to
incorporating TTE findings, up to 30% of individuals may have inde-
terminate/ intermediate results from these algorithms due in part to
missing or discordant TTE parameters, resulting in poor sensitivity for
detection of HFpEF, particularly early in the disease state11,14,15,25. In
response to such challenges with using existing TTE variables for
diagnosis, multiparametric clinical scores have been developed

Fig. 3 | Alluvial plots demonstrating reclassification of predicted heart failure
with preserved ejection fraction (HFpEF) from clinical scores using the artifi-
cial intelligence (AI) HFpEF model. Displayed are alluvial plots depicting the
reclassification of predicted HFpEF from clinical scores using the AI HFpEF model.
This plot and associated reclassification statistics account for only categorical
classification outputs from each model, rather than continuous outputs. Panel A
depicts the AI model’s reclassification of an individual’s predicted HFpEF status
from the HF2FPEF score. Panel B depicts the AI model’s reclassification of an

individual’s predicted HFpEF status from the HFA-PEFF score. The added value of
the AI HFpEF model compared with the H2FPEF score and HFA-PEFF score are
displayed below the alluvial plots. Two-sided likelihood ratio tests were used to
estimate the added value of the AI HFpEF vs. H2FpEF score and resulting p values
are presented alongside net reclassification improvement (NRI) statistics. All NRI
statistics are based on categorical outputs. Non-diagnostic and indeterminate
outputs are referred to as “intermediate” for consistency and clarity.
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incorporating clinical, echocardiographic, and biomarker information
to screen patients for HFpEF, though these toomay be inconclusive in
the setting of missing or discordant clinical data, and are complex to
integrate into practice, requiring significant a priori knowledge of a
patient’s clinical history and referral for laboratory and echocardio-
graphic testing12,13. As such, at present, nearly 45%of patients with early
HFpEF present with normal LVFP at rest and require invasive testing or
stress echocardiography to demonstrate impairments12.

In this setting, there has been great enthusiasm in the use of AI
computer vision technologies to improve early diagnosis and treat-
ment of HFpEF to delay progression and avoid hospitalization26. One
such AI algorithm, the Ultromics EchoGo Heart Failure model, applied
to a single 4-chamber TTE video clip, has shown to have a high sensi-
tivity (87.8%) and specificity (81.9%) in independent testing to deter-
mine an individual’s probability of HFpEF17. In the current study,
applying an updated version model to an independent validation
cohort, the AI HFpEF model had similar performance to multi-
parametric clinical scores to identify HFpEF, with an AUROC of 0.798
(95%CI: 0.756–0.799) compared to0.788 (0.745-0.798) for theH2FPEF
score, but resulted in fewer intermediate classifications, with only 15.1%
having a non-diagnostic classifications compared to 61.7% and 54.2%of
those classified according to the H2FPEF and HFA-PEFF scores,
respectively. Consequently, classification performance was higher

using the AI HFpEF model than clinical scores when considering these
intermediate classifications, but lower when patients with inter-
mediate classifications were removed. This supports previous
investigations12,13 demonstrating that existing clinical scores have
excellent performance (particularly sensitivity) when they provide a
clear diagnostic output, but are limited by high intermediate classifi-
cation rates, which might be more apparent in situations of low data
quality (e.g., missing, poor imaging quality) or true clinical uncertainty
(discordant parameters). Sub-groups analysis of patients in whom the
multiparametric models were all available (i.e., retaining only clinical
discordance), demonstrated improved clinical score performance, but
retainedhigh rates of intermediate classifications (61% forH2FPEF, 52%
for HFA-PEFF), indicating that clinical discordance remains a critical
issue during the diagnostic pathway.

Discrimination performance was overall worse than on internal
validation (e.g., AUROC 0.798 vs. 0.95)17. This degree of performance
decrement may be expected when applying an optimistic model to an
external cohort27. Nevertheless, this underlines the need for external
validation to identify how suchmodels generalize to real-world clinical
practice, particularly as they are further developed28. Changes to this
AI HFpEF model following experience in real-world implementation
have yet to be examined29, and as such, this study therefore represents
initial validation experience in a different integrated healthcare

Fig. 4 | Decision curves demonstrating standardized net benefit and net
reduction in interventions of using the H2FPEF and AI HFpEF model in com-
bination versus separate approaches in patients suspected of having HFpEF.
Decision curves comparing the standardized net benefit (panel A) and net reduc-
tion in interventions (B) when patient management decisions are based on the
output of the H2FPEF score and/or the AI HFpEFmodel. Themanagement decision
is assumedto represent prescription of SGLT2i to thepatient, in a populationwhere
the expected prevalence of HFpEF is 30%. Red and gold lines represent clinical
baselines of prescribing all patients or no patients SGLT2i, respectively, regardless
of the output of any test. Prescribing based on only the H2FPEF score (green),
represents that any patient with a “Probable” classification of HFpEF would be
prescribed SGLT2i. Prescribing based on either a “Probable” (H2FPEF) or “Positive”
classification (AI HFpEF) is presented in blue. Prescribing based on the combination
of a “Positive” classification (AI HFpEF), or “Intermediate” (AI HFpEF) and “Prob-
able” (H2FPEF) is presented in purple. The x-axis represents the threshold prob-
ability thatwould be requiredby a clinician and/or patient to initiate prescriptionof

SGLT2i. In this context, the chosen minimum threshold probability is 30% (dotted
line), representing the relative harm of an adverse event when taking SGLT2i
(5.8%41), and the risk reduction associated with taking an SGLT2i (−19%41 for HF
hospitalization or worsening HF event). The x-axis is truncated to clinically rea-
sonable threshold probabilities for clear and meaningful interpretation. For net
benefit plots, the y-axis refers to the standardized net benefit of taking a given
approach, with units presenting the proportions of patients with disease in the
population who would be successfully managed according to the different
approaches. For example, a value of 0.45 for the Combined approach would be
interpreted such that, compared to prescribing no patients with SGLT2i, managing
patients based on the combined information from the AI HFpEF model and the
H2FPEF scorewould result in 45% of patients with HFpEF being correctlymanaged.
For net reduction in interventions, a value of 0.315 for the Combined approach
would be interpreted such that, prescribing SGLT2i based on the combined infor-
mation would lead to an absolute 31.5% reduction in the number of prescriptions
without missing any patients with HFpEF.
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delivery network (Mayo Clinic vs. Beth Israel Lahey Health) where care
patterns may differ. Despite the observed drop in discrimination, the
AI HFpEF model and existing clinical scores demonstrated similar
classification characteristics as those previously observed17. However,
this is not the case for specificity, which was lower than previously
reported due to the diagnostic challenge (to allmodels) facilitated by a
complex clinical cohort (including HFpEF mimics).Importantly, the
integration of the AI HFpEF model demonstrated similar utility and
associations with clinical outcomes, highlighting that such iterative
improvements to themodel appear to have retained overall diagnostic
and prognostic performance and generalizability.

Suggestions to integrate AI models into existing diagnostic
pathways16,17 and utilize the combined clinical information from all
available sources are supported by the current study. In decision mod-
eling, use of combined information from the AI HFpEF model and clin-
ical scores resulted in a greater number of individuals appropriately
receiving treatment (in this case SGLT2 inhibitors) with fewer number of
individuals treated unnecessarily. This is logical, given that eachmodel is
associated with its own development process (AI, statistical modeling,
and clinical consensus for AI HFpEF, H2FPEF, and HFA-PEFF, respec-
tively). In a heterogeneous syndrome like HFpEF, each model would
likely capture different types of patients under the broad umbrella of
HFpEF. This feature becomes especially important given the absence of
one single standard definition of HFpEF, and heterogeneity of the
etiology of the syndrome; different diagnostic models which can be
readily integrated would capitalize on such ambiguity and provide the
greatest value for patients. The continuous output of the AI HFpEF
model added significant value to the information contained in the
existing clinical scores, which is likely due to the improved AI HFpEF
model calibration (beyond that apparent in version 1). However,

whether the continuous or categorical output would be used in clinical
practice has yet to be prospectively evaluated, and exactly howdifferent
models and associated decision thresholds may be combined, and in
what type of patient(s), requires extensive validation. This is important,
particularly considering that the greatest benefit was observed when all
models were utilized for identification of disease and decision-making
processes. This approach is supported by findings in other disease
states such as prediction of atrial fibrillation30 and coronary artery dis-
ease risk31, where the use of AI has been found to be complementary to
clinical information. However, the implementation of AI in a supportive
role for clinical diagnostics is still in its infancy, and requires
prospective testing to understand where and how this integrationmight
provide value.

In practice, patients with undifferentiated dyspnea could be
screened using a clinical score or AI model and, if inconclusive/inter-
mediate, alternativemodels could be applied to identify those that are
truly at lower risk versus those with more uncertainty for which con-
firmatory testing (e.g. stress testing or invasive testing with right heart
catheterization) could be performed. While this strategy requires
prospective testing to evaluate its impact on care patterns and out-
comes, results from this validation study suggest promise of a com-
bined clinical and AI approach to improve upon existing HFpEF risk
stratification, and hopefully reduce the burden of under-recognition in
clinical practice32. A possible strategy for future deployment and
implementation might require an evaluation of the decision making
strategy across multiple clinical models, such that each model capi-
talizes on its strengths, and supports any weaknesses of others.
Though this remains speculative at present, as the AI HFpEF model
requires only a single 4-chamber video clip, it is possible that future
iterations of the model applied to point-of-care ultrasound (POCUS)

Fig. 5 | Kaplan-Meier curve demonstrating time to the composite endpoint by
predicted classification according to the artificial intelligence (AI) heart failure
with preserved ejection fraction (HFpEF)model. Shown are Kaplan-Meier curves
for time (in months) from the index echocardiogram to the composite outcome of

death or heart failure hospitalization according to the AI HFpEF model’s predicted
classification. Red = diagnostic negative, green = intermediate (“non-diagnostic”
due to high uncertainty), and blue = diagnostic positive. Number of individuals in
the risk set at 5-month time intervals is provided below the x-axis.
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images could permit risk stratification at the point of care and rapid
triage and treatment with the goal of slowing disease progression,
providing clarity around the HFpEF diagnosis, and avoiding
hospitalizations.

While including a rigorously phenotyped population with and
without HFpEF, the current study has limitations worth acknowl-
edgement. First, it must be acknowledged that the clinical HFpEF
syndrome has no clear and consistent definition, and a heterogenous
etiology, meaning that not all HFpEF phenotypes and definitions will
be captured in the current study. While the definitions adopted herein
are consistentwith recentHF guidelines33, other patientswhomight be
reasonably associatedwith theHFpEF syndromemight not be adopted
under the current definition; (i) patients in whom current (or prior)
ejection fraction values are below 50%, (ii) left ventricular filling pres-
sure confirmed via alternative methods such as exercise echocardio-
graphy or right heart catheterization, and (iii) patients whomight have
been hospitalized due to HF at different clinical sites, or captured at
different phases of the diagnostic pathway (e.g., POCUS or advanced
HF clinics). Second, categorical outputs from all three models incor-
porate a non-diagnostic, or “intermediate” classification intended to
support further confirmatory testing; direct comparison between
models therefore must consider whether such intermediate classifi-
cations are due to missingness or discordance, whether this would
occur in clinical implementation, and the potential diagnostic infor-
mation theymight contribute. For instance, NT-proBNPwasmissing in
nearly a quarter of patients, reflecting the challenges of guideline
adherence in clinical practice as well as the clinical scores that utilize
such laboratory markers, but could be obtained as required. When
intermediate classifications were considered a relevant element in the
decision-making process, the current study demonstrated superiority
of the AI HFpEF model. However, it must also be acknowledged that
several patients were excluded due to poor image quality. While this
degree of poor image quality is within published norms for
echocardiography34, it nevertheless exerts a greater effect on the AI
HFpEF model compared to multiparametric clinical scores. Third, the
continuous outcome probability of HFpEF from the AI HFpEF model,
similar to the raw score values for the H2FPEF score, may provide
additional information on risk beyond the dichotomized results.
Finally, further training and development are likely required to ensure
that the intended use population(s) are appropriately accounted for,
and model improvements such as calibration in mid-range prob-
abilities are clear areas where improvement would benefit clinical
implementation (e.g., in uncertain populations); extensive retro-
spective and prospective validation will be required to ensure that
such features provide the intended benefit to clinicians and patients.

In this case control study, an AI HFpEF model using deep learning
of a single TTE video clip had higher classification performance than
existing clinical scores, largely owing to high rates of intermediate
classifications from multivariable scores comprised of discordant
clinical parameters. The continuous output of the AI HFpEF model
demonstrated added value to the diagnostic process, but the greatest
benefit was observed when information from existing clinical scores
and AI are integrated into the decision-making process. These results
overall suggest a possible role for a combined clinical and AI approach
towards the recognition of HFpEF, ultimatelywith the goal of reducing
uncertainty in HFpEF diagnosis and ensuring timely and appropriate
treatment for this high-risk population.

Methods
Ethical declaration
The research presented in thismanuscript was reviewed and approved
by the Institutional Review Board at BIDMC (FWA00003245) which
issued a waiver of informed consent given the retrospective nature of
the study and lack of feasibility to recontact all patients, several of
whom have died. Several authors (N.A., C.A.J., R.T., L.B., K.R.) were

involved indata collectionwhich requireduse of patient identifiers (i.e.
medical record number and information on TTE and outcome dates),
but this informationwas stored at BIDMCand transmitted toUltromics
for analysis using unique study identifiers such that no protected
health information was shared externally.

Study population
Individuals who received a TTE between 2018 and 2022 at BIDMC, a
large tertiary care hospital of Harvard Medical School in Boston,
Massachusetts, were considered for inclusion in a retrospective case-
control study. This time window was chosen to reflect contemporary
management of HFpEF and permit abstraction of structured TTE data
on biplane left ventricular ejection fraction (LVEF), not available prior
to 2018. Only an individual’s first TTE during the study window was
considered. All patients were required to have a biplane LVEF ≥ 50% on
the index TTE and have technically evaluable images. The focus on
biplane LVEF was for several reasons: (1) there may be possible dif-
ferences across LVEF techniques35, (2) current American Society of
Echocardiography guidelines advocate for use of biplane LVEF35, and
(3) the criteria for ejection fraction in the development of the AI HFpEF
model used biplane LVEF values17. The study was not pre-registered,
and no protocol was previously published. The study was conducted
and reported according to the Transparent Reporting of a multi-
variable prediction model for Individual Prognosis Or Diagnosis (TRI-
POD-AI) guidance36 (Supplementary Table 20).

Identification of cases and controls
Cases were identified through query of the institutional TTE database
as having grade II-III diastolic dysfunction. Additionally, cases were
required tohave evidenceof recent hospital admission for heart failure
(HF) within a year prior to the index TTE date, as evidenced by a
primary discharge diagnosis of 428.X (under the International Classi-
fication of Diseases, 9th Revision [ICD-9] classification) prior to Octo-
ber 1, 2015 or I50.X (under the International Classification of Diseases,
10th Revision [ICD-10] classification) on or after October 1, 2015.
Controls were similarly identified as having grade I, or no diastolic
dysfunction on TTE, and no evidence of a hospital admission for HF
within one-year prior to and after the index TTE date. Presence or
absence of HF hospitalization was additionally adjudicated and con-
firmed at the time ofmanual chart review, but this informationwas not
used in case or control selection. Among possible cases and controls,
300 cases were randomly selected and exactly matched on age, sex,
and year of index TTE to control subjects (Fig. 1).

Patient characteristics and outcomes
Detailed medical chart review of included patients was performed by
trained analysts (NA, CAJ, RT, LB, KR). Study data were collected and
managed using Castor Electronic Data Capture, a secure, web-based
electronic data capture tool37,38. A detailed list of all demographic,
clinical, echocardiographic, and treatment variables and their defini-
tions is provided in Supplementary Table 21. Echocardiographic vari-
ables were abstracted from TTE reports without re-review of images.
Biplane left ventricular ejection fraction values were not verified by
manual inspection of images, but instead, values from the final study
report (by experienced faculty echocardiographers) were extracted,
and thus reflect the subsequent patient management pathway. Out-
comes included all-cause mortality and HF hospitalization within the
year following the index TTE, with occurrence of an outcome
abstracted bymedical chart review. Patient status (case or control)was
not blinded to analysts during extraction of relevant clinical para-
meters and patient outcomes.

AI HFpEF model
The development and initial validation of the AI HFpEF model (EchoGo
Heart Failure v2, Ultromics Ltd, United Kingdom) has been previously
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described in depth17. Briefly, a three-dimensional (3D) convolutional
neural network (CNN) was developed on apical four chamber images
from TTE videos. All patients had undergone comprehensive TTE at
Mayo Clinic (Rochester, United States of America) or St. Georges Hos-
pital (National Health Service, United Kingdom). For the derivation and
initial validation study, cases were identified according to AHA/ACC/
HFSA guidelines33, as having (i) presence of a relevant ICD9/10 code for
HF within one year of the TTE; (ii) preserved systolic function evidence
by an LVEF ³ 50%; and (iii) documented presence of increased intra-
cardiac LVFP on TTE and were matched on age, sex, and year of TTE to
the controls, similar to the design of the current study33. Multicenter
external validation was conducted at clinical sites within theMayo Clinic
Health System, spanning 4 states, using up-sampling of non-White and
Hispanic populations to improve generalizability of results.

The AI HFpEF model provides a continuous prediction class
probability value between 0 and 1, which was mapped to a binary
negative and positive diagnostic prediction of HFpEF, respectively.
The classification threshold for the output predictions on the valida-
tion dataset was set to 0.5. A third categorical output, “no classifica-
tion”, herein referred to as “intermediate,” is generated based on
model instability and uncertainty, to ensure that unstable and uncer-
tain predictions are not provided to a user (Supplementary Meth-
ods). The term intermediate is used to highlight that important
diagnostic information can still be contained within uncertain pre-
dictions. The same terminology is also used for the multiparametric
clinical scores described below. In the initial derivation study which
included 2,971 cases and 3,785 controls, version 1 of the AI HFpEF
model demonstrated excellent discrimination for both training (area
under the receiver operating characteristic curve [AUROC], 0.97, 95%
CI 0.96–0.97) and validation (0.95, 0.93–0.96) data, which was main-
tained in independent testing (0.91, 0.90–0.93), and identified indivi-
duals at greater risk of mortality17. Changes made in version 2 are
described in detail in the Supplementary Methods.

Multiparametric clinical scores
AI HFpEF model results were compared with two widely used and
previously validated multiparametric clinical scores, the H2FPEF and
HFA-PEFF scores13. The H2FPEF score (Heavy, Hypertensive, Atrial
Fibrillation, Pulmonary Hypertension, Elderly, Filling Pressure) and
HFA-PEFF score (Heart Failure Association Pre-test assessment,
Echocardiographic and Natriuretic Peptide Score, Functional Testing
in Case of Uncertainty, and Final Etiology) were calculated retro-
spectively using data abstracted frommedical chart review, according
to the reference literature (including age-specific cut-offs). Using the
H2FPEF score, patients were categorized as having low (0 or 1), inde-
terminate (i.e., “intermediate”; 2–5), or high probability (6–9) of
HFpEF. Using the HFA-PEFF score, patients were categorized as unli-
kely (0–1), indeterminate (i.e., “intermediate”; 2–4), or probable (5–6)
HFpEF. The continuous probability of HFpEF was calculated for the
H2FPEF score, but was not available for the HFA-PEFF score.

Statistical analysis
Baseline characteristics of included individuals at the time of index
TTEwere summarized usingmean± standarddeviation for continuous
variables (unless otherwise stated) and counts (proportions) for cate-
gorical variables, and compared between cases and controls using
Students t tests and Fisher’s exact tests respectively. The desired
sample size was estimated according to modeling of estimated AI
HFpEF model performance compared with previously identified clin-
ical benchmarks, similar to previously published17, and detailed further
in the Supplementary Methods. Model diagnostic performance
incorporated discrimination, calibration, classification, and clinical
utility. Discrimination was assessed according to AUROC for models
with continuous outputs (AIHFpEFmodel andH2FPEF), and compared
via DeLong test39. Calibration of the models with continuous outputs

was assessed visually according to calibration plots as well as evalua-
tion of the intercept and slope of the flexible calibration curve and
Hosmer-Lemeshow goodness-of-fit tests. Classification performance,
including the sensitivity, specificity, negative predictive value (NPV),
and positive predictive value (PPV) was determined for all models
(Supplementary Table 12). Proportions tests are used for statistical
comparisons between models for classification performance. Pre-
dictive values are reported according to the prevalence in the case-
control design, and thus are expected to be higher than might be
encountered in clinical practice; NPV andPPV are therefore reported at
alternative prevalence(s), according to resampling of the current data,
in Supplementary Fig. 2. Reclassification with application of the AI
model, compared to existing clinical models, was assessed visually via
alluvial plots and compared via a likelihood ratio test, and net reclas-
sification statistics. Clinical utility was assessed using decision curve
analysis18, modeling the standardized net benefit and net reduction in
interventions when using the clinical models, or clinical models in
combination with the AI HFpEF model to make patient management
decisions for a patient suspected of having HFpEF. Key interest was
placed on the comparison of using only the existing clinical models, to
a joint approach (positive by either the AI or clinical model), or con-
ditional approach (positive by one model, or intermediate classifica-
tion by onemodel andpositive by another). Finally, the combinationof
all three models (AI HFpEF, H2FPEF, and HFA-PEFF via logistic regres-
sion), utilizing the most amount of information from the model
(continuous output of AI HFpEF and H2FPEFF Score, categorical out-
put of HFA-PEFF Score) was compared to assess incremental utility.

Prognostic performance was assessed via the association of
model output (categorical and continuous) and patient outcomes.
Kaplan-Meier curves were used to display time to death, HF hospita-
lization, and their composite by predicted classification for both AI
HFpEF, H2FPEF, and HFA-PEFF scores and log-rank statistics com-
puted. Cox proportional hazards models were used to estimate the
unadjusted hazard ratio (HR) and 95% confidence interval (CI) for time
to the outcome, separately according to predicted classes and quar-
tiles of predicted risk according to continuous probabilities. Indivi-
duals not experiencing an outcome were censored at the last known
study date. For the evaluation of HF hospitalization, Fine-Gray meth-
ods were used to account for the competing risk of death40. All ana-
lyses were performed using R version 4.2.3 (R Foundation, Vienna,
Austria) using a two-tailed p value of <0.05 for significance unless
otherwise stated. Bootstrap derived 95% confidence intervals are
provided where appropriate.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data supporting the findings from this study are available within
themanuscript and its supplementary information. Any additional raw
data are available from the corresponding author upon reasonable
request.
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