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Aims Stress echocardiography (SE) is widely used for assessing coronary artery disease, but volumetric chamber analysis during SE 
is limited by time-consuming manual tracings and operator-dependent variability. Automated evaluation may overcome 
these barriers and enhance efficiency.

Methods 
and results

This multi-centre study included 240 participants undergoing pharmacological SE for ischaemic heart disease evaluation 
from five sites in four countries. SE imaging data from apical four-chamber and two-chamber views were acquired during 
rest and stress phases. Expert cardiologists manually traced endocardial borders for left ventricular (LV), left atrial (LA) and 
right ventricular (RV), right atrial (RA) areas, which were compared to machine learning (ML) derived measurements. Image 
quality was categorized as optimal, good, fair, or poor, and its influence on ML performance was analysed. Statistical methods 
included Intraclass Correlation Coefficients (ICCs), Bland–Altman testing, and within-patient coefficient of variation. The 
yield of the ML algorithm demonstrated consistency across rest and stress phases. It demonstrated strong agreement 
with cardiologists for LV and LA volumes, with ICCs ranging from 0.84 to 0.93 across rest and stress conditions. RA and 
RV areas measurements showed moderate correlations, with better agreement at rest than during stress phases. Image 
quality significantly influenced ML performance, as poor-quality images reduced diagnostic yield.
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Conclusion AI-driven volumetric analysis is a reliable method for quantifying left-sided heart chambers during pharmacological SE, with 
results closely matching expert measurements. Moderate reliability for right-sided chambers highlights the need for high- 
quality imaging and standardized protocols. AI integration may streamline SE workflows and support improved clinical de
cision-making.
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Introduction
Coronary artery disease (CAD) remains one of the leading causes of dis
ability and premature mortality worldwide, accounting for 30–40% of all 
cardiovascular deaths.1,2 Early identification of high-risk patients and time
ly diagnosis are essential for improving outcomes through preventive or 
interventional strategies. Stress echocardiography (SE) is a widely utilized 
non-invasive imaging technique for evaluating suspected CAD.3 SE can 
provoke ischaemia in myocardial regions with insufficient blood supply 
due to flow-limiting coronary artery stenosis, with the mechanisms of in
creased myocardial oxygen demand (exercise or dobutamine) or reduced 
myocardial oxygen supply through steal phenomena (vasodilators).4 This 
leads to regional wall motion abnormalities (RWMAs), a highly sensitive 
and specific indicator of obstructive CAD.5–7 Furthermore, SE enables 
the assessment of various haemodynamic and functional parameters 
that change dynamically during stress, providing additional diagnostic 
and prognostic insights.8,9

According to the 2024 ESC Guidelines for the Management of 
Chronic Coronary Syndromes, SE is advised for patients with a moderate 
to high pre-test probability (15–85%) of obstructive CAD.3 However, 

recent studies suggest that incorporating additional echocardiographic 
parameters, such as left ventricular ejection fraction (LVEF), global longi
tudinal strain (GLS), and left atrial volume (LAV), along with other func
tional and hemodynamic measures, could provide valuable prognostic 
information for detecting CAD and identification of functional vulnerabil
ities beyond CAD.10 Reflecting these findings, multi-parametric SE pro
tocols, such as the ABCDE-SE protocol, have emerged, integrating a 
spectrum of parameters beyond RWMA, such as pulmonary congestion 
(B-lines), coronary flow velocity reserve (CFVR), left ventricular con
tractile reserve, heart rate reserve, LAV, and GLS.8,10–13

Despite its diagnostic advantages, SE remains operator-dependent and 
time-consuming, limiting reproducibility and efficiency.3,14 In particular, 
the measurement by hand of planimetric areas is required to derive 
LAV, LV end-diastolic volume (EDV), and end-systolic volumes (ESV). 
EDV is needed to assess the pre-load reserve, the ESV for contractile re
serve, and LAV for assessing diastolic function during stress.15 However, 
these measurements typically require several minutes to perform, often 
exceeding 5–10 min in routine practice, and are subject to intra- and in
terobserver variability. An operator-independent approach would im
prove the workflow and increase the accuracy of these important 
measurements of recognized clinical and prognostic importance.15
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Artificial intelligence (AI) has emerged as a promising solution to address 
these challenges. Convolutional neural networks (CNNs) have demon
strated significant potential in echocardiography. CNNs can perform tasks 
such as volumetric chamber analysis, LVEF and GLS quantification and 
even RWMA detection.16–18 Recent advancements have enabled AI solu
tions to identify RWMAs in transthoracic echocardiography, achieving a 
diagnostic accuracy comparable to expert consensus assessments.17,19

These capabilities not only reduce operator bias but also streamline work
flows by automating time-consuming processes. While the application of 
AI in SE is still in early stages, it holds promise for improving diagnostic pre
cision and enabling wider adoption of multi-parametric SE.

This study aimed to evaluate the validity and reliability of an auto
mated machine learning (ML) system for volumetric assessment of 
heart chambers during pharmacological SE and to compare its perform
ance with that of expert cardiologists. Additionally, the study aimed to 
investigate the impact of varying echocardiographic image quality on the 
ML system’s performance in quantifying heart volumes.

Methods
The multi-centre study enrolled 240 participants who underwent pharma
cological SE testing between 1 November 2023 and 21 June 2024 across 
five accredited centres, which participated in the Stress Echo 2030 trial. 
The study duration refers to the overall multi-centre enrolment window. 
At each participating centre, inclusion was limited to shorter pre-defined 
periods (up to 1 month per centre). Patients were enrolled consecutively 
at each centre according to the Stress Echo 2030 inclusion protocol. 
Inclusion criteria included patients with clinical indications for pharmaco
logical SE to evaluate inducible ischaemia in known or suspected ischaemic 
heart disease. Exclusion criteria were participants with a poor acoustic win
dow at rest, clinically significant valvular or congenital heart disease, and 
prognostically relevant non-cardiac diseases such as advanced cancer, end- 
stage renal disease, or severe obstructive pulmonary disease.

Pharmacological SE was performed using commercially available ultra
sound machines. In total, 228 patients (95%) underwent dipyridamole SE, 
while 12 patients (5%) underwent dobutamine SE. No exercise protocols 
were performed. Contrast echocardiography was not used in any patient; 
all analyses were performed on native images. The test was terminated ac
cording to the guidelines criteria.9

The imaging data were acquired in DICOM format and anonymized for 
subsequent analysis. Then, an expert cardiologist trained in SE reviewed 
the studies, selecting apical four-chamber (4Ch) and two-chamber (2Ch) 
view images during stress and rest phases. The cardiologists identified and 
marked end-systolic (ES) and end-diastolic (ED) frames. Then they traced 
the endocardial borders for the left atrium (LA) and the right atrium (RA) 
in end-systole, for the left ventricle (LV) and the right ventricle (RV) in end- 
systole and end-diastole. More detailed methodology of the measurements is 
available in the Supplementary material online, Supplement data.

The same ED and ES frames of the duplicate images were then processed 
by an ML algorithm trained on a separate set of images. Each evaluator (car
diologist and ML algorithm) was blinded to each other’s measurements. All 
tracings and automated measurements were performed using the same 
software. The ML algorithm was trained on an independent, third-party 
multi-centre dataset that included 21 539 patient studies with 24 632 la
belled apical four- and two-chamber echocardiographic images from cen
tres in Germany, France, Lithuania, and the USA. None of the patients 
from the present study cohort were included in the training dataset, ensur
ing external validation.

The study protocol was reviewed and approved by the institutional eth
ics committees in its latest versions as a part of the more comprehensive SE 
2030 study 291/294/295 Comitato Etico Lazio-1, 8 March 2021; https:// 
clinicaltrials.gov/ Identifier NCT NCT050.81115. All patients gave their in
formed consent to enter the study.

Image quality assessment
The duplicate dataset was created for image quality assessment. Following 
the European Association of Cardiovascular Imaging (EACVI) guidelines,20

image quality was categorized into one of four levels: optimal, good, fair, 

or poor (Figure 1). An expert cardiologist, blinded to the measurements, 
evaluated the quality of all visible cardiac chambers (LV, RV, LA, and RA) 
in the previously selected ES and ED frames. The cardiologist’s task 
was solely to assess image quality based on the pre-marked frames. 
Subsequently, an expert cardiologist, blinded to the previous measure
ments, assessed the image quality of LA and LV. The image quality for 
each chamber in the ES or ED frame was categorized into one of four 
grades: optimal, good, fair, or poor.

Statistical analysis
Data analysis involved descriptive statistics to summarize participant char
acteristics and paired t-tests or Wilcoxon signed-rank tests to compare 
continuous variables between rest and stress phases, with statistical signifi
cance set at P < 0.05. Some clinical variables had missing entries; therefore, 
percentages were calculated per available characteristic.

The secondary parameter for evaluation is the Intraclass Correlation 
Coefficient (ICC) using a two-way mixed model with fixed raters. The 
ICC will quantify the degree of agreement between the device’s measure
ments and those of the human raters. The Within-Patient Coefficient of 
Variation will be used to evaluate the variability of measurements within in
dividual patients.

Furthermore, Bland–Altman testing will be conducted to assess the presence 
of bias and determine the limits of agreement. This testing will facilitate the iden
tification of systematic differences (bias) and provide an overall assessment of 
the agreement between the Ligence Heart device and the human raters. It 
will also establish the range within which most differences are likely to occur, 
thus offering a comprehensive evaluation of the device’s performance.

Results
The study enrolled 240 patients from five different centres. One hun
dred and thirty nine (57) of the patients were male, the average age was 
68 years. All patients had a sinus rhythm. The main indication for 
pharmacological SE was the suspicion of ischaemic heart disease. The 
main characteristics of the study patients are summarized in Table 1.

Yield
The yield of the ML algorithm was consistent across both rest and stress 
phases. The highest yield was observed for LVEDV4A and LVEDV2A, 
with 98% and 94% at rest and 95% during stress (Table 2). Other mea
surements, including LV systolic volumes (LVESV4A and LVESV2A) 
and RVEDA, also showed high yields ranging from 83% to 93%. 
However, yields for measurements like RVESA, LAV4A, LAV2A, and 
RAA were lower, ranging from 75% to 83%.

Measurement agreement between 
cardiologists and ML
We compared chamber measurements performed by expert cardiolo
gists and AI. The results demonstrated strong agreement between hu
man and AI measurements for LV volumes in both rest and stress 
phases, as observed in apical four-chamber view (LVEDV4 and 
LVESV4) and apical two-chamber view (LVEDV2 and LVESV2), with 
correlation coefficient ranging between 0.92–0.95 and 0.89–0.91, re
spectively. However, there were slight positive biases (Table 3), suggest
ing a tendency for AI to underestimate LV volumes (except LVESV4) 
compared with human raters.

The measurements of LVEF demonstrated moderate agreement be
tween the cardiologists and AI in both the rest and stress phases. 
Figure 2 shows scatter and Bland–Altman plots for LVEF derived 
from apical four chamber and two chamber views at rest and stress. 
The ICCs ranged from 0.69 to 0.77 and 0.6–0.72. respectively, indicat
ing moderate agreement.

Left atrial volume measurements (LAV4 and LAV2) showed high ICC 
values (>0.95), indicating excellent agreement between AI and human 
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measurements. Additionally, the bias approached negligible levels, with 
root mean square error (RMSE) values ranging between 4 and 7 imply
ing minimal deviation or discrepancy between the AI and human 
measurements.

Our findings indicated good agreement in the right atrial area (RAA) 
measurements in the rest phase but moderate in the stress phase, ICC 
0.81 and 0.69. respectively. Additionally, a moderate agreement was 
found between the cardiologists and AI for RV area measurements 
(RVEDA and RVESA), with a higher agreement in rest and lower agree
ment in stress phases; ICCs ranged between 0.59–0.74 and 0.52–0.62, 
respectively.

However, the assessment of fractional area change (FAC) indicated 
low agreement between human and AI measurements, with ICCs of 

Figure 1 Quality grades of left ventricle apical four-chamber view: (A) poor, (B) fair, (C ) good, (D) optimal.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 1 Clinical characteristics of patients

Characteristics Value

Age (years)a 67.5 ± 10.4

Sex, male, n (%) 139 (57)

Height (m) 166 (13)
Weight (kg) 76 (17)

BMIa 27.8 ± 4.2

BSAa (m2) 1.89 ± 0.19
Dyslipidaemia, n (%) 159 (65.2)

Diabetes mellitus, n (%) 68 (27.9)

Ischaemic heart disease, n (%) 77 (31.6)
Previous MI, n (%) 60 (24.6)

Hypertension, n (%) 177 (72.5)

Percentages are calculated based on available data for each variable; not all variables 
were available for all patients.
aMean ± SD.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 2 Comparison of measurement yields between 
cardiologist and machine learning in stress 
echocardiography

Measurement Stress phase n, human n, ML Yield, %

LVEDV4A Rest 235 230 98

Stress 226 214 95

LVESV4A Rest 234 209 89
Stress 221 206 93

LVEDV2A Rest 230 216 94
Stress 225 214 95

LVESV2A Rest 234 199 85

Stress 222 185 83
LAV4A Rest 185 146 79

Stress 176 142 81

LAV2A Rest 175 145 83
Stress 168 126 75

RVEDA Rest 176 153 87

Stress 174 156 90
RVESA Rest 179 140 78

Stress 170 131 77

RAA Rest 174 144 83
Stress 174 136 78

LVEDV, left ventricular end-diastolic volume; LVESV, left ventricular end-systolic 
volume; LAV, left atrial volume; RAA, right atrial area; RVEDA, right ventricular 
end-diastolic area; RVESA, right ventricular end-systolic area.
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Table 3 Agreement and Bland–Altman bias between cardiologist and machine learning in stress echocardiography

Measurement Stress phase Pearson R ICC Bias LOA MAE RMSE

LVEDV4A Rest 0.9 0.89 8.15 ±31.81 13.48 18.16

Stress 0.84 0.83 7.62 ±38.08 15.4 20.87

LVESV4A Rest 0.86 0.84 −0.1 ±25.62 9.3 13.07
Stress 0.87 0.86 −0.85 ±25.01 9.25 12.79

LVEDV2A Rest 0.85 0.84 7.97 ±39.7 15.55 21.76

Stress 0.84 0.83 7.29 ±38.7 16.18 21.04
LVESV2A Rest 0.88 0.87 1.34 ±22.8 8.04 11.71

Stress 0.85 0.83 0.42 ±23.59 8.56 12.04

LAV4A Rest 0.93 0.93 3.35 ±17.86 7.11 9.71
Stress 0.93 0.93 0.97 ±15.8 6.07 8.12

LAV2A Rest 0.85 0.83 3.73 ±26.24 9.52 13.9

Stress 0.88 0.88 3.73 ±19.6 8.09 10.67
RAA Rest 0.72 0.71 −0.15 ±6.11 2.15 3.12

Stress 0.56 0.56 0.19 ±7.15 2.45 3.65

RVEDA Rest 0.71 0.71 1.56 ±7.73 3.11 4.24
Stress 0.58 0.57 1.32 ±8.75 3.17 4.65

RVESA Rest 0.6 0.6 1.05 ±5.45 2.18 2.97

Stress 0.52 0.52 1.54 ±6.13 2.52 3.48

ICC, intraclass correlation coefficient; LOA, limits of agreement; MAE, mean absolute error; RMSE, root mean square error.

Figure 2 Agreement between machine learning and cardiologist derived left ventricular ejection fraction.
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0.27 in the rest phase and 0.33 in the stress phase. Furthermore, a not
able negative bias was observed, indicating a tendency for AI to over
estimate FAC.

Agreement between cardiologists and ML within 
different centres
We performed the analysis on the whole cohort and then separately on 
the data of each centre. The agreement between AI and cardiologists 
was consistent across the five centres, with Center 3 showing the 
strongest agreement (see Supplementary material online, Supplement 
data, Tables S1–S5). Rest-phase agreement was higher overall, while 

stress conditions led to a modest decline, particularly for right-sided 
parameters.

Image quality
We evaluated the image quality of each chamber within the frame, in 
which measurements were performed, into four quality categories: op
timal, good, fair, or poor. Although during the stress phase quality of the 
images tended to decrease, the differences were not statistically signifi
cant (P > 0.05) (Table 4). However, we observed that the left heart 
chambers were more frequently rated as good or optimal compared 
with the right heart chambers. Specifically, 84% of LV images and 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 4 Impact of image quality on measurement yields between cardiologist and machine learning in stress 
echocardiography

Measurement Image quality Rest phase Stress phase

Human, N ML, N Yield Human, N ML, N Yield

LVEDV4A Poor 1 0 — 4 1 —
Fair 37 35 94.6 47 41 87.2

Good 96 95 98.9 94 92 97.9

Optimal 99 99 100 80 79 98.8
LVESV4A Poor 6 0 — 12 9 75

Fair 38 27 71.1 49 43 87.8

Good 91 86 94.5 80 75 93.8
Optimal 99 96 97 80 79 98.8

LVEDV2A Poor 11 5 45.5 15 12 80

Fair 86 78 90.7 82 77 93.9
Good 82 82 100 77 74 96.1

Optimal 51 51 100 51 51 100

LVESV2A Poor 8 4 50 16 6 37.5
Fair 63 44 69.8 66 51 77.3

Good 83 76 91.6 76 69 90.8

Optimal 80 75 93.8 64 59 92.2
LAV4A Poor 4 2 — 7 0 —

Fair 28 15 53.6 28 18 64.3

Good 64 47 73.4 54 46 85.2
Optimal 83 81 97.6 80 78 97.5

LAV2A Poor 4 2 — 7 1 —

Fair 49 37 75.5 59 36 61
Good 61 56 91.8 46 42 91.3

Optimal 54 48 88.9 51 47 92.2

RAA Poor 35 18 51.4 32 10 31.3
Fair 68 58 85.3 76 64 84.2

Good 36 36 100 30 29 96.7

Optimal 33 32 97 28 28 100
RVEDA Poor 26 15 57.7 32 23 71.9

Fair 63 57 90.5 52 48 92.3
Good 42 41 97.6 42 42 100

Optimal 13 13 100 10 10 100

RVESA Poor 57 30 52.6 60 36 60
Fair 54 47 87 59 47 79.7

Good 39 37 94.9 29 29 100

Optimal 11 11 100 7 7 100

LVEDV, left ventricular end-diastolic volume; LVESV, left ventricular end-systolic volume; LAV, left atrial volume; RAA, right atrial area; RVEDA, right ventricular end-diastolic area; RVESA, 
right ventricular end-systolic area.
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54% of LA images achieved good or optimal ratings, whereas only 38% 
of RV images and 35% of RA images reached these quality levels. In 
some patients, individual chamber measurements could not be ob
tained due to insufficient image quality in the selected views, even 
though the patients were included in the overall cohort.

Yield depending on the quality
The study results varied depending on the quality of the images. The 
lowest yield was observed for LV measurements in poor-quality images 
(45.5–57.7% at rest and 37.5–80% at stress). Right-sided chambers 
showed somewhat different yield patterns, as detailed in Table 4. As im
age quality improved, the results also improved, with the highest yield 
obtained from optimal images, reaching above 89% for all 

measurements and even reaching 100% in measurements such as 
LVEDV4A, LVEDV2A, RAA, RVEDA, RVESA. This trend was consist
ent in both stress test phases.

Agreement between cardiologists and ML within 
image quality groups
We compared the agreement between ML and cardiologists in assessing 
image quality (Table 5). Our analysis showed that there was higher accur
acy and less variability in measurements for images rated as good or op
timal quality compared with those rated as poor or fair. Specifically, when 
looking at left heart volume measurements, there was excellent agree
ment between ML and cardiologists for images of optimal and good 

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Table 5 Agreement between cardiologists and machine learning within image quality groups

Measurement Image quality Rest phase Stress phase

N r ICC Bias LOA MAE RMSE N r ICC Bias LOA MAE RMSE

LVEDV4A Poor 0 — — — — — — 1 — — — — — —

Fair 35 0.91 0.91 10.8 ±38.1 16.6 22.2 41 0.83 0.82 6.8 ±53.6 20.9 28.2
Good 95 0.91 0.89 6.0 ±30.6 12.0 16.7 92 0.85 0.83 6.7 ±38.4 15.6 20.7

Optimal 99 0.88 0.86 9.6 ±29.6 13.7 17.9 79 0.84 0.84 9.1 ±26.5 12.5 16.3

LVESV4A Poor 0 — — — — — — 9 0.79 0.79 −4.2 ±23.3 9.2 12.6
Fair 27 0.80 0.78 −5.7 ±30.3 11.7 16.5 43 0.92 0.90 0.6 ±31.6 11.8 16.1

Good 86 0.88 0.87 −0.5 ±23.6 8.9 12.0 75 0.84 0.83 −2.1 ±24.9 9.3 12.9

Optimal 96 0.87 0.83 1.8 ±24.0 8.9 12.9 79 0.84 0.84 −0.1 ±20.5 7.8 10.5
LVEDV2A Poor 5 0.66 0.64 −7.7 ±50.0 22.0 26.6 12 0.67 0.67 9.1 ±46.2 20.2 25.3

Fair 78 0.87 0.85 7.1 ±41.8 15.6 22.5 77 0.86 0.85 5.1 ±44.3 17.7 23.2

Good 82 0.85 0.85 6.0 ±35.1 14.5 18.9 74 0.84 0.83 8.5 ±33.9 15.3 19.3
Optimal 51 0.92 0.82 14.1 ±38.8 16.6 24.3 51 0.80 0.78 8.4 ±33.3 14.2 19.0

LVESV2A Poor 4 0.76 0.65 −12.4 ±20.4 13.0 16.2 6 0.65 0.61 −14.1 ±24.8 14.4 19.0

Fair 44 0.78 0.74 −0.1 ±30.8 9.2 15.7 51 0.88 0.85 −1.0 ±29.0 11.2 14.8
Good 76 0.92 0.92 1.0 ±20.1 7.9 10.3 69 0.88 0.87 0.7 ±18.4 6.9 9.4

Optimal 75 0.92 0.89 3.3 ±18.3 7.2 9.9 59 0.81 0.76 2.8 ±21.3 7.7 11.2

LAV4A Poor 2 — — — — — — 0 — — — — — —
Fair 15 0.76 0.75 4.6 ±22.9 8.9 12.6 18 0.97 0.96 1.1 ±11.6 5.1 6.0

Good 47 0.96 0.96 3.6 ±16.0 7.0 8.9 46 0.91 0.91 0.2 ±20.8 7.7 10.6

Optimal 81 0.92 0.92 2.4 ±16.3 6.4 8.7 78 0.93 0.93 1.4 ±12.9 5.3 6.7
LAV2A Poor 2 — — — — — — 1 — — — — — —

Fair 37 0.83 0.82 2.7 ±28.5 10.6 14.8 36 0.86 0.86 2.2 ±23.7 9.4 12.3

Good 56 0.88 0.86 2.8 ±23.0 9.2 12.1 42 0.90 0.89 3.9 ±16.3 6.9 9.2
Optimal 48 0.86 0.84 3.8 ±17.9 7.5 9.9 47 0.90 0.90 5.1 ±18.0 8.1 10.5

RAA Poor 18 0.27 0.25 1.4 ±11.3 4.9 6.0 10 0.37 0.37 4.8 ±11.8 5.9 7.7

Fair 58 0.72 0.72 −0.1 ±6.1 2.2 3.1 64 0.50 0.50 0.3 ±7.6 2.8 3.9
Good 36 0.91 0.91 −0.3 ±3.4 1.4 1.8 29 0.69 0.68 −0.4 ±4.6 1.9 2.4

Optimal 32 0.92 0.91 −0.9 ±3.0 1.4 1.8 28 0.95 0.95 −1.2 ±2.3 1.3 1.7

RVEDA Poor 15 0.04 0.04 3.4 ±10.7 4.2 6.4 23 0.47 0.46 4.9 ±13 5.8 8.2
Fair 57 0.76 0.75 1.9 ±7.9 3.5 4.5 48 0.52 0.50 1.7 ±8.1 3.2 4.5

Good 41 0.80 0.80 0.7 ±5.3 2.2 2.8 42 0.88 0.88 0.4 ±4.8 2.0 2.5

Optimal 13 0.73 0.72 0.8 ±6.6 2.6 3.5 10 0.63 0.63 −0.1 ±7.1 3.0 3.6
RVESA Poor 30 0.37 0.37 2.1 ±5.2 2.5 3.3 36 0.55 0.55 2.8 ±7.1 3.4 4.6

Fair 47 0.62 0.60 1.0 ±5.4 2.4 3.0 47 0.39 0.38 1.5 ±5.8 2.3 3.3

Good 37 0.68 0.66 0.2 ±5.3 1.7 2.7 29 0.66 0.66 0.3 ±4.8 1.9 2.5
Optimal 11 0.94 0.94 0.8 ±2.0 1.1 1.3 7 0.89 0.66 0.4 ±2.2 1.0 1.2

LVEDV, left ventricular end-diastolic volume; LVESV, left ventricular end-systolic volume; LAV, left atrial volume; RAA, right atrial area; RVEDA, right ventricular end-diastolic area; RVESA, 
right ventricular end-systolic area; ICC, intraclass correlation coefficient; LOA, limits of agreement; MAE, mean absolute error; RMSE, root mean square error.
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quality, with ICC ranging from 0.91 to 1.00. For right heart measure
ments, there was higher variability, but still good to excellent agreement 
(ICC ranged from 0.72 to 0.97). On the other hand, measurements in 
poor or fair quality images showed lower agreement compared with 
good or optimal quality images, but still fell within the good to excellent 
range (ICC ranged from 0.83 to 0.96). It is worth noting that right heart 
measurements in poor or fair quality images showed moderate agree
ment (ICC ranged from 0.45 to 0.71), indicating more significant variabil
ity. This pattern was consistent across both rest and stress phases.

Furthermore, we found that the impact of image quality on measure
ment accuracy was more noticeable for right heart measurements 
compared with left heart measurements. This was evident in a two- 
to three-fold lower measurement error and at least a two-fold reduc
tion in variability range (lower and upper limits of agreement) in good 
and optimal quality images compared with poor or fair images.

Discussion
This study represents one of the first multi-centre trials evaluating the 
performance of an AI-based ML system for volumetric assessment of 
heart chambers during pharmacological SE. By including data from 
five centres, our findings demonstrated that AI-enabled volumetric ana
lysis achieves high reproducibility of AI vs. expert cardiologists’ mea
surements, particularly for LV and LA volumes. The study highlights 
AI’s ability to automate chamber quantification during pharmacological 
SE, providing a potential pathway for addressing current challenges as
sociated with traditional SE practices.

Volumetric assessment of heart chambers during SE is gaining recog
nition as a valuable tool, complementing existing diagnostic algorithms. 
By capturing changes in LV and LA volumes, SE can provide detailed in
sights into global systolic and diastolic function.10,11 Elevated LV vo
lumes under stress may indicate impaired contractile reserve, while 
increased LA volumes are markers of chronically elevated filling pres
sures, often associated with diastolic dysfunction and adverse out
comes.10,21 Despite its potential applications of AI-driven volumetric 
analysis in pharmacological SE remain limited. Previous trials have de
monstrated the feasibility of CNNs for volumetric analysis in resting 
echocardiography. Zhang et al. introduced a fully automated system 
for the precise measurement of LV and LA volumes, representing a sig
nificant advancement in cardiac imaging automation.18 Tromp et al. 
conducted multiple studies, showing strong correlations and yields ex
ceeding 87% for LV and LA volumetric measurements, findings consist
ent with the robust agreement observed in our study across rest and 
stress phases.22,23 Another study focusing on STEMI patients intro
duced an AI-based system for evaluating LV volumes, GLS, and LAV, 
demonstrating strong agreement with manual measurements, with cor
relations ranging from 0.81 to 0.92.24 Myhre et al. demonstrated that 
AI-derived measurements of LV volumes and LAV significantly reduced 
inter-operator variability while maintaining performance comparable to 
human operators, with correlation coefficients of 0.89 for LVEDV and 
0.92 for LVESV.25 Similarly, our study confirmed high agreement for LV 
volumes and LAV, highlighting AI’s reliability across both rest and stress 
phases. While prior volumetric studies have primarily focused on rest
ing echocardiography, our findings emphasize the complexities and ad
vantages of assessing these metrics under stress conditions. Maintaining 
high image quality during stress is crucial, as it ensures that volumetric 
measurements remain reliable and accurate, comparable with the pre
cision achieved under resting conditions. While ICCs indicated excel
lent agreement, LOA analysis revealed that in some instances 
discrepancies between AI and human LV volume measurements ex
ceeded 35 mL. Such differences may have clinical relevance, especially 
when assessing borderline values for decision-making. Even though AI 
showed strong agreement with humans for LV volumes, LVEF demon
strated only moderate agreement. This discrepancy likely reflects error 

reproduction, as LVEF is a derived parameter highly sensitive to small 
differences in EDV and ESV. Even minimal tracing variability can dispro
portionately affect LVEF. This underscores the importance of expert 
oversight in unclear cases.

Despite its diagnostic potential, the evaluation of RV and RA volumes 
during SE remains underexplored, primarily due to the inherent com
plexities of right heart imaging. Intricate geometry and anatomical 
positioning of RV present challenges for accurate assessment.26

However, right heart function during SE is increasingly recognized as 
a critical component in assessing cardiovascular conditions, including 
pulmonary hypertension and advanced CAD, often involving right cor
onary artery damage. Our study observed moderate to good agree
ment for RA and RV area measurements during pharmacological SE, 
with higher agreement at rest compared to stress conditions, especially 
as image quality declines under stress. In a study focusing on paediatric 
patients, AI-derived measurements of FAC showed moderate correla
tions with cardiologists’ assessments, which aligns with the ongoing 
challenges observed in our trial, where lower agreement was noted 
during both phases.27 RA area measurements in Tromp et al.’s study 
showed slightly better outcomes, with strong correlations and yields 
exceeding 90% under resting conditions.23 In comparison, our findings 
demonstrated moderate correlations, with yields at 83% at rest and de
clining to 78% during stress. This discrepancy can be attributed to 
Tromp et al.’s exclusion of low-quality images and differences in patient 
positioning during SE, which likely contributed to their stronger 
performance.

Challenges in SE include operator dependence, poor acoustic win
dows, suboptimal image quality, and time-consuming workflows. 
Olaisen et al. showed that real-time AI integration in resting echocardi
ography could reduce acquisition and processing times by up to 77%, 
streamlining workflows without compromising accuracy.28 Moreover, 
Mor-Avi et al. reported that novice operators using AI-assisted systems 
were able to acquire diagnostic-quality images comparable to expert 
sonographers, suggesting AI’s potential to reduce reliance on specia
lized SE expertise.29 Additionally, poor image quality is linked to higher 
variability and lower diagnostic accuracy. Our study, similar to others in 
the field, emphasized the influence of suboptimal and poor image qual
ity on diagnostic yield and concordance with experts.30 Notably, our 
findings revealed more significant variations with changes in image qual
ity, prompting questions about whether these differences arise from 
variations in baseline image quality or the use of more advanced neural 
networks in other studies. Interestingly, optimal image quality did not 
consistently enhance accuracy, possibly due to training datasets being 
predominantly composed of good and fair-quality images. The high 
prevalence of good/optimal LV images in our dataset partly reflects ex
pert frame selection, which may not fully mirror real-world practice 
where fair image quality is frequent. This could have positively influ
enced AI performance. Developing AI algorithms to handle suboptimal 
imaging conditions remains a critical area for future research.

AI applications in CAD detection using SE have shown promising re
sults in recent trials, particularly in disease detection and risk predic
tion.31 Upton et al. demonstrated that AI models significantly 
increased inter-reader agreement as well as sensitivity for detection 
of disease by 10%, compared to traditional SE interpretations.4

Similarly, O’Driscoll et al. reported that AI-derived peak LVEF and 
GLS significantly enhanced CAD detection when combined with trad
itional wall motion scoring.32 The PROTEUS trial, though not meeting 
non-inferiority criteria against expert assessments, indicated AI’s po
tential utility in low-volume centres with limited expertise.32,33 These 
findings highlight the potential of AI-driven SE to enhance diagnostic 
workflows, especially in resource-limited settings.

Our findings demonstrate that AI-based volumetric quantification 
during pharmacological SE is ready for clinical implementation, provid
ing reliable measurements that closely match expert interpretation. 
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The next step should be the application of this technology to exercise 
SE, which represents the guideline-recommended first-line modality 
due to its physiological relevance and superior prognostic value. 
Given the additional technical challenges of exercise testing, including 
motion artefacts and accelerated heart rates, validating AI performance 
in this setting will be essential for ensuring broader clinical adoption.

Limitations
The limitations of our study should be acknowledged. First, although 
the multi-centre design enhances generalizability, the sample size re
mains limited, and further studies with larger cohorts are needed to val
idate these findings. Second, AI analysis was limited to image frames 
selected by human experts, which may have introduced bias and over
estimated the agreement between AI and human measurements. 
Real-world validation with video-based AI analysis is essential for evalu
ating the feasibility of fully automated pharmacological SE workflows. 
Third, each study was analysed by a single rater, and results might differ 
if multiple raters were involved. However, all raters were experienced, 
certified, and underwent additional training, ensuring consistency 
across centres. In majority of cases, we used dipyridamole, but it is 
the one recommended to combine RWMA and CFVR assessment, 
and by far the stress with less degradation of image quality, due to lim
ited tachycardia and lack of hyperventilation and excessive chest wall 
movement.34–36

Finally, this study focused exclusively on volumetric parameters, ex
cluding potentially valuable metrics such as GLS and coronary flow re
serve, which have shown promise in CAD diagnosis. Future studies 
should explore integrating these parameters into AI-based SE analysis.

Conclusions
This multi-centre study demonstrated the strong potential of ML for 
automated volumetric evaluation during pharmacological SE, achieving 
high yields and strong correlations with expert cardiologists’ measure
ments for LV volumes, LVEF, and atrial areas. While the CNNs 
performed well for most parameters, their accuracy for certain right- 
sided measurements and FAC was more limited. These findings under
score the promise of ML to enhance diagnostic workflows and support 
clinical decision-making in SE.
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