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Aims Left ventricular ejection fraction (LVEF) calculation by echocardiography is pivotal in evaluating cancer patients’ cardiac func
tion. Artificial intelligence (AI) can facilitate the acquisition of optimal images and automated LVEF (autoEF) calculation. We 
sought to evaluate the feasibility and accuracy of LVEF calculation by oncology staff using an AI-enabled handheld ultrasound 
device (HUD).

Methods and 
results

We studied 115 patients referred for echocardiographic LVEF estimation. All patients were scanned by a cardiologist using 
standard echocardiography (SE), and biplane Simpson’s LVEF was the reference standard. Hands-on training using the Kosmos 
HUD was provided to the oncology staff before the study. Each patient was scanned by a cardiologist, a senior oncologist, an 
oncology resident, and a nurse using the TRIO AI and KOSMOS EF deep learning algorithms to obtain autoEF. The correlation 
between autoEF and SE–ejection fraction (EF) was excellent for the cardiologist (r = 0.90), the junior oncologist (r = 0.82), and 
the nurse (r = 0.84), and good for the senior oncologist (r = 0.79). The Bland–Altman analysis showed a small underestimation 
by autoEF compared with SE–EF. Detection of impaired LVEF < 50% was feasible with a sensitivity of 95% and specificity of 
94% for the cardiologist; sensitivity of 86% and specificity of 93% for the senior oncologist; sensitivity of 95% and specificity of 
91% for the junior oncologist; and sensitivity of 94% and specificity of 87% for the nurse.

Conclusion Automated LVEF calculation by oncology staff was feasible using AI-enabled HUD in a selected patient population. 
Detection of LVEF < 50% was possible with good accuracy. These findings show the potential to expedite the clinical work
flow of cancer patients and speed up a referral when necessary.
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Graphical Abstract

Diagnostic accuracy for impaired LVEF detection by oncology staff in chemotherapy patients using an AI-enabled handheld echocardiography device. AI, 
artificial intelligence; LVEF, left ventricular ejection fraction.

Keywords Artificial intelligence • Left ventricular ejection fraction • Point of care • Echocardiography • Cardio-oncology

Introduction
Population ageing has led to a sustained increase in the incidence of can
cer, estimated to reach 23.6 million patients per year globally by 2030.1

Advances in early detection and treatment have resulted in a significant 
improvement in cancer-specific survival.2 With prolonged survival, can
cer survivors are increasingly subject to late cardiovascular disease re
lated to cardiotoxic cancer therapies compounded by the effect of 
age-related cardiovascular risk factors.3 It is well accepted that most 
cancer survivors have a higher cardiovascular disease risk than non- 
cancer controls.4

Early recognition of cancer therapy-related cardiac dysfunction 
(CTRCD) provides an opportunity to mitigate cardiac injury and the 
risk of developing late cardiac events.5 Transthoracic echocardiography 
is the cornerstone for the detection and surveillance of CTRCD and is 
the most widely used technique in clinical practice because of its availabil
ity, feasibility, and cost-effectiveness.6 Although far from perfect, the cal
culation of left ventricular ejection fraction (LVEF) is the most widely 
used index of left ventricular (LV) systolic function in clinical practice 
and is thus pivotal in detecting CTRCD.7 Oncologist referrals of patients 
for the estimation of LVEF pre- and post-chemotherapy have increased 
during the last decades demanding a significant amount of time and 

resources from echocardiography laboratories.8 Additionally, increased 
waiting times for service deliverance can lead to treatment delays with 
potential negative effects on expected outcomes for cancer patients.

Technological advancements over the past two decades have en
abled the development of miniaturized handheld ultrasound devices 
(HUDs) that are compact and battery-operated and can provide echo
cardiographic images at the point of care with diagnostic image quality. 
The widespread use of HUDs has the potential to reform the everyday 
practice of echocardiography, from the exclusive use of the technique 
by experts in echocardiography laboratories, towards its use by other 
non-expert users in various settings.9 Obviously, adequate training of 
operators in image acquisition, analysis, interpretation, and reporting 
is crucial to ensure quality in cardiac imaging. Advances in artificial intel
ligence (AI) technology have enabled the development of algorithms for 
the real-time guidance of ultrasound probes to acquire optimal images 
of the heart and calculate LVEF automatically.

The objectives of this study were to test the ability of the oncology 
staff as non-expert users to (i) reliably calculate LVEF compared with 
manually traced biplane Simpson’s rule by a cardiologist on cart-based 
machines and (ii) accurately identify impaired LV function (LVEF < 50%) 
in real-time using an AI-enabled HUD in a selected population of oncol
ogy patients.
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Methods
Patient population
Our study group comprised cancer patients examined at the Oncology 
Day Care Unit of our hospital who were referred to the echocardiog
raphy laboratory for the same-day LVEF estimation over an approximate 
period of 6 months. All patients were >18 years old, haemodynamically 
stable and were assigned an Eastern Cooperative Oncology Group 
Performance Status (PS) score of 0 or 1.10 Due to the low disease (i.e. 
impaired LVEF < 50%) prevalence expected in this patient population, a 
nested case–control diagnostic study design was followed with case:con
trol ratio of 1:4 to ensure adequate power of 80% for the calculation of 
sensitivity and specificity of the AI-enabled HUD as a screening tool to 
detect cancer patients with impaired LVEF.11,12 Patients with atrial fibril
lation or flutter and frequent atrial and ventricular ectopic beats were ex
cluded from the study due to the variation of LVEF between different 
cardiac cycles, often seen in these populations. Patients with left-sided 
breast implants, previous extensive thoracic surgeries or structural de
formities (i.e. pectus excavatum and pectus carinatum) were also ex
cluded, due to commonly encountered difficulties in acquiring diagnostic 
images for quantitative estimation of LVEF in such individuals. All patients 
provided written informed consent and were entered in our single-centre 
echocardiography database. All treatment decisions were based on stand
ard practice, i.e. LVEF calculation using the biplane Simpson’s rule with 
standard echocardiography (SE) machines, thus there was no risk to pa
tient safety. The study received proper ethical approval by the institution
al scientific board and conformed to the principles of the Declaration of 
Helsinki.

Training of oncology staff on the use of 
artificial intelligence-enabled handheld 
ultrasound device
In total, five doctors and three nurses working in the oncology department 
were invited to participate in the study as volunteers. Eventually, five people 
were recruited: one senior oncologist, two junior oncologists, and three 
nurses. Based on previously published reports,13,14 we concluded that a 
training programme combining a brief theoretical course and a few hours 
of hands-on training would be appropriate to enable non-expert users to 
obtain diagnostic images for the purpose of this project. Before the recruit
ment of patients, a focused theoretical short course (two sessions of 2-h 
lectures) on echocardiography fundamentals was provided to the oncology 
staff participating in the study. Subsequently, the participants attended 2-h 
sessions of hands-on training using the HUD on human models twice per 
week for a period of 1 month. The device (Kosmos, EchoNous, Inc.) 
used for this study is equipped with a 2- to 5-MHz phased-array transducer 
and uses deep learning algorithms (software version 3.0.1.78) to facilitate 
image acquisition (TRIO AI algorithm) and calculate LVEF automatically 
(KOSMOS EF algorithm). In specific, using the functions of the TRIO AI soft
ware of the Kosmos HUD under the supervision of a cardiologist, the inex
perienced operator conducting the examination was trained to acquire 
both apical four-chamber (A4C) and apical two-chamber (A2C) views of 
the heart. The GUIDANCE function provides the operator real-time guid
ance of the ultrasound probe position to acquire optimal images of the 
heart by giving simple instructions such as ‘tilt down’, ‘rotate clockwise’, 
etc. to the user. At the same time, the GRADING function denotes the 
quality of the live image by displaying a visual five-bar scale next to the image, 
based on the American College of Emergency Physicians quality assurance 
grading scale15 (Figure 1); images with more than three out of five bars are 
considered to be of sufficient diagnostic quality. After the acquisition of 
these two views, the device itself automatically estimates LVEF using the 
KOSMOS EF, a previously clinically validated AI-assisted automated LVEF 
(autoEF) algorithm.16 More detailed description of the algorithms is avail
able as Supplementary material online.

During the training programme, one junior oncologist and two nurses 
failed to attend the majority of hands-on sessions and dropped-out, due 
to an increased workload combined with a lack of commitment or interest. 
Therefore, they did not proceed with the rest of the study. Finally, the re
maining oncology staff (a senior oncologist, a junior oncologist, and an on
cology nurse) performed successful supervised scanning of five consecutive 

real-world patients using the HUD to complete the training. A detailed 
demonstration of the AI-guided image acquisition for LVEF calculation is 
provided in Supplementary material online, Video S1.

Evaluation of left ventricular ejection fraction 
by standard echocardiography
The patients included in the study were initially scanned at the echocar
diography laboratory. All echocardiographic examinations were per
formed using a commercially available cart-based system (IE33; Philips 
Healthcare). Images were acquired by an expert investigator (V.S.— 
Level 3 training in echocardiography with 15 years of experience), fol
lowing a standardized protocol. The 2D views used in our study were 
A4C and A2C views with the patient in the left lateral decubitus pos
ition. Images were optimized to improve signal-to-noise ratio and pro
vide optimal endocardial definition. The LV endocardium was used as 
the boundary for volumetric measurements. Papillary muscles and vis
ible trabeculae were part of the blood pool. If the endocardial border 
was indistinguishable, non-visible parts were interpolated manually. The 
image quality for each examination was visually assessed and classified 
as good, moderate, and poor based on the number of LV walls (septal, 
anterior, lateral, and inferior) that endocardial borders were not clearly 
definable in end-diastole (0, 1, or ≥2, respectively). The modified bi
plane Simpson’s method of discs was used to determine LV volumes 
and function. End-diastolic and end-systolic endocardial borders were 
traced manually on frozen 2D images obtained from the A4C and 
A2C views to derive end-diastolic volume (EDV) and end-systolic vol
ume (ESV). End-diastole was defined at the peak of the electrocardio
graphic R-wave and/or one frame before mitral valve closure. 
End-systole was defined as one frame before the mitral valve opening 
or when ESV was deemed the smallest by the operator. The 
LVEF was calculated according to the formula ejection fraction 
(EF) = (EDV−ESV)/EDV × 100%, and all measurements were stored 
in the digital archive of the echocardiography laboratory as part of 
the complete echocardiographic study which could be later retrieved. 
The SE–EF values already calculated were manually entered into our 
database and were considered the reference values for all comparisons. 
Furthermore, based on the SE–EF measurements, the LVEF < 50% was 
considered a clinically relevant cut-off point to define abnormal LV sys
tolic function for oncology patients, since it is a commonly used thresh
old for deferring chemotherapy.

Calculation of left ventricular ejection fraction 
by artificial intelligence-enabled handheld 
ultrasound device
All the study patients were immediately transferred to the Oncology Day 
Care Unit and were subsequently scanned with the Kosmos HUD by an in
dependent cardiologist (S.-L.P.), a senior oncologist (D.D.), a junior oncolo
gist (K.L.), and an oncology nurse (S.M.) in a blinded fashion. All the 
observers were unaware of the LVEF measurement obtained in the echo
cardiography laboratory. Like the SE, the 2D views acquired were the A4C 
and A2C views with the patient in the left lateral decubitus position. The 
TRIO AI software of the device (GUIDANCE and GRADING functions) 
was used as previously described to facilitate scanning. The maximum al
lowed scanning time for each operator was 8 min per patient and the acqui
sition was considered successful only if the images were labelled as 
diagnostic according to the GRADING (three or more green bars present) 
and GUIDANCE (optimal view—no suggestions to improve image align
ment displayed on the screen) functions for both A4C and A2C views. 
Fully automated estimation of the LVEF was possible after the acquisition 
of these two views within 5 s by the KOSMOS EF algorithm at the point 
of care, and the result was immediately displayed on the screen and saved 
without any correction by manual tracing. The acquired cardiologist’s 
Kosmos 2D data (both A4C and A2C views) for each patient was visually 
assessed for image quality and classified as good, moderate, and poor in a 
similar way as described above for the SE system images. All acquired 
autoEF measurements were stored in the handheld device used for the 
study; they were retrieved after the completion of the recruitment and 
manually entered to our database.
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Test–retest reliability of artificial 
intelligence-enabled acquired left ventricular 
ejection fraction measurements
In 22 randomly selected patients, a second independent AI-enabled acquisition 
of LVEF was obtained after ∼1 h by a non-expert observer (the senior oncolo
gist), and the test–retest intra-observer reliability of the method was evaluated.

Statistical analysis
Normal distributions of variables were checked before analysis. Continuous 
variables were expressed as means ± standard deviation or medians with 
interquartile range (IQR) when not normally distributed; categorical variables 
were presented as counts and/or percentages. Agreement between SE–EF 
and HUD autoEF measurements (primary outcome) was evaluated by 
Pearson’s correlation coefficient r (where r = 0 indicates no relationship 
and +1.0 or −1.0 reflects a strong positive or negative relationship, respective
ly) and Bland–Altman analysis.17 The 95% limits of agreement (LOA) were de
fined as the range of values between ±1.96 SD from the mean difference. The 
learning curve for the AI-based EF calculation by the observers was assessed 
by comparing the correlation coefficient r values for the 1st and 2nd half of the 
patient population (before and after the 50th percentile, respectively). 
Comparison between continuous variables was performed using paired 
Student’s t-test or analysis of variance with Bonferroni’s correction in post- 
hoc tests, whereas the variables not normally distributed were compared 
with the non-parametric Wilcoxon signed-rank test and the Friedman test. 
Categorical variables were compared using the χ2 test. Sensitivity, specificity, 
positive predictive value, negative predictive value, and overall diagnostic ac
curacy of KOSMOS EF to detect LVEF < 50% (secondary outcomes) were 

calculated using 2 × 2 contingency tables for each operator as simple mea
sures of the rate of false recommendations by the AI system, and the corre
sponding 95% confidence intervals (CIs) were determined. Inter-observer 
reproducibility of the AI-enabled acquisition of LVEF measurements between 
different operators was calculated by means of the intraclass correlation co
efficient (ICC) for average measures with a two-way random model with 
interaction for the absolute agreement.18 Although there is no strict ICC value 
that marks the cut-off for appropriate correlation, it is commonly accepted 
that ICC < 0.5 indicates poor correlation, ICC between 0.5 and 0.75 indicates 
moderate correlation, ICC between 0.75 and 0.9 indicates good correlation, 
and ICC > 0.90 indicates excellent correlation. Test–retest reliability of the 
AI-enabled acquisition of EF measurements was assessed using the ICC for sin
gle measures (two-way mixed model with interaction for the absolute agree
ment), linear regression analysis, and the minimal detectable change (MDC) 
which represents the minimal change required to ascertain that the differ
ences observed reflect a real change rather than measurement error with 
at least 95% confidence.19 The standard error of measurement (SEM) was 
computed as SD√1−ICC and subsequently the MDC was calculated as 
1.96 × √2×SEM. For all statistical tests, a two-tailed P value < 0.05 was con
sidered statistically significant. Statistical analysis was performed using SPSS 
software, version 22.0 (IBM Inc., Chicago, IL, USA).

Results
Study population
In total, 122 cancer patients with PS ≤ 1 who were referred to the 
echocardiography laboratory for LVEF estimation were considered 

Figure 1 Artificial intelligence-assisted acquisition of optimal apical four-chamber and two-chamber echocardiographic views using the GUIDANCE 
and GRADING functions of the Kosmos TRIO AI software. A2C, apical two-chamber; A4C, apical four-chamber; AI, artificial intelligence.
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for inclusion. Among them, seven patients were excluded because 
they did not fulfil the inclusion criteria (flowchart of the study is pre
sented in Figure 2). The study prospectively included 115 patients 
(mean age 59 ± 12 years, 53% male); 23 patients with impaired 
LVEF < 50% and 92 patients with normal LVEF. The clinical charac
teristics of the study population are presented in Table 1. The age 
range of the oncology staff (non-expert users) participating in the 
study was 32–50 years old.

Feasibility
All the patients were initially scanned with the SE machine and for four 
of them the calculation of LVEF using biplane Simpson’s rule (refer
ence standard) was not possible due to very poor image quality. 
The remaining 111 patients were subsequently scanned using the 
HUD by the independent cardiologist, the senior oncologist, and 
the junior oncologist. The oncology nurse scanned only 61 patients 
due to the increased workload during the COVID-19 pandemic. 
The acquisition of diagnostic images for LVEF calculation using the 
AI-enabled HUD was feasible in 96% (107/111) of cases for the 
cardiologist, 94% (104/111) of cases for the senior oncologist, 93% 

(103/111) of cases for the junior oncologist, and 89% (54/61) of cases 
for the oncology nurse.

The image quality for the SE system acquisition was visually assessed 
as good in 30%, moderate in 51%, and poor in 19% of cases and for the 
HUD acquisition as good in 21%, moderate in 54%, and poor in 25% of 
cases.

Method agreement for left ventricular 
ejection fraction calculation
There was a good correlation between the calculated SE–EF and HUD 
autoEF for all operators (Pearson’s r = 0.90 for the cardiologist, r = 0.79 
for the senior oncologist, r = 0.82 for the junior oncologist, and r = 0.84 
for the nurse, P < 0.001 for all), as illustrated in Figure 3A. The corre
sponding Bland–Altman plots in Figure 3B showed a small systematic 
underestimation of LVEF by the HUD autoEF algorithm compared 
with the SE–EF for all the operators. There was bias −2.1% with 
LOA 11.1% for the cardiologist, bias −3.5% with LOA 16.0% for the 
senior oncologist, bias −2.2% with LOA 15.2% for the junior oncolo
gist, and bias −2.3% with LOA 14.6% for the nurse (P < 0.001 for all).

Figure 2 Flowchart of the study population. HUD, handheld ultrasound device; PVC, premature ventricular contraction; SE, standard 
echocardiography.
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Learning curve for the automated left 
ventricular ejection fraction calculation
The comparison of the correlation coefficient r values for the first and 
second half of the patient population revealed that the diagnostic ac
curacy of the operators for the AI-based EF calculation improved over 
time since the correlation between EF measurements was 
higher (although not reaching statistical significance for all users) for 
the second half of patient population for all observers (Table 2 and 
Figure 4).

Diagnostic accuracy to detect impaired left 
ventricular ejection fraction < 50%
In general, the diagnostic accuracy was good for all the operators, as 
presented in Table 3. Detection of impaired LVEF < 50% by the HUD 
autoEF algorithm was feasible with a sensitivity of 95% and specificity 
of 94% for the cardiologist, sensitivity of 86% and specificity of 93% 

for the senior oncologist, sensitivity of 95% and specificity of 91% for 
the junior oncologist, and sensitivity of 94% and specificity of 87% for 
the nurse.

Inter-observer reproducibility
The inter-observer reproducibility for the acquired autoEF measure
ments was deemed as excellent overall (ICC = 0.96; 95% CI: 0.94– 
0.97, P < 0.001). Finally, there was no statistically significant difference 
in autoEF measurements between operators for each patient: median 
autoEF measurement was 57% (IQR 48–62%) for cardiologist, 55% 
(IQR 50–61%) for senior oncologist, 58% (IQR 46–62%) for junior on
cologist, and 57% (IQR 45–61%) for oncology nurse (P = 0.708), 
Figure 5.

Test–retest reliability analyses
For 1 of the 22 patients scanned for the test–retest analysis, successful 
AI-enabled acquisition was not possible by the non-expert operator. 
In the remaining 21 patients, the intra-observer test–retest reliability 
for AI-enabled acquisition of LVEF measurements 1 and 2 was 
deemed as very good (ICC = 0.89; 95% CI: 0.74–0.95, P < 0.001). 
The results of linear regression analysis revealed a correlation coeffi
cient r = 0.89, P < 0.001 (Figure 6). There was no statistically significant 
difference in autoEF measurements between AI-enabled acquisitions 
1 and 2 (mean bias ± SD: −1.2 ± 5.6%, P = 0.326). The calculated 
MDC for the repeated AI-enabled acquisition of LVEF measurements 
was 5.3%.

Discussion
To our knowledge, this is the first study to investigate the ability of 
oncology staff to evaluate LVEF in chemotherapy patients at the 
point of care. The main finding of this study was that a fully automated 
measurement of LVEF acquired by oncology staff is feasible by using a 
novel AI-enabled HUD in a selected population of cancer patients. 
The acquired measurements are reproducible and comparable to 
the ones derived by standard biplane Simpson’s method. The 
AI-assisted autoEF algorithm was able to identify impaired LVEF <  
50% with good diagnostic accuracy compared with the cart-based 
echocardiography systems when used by oncology staff, especially 
junior doctors.

It is well established that the calculation of LVEF is pivotal for clinical 
decision-making in cardio-oncology.20 Artificial intelligence technol
ogy can provide new possibilities to generate accurate, consistent, 
and automated interpretation of echocardiography exams.21

Recently, these AI-assisted algorithms for automated LVEF calculation 
were made available on HUDs and previous studies have demon
strated a good performance with experienced cardiologists as opera
tors.16,22 Since the use of HUDs by non-expert users is already 
becoming more frequent in different clinical settings, applying AI algo
rithms that help clinicians acquire optimal images and proceed to 
accurate measurements may become an important step towards 
the end of safely expanding cardiac ultrasound to less experienced 
operators. Indeed, the agreement between experts using SE and non- 
experts (general practitioners) using a HUD to visually identify 
patients with reduced LVEF has been reported as poor in an early 
study.23 Moreover, when tested in a population of patients with sus
pected heart failure, the sole addition of an autoEF algorithm for auto
matic quantification of LVEF by non-experts (general practitioners and 
nurses), without ensuring optimal image acquisition, showed modest 
feasibility, agreement, and reliability compared with experts, preclud
ing implementation into clinical practice.24 The development and use 
of AI algorithms for the real-time guidance of ultrasound probes to ac
quire optimal images of the heart may play a key role in decreasing the 
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Table 1 Clinical characteristics of the study population 
(n = 115)

Patient characteristics

Age (years) 59 ± 12
Male gender 53

BMI (kg/m2) 25.9 ± 4.6

Heart rate (beats per minute) 74 ± 12
Baseline CV risk factors
HF/cardiomyopathy 20.9

MI or PCI or CABG 13.9
Hypertension 20.9

DM 13.0

Hyperlipidemia 15.6
Obesity (BMI > 30 kg/m2) 22.2

Smoking 36.5

Main oncological diagnosis
Gastrointestinal 27.6

Genitourinary 15.2

Breast 14.3
Gynecological 14.3

Head and neck 9.5

Thoracic 9.5
Sarcoma 5.7

Central nervous system 1.9

Othera 1.9
Potentially cardiotoxic chemotherapy
Anthracycline chemotherapy 15.7

HER-2 targeted therapies 10.4
VEGF inhibitors 17.4

RAF and MEK inhibitors 0.8

Chest radiotherapy 9.6

Values are mean ± SD or percentage (%) of patients unless otherwise indicated. 
BMI, body mass index; CABG, coronary artery bypass graft; CV, cardiovascular; DM, 
diabetes mellitus; HER-2, human epidermal receptor 2; HF, heart failure; LVEF, left 
ventricular ejection fraction; MEK, mitogen-activated extracellular signal-regulated 
kinase; MI, myocardial infarction; PCI, percutaneous coronary intervention; RAF, 
rapidly accelerated fibrosarcoma; VEGF, vascular endothelial growth factor. 
aNeuroendocrine tumour, skin cancer.
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inconsistency of results between experienced and novice users. 
Early studies showed evidence that a machine-learning algorithm 
can guide non-experts such as medical students and nurses to acquire 
diagnostic images and provide an automated LVEF calculation with 
good agreement with expert users.14,25 Similarly, in our investigation, 
the AI-assisted diagnostic image acquisition by the oncology staff was 
successful in most patients (feasibility range from 89 to 94%) and the 
autoEF algorithm allowed detection of LVEF < 50% with high diag
nostic accuracy. Further supporting this hypothesis, the use of the 
TRIO AI algorithm resulted in improved agreement results between 
SE–EF and autoEF also for the expert (cardiologist), when compared 
with the results of our previous study in which TRIO AI was not 
used.16

Another important issue is the reproducibility of LVEF measure
ments in the same patient especially when performed by different 
operators. A study with patients undergoing chemotherapy for 
breast cancer reported that 3D echocardiography was the most 

reproducible technique for LVEF measurement26; nevertheless, 3D 
echocardiography is not widely available and/or used in daily prac
tice. Our results demonstrated that the automated measurements 
provided by the autoEF algorithm are highly reproducible between 
the observers. For the serial follow-up of patients, test–retest reli
ability (also called reproducibility or repeatability) of a technique is 
also crucial. Test–retest variability describes the variability of separ
ately acquired and interpreted echocardiographic measurements of 
the same patient. Our results in a small sample of 21 patients of our 
population demonstrated that the AI-enabled acquired repeated 
measurements are reliable; in addition, the calculated MDC value 
of 5.3% is comparable to the test-retest reliability reported in the lit
erature for the biplane Simpson’s method used in SE for LVEF esti
mation, with MDC ranging from 4.4 to 18.1%.26–29 Also, it is similar 
to the MDC of 4.38% reported in our previous study when the 
autoEF algorithm was tested by an expert.16 Of note, the calculated 
MDC is below the 10% threshold that is often used in clinical 

Figure 3 Method agreement for left ventricular ejection fraction calculation. Scatter plots (Panel A) and Bland–Altman plots (Panel B) between the 
handheld ultrasound device autoEF algorithm and manual biplane Simpson’s ejection fraction measurements on the standard echocardiography system 
for each operator. EF, ejection fraction; SE, standard echocardiography.
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Table 2 Method agreement through the learning curve for the artificial intelligence-based ejection fraction calculation 
using the handheld ultrasound device

Correlation coefficient r

Operator For the 1st half of study 
population

For the 2nd half of study 
population

For the total study 
population

P-valuea

Cardiologist 0.78 0.92 0.9 0.006

Senior oncologist 0.71 0.8 0.79 0.288
Junior oncologist 0.73 0.84 0.82 0.142

Oncology nurseb 0.25 0.85 0.84 <0.001

aComparison of correlation coefficients for 1st half vs. 2nd half of study population. 
bAnalysis for the oncology nurse was performed using data from 61 patients.
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practice to designate a meaningful change in LVEF in several clinical 
scenarios, such as the follow-up of cancer patients.

Despite the progress in cancer therapies which has led to the im
proved survival and quality of life,30 cardiovascular disease is the lead
ing cause of late morbidity and death among cancer survivors.31,32

However, despite the recognized cardiotoxicity of chemotherapeutic 
drugs, even patients at high risk of cardiovascular complications do 
not always receive a pre- or post-chemotherapy echocardiogram as 
indicated. Real-world data from a recent retrospective cohort study 
showed that pre-chemotherapy echocardiography was obtained in 
65% of patients, but only in 19% of them after completing chemother
apy.33 Consequently, the feasibility of accurate and reproducible cal
culation of LVEF by oncology staff at the point of care shown in this 
study can have significant clinical implications. By using robust guiding 
and measurement AI algorithms, it could be applied as an initial 
screening tool pre- and post-chemotherapy for timely detection of 
cardiac dysfunction when SE examination is not readily available; 
this strategy could potentially expedite clinical care for cancer patients 
in case of impaired LVEF detection and speed up referral to a 
cardio-oncology clinic, where a more thorough cardiac evaluation be
yond the mere LVEF measurement can be performed.34 It must be 
emphasized that the role of HUD is not to replace SE but to help iden
tify individuals who must be further investigated by SE. Appropriate 

training of the operators using HUDs is also mandatory and AI may 
help towards this end.

Limitations
The study was performed in a selected cancer patient population 
with PS of ≤1 and without previous thoracic surgeries, structural de
formities, or left-sided breast implants; thus, the results may not be 
necessarily applicable to all cancer patients. A nested case–control 
diagnostic study design was used, which could result in a spectrum 
bias. Patients with very bad image quality in whom the biplane 
Simpson’s rule could not be applied on the SE system were excluded 
since no standard method to compare the performance of the autoEF 
algorithm would be present; nevertheless, this was only 3.5% of our 
population and most importantly we included cases with poor image 
quality, contrary to other studies. In this study, we did not perform 
any global longitudinal strain measurements since it was outside the 
scope of our study. Finally, given the inclusion of a relatively small 
number of patients, the possibility of a Type II error should be consid
ered, and this is especially relevant for the diagnostic accuracy results 
obtained for the nurse because of the lower number of patients 
scanned.
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Table 3 Diagnostic accuracy for the detection of impaired LVEF using the handheld ultrasound device autoEF algorithm

Operator Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI) Overall accuracy

Cardiologist 95% (77%–99%) 94% (87%–98%) 81% (64%–91%) 99% (92%–100%) 94%
Senior oncologist 86% (65%–97%) 93% (85%–97%) 76% (59%–87%) 96% (90%–99%) 91%

Junior oncologist 95% (76%–100%) 91% (83%–96%) 74% (58%–85%) 99% (92%–100%) 92%

Oncology nursea 94% (70%–100%) 87% (73%–95%) 71% (54%–84%) 98% (85%–100%) 89%

NPV, negative predictive value; PPV, positive predictive value. 
aDiagnostic accuracy for the oncology nurse was calculated using data from 61 patients.

Figure 4 Assessment of the learning curve for the artificial intelligence-based ejection fraction calculation by plotting the correlation coefficient values 
for the first and second half of the patient population.
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Figure 5 Comparison of automated left ventricular ejection fraction measurements between operators. Box plots of ejection fraction measure
ments derived by the handheld ultrasound device autoEF algorithm for the different observers. The P-values are non-significant for all paired 
comparisons.

Figure 6 Scatterplot and linear regression between the two repeated artificial intelligence-enabled acquisitions of left ventricular ejection fraction by 
the senior oncologist.
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Conclusions
A fully automated calculation of LVEF by oncology staff is feasible by 
using a novel AI-enabled HUD in a selected population of cancer pa
tients. The AI-assisted autoEF algorithm was able to identify LVEF <  
50% with good diagnostic accuracy compared with the SE systems. 
These findings show the potential to expedite the clinical workflow 
of cancer patients, allowing for early detection of cardiac dysfunction 
when SE examination is not readily available and speed up a referral 
to a cardio-oncology clinic when necessary.
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