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Abstract

Left ventricular ejection fraction (LVEF) is a commonly
used index of cardiac functionality. Thus, accuracy in its
measurement is fundamental. LVEF measure is usually
manually performed by clinicians from echocardiographic
images. Use of automatic algorithms could make LVEF
measurement more objective. Thus, the aim of the present
work is to present DL-LVEF, a new automatic algorithm
for LVEF measurement based on deep learning
identification and segmentation of the left ventricular
endocardium performed by combining the YOLOv7
algorithm and a U-Net. To this aim, the CAMUS database
was used, which includes 1800 echocardiographic images
acquired from 450 patients with annotated LVEF values
and manual segmentation of the left ventricular
endocardium. The database was divided into training
dataset (70%) and testing dataset (30%). In both datasets,
measured and annotated LVEF values (%) were found to
be highly correlated (p=0.96 and p=0.89, respectively)
and not statistically different (52.6% vs. 52.6% and 54.6%
vs. 53.9%, respectively); mean absolute error was 4% and
5%, respectively. Thus, DL-LVEF provided objective and
accurate LVEF measurement. Future DL-LVEF evolutions
will also provide segmentation of other cardiac anatomical
structures and, thus, will allow measurement of other
clinically relevant cardiac indexes.

1. Introduction

Left ventricular ejection fraction (LVEF) is defined as
the fraction of ventricular volume ejected in systole (stroke
volume) in relation to the volume in the ventricle at the end
of diastole [1].

As reported by the American College of Cardiology
(ACC) [2], standard clinical classification of cardiac
dysfunctions according to LVEF values (Table 1) is a
cornerstone in cardiology, considering the LVEF a
powerful predictor of cardiac mortality. Indeed, in the
clinical practice, it is used as a reliable index of mortality
in heart-failure patients [3-4], as an important parameter to
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monitor left ventricular functionality during cardiotoxic
chemotherapy [5], as a primary criterion for defibrillator
placement [6-7], and as a basilar indicator to determine the
management of patients affected by valvular diseases [8].

The most common methodology to measure LVEF is
based on the echocardiographic test. Echocardiography
provides videos of the heart during all cardiac cycle phases,
with the most informative frames being those acquired at
end of systole and end of diastole. Nowadays,
echocardiographic exam is still manually performed by
clinicians who optimize the image acquisition, detect the
cardiac chambers and segment anatomical structures.
Thus, echocardiography and, consequently, LVEF
measurement are still clinician dependent [9].

To reduce subjectiveness, automatic algorithms are
desirable, even though their design is not free of
challenges. Ultra-sound images are usually characterized
by low signal-to-noise ratio [10]. Additionally, location
and dimension of cardiac anatomical structures may act as
confounders due to the intrasubject variability.
Consequently, application of conventional image
processing methods may face many technical issues [11],
while deep learning (DL) methods may result being more
efficient [12].

Thus, aim of the present work is to present DL-LVEF, a
new automatic algorithm for LVEF measurement based on
DL segmentation of the left ventricular endocardium.

Table 1. Standard clinical classification of cardiac
dysfunctions according to LVEF values, as reported by the
American College of Cardiology (ACC) [2].

LVEF value
Higher than 70%

Clinical Classification

Hyperdynamic

Normal From 50% to 69%

Mild dysfunction From 40% to 49%

Moderate dysfunction From 30% to 39%
Severe dysfunction Less than 30%
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2. Materials and Method

2.1. Data

The data used in this work are from the CAMUS
database [13], made open in 2019 by the University
Hospital of St Etienne (France) together with the
regulation set by the local ethical committee of the
hospital. The database contains 1800 echocardiographic
images from 450 patients acquired through the Vivid E95
ultrasound scanner (GE Vingmed Ultrasound) with a GE
M5S probe (GE Healthcare, US). For each patient, manual
annotations of left ventricular volume at end of diastole
(LVep, ml), left ventricular volume at end of systole (LVes,
ml) and LVEF (%) were collected. Moreover, two
echocardiographic frame sequences showing the apical
two-chamber and four-chamber views were acquired.
According with the standard dimension criteria [14], end-
of-systole and end-of-diastole frames were determined,
and, from them, the left ventricular endocardium was
manually segmented and reviewed by three independent
cardiologists. Annotations of the LVEF (aLVEF) and of
the manual segmentation of the left ventricular
endocardium were considered here as gold standard, and
thus used as reference values to evaluate performance of
DL-LVEF.

The CAMUS database was divided into training dataset
(70% of the entire database, 1260 images from 315
patients), also including the validation dataset (14% of the
training dataset; 180 images from 45 patients), and testing
dataset (30% of the entire database; 540 images from 135
patients).

2.2.  The DL-LVEF Algorithm

The DL-LVEF algorithm includes two computational
phases, which are 1) deep-learning identification and
segmentation of the left ventricular endocardium and, 2)
LVEF estimation. DL-LVEF was trained on the training
dataset; the validation dataset was used to define the early
stopping point. Its implementation was performed on
Google Colab Pro, a cloud service allowing the possibility
to select high system RAM (32 GB) and GPU hardware
acceleration (NVIDIA Tesla P100 with 16GB of video
RAM) settings.

Deep Learning lIdentification and Segmentation of the
Left Ventricular Endocardium. The DL-LVEF
computational phase finalized to identify and segment the
left ventricular endocardium was implemented by
combining the YOLOv7 [15] algorithm and a U-Net. The
YOLOv7 algorithm was used to identify the anatomical
structure of interest. Its architecture was maintained
unchanged with respect to what proposed in [15]. In
particular, initial learning rate and number of epochs were
set at 0.01 and 100, respectively. Instead, the U-Net was

used to segment the identified anatomical structure. U-Net
architecture was proposed by ourself and consists of: an
encoder composed of 5 stages providing a feature map of
20x20x512 pixels; and a decoder, also composed of 5
stages that use transpose layers to perform up-sampling.
The output of this first DL-LVEF computational stage is
the area (in pixels) of the left ventricular endocardium.

LVEF Computation. This DL-LVEF computational
phase provides measurement of the LVEF (mLVEF)
starting from the values of the left-ventricular-
endocardium area previously measured on the end-of-
diastole and end-of-systole echocardiographic frames.
According to Simpson’s rule [16,17], area and volume (in
ml) of the left ventricular endocardium correlate. Thus, left
ventricular volumes at the end of diastole LV, and at the
end of systole LV were estimated after computation of
the conversion factor obtained using the annotated values
ventricular area and volumes [16,17]. Finally, mLVEF was
estimated as:

LVgp-LVEs

mLVEF=100x . (D)
LVeD

2.3.  Statistical Analysis

In order to evaluate DL-LVEF performance in varying
technical settings, patients were stratified according to the
number of chamber views (two or four) in their images and
according to the quality of their images (poor, medium and
good). Additionally, in order to evaluate DL-LVEF
performance in varying clinical scenarios (robustness to
pathology), patients were stratified according to their
aLVEF into hyperdynamic (Hyp; aLVEF>70%), normal
(Nor; 50%<alVEF<69%), mild dysfunction (Mil;
40%<alVEF<49%), moderate dysfunction (Mod;
30%<alLVEF<39%), and severe dysfunction (Sev:
aLVEF< 30%).

Normality of LVEF distributions was evaluated using
the Lilliefors test; not normal distributions were reported
in terms of 50" (median) [25";75"] percentiles and
compared using the paired Wilcoxon ranksum test.
Comparison of mLVEF and aLVEF values was performed
by computing the mean absolute error (MAE, %) and
Spearman correlation coefficient (p). Statistical level (P
value) was set to 0.05 for all statistical analyses.

3. Results

Table 2 reports mMLVEF and aLVEF distributions and
MAE and p values for all considered cases, whereas Figure
1 displays the scatterplot of the distribution of mLVEF
values vs the distribution of aL VEF values for the training
and testing datasets. No statistically significant difference
was ever observed between mLVEF and aLVEF. MAE
was, on average 4% and 5% in the training and testing
datasets, respectively. Its maximum value was 14%
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obtained for the patients with severe dysfunction in the
testing dataset. Mean p value was 0.96 and 0.89 (P<0.05)
in the training and testing datasets, respectively. Its
minimum value was 0.45 (P<0.05) obtained for the
patients with moderate dysfunction in the testing dataset.

4. Discussion

In the present study we presented DL-LVEF, a new
automatic algorithm LVEF measurement based on a tested
deep learning segmentation algorithm of the left
ventricular endocardium [18]. The left ventricular
endocardium is indeed usually manually segmented by
clinicians in order to measure LVEF from
echocardiography.

DL-LVEF was set up and tested on the CAMUS
database [13], which contains anamnestic data of patients,
annotations of their LVEF values, and echocardiographic
images of different chamber views with annotations of
their manual segmentation and classification based on their
quality. The annotated LVVEF values were used here as gold
standard to evaluate goodness of the LVEF measurements
provided by DL-LVEF. Satisfactory results (no statistical
difference, high correlation and low mean absolute error
between gold standard and measured LVEF values; Table

2) were obtained in both training and testing datasets,
indicating that DL-LVEF is a useful tool to accurately
measure LVEF from echocardiographic frames of the end
of systole and end of diastole. Good results in both training
and testing datasets also indicate the generalization ability
of DL-LVEF.

In order to evaluate the technical and clinical reliability
of DL-LVEF, analysis of accordance between gold
standard and measured LVEF values was also performed
by stratifying for chamber views, image quality and
clinical interpretation (Table 2). Satisfactory results were
obtained in all cases, demonstrating the robustness of DL-
LVEF to variable technical and clinical conditions. The
relatively low values (0.45 and 0.52) of the correlation
coefficient obtained in the patients with mild and moderate
dysfunction are indeed due to the narrow variability range
of LVEF values, that makes the correlation coefficient not
particularly suitable to evaluate agreement between gold
standard and measured LVEF values, as conformed by the
low values of the mean absolute error (<10%).

Future DL-LVEF evolutions will also provide
segmentation of other cardiac anatomical structures in
addition to the left ventricular endocardium and, thus, will
allow measurement of other clinically relevant cardiac
indexes.

Table 2. Distributions of measured (mLVEF) and annotated (aLVEF) LVEF values, together with their mean absolute
error (MAE) and correlation coefficient (p) in all considered cases (NP=number of patients; NI=number of used images).

Training dataset

Testing Dataset

NP/ alVEF MLVEF  MAE NP/ alVEF  mLVEF  MAE
NG () IS S ) 6 ()
_ 315/ 526 529 4 .| 135/ 546 53.7 7 .
22 WO 630 [agp0s] [438618] [27] 7| 270 [s1601] [ad23] [312] O
s 315/ 526 51.9 3 | 135/ 546 54.4 5 .
o Four 630  [44.4:60.1] [44.0603] [27] %% | 270 [45.1:60.1] [44.3:60.0] [29] OO
36/ 476 482 5 e 481 524 9 .
o 7" 1a4 [02599] [37.9;597) [210] ®*| 56 [361562] [367578] [415] O
&2 .o 123 522 51.7 4 e | 411 541 53.7 5 s
EZ 492 [436:604] [43.160.6] [28] °°° | 188 [421578] [41.3508] [3:11] O
coog 156/ 544 545 3 oog | T4 569 54.4 5 oo
624  [466:612] [46.3:61.1] [15] %% | 206 [46.9:620] [45.8:626] [2:8]
17/ 725 727 2 3 71.0 716 4 :
HYp 58 pr17sa] or7ro) el °8% | 12 [roasie] [e5.279.3 @7 0P
_ 170/ 585 58.3 3 |84 577 58.8 5 .
_S N ee0 [sane23] [s40626] (151 0% | 336 [sa0622] [save2s] 29 O
88 ., 16/ 460 459 4 e | 211 455 45.0 6 oo
=% 304 [43.1478) [418:486] [28] Y| 108 21469 [41349.0] [3:10
& 4 3 363 35.9 5 ouss| 15/ 355 33.8 10 e
148 [331;383] [33.0385 [3:11] 0| 60 [317:384] [30.1;37.0] [5:17]
o, 15/ 268 26.1 8 oeas | © 27.6 27.8 14 oo
60  [20.0285] [21.6287] [5:15] %% | 24 [237283] [232:324] [5:20] ©
315/ 526 526 4 [ 135/ 5456 53.9 5 .
Overall 1260 [44.3:60.6] [438:60.8] [2:7] °% | a0 [44.9:602] [a42:61.1] [3:11] ©O°°

*$P-value < 0.05 when comparing mLVEF and a distributions by paired Wilcoxon ranksum test and Spearman correlation analysis, respectively.
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Figure 1. Scatter plot of measured (mLVEF) and annotated
(aLVEF) LVEF values in both training (panel A) and
testing (panel B) datasets. Dot line represent the
mLVEF=aLVEF line.

5. Conclusion

Our deep DL-LVEF algorithm, based on the DL
identification and segmentation of the left ventricular
endocardium, proved to be an objective and accurate tool
to measure LVEF from echocardiographic images. Future
studies will evaluate the real-time ability of the tool in
standard clinical scenarios.
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