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Abstract—End-to-end video classification by transfer learning
allows one to categorize left ventricular ejection fraction (LVEF)
into reduced EF (rEF), midrange EF (mEF), and preserved EF
(pEF) from echocardiographic recordings, avoiding delineation
of the LV cavity by a human expert or an Al algorithm. We
developed a PyTorch implementation using MoViNet. Classical
and PennyLane-based classical-quantum models were created.
Fine-tuning involved the top four of the five model blocks.
We tested our models on Stanford’s EchoNet dataset with the
original train-val-test split. We tuned the models on the validation
set. We developed ternary classifiers for distinguishing between
rEF, mEF and pEF, and binary classifiers for rEF vs. rest
and not pEF vs. rest. We used the output probabilities of all
the classifiers as features subjected to a soft-voting ensemble
algorithm consisting of random forest, Gaussian naive Bayes, and
logistic regression. For the test set, the extension of the receiver
operating characteristic (ROC) to one-vs.-rest multiclass showed
a micro-averaged ROC AUC score of 0.96. The ROC AUC score
and the balanced accuracy were 0.96 and 0.89 for rEF vs. rest,
0.94 and 0.86 for not pEF vs. rest. After optimization of the
decision threshold, the sensitivity and specificity of rEF vs. rest
and not pEF vs. rest were always above 0.85.

Index Terms—quantum computing, machine learning, ensem-
ble learning, medical imaging, video recording, cardiology

I. INTRODUCTION

Since an advantage of quantum neural networks over clas-
sical CNN was first demonstrated [1], research is ongoing to
assess their usability in the interpretation of medical images.
In a hybrid neural network, images can be encoded in an
initial quantum layer, as in quantum-classical models for
the diagnosis of COVID-19 [2] or knee osteoarthritis [3].
Alternately, the quantum layer is inserted in the last part of
the model [4]. This hybrid classical-quantum (CQ) approach is
proposed for different imaging techniques, such as brain CT for
Alzheimer’s disease [5], magnetic resonance imaging for the
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classification of brain disorders [6], coronary artery disease
angiography [7], or chest radiographs for the detection of
cardiomegaly [8]. The left ventricular ejection fraction (LVEF)
is the percentage of blood present in the left ventricle at the end
of diastole that is ejected in systole. LVEF is the parameter
most evaluated to assess the functional state of the heart in
patients, and echocardiography is the most frequently used
imaging technique for this purpose. For diagnosis, treatment,
prognosis, and establishment of a path of heart failure care, a
ternary ordinal classification of LVEF is recommended, which
distinguishes between reduced (rEF), midrange (mEF), and
preserved (pEF) LVEF [9].

Numerous machine learning (ML) algorithms have been
developed for LVEF evaluation [10]-[12] and several of them
were tested on public datasets with a careful human label,
such as EchoNet-Dynamic [13] and CAMUS [14]. However,
they generally require an initial human and/or ML intervention.
This need for on-site human expertise or reliable ML seg-
mentation can be alleviated by an end-to-end approach based
on transfer learning, as demonstrated in a pilot study using
AutoML in Google Vertex Al [15].

We aimed to develop on open-source software an efficient
end-to-end model using transfer learning for the classification
of LVEF from echocardiographic video sequences and to com-
pare classical and CQ versions, all based on the same backbone
and subjected to the same fine-tuning protocol. To predict
the LVEF phenotype, a ternary classifier appears to be the
logical option. However, binary straightforward classification
of tEF vs. rest or not pEF vs. rest can be considered in a first
step, allowing, as a by-product, the ternary classification. We
wanted to compare both approaches. Moreover, disposing of
six classifiers, classical and CQ, of ternary and binary type,
allowed to verify if performance can be improved by ensemble



learning.

II. MATERIAL AND METHODS

A high-level flow chart is presented in Fig. 1.

We used the EchoNet Dynamic database, comprising 10,030
pre-processed, deidentified, and converted echocardiographic
video sequences from DICOM to AVI format [13]. We re-
spected the original train/val/test split. To maintain compa-
rability, we did not correct the test set for the label errors
identified by a panel of experts in the seminal study. LVEF is
usually reported as a value rounded to the nearest integer in
clinical reports. Consequently, from the LVEF values obtained
by the Simpson method, we defined the true label of each video
as follows: rEF for LVEF < 39.5%, pEF for LVEF > 49.5%,
and mEF otherwise (Table I). Because the models were pre-
trained on clips of 50 frames, the AVI videos were normalized to
50-frame MP4 sequences. Data transformation during training
and prediction consisted of resizing to (172 x 172), convert-
ing to grayscale, casting to 32-bit floats, and normalization
using mean values [0.43216, 0.394666, 0.37645] and standard
deviations [0.22803, 0.22145, 0.216989]. These normalization
values were those used in MoViNetAO during pre-training on
the Kinetics-600 dataset. This is common practice in transfer
learning for medical applications where models pre-trained on
colored images work for grayscale ones, such as mammography,
MRI, CT scan, or chest X-rays.

We evaluated three types of classifications and used majority
downsampling to balance the training set, while maintaining
the original unbalanced validation and test sets unchanged
(Table II). For the two binary classifiers, the balance is,
respectively, for tEF vs. rest and not pEF vs. rest. A further
balancing process implied the mEF and the other rest class.
This allows sufficient mEF cases for training., which proved
advantageous in preliminary test, despite a possible effect on
generalization.

The model backbone was MoViNetAO [16] in its version
without stream buffer, pre-trained on the Kinetics-600 dataset.
In a first exploration, we tried the models proposed by Pytorch.
Many were beyond reach due to lack of sufficient working

TABLE I
LVEF CrLAsSES IN DATASET

Set rEF | mEF | pEF

Training 927 673 5865

Validation 151 125 1012

Test 151 124 | 1002

Total 1229 | 922 | 7879
TABLE 11

Crass Sizes IN TRAINING SET AFTER DOWNSAMPLING

Model rEF | mEF | pEF
Binary, rEF vs. rest 927 106 821
Binary, not pEF vs. rest | 927 | 673 1600
Ternary 673 | 673 673

memory. However, the R3D 18, R2Plus1D 18 and Swin3D T
were tested in the classical and hybrid versions. They produced
poor results, with an ROC AUC below 0.90, even after fine-
tuning. MoViNetAO, which also outperformed MoViNetAl,
was chosen. The top layers were modified. For the classical
model, the output dimension of the last Conv3d layer was
changed from 600 to 1 for binary classifiers or 3 for ternary
classifiers. For hybrid models (Fig. 1a), we used PennyLane [17].
We used a parameterized quantum circuit (PQC) commonly
used in hybrid machine learning applications for medical
imaging [5]-[8]. The details are given in Fig. 2. The output
dimension of the preprocessing linear layer of the dressed
quantum circuit was equal to the number of qubits. A classical
activation function (torch.tanh) and a constant np.pi/2.0 scaling
followed. For the PCQ, we tested configurations with 4, 6,
8, 10 and 16 qubits and with 4 and 6 repetitions. The best
performing version, 10-qubit with 6 repetitions, was chosen.
For the initialization of the PQC parameters, we used a random
normal distribution of quantum weights with a spread of 0.01. A
post-processing linear CNN with input size 10 and output size
1 for binary classifiers or 3 for ternary classifiers completed the
dressed circuit. For both classical and hybrid models, the last
layer output was submitted to a sigmoid function if binary, or to
a softmax function if ternary.

For training and prediction, we used a 16GB NVIDIA Tesla
T4 GPU in Google Colab. The training consisted of a “frozen”
phase of two epochs, during which only the few last layers
had their gradient activated. This was followed by a 12-epoch
fine-tuning phase, during which the gradients were activated
from the start of block b1 to the last layer. BCEWithLogitsLoss
was the criterion for binary classifiers. CrossEntropyLoss was
the criterion for ternary classifiers. The optimizer was Adam
with an initial learning rate of 0.001. The scheduler was
ReduceLLROnPlateau with patience set to 0.

Then followed a validation phase using the weights of the
epochs for model prediction. The epoch with the highest ROC
AUC score in the validation set was identified. For ternary
classifiers, the microaveraged ROC AUC score was preferred
to the macroaveraged score due to the imbalance of the dataset.
The best-epoch weights were used for the prediction of the test
set and the assessment of the model performance.

Before comparing the performance of the binary classifiers,
we tuned the decision thresholds with the constraint that their
value corresponds to the lower positive difference between
sensitivity and specificity in the validation set. These thresholds
were then applied to calculate the sensitivity and specificity in
the test set.

Our ensemble learning approach is summarized in Fig. 1b.
For each of the six vanilla classifiers, we first used the best-epoch
weights to obtain, in the form of probabilities, the output of the
complete dataset. This was followed by balancing the training
set of 7865 values. In preliminary tests, oversampling these
probabilities was clearly more effective than downsampling.
In fact, downsampling for the minority class, mEF, greatly
reduced the datasets. Imbalanced-learn ADASYN was chosen
among the available algorithms for oversampling because it
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Fig. 1. High-Level Flowchart; (a) an example of classifier based on MoViNetAO; (b): output of six vanilla classifiers submitted to a soft voting algorithm.
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Fig. 2. In this example, a smaller parametrized quantum circuit with four qubits
and four variational layers is depicted for better comprehension. First, local
embedding consists of superposing each qubit (layer of Hadamard gates "H”)
and rotating it by an angle ¢ in function of the classical input value (first layer
of Ry rotations). Then we have a trainable sequence of four variational layers
where the qubits undergo full entangling and then R, rotations by 6 angles.
Last, a measurement layer in the Z basis allows for classical output.

exhibited the best performance on the validation set. The size
of the training set was increased by oversampling the rEF
and mEF classes. The validation and test sets had their size
of 1288 and 1277 unchanged. The probabilities were used as
features in a meta-classifier for a soft vote ensemble (MLxtend
EnsembleVoteClassifier [18]). We tested several sets of vanilla
classifiers as entries: the subsets of the four binary, the two
ternary, the three classical, the three hybrid, and the complete
set of six classifiers.

The scikit-learn classification models considered for incor-
poration in the EnsembleVoteClassifier were: RandomForest-
Classifier, GaussianNB, LogisticRegression (solver: 1bfgs),
SGDClassifier(loss: modified Huber), KNeighborsClassifier,
and DecisionTree. The EnsembleVoteClassifier was fit on the
training set. The voting was based on the probabilities observed
in the validation set and the final performance estimated from
the test set.

We analyzed the response of our not pEF vs. rest ensemble
classifier in face of the 40 videos of the Stanford study that
were re-evaluated in a blinded review by an five-expert panel.
The panel rated that 38% of these videos had significant
problems with video quality and acquisition and 13% had
significant arrhythmias, making them a good sample to evaluate
the robustness of our approach in difficult cases. In this step, we
used a 0.5 threshold for our prediction to allow a fair comparison
with EchoNet results.

III. REsuLTs

In our preliminary heuristic search for the best hyperparam-
eters, we looked at which portion of the model fine-tuning
performed better by looking at the monitored metrics. From
this observation, an activation of the layers from the start of the
MoviNet A0 block 1, including 215 out of 235 layers, appeared
optimal in terms of loss, accuracy and ROC AUC score. Fig. 3
shows an example of the metrics values vs. the number of
activated layers. Limiting fine-tuning to the last few layers or
including the three earliest layers were both counterproductive
options.

Table III reports for the six vanilla classifiers the selected
epoch with the corresponding ROC AUC score and balanced
accuracy for the validation and test sets. Fig. 4 shows an example
of score curves observed during the training and validation
phases.

The best microaverage ROC AUC scores were obtained by
the voting algorithm based on a weighted combination of Ran-
domForestClassifier, GaussianNB, and LogisticRegression. We
tested the different possible combinations of vanilla classifiers.
The results in different subsets of classifiers (all binary, all
ternary, all classical, all hybrids) are presented in Table IV.
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Fig. 3. Monitored metrics during training for the hybrid 10-qubit binary
classifier of not pEF vs. rest.

The combination of the six classifiers had the highest scores for
the validation and test sets.

Fig. 5 shows the extension of ROC to the one-vs.-rest
multiclass, allowing for the evaluation of the performance of
the ensemble ternary classifier.

For rEF detection, the advantage of the ensemble ternary
classifier over the classical and hybrid versions appears clearly
when examining the confusion matrices (Fig. 6). The classical
model (Fig. 6a) misclassified more than half of the true rEF
cases. The hybrid model (Fig. 6b) is globally better at this task
but classifies more cases of true rEF as pEF. The ensemble
model (Fig. 6¢) is the best for predicting rEF, with 6% of the
cases of rEF misclassified as pEF.

Fig. 7 shows cases of correct predictions of pEF and rEF vs.
extremely incorrect predictions (rEF instead of pEF and pEF

TABLE IIT
ROC AUC Score (AUC) anND BALANCED Accuracy (BA) N CrassicaL (C)
AND HyBriD (H) CLASSIFIERS AT SELECTED EpocH (EP)

Classifiers EP | Val AUC | ValBA | Test AUC | Test BA
C rEF vs. rest 5 0.969 0.894 0.952 0.887
H 1EF vs. rest 7 0.948 0.866 0.925 0.855
C not pEF vs. rest 7 0.937 0.844 0.936 0.837
Hnot pEF vs. rest | 7 0.942 0.861 0.932 0.856
C ternary 10 0.956 0.833 0.947 0.814
H ternary 9 0.932 0.820 0914 0.789
TABLE IV

MicroAVERAGED ROC AUC Score

Sets of classifiers | Validation set | Test set
all binary 0.961 0.956
all ternary 0.943 0.931
all classical 0.964 0.959
all hybrid 0.951 0.934
all six classifiers 0.967 0.960

1.000

—— Training

0.975 - Validation

0.950
AN

0.925 4

0.900 4

ROC AUC score

0.875 4

0.850 4

0.825 4

0.800 T T T T T T T T T
1 2 3 4 5 6 7 8 9

epochs

T T T T T
10 11 12 13 14

Fig. 4. Evolution of training and validation ROC AUC scores for the hybrid
10-qubit binary classifier of rEF vs. rest. In this example, Epoch 7 was chosen
for the model prediction in the test set.
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Fig. 5. Extension of ROC to one-vs-rest multiclass applied to the ensemble
ternary classifier.

instead of rEF). These examples were drawn at random in each
of these four combinations. The great variation in image quality
is illustrated. Looking at the corresponding videos confirmed
a good imaging quality for Fig. 7a and Fig. 7b, and a poor
quality for Fig. 7c and Fig. 7d. It turned out that the video of the
incorrect classification of rEF as pEF is among those with the
greatest discordance between the prediction of the model and
the initial human label of LVEF in the seminal study: the five
blinded experts reported poor image quality and unanimously
preferred the 35.0% human estimation of LVEF over the 49.0%
by the EchoNet dynamic model.

The constrained thresholds that we needed to calculate from
the validation set before comparing the ensemble and the vanilla



pEF 8% 1% pEF 11% 2% 7% 2%
o © ©
Q fe) Q
2 mEF 44% 6% £ MEF 37% 12% L mEF 34% 2% 24%
2 s s
= = =

reF 8% 44% % reEF 13% 30% rEF 6% 21%

pEF mEF reEF pEF mEF reF pEF mEF reEF
Predicted label Predicted label Predicted label
(a) Ternay classifier: classical model (b) Ternary classifier: hybrid CQ model (c) Ternary classifier: ensemble model

Fig. 6. Confusion matrices from ternary classifiers. The matrices are normalized over the true labels .

(a) Correctly classified as pEF (b) pEF misclassified as rEF

(c) Correctly classified as rEF (d) rEF misclassified as pEF

Fig. 7. End-diastolic and end-systolic frames in correctly and incorrectly classified videos. AVI files and LVEF by Simpson method: (a) 0X4F89846030713617,
LVEF 50.8%; (b) 0X59BB0313F22D6C09, LVEF 52.3%; (c) 0X662EF84E75806C27, LVEF 32.1%; (d) 0X1EDAOF3F33F97A9D, LVEF 35.0%.

versions of the binary classifiers are reported in Table V. The

values were lower for the ensemble versions. TABLE V

. DEecisioN THRESHOLDS FOR BINARY PREDICTION
The comparison of the performance of the ensemble vs.

vanilla classifiers for rEF is presented in Table VI. All metrics

. ) Binary classifier Threshold
appear better with the final ensemble classifier. Classical, TEF vs, rest 0.774
The comparison of the performance of the ensemble vs. hybrid, rEF vs. rest 0.883
. . . . ensemble, rEF vs. rest 0.102
vanilla classifiers for not pEF is presented in Table VII. The classical, not pEF vs. rest 0.737
metrics are the best for the final ensemble version except for PR hybrid not pEF vs. rest 0.504
AUC, which is the best for the classical version. ensemble, not pEF vs. rest 0.127

Table VIII shows the predictions for the 40 videos that had



TABLE VI
Binary CrassiFIER REF vs. REsT

Metrics Classical | Hybrid | Ensemble
Accuracy 0.883 0.868 0.904
Balanced accuracy 0.879 0.854 0.891
ROC AUC 0.952 0.925 0.962
PR AUC 0.767 0.560 0.814
Sensitivity 0.874 0.834 0.874
Specificity 0.885 0.873 0.908
TABLE VII

Binary CrassiFiER Not PEF vs. REsT

Metrics Classical | Hybrid | Ensemble
Accuracy 0.855 0.850 0.859
Balanced accuracy 0.860 0.857 0.864
ROC AUC 0.936 0.932 0.937
PR AUC 0.836 0.821 0.823
Sensitivity 0.869 0.869 0.873
Specificity 0.851 0.844 0.855

been re-evaluated by experts in the Stanford study. Taking
into account the judgment made by the panel as the truth, a
correct prediction was observed in 23/40 videos with the human
Simpson method, 28/40 with the EchoNet model and 24/40 with
our ensemble classifier. An agreement was observed between
the Simpson method and the ensemble model in 29/40 videos.
EchoNet and the ensemble models gave the same prediction in
34/40 videos. In the subset of 23 videos where the human label
was judged correct, the predictions were similar by EchoNet and
the ensemble model in all but one case, incorrectly classified
pEF by EchoNet. In the subset with an incorrect human label,
EchoNet and the ensemble model diverged in 5/17 instances,
with 3 pEF and 2 not pEF videos incorrectly classified by
Simpson rule and by the ensemble model.

TABLE VIII
PrEDICTIONS FOR DiFricULT CASES

Panel Human | EchoNet | Ensemble | Count
not pEF | not pEF | not pEF | not pEF 13
not pEF | pEF pEF pEF 5
pEF pEF pEF pEF 4
not pEF | pEF not pEF not pEF 4
pEF pEF not pEF | not pEF 3
pEF not pEF | pEF not pEF 3
pEF not pEF | pEF pEF 2
not pEF | not pEF | pEF pEF 2
not pEF | pEF not pEF | pEF 2
pEF not pEF | not pEF not pEF 1
not pEF | not pEF | pEF not pEF 1

IV. DISCUSSION AND CONCLUSION

Our research was not designed to achieve an AUC score of
prediction of not pEF as high as in the Stanford study, where
the algorithm required expert human delineation of the left
ventricle. In that previous seminal study, no rEF vs. rest or
ternary classification was performed.

We built a pipeline where six classifiers were joined to
produce a final ternary classifier, which itself allows better
binary classification. For clinicians, this can be useful: they
can base their judgment on the output probabilities for the three
classes, or they may prefer to rely on a prediction of rEF vs.
rest or not pEF vs. rest. In fact, in medical applications, the
tuning of the decision threshold depends on the clinical context,
e.g. detection in a general population, selection of suspected or
confirmed cardiac patients, choice of a specific path of health
care, and follow-up. Here, we constrained the specificity and
sensitivity of a binary classifier to be as similar to each other
as possible. This allowed for comparison of the vanilla and
ensemble classifiers. Ensemble learning carries the best results,
with values that all exceed 0.85 for sensitivity and specificity.

To our knowledge, no hybrid CQ transfer learning has yet been
described for end-to-end LVEF classification of echocardio-
graphic video recording. We demonstrate here that this approach
works in an application in which the time dimension is added
to the imagery. Hybrid CQ models proved to be effective. In a
perspective of "beating” classical machine learning, the slightly
lower performance observed in these models casts some doubt
about their benefit when used alone. However, taking quantum
advantage as the right goal for QML is subject to criticism,
and alternative research agendas are proposed [19]. The hybrid
classifiers differ by adding quantum expressivity, which may
explain that the contribution of QML to our ensemble approach
is not negligible, as shown in Table VI and Table VII. Our
type of doctored quantum circuit was chosen because it is
commonly encountered in hybrid transfer learning for medical
imaging, but more optimization attempts can be considered.
Expressibility and trainability are indeed dependent on several
factors, such as the number of parameters and their initialization,
the depth of the circuit, and the degree of entanglement [20]-
[23]. However, verifying the impact of the many possible PQC
modifications through a sound statistical analysis based on k-fold
cross-validation would require significant calculation time.

Interpretability analyzes are a possible addition, and showing
selected video samples can enhance trustworthiness. The pub-
lished reports on Grad-Cam equivalents for videos are scarce.
A program tested on tennis playing, Video TCAYV, is described
[24], but uses the Swin Transformer and requires a YOLO-
v7 object detector. We did not develop a program adapted to
MoViNet. However, this challenging task can be considered
in further studies with if possible an evaluation of the video
overlead heatmaps by a blind expert panel.

Other refinements can be considered for future research.
Generalization properties could be assessed by testing external
datasets. Leaving our rigorous protocol based on the original
Stanford train-var-test split, a K-fold cross-validation would
allow a statistical comparison of classifier performance [25].
There is a possibility that the present end-to-end concept
will prove useful in larger-scale projects. For instance, when
exploiting more detailed images (DICOM typical resolution
is 768*576), or in two-dimensional and three-dimensional
imagery, the ML process could be accelerated or simply made
possible by using quantum hardware.



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

(14]

[15]

[16]

(17]

(18]

[19]

REFERENCES

A. Abbas, D. Sutter, C. Zoufal, A. Lucchi, A. Figalli, and S. Woerner,
“The power of quantum neural networks,” Nature Computational Science,
vol. 1, no. 6, pp. 403—409, Jun. 2021, doi:https://doi.org/10.1038/s43588
-021-00084-1.

E. H. Houssein, Z. Abohashima, M. Elhoseny, and W. M. Mohamed, “Hy-
brid quantum-classical convolutional neural network model for COVID-
19 prediction using chest X-ray images,” Journal of Computational
Design and Engineering, vol. 9, no. 2, pp. 343-363, Feb. 2022, doi:
https://doi.org/10.1093/jcde/qwac003.

Y. Dong, X. Che, Y. Fu, H. Liu, Y. Zhang, and Y. Tu, “Classification
of knee osteoarthritis based on quantum-to-classical transfer learning,”
Front. Phys., vol. 11, Jul. 2023, doi: https://doi.org/10.3389/fphy.2023.
1212373.

A. Mari, T. R. Bromley, J. Izaac, M. Schuld, and N. Killoran, “Transfer
learning in hybrid classical-quantum neural networks,” Quantum, vol. 4,
p. 340, Oct. 2020, doi: https://doi.org/10.22331/q-2020-10-09-340.

T. Shahwar et al., “Automated Detection of Alzheimer’s via Hybrid
Classical Quantum Neural Networks,” Electronics, vol. 11, no. 5, p. 721,
Feb. 2022, doi: https://doi.org/10.3390/electronics11050721.

N. Alsharabi, T. Shahwar, A. U. Rehman, and Y. Alharbi, “Imple-
menting Magnetic Resonance Imaging Brain Disorder Classification via
AlexNet—Quantum Learning”. Mathematics, vol. 11, no. 2, p. 376, Jan.
2023, doi: https://doi.org/10.3390/math11020376.

E. Ovalle-Magallanes, J. G. Avina-Cervantes, I. Cruz-Aceves, and J. Ruiz-
Pinales, “Hybrid classical-quantum Convolutional Neural Network for
stenosis detection in X-ray coronary angiography,” Expert Systems with
Applications, vol. 189, p. 116112, Mar. 2022, doi: https://doi.org/10.101
6/j.eswa.2021.116112.

P. Decoodt et al., “Hybrid Classical-Quantum Transfer Learning for
Cardiomegaly Detection in Chest X-rays,” Journal of Imaging, vol. 9, no.
7, pp- 128-128, Jun. 2023, doi: https://doi.org/10.3390/jimaging9070128.
O. Chioncel et al., “Epidemiology and one-year outcomes in patients
with chronic heart failure and preserved, mid-range and reduced ejection
fraction: an analysis of the ESC Heart Failure Long-Term Registry,”
European Journal of Heart Failure, vol. 19, no. 12, pp. 1574-1585, Apr.
2017, doi:https://doi.org/10.1002/ejhf.813.

Z. Zhang et al., “Artificial Intelligence-Enhanced Echocardiography for
Systolic Function Assessment,” Journal of Clinical Medicine, vol. 11, no.
10, p. 2893, May 2022, doi: https://doi.org/10.3390/jcm11102893.

M. Alhussein and M. X. Liu, “Deep Learning in Echocardiography
for Enhanced Detection of Left Ventricular Function and Wall Motion
Abnormalities,” Ultrasound in Medicine and Biology, May 2025, doi:
https://doi.org/10.1016/j.ultrasmedbio.2025.03.015.

N. Raissi-Dehkordi, N. Raissi-Dehkordi, and B. Xu, “Contemporary
applications of artificial intelligence and machine learning in echocar-
diography,” npj Cardiovascular Health, vol. 2, no. 1, Jun. 2025, doi:
https://doi.org/10.1038/s44325-025-00064-8.

D. Ouyang et al., “Video-based Al for beat-to-beat assessment of cardiac
function,” Nature, vol. 580, no. 7802, pp. 252-256, Mar. 2020, doi:https:
//doi.org/10.1038/s41586-020-2145-8.

S. Leclerc et al.,, “Deep Learning for Segmentation Using an Open
Large-Scale Dataset in 2D Echocardiography,” IEEE Transactions on
Medical Imaging, vol. 38, no. 9, pp. 2198-2210, Sep. 2019, doi:
https://doi.org/10.1109/tmi.2019.2900516.

P. Decoodt, D. Sierra-Sosa, L. Anghel, G. Cuminetti, E. D. Keyzer, and M.
Morissens, “Transfer Learning Video Classification of Preserved, Mid-
Range, and Reduced Left Ventricular Ejection Fraction in Echocardio-
graphy,” Diagnostics, vol. 14, no. 13, pp. 1439-1439, Jul. 2024, doi:
https://doi.org/10.3390/diagnostics14131439.

D. Kondratyuk et al., “MoViNets: Mobile Video Networks for Efficient
Video Recognition,” arXiv:2103.11511, Apr. 2021. https://arxiv.org/abs/
2103.11511

V. Bergholm et al., “PennyLane: Automatic differentiation of hybrid
quantum-classical computations,” arXiv (Cornell University), Nov. 2018,
doi: https://doi.org/10.48550/arxiv.1811.04968.

S. Raschka, “MLxtend: Providing machine learning and data science
utilities and extensions to Python’s scientific computing stack,” Journal
of Open Source Software, vol. 3, no. 24, p. 638, Apr. 2018, doi:https:
//doi.org/10.21105/joss.00638.

M. Schuld and N. Killoran, “Is Quantum Advantage the Right Goal for
Quantum Machine Learning?,” PRX Quantum, vol. 3, no. 3, Jul. 2022,
doi: https://doi.org/10.1103/prxquantum.3.030101.

[20]

[21]

[22]

[23]

[24]

[25]

Y. Wang, B. Qi, C. Ferrie, and D. Dong, “Trainability enhancement
of parameterized quantum circuits via reduced-domain parameter ini-
tialization,” Physical Review Applied, vol. 22, no. 5, Nov. 2024, doi:
https://doi.org/10.1103/physrevapplied.22.054005.

Y. Chen et al, “Enhanced natural parameterized quantum cir-
cuit,” Physical Review Research, vol. 7, no. 1, Feb. 2025, doi:
https://doi.org/10.1103/physrevresearch.7.013221.

Z.Holmes, K. Sharma, M. Cerezo, and P.J. Coles, “Connecting Ansatz Ex-
pressibility to Gradient Magnitudes and Barren Plateaus,” PRX Quantum,
vol. 3, no. 1, Jan. 2022, doi: https://doi.org/10.1103/prxquantum.3.010313.
S. Sim, P. D. Johnson, and A. Aspuru-Guzik, “Expressibility and
Entangling Capability of Parameterized Quantum Circuits for Hybrid
Quantum-Classical Algorithms,” Advanced Quantum Technologies, p.
1900070, Oct. 2019, doi: https://doi.org/10.1002/qute.201900070.

A. Saha, S. Gupta, S. K. Ankireddy, K. Chahine, and J. Ghosh, “Exploring
Explainability in Video Action Recognition,” arXiv.org, Apr. 13, 2024.
https://arxiv.org/abs/2404.09067 (accessed Jun. 10, 2024).

V. Singh, M. Pencina, A. J. Einstein, J. X. Liang, D. S. Berman, and P.
Slomka, “Impact of train/test sample regimen on performance estimate
stability of machine learning in cardiovascular imaging,” Scientific
Reports, vol. 11, no. 1, Jul. 2021, doi: https://doi.org/10.1038/s41598-
021-93651-5.



