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SUMMARY

Artificial intelligence (AI) is rarely directly used in patent foramen ovale (PFO) diagnosis. In this study, an
AI model was developed to detect the presence of PFO automatically in both contrast transthoracic echo-
cardiography (cTTE) images and videos. The whole intelligent diagnosis neural network framework
consists of two functional modules of image segmentation (Unet, n = 1866) and image classification
(ResNet 101, n = 9152). Finally, another test databases, including 20 cTTE videos (4609 cTTE images),
was used to compare the RLS classification model accuracy between AI model and different levels of phy-
sicians. The Dice similarity coefficient of left chamber segmentation model of cTTE images was 91.41%,
the accuracy of PFO-RLS classification model of cTTE images was 83.55%, the accuracy of PFO-RLS
classification model of cTTE videos was 90%. Besides, the AI diagnosis time was significantly shorter
than doctors (at only 1.3 s).

INTRODUCTION

The foramen ovale is an indispensable component of the fetal circulation. If it has failed closure after birth, the remaining fissure-like channel is

called the patent foramen ovale (PFO). PFO has been reported to be closely associated with a variety of diseases, including migraine,1 tran-

sient ischemic attack (TIA),2 cryptogenic stroke,3 peripheral arteriovenous embolism, and decompression sickness.4 The incidence of PFO in

young people with cryptogenic stroke is up to 46%5 compared with 20–25% in the general population.6 Recently, four large randomized

controlled trials (RCTs)3,7–9 have shown that transcatheter PFO closure is superior tomedical therapy alone in reducing the risk of stroke recur-

rence. Therefore, it is essential to diagnose PFO quickly and accurately.

PFO ismainly examined and diagnosed by echocardiography combinedwith contrast of right heart, including contrast transthoracic echo-

cardiography (cTTE), contrast transoesophageal echocardiography (cTEE), contrast-enhanced transcranial Doppler (cTCD).6 Although cTEE

examination can clearly show the structure (of atrial septum around the fossa ovalis), size and type of the PFO, and is considered the ‘‘gold

standard’’ for the diagnosis of PFO.6 But cTEE is a semitraumatic and painful examination requiring oropharyngeal intubation. Besides, during

the examination, it is difficult for patients to cooperate when carrying out the Valsalva maneuver (VM). The cTEE RLS detection rate and shunt

are lower than cTTE.10,11 The sensitivity of cTCD is 68%–100% in the diagnosis of RLS. The disadvantage of cTCD is difficult to distinguish the

source of RLS, which is often used to rule out a diagnosis of negative PFO in clinical practice. cTTE can display the cardiac structure and

achieve high diagnostic sensitivity in PFO detection with sufficiently successful VM. Moreover, cTTE can distinguish the source of RLS accord-

ing to the time of microbubble appearance in the left chambers, which has been widely used in clinical practice.6

However, the accuracy of these examination results depends toomuch on the diagnostic experience of echocardiographers, and there are

differences in the diagnosis accuracy among different level of physicians. It is well known that it has a shortage of physicians in China. In 2020,

there were only 2.41 licensed physicians per thousand residents,12 while the international average was 3.6 per thousand residents.13 By the

end of 2020, only 5.7% of practicing physicians had senior professional titles in China, and 15.6% of practicing physicians had associate pro-

fessional titles (data from the 2021 China Health Statistical Yearbook12). These findings established that there is an even greater deficit of

experienced senior physicians in China. Moreover, performing simultaneous hierarchical diagnosis of PFO-RLS is time-consuming, requiring

physicians to playback videos frame by frame, which greatly increases the time of diagnosis. Fortunately，with the rapid development of
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Table 1. Basic information of cTTE images and videos

Variable cTTE images cTTE videos

Disease [PFO (%)/Normal (%)] 1389(74.4%)/477(25.6%) 15(75%)/5(25%)

Sex [Male (%)/Female (%)] 272(39.2%)/422(60.8%) 4(20%)/16(80%)

Age (Year) 31.0 G 8.76 42.1 G 9.58

Manufacturer Philips EPIQ 7C (Probe S5-1,1-5MHz) Philips EPIQ 7C (Probe S5-1,1-5MHz)

Heart beat rate 79.34 G 9.46 78.85 G 8.51

Systolic/Diastolic blood pressure (mmHg) 128.43/80.23 124.10/81.95

Patient’s height(cm) 167.35 G 6.47 163.25 G 5.67

Patient’s weight (Kg) 56.25 G 7.56 59.75 G 8.01

Spatial Size of 2D images(pixels) 800 3 600 800 3 600

Video length(frames) / 230 G 120

Data are represented as mean G SD.

Unless otherwise specified, data in parentheses are percentages.
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artificial intelligence, AI-assisted diagnosis has also been integrated into ultrasonic diagnosis field, which can replicate the diagnosis and

treatment experience of senior physicians, thus helping physicians achieve higher diagnostic efficiency, save time and optimize the whole

diagnosis process.

Now, AI-assisted ultrasonic diagnosis with the help of deep learning and computer vision has become a hot research topic. For example,

ref. 14 proposed an ultrasound localization microscopy (ULM) method based on sub-pixel CNN to promote the performance of localizing mi-

crobubbles and achieve good results. Pu15 proposed an automatic fetal ultrasound standard plane recognition model based the fusion of

CNN and RNN in the IIoT environment and realized precise localization and tracking of fetal organs across frames. Ning16 proposed a sa-

liency-guided morphology-aware Unet model for lesion segmentation in breast ultrasound images and extensive experiments on five data-

sets demonstrate high performance and robustness. Hassan17 proposed an automated prostate cancer classification algorithm based on

CNN, which generates a maximum accuracy of 97% on ultrasound images and 80% on MRI images. Rhyou18 proposed an end-to-end multi-

step network called CirrhosisNet that includes two transfer-learned convolutional neural networks for semantic segmentation and classifica-

tion tasks, which achieved an accuracy of 99.95%, a sensitivity of 100%, and a specificity of 99.9%on the SamsungMedical Center dataset using

8 3 8 pixels-sized m-patches.

The previous related work has provided useful research ideas. To achieve higher accuracy and stability of PFO diagnosis, we established a

team of echocardiographers to provide example labeling and final validation of the AI training. We propose an AI model based on Unet and

Resnet101 network models for diagnosing PFO based on cTTE images, which provides a tool for assisting diagnosis of PFO in the clinical.

RESULTS

The PFO machine learning database included 1866 cTTE images and 20 cTTE videos. The basic information is shown in Table 1.

Target image determination (cTTE image left chamber segmentation)

The average Dice similarity coefficient of the evaluation index for left chamber segmentation model in the cTTE images was 91.41%, the

average accuracy was 99.09%, the average recall was 89.55%, the average positive predictive value (PPV) was 93.97%, and the average

input/output unit (IOU) percentage was 84.45%. See Figure 1 for the schematic diagram comparing left chamber expert annotation and

AI segmentation. See the Videos S1, S2, S3, S4, S5, and S6 for the demonstration of the left chamber segmentation model effect of video

in the test set.

Classification model of disease degree (cTTE image RLS grade)

The AI rate of correct PFO-RLS classificationmodel of cTTE images was 83.55%. The classification model evaluation indexes of different PFO-

RLS categories are shown in Table S1. The classification model accuracy for PFO-RLS grades 0 and 3 was higher, at 96.1% and 93.4%, respec-

tively, while the classification model accuracy for PFO-RLS grades 1 and 2 was relatively low, at 73.9% and 70.8%, respectively. The confusion

matrix of the cTTE image test group is shown in Table 2, and the ROC for the diagnosis of PFO is shown in Figure 2. Figure 3 shows the com-

parison between experts andAI in terms of the original cTTE images accurately identified by RLS classificationmodel diagnosis and those that

were incorrectly diagnosed.

Classification model of disease degree (cTTE video RLS grade)

Based on the PFO-RLS grade of the cTTE video judged by experts as the gold standard, the accuracy rate of the AI for cTTE video

classification model was 90%, and the time required for diagnosis was significantly shorter in comparison to the time required by experts
2 iScience 27, 111012, November 15, 2024



Figure 1. Schematic diagram of left chambers segmentation model of different grade of PFO-RLS cTTE images by AI

Yellow represents the region of the left chambers by the expert, red represents the region of the left chambers by the neural network, and green represents the

right region of the left chambers predicted by the neural network.
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(1.214 G 0.648s vs. 37.43 G 29.52s). The diagnosis accuracy rate of intermediate-level physicians was 90%, with a diagnosis time of 32.44 G

25.60s, while the accuracy rate of junior physicians was 80%, with a diagnosis time of 56.49G 40.29s (as shown in Table 3). The confusionmatrix

of the cTTE video test group is shown in Table S2.

The physicians needed different amounts of time to diagnose different grades of PFO-RLS. It took them less time to determine PFO-RLS

grades 0 and 3 and more time to determine PFO-RLS grades 1 and 2, up to 186.80 s. The same trend was observed in different groups of

physicians with different levels of experience (as shown in Figure 4). The AI was consistent with intermediate-level physicians in terms of diag-

nostic accuracy, but the time required for the AI to make a diagnosis was significantly shorter: the diagnosis could be completed within 1.3 s,

the repetition performance was good, and the performance did not differ by the PFO-RLS grade.

Interobserver and intraobserver consistency

Both the experts and the AI had a high degree of consistency in judging the PFO-RLS grade, with a kappa value of 0.800. The kappa value for

the experts and the intermediate-level physicians was 0.867. The kappa value for the expert and junior physicians was 0.733. The expert intra-

observer kappa value was 0.867, and the results of the two AI grades were identical, with a kappa value of 1.

DISCUSSION

In this study, a deep learningmodel based on cTTE images for segmentation of the left chambers and PFO-RLS classification was established.

The segmentation model accuracy of the target left chambers was 91.41%, the RLS classificationmodel accuracy of cTTE images was 83.55%,

and the RLS classification model accuracy of cTTE videos was 90%. The AI was able to make the diagnosis of the PFO-RLS grade within 1.3 s,

which was highly consistent with the expert diagnosis results. Therefore, AI has the potential not only to greatly reduce the diagnosis time but
iScience 27, 111012, November 15, 2024 3



Table 2. PFO-RLS classification model results using a deep learning network

AI Prediction

– – RLS-grade 0 RLS-grade 1 RLS-grade 2 RLS- grade 3

– RLS-grade 0 438 18 0 0

PFO RLS-grade 1 24 337 86 9

– RLS-grade 2 1 73 323 59

– RLS-grade 3 0 0 30 426

– – – – – –

Confusion matrix presenting PFO-RLS classification model results of the 1824 echocardiograms included in the study. Every row of the matrix corresponds with

the actual view presented to the deep learning algorithm and each row sums up to a total of 456 subjects. The values in each column correspond to the view

prediction output by the deep learning network.
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also to improve the diagnosis accuracy in clinical practice, which provides amore efficient and accuratemethod for use by clinicians (especially

inexperienced junior physicians) when diagnosing PFO.

AI has been widely used in various parts of themedical field, and some preliminary explorations have beenmade in the specialized field of

echocardiography. James et al. and other experts from several institutions have successfully constructed an AI model to automate the mea-

surement of end-diastolic left ventricular anterior and posterior diameter (LVIDd), and the measurement error is close to the level of expert

measurement.19 Ivar 20 succeeded in automatically identifying three standard apical views, tracking themyocardium, performingmotion esti-

mation, andmeasuringGLSwithout any operator input andwith fully automatedmeasurements based onAI. AI was also used to segment the

mitral annulus in 3D transoesophageal echocardiography.21 In terms of disease diagnosis, a recent large-scale multicentre study used two-

dimensional and color Doppler video learning to assist in the diagnosis of heart valve stenosis and insufficiency,22 and this system achieved

good recognition and diagnostic effects. At present, AI in the field of echocardiography mainly focuses on the identification and measure-

ment of cardiac chamber diameter and function indexes, while there are few studies on AI used directly for disease diagnosis. In this study, DL

model based on cTTE images for PFO diagnosis was proposed. The accuracy of our DL model for the segmentation of left chambers was

91.41%, and the accuracy of disease classification was 90%. There was a previous study on the diagnosis of PFO based on cTTE videos.23

An EchoCP dataset was established in that study, and part of images in the cTTE video was captured to segment the four chambers. The

UNet neural network was used for training, and its segmentationmodel accuracy was 89% andRLS classification accuracy was 67%. Compared

with the EchoCP dataset, our study has higher image segmentation and classification accuracy. The analytical reasons may include the

following points: (1) The EchoCP dataset adopts gray values for classification model, while in our study, the original image is directly selected

to reduce image loss, and theAImodel can obtainmore original information from the image. (2) In ourmodel, a series of complete and contin-

uous static frame images in cTTE video is selected to retain more original information. (3) Our model more closely mimics the way clinicians

think about disease diagnosis. Therefore, AI model obtain deeper image information and avoid network degradation phenomena by intro-

ducing channel attention and spatial attention mechanisms. Our AI model, which is based on classic ResNet-101 as a network, considering

both the importance of different channels of pixels and the importance of different locations on the same channel pixels to achieve the pur-

pose of characteristic elaboration. Thus, relatively high classification model accuracy can be obtained.
Figure 2. Receiver operating characteristic curves for the DL model’s predictions of negative and positive diagnosis of PFO, and PFO-RLS class

4 iScience 27, 111012, November 15, 2024



Figure 3. The original image comparison diagram of RLS classification model of cTTE static images by experts and AI

(A–D) indicates that AI is consistent with RLS grade results judged by experts; E and F indicates that the AI is inconsistent with the RLS grade results judged by

experts.
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We used the Unet to segment cTTE images. This choice is based on the excellent design of Unet in the field of biomedical image pixel-

level segmentation, especially adept at dealing with image challenges such as low contrast, high noise, and complex structures, which are

precisely reflected in ultrasound images. The skip connection mechanism of Unet skillfully transfers the features of the encoder directly to

the corresponding layers of the decoder, ensuring the complete preservation of key edge and texture information during image reconstruc-

tion. This is particularly crucial for accurately identifying the heart boundaries in ultrasound images. In addition, compared to other complex
Table 3. Diagnostic accuracy and diagnostic time of PFO-RLS classification model by different levels of physicians

Group Accuracy

Average

Diagnosis time

（s)

PFO grade 0

Diagnosis time

（s)

PFO grade 1

Diagnosis time

（s)

PFO grade 2

Diagnosis time

（s)

PFO grade 3

Diagnosis time

（s)

AI 17/20(85%) 1.214 G 0.648c,b,a 1.241 G 0.840c,b,a 1.205 G 0.631c,b,a 1.211 G 0.687c,b,a 1.198 G 0.494c,b

Experts 20/20(100%) 37.43 G 29.52c 17.37 G 12.94c 73.21 G 19.36 51.79 G 9.67c 7.17 G 4.26c

intermediate-Level physicians 18/20(90%) 32.44 G 25.60c 14.94 G 8.79c 41.37 G 13.43c 52.28 G 30.64c 21.18 G 25.25c

junior physicians 16/20(80%) 56.49 G 40.29 28.91 G 15.06 70.10 G 25.79 84.59 G 51.94 42.35 G 35.98

Experts:>10 years of experience, intermediate-level physicians: 5–10 years of experience, and junior physicians:<5 years of experience.

Diagnosis time data are represented as mean G SD.

Unless otherwise specified, data in parentheses are percentages.
ameans that it takes less time than expert, ap < 0.05.
bmeans that it takes less time than intermediate-level physicians, bp < 0.05.
cmeans that it takes less time than junior physicians,cp < 0.05.

iScience 27, 111012, November 15, 2024 5



Figure 4. Comparison of the time required for diagnosis of PFO-RLS classification model between physicians with different seniority and AI

* indicates a statistically significant difference between the two groups.
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network structures, Unet is simpler and more direct, effectively reducing the training time and computational resource consumption. In the

PFO classification task, we adopted the ResNet-101. It successfully solved the problem of vanishing gradients by introducing residual blocks,

making it possible to train deep neural networks with hundreds of layers. The design of residual blocks allows the input to be directly passed

to the output through skip connections, effectively preventing performance degradation in deep networks and significantly improving

training efficiency and model performance. Especially in image classification tasks, ResNet has shown excellent performance. Using the

pre-trained ResNet-101 model, we achieved fast and high-precision image classification with transfer learning technology, which greatly

saved training time and improved classification accuracy. We also explored various other architectures during our research, including Atten-

tion UNet, VGG, EfficientNet, EfficientNetV2, ResNet-34, ResNet-50, etc. After a comprehensive comparison of model performance,

including accuracy, training time, and resource consumption, we ultimately selected Unet and ResNet101 as our preferred models.

In this study, the accuracy rate of the AI model for judging PFO-RLS classification in cTEE videos reached 90%, which was better than

junior physician group and equal to intermediate-level physician group. Although there is no great advantage in the accuracy of PFO diag-

nosis, the AImodel does greatly shorten the required diagnosis time.When physicians evaluate the PFO-RLS grade, it takes a short time for

them to judge the RLS grades 0 and 3 because when there are no microbubbles or when there are a large number of microbubbles in the

left chambers, the image characteristics are obvious, and easy to identify, and it is unnecessary to spend time counting themicrobubbles in

the left chambers. We confirmed this in our study. The classification model accuracy of our AI model in judging PFO-RLS grades 0 and 3 is

extremely high and is equal to expert. However, for RLS grades 1 and 2, it takes a long time for physicians to make a judgment, up to 3 min,

because when the number of microbubbles is intermediate, clinicians need to make repeated comparisons when judging RLS grade, and

must select the image with the largest number of microbubbles in the left chambers in the video andmake a final judgment by counting the

microbubbles. The classification model accuracy in judging PFO-RLS grades 1 and 2 was 73.9% and 70.8%, respectively, which were signif-

icantly reduced. Reviewing the incorrectly classified images or the corresponding videos, we find that it is most difficult to determine the

classification when there are approximately 10 left chambers microbubbles and because the images lose the correlation between the

frames before and after the video. It is difficult to identify microbubbles when they are clustered or close to the left ventricular endocardial

surface, and the small diameter weak echo of microbubbles also increases the difficulty of identification. Therefore, the average image

classification accuracy in diagnosing PFO-RLS at all grades was not significantly better than middle and senior-level physicians. Influenced

by many factors, the consistency of the two diagnoses made by the same physician will also decrease. It is mentioned earlier in this article

that the intraobserver consistency kappa value was 0.867, and that the AI model was basically able to reach 100%. This highlights one of the

great strengths of AI, which is that the time it takes to make a diagnosis is independent of these extrinsic factors and is reproducible. The

average diagnosis time was approximately 1.3 s, and the repeatability test results produced basically the same result. We found 2 cases of

incorrect diagnosis made by the AI model, which may be due to left atrial ultrasound artifacts or to the interference of large chordae ten-

dineae and papillary muscle echo in the left ventricular endocardial muscle trabeculae and left cardiac cavity, leading to the incorrect iden-

tification of microbubbles. At the same time, we also found that the AI correctly classified it in one of the cTTE videos after PFO closure,
6 iScience 27, 111012, November 15, 2024



Figure 5. Flow chart of database establishment and image annotation
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which indicates good prospects for the DLmodel to also be applicable to patients after PFO closure in the future, which needs to be further

explored in large-scale studies.

Limitations of the study

There are some limitations in this study. First, the establishment of the PFO database from a single research center, but multicentre large

sample data would bemore helpful to improve the accuracy of themachine learning. Second, the segmentation model and RLS classification

model of cTTE images of the left chambers were based on the results of expert labeling and diagnosis as the gold standard. In the cTTE video

test set, physicians were able to observe the preceding and subsequent frames to better identify microbubbles, while the AI judgment results

were only based on static imageswithout a continuous relationship between images. Third, this study only used ultrasound instruments from a

single manufacturer to collect, screen, and establish a cTTE images database, which may mean the findings are not applicable to ultrasound

instruments made by different manufacturers. Finally, the AI model was only used to perform simple RLS classification model for PFO, but it

could not accurately show the number of microbubbles on the image for accurate quantitative analysis, which is an aspect we intend to

address with the direction of our future research.

Conclusions

In this study, an AImodel was proposed for PFOdiagnosis based on cTTE images. The accuracy rate of left chamber segmentationmodel was

91.41%, the accuracy rate of RLS classificationmodel of cTTE images was 83.55%, the accuracy rate of RLS classification model of cTTE videos

was 90%, and the AI diagnosis time was significantly shorter than doctors (at only 1.3 s).

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Yingying Liu (yingyingliu@ext.jnu.edu.cn).
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Figure 6. System pipeline

The neural network contains 1866 cTTE images. In the image segmentation model part, 1681 images were used for training the network and 185 images were

used for testing the network. For the image classification model part, 7328 images were used for training the network and 1824 images were used for testing the

network. Finally, we evaluated the performance of the network on a dataset of 20 cTTE videos marked by 2 experts.
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Materials availability

This study did not generate new unique reagents.

Data and code availability

� Data are not publicly shared but is available upon reasonable request from the lead contact.
� All original code has been deposited at Mendeley Data and is publicly available as of the date of publication. DOIs are listed in the key resources table

(https://github.com/Mjiegu/PFO_AIdis).
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

Python van Rossum,24 https://www.python.org/

Pytorch Paszke et al.25 https://pytorch.org/

opencv Bradski et al.26 https://opencv.org/

numpy Harris et al.27 https://numpy.org/

Scikit-learn Pedregosa et al.28 https://scikit-learn.org/stable/index.html

Code for this paper Gu.29 https://github.com/Mjiegu/PFO_AIdis
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

The cTTE images and videos used in this study originated from patients clinically suspected of PFO with underwent cTTE and cTEE exam-

ination in the outpatient or inpatient department of Shenzhen People’s Hospital between 2018 and 2021. This study was approved by the

ethics committee of Shenzhen People’s Hospital, and participants provided written informed consent.
METHOD DETAILS

Establishment of the cTTE images database

Our study is of the retrospective nature. The measurement instrument was a Phillip EPIQ7C system (Philips Ultrasound, Bothell, WA, USA)

equipped with an S5-1 probe, frequency 1–5 MHz, and an X7-2T probe, frequency 2–7 MHz. A total of 694 persons with cTTE videos were

selected, including 386 PFO-RLS-positive and 308 PFO-RLS-negative patients. Two experts analyzed 694 cTTE videos frame by frame and

randomly selected imageswith adequate quality to establish the cTTE images database for training and testing theDL networks. Additionally,

according to the PFO-RLS grading results from 694 cTTE videos, two experts randomly selected 5 cTTE videos from each grade (20 videos in

total) as another test database. Data from the cTTE video database were not included in the establishment of the cTTE image database.

Inclusion criteria

1. Apical four-chamber view of the heart was complete. 2. The endocardial boundary of the left chambers could be identified. 3. The image

was selected from the point after which the right chambers were filled with microbubbles.

Exclusion criteria

1. Partial segmental loss of the left ventricle (more than 1 segment) in the apical four-chamber view. 2. The left atrial or left ventricular endo-

cardial boundaries were indistinct and could not be identified due to significant ultrasound artifacts. 3. Structures such as large papillary mus-

cles and chordae tendineae in the left ventricle that interfered with microbubble identification were excluded as much as possible.

For PFO-RLS-negative patients, 1–2 images were randomly captured in each video, while for PFO-RLS-positive patients, 3–4 images

showing more microbubbles in the left chambers were randomly captured in each video. Finally, a total of 1866 cTTE images were included

in the database (see Figure 5 for details). A cTEE examination was selected as the gold standard for the diagnosis of PFO.

Labeling of images

A multi-person online collaborative labling system based on IOS system has been developed to support the special requirements of the ul-

trasonic diagnostic images. The original imageswere uploaded to the system in JPG format, and 2 experts annotated segmentation of the left

chambers and classified the left chambermicrobubbles in the 1866 images. The left chambers were labeled to divide the heart cavity region of

the left atrium and left ventricle along the endocardial surface. The chordae tendineae, papillary muscles, and muscle trabeculae that may

occur in the mitral valve and left ventricle were all divided into the left chambers. Left ventricular microbubbles were graded by the number

of microbubbles in the left chambers on a single frame image at rest.30,31 The grade was as follows: PFO-RLS grade 0 indicated no micro-

bubbles in the left chambers; PFO-RLS grade 1 indicated <10 microbubbles/frame in the left chambers; PFO-RLS grade 2 indicated 10–30

microbubbles/frame in the left chambers; and PFO-RLS grade 3 indicated >30microbubbles/frame in the left chambers, or that the left cham-

bers were almost full of microbubbles and the heart chamber appeared cloudy. In this study, the grading assigned by the two experts resulted

in the following quantities of images: PFO-RLS grade 0, 477 images; PFO-RLS grade 1, 286 images; PFO-RLS grade 2,345 images; and PFO-

RLS grade 3, 758 images (see Figure 5 for details).
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The 20 cTTE videos were divided into RLS categories by two experts. The experts reviewed the videos frame by frame in QVue

software (Philips Ultrasound, Bothell, WA, USA), and identified the iframe with the largest number of microbubbles, recorded the

number of microbubbles observed in the left heart cavity of the frame to perform RLS classification model, and recorded the time

required for diagnosis. Where there were doubts about the classification, the decision was discussed by the two experts and made

in consensus.

Dataset allocation

cTTE images target left chamber segmentation

From the 1866 images, 185 imageswere randomly selected according to the different RLS grades as the test set to test the performance of the

segmentation model, and the rest were used as the training set to develop the AI model.

cTTE images PFO-RLS classification

The 1866 segmented images augmentation through translation, rotation, and other operations to obtain 2288 images of RLS for each grade,

and the final 9152 images. From the 9152 images, 456 images were randomly selected according to the different RLS grades (1824 images in

total) as the test set to test the performance of the classification model, and the rest were used as the training set to develop the AI model.

Deep learning model

The whole intelligent diagnosis neural network framework consists of two functional modules of image segmentation and image

classification.

In the image segmentation stage, we first cleaned the obtained data to eliminate duplicate data and obtained the final 1866 cTTE images.

Then, to improve the convergence speed of themodel, we normalized and scaled the cleaneddata. As the ResNet-101 networkwe usedwas a

deep network with complex parameters, more data are needed for image classificationmodel to avoid overfitting. Therefore, the segmented

images augmentation through translation, rotation, and other operations to obtain the final 9152 images. Similarly, we normalized and scaled

the data to improve the convergence speed of the model.

Image segmentation-Unet neural network model

First, the cTTE images were input to the network coding layer, and the features of the left chambers in the imagewere extracted by the convo-

lution pooling operation to generate a series of feature maps. Then, these feature maps were decoded. During this process, to improve the

accuracy of feature extraction, Unet splices the featuremaps of the coding layer and the decoding layer by jumping connections so that it can

merge the feature maps from different stages. The final output of the segmented left chamber region binary map is shown in the Figure S1.

Image classification–ResNet 101 neural network model

First, the segmented left chamber image was input into ResNet-101. The image was convolved through the convolutional layer to extract the

regional features of the left chambers. Second, multiple deep convolutional blocks were used to learn the acquired features. At the same

time, the short connections in the network were able to span several layers, and the input features could be directly mapped to the output

so that the network was not degraded during the training process. Then, in the last layer of the convolution block, the weight of the acquired

feature information was reallocated. Finally, the extracted features were classified by average pooling (see Figure S2).

Figure 6 shows the whole train and test process of image segmentationmodel and image classificationmodel. DL was performedwith the

Python 3.7 programming language.

Model testing

Image segmentation

The 1866 images were randomly divided into 10 groups, and each group contained 4 levels of different RLS grades. The 10-fold cross-vali-

dationmethod was used, amongwhich 9 groups were used as the training set for developing themodel, and the others were used as the test

set for testing the performance of the model. This process was iterated, and the 10 performance evaluation metrics obtained are averaged.

left chamber segmentation and PFO-RLS classification

A test dataset is a set of images that the AI has not encountered during training. For this study, the test images were obtained by static

frame conversion from 20 cTTE videos from the echocardiography room of our hospital. The test images were selected independently

of the training set and were graded by the two experts according to the PFO-RLS grading categories. Each cTTE video was converted

into static images by using QVue software. Twenty cTTE videos were converted into 4609 images, and then the converted images of

each cTTE video were entered into the final neural network model for left chamber segmentation and PFO-RLS classification. The final

result was the classification number for at least 3 consecutive frames and the identification of the category with the highest classification

number. The final output was the image with graded label color added, and the diagnosis time required for processing the cTTE video

was recorded.
12 iScience 27, 111012, November 15, 2024



ll
OPEN ACCESS

iScience
Article
Evaluations of experts and physicians

The evaluations of the experts, the intermediate-level physicians, and the junior physicians recruited for this study were tested against the

evaluations of the AI model. The 6 ultrasound physicians who were recruited for this task were divided into different levels according to

their experience, including (from the most to least experienced) expert physicians (>10 years of experience), intermediate-level physicians

(5–10 years of experience), and junior physicians (<5 years of experience). We randomly selected 20 cTTE videos from the ultrasoundmedical

center of Shenzhen People’s Hospital to compare and evaluate differences in diagnostic performance between the AI and different levels of

physicians.
QUANTIFICATION AND STATISTICAL ANALYSIS

Continuous variables are expressed as themeanG SD. Categorical variables are presented as a number and percentages (%). One-way anal-

ysis of variance (ANOVA) was used to compare the differences in PFO diagnosis time between different the different physician expertise

groups and the AI. Interobserver and intraobserver consistency was evaluated by using the kappa test. p < 0.05 was considered to indicate

statistical significance. Statistical analyses were performed using IBMSPSS V.20.0 software. The evaluation index of theDLmodel and receiver

operating characteristic (ROC) curve production were performed by using Python 3.7 software.
ADDITIONAL RESOURCES

This study did not use any type of experimental models. The study was conducted with the approval of the Medical Ethics Committee of

Shenzhen People’s Hospital (reference number: LL-KY-202182). During the retrospective collection process, personal information that could

identify individuals was eliminated. The informed consent was signed by all patients.
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