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ABSTRACT
Background: Infective Endocarditis (IE) is a life-threatening condition that re-
quires rapid and accurate diagnosis. Transesophageal Echocardiography (TEE) is the 
gold standard for detecting valve vegetations; however, its interpretation is highly 
operator-dependent and particularly challenging in patients with prosthetic valves. 
Recent advances in artificial intelligence, especially deep learning, offer opportuni-
ties to improve diagnostic accuracy and reduce observer variability. 
Objective: This study aimed to evaluate the performance of deep learning–based 
models for detecting vegetations in TEE images to support the diagnostic workflow 
of IE.
Material and Methods: In this retrospective experimental study, a Faster 
Region-based Convolutional Neural Network (Faster R-CNN) was implemented to 
localize valve vegetations in TEE images. Four model configurations were devel-
oped using DenseNet121 and ResNet50 backbones, each trained in frozen and fine-
tuned modes. All models were pretrained on RadImageNet. The dataset consisted of 
1,000 annotated TEE frames acquired from both native and prosthetic heart valves. 
Results: The fine-tuned DenseNet121 model achieved the best performance, 
with a mean Average Precision (mAP) of 0.653 and an Area Under the Curve 
(AUC) of 0.858. Its frozen version demonstrated lower performance (mAP=0.416, 
AUC=0.640). The fine-tuned ResNet50 model reached a mAP of 0.593 and an AUC 
of 0.789, while the frozen ResNet50 showed the lowest performance (mAP=0.403, 
AUC=0.601).  
Conclusion: Both fine-tuned DenseNet121 and ResNet50 models demonstrated 
effective localization of valve vegetations in TEE images, with comparable IoU per-
formance. Although DenseNet121 showed superior classification accuracy, the simi-
lar localization results highlight the potential of both models as physician-assistive 
tools for enhancing IE diagnostic workflows.
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Introduction

Infective Endocarditis (IE) remains a life-
threatening condition, with vegetations 
representing a key lesion in both native 

and prosthetic valves [1]. Early and accurate 
detection of IE is essential to reduce com-
plications and improve patient outcomes, as 
delayed diagnosis is associated with worse 
clinical prognosis [2]. Although diagnostic 
methods have advanced, current techniques, 
including Transthoracic Echocardiography 
(TTE), Transesophageal Echocardiography 
(TEE), blood cultures, and other imaging mo-
dalities, still have important limitations [3]. 
These limitations include difficulty in detect-
ing small or prosthetic valve vegetations, op-
erator-dependent interpretation, inter-observer 
variability, and susceptibility to human error 
[Modified duke criteria represent the diag-
nostic gold standard for IE and guide clini-
cal decision-making, with echocardiography  
serving as a major criterion [4]. 

TEE is crucial for detecting endocardial in-
volvement and valve vegetations in IE; how-
ever, its diagnostic accuracy is limited in 
Prosthetic Valve Endocarditis (PVE) [5,6]. 
According to the duke criteria, blood culture 
constitutes the other major criterion. Recent 
studies suggest that Positron Emission Tomog-
raphy–Computed Tomography (PET/CT) and 
TEE outperform blood cultures in diagnosing 
IE, with diagnostic weights of 3.5 and 1.015, 
respectively, highlighting the central role of 
imaging in PVE diagnosis [7].

Misidentification of lesions on TEE can 
worsen clinical outcomes, as prosthetic valve 
artifacts, such as shadowing, reverberation, 
and motion noise, often obscure vegetations 
[8]. Despite the gold standard for IE imag-
ing, TEE has inherent limitations, including 
operator dependency, inter-observer variabil-
ity, and challenges in detecting small or pros-
thetic vegetations due to artifacts. In PVE, 
these limitations reduce echocardiographic 
sensitivity to 50%–70% [9,10]. Operator-
related variability remains significant, with 

studies reporting only moderate-to-low inter-
observer agreement, even among experienced 
echocardiographers, particularly for small or  
equivocal vegetations [11].

According to the 2023 ESC guidelines, PET/
CT can aid in PVE diagnosis, though it has 
limited sensitivity for small vegetations and 
may yield false-positive results due to early 
postoperative inflammation or prosthetic ar-
tifacts [12,13]. Moreover, PET/CT’s limited 
spatial resolution can lead to false negatives, 
especially for small vegetations or low-uptake 
infectious foci [10,14]. In native valve endo-
carditis, PET/CT sensitivity may be as low as 
31%, mainly due to small lesion size and low 
metabolic activity [12]. Delayed or missed de-
tection of vegetations, particularly in PVE, is 
associated with worse outcomes and increased 
morbidity and mortality [15].

The limitations of both TEE and PET/CT 
underscore the need for integrating Artificial 
Intelligence (AI) to enhance diagnostic accu-
racy in complex cases [10,16]. In this context, 
echocardiographic radiomics has emerged as a 
novel deep learning approach for disease de-
tection and classification [17,18]. Deep learn-
ing automatically extracts low-level features 
and constructs high-level representations, 
enabling the detection of complex imaging  
patterns [19].

Recent advances, particularly in Convolu-
tional Neural Networks (CNNs) and transfer 
learning, have transformed medical imaging 
analysis [19-21]. CNNs excel at automatical-
ly extracting intricate features from imaging 
data, making them highly effective for echo-
cardiographic radiomics [22]. Transfer learn-
ing leverages pre-trained models to reduce 
data requirements and training time, improve 
accuracy, and enable near real-time analy-
sis, thereby overcoming key limitations of  
conventional machine learning [21].

ResNet and DenseNet, recognized for their 
efficient feature extraction, are widely applied 
in medical imaging and have enhanced diag-
nostic performance across numerous tasks 
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[22,23]. ResNet addresses the vanishing gra-
dient problem via shortcut connections, mak-
ing it well-suited for high-resolution medical 
images and improving diagnostic precision 
[24-26]. DenseNet, in contrast, connects 
each layer to all subsequent layers, promot-
ing feature reuse and efficient gradient flow, 
achieving strong performance with fewer pa-
rameters [26,27]. Models are often initialized 
with ImageNet-pretrained weights to acceler-
ate training and improve generalization [24]. 
However, as ImageNet contains non-medical 
images, its features may not optimally transfer 
to clinical tasks. RadImageNet, with over 1.3 
million labeled medical images, enables mod-
els to learn features better suited for medical 
imaging. Pretraining ResNet or DenseNet on 
RadImageNet strengthens feature extraction 
in TEE, particularly for detecting subtle pat-
terns such as valve vegetations. Incorporating 
these backbones into Faster R-CNN has dem-
onstrated strong performance in ultrasound 
and echocardiographic analysis, supporting its 
use in TEE image interpretation [26,28].

In this study, we propose a novel deep learn-
ing-based radiomics framework using Faster 
R-CNN for valve vegetation detection in TEE. 
To our knowledge, this approach has not been 
previously evaluated. We hypothesize that it 
can significantly improve sensitivity and spec-
ificity, particularly in challenging cases like 
prosthetic valve endocarditis, leading to faster 
diagnosis and better clinical outcomes.

Material and Methods

Study Plan
This retrospective study included TEE im-

ages from 287 patients with confirmed IE and 
113 control subjects (August 2022–November 
2024, Rajaie Center), covering all types of 
heart valves. IE diagnoses were established 
based on the modified duke criteria and inde-
pendently verified by two expert echocardiog-
raphers to ensure accurate labeling of valve 
vegetations.

Patients were included if they had definite 
valve vegetations according to the modified 
Duke criteria, high-quality TEE images with 
visible lesions on any cardiac valve, and com-
plete agreement between two expert echocar-
diographers. Exclusion criteria included poor-
quality or incomplete images, missing clinical 
data, or the presence of adjacent prosthetic 
aortic and mitral valves, which could intro-
duce artifact-related diagnostic limitations.

TEE Views: For the assessment of 
valve vegetation

The following TEE views were used to assess 
valve vegetations: for the mitral valve, Mid-
Esophageal (ME) 2-chamber, ME 4-chamber, 
and ME long-axis views; for the aortic valve, 
ME long-axis and ME Aortic Valve (AV) 
short-axis views; for the tricuspid valve, ME 
4-chamber and ME short-axis views; and for 
the pulmonary valve, the ME Right Ventric-
ular (RV) inflow–outflow view. These views 
were selected to detect vegetations on both 
native and prosthetic valves. Figure 1 shows 
representative examples, with vegetations  
indicated by red arrows.

Selecting and Extracting Frames 
from the TEE Series

For each TEE view, the frame, in which the 
vegetation appeared largest and clearest, was 
selected, regardless of cardiac phase. To pre-
vent data leakage, only one frame per view 
per patient was used. All images were saved in 
uncompressed DICOM format using Python 
and SimpleITK, and only frames confirmed by 
two expert echocardiographers were included.

Bounding Mask
Each frame was preprocessed to correct ar-

tifacts using ImageJ. Vegetation masks were 
created in 3D Slicer (v5.6), saved in NRRD 
format, and converted to binary TIFF files us-
ing Python. Fan beam masks delineated the 
valid ultrasound region and were combined 
with vegetation masks to remove irrelevant 
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areas. Bounding boxes, defined as the small-
est rectangles surrounding non-zero regions, 

were generated for model training (Figure 2). 
Frames without vegetation were left unboxed. 

Figure 2: Visualization of mask generation and preprocessing steps. (a) Original 4-chamber 
Transesophageal Echocardiography (TEE) frame with a bioprosthetic mitral valve, (b) Manu-
al vegetation segmentation using 3D Slicer, (c) Extracted binary vegetation mask, (d) Binary  
fan-beam mask indicating the imaging field, (e) Overlay of masks and ground truth bounding 
box (yellow) on the original frame.

Figure 1: Representative Transesophageal Echocardiography (TEE) views with vegetations (red 
arrows). (a) Short-axis view of native tricuspid and aortic valves, (b) Mid-Esophageal (ME) 
2-chamber view of a mechanical mitral valve, (c) ME long-axis view of an aortic prosthesis and 
native mitral valve, (d) ME 4-chamber view of the native mitral valve, (e) ME Right Ventricular 
(RV) inflow-outflow view of the native pulmonary valve.
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Fan beam masks restricted input to the rel-
evant region, while empty labels trained the 
model to ignore frames without lesions.

Data Preprocessing 

Normalization
The selected TEE frames were preprocessed 

for classification by converting them to gray-
scale, applying a bilateral filter to reduce 
noise while preserving edges, normalizing 
pixel values to the range [0,1], and resizing to 
1024×1024 pixels to optimize computational 
efficiency and segmentation accuracy [29].

Data Augmentation
To enhance dataset diversity and improve 

model robustness, each image was augmented 
fivefold using carefully selected transforma-
tions [30, 31]. These transformations included 
elastic deformation to simulate probe-induced 
shape variations during acquisition, speckle 
distortion to introduce the grainy texture pro-
duced by sound-wave interference, reverbera-
tion simulation to mimic artifacts arising from 
reflective tissue interfaces, shadow simula-
tion to reproduce acoustic shadows caused 
by dense or bony structures, and multiplica-
tive noise to simulate device-related intensity 
variations.

Data augmentation was performed using 
Albumentations, applied only to the training 
set, and consistently applied to both images 
and corresponding masks. The total number of  
images was calculated as:
Total Images=Original Images×(Number of Augmentations+1)

Dataset Splitting
We employed Scikit-Learn’s stratified split-

ting to ensure balanced representation across 
the five TEE views. Because all images con-
tained vegetation masks, stratification by 
lesion presence was unnecessary. The da-
taset was divided into training (70%), valida-
tion (15%), and test (15%) sets, maintaining  
consistent view distribution to minimize bias.

Deep Learning Model Design
To evaluate the influence of backbone ar-

chitecture and training strategy, we imple-
mented four Faster R-CNN variants, all 
pretrained on RadImageNet. The models dif-
fered in backbone, comparing ResNet50 with 
DenseNet121, and in training mode, using ei-
ther frozen or fine-tuned parameters. This re-
sulted in four configurations: ResNet50 (fro-
zen), ResNet50 (fine-tuned), DenseNet121 
(frozen), and DenseNet121 (fine-tuned). 
All models were trained on the same data-
set under identical conditions to ensure a fair  
comparison.

Model Architecture
We employed Faster R-CNN with a Feature 

Pyramid Network (FPN) as the core detec-
tion model. Binary masks were converted into 
bounding boxes by enclosing all non-zero pix-
els, making them suitable for object detection 
training. The detection head included a Region 
Proposal Network (RPN), a classifier, and a 
bounding box regressor, enabling accurate  
localization of lesions across multiple scales.

Training Protocol
Training employed early stopping, terminat-

ing if the validation mAP did not improve for 
seven consecutive epochs (patience=7). 

Stochastic Gradient Descent (SGD) was 
used with a learning rate of 0.005, momentum 
of 0.9, and weight decay of 0.0001, based on 
prior studies and preliminary tuning. Batch 
sizes were adjusted per model to balance 
GPU utilization and training stability: 16 for 
fine-tuned DenseNet121, 20 for fine-tuned 
ResNet50, 24 for frozen DenseNet121, and 32 
for frozen ResNet50.

Evaluation Metrics
Only the original test images (without aug-

mentation) were used to ensure a fair and real-
istic evaluation. 

Two sets of metrics were employed to as-
sess both localization and classification  
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performance. For bounding box detection, we 
used mean average precision at an IoU thresh-
old of 0.5 (mAP@0.5) [32] and Intersection 
over Union (IoU) [33], as defined in Equations 
(1) and (2), respectively. To evaluate the mod-
el’s ability to discriminate between vegeta-
tion-positive and vegetation-negative frames 
(i.e., image-level classification), we calculated 
the F1 score and the Area Under the Receiver 
Operating Characteristic Curve (AUC-ROC).

Area of Overlap
Area of Union

IoU =              (Eq. 1)

N

i 1

1@ 0.5 APi
N

mAP
=

= ∑               (Eq. 2)

Workflow
The workflow comprised data preparation 

followed by Faster R-CNN training using ei-
ther ResNet50 or DenseNet121 backbones. 
Model performance was then evaluated on an 
independent test set using the defined metrics 
and ROC analysis (Figure 3).

Results

Patient characteristics
Among the 286 reviewed cases, 196 pa-

tients were included in the radiomics analy-
sis, 100 with native valves and 96 with pros-
thetic valves, to ensure balanced groups and 
consistent image quality. The mean age of the 
included patients was 55±23.8 years. A total 
of 227 valves with confirmed vegetation were 
analyzed as individual samples. In some pa-
tients, multiple valves were affected; each in-
volved valve was treated as a separate sample 
to allow valve-level analysis. Table 1 summa-
rizes vegetation sizes and sample counts by 
valve type.

In some cases, a single TEE view captured 
vegetations on two valves simultaneously, re-
sulting in duplicate frame representations. To 
eliminate redundancy, 27 overlapping frames 
were excluded, 25 from ME long-axis views 
(mitral and aortic) and 2 from ME 4-cham-
ber views (mitral and tricuspid). This process 
yielded 500 unique vegetation-positive frames 

Figure 3: Workflow from data collection to evaluation using Faster Region-based Convolution-
al Neural Network (Faster R-CNN) with RadImageNet-pretrained backbones. (AUC-ROC: Area 
Under the Receiver Operating Characteristic Curve, TEE: Transesophageal Echocardiography,  
IE: Infective Endocarditis)
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across standard TEE views. An equal number 
of negative frames were selected from con-
trols, maintaining a matched view distribu-
tion. The final dataset consisted of 1,000 bal-
anced frames. View-specific distributions are 
summarized in Table 2.

Model Training and Early Stopping 
Behavior

To prevent overfitting, early stopping based 
on validation mAP was implemented. As 
shown in Figure 4, the frozen ResNet50 pla-
teaued early at approximately 0.470, whereas 

the unfrozen ResNet50 reached 0.644. The 
frozen DenseNet121 achieved 0.496, while 
the unfrozen DenseNet121 attained the high-
est mAP of 0.686. Although the unfrozen 
DenseNet121 required more training epochs, 
it delivered the best overall performance.

Quantitative Evaluation of Detec-
tion Performance

Models were evaluated on a held-out test 
set using F1 Score, mAP, and Intersection 
over Union (IoU, mean±SD). As shown in  
Table 3, unfrozen backbones outperformed 

Type of valves Number of samples Vegetation size (mm) (Mean±SD)
Native mitral 50 24.67±9.36

Mechanical mitral 38 11.57±7.58
Bioprosthetic mitral 5 11.70±7.14

Native aortic 50 16.04±5.37
Mechanical aortic 31 8.85±6.67

Bioprosthetic aortic 2 22.50±9.19
Native tricuspid 25 20.85±11.89

Mechanical tricuspid 4 6.08±3.54
Bioprosthetic tricuspid 2 8.00±4.24

Native pulmonary 10 18.17±7.39
Mechanical pulmonary 5 13.70±3.77

Bioprosthetic pulmonary 5 13.56±4.34

Table 1: Distribution of valve types, number of samples, and vegetation size measurements in 
all patients

TEE View Valve(s) Assessed Number of Frames
ME 2-Chamber Mitral 93
ME 4-Chamber Mitral or Tricuspid 122
ME Long-Axis Aortic or Mitral but of them 151

ME AV Short-Axis Aortic or Tricuspid 114
ME RV Inflow-Outflow Pulmonary 20

Total 500
TEE: Transesophageal Echocardiography, ME: Mid-Esophageal, AV: Aortic Valve,  
RV: Right Ventricular

Table 2: Distribution of vegetation-positive frames across the five standard Transesophageal 
Echocardiography (TEE) views used for valve assessment. Each view contributed to the dataset 
based on its relevance to specific cardiac valves
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frozen counterparts, with the unfrozen 
DenseNet121 achieving the highest overall 
performance. Fine-tuning enhanced feature 
extraction and improved vegetation detection.

Image-level Classification
Figure 5 shows the ROC curves for all evalu-

ated models, based on classification of test set 
images as positive (containing at least one veg-
etation bounding box) or negative. The unfro-
zen DenseNet121 achieved the highest AUC 
(0.858; 95% CI: 0.811–0.889), outperform-
ing all other configurations. Its frozen coun-
terpart showed reduced performance (AUC: 
0.640; 95% CI: 0.570–0.680). The fine-tuned 

ResNet50 attained an AUC of 0.789 (95% CI: 
0.761–0.816), whereas the frozen ResNet50 
performed the lowest (AUC: 0.601; 95% CI: 
0.500–0.650). Confidence intervals were esti-
mated via non-parametric bootstrapping with 
1,000 iterations to ensure robust evaluation.

Statistical Comparison of Model 
Performance

Only the unfrozen models were subjected 
to statistical comparison, as the frozen con-
figurations consistently underperformed and 
were excluded to avoid misleading conclu-
sions. Given the limited test set size (n=150), 
non-parametric analyses were applied. IoU 

Figure 4: Validation mean Average Precision (mean AP) curves across training epochs for four 
model configurations: ResNet50 and DenseNet121 in frozen and unfrozen modes. 

DenseNet121_
Frozen

DenseNet121_
Unfrozen

ResNet50_
Frozen

Resnet50_
Unfrozen

F1 Score 0.431 0.664 0.4222 0.607
mAP (vegetation) 0.416 0.653 0.403 0.593
IoU (mean±std) 0.282±0.120 0.532±0.281 0.267±0.104 0.501±0.272

Table 3: Quantitative Results – Final F1 Score, mean Average Precision (mAP), and Intersection 
over Union (IoU) on the test set for four model configurations.
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was calculated on 75 positive test images and 
compared between unfrozen DenseNet121 
and ResNet50 using the Wilcoxon signed-
rank test. Although DenseNet121 showed 
a slightly higher IoU (0.532 vs. 0.501), the 
difference was not statistically significant  
(P-value=0.053), indicating comparable per-
formance in vegetation localization (Figure 6).

In contrast, DenseNet121 (unfrozen) 
achieved a significantly higher AUC (0.858; 

95% CI: 0.811–0.889) than ResNet50 (un-
frozen) (0.789; 95% CI: 0.761–0.816), with 
minimal confidence interval overlap (~9%), 
reflecting superior classification performance. 
Overall, while both models performed similar-
ly in localizing vegetation via bounding boxes, 
DenseNet121 clearly outperformed ResNet50 
in classifying the presence of vegetation.

Discussion
Although TEE is widely used for diagnos-

ing infective endocarditis, its accuracy heavily 
depends on operator skill and interpretation 
[34]. Central to clinical guidelines, TEE faces 
particular challenges in PVE, where acoustic 
shadowing can obscure key anatomical de-
tails, potentially leading to false positives or 
negatives. Moreover, interpretation remains 
subjective, contributing to inconsistent diag-
noses. Factors, such as patient anatomy and 
suboptimal acoustic, windows can reduce im-
age quality [35]. Moreover, manual analysis 
of TEE frames is time-consuming and error-
prone, especially under high workloads. These 
challenges have motivated increasing explo-
ration of AI-based methods to improve diag-
nostic consistency and detect subtle patterns, 
particularly in low-quality or artifact-prone 
images, a critical need in PVE.

AI Detection of Valve Vegetation

Figure 5: Receiver Operating Characteristic 
(ROC) curves for image-level classification 
on the test set. 

Figure 6: Boxplot of Intersection over Union (IoU) scores for four model configurations.  
Unfrozen DenseNet121 showed the highest median IoU, but differences between unfrozen 
models were not statistically significant.
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In this study, we leveraged RadImageNet-
pretrained ResNet50 and DenseNet121 back-
bones to enhance performance given our 
limited dataset (n=1,000). Unlike ImageNet, 
RadImageNet offers domain-specific features 
better suited for grayscale medical images, 
including ultrasound modalities such as TEE 
[36]. While newer architectures, such as Swin 
Transformer and EfficientNet, have gained 
attention, we found CNN-based backbones 
more appropriate for our scenario. Efficient-
Net, designed primarily for classification and 
pretrained on general-purpose ImageNet im-
ages, lacks segmentation capabilities and 
medical imaging pretraining [37]. Swin Trans-
former can perform well on smaller datasets, 
but studies indicate that transformers general-
ly require larger datasets to fully realize their 
advantages [38]. Thus, a CNN-based approach 
with domain-specific pretrained weights, such 
as RadImageNet, provided a more stable and 
practical solution [36].

Our results demonstrate that fine-tuned 
RadImageNet-pretrained models, particularly 
DenseNet121, improve both detection and 
classification of valve vegetations in TEE im-
ages. DenseNet121 outperformed ResNet50 
in classification (AUC: 0.858 vs. 0.789) with 
minimal confidence interval overlap (~9%), 
likely due to its feature-reuse architecture. Lo-
calization performance was slightly higher for 
DenseNet121 (IoU: 0.532 vs. 0.501), though 
this difference was not statistically significant 
(P-value=0.053). These findings highlight the 
effectiveness of fine-tuned RadImageNet-
based CNN backbones for automated TEE 
analysis and enhanced diagnostic consistency 
in infective endocarditis.

Although RadImageNet includes multiple 
medical modalities, it does not contain echo-
cardiographic data, particularly TEE. This 
likely explains why unfrozen models, capable 
of adapting more fully to TEE-specific pat-
terns, performed better in both detection and 
classification [36]. While both ResNet50 and 
DenseNet121 showed similar mAP for lesion 

localization, DenseNet121 achieved a higher 
classification AUC. In our study, ResNet50 
could detect vegetation regions adequately but 
lacked the deeper feature representation and 
cross-layer connectivity of DenseNet121 [39], 
which appear crucial for confident classifica-
tion in echocardiographic images.

Comparisons with prior studies support 
our findings. While Zhu et al. [40] reported 
ResNet50 superiority in classifying DCIS 
on ultrasound, our TEE-based study favored 
DenseNet121, likely due to end-to-end fine-
tuning and enhanced spatial modeling for 
low-contrast, complex echocardiographic fea-
tures. He et al. [41] found Swin Transformer 
outperformed CNNs on ImageNet-pretrained 
models; however, no publicly available Swin 
Transformer pretrained specifically on medi-
cal imaging exists, and domain-specific pre-
training often improves performance. Notably, 
studies in thyroid nodules [42] and oral can-
cer detection [43] also reported DenseNet121 
outperforming ResNet50, consistent with our 
findings.

DenseNet121’s advantages likely stem from 
improved gradient flow, feature reuse, and re-
duced parameter redundancy due to its short 
skip connections [44,45]. These characteris-
tics are particularly beneficial for detecting 
small, low-contrast vegetations in TEE images 
[46,47]. While computationally demanding, 
DenseNet121’s architecture favors low-con-
trast, fine-textured images, and our dual-task 
setup (detection and classification) further 
highlights its strengths. The small, irregular 
shape of vegetations and limited dataset size 
may have additionally favored DenseNet’s 
stability [45,48].

Accordingly, this study represents the first 
application of deep learning-based object de-
tection for localization and classification of 
valve vegetations in TEE. By leveraging do-
main-specific pretraining and comparing CNN 
architectures, we establish a performance 
benchmark and demonstrate DenseNet121’s 
suitability for this complex imaging task.  

Farid Esmaely, et al
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Although histology remains the gold standard 
for diagnosing infective endocarditis, it is not 
always available; we relied on the modified 
duke criteria, which report over 90% speci-
ficity for definite cases [5,49]. Annotation 
was restricted to frames with clearly visible 
vegetations, independently verified by two 
fellowship-trained echocardiographers in full 
agreement, ensuring high-confidence labels 
for robust model training and evaluation.

Limitations include a relatively small num-
ber of labeled cases, preventing separate 
models for each valve type. Consequently, all 
valves were combined into a single model, 
which may obscure valve-specific features, 
though expert-validated segmentations and 
similar echogenicity likely minimized per-
formance loss. Future studies should include 
external validation across multiple centers 
to assess generalizability, expand datasets, 
particularly for prosthetic and mechanical 
valves, and explore advanced architectures, 
such as Swin Transformers to further enhance  
performance.

Conclusion
Our results support the use of fine-tuned 

DenseNet121 for TEE image analysis. This 
model demonstrated strong performance in 
detecting and localizing vegetations and may 
also be applicable to identifying other lesion 
types in similar ultrasound data. DenseNet121 
achieved a high AUC in classifying images 
with vegetation, highlighting its potential to 
assist clinical diagnosis. When used along-
side the echocardiographer’s report, it could 
help flag suspicious cases, reduce missed find-
ings, and improve diagnostic confidence and  
accuracy in real-world settings.
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