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Abstract: right ventricle (RV) dysfunction and RV failure are critical complica-
tions in intensive care units (ICUs), particularly for patients undergoing mechanical
ventilation. While transesophageal echocardiography (TEE) is the preferred imag-
ing modality in these settings, current assessment methods rely on manual, offline
analysis, preventing continuous monitoring of RV function, and current automated
methods based on deep learning (DL) focus only on transthoracic echocardiogra-
phy (TTE).
This study introduces AutoRV, a fully automated deep learning pipeline for real-
time RV monitoring using 2D TEE mid-esophageal 4-chamber view images. The
Advisor: system was developed to automatically compute clinically relevant indices of RV
Prof. Emiliano Votta function based on the automatic detection of three anatomical landmarks: the
Prof. Gabriel Hanssen Kiss  {50gpid annulus (TA) hinge points (septal and free wall) and the RV apex.

Co-advisors: For the detection task, several convolutional neural networks, including ResNet

Mailys Hau variants, ResNeXt50, SwinUNETR, and U-Net, were trained, tested and validated
Jinyang Yu on a dataset of 8,424 images obtained from 52 mechanically ventilated patients.
The U-Net architecture showed superior performance, with a mean landmark lo-
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2025-2026 calization error of 4.16 4+ 3.36 mm on the test set. Specifically, the detection of

the free-wall TA point was highly accurate, with an error of 2.93 4+ 1.80 mm. The
pipeline proved highly efficient, operating at an inference speed of 248 frames per
second (frames per second (fps)), making it suitable for real-time monitoring.
AutoRV automatically computes clinical indices with acceptable consistency versus
manual measurements: the system achieved bias and standard deviation (std) of
1.09 £ 2.25 mm for free wall tricuspid annular plane systolic excursion (TAPSEy,,)
and 0.19 £ 6.64

AutoRV represents the first end-to-end system capable of automated RV assessment
in TEE. Its high inference speed and ability to derive standard clinical parameters
demonstrate its potential as a tool for continuous cardiac monitoring in critical
care environments.
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1. Introduction

1.1. Right ventriular failure in ICUs

The right ventricle (RV) is one of the four chambers of the heart and plays a critical role in blood circulation.
It receives deoxygenated blood from the right atrium (RA) and pumps it into the pulmonary artery, directing
it toward the lungs for oxygenation. It has a crescent shape and, from a functional standpont, its wall has two
sides: the interventricular septum, which separates the right and left ventricle (LV) and is shared between them,
and the free wall (FW), which, under physiological conditions, moves like a bellows to induce blood ejection
into the pulmonary circulation (fig. 1). The RV is characterized by low resistance and high compliance. Thus,
as compared to the LV, it operates at lower pressures and is characterized by a thinner FW, which in turn
reflects into limited tolerance to pressure overload. Since the advent of echocardiography, the lower pressure
levels have led to considering RV pathologies less significant than LV ones. Indeed, the RV is often referred
to as the "neglected" or "forgotten" chamber. Its retrosternal location, along with its complex structure and
shape, has contributed to this perception [1].

Nonetheless, respiratory and circulatory failure account for a substantial portion of ICU admissions. Many of
these patients require invasive mechanical ventilation, and a significant percentage, that varies from 20% to 50%
depending on the underlying condition, develop RV dysfunction [2—4].

Mechanical ventilation functions by applying positive pressure at the airway level, at least during tidal ventilation
and sometimes during expiration. This leads to pulmonary capillary compression and to increase in pulmonary
vascular resistance and pleural pressure, raising RA pressure, reducing cardiac output, and increasing RV
afterload [5-8].

Consequently, the RV tends to dilate, as this is its primary adaptive response due to high diastolic compliance.
This dilation, known also as acute cor pulmonale, is dangerous as it leads to increased filling pressures and
systemic congestion, and it can compress the LV, reducing the cardiac output and systemic arterial pressure,
potentially causing circulatory shock [5, 7].

Usually, a first adaptation to this condition is the enlargement of the tricuspid valve (TV). This enlargement
produces acute regurgitation, preventing further dilation at the cost of increased congestion and reduced forward
flow. The reduced arterial pressure and contraction asynchrony further aggravate the condition by causing RV
ischemia [7]. Acute RV failure arises from many causes, most commonly pulmonary hypertension (PH). It can
develop after sudden increases in pulmonary pressure, and even with mild pressure elevation during conditions
such as acute respiratory distress syndrome (ARDS), sepsis, or LV failure [5, 7, 9, 10].

RV failure can develop unpredictably, even in a previously healthy heart, or in a subtle manner that progressively
worsens the patient’s condition [11]. Indeed, the cooperation of all these contributing causes can lead to sudden
death of the patient if left untreated [5-7, 9, 12, 13]. Thirty-day mortality after non-cardiac, non-obstetric
surgery in patients with PH appears to range from 2% to 18% for elective procedures, rising to 15-50% in
emergency operations [12]. Therefore, the early detection of RV disfunction and continuous monitoring in ICUs
is of utmost importance, as prompt treatment, aimed at improving RV preload, contractility and afterload, is
vital and precautions must be taken to prevent further injury [6, 12, 13].

Historically, assessment of RV function in intensive care has relied on the real-time and invasive measurement
of hemodynamic data in the pulmonary artery by means of a pulmonary arterial catheter (PAC). However,
this procedure is risky and has gradually been replaced by critical care echocardiography, which can yield more
detailed information [6, 7, 10, 12, 13]. As a result, contemporary ICUs rarely employ PACs in standard practice
[5, 6, 11].
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Figure 1: Main anatomical components in the right ventricle as visible in TEE imaging: free wall (light
blue), septum (purple) and tricuspid valve (green). The two points on the tricuspid annulus (T'Ay,,
and T'Asep) and the ventricular apex (RV apex) are highlighted in yellow.

1.2. Echocardiography

Echocardiography, an imaging technique developed in the 1960s, is the most commonly performed cardiac
examination after electrocardiography and chest X-ray. Based on ultrasounds, echocardiography uses sound
waves directed at the heart and reflected back to produce images. It includes various modalities, depending on
how the ultrasound beam is steered and where the probe is positioned to acquire the signal.

The first distinction refers to different acquisition techniques, the main ones being M-mode, B-mode, Doppler,
and three-dimensional echocardiography. M-mode (motion mode) echocardiography uses a single, focused beam
to produce a one-dimensional “ice-pick” view of the heart. It continuosly records the movements of the cardiac
structures along a single dimension. offering excellent temporal resolution [14]. Although limited in spatial
resolution, it remains a great tool for quantitative measurements.

B-mode (brightness mode or 2D) echocardiography uses the same principle, and creates real-time, two-dimensional,
cross-sectional images of the heart. They are obtained by sweeping the ultrasound beam through an arc, allow-
ing for the creation of fan shaped images, composed by multiple "lines". obtained with the same principles as
for the M-mode [14]. Tt is the routine modality for echocardiographic assessment of cardiac structures.
Doppler echocardiography measures the frequency shift (Doppler effect) of ultrasound waves caused by the
motion of the cardiac structures, especially red blood cells within the circulation. Doppler echocardiography
is widely used to evaluate valvular function, detect and quantify regurgitation or stenosis, and assess overall
flow patterns within the heart and great vessels. It is an essential tool for studying both systolic and diastolic
function and for estimating pulmonary artery pressures in clinical practice [14].

Three-dimensional echocardiography extends B-mode techniques to produce volumetric images. This is achieved
with a matrix array probe that is composed of thousands of piezoelectric elements and can steer the scan line
in lateral, elevation and azimuth planes, generating a detailed 3D image [15]. This is particularly useful to have
better spatial visualization, to simplify communication between physicians, allowing a better orientation during
surgeries. It can be used to measure volumes and blood flows, but at expense of temporal resolution, higher
equipment expenses, and a steeper learning curve for image acquisition and interpretation [16-18]. For these
reasons, 2D echocardiography is still the primary method thanks to its accessibility and speed.

The second distinction refers to different probe positions. In TTE, the probe is placed on the chest wall, and
the ultrasound beam is transmitted through the thorax. It’s the most common echocardiographic technique,
because it is non-invasive, and it is easier to use. However, image quality can be hindered by obesity or lung
interference, and TEE is preferred in ICUs.

In TEE, the probe is mounted on the tip of an endoscope and inserted into the esophagus, allowing it to be



placed in close proximity to the heart. TEE is especially useful during surgery, as the probe can remain in place
while monitoring cardiac performance throughout the procedure, guiding surgical decisions [14]. TEE can be
both 2D and 3D. 2D TEE has a higher temporal resolution than 3D TEE but the former one is more intuitive,
it avoids the foreshortening problem and the variability in tomographic planes, and facilitates the calculation
of some useful indices based on volumes, like the right ventricular ejection fraction (RVEF) [16, 19].

In summary, echocardiography is non-invasive, efficient and accessible, and provides extensive information about
RV morphology, dimension, contractility and hemodynamics [10, 12-14].

1.3. Echocardiographic indexes to evaluate the RV function

However, echocardiographic assessment and monitoring of RV function during management can be difficult.
Usually, RV function is evaluated by qualitatively “eyeballing” it on 2D images [9]. Although this approach is
fast, it remains qualitative, which could neglect quantitative changes that happen during management. It also
lacks standardization, and evaluating function remains challenging due to the difficulty in accurately depicting
the RV complex shape [20-23]|. For this reason, many indexes have been introduced to easily and objectively
measure the RV functionality.

1.3.1 Tricuspid annular plane systolic excursion

Tricuspid annular plane systolic excursion (TAPSE) is defined as the excursion of the lateral TA toward the RV
apex from end-diastole to end-systole (fig. 2). It reflects the longitudinal shortening of the RV FW, therefore
it serves as an indicator of the functional integrity of these structures [24]. It is a simple yet effective index,
most commonly measured using TTE in M-mode from the apical window, and has been employed for decades
to assess RV systolic function [1, 24]. Because it requires no geometric assumptions and correlates closely with
RVEF, TAPSE is considered a reproducible, practical, and robust parameter of RV performance [24-28].
Particularly, TAPSE provides valuable prognostic information in patients with pulmonary arterial hypertension
(PAH) and idiopathic PAH, and a low value is associated with RV dysfunction [19, 26, 27|.

TAPSE can be assessed using either TTE or TEE; however, the clinical significance of TEE-derived TAPSE
remains uncertain [29]. Furthermore, although TAPSE can be measured from multiple echocardiographic views
and using different methods in both TTE and TEE, the resulting values are not necessarily interchangeable, as
even minor variations in imaging planes can lead to statistically significant differences [30]. Consequently, no
universally accepted cutoff value for abnormal RV function has been established, although several studies have
reported threshold ranges between 15 and 18 mm [17, 20, 27, 31, 32]. Moreover, the underlying assumption
that the displacement of a single segment reflects global mechanics is an oversimplification. Finally, the metric
is angle dependent even when derived by the same view, and influenced by loading conditions [1, 33]. Despite
these limitations, TAPSE remains a practical, reproducible, and clinically meaningful measure of RV systolic
function, applicable in a wide variety of pathological contexts involving right heart dysfunction. In our study,
some variations of the TAPSE index are measured in TEE acquisitions. These include TAPSEy,,, septal
tricuspid annular plane systolic excursion (TAPSE,,,), and global tricuspid annular plane systolic excursion
(TAPSEgi0bq1)- Their definition is explained in section 2.2.

1.3.2 RV strain (RVS)

RV strain is a dimensionless metric that quantifies the percentage of systolic shortening of the right ventricular
FW from base to apex [34], and it is measured as reported in fig. 2. While the standard RV FW strain uses
only the three segments of the FW, a more complete evaluation of the RV can be obtained by a six-segment
model, that averages strain from both the FW and the interventricular septum [35]. While these measurements
have higher prognostic value over traditional indices, and are better predictors of RV dysfunction and failure
[1, 19], they are less feasible, and rely heavily on the quality of the acquisitions [34, 36].

1.3.3 RV longitudinal shortening fraction

While TAPSE is easy to calculate, and provides strong prognostic value in assessing RV function, it has several
notable limitations. Indeed, it relies on the assumption that the motion of a single segment reflects global
mechanics, it is angle dependent, its normal range remains debated, it varies with loading conditions, and its
interpretation depends on RV size [1, 33, 37].

Indexing TAPSE to RV lenght (RVL) enhance its predictive accuracy and alignment with RV FW strain and
other RVL-independent indices, while having greater feasibility than RV FW strain (97.2% feasibility compared
to 78,4%) [36]. Dividing TAPSE by the end-diastolic RV lenght (ED-RVL) improves its predictive performance



without adding much complexity to the calculation, as the cardiologist still measures TAPSE as usual and only
needs to additionally measure the ED-RVL during acquisition [38].

Slightly different from this, RV longitudinal shortening fraction (RVLSF) measures the percentage change in
the longitudinal dimension of the RV from diastole to systole (fig. 2). It is calculated as:

DRV Lyyiq — SRV Lyia
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RVLSF =100 x

where: DRVL,,;q = midannular end-diastolic RV length, SRVL,;;q = midannular end-systolic RV length,

RVLSF is not related to height, weight, and body surface area. People with high RVLSF (> 16.5%) seem to have
better survival than patients with low RVLSF (< 14%). RVLSF has a predictive value for adverse outcomes
comparable to that of RV FW strain (area under the curve (AUC) 0.82 vs. 0.84), despite the latter is more
complex to calculate. This value is also much higher than that of TAPSE, which had an AUC of 0.55 [33, 37].
Given these findings, and because RVLSF correlates to RVS measured by speckle tracking echocardiography
(STE) and to RVEF measured by cardiac magnetic resonance (CMR) [33, 37], RVLSF will be called RV linear
strain (RVLS) from now on, and some variants will be proposed in this study, e.g., RV linear free wall strain
(RVLSfy), RV linear septal strain (RVLSp), RV linear midpoint strain (RVLS,,;4), RV linear global strain
(RVLSgiobat) (section 2.2). RVLS could be a simple but very effective way to assess RV function independently
of physical characteristics of the patient.

1.3.4 RV fractional area change

Both TAPSE and RVLSF fail in evaluating RV contractility in the transversal direction. Although in genereal
TAPSE strongly correlates with RVEF, suggesting the greater importance of the longitudinal shortening in
evaluating RV function 28], in patients with increased RV afterload and RV dilation the transversal component
increases in importance. This highlights the need for an index that more comprehensively reflects RVEF while
remaining accessible and minimally invasive. Such an index consists in RV fractional area change (RVFAC).
Based on the tracing of the RV endocardial surface at end diastole (ED) and end systole (ES) in a four-chamber
view, the silhouetted areas RV end-diastolic area (RVEDA) and RV end-systolic area (RVESA) are obtained,
and RVFAC is computed as:

(RVEDA — RVESA)

RVEDA

As compared to TAPSE and RVLSF, RVFAC is more time-consuming to quantify and less reproducible [19, 26],
but it is still relatively simple to calculate and shows a stronger correlation with cardiac magnetic resonance-
derived ejection fraction [28]. A RVFAC < 35% indicates RV systolic dysfunction and has been associated with
increased risk of death [19, 20]. Notably, RVFAC maintains its correlation with RVEF even in the later stages
of disease, when TAPSE and RVLSF may lose predictive accuracy.

100 x

1.3.5 Tricuspid annular diameter

Although not directly related to RV contractility, TA diameter (TAD) is an indicator of TA dilation, and it is a
predictor for postoperative RV dysfunction in patients undergoing tricuspid valve surgery [19]. Its measurement
shows moderate agreement between TTE and TEE, which is potentially useful for mechanically ventilated
patients in ICUs [29]. When leveraging on 2D TTE, TAD should be measured in the apical four-chamber view,
which yields the highest feasibility and the best reproducibility among TEE views, reliably capturing the degree
of enlargement albeit underestimating TAD as compared to 3D measures [39]. In synthesis, TAD emerges as a

meaningful morphologic index that complements and integrates information obtained from TAPSE, RVS, and
RVFAC.

1.3.6 Final remarks on monitoring by echocardiography

Taken together, these indices capture complementary aspects of RV performance and offer a more complete
evaluation of RV function than any single parameter alone. Unfortunately, quantitative monitoring of the RV
from TEE is time consuming and requires off-line analysis. Analyzing different indexes may require different
imaging modalities, further complicating this approach [19, 40]. Furthermore, all these monitoring modalities
require the presence of an expert clinician, diverting cardiologists and anesthesiologists from their main duties,
which also leads to a higher cost [41, 42].

An echocardiographic modality developed to partially automate RV assessment is STE. This technique, intro-
duced almost two decades ago, tracks the displacement of speckles, acoustic markers generated by the interaction
between the ultrasound beam and myocardial tissue, throughout the cardiac cycle, using dedicated software
[42, 43]. Initially applied to the LV, it has since been applied to other chambers, including the RV, where it



supports the detection of functional impairment through RVS [42, 44]. As a semi-automated method, it reduces
inter- and intra-operator variability and shortens analysis time, and recent advances have extended it to 3D
imaging, though with lower performance than 2D [42]. However, STE remains limited by the need for high-
quality images and adequate frame rates, as well as by the requirement for trained operators and time-consuming
offline analysis, which constrains its feasibility in routine practice [42].

These issues could potentially be solved by means of artificial intelligence (AI), particularly by training machine
learning (ML) models, based for example on convolutional neural networks (CNNs) or vision transformers
(ViTs), in order to predict the indexes and monitor RV function in real time and automatically.

End-diastole End-systole
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Figure 2: Illustration of how the principal indices for RV evaluation should be computed. The free wall
length is shown in green, and the TA diameter in yellow, both at ED and ES. The RV areas at ED and
ES are outlined in blue, while the corresponding midannular RVL is represented by a red dashed line.
The measure of TAPSE for this example is also reported. The formulas of RVFAC, RVS and RVLSF
are reported at the bottom of the figure, with colors corresponding to the measurements appearing in
each formula.

1.4. Artificial intelligence to automate RV evaluation

ML is a subfield of Al that focuses on building models that learn directly from data, without being specifically
programmed for a task. These models work by finding patterns in the data, and make predictions based on
those patterns. Specifically, supervised learning is based on couples of inputs (X,,) and outputs (Y;,), and it has
the objective of extracting a general function that predicts correct outputs for never seen inputs.

Traditional ML workflows rely on a human in the loop to extract meaningful features and often reduce data
dimensionality using methods such as principal component analysis (PCA). This requires substantial domain
expertise, as feature selection is typically based on intuitive, experience-driven judgments rather than explicitly
defined data characteristics. For instance, distinguishing a dog from a cat may rely on abstract cues like ear
shape or head conformation, yet translating such high-level concepts into pixel-level descriptors is extremely
challenging, illustrating the inherent difficulty of manual feature engineering.

This led to the development of deep learning (DL). DL is a subfield of ML that uses more complex models,
usually very deep and heavy neural networks, to process high dimensional, unstructured data like images, videos,
audio or text. Since these models are so complex, they do not need manual feature extraction, as they inherently
integrate this step inside their architecture. This means that they are free to select the best combination of
features on their own. The costs for this improvement are computational complexity, training and inference
time, and difficult interpretability. Indeed, since DL models are not based on a set of selected features, it is
often very difficult to tell what features lead to the model decision.

CNNs are among the most widely used DL architectures for computer vision. Inspired by the organization of the



visual cortex, CNNs belong to the family of artificial neural networks (ANNSs) but operate using local receptive
fields. Their core component is the convolutional block (figs. 3 and 4), which applies learnable n x n x #channels
filters across the spatial dimensions of the input to generate feature maps that capture relevant patterns. These
blocks typically include nonlinear activation functions (e.g., rectified linear unit (ReLU)), normalization layers,
and pooling operations to reduce spatial resolution. By stacking multiple blocks, CNN learn increasingly
more abstract representations: shallow filters encode fine details, whereas deeper filters capture broader, more
general structures. At the end of this dimensionality reduction, the feature maps are usually flattened and
passed through a dense layer, that learns to perform tasks such as classification or regression.

CNNs are known since the 90’s, but their popularity and development exploded in 2012, when AlexNet [45] paper
was released. Since then, they have been the most popular, and for a long time the best performing algorithms
in computer vision tasks, thanks also to their versatility across numerous different tasks. This popularity led to
many studies being published, and many famous CNN architectures were developed in the following years.
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Figure 3: A schematic representation of a convolutional block. The feature maps from the previous
layer, or the original image in the first layer (left), are convolved with learnable filters. The resulting
feature maps are passed through an activation function, after which additional operations, such as
normalization or pooling, may be applied. The output constitutes the feature maps of the subsequent
layer. Convolutional blocks are typically stacked to form CNNs (fig. 4).
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Figure 4: Representation of how convolutional blocks are stacked together to form the feature extractor
of CNNs. The most important features are selected by the feature extractor, and are usually handed
to a "head", that is specific to each task. Taken from [46]



1.4.1 Milestone CNN architectures

AlexNet (2012) [45] Built for ImageNet image classification competition, this CNN was composed of 5
convolutional layers (filter size 11x11, 5x5, 3x3, 3x3, 3x3) and 3 dense layers (2048, 2048, 1000). It was the first
to use max-pooling instead of average pooling after the convolutions, and reached a performance that was the
state of the art (SOTA) for the time.

ResNet (2015) [47] Several conceptual developments in CNNs led to the introduction of ResNet. The
work in [48] showed that deeper networks with smaller filters are theoretically advantageous: stacking multiple
3 x 3 filters achieves the same receptive field as a single 7 x 7 filter, while using fewer parameters and introducing
more nonlinearities.

However, simply increasing depth did not consistently improve performance, as deeper models often underper-
formed their shallower counterparts. This degradation was due to the difficulty of learning identity mappings,
which in principle should allow a deeper model to reproduce a shallower one. The problem was worsened by
vanishing gradients, where gradients diminish rapidly through many layers due to the multiplication of many
near-zero terms in the backpropagation formula, preventing effective training of early layers.

To enable deeper architectures, He et al. [47] introduced residual connections (fig. 5), which bypass certain
weight layers with identity mappings. These shortcuts make identity transformations easy to learn and provide
more direct gradient flow, substantially mitigating vanishing gradients and enabling the successful training of
very deep networks. ResNet architectures are commonly implemented at several depths, including 18, 34, 50,
101, and 152 layers

ResNeXt [49] Inspired by ResNet [47] and the inception module [50], in 2016 Xie et al. developed ResNeXt
[49]. The basic architecture is the same as for ResNet, but the typical ResNet blocks are substituted with
split-transform-merge blocks (fig. 5). The capacity of the model is increased by increasing the cardinality,
described as the number of parallel transformations aggregated in each block. It was empirically proven that
increasing cardinality leads to better accuracy than to increase width or depth. The output of the aggregated
transformations is then summed together and the identity transformation is added as for the normal ResNet
architecture.
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Figure 5: Comparison of two neural network building blocks. The left diagram shows a standard
residual block [47], where features pass through a single sequence of convolutions and are added back
to the input. The right diagram shows a ResNeXt-style block [49], where the input is split into 32
parallel paths that process features separately and are then combined, allowing the network to learn
richer representations while keeping the same input and output size. Taken from [49].

U-Net [51] Each of the previously described networks contained one or more final dense layers. This
architectural choice makes them useful for tasks like image classification or regression, but is unpractical when
dealing with other tasks, for example with semantic segmentation, where an output class needs to be predicted
for each pixel. U-Net is a fully convolutional model, designed to have a symmetric encoder-decoder architecture
(fig. 6). The contracting path reduces the dimension of the input image by using 3x3 convolutions and ReLU,
and 2x2 max pooling to extract important features. In contrast, the expanding path uses 2x2 up-convolutions,
followed by 3x3 convolutions and ReLU to bring the feature map dimension back to the original image size.
Skip connections are used between layers at the same level to take high resolution maps from earlier layers too
and concatenate with contextual rich information from deeper layers. This helps especially because it gives
back the border information to the latest layers. Thanks to all of this, the feature maps coming from the last



convolutional layer are rich of both contextual and border information, and 1x1 convolutions return n feature
maps, where n is the number of classes to be predicted. The actual segmentation masks are usually obtained by
taking the maximum value along the channels to the output masks, so that each pixel is assigned to the most
activated class. The U-Net architecture, originally introduced in [51], has evolved over the years through the
incorporation of padded convolutions, dropout, residual units, and other enhancements. Nevertheless, the core
design remains unchanged, and U-Net continues to represent a SOTA solution for fast and effective semantic
segmentation.
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Figure 6: A representation of the U-Net architecture. The contracting path progressively reduces the
spatial resolution of the input image while extracting high-level features, whereas the expanding path
restores the spatial resolution to produce a segmentation label for each pixel. Taken from [51].

1.4.2 Transformer based networks

Natural language processing transformers Transformers are neural networks introduced for natural
language processing (NLP) in 2017 [52]. Their key innovation is self-attention, a mechanism that computes
context-aware representations of sequence elements. Each token is projected into queries, keys, and values, and
attention weights are obtained through

Attention(Q, K, V') = softma (QKT> V.
i Y = X )
Vdy,

allowing the model to identify relationships within the sequence and refine token embeddings. The architecture
consists of an encoder—decoder structure built from stacked self-attention and feedforward layers, with positional

encodings added because attention lacks inherent order information. Transformers are highly parallelizable and
achieved SOTA performance across NLP tasks.

Vision transformers Applying standard transformers directly to images is impractical because computing
attention across all pixels scales quadratically with image size. Several works proposed approximations, such
as restricting attention to local neighborhoods [53], using scalable global variants [54], operating on blocks [55],
combining attention with CNNs [56], reducing image resolution [57]|, or dividing images into small patches [58].
A major breakthrough came with the ViT [59], which partitions the image into fixed 16 x 16 patches, flattens
and linearly embeds them, and feeds them to a standard transformer encoder [52] as if they were tokens in a

sequence. With large-scale pre-training, ViT achieved performance comparable to or exceeding CNNs in image
classification.

Swin Transformer The Swin Transformer [60| was introduced to address the limitations of ViT [59]
regarding fixed token scale and quadratic complexity. By employing variable patch sizes and local attention with
shifted windows, the architecture achieves linear complexity relative to image size and enables cross-window

connections. This hierarchical design facilitates dense tasks and integration with frameworks like FPN [61] or
U-Net [51].



Swin UNETR Based on the same principles as the Swin transformer [60], in 2022 Hatamizadeh et al. [62]
proposed a U-Net like network that incorporated a Swin-transformer as a feature extractor. The contracting
part is composed by 4 stages, each one composed by 2 swin transformer blocks. Patch merging is applied to
reduce the resolution by a factor of 2 at the end of each stage. The decoder is based instead on convolutions
and on a classical U-Net design. Skip connections are applied as in the classical U-Net architecture between
layers at the same level.

1.4.3 Current automatic pipelines for heart monitoring in echocardiography

As already stated, Al, and particularly DL, could be an effective way of monitoring the RV function in me-
chanically ventilated ICU patients. TEE is the preferred imaging modality in these cases, where the probe can
be left in place and the RV can be accessed continuously. However, to the best of our knowledge, no solution
currently exists for the automatic real-time monitoring of RV function based on TEE acquisitions. Indeed,
most automatic pipelines focus on the LV, and the few ones that evaluate the RV do so by analyzing TTE
acquisitions.

Left ventricular evaluation from TEE acquisitions Recent work has shown substantial progress
in the automatic assessment of LV function from TEE images [41, 63-67]. Berg et al. [63] developed a CNN-
based landmark detection method to estimate mitral annular plane systolic excursion (MAPSE) from 2D TEE,
achieving high feasibility (>90%), fast processing (0.3s per cycle), and low bias (0.5 mm with ECG, 0.2mm
without). In the same year, Tasken et al. [41] proposed a fully automated pipeline to analyze 3D TEE in real-
time pipeline involving volume alignment, view detection, mitral annulus localization, and MAPSE estimation,
reaching a mean difference and limits of agreement (LoA) of —0.164+1.06 mm vs. manual measurement by expert
clinicians. They later introduced Echocoder 2D+t [64], a 3D ResNet-34-based model predicting mitral annulus
positions across 64 frames simultaneously (fig. 7), leveraging temporal information for improved accuracy.
Finally, studies by Yu et al. (2024) [65, 67] confirmed the high feasibility and precision of automatic MAPSE
estimation, with low bias and narrow limits of agreement compared to manual measurements.

Figure 7: Application of Echocoder 2D+t in the ICU. A laptop provides the MAPSE measurement,
together with visualizations, videos and plots. Taken from [64].

Right ventricular monitoring in TTE acquisitions Parallel to advancements in LV analysis, recent
studies have demonstrated the efficacy of deep learning for RV assessment, although all of them use TTE.
Beecy et al. [68] assessed RV function on 2D-TTE using a U-Net architecture with residual units [47, 51]. They
segmented the TA in each frame and derived linear and circumferential TA displacement from the resulting
masks. Their method achieved agreement with clinical measurements, with a reported bias and standard
deviation of 0.15 &+ 6.33 mm. Shad et al. [69] subsequently introduced a video-based AI system combining
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spatial and optical flow streams from TTE into a 3D ResNet-152, predicting post-operative RV failure with
an AUC of 0.729. Focusing on volumetric function, In 2023, Tokodi et al. [70] developed a fully automated
pipeline to predict RVEF from 2D TTE. Their approach combined either a 2D ResNeXt [49] or ShuffleNet [71]
backbone with a temporal convolutional layer and a regression head. Evaluated on an external dataset and
compared with two expert operators, the system identified RV dysfunction with accuracy comparable to clinical
readers (78.4% vs 77.0%), highlighting its diagnostic potential even with standard 2D imaging. Complementing
this, Kampaktsis et al. [72]| utilized a Transformer architecture on 2D TTE planimetry inputs, yielding high
agreement with CMR reference standards. Most recently, Chernyshov et al. [17] introduced a real-time method
for estimating TAPSE and RVFAC from 2D-TTE. Their approach relied on a light-weight U-Net—based pipeline
[51] to automatically segment the RV wall, cavity, and RA. Contours were then extracted from the resulting
masks, uniformly sampled with landmarks, and used to compute the clinical indices, achieving performance
comparable to expert inter-observer variability (Bias and std of TAPSE = -0.4 mm =+ 2.75 mm and of RVFAC
= 0.8% =+ 5.51%).

1.5. Objectives and approach

Based on all these considerations, this thesis project aimed to developing a fully automatic pipeline for RV
monitoring from TEE images. The proposed approach is based on training DL models to detect clinically
relevant landmarks in TEE midesophageal RV focused 2D acquisitions. The predictions are then fed to a simple
algorithm that calculates clinically relevant indexes, such as TAPSE, RVS, and RVFAC, to quantify RV function.
This approach was designed to obtain real-time inferences, i.e., to be suitable for bedside integration in ICUs,
for aiding the clinicians in patient surveillance, and for signaling possible complications based on changes in
the predicted parameters. The same motivation drove the choice of the different architectures evaluated in the
study.

2. Materials and methods

2.1. Input and output

2.1.1 Clinical images

Mid-esophageal 2D TEE images focusing on the RV were obtained from mechanically ventilated patients under
general anesthesia. An E95 scanner and a 6VT-D probe (GE Healthcare, Horten, Norway) were used in all
patients. Scanner settings were adjusted to obtain a temporal resolution of at least 40 frames and, on average,
each recording contained 2.94 heart cycles. As a result, the whole dataset consisted in 8424 frames.

2.1.2 Study population

This study included 52 patients scheduled for on-pump cardiac surgery. Their characteristics have been detailed
in previous publications [64—66, 73]; however, the present analysis includes two additional patients. Exclusion
criteria were age under 18 years, refusal to participate, or contraindications to TEE. The study was conducted
according to the Declaration of Helsinki and approved by the Regional Committee for Ethics in Medicine (REK
number 2022/345556). Written informed consent was obtained from all participants prior to inclusion. Table 1
summarizes the characteristics of the study cohort. Demographic data were unavailable for two of the original
52 patients, resulting in 96% completeness. All intraoperative RV measurements were obtained with a 3D TEE
probe and computed over a single heartbeat.

2.1.3 Anatomical landmarks of interest

The quantification of RV geometry and function in this study relies on three landmarks identified at two key
moments of the cardiac cycle, end diastole (ED) and end systole (ES) (fig. 8). The first two landmarks are the
TA hinge points, located at the insertions of the TV leaflets on the RV free wall (T'A¢,,) and on the septal wall
(T'Asep). Their positions at ED are denoted TAJ]?wD and TAfe?, and at ES as TAJ]?;? and TAfei. The third
landmark is the RV apex, defined at the junction between the relatively straight septal wall and the curved free
wall, indicated as APP and APS at ED and ES, respectively.

Regardless of whether they are placed manually by a clinician or detected automatically with AutoRV, the ED

and ES positions of these three landmarks form the basis for computing several clinical indices (see section 2.2).
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Patient characteristics (n = 50)

Variable Number of patients (percentage)
Male 38 (76%)
Preoperative SPAP 30 to 55 mmHg 9 (18%)
Preoperative SPAP > 55 mmHg 4 (8%)
Preoperative LVEF < 30% 4 (8%)
NYHA class 1 22 (44%)
NYHA class 2 14 (28%)
NYHA class 3 14 (28%)
NYHA class 4 0 (0%)
Diabetes mellitus on insulin 1 (2%)
Creatinine clearance < 85 mL/min 20 (40%)
Variable Mean value + std
Age (years) 67 + 8
Body surface area (m?) 1.98 £ 0.2
Preoperative LVEF (%) 47 + 12
Variable Median Value and interquartile range
EuroScore 11 1.8% [1.0% - 2.7%)]
Intraoperative RVEF 43% [37% - 47%]|
Intraoperative RVEDV 156 mL [129 mL - 182 mL|
Intraoperative RVESV 88 mL [74 mL - 108 mL)|

Table 1: Summary table of the patients’ demographic and characteristics. Intraoperative right ventric-
ular measurements are made using single-beat three-dimensional transesophageal echocardiography.
Data was missing in two (4%) of the patients. Abbreviations: LVEF, left ventricular ejection fraction,
NYHA, New York Heart Association; RVEDV, right ventricular end-diastolic volume; RVEF, right
ventricular ejection fraction; RVESV, right ventricular end-systolic volume; SPAP, systolic pulmonary
arterial pressure.
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2.2. Manual Quantification of Clinical Indexes

The RV morphological and functional indices listed in table 2 were manually quantified by expert clinicians using
EchoPAC (GE Vingmed Ultrasound, Horten, Norway). For each distance measurement, the three landmarks of
fig. 8 were re-traced from scratch at ED and ES, which were selected based on the expansion of the RV chamber.
TAPSE was measured at the free wall (TAPSEy,,), at the septum (TAPSE,,,) and at TAPSE ;opq;. TAPSEy,
is computed as the distance between TA?wD and TA]]ZJ[Ug , while TAPSE,,, is the distance between TAED and

sep
TAL‘?E“;;7 (fig. 8). TAPSEg0pa: is then calculated as the average of these two measures.
As shown in table 2, TA end-diastolic diameter (TADD) and TA end-systolic diameter (TASD), as well as RV
septal and free wall lengths (septal ED-RVL (ED-RVL,,), free wall ED-RVL (ED-RVLy,,), septal ES-RVL
(ES-RVL,p), and free wall ES-RVL (ES-RVLy,,)) lengths are measured for both diastole and systole using the
Caliper tool in EchoPAC. Measures were obtained by placing a marker on the TA hinge points, and on the RV
apex and measuring the distances (table 2 and fig. 8). Each measurement is done over three to five cardiac
cycles before being averaged into one value. The RVL from the midpoint of the TA to the RV apex is then
calculated for ED and ES (midpoint ED-RVL (ED-RVL,,;4) and midpoint ES-RVL (ES-RVL,,;4) respectively)

with the general formula:

diameter

1 1
RV Lyia = \/ 5 X (RVL3, + RVLZ,) — o x TA} (1)

Furthermore, using the same three points, RV linear strain (RVLS) is calculated. This measurement was
computed for the septal, free wall and RV midpoint lengths (see table 2) using the following generic formula:

Diastolic Length — Systolic Length

RV S =100
x Diastolic Length

(2)
Additionally, RV linear global strain is also computed using;:

(EDRV Ly + EDRV Lyep) — (ESRV Ly + ESRV L)
EDRV L, + EDRV Ly,

RVSglob =100 x (3)
Finally, RVFAC is calculated using RVEDA and RVESA, each measured by tracing the RV endocardium at ED
and ES.

This yields several important parameters for the structure and function of the RV (see table 2 for an in-depth
description of each acronym).

2.3. AutoRV

Our proposed AutoRV is an automated tool that performs two tasks: landmark detection to identify the TA
hinge points and the RV apex (fig. 9), by means of a CNN, and computation of the morphological and functional
indexes from identified landmarks. The underlying methods are described in the following subsections.

2.3.1 Manual Creation of Ground Truth

As mentioned in section 2.1.1, the dataset to train, validate, and evaluate the CNNs consisted of a total of 8424
frames, of which 7799 were manually annotated by a trained operator under the guidance of a clinician, who
provided one annotated frame per recording and subsequently reviewed the annotations. Three landmarks were
identified and traced: the two TA hinge points and the RV apex (fig. 9).

Upon visual inspection of the full cardiac cycle, ED and ES were identified as the frames with maximal and
minimal base-to-apex RV dimension by the annotator. Two ranges spanning over at least seven frames, centered
around ED and ES, respectively, were considered; within each range, every frame was manually annotated. In
the remaining phases of the cardiac cycle, one frame out of two was annotated, and the position of the three
landmarks in the remaining frames was obtained by linear interpolation of their positions at the preceding and
subsequent frames. To take advantage of the temporal information while annotating, the operator focused on
placing the same landmark on every considered frame, before restarting the video and identifying the next
landmark.

At every relevant frame, TA hinge points were identified by observing the motion of the leaflets and by selecting
the pivots of their movements at their insertion on the RV wall. When leaflets were poorly visible, the TA
hinge points were identified based on their annotations at the preceding or subsequent frames, with the help of
the local motion of the RV walls. Frames not containing all three landmarks were discarded; as a result, 7799
frames out of the initial 8424 were kept for the subsequent steps of the work.
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Clinical indices used to evaluate our performances

Notation | Clinical relevance Definition
Tricuspid annular plane systolic excursion
TAPSEy,, | Established parameter of the RV function d(TA}Eu[)), TA?f) see fig. 8
TAPSE., | Related to LV function since it is equiva- d(TAsEe? , TASEESP) see fig. 8
lent to septal MAPSE.
TAPSE yjopar TAPSEfw—gTAPSEsep
Tricuspid annular diameter
TADD Reflect RV dimensions. Integrating a pa- d(TA}EwD , TAsEef ) see fig. 8
rameter of ED can be helpful because ED
dimensions are proportional to preload.
TASD d(TA?g,TAfeg) see fig. 8
RV areas
RVEDA Reflect RV dimensions. Likely more ro- | Area delimited by the TADD and RV
bust than TA diameters because they in- | walls at ED.
clude more information. Necessary to cal-
culate RVFAC.
RVESA Area delimited by the TASD and RV
walls at ES.
RVFAC Established parameter of the RV func- | 100 x W
tion. Superior to TAPSE because it also
reflects radial function
End-diastolic RV lengths
ED-RVLy,, d(TAFD, APP) see fig. 8
ED-RVLge, | Necessary to calculate RVS. a(r AsEeg , AFP) see fig. 8
ED-RVL,,iq see eq. (1)
End-systolic RV lengths
ES-RVLy,, d(TA?qf, AES) see fig. 8
ES-RVLg, | Necessary to calculate RVS. d(TAsEeg, AES) see fig. 8
ES-RVL,,.iq see eq. (1)
Linear RVS
RVLS ¢4 Analogous to RV free wall strain. More | see eq. (2)
commonly reported than global or septal
metrics of the RV.
RVLS;ep Related to LV function. Necessary to cal- | see eq. (2)
culate RVLSgopai-
RVLS, 4 Highly correlated to strain by speckle | see eq. (2)
tracking and RVEF by CMR |33, 37].
RVLSgiobal see eq. (3)
Table 2: Description of a selection of clinical indices. d(-) denotes Euclidean distance between two
points.
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Figure 8: Main measures and landmarks considered in this study. The free-wall TA hinge point
(TA}EwD and TA?{E), the septal TA hinge point (TALE and TASEeg), and the RV apex (AFP and AFS)

are colored in yellow. The distances between the free wall and septal TA landmarks at ED and ES are
TAPSEy,, and TAPSE,,, respectively. The RV lengths of the free-wall (EDRV L¢,, and EDRV Ly,,),
of the septum (EDRV L, and EDRV Lg.p) and of the TA midpoint (EDRV Ly,iq and EDRV Lyy;q)
are represented in red at ED and ES. These were used to calculate RV linear strain. The ED and ES
tricuspid annular (TA) diameters are traced in white. Finally, the ED and ES area are traced in blue,
and are used to calculate RVFAC.

The dataset was randomly split patient-wise into training, validation, and testing sets, respectively 70%, 10%,
and 20% (table 3). The acquisitions in the test set were selected among those with no discarded frames, as this
was necessary to calculate the indices as expected in the real case scenario.

Detailed description of the dataset

Recordings Frames Heart cycles
1 2 3 4 5
Train 36 5413 2 4 28 1 1
Validation 5 751 1 1
Test 10 1635 1 8 1
Total 51 7799 2 6 39 1 3
Table 3: Detailed description of our dataset across training, validation and test splits. When automat-

ically detecting ED and ES, the method differs from that used by clinicians. Therefore, the number of
detected heart cycles varies between the manual and automatic methods.

2.3.2 Automated Landmark Detection

We trained and tested six different CNN architectures: U-Net [51], three variations of ResNet [47], ResNeXt50
[49], and SwinUNETR [62]. ResNet, in all of its variants, and ResNeXt50 were trained to detect landmarks
directly, in accordance with their original implementation. U-Net and SwinUNETR, are, however, originally
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Figure 9: Example of ground truth annotation landmarks: in red and green, the TA hinge points (resp.
free wall and septal), and in blue, the RV apex. Landmarks are detected for every frame, not just ED
and ES.

implemented to segment images and not regress numbers; hence, we trained these to produce a heatmap
for every landmark, which encoded at every pixel the image the probability for the landmarks to be located
therein. The coordinates of each of the three points were then obtained by computing the barycenter of the
top activated pixels above a threshold, with the threshold optimized during training as described in table 4.
Before being fed to the CNNs, images were cropped and/or padded to 256 x 256 pixels, and a fixed lookup table
was applied to enhance the input’s contrast. To compensate for the relatively low numerosity of the dataset,
data augmentation was applied through a combination of i) random Gaussian noise added with a o of 0.04,
ii) contrast and brightness deformation with a v between 0.8 and 1.2, and iii) random rotations, with rotation
angles falling in the [-15°, +15°] range, and random crops, with a minimum crop size of 230 x 230 pixels, and
performed on a random selection of 60% of the inputs.

Training, validation, and testing were conducted using PyTorch 2.1 and MONATI [74] on an NVidia GeForce
GTX 1080 graphics card with 8 GB of VRAM. For every architecture, the best set of hyperparameters was
identified through preliminary experiments devoted to exploring the hyperparameter space. Specifically, the
batch size, initial learning rate, number of input channels in U-Net, feature size of the SwinUNETR model,
depth, dropout, number of residual units in each convolutional layer for the U-Net, and confidence thresholds
described previously were explored and summarized in table 4.
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Hyperparameters used during training

| U-Net | ResNetl8 | ResNet34d | ResNet50 ResNeXt50 | SwinUNETR
Batch size 128 16 16 16 0 16
Initial LR [le-4;1e-2], 5e-3 | [le-4;1e-2|, 1e-3 | [le-4;le-2|, 5e-3 | [le-4;le-2], 1le-3 le-4 le-4
# Channels [4;32], 16 N/A N/A N/A N/A N/A
Feature size N/A N/A N/A N/A N/A 12
Depth 6 down, 6 up 18 34 50 50 5 down, 5 up
Dropout [0;0.25], 0 0 0 0 0 0
# Res. units [0;2], 0 N/A N/A N/A N/A N/A
Threshold | [40%:5%], 12.5% N/A N/A N/A N/A [30%:10%)|, 20%

Table 4: Hyperparameters used during training. When applicable, the tested intervals are reported in
brackets, followed by the selected value.

As visible in table 4, the experiments were especially focused on the U-Net, since it produced better results from
the beginning and had a faster inference speed, which made it preferable to architectures such as SwinUNETR.
The learning rate was divided by a factor of 3 if the validation loss stopped decreasing for 3 epochs. The training
was stopped if the validation loss stopped decreasing for more than 10 consecutive epochs. The model with
the best validation loss was saved and used for further evaluation in section 3. The euclidean distance between
predicted and target landmarks was used as a training loss. The performing model had a batch size of 128 and
an initial learning rate of 0.005.

2.3.3 Automatic Calculation of Clinical Indexes

Based on the frame-by-frame predicted position of the landmarks (fig. 9), the clinical indices were automatically
computed. To this aim, four approaches were implemented and tested:

1. computation based on the raw predicted coordinates of the three landmarks;

2. computation upon filtering the raw predicted coordinates of the three landmarks through a Kalman filter.
The Kalman filter was initialized with a constant-velocity motion model, zero initial velocity, a process
noise standard deviation of 5, and measurement noise standard deviation of 0.1. At each time step, the
filter performed a prediction followed by an update using the observed coordinates, yielding the estimated
filtered position.

3. computation upon filtering the raw predicted coordinates through moving linear interpolation: for a
given landmark with predicted position x(¢), and given three consecutive frames ¢;_1, ¢;, and ¢;11, if
[|x¢ — x¢—1]|| > 2mm and ||x: — X¢41|] > 2mm then x(t;) is set to the average of x;—1 and X¢11.

4. computation upon filtering the raw predicted coordinates with the moving linear interpolation first, and
following with the Kalman filter.

The ED frame of each heartbeat was automatically identified based on the ECG signal recorded during the
exam: R-peaks were detected using the Pan—Tompkins [75] algorithm, and ED frames were selected as the
frames that are the closest in time to each R-peak. A heart cycle was then defined as the interval between
two ED frames. Specifically, the ES frame was defined as the frame characterized by the maximal distance
from T Ay, (t) to the position of T Ay, at ED (TAJ‘?U? ). The T'Ay,, coordinates were specifically filtered for
this procedure by applying the cascade of linear interpolation and Kalman filtering described above, in order
to limit obvious errors as much as possible. T'Ay,, was considered instead of T'A,., because it was the most
consistently predicted landmark when testing the model.

AutoRV computes all clinical indices from these two ED and ES frames, using the corresponding predicted
landmark coordinates and applying whichever filtering strategy (none, either filter, or both) is most suitable for
each specific index. The coordinates of the midpoint of the TA were calculated by averaging the coordinates of
T Ay and T Agep. The predicted clinical indices are then calculated with the same formulas reported in table 2,
with the exception of the RV areas.

Indeed, RV area at a given frame was calculated using a method designed to approximate manual endocardial
tracings: T' Ay, A, and T A, were interpolated by a cubic spline, which was sampled at N equally spaced
points; RV area was then computed as the area of the polygon defined by the IV points. Based on a preliminary
sensitivity analysis, N was set to 6 and 5 when computing RVEDA and RVESA, respectively, as these values
provided the best agreement with manual measurements.

An unconventional strategy was adopted to reduce discrepancies in RVFAC vs. manual quantifications. These
discrepancies were typically caused by the overestimation of RVESA, whereas RVEDA was correctly quanti-
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fied. To compensate for the overestimation of RVESA, when computing RVFAC N was increased to 11 to
compute RVEDA: this choice led to consistently overestimating RVEDA to an extent that compensated for
overestimations of RVESA when computing RVFAC.

After computing each index per heartbeat across an acquisition, the final prediction was derived as the mean,
median, maximum, or minimum value across all heartbeats. Finally, TAPSE;o1q; was defined as the average of
TAPSE¢,, and TAPSE,,,, each filtered with its best-performing strategy and reduced using the method that
individually yielded the best results. A detailed explanation of the filtering technique and reduction method
across heartbeats is reported in table 5.

Clinical indices processing strategy

Group | Index family Index Filter | Reduction

TAPSEy,, | Kalman median
TAPSE TA motion TAPSEseP Both

maximum

TAPSEgiopar | Strategy in section 2.3.3
TADD Kalman median

Diameters TA distance

TASD None minimum
RVEDA Both maximum
Areas RV area RVESA Kalman minimum
RVFAC Strategy in section 2.3.3
ED-RVLy, None mean
DRVL RV length ED-RVLgep None maximum
ED-RVL,:4 None median

ES-RVLy,, | Kalman minimum

SRVL RV shortening ES-RVLiep Both

minimum

ES-RVL,,;4 Both minimum

RVLSyy, Kalman maximum
RVS Linear strain RVLSep Kalman maximuimn
RVLS, ;4 Kalman maximum

RVLSgiopar | Kalman maximum

Table 5: Filtering and reduction strategies used to compute each clinical index. "Filter" indicates the
filtering strategy applied to the raw predictions, and “Reduction” indicates how the index was derived
from multi-heartbeat measurements.

3. Results

3.1. Landmark detection

As mentioned in section 2.3.2, experiments were conducted using a U-Net and a SwinUNETR, that output three
heatmaps, or various variations of ResNet. U-Net was the best performing architecture for validation loss by a
significant margin, with an average distance error between predicted landmarks and ground truth of 4.42 mm
(table 6). For this reason it was selected as the best performing model, and further analyzed on the test set.

The pipeline results transfer well from validation to testing set: the average error is similar, with a value + std
of 4.16+£3.36 mm (table 7). However, this average value resulted from mismatches that were rather different
from landmark to landmark (fig. 10 and table 7): 2.93 4+ 1.80 and 3.52 £ 3.38 mm for T'Ay,, and T'A,p, and
6.04 £ 3.72 mm for A. The detection of A was hence much less reliable than the detection of the TA hinge
points. By analyzing the predicted and ground truth positions for a set of randomly selected images, it was
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Validation performance

Network | Distance (mm)
U-Net 4.42
ResNet18 6.01
ResNet34 6.92
ResNet50 6.33
ResNeXt50 6.35
SwinUNETR 5.13

Table 6: Best average landmark distance error on the validation set for the tested models. Best result
shown in bold.

possible to observe that the predicted position of A could vary from points on the endocardial surface to points
several millimeters inside the heart wall (fig. 11).

Landmark error distribution
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Figure 10: Box plot of distance errors between ground truth and predicted landmarks over the test
set. Blue boxes indicate the interquartile range of the error distribution, with the central black line
representing the median. Whiskers extend to the most extreme values within (1.5 x IQR), and points
beyond this range are shown as outliers (empty circles).

Test set landmark errors

Free wall Septal Apex Global

293£180mm | 3.52+3.38 mm | 6.04 £3.72 mm | 4.16 £ 3.36 mm

Table 7: Distance errors 4 std between ground truth and predicted landmarks over the test set.

Moreover, the performance of the pipeline varied also from patient to patient, as some of those images were
more challenging to analyze (fig. 12).

The analyzed U-Net model was also one of the fastest models, with an inference rate of 248 fps; well above the
frequency of TEE acquisitions (table 8). This evidence, togheter with the errors obtained in the validation and
test sets, which were almost always acceptable, indicated the U-Net model, among the considered solutions, as
ideal for monitoring use in ICUs.

3.2. Clinical Indexes

Mismatches in the values of the clinical indices between AutoRV predictions and ground truth are summarized
in table 9 and graphically represented by Bland—Altman plots (figs. 13 to 17). In general, good agreement was
observed: for most patients, the differences between manual and automatically computed measurements were
centered close to zero, with at most a single patient lying outside the LoA for each index.

Mismatches in TAPSE,, (1.09 + 2.25 mm) compare favorably with those obtained using the semi-automated
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Figure 11: Random selection of example results for landmark detection by AutoRV in the test set.
Green = ground truth; red = prediction. Images are identified by their patent ID.
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Figure 12: Box plot of average error per patient between ground truth and predicted landmarks over
the test set. Blue boxes indicate the interquartile range of the error distribution, with the central black
line representing the median. Whiskers extend to the most extreme values within (1.5 x IQR), and
points beyond this range are shown as outliers (empty circles).

pipeline proposed by [17], which reported an error of —0.40 £ 2.75 mm. While our approach shows a slightly
higher bias, it achieves narrower LoA, despite being fully automated and not requiring manual selection of ES
and ED frames prior to index computation. Errors in TAPSE,, remain above the inter-observer variability
reported in the literature [76, 77]. In particular, both the bias and std exceed the inter-observer variability of
—0.04 4+ 0.54 mm and the intra-observer variability of —0.52 4+ 0.69 mm reported for lateral TA motion in the
mid esophageal 4 chambers view (ME4C) view [76]. Furthermore, the normalized LoA of 47.29% is higher than
the 9.7% reported for inter-observer variability by Skinner et al. [77].

Indices incorporating the septal annular point, such as TAPSE,.,, TAPSEgiopq1, TADs, and RVLs, tend to be
less stable than those based solely on T'Af,,. The performance of TAPSE,,, is markedly inferior to that of the
other TAPSE variants, with a bias and std of 0.93 + 3.87 mm. Although the bias is lower, the substantially
higher std leads to wider LoA. Given the smaller average value of TAPSE,.,, these absolute errors correspond
to larger relative discrepancies and frequent inconsistencies across cases. In contrast, TAPSE oy yields the
best results among the computed TAPSE variants, with a bias and std of 1.01+2.03 mm, remaining comparable
to TAPSEy,, in terms of bias and std.

The TAD is predicted with relatively high consistency. Both TADD (0.16 + 3.67 mm) and TASD (—1.63 +2.64
mm) exhibit low bias and std, with TASD being slightly overestimated but consistent across measurements.
When considering summary statistics (table 9), RV areas appear well predicted by the proposed pipeline.
Specifically, RVEDA showed a bias and std of —0.29 & 3.73 cm?, while RVESA was mildly overestimated, with
2.40 £ 2.74 cm?.

Inspection of the Bland—Altman plots (fig. 15) and representative examples (fig. 11) revealed that patient 190
presents a particularly thin RV morphology, associated with large discrepancies between manual and automatic
estimates of RVEDA and RVESA. Interestingly, these errors do not propagate to RVFAC for this patient, as
the overestimation of both areas partially cancels out. The resulting RVFAC estimation shows a bias and std
of 0.19 + 6.64 %, comparable to [17].

A similar behavior was observed for RVLSs. While absolute errors in RVLs were generally small relative to
ventricular length, they compounded when computing strain. For example, although the normalized LoA for
ED-RVLy,, and ES-RVLy,, were 22.5% and 34.3%, respectively, the normalized LoA for RVLSy,, increased to
60.9%. This effect is illustrated by patient 149, in whom a slight displacement of T'AZ ’3 leads to overestimation

se

of septal, midpoint, and global longitudinal strains while RVLS ,, remains unaffected (fig. 17).
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Figure 13: Bland-Altman plots for TAPSE indices over the test set.
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Figure 14: Bland-Altman plots for TAD indices over the test set.
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Figure 16: Bland-Altman plots for RV lengths over the test set.
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Inference speed on test set

Network | Inference speed (fps)
U-Net 248
ResNet18 287
ResNet34 177
ResNet50 125
ResNeXt50 106
SwinUNETR o4

Table 8: Average inference speed measured on the test set. Best result shown in bold.

Clinical indices Mismatches

Group | Index family Index Value
TAPSE ,, 1.09 £ 2.25 mm
TAPSE | TA motion | papgp, | 0.93+3.87 mm
TAPSEji0pal 1.01 £ 2.03 mm
Diameters | TA distance TADD 0-16 4 3.67 mm
TASD —1.63 & 2.64 mm
RVEDA | —0.29 4 3.73 cm?
Areas RV area RVESA | 2.40+2.74 cm?
RVFAC 0.19+6.64 %
ED-RVLy,, | —0.42 £ 5.00 mm
DRVL RV length | pp RVL,,, | 0.69+4.66 mm
ED-RVL,,:4 0.22 £4.57 mm
ES-RVLy,, | —4.89£6.12 mm
SRVL | RV shortening | po pyr,. | —0.02 +4.99 mm
ES-RVL,,;q | —2.41 +4.80 mm
RVLS /4 5.02 4 3.14 %
RVS Linear strain RVLSep 1.96 4 6.55 %
RVLS, .4 3.714+£3.92 %
RVLSgiopar | 3.87 +3.62 %

Table 9: Mismatches (average £ standard deviation) between AutoRV-computed and manual clinical
indices.

3.3. Threshold-based classification of RV function

To assess the ability of autoRV to detect RV dysfunction, the 10 RVs in the test set were classified based on
TAPSE¢,,, the best performing index among those reported in the literature. A conservative threshold of 18
mm [31] was adopted, at the upper end of the 15-18 mm range reported in previous studies [17, 20, 27, 32]. RV
function was classified as impaired when TAPSE{,, was smaller than 18 mm. A relatively high threshold was
intentionally selected to reduce the risk of missing severely impaired RV cases. Using a lower cutoff within the
reported TAPSE;,, range could result in slight measurement errors causing truly pathological ventricles to be
classified as normal.
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Five RVs with normal function and four RVs with impaired function were correctly classified, while one normal
RV was misclassified as impaired. No impaired RV was misclassified as normal (fig. 18).

TAPSEfw Confusion Matrix (threshold > 18.0 mm)

Normal RV function

True label

Reduced RV function 1

Normal RV function Reduced RV function
Predicted label

Figure 18: Confusion matrix for binary classification of RV function based on TAPSE;,, using a
conservative threshold of 18 mm.

4. Discussion

The main finding of this study is that the deep learning pipeline herein presented, named AutoRV, automatically
measures multiple RV parameters with very low bias. Data suggest that AutoRV shows promise for automatic
monitoring of RV structure and function in mechanically ventilated patients.

4.1. AutoRV

The landmark detection task is well performed by our U-Net solution; however, for A, the distance between
ground truth and predicted position can be as large as 30 mm. Additionally, T'A,, was localized more accurately
than T'Asep. This highlights the difficulty of precisely and consistently localizing that landmark on 2D-TEE
imaging. The larger error observed for A is mainly attributable to severe foreshortening and to substantial
derangements in RV shape with respect to the subjects included in the training set. In contrast, the higher
error for T'A,.,, is primarily related to foreshortening when the aortic valve is visible in the image (e.g., fig. 19), a
condition that alters the apparent geometry of the annulus. Overall, more challenging cases were characterized
by suboptimal image quality, which was reported in 20% of the acquisitions annotated by clinicians, by severe
foreshortening, such as when T'Ay,, falls outside the image in certain time frames, and by marked RV shape
alterations compared to the training population. Experiments were conducted, using filtering, to mitigate the
high time-variance in the predictions. While filtering helps smooth out outliers, it has the side effect of erasing
small subtleties in movements. Additionally, since consecutive frames are visually similar, any error in detecting
a landmark usually propagates across frames, making filtering less effective.

Detection uncertainty naturally impacts the computation of clinical indixes. Although the proposed pipeline
computes TAPSE¢,, with narrower LoA than a recent semi-automated method [17], the observed errors remain
substantially higher than expert inter- and intra-observer variability [76, 77]. This suggests that full automation
is achieved at the cost of reduced agreement with manual measurements, highlighting a gap between current
automated performance and expert-level consistency. The reduced stability of indices involving the septal
annular point likely reflects challenges in accurately localizing T'As.,, whose errors propagate to derived indices
and amplify variability compared to measurements based solely on T'Ay,,. Although TAPSE .. improves
over TAPSE;.,, its performance remains similar to TAPSEy,,, while its mean value is lower, suggesting that
combining annular landmarks does not substantially mitigate localization errors. The stable performance of
TAD suggests robust geometric characterization of the annulus. This likely originates from the higher accuracy
of the proposed method in detecting TA hinge points compared to A, as discussed in section 3.1. In contrast,
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Figure 19: Three cases of poor image quality in the test set. The ground truth is reported in green,
while the model predictions are the red dots. Images A and C, coming from patients 198 and 160
respectively, show how the presence of the aortic valve in the frame can create confusion in the model,
that picks a point higher than the correct one. Image B, coming from patient 170, has a general lower
quality, with less contrast than other acquisitions, so the model does not have enough patterns to find
the correct landmark.

measurements relying on A, such as RVFAC, RVLs, and RVSs, are more susceptible to localization errors,
leading to increased variability. One of the considered patients, i.e., patient ID: 190 (fig. 11), was shown to have
a relatively narrow RV in comparison to the rest of our dataset, leading to clear outlier errors, with RVEDA
and RVESA of 10.50 and 8.50 cm? respectively (fig. 15). A significant limitation lies in the approximation used
to compute these areas: the cubic spline interpolation relies on the position of only three landmarks, implicitly
assuming a standard curvature of the ventricular walls. Consequently, this method fails to capture local shape in
case of morphological abnormalities. Although area errors may partially cancel in RVFAC, the metric remains
sensitive to compounded errors, explaining the higher variability of this index. Similarly, strain metrics amplify
small localization errors. Minor inaccuracies in detecting T'Age, and the apex propagate through longitudinal
measurements and become magnified when computing relative deformation, explaining the large normalized
LoA observed for strain indices.

These results highlight the lack of generalization across varying RV shapes and sizes from our model. A dataset
with broader morphology representation is mandatory to achieve a more accurate RV function description.
Indeed, though 5413 frames are used to train AutoRV, they depict only 36 different patients and thus mor-
phologies.

The data used in this study were collected at a single hospital, which limits external validity and variations in
image quality (e.g., foreshortening). The manual annotations were also performed by one clinician only, which
prevents thorough comparisons between inter-observer variability and AutoRV.

Additionally, AutoRV relies on linear measurements in a single image plane and is therefore fundamentally
limited by RV geometry. Moreover, our method does not account for inter- or intra-ventricular dyssynchrony,
such as paradoxical septal motion, which may be important to detect during monitoring. Finally, although
herein many indices are reported, the optimal combination of parameters for clinical use remains unclear.

4.2. Manual Measurements as a Baseline

When automating measurements on echocardiography, manually computed ones serve as reference ground truth.
Therefore, mismatches between predictions by the model and manual measurements are interpreted as errors in
the predictions. However, manual measurements are subject to their own uncertainty and variability: indeed,
in this study landmarks were traced from scratch every time a linear length was manually measured. These
factors probably widened the LoA regardless of the accuracy of AutoRV [78].

4.3. The Advantage of Multiple Parameters of the Right Ventricle

An advantage of the method herein presented is the automatic and real-time measurement of several parameters
reflecting both RV function and size. Accounting for the latter helps interpreting the former, because changes
in parameters of RV function may result from changes in preload, afterload, or contractility. By monitoring
RV ED size, preload-mediated changes in RV function can be easily identified, and specific treatments can be
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initiated [79].

Deciphering changes in RV function due to increased afterload or decreased contractility requires clinical context
and cannot be achieved by interpreting TEE-derived measurements alone. A useful perspective is to view these
load-dependent parameters of RV function as markers of right ventriculo-arterial coupling (i.e., the matching of
contractility and afterload), which reflects the mechanical energy efficiency of the RV [80, 81]. As such, AutoRV
may prove valuable for monitoring the evolution of RV function and the effects of therapeutic interventions in
individual patients, when their hemodynamic state and contractility undergo significant variations over time.
There is also the question of whether to include septal measurements when assessing RV function, as our method
does. Usually the septum is not considered when reporting RV function [40], because septal motion is influenced
by LV contraction, which is a confounding factor in the analysis of RV function, whereas the RV free wall does
not suffer from this limitation.

Whether analyzing the septum and free wall separately offers a clinical advantage likely depends on the clinical
question. If one wishes to monitor a patient’s global cardiopulmonary status, including the septum and LV
function might be advantageous. On the other hand, if the specific question concerns cardiogenic versus non-
cardiogenic pulmonary oedema, separating the left- and right-sided components could be useful [82]. However,
whether such separated analysis makes sense when assessing global circulatory function is debatable: the septum
is an integral part of normal RV function and accounts for a large proportion of global RV contractility [83].
Septal dysfunction is a key feature of RV dysfunction. Furthermore, RV dysfunction or dilatation can decrease
LV preload and thereby reduce LV strain [84]. Thus, the RV and the LV are not only anatomically connected,
but also functionally interdependent; attempts to separate their analysis may not be meaningful.

4.4. Threshold-Based Classification of RV Function

Using a conservative threshold of 18 mm to classify patients based on TAPSE¢,,, i.e., the index most accurately
predicted by AutoRV, showed strong classification performance. The results suggest that the method can
reliably identify patients at risk of RV dysfunction, particularly by minimizing false negatives.

However, this result should be interpreted cautiously due to the limited cohort size and the fact that the analysis
evaluates threshold-based agreement rather than true clinical diagnosis. Moreover, most established TAPSE ¢,,
thresholds are derived from TTE, whereas the present measurements were obtained using TEE, where values
tend to be slightly lower. This difference in imaging modality may influence classification performance.
Although binary classification shows promising accuracy, these results emphasize the need for continuous as-
sessment of multiple indexes, rather than relying solely on a threshold-based method. Subtle declines in any
of the indexes may may allow for earlier detection of RV dysfunction. Slight misclassification highlights the
importance of a more precise estimation of the indices; even a few millimeters mismatch can result in incorrect
decision making. Nonetheless, the findings support the prospective utility of AutoRV in identifying patients
at risk of RV failure, emphasizing its future potential for guiding timely interventions and monitoring disease
progression.

5. Conclusions and future developments

This thesis investigated the feasibility of a fully automated pipeline for real-time RV evaluation in mechanically
ventilated patients using 2D TEE. To the best of our knowledge, this represents the first study to demonstrate
an end-to-end system capable of automatically detecting anatomical landmarks, deriving clinically relevant
indexes, and supporting continuous monitoring of RV function in this challenging clinical setting.

Several deep learning models were developed and compared for the automatic detection of the FW and septal
TA hinge points and of the RV apex. Among them, a U-Net based architecture achieved the best performance,
with mean localization errors on the order of 4.16 4+ 3.36 mm on the test set. From the predicted landmark
coordinates, the proposed autoRV pipeline automatically computed multiple quantitative indexes commonly
used in RV assessment, including different variants of TAPSE, RV areas and RVFAC, RVLs, and RVLSs.
Together, these parameters capture complementary aspects of RV mechanics and geometry, enabling a more
comprehensive evaluation of RV function than any single index alone.

With respect to traditional STE, which remains the reference technique for RV strain analysis, the proposed
approach offers several advantages. STE requires expert operator input during both acquisition and post-
processing, is highly sensitive to image quality, and lacks standardization in TEE, particularly in mechanically
ventilated patients. Moreover, most available implementations are limited to single-beat analysis, reducing
robustness and limiting their usefulness for monitoring temporal changes. In contrast, the autoRV pipeline
operates fully automatically, supports continuous beat-by-beat analysis, and naturally enables averaging over
multiple cardiac cycles. This capability improves measurement robustness and enhances the interpretability of
longitudinal changes in RV performance, which is crucial in critical care environments.
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Despite these promising results, several limitations remain. High image quality is still a prerequisite, as arti-
facts, foreshortening, and the appearance of the aortic valve can degrade landmark detection and index accuracy.
Although the proposed method shows good agreement with clinical measurements for several parameters, its
accuracy is not yet sufficient to reliably detect subtle impairments in RV function, and performance remains
inferior to expert assessment. This discrepancy indicates that the current level of error is still too large to be con-
sidered clinically reliable for independent assessment of RV function without expert supervision. Indices relying
on T'Agep and A remain more sensitive to localization errors and currently show limited robustness compared to
measurements based on T'A,,. While annular geometry can be estimated reliably, composite functional indices
such as RVFAC and RVLS remain challenging due to error propagation and anatomical variability. Moreover,
a limitation is represented by how the RV areas are computed and their implicit assumption of a standard
curvature of the RV walls. In addition, most of the considered indexes are standardized and validated primarily
in TTE, whereas their interpretation and threshold values in TEE are less well established. As a consequence,
a robust and clinically validated strategy for aggregating multiple predicted indexes into a unified assessment
of RV performance is still missing.

Future work should therefore focus on improving the stability of landmark detection and the accuracy of
landmark frame-to-frame tracking, for instance by incorporating temporal information through architectures
that jointly process short sequences of frames. A promising direction would be to train the model to output
landmark predictions only when its confidence is sufficiently high. This would improve overall accuracy, reduce
sensitivity to image quality, and limit the occurrence of gross errors. Accuracy and precision could also be
enhanced by systematically averaging measurements over a larger number of cardiac cycles, ideally ten or more,
to facilitate earlier detection of meaningful physiological changes. Implementing the segmentation of the RV
chamber, whose isosurface would correspond to the RV endocardium ([17]), could also be a great improvement.
Traditional segmentation-based approaches are likely to provide more robust geometric estimates of RV area and
make apex detection easier, although at the cost of substantially increased annotation effort compared to the
present keypoint-based strategy. Furthermore, the development of a dedicated Al-based classifier that integrates
all predicted indexes could enable automatic detection of subtle functional variations and provide early alerts to
clinicians, by learning to evaluate RV function based on the optimal combination of clinical indices. Extensions
toward 3D TEE based models could further improve geometric fidelity by capturing the full spatial complexity
of RV anatomy, though this would increase model complexity, processing time and computational burden.
Future validation studies could also address the inherent variability of manual measurements. This issue may
be addressed in three ways. First, a third, independent “umpire test” could be used as a term of comparison
for both AutoRV and manual measurements ([85]). Second, a repeated-measurement study could be performed
to assess the test-retest variability of both methods, thereby evaluating a more relevant characteristic for
monitoring in settings with an imperfect reference ([86]). Third, tracings and measurements could be averaged
over a larger number of cardiac cycles, thus mitigating the impact of spurious errors and potentially making
the LoA narrower ([66, 67]). These directions should be explored in a future validation study. Finally, training
and validation on larger and more diverse patient cohorts will be essential to ensure generalization, statistical
robustness, and clinical relevance.

In conclusion, this work demonstrates that automated monitoring of RV function in 2D-TEE is technically
feasible in mechanically ventilated patients. By leveraging a lightweight U-Net architecture for automatic
landmark detection and deriving multiple clinical indexes in real time, the proposed autoRV pipeline offers a
standardized, objective, and operator-independent framework for RV assessment. Its fast inference time and
minimal computational requirements make it realistically applicable in the ICU. While further optimization
and large-scale validation are needed, this study lays the groundwork for a new generation of echocardiographic
tools capable of continuous and reproducible cardiac monitoring in demanding critical care settings.
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A. Application of 2D Pipeline to 3D Acquisitions

This appendix details the preliminary investigation into applying the developed 2D pipeline to 3D TEE acquisi-
tions. The objective was to assess the generalization of the model on 4-chamber views extracted from volumetric
data.

A.1. Data Acquisition

Mid-esophageal single-beat full-volume 3D TEE images focusing on the Right Ventricle (RV) were obtained
from mechanically ventilated patients under general anesthesia. All data collection utilized a GE Healthcare
E95 scanner equipped with a 6VT-D probe (Horten, Norway). Scanner settings were optimized to achieve a
frame rate of at least 15 volumes per second for 3D acquisitions.

A.2. 3D Dataset Preprocessing

To evaluate the feasibility of applying the 2D trained model to 3D data, it was necessary to extract representative
4-chamber views from the volumetric acquisitions. The manual 3D RV segmentations provided with the dataset
were utilized to define the optimal slicing plane for reconstruction. Specifically, the mesh corresponding to the
first frame of each acquisition served as the reference for guiding the slicing procedure.

The plane alignment process was performed using 3D Slicer. Three specific landmark points on the tricuspid
valve were identified within the 3D mesh to establish the valve’s orientation(fig. 20).

Figure 20: Visualization of the preprocessing in 3D Slicer. Coordinates of three points on the tricuspid
valve were extracted from the mesh to calculate the equation of the plane parallel to the valve annulus.

These coordinates were subsequently mapped onto the acquisition’s grid space to define a transformation aligning
the plane formed by the three points with the grid’s  — y plane. Based on this alignment, an axis parallel
to the z-axis and passing through the geometric center of the tricuspid valve was derived. This axis served as
the center of rotation for generating a series of intersecting planes at 10° angular increments. By reslicing the
volume along these planes, 18 distinct 2D slices were generated for each volumetric frame.

From this pool of generated slices, the view that most accurately reproduced the standard 4-chamber projec-
tion was manually selected, resulting in a dataset of 2D images derived directly from the 3D acquisitions. A
qualitative degradation in image resolution and tissue definition is observable in the extracted slices compared
to native 2D acquisitions, with some samples exhibiting significant artifacts (fig. 21).

A.3. Prediction on the Reslices Extracted from the 3D Dataset

The generalization performance of the best-performing model on the 3D-derived dataset was assessed through
visual inspection. The inference results indicated a significant shift failure to the 3D domain; in the majority
of cases, the predicted landmarks were incoherent, with keypoints distributed stochastically across the image
rather than aligning with anatomical features.

Successful detection was observed in only a single acquisition within the test set, which was noted to possess
visual characteristics most similar to the native 2D domain. Given the consistent failure of the model to adapt
to the lower resolution and distinct textural properties of the 3D-derived slices, a quantitative statistical analysis
was deemed unnecessary. An illustrative example of these prediction failures is presented in fig. 22.

Given these findings, further work is needed to adapt our pipeline to 3D images. This could involve, for example,
fine-tuning the model on images extracted from the 3D dataset to adapt it to the different domain. Furthermore,
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Figure 21: Examples of 2D slices extracted from the 3D volumetric acquisitions. A general reduction
in image quality and resolution is evident compared to native 2D acquisitions. Several samples, such
as those in panels C, E, and H, display very low quality.

a model trained to automatically extract 2D slices from 3D acquisitions, such as in [41], could be beneficial to
streamline the process. Finally, a fully 3D pipeline could be implemented, for instance, to segment the TV or
the RV directly.

Figure 22: Representative examples of model predictions on the 3D-derived test set. The model fails to
localize anatomical landmarks accurately, resulting in scattered and nonsensical keypoint placement.
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Abstract in lingua italiana

La disfunzione e l'insufficienza del ventricolo destro (RV) sono complicanze rilevanti nelle terapie intensive,
soprattutto nei pazienti sottoposti a ventilazione meccanica. L’ecocardiografia transesofagea (TEE) ¢ la tecnica
di imaging di riferimento, ma le attuali valutazioni si basano su analisi manuali offline, limitando il monitoraggio
continuo della funzione del RV. I metodi automatizzati basati su deep learning (DL) sono stati sviluppati quasi
esclusivamente per I'ecocardiografia transtoracica (T'TE).

Questo lavoro presenta AutoRV, sistema completamente automatizzato basato su DL, progettato per il monitor-
aggio in tempo reale del RV tramite immagini TEE 2D in sezione medio-esofagea. Il modello ¢ stato addestrato
e validato su 8,424 frame provenienti da 52 pazienti ventilati. Sono state confrontate diverse architetture di
reti neurali convoluzionali, tra cui varianti di ResNet, ResNeXt50, SwinUNETR e U-Net, per individuare tre
landmark clinicamente rilevanti: i punti di inserzione settale e della parete libera dell’annulus tricuspidale (TA)
e l’apice del RV.

Tra le architetture valutate, la U-Net ha ottenuto le migliori prestazioni, con errore medio di localizzazione
pari a 4.16 £+ 3.36 mm sul set di test. Il punto di inserzione del TA sulla parete libera ¢é stato identificato con
elevata precisione (2.93 £ 1.80 mm). La pipeline é computazionalmente efficiente, con velocita di inferenza di
248 frame/s (fps), adatta al monitoraggio continuo in tempo reale.

AutoRV calcola automaticamente gli indici clinici principali, con bias contenuto rispetto alle misurazioni man-
uali: 1.09 £ 2.25 mm per TAPSE,, e 0.19 +6.64% per RVFAC. Altri parametri mostrano maggiore variabilita,
soprattutto quelli dipendenti dall’apice del RV e dal punto di inserzione settale, coerentemente con le prestazioni
inferiori su questi landmark.

AutoRV ¢ il primo sistema end-to-end in grado di fornire valutazione automatizzata del RV da immagini TEE.
La sua elevata velocita di inferenza e la capacita di estrarre oggettivamente parametri clinici standard ne
evidenziano il potenziale per il monitoraggio cardiaco continuo in terapia intensiva.
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