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Aims Pericardial disease spans a wide spectrum from small effusions to life-threatening tamponade or constriction.
Transthoracic echocardiography (TTE) is the main diagnostic tool, but its interpretation is limited by operator
dependence and incomplete functional assessment. Existing deep learning (DL) models focus mainly on effusion
detection, lacking broader evaluation.

Methods We developed a DL-based framework that performs sequential assessment of pericardial disease: (i) morpho-

and results logical features, including effusion amount (normal/small/moderate/large) and pericardial thickening/adhesion
(yes/no), from five B-mode views, and (ii) haemodynamic significance (yes/no), incorporating Doppler and infer-
ior vena cava measurements. The developmental dataset comprises 2253 TTEs from multiple Korean institu-
tions (225 for internal testing), and the independent external test set consists of 274 TTEs. In the internal
test set, diagnostic accuracy was 81.8-97.3% for effusion, 91.6% for thickening/adhesion, and 86.2% for
haemodynamic significance. External test set accuracy was 80.3-94.2%, 94.5%, and 85.5%, respectively.
Area under the receiver operating curves for the three tasks were 0.92-0.99, 0.90, and 0.79 internally, and
0.95-0.98, 0.85, and 0.76 externally. Sensitivity for thickening/adhesion and haemodynamic significance im-
proved from 66.7% to 77.3%, and 68.8% to 80.8%, respectively, when poor image quality were excluded.
Similar performance gains were observed in subgroups with complete target views and a higher number of
available video clips.

Conclusion This study presents the first DL-based TTE model for broader pericardial disease evaluation, integrating mor-
phological with supportive functional assessments. The proposed framework demonstrated strong generaliz-
ability and aligned with the real-world diagnostic workflow. However, caution is warranted when
interpreting results under suboptimal imaging conditions.
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Introduction

Pericardial diseases are frequently encountered in clinical prac-
tice and encompass a wide clinical spectrum, ranging from small,
asymptomatic effusions to severe and life-threatening condi-
tions such as cardiac tamponade. While some cases resolve
spontaneously without medical intervention, others may pro-
gress to constrictive pericarditis, characterized by the formation
of pericardial adhesions and thickening. This clinical heterogen-
eity underscores the need for accurate and timely diagnostic ap-
proaches that integrate both structural and functional cardiac
assessment.>? Transthoracic echocardiography (TTE) is the pri-
mary non-invasive imaging modality for evaluating pericardial
diseases, owing to its widespread availability, real-time imaging
capabilities, and ability to assess cardiac haemodynamics.!
However, the diagnostic performance of TTE remains highly de-
pendent on operator expertise, particularly in image acquisition
and interpretation,® which can induce variability and affect
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patient care. Tools that provide consistent and reproducible as-
sessments may therefore offer meaningful support in daily clin-
ical decision-making.

Recent advances in deep learning (DL) have shown promise in
addressing these limitations of echocardiography. Nevertheless,
most existing DL-based approaches have focused on isolated
tasks, such as detecting pericardial effusion, without extending
to the broader spectrum of pericardial disease. As a result, the
clinical applicability of these models remains limited, particularly
when timely identification of abnormalities is required to guide
further expert evaluation. To address this gap and to improve
applicability in real-world practice, the current study aimed to
develop and validate a DL framework capable of identifying a
broader spectrum of pericardial diseases using TTE. Rather
than relying on a complete echocardiographic examination,
the proposed model was designed to operate on a set of com-
monly available standard views, acknowledging that the avail-
ability and completeness of imaging can vary in real-world
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Table 1 Baseline characteristics

Developmental dataset P-value® External Test P-value
Training Validation Internal test

No. of patients 1665 225 225 255
Age, years 59.0+17.9 58.4+16.8 60.0£17.8 0.619 67.9+16.9 <0.001
Male, n (%) 807 (48.5%) 117 (52.0%) 98 (43.6%) 0.514 122 (47.8%) 0.365
BMI, kg/m? 23.6+3.9 23.9+48 235+4.1 0.177 23.9+40 0.298

No. of TTE exams 1803 225 225 274

Pericardial effusion, n (%) 762 107 104 198
Small 252 (14.0%) 5(15.6%) 28 (12.4%) 0.636 100 (36.5%) <0.001
Moderate 312 (17.3%) 47 (20.9%) 54 (24.0%) 0.029 54 (19.7%) 0.294
Large 198 (11.0%) 5(11.1%) 22 (10.0%) 0.855 44 (16.1%) 0.054
Pericardial thickness or adhesion, n (%) 176 (9.8%) 22 (9.0%) 33 (14.7%) 0.109 19 (6.9%) 0.008
Haemodynamic significance, n (%) 261 (14.5%) 28 (12.4%) 34 (15.1%) 0.672 32 (11.7%) 0.321

Pericardial disease category, n (%)

Normal pericardium 961 (53.3%) 110 (48.9%) 107 (47.6%) 0.149 65 (23.7%) <0.001
Pericardial effusion without complication 552 (30.6%) 77 (34.2%) 74 (32.9%) 0.462 160 (58.4%) <0.001
Cardiac tamponade 114 (6.3%) 13 (5.8%) 11 (4.9%) 0.681 0 (11.0%) 0.022
Pericarditis with effusion 23 (1.3%) 7 (3.1%) 5(2.2%) 0.077 8 (2.9%) 0.838
Effusive-constrictive pericarditis 73 (4.0%) 10 (4.4%) 15 (6.7%) 0.192 0 (0.0%) <0.001
Pericarditis without constriction 6 (0.3%) 3(1.3%) 5(2.2%) 0.001 9 (2.9%) 0.658
Constrictive pericarditis 74 (4.1%) 5(2.2%) 8 (3.6%) 0.373 2 (0.07%) 0.049

2P-values indicate comparisons among the training, validation, and internal test sets.

bp-value represent comparisons between the internal test set and the external test set.

clinical practice. The framework performs a two-stage evalu-
ation: (i) identification of morphological features, including effu-
sion, thickening, and adhesion and (ii) supportive assessment of
haemodynamic significance using automatically extracted
Doppler and inferior vena cava (IVC) parameters when available.
To ensure generalizability, the framework was validated not
only on internal test data but also on an independent external
dataset. In addition, as a secondary exploratory aim, we evalu-
ated the impact of image quality (IQ) and data completeness
(availability of target views and number of clips) on model per-
formance, acknowledging these factors as inherent challenges
in real-world echocardiographic practice.

Methods
Study population

The DL-based framework developed in this study was trained and
validated using the Open Al Dataset Project (Al-Hub) dataset, a na-
tional echocardiographic database supported by the Ministry of
Science and ICT of the Republic of Korea.*~” This dataset comprises
approximately 30000 TTE examinations retrospectively collected
from multiple tertiary hospitals in South Korea between 2012 and
2021, encompassing a broad spectrum of cardiovascular conditions.
For model development, 2253 TTE examinations were selected
from 2115 patients, including both individuals with pericardial dis-
eases and normal controls (see Supplementary material online,
Methods S1). Normal cases were drawn from the ‘normal’ category
and consisted of asymptomatic individuals who underwent TTE ex-
aminations during routine health check-ups, with only those show-
ing normal pericardial findings included. Pericardial disease cases
were extracted from the ‘pericardial disease’ category identified
using ICD-10 diagnostic codes (130.9, 131.1, 131.3, 131.9, and
C79.88). Then the diagnostic categories were determined based

on the presence or absence of pericardial effusion, pericardial thick-
ening and adhesions, and haemodynamic significance, as described
in Supplementary material online, Methods S2. The number of cases
corresponding to each diagnostic category was as follows: normal
pericardium (n=1178), pericardial effusion without complication
(n=703), cardiac tamponade (n=138), pericarditis with effusion
(n = 35), effusive-constrictive pericarditis (n = 98), pericarditis with-
out constriction (n = 14), and constrictive pericarditis (n =87). The
developmental dataset was randomly divided into training, valid-
ation, and internal test sets in an 8:1:1 ratio, comprising 1,665,
225, and 225 patients, respectively (corresponding to 1,803, 225,
and 225 TTE examinations) (Table 1). When a patient had multiple
TTE examinations, all examinations from that patient were assigned
to the training set to prevent data leakage. Diagnostic labels were
assigned to the examination label, as pericardial status may vary
over time, even within the same individual.

In addition, an external test set was constructed using 274 TTE exam-
inations from 255 patients collected at Uijeongbu Eulji University
Hospital between 2021 and 2024. For this dataset, normal controls
were randomly selected from individuals whose TTE examinations
were reviewed and confirmed to show normal pericardial findings.
Pericardial disease cases were also collected to ensure broad represen-
tation of diverse disease phenotypes. The diagnostic categories in the
external test set were as follows: normal pericardium (n = 65), pericardial
effusion without complication (n=160), cardiac tamponade (n=30),
pericarditis with effusion (n=8), pericarditis without constriction
(n = 9), and constrictive pericarditis (n=2). The study followed the
Declaration of Helsinki (as revised in 2013). The institutional review
board of each hospital approved this study and waived the requirement
for informed consent because of the retrospective design and observa-
tional nature of the study (2021-0147-003/CNUH 2021-04-032/
HYUH 2021-03-026-003/SCHBC  2021-03-007-001/B 2104/
677-004). Additionally, to establish and utilize the external test dataset,
further IRB approval was obtained from Uijeongbu Eulji University
Hospital (2025-03-018). All clinical and echocardiographic data were
fully anonymized before data analysis.
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Figure 1 Two-stage deep learning framework for pericardial disease assessment. The framework sequentially evaluates morphological
and haemodynamic features, reflecting the clinical diagnostic workflow. (A) Stage 1: Morphologic Feature Classifier—Multi-view B-mode
echocardiographic videos (PLAX, PSAX, A4C, Modified A4C, and S4C) are processed by a shared R(2 + 1)D encoder. Per-view spatio-
temporal features are fused and used for multi-task classification of pericardial effusion and thickening/adhesion. An uncertainty-
weighted loss accounts for task imbalance. (B) Stage 2: Haemodynamic Significance Classifier—Functional features from Doppler and
IVC analysis are encoded and combined with morphological embeddings to predict haemodynamic significance.

TTE acquisition and utilization

All TTE examinations were performed by trained echocardiogra-
phers or cardiologists and initially interpreted by board-certified
cardiologists specialising in echocardiography, under current clinical
guidelines.® To improve labelling accuracy, two experienced cardi-
ologists (S.A. Lee, with over 10 years of experience; Y.E. Yoon, with
over 15 years of experience) independently reviewed the entire TTE
examinations for each case and reached a consensus on key diag-
nostic features. These included (i) the presence and amount of peri-
cardial effusion (categorized as none, small, moderate, or large),
(ii) the presence of pericardial thickening and/or adhesion (yes or
no), and (iii) the presence of haemodynamic significance (yes or
no). For the external test set, to reflect real-world practice, key diag-
nostic features were primarily determined based on the original TTE
reports from the contributing institution. This labelling process was
independently reviewed and confirmed by an experienced cardiolo-
gist (LT. Moon, with over 7 years of experience), who was not
involved in labelling the developmental dataset.

Importantly, while expert annotations were based on a compre-
hensive review of the full TTE examination, only a subset of stand-
ard views was provided as input to the DL framework. These
selected views included parasternal long-axis (PLAX), parasternal
short-axis (PSAX), apical four-chamber (A4C), A4C right ventricular
(RV)-focused or modified views, and subcostal four-chamber (SC4C)
views. Additionally, mitral inflow pulsed-wave (PW) Doppler, septal
tissue Doppler imaging (TDI), and subcostal long-axis IVC views

were included for automated measurement and incorporated into
model input.

All TTE examinations were included in the developmental and ex-
ternal test sets, regardless of image completeness or quality, to re-
flect real-world clinical conditions. Cases were not excluded based
on the absence of specific target views or suboptimal IQ. When mul-
tiple video clips were available for a given view, all available data
were utilized as input for the DL-based model. Conversely, the ab-
sence of a particular view did not lead to the exclusion of the case.
We additionally evaluated the effect of IQ and data completeness
on model performance within the internal test set. For IQ assess-
ment, the overall IQ of each case in the internal test set was inde-
pendently assessed by I.T. Moon, based on the internally defined
criteria (see Supplementary Methods S3). IQ was classified as
good, fair, or poor based on the clarity of pericardial structures
and the presence of artefacts affecting morphologic or haemo-
dynamic assessment. Data completeness was defined according to
(i) availability of all five target B-mode views and (ii) number of avail-
able B-mode video clips, stratified into tertiles.

DL-based framework

We propose a two-stage DL-based framework that sequentially
models morphological and haemodynamic features of pericardial
disease using multi-view echocardiographic data (Figure 1). This de-
sign reflects the clinical diagnostic workflow, which begins with a
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structural assessment and is followed by a functional evaluation. To
obtain the required inputs, we used our previously developed artifi-
cial intelligence (Al)-based echocardiographic automatic view classi-
fication system (Sonix Health; Ontact Health Co., Ltd, Korea).>~”%"1°
All selected views were then reviewed by investigators to exclude
misclassified clips and to retrieve missing views, ensuring consistent
and accurate inputs for the model.

In the first stage, the model processes B-mode echocardiographic
video clips from selected views, including PLAX, PSAX, A4C, A4C
RV-focused/modified, and SC4C, to extract morphological features
indicative of pericardial effusion and pericardial thickening or adhe-
sion. By leveraging multiple complementary views, the model ad-
dresses the limitations of single-view analysis and better captures
the three-dimensional characteristics of the pericardial space. A
modified R(2 +1)D-18 network'**2 was used to extract spatio-
temporal features from multi-view echocardiographic videos, and
multi-view representations were aggregated through global pooling
and concatenation. Detailed training procedures and preprocessing
steps are described in Supplementary material online, Methods
5413716 When multiple video clips were available for a given
view, we explored several inference strategies to handle redundant
inputs. Based on this comparison, we adopted an exhaustive
combination-based probability aggregation method, which evalu-
ated all possible multi-view and multi-clip combinations and aver-
aged their predicted probabilities to improve robustness. Details
of the compared methods and their results are provided in
Supplementary material online, Methods S5.

In the second stage, the model evaluates the haemodynamic sig-
nificance of the morphological findings by incorporating additional
functional signals from Doppler and IVC analysis. Both Doppler
and IVC measurements were automatically extracted using our in-
house Al-based models (SONIX Health, Ontact Health Co., Ltd,
Korea), with the IVC analysis model being newly developed and in-
troduced in this study. Doppler parameters, including mitral inflow
PW Doppler (E, A, deceleration time), and septal annulus TDI (S,
E’, A') were automatically measured.”'” When multiple spectral
Doppler images were available, the image with the clearest
Doppler signal was selected, and all cycles within the selected image
were analysed to compute the mean input values. Respiratory vari-
ation of mitral or tricuspid inflow and simultaneous septal-lateral an-
nulus TDI evaluation were not incorporated, as such acquisitions
were rarely available and could bias the model towards operator
suspicion. For IVC analysis, the longest full-length subcostal long-
axis IVC video was selected to ensure reliable respiratory variation
assessment. IVC dilatation and respiratory variation were quantified
by our Al-based IVC segmentation model, which measured IVC
diameter using heatmap-guided region extraction and segmentation
area analysis (see Supplementary Methods Sé). Full-length subcos-
tal long-axis IVC videos were used to ensure accurate automatic
measurement. Based on automatic measurements, IVC dilatation
was defined as a maximum diameter >21 mm, and IVC plethora
was defined as a lack of inspiratory collapse >50%. IVC dilatation
status and plethora status were provided as model inputs. All func-
tional features were integrated with morphological embeddings to
support the detection of the haemodynamic significance of pericar-
dial disease.

Validation and statistical analysis

The performance of each stage in our DL-based framework was va-
lidated using both internal and external test sets. Diagnostic per-
formance was assessed using the area under the receiver
operating characteristic curve (AUROC), accuracy, precision, sensi-
tivity, specificity, and F1-score. Sampling variability was quantified
by exhaustively evaluating every multi-view and multi-clip combin-
ation for each exam in the internal (n = 225) and external (n = 274)
cohorts, averaging the resulting probabilities to yield a single deter-
ministic prediction per exam (see Supplementary material online,
Methods S5); this approach obviated the need for bootstrap resam-
pling. Model inference was performed on each resampled set, and
diagnostic metrics were recalculated.

For the prediction of pericardial thickening/adhesion and haemo-
dynamic significance, the optimal probability cutoff was determined
from the internal validation set using Youden's J statistic. This cutoff
was fixed and consistently applied in all model predictions, including
bootstrap replicates. Additionally, the model’s performance in de-
tecting haemodynamic significance was evaluated in a stepwise
manner using three different input configurations. First, predictions
were generated using only the five B-mode TTE videos employed in
the initial stage. Second, performance was assessed by adding
Doppler measurement, including mitral inflow PW Doppler and sep-
tal TDI. Third, the model incorporated additional IVC measure-
ments. For each configuration, diagnostic performance was
evaluated using confusion matrices, diagnostic metrics, and
AUROC values.

Results

Baseline characteristics

Baseline characteristics and the distribution of pericardial dis-
ease across datasets are shown in Table 1. At the patient level,
no significant differences were observed among the training,
validation, and internal test sets in terms of age, sex, and body
mass index (BMI). However, patients in the external test set
(mean age 67.9 £ 16.9 years) were older than those in the intern-
al test set (60.0 £ 17.8 years, P < 0.001). Based on TTE examina-
tions, compared with the internal test set, the external test set
included more cases of small pericardial effusion (36.5% vs.
12.4%, P < 0.001), and fewer cases of pericardial thickening or
adhesion (6.9% vs. 14.7%, P = 0.008), with no significant differ-
ence in the presence of haemodynamic significance (11.7% vs.
15.1%, P =0.321). The external test examinations also showed
a lower proportion of normal pericardium (23.7% vs. 47.6%,
P < 0.001), a higher proportion of uncomplicated pericardial ef-
fusion (58.4% vs. 32.9%, P < 0.001), and more frequent cardiac
tamponade (11.0% vs. 4.9%, P=0.022). Effusive-constrictive
pericarditis was not observed in the external cohort, while other
disease categories were similarly distributed. Additional
TTE-level clinical context for the external test set is provided
in Supplementary material online, Results S1.

Validation of morphologic feature detection

The proposed DL-based framework demonstrated robust per-
formance in classifying the amount of pericardial effusion (nor-
mal, small, moderate, and large) (Figure 2A). In the internal test
set, the model achieved per-class accuracies of 93.3% (normal),
81.8% (small), 85.8% (moderate), and 97.3% (large) (Table 2).
F1-score of 0.933 (normal) and 0.864 (large) indicates particular-
ly strong performance in detecting the extreme categories. In
the external test set, performance remained consistent, with
per-class accuracies of 94.2% (normal), small (83.6%), moderate
(80.3%), and 92.3% (large) (Table 2). F1-score of 0.892 (normal)
and 0.753 (large) reflects stable generalization even across a
separate institutional dataset. For pericardial effusion classifica-
tion, the model also demonstrated excellent discriminative abil-
ity across severity thresholds (Figure 3A). In the internal test set,
the AUROC:s for detecting small or greater, moderate or greater,
and large effusion were 0.95,0.92, and 0.99, respectively. In the
external test set, corresponding AUROCs were 0.98, 0.95, and
0.95, confirming stable performance across datasets.

In addition to pericardial effusion classification, the model’s
performance in detecting pericardial thickening or adhesion
was also evaluated. The optimal cutoff probability, determined
from the internal validation set, was 0.107. Using this threshold,
the model achieved an accuracy of 91.6% in the internal test set,


http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztag028#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztag028#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztag028#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztag028#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztag028#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztag028#supplementary-data
http://academic.oup.com/ehjdh/article-lookup/doi/10.1093/ehjdh/ztag028#supplementary-data

S. Jeong et al.

Internal Test Set

A Pericardial Effusion

©
=X 105 14 0 0
o
=
= _
E g 1 27 1 0
- v
= 3
= ©
o g- O 25 27 3
o 3
=
1]
2. 0 0 3 19
1]
-
Normal Small Moderate Laf'ge

Prediction

External Test Set

™
g 9 1 0
S
=
=
R 5 22 0
2 1
=5
ko]
= ]
3 ©
e T 1 9 8
O 3
=
L]
2 0 0 flid 32
q
Normal Small Moderate Large

Prediction

B Pericardial Thickening or Adhesion

[
2
bt
£ 8 b
= 2
I_
o
=
3
|
5 ¢
] 11 22
wn
£
Negétive Presence
Prediction

C Hemodynamic Significance

1]
=
-t
c B8 21
5 7]
e =
|_
o
c
3
= ]
o &
- 10 22
w0
£
Negétive Presence
Prediction

w
=
= B G
E z
o
o
=
g
g g
@ 8 13
w
v
o
Negétive Presence
Prediction
(]
=
e
c 8 24
5 o
2 =
|_
o
c
3
8 o
|9
T- 16 17
wn
[
@
Negétive Presence
Prediction

Figure 2 Confusion matrices for internal and external test sets across three diagnostic tasks: (A) pericardial effusion classification,
(B) pericardial thickening or adhesion detection, and (C) haemodynamic significance assessment.

with a precision of 73.3%, a sensitivity of 66.7%, a specificity of
95.8%, and an F1-score of 0.698 (Table 2, Figure 2B). Although
sensitivity was moderate, the high specificity indicates that the
model effectively minimizes false positives and can provide reli-
able clinical support for detecting pericardial thickening and ad-
hesion. In the external test set, the model achieved an accuracy

of 94.5%, precision of 65.0%, sensitivity of 61.9%, specificity of
97.2%, and an F1-score of 0.634 (Table 2, Figure 2B). The
AUROC for detecting pericardial thickening or adhesion was
0.90 in the internal test set and 0.85 in the external test set
(Figure 3B), indicating good and consistent discriminative ability
across datasets.



DL for Comprehensive Pericardial Assessment

Table 2 Diagnostic performance of the proposed DL-based framework across internal and external test datasets

Internal test dataset

External Test Dataset

Accuracy Precision Sensitivity Specificity F1-score Accuracy Precision Sensitivity Specificity F1-score
Pericardial effusion
Normal 0.933 0.991 0.882 0.991 0.933 0.942 0.917 0.868 0.970 0.892
Small 0.818 0.410 0.931 0.801 0.568 0.836 0.800 0.727 0.897 0.762
Moderate 0.858 0.871 0.491 0.977 0.628 0.803 0.500 0.667 0.836 0.571
Large 0.973 0.864 0.864 0.985 0.864 0.923 0.800 0.711 0.965 0.753
Pericardial thickening/adhesion
Presence 0.916 0.733 0.667 0.958 0.698 0.945 0.650 0.619 0.972 0.634
Haemodynamic significance
Presence 0.862 0.512 0.688 0.891 0.587 0.855 0.415 0.515 0.904 0.460

Accuracy = correct classification rate for each diagnostic category; Precision = positive predictive value; Sensitivity = recall (true positive rate); Specificity = true

negative rate; F1-score = harmonic mean of precision and sensitivity

Validation of haemodynamic significance
detection

For the detection of haemodynamic significance, stepwise per-
formance was evaluated according to the type of input provided
(see Supplementary material online, Results S2). As additional
haemodynamic information was sequentially incorporated—first
Doppler measurements, then IVC measurements—diagnostic
performance progressively improved. Specifically, the accuracy
increased from 71.6% with B-mode videos only to 86.2% with
the final input configuration including Doppler and IVC data in
the internal test set. In parallel, the F1-score improved from
0.256 to 0.587. Notably, the model's sensitivity increased
from 33.4% to 68.8% as more functional information was pro-
vided. The AUROC also improved stepwise, from 0.70 with
B-mode videos only, to 0.74 with the addition of Doppler mea-
surements, and to 0.76 with further inclusion of IVC measure-
ments in the internal test set. Similar trends were observed in
the external test set. The accuracy increased from 76.3% to
85.5%, the F1-score improved from 0.253 to 0.460, and sensi-
tivity increased from 33.3% to 51.5%. The AUROC also im-
proved from 0.70 to 0.74 and finally to 0.76. The final model
performance in the internal and external test sets is summarized
in Figures 2C, 3C, and Table 2.

Subgroup analysis based on image quality
and data completeness

We evaluated the effect of IQ and data completeness on model
performance within the internal test set. When stratified by 1Q,
performance declined in the poor-1Q group (see Supplementary
material online, Results S3). Sensitivity for detecting pericardial
thickening/adhesion and haemodynamic significance dropped
to 45.5% and 16.7% respectively, compared with 80.0% and
77.8% in the good-1Q group. The AUROC for haemodynamic
significance was also lower (0.68 vs. 0.81). After excluding the
42 poor-lQ cases, sensitivity improved from 66.7% to 77.3%
for pericardial thickening/adhesion and from 68.8% to 80.8%
for haemodynamic significance (Table 3). Confusion matrices
and ROC curves for the good/fair 1Q subgroup are shown
Figure 4.

Data completeness showed a similar effect. When all five tar-
get B-mode views were available, sensitivity increased from
0.500 to 0.762 for detecting pericardial thickening/adhesion

and from 0.571 to 0.778 for detecting haemodynamic signifi-
cance (see Supplementary material online, Results 54).
Performance also improved with a greater number of available
B-mode clips: sensitivity increased from 0.500 to 0.704 for de-
tecting pericardial thickening/adhesion and from 0.625 vs.
0.708 for haemodynamic significance when comparing cases
with <7 available B-mode clips (lower tertile) to those with >7
clips (upper two tertiles) (see Supplementary material online,
Results S5).

Model explainability

GRAD-CAM?® visualizations were generated to interpret the
models focus (Figure 5). In the first stage, the model for detecting
pericardial effusion and pericardial thickening/adhesion pre-
dominantly focused on the pericardial region, suggesting the
model appropriately localized features relevant to structural as-
sessment. In contrast, in the second stage, the model for asses-
sing haemodynamic significance demonstrated attention not
only to the pericardium but also to intracardiac regions, indicat-
ing that the model simultaneously considered structural and
functional information. This multi-regional focus was consist-
ently across datasets.

Discussions

In this study, we developed and validated a DL-based frame-
work for the automated identification of a broader spectrum
of pericardial abnormalities using a limited set of standard TTE
views. Unlike prior studies that have focused predominantly
on detecting pericardial effusion,”=2! our framework extends
beyond effusion quantification to include evaluation of pericar-
dial thickening, adhesion, and the haemodynamic significance
associated with pericardial abnormalities. To achieve this, we
adopted a two-stage approach that mirrors the clinical reason-
ing process, first assessing morphological features and then es-
timating the likelihood of haemodynamic impact. Furthermore,
the proposed framework was validated not only on an internal
test set but also on an independent external dataset from a dis-
tinct institution, demonstrating consistent performance.
Pericardial disease is common and presents with a broad
spectrum of clinical phenotypes.>? Pericardial effusion is the
most frequently encountered manifestation, and it is thus
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Figure 3 Receiver operating characteristics curves for internal and external test sets across three diagnostic tasks: (A) pericardial effu-
sion classification, (B) pericardial thickening or adhesion detection, and (C) haemodynamic significance assessment.



DL for Comprehensive Pericardial Assessment

Table 3 Diagnostic performance of the proposed DL-based framework according to image quality in the internal test set

Accuracy Precision
Pericardial effusion
Normal 0.945 0.989
Small 0.825 0.404
Moderate 0.858 0.880
Large 0.978 0.947
Pericardial thickening/adhesion
Presence 0.956 0.850
Haemodynamic significance
Presence 0.907 0.636

1Q—Good, Fair (n=183)

Sensitivity Specificity F1-score
0.905 0.989 0.945
0.955 0.807 0.568
0.489 0.978 0.629
0.857 0.994 0.900
0.773 0.981 0.810
0.808 0.924 0.712

unsurprising that most existing Al-based models have focused
on detecting effusion and providing semi-quantitative estima-
tion of its amount.'?"?! However, pericardial effusion repre-
sents only a portion of the overall disease continuum, and its
clinical trajectory can vary significantly.»> Some effusions may
spontaneously resolve, whereas others rapidly accumulate and
result in life-threatening tamponade. Even when tamponade is
successfully managed, persistent inflammation may lead to con-
strictive pericarditis. Consequently, the absence of effusion can-
not be equated with the absence of disease—a common source
of misdiagnosis in clinical practice and a critical limitation of
many existing Al-based approaches, which overlook more se-
vere and clinically significant conditions. To our knowledge,
this study represents the first attempt to develop an Al model
capable of evaluating the full spectrum of pericardial disease,
encompassing not only morphological features such as effusion,
thickening, and adhesion, but also the functional consequences
reflected in haemodynamic compromise. By implementing a
two-stage architecture that mirrors clinical diagnostic reasoning,
our framework introduces a novel paradigm that integrates
structural and physiological assessment. This approach not
only enables comprehensive disease characterization but also
supports informed clinical decision-making regarding the urgen-
cy and necessity of therapeutic intervention.

To enhance diagnostic robustness, the model incorporated a
multi-view input strategy that leveraged complementary TTE
views rather than relying on a single acoustic window. This de-
sign emulates real-world clinical practice, where multiple views
are routinely obtained to ensure comprehensive evaluation of
the pericardium. Furthermore, when multiple video clips were
available for the same view, the model was designed to utilize
all redundant inputs, reflecting the clinical tendency to acquire
repeated images when needed for diagnostic confidence.
Technically, these design principles were realized through
(i) an explicit two-stage architecture that sequentially integrates
morphological and functional features; (i) a multi-instance infer-
ence strategy that aggregates predictions across all feasible
combinations of views and clips; and (iii) uncertainty-weighted
loss optimization to account for aleatoric uncertainty and bal-
ance multi-task learning. Collectively, these strategies enhanced
the model’'s robustness and clinical applicability by emulating
real-world diagnostic workflows while accommodating the in-
herent data variability in echocardiographic data.

Nevertheless, as with human interpretation, B-mode TTE vid-
eos alone were insufficient to achieve optimal performance for
detecting haemodynamic significance. Incorporation of Doppler

measurements and IVC features substantially improved diag-
nostic performance in a stepwise manner. However, several lim-
itations remain. For instance, respiratory variation of the
transmitral and transtricuspid inflow was not included in this
study, and TDI was limited to septal motion without incorporat-
ing lateral annular movement for comparison. These limitations
reflect the clinical reality that such advanced Doppler acquisi-
tions were available only in a minority of cases, typically when
tamponade or constrictive physiology was clinically suspected.
Therefore, selectively incorporating these features when avail-
able may inadvertently introduce bias, as their presence itself
signals operator suspicion. Still, in real-world Al deployment, le-
veraging such information when available could enhance both
diagnostic accuracy and clinical utility. In addition, IVC features
were derived exclusively from B-mode subcostal views, preclud-
ing analysis in cases with only M-mode acquisitions. To address
this, we are developing an automated M-mode analysis module
that will enable the broader inclusion of IVC assessments and
improve compatibility with diverse acquisition protocols across
institutions. This addition has the potential to improve not only
model performance but also generalizability.

By integrating functional assessment with structural findings,
our framework aims to provide a more comprehensive and clin-
ically meaningful evaluation of pericardial disease. However,
model performance for detecting haemodynamic significance
remained relatively limited, particularly in terms of sensitivity
and precision. While the restricted availability of Doppler and
IVC data partially explains this, a more fundamental challenge
lies in the intrinsic class imbalance in the developmental dataset.
Despite incorporating multi-centre datasets, the number of pa-
tients exhibiting haemodynamic compromise remained small.
We believe that expanding the training set with additional cases
could help mitigate this imbalance and improve performance. At
the same time, it is important to recognize that determining
haemodynamic significance is a complex, physiology-based
judgement that inherently involves a degree of subjectivity.
Nevertheless, by ensuring expert-level labelling across all cases,
we were able to train and validate a model capable of assessing
not only morphological features but also the functional impact
of pericardial disease, an advancement not previously demon-
strated in prior Al-based studies.

While our framework demonstrated the capacity to assess
both morphological and functional aspects of pericardial dis-
ease, its application in real-world clinical practice warrants cau-
tion. In this study, we deliberately included all test cases
regardless of 1Q or view completeness, allowing us to estimate
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Figure 5 GRAD-CAM visualization of selected cases from internal and external test sets across two diagnostic stages: (A) stage 1: peri-
cardial effusion and thickening or adhesion, and (B) stage 2: haemodynamic significance.

the model’s expected performance under practical conditions.
As shown in our subgroup analysis, diagnostic performance—
particularly the sensitivity for detecting haemodynamic signifi-
cance—declined in cases with poor IQ, missing target views, or
limited numbers of available video clips. Importantly, these ana-
lyses were conducted as exploratory evaluations rather than
predefined primary aims, and our in-house 1Q labelling scheme,
tailored to highlight pericardial structures, may limit generaliz-
ability to other datasets. Nevertheless, this issue is especially
relevant in scenarios such as unstable or uncooperative patients,
where comprehensive image acquisition may not be feasible.
These findings highlight that, under suboptimal imaging condi-
tions, the model's performance may be compromised.
However, this limitation is not unique to Al; even expert human
interpretation would face similar challenges when presented
with inadequate imaging data. In such situations, clinical
decision-making must rely not solely on imaging but on the inte-
gration of patient history, symptoms, and physical examination.
Thus, while the model offers valuable support in standard im-
aging scenarios, its outputs should be interpreted with clinical
context in mind, particularly in technically challenging cases.

The present study has some limitations. First, although the de-
velopmental dataset was constructed from a multi-centre co-
hort and externally validated using data from an independent
institution, all data originated from Korean institutions.
Further validation using datasets from non-Korean populations
is necessary to confirm generalizability across different ethnic
and healthcare environments. Second, all datasets used in this
study, including both developmental and external test sets,
were retrospectively collected. Moreover, the study populations
were not consecutively enrolled but were selectively sampled to
collect a broad range of pericardial disease cases, supplemented
with normal controls. As a result, the prevalence of pericardial
disease was higher than that typically observed in routine echo-
cardiographic practice. Nevertheless, such a retrospective de-
sign represents a critical and necessary step in the early
development and validation of Al-based models for pericardial
disease, a domain where automated analysis is still in its infancy.
Future studies—either retrospective analyses of consecutively
enrolled patients or prospective clinical trials—are warranted
to evaluate the real-world clinical utility and integration of
such models into routine diagnostic workflows. Finally, despite
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our efforts to minimize label noise by having all TTE examina-
tions re-reviewed by experienced cardiologists, reference label-
ling based solely on TTE may be imperfect, given the inherent
diagnostic challenges of pericardial disease. To address this,
we are planning further validation using cases with confirmatory
imaging, such as cardiac CT or MRI, to establish more definitive
reference standards and assess model performance against
these higher-fidelity benchmarks. Although the present frame-
work was intentionally developed using a limited set of standard
TTE views, we recognize that comprehensive evaluation of peri-
cardial disease ultimately requires analysis of full echocardio-
graphic examination. Several DL approaches are progressing
toward this goal.2222 |n parallel, we are developing an advanced
model that incorporates the entire echocardiographic examin-
ation, supported by a substantially larger developmental dataset
and a large consecutive cohort secured for external testing,
which may help overcome the limitations of the current study
and further strengthen Al-based pericardial assessment.

Conclusions

We developed and externally validated a two-stage DL frame-
work for the automated identification of major pericardial ab-
normalities using a limited set of standard TTE. Beyond
effusion detection, the model provides broader morphologic
assessment and offers supportive estimation of potential
haemodynamic significance. While the model demonstrated
consistent overall performance across internal and external
test sets, sensitivity was affected by IQ and view complete-
ness, underscoring the need for cautious interpretation in sub-
optimal imaging conditions. Within these constraints, the
proposed framework may assist in flagging important pericar-
dial findings and supporting timely referral for expert evalu-
ation in routine clinical practice.
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