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Abstract

Background

Sepsis-induced cardiomyopathy (SICM) is heterogeneous and may involve
abnormalities in cardiac contraction, relaxation, and beat-to-beat motion. Conventional
echocardiographic measurements and cardiac troponin T (cTnT) may not fully capture
dynamic changes in myocardial function during sepsis. We developed a physiology-
informed deep-learning framework for early identification of SICM from apical four-

chamber (A4C) echocardiographic cine loops.

Methods

Adult patients with sepsis were retrospectively identified from two centers. The first
eligible A4C cine loop obtained within 24 h after sepsis onset was used for model
development. SICM was defined by cardiac abnormalities observed during the septic
episode. Cine loops were divided into physiologically aligned end-diastole-to-end-
diastole cardiac cycles. The model combined EchoJEPA-based visual representation
learning with phase-aware spatial and temporal modeling, LV area-derived physiological
features, and multi-cycle aggregation. Internal validation was performed using patient-
level grouped fivefold cross-validation. The final model was trained in the full
development cohort and independently evaluated in MIMIC-IV-ECHO using a
conventional cTnT-based SICM phenotype. Model performance was compared with

direct EchoJEPA classification.

Results
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The development cohort included 530 patients, including 305 with SICM and 225 sepsis-
only controls. In patient-level grouped fivefold cross-validation, the physiology-informed
model achieved an out-of-fold AUROC of 0.933 (95% CI, 0.910-0.954). The external
cohort included 93 patients, including 39 with SICM and 54 sepsis-only controls. The
model achieved an AUROC of 0.929 (95% ClI, 0.864—-0.980). The direct EchoJEPA
baseline achieved an external AUROC of 0.735 (95% ClI, 0.632-0.833). The paired
difference in AUROC was 0.194 (95% ClI, 0.095-0.294; DelLong test, P<0.001). Results

remained consistent in sensitivity analyses using alternative cTnT definitions.

Conclusions

A physiology-informed deep-learning framework enabled early identification of SICM
from routinely acquired A4C cine loops and maintained discrimination in both internal
cross-validation and an independent external cohort. Incorporating cardiac physiology
into EchoJEPA improved discrimination compared with direct foundation-model
classification. These findings support further prospective evaluation of physiology-

informed echocardiographic video analysis for early identification of SICM.

Keywords: Sepsis-induced cardiomyopathy; Echocardiography; Deep learning;

Physiological modeling; External validation.

Background
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Sepsis-induced cardiomyopathy (SICM) is common in critically ill patients with sepsis,
with a reported prevalence ranging from 10% to 70% [1, 2]. SICM has been associated
with poor clinical outcomes, including significantly increased short-term mortality [1, 3].
However, its diagnosis remains difficult. Cardiac involvement during sepsis is
heterogeneous and may change over time. It may present as left ventricular (LV) systolic
dysfunction, diastolic dysfunction, right ventricular dysfunction, or a hyperdynamic state.
There is currently no consensus on the diagnostic criteria for SICM [4]. Early recognition
is important because cardiac function can help guide hemodynamic management during

sepsis, including fluid, vasoactive, and inotropic therapy [5].

Evaluation of suspected SICM requires exclusion of alternative cardiac causes. Cardiac
biomarkers and echocardiography are used to assess myocardial injury and cardiac
function. Cardiac troponin T (cTnT) reflects myocardial injury but is not specific for SICM
[6]. Echocardiography provides direct assessment of cardiac structure and function.
However, conventional measurements such as LVEF, TAPSE, and diastolic indices
describe only selected aspects of cardiac function. They are also affected by preload,
afterload, fluid resuscitation, and vasoactive therapy [7]. Echocardiographic cine loops
contain additional information. They record cardiac motion throughout the entire cardiac
cycle, including contraction, relaxation, regional motion, and beat-to-beat variation [8].

These dynamic changes may not be fully captured by conventional measurements.

Deep learning provides a way to analyze spatiotemporal information directly from
echocardiographic videos [9]. Video-based models have also been applied to disease-
level echocardiographic detection [10]. Recent foundation models have further improved

representation learning from large-scale echocardiographic data [11, 12]. More recent
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multimodal approaches have extended this toward comprehensive echocardiographic
interpretation [13]. However, most video-based approaches treat cine loops mainly as
image sequences. Cardiac phase is not always explicitly standardized before feature
extraction. Basic physiological information on ventricular contraction and filling may also
need to be learned indirectly from visual features. These limitations may be particularly

relevant to SICM, in which cardiac abnormalities are dynamic and heterogeneous.

We therefore developed a physiology-informed deep-learning framework based on
EchoJEPA [14] for the early identification of SICM from routinely acquired apical four-
chamber cine loops. The framework incorporated cardiac-cycle standardization, phase-
aware spatial and temporal modeling, LV area-derived physiological features, and multi-
cycle integration. We developed and trained the model in a retrospective two-center
cohort and evaluated it in an independent MIMIC-IV-ECHO cohort. We hypothesized
that incorporating cardiac physiology into echocardiographic video representation
learning would improve the identification of SICM compared with direct EchoJEPA-

based classification.

Methods

Study design and population

This retrospective study comprised a two-center development cohort and an
independent external validation cohort. For the development cohort, 2,000 patients
admitted to the Geriatric Intensive Care Unit of the First Affiliated Hospital with Nanjing
Medical University and the Department of Critical Care Medicine of the Second Affiliated

Hospital of Harbin Medical University between January 2024 and August 2026 were

5



122  retrospectively screened. Of these, 1,532 met the Sepsis-3 criteria and underwent

123  further eligibility assessment. Eligible patients were adults aged 218 years with an ICU
124  length of stay >24 h and <100 days. Only the first ICU admission was included for each
125  patient. Patients were excluded if they had acute coronary syndrome, cardiomyopathy,
126  myocarditis, clinically significant valvular heart disease, endocarditis, pericarditis,

127  congestive heart failure, previous cardiac surgery, cardiac arrest, or severe

128 tachyarrhythmias. Patients without sufficient echocardiographic data for SICM

129 classification or without an analyzable apical four-chamber (A4C) cine loop were also
130 excluded. After application of these criteria and image-quality assessment, 530 patients
131 remained eligible for SICM classification.

132

133  Sepsis onset was defined as the first fulfillment of the Sepsis-3 criteria [15]. For each
134  patient, the first eligible A4C cine loop obtained within 24 h after sepsis onset was

135  selected as the index echocardiographic examination and used as model input.

136

137  SICM status was determined at the episode level according to cardiac abnormalities
138 observed during the septic episode. SICM was defined by the presence of at least one of
139 the following: (1) left ventricular systolic dysfunction, defined as left ventricular ejection
140 fraction (LVEF) <50%; (2) right ventricular systolic dysfunction, defined as tricuspid

141 annular plane systolic excursion (TAPSE) <17 mm; (3) left ventricular diastolic

142  dysfunction, defined by at least two abnormal findings among the following four criteria:
143  reduced e’ velocity (septal €' <7 cm/s or lateral €' <10 cm/s), average E/e’' >14, peak
144  tricuspid regurgitation velocity >2.8 m/s, and left atrial volume index >34 mL/m?; or (4)
145  elevated high-sensitivity cardiac troponin T (hs-cTnT) >14 ng/L. Echocardiographic

146  thresholds were based on established chamber-quantification and diastolic-function
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recommendations [16, 17]. Patients who met none of the prespecified cardiac criteria
were classified as sepsis-only controls. Among the 530 patients included in model

development, 305 had SICM and 225 were sepsis-only controls.

External validation was performed using MIMIC-IV-ECHO, a publicly available de-
identified echocardiographic dataset [18] linked to clinical records in MIMIC-1V [19]. Adult
patients meeting the Sepsis-3 criteria were identified and linked to their corresponding
echocardiographic examinations. The same criteria for age, first ICU admission, ICU
length of stay, and cardiac exclusions were applied as in the development cohort.
Patients were also required to have sufficient cTnT data for cohort classification and an
analyzable A4C cine loop. The echocardiographic examination closest to sepsis onset

within a £24 h window was selected for each patient.

In MIMIC-1V, cTnT was measured using a conventional assay. Patients with at least one
c¢TnT concentration >0.10 ng/mL during the septic episode were classified as SICM,
whereas those whose available cTnT concentrations remained <0.10 ng/mL throughout

the septic episode were classified as sepsis-only controls.

Echocardiographic preprocessing and cardiac-cycle extraction

Cardiac-cycle extraction was used to standardize cardiac phase across cine loops. Each
A4C cine loop was processed using a DeepLabV3-ResNet50 model for left ventricular
(LV) segmentation based on the EchoNet-Dynamic framework [8]. Frames were resized

to 112 x 112 pixels for segmentation. Channel-wise normalization parameters were
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estimated from the corresponding training data and applied unchanged to subsequent

evaluation data.

Frame-wise LV cavity areas were used to construct an LV area-time trajectory for each
cine loop. After smoothing, end-diastolic (ED) frames were identified as local maxima of
LV area. Each interval between adjacent ED frames was retained as an individual
cardiac cycle. End systole (ES) was defined as the frame with the minimum LV area
within each cycle. At least one complete ED-to-ED cardiac cycle was identified in each
included cine loop. Each ED-to-ED cycle was resampled to 16 frames and resized to

224 x 224 pixels for subsequent modeling.

LV area-based physiological representation

The LV area-time trajectory was also used to derive a physiological representation for
each cardiac cycle. The LV area curve was normalized by the mean area of the two ED

endpoints and interpolated to 64 equally spaced temporal positions.

Five physiological descriptors were calculated: LV fractional area change (LV-FAC),
normalized systolic contraction rate, normalized diastolic filling rate, a frame-based
cycle-length proxy, and relative ED endpoint mismatch. The five descriptors were
standardized using feature-wise means and standard deviations estimated from the
corresponding training data and applied unchanged to evaluation data. The normalized
LV area curve and the scalar descriptors were encoded separately using multilayer

perceptrons and combined into a 128-dimensional physiological representation.
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EchoJEPA encoder and self-supervised adaptation

EchoJEPA, an echocardiographic foundation model with a ViT-Large backbone [14],
was used for visual feature extraction and initialized from the pretrained vitl-vmix22m-
pt220-c55 checkpoint. Each cardiac cycle contained 16 grayscale frames at 224 x 224
pixels. The frames were replicated across three channels and normalized using the

preprocessing parameters of the pretrained EchoJEPA model.

The encoder used a 16 x 16 spatial patch size and a temporal tubelet size of two frames,
producing eight temporal positions with a 14 x 14 spatial-token grid at each position.
Before supervised SICM classification, the pretrained encoder underwent self-

supervised adaptation using cardiac cycles from the corresponding training data.

Self-supervised adaptation combined masked latent prediction within each cardiac cycle
and cross-cycle consistency between cycles from the same A4C cine loop. For masked
latent prediction, 60% of the spatiotemporal tokens were masked. The online encoder
predicted the masked latent representations, while an exponential-moving-average
target encoder generated the corresponding targets from an independently augmented
view of the same cycle. Smooth L1 loss was calculated between L2-normalized

predicted and target representations.

When multiple cardiac cycles were available from the same cine loop, a different cycle
was used for cross-cycle consistency. Cosine similarity was used to compare the cycle-

level representations. The overall self-supervised objective was
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Lgs1, = Lpred +0.25 Lcycle-

Self-supervised adaptation was performed for 10 epochs. The final four Transformer
blocks and the final normalization layer of EchoJEPA were trainable, together with the

spatial- and temporal-attention modules.
Phase-aware modeling and multiple-instance learning

EchoJEPA token representations were organized into eight temporal positions, with 196
spatial tokens at each position. Phase-aware spatial attention assigned weights to the
spatial tokens and generated one representation for each temporal position. Phase-
aware temporal attention then modeled information across the eight positions and

generated a 1024-dimensional cycle-level visual representation.

For each cardiac cycle, the visual representation and the 128-dimensional physiological
representation together formed the cycle representation. All available cardiac cycles
from the index A4C cine loop were then analyzed using multiple-instance learning (MIL).
MIL assigned an attention weight to each cycle and aggregated the cycle

representations into a patient-level representation:

K
H = 2 (4% hk'
k=1

where hyrepresents cardiac cycle k and «;, its normalized attention weight. The

aggregated representation was passed to a multilayer perceptron classifier to generate
10
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the patient-level probability of SICM. Classification was performed only at the patient

level.

Data augmentation and supervised training

Temporally consistent augmentation was applied to all frames within each cardiac cycle
during model development. Augmentations included changes in brightness, contrast,

gamma, and small spatial translations.

For the final model, the entire development cohort was used for model training.
Supervised training consisted of two stages. During Stage A, the EchoJEPA backbone
was frozen for 10 epochs while the downstream modules were trained. During Stage B,
the final two EchoJEPA Transformer blocks and the final normalization layer were
unfrozen and jointly fine-tuned for an additional 20 epochs. AdamW optimization, cosine

learning-rate annealing, and binary cross-entropy with logits were used.

Internal validation by patient-level grouped fivefold cross-validation

Internal validation was performed using patient-level grouped fivefold cross-validation in
the development cohort. Patients were assigned to five mutually exclusive folds with
similar SICM proportions, and all cardiac cycles from the same patient were assigned to
the same fold. In each iteration, four folds were used for training and the remaining fold

for validation.

11
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For each fold, self-supervised adaptation, physiological-feature normalization, and
supervised training were performed using only the training folds. The model was
initialized from the same pretrained EchoJEPA checkpoint and trained using the same
procedures described above. Predictions from the five held-out folds were combined to
generate one out-of-fold probability for each patient. The pooled out-of-fold AUROC was

used to assess internal discrimination.

External validation and sensitivity analyses

The final model and preprocessing pipeline were fixed and applied to the MIMIC-IV-
ECHO cohort without further model updating. External echocardiographic videos
underwent the same LV segmentation, cardiac-cycle extraction, temporal and spatial
resampling, physiological-feature generation, and MIL inference procedures used during
model development. LV-segmentation normalization parameters were derived from the
development cohort, whereas physiological normalization parameters were stored within
the trained model and applied unchanged during external inference. No random
augmentation was applied during external evaluation. For each patient, all cardiac cycles
extracted from the selected A4C cine loop were jointly analyzed to generate a single

SICM probability.

The primary external analysis defined SICM using a cTnT cutoff of >0.10 ng/mL. Two
sensitivity analyses were performed using the same model predictions. First, the cTnT
cutoff was increased to >0.20 ng/mL. Second, patients with cTnT concentrations
between 0.08 and 0.12 ng/mL were excluded, and the primary 0.10 ng/mL cutoff was

retained for classification of the remaining patients.
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Model evaluation

A probability threshold of 0.5 was prespecified for binary classification. Model
discrimination was assessed using the area under the receiver operating characteristic
curve (AUROC). For fivefold cross-validation, predictions from the held-out fold in each
iteration were pooled to calculate the patient-level out-of-fold AUROC. Fold-specific
AUROCs were also calculated. Accuracy, sensitivity, specificity, and F1 score were
calculated at the prespecified threshold. Calibration was assessed using a calibration
curve and the Brier score. The same patient-level model probabilities were used for the
primary external analysis and both sensitivity analyses; only the corresponding reference

labels were changed.

Statistical analysis

Continuous variables are presented as median (interquartile range), and categorical
variables as number (percentage). Continuous variables were compared using the
Mann-Whitney U test, whereas categorical variables were compared using the chi-

square test or Fisher’'s exact test, as appropriate.

For analyses of LV area-derived physiological features, measurements from multiple
cardiac cycles were aggregated within patient before group-level comparison. 95%
confidence intervals for AUROC were estimated using bootstrap resampling. For fivefold
cross-validation, the same procedure was applied to the pooled out-of-fold AUROC. The

physiology-informed model and EchoJEPA baseline were compared in the external

13
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cohort using the paired DelLong test. Net benefit across threshold probabilities was
assessed using decision curve analysis. All statistical tests were two-sided, and P < 0.05

was considered statistically significant.

Results

Study population

A total of 2,000 patients were screened across the two participating centers. Among
them, 1,532 met the Sepsis-3 criteria. After clinical and echocardiographic eligibility
assessment, 530 patients had sufficient data for SICM classification. Of these, 305 were
classified as SICM and 225 as sepsis-only controls (Fig. 1). The development cohort had
a median age of 60 years, and 65.8% were male. Clinical and laboratory characteristics
on the day of sepsis diagnosis are summarized in Table 1. Patients with SICM had

slightly higher SOFA scores than sepsis-only controls (11 [8—13] vs. 10 [7-12], P=0.02).

Table 1 Baseline characteristics of the development cohort

oy Overall Sepsis-only SICM P
Characteristic (n = 530) (n = 225) (n=305)  value
Demographics

60 59 61
Age, years (51, 70] 52, 68] (50, 71] 0.83
349 139 210
0,
Male, n (%) (65.8%) (61.8%) (68.9%) 0.09
Comorbidities
. : 0 95 40 55
Diabetes mellitus, n (%) (17.9%) (17.8%) (18.0%) 0.94
o : 63 30 33
Chronic kidney disease, n (%) (11.9%) (13.3%) (10.8%) 0.38
o . 45 20 25
Chronic liver disease, n (%) (8.5%) (8.9%) (8.2%) 0.78

Severity of illness

14



334

335

336

337

338

339

11 10 11
SOFA score 8, 13] 7, 12] 8, 13] 0.02
14 14 14
APACHE Il score [11, 20] [10, 20] [11, 21] 0.17
Sites of infection
. . . 244 95 149
0,
Respiratory infection, n (%) (46.0%) (42.2%) (48.9%) 0.13
N . o 127 61 66
Abdominal infection, n (%) (24.0%) (27 1%) (21.6%) 0.15
. . o 145 69 76
Bloodstream infection, n (%) (27.4%) (30.7%) (24.9%) 0.14
. . 107 35 72
0,
Other infection, n (%) (20.2%) (15.6%) (23.6%) 0.02
Laboratory findings
. 9.59 9.75 9.18
9
White blood cell count, x10%/L 6.71,12.74]  [6.72,13.22]  [6.70, 12.53] 034
L 2.10 2.01 2.14
Procalcitonin, ng/mL (092,538  [076,532] [1.04 565 023
77 60 83.10 76.50
C-reactive protein, mg/L ' [31.20, [29.62, 0.54
[30.70,130.00] {35 o] 126.00]
- 13.50 13.25 13.80
Total bilirubin, umol/L [9.10,19.90]  [8.68 19.98] [9.25, 19.70] 060
82.70 84.35 81.85
Creatinine, pmol/L [56.30 '127 35] [54.40, [57.08, 0.50
e ) 122.90] 128.32]

Data are presented as median [interquartile range] or n (%). For variables with missing data, analyses

were based on available cases. Clinical severity scores and laboratory measurements refer to values

obtained on the day of sepsis diagnosis. Infection sites were not mutually exclusive. APACHE II, Acute
Physiology and Chronic Health Evaluation II; SICM, sepsis-induced cardiomyopathy; SOFA, Sequential

Organ Failure Assessment.

The cardiac abnormalities contributing to SICM varied across patients. Among patients

with SICM, left ventricular diastolic dysfunction was present in 183/297 (61.6%), LVEF

<50% in 176/301 (58.5%), TAPSE <17 mm in 128/291 (44.0%), and hs-cTnT >14 ng/L in

127/305 (41.6%) (Table S1).

Table S1 Cardiac abnormalities among patients with SICM

Characteristic

SICM (n = 305)

Abnormal, n/N

(%)

LVEF, %

41.60 [29.30,

15

176 (58.5%)



53.50]

TAPSE, mm 16.85 £ 3.74 128 (44.0%)
Left ventricular diastolic dysfunction, n (%) 231 (78.8%)
Septal €', cm/s 6.50 + 1.62 168 (57.3%)
Lateral €', cm/s 8.62 +2.27 196 (68.1%)
Average E/e' 11.10 [8.50, 15.10] 77 (28.6%)
Peak TR velocity, m/s 3.13 £ 0.51 190 (72.2%)
LAVI, mL/m? 41.48 £ 9.88 219 (77.7%)
hs-cTnT, ng/L 12.01 [6.39, 53.91] 129 (42.3%)

Continuous variables are presented as mean + standard deviation or
median [interquartile range], as appropriate. Abnormal values are
presented as n/N (%), where N represents the number of patients with
an available measurement. LVEF, left ventricular ejection fraction;
TAPSE, tricuspid annular plane systolic excursion; TR, tricuspid
regurgitation; LAVI, left atrial volume index

340

341
342  The external validation cohort included 93 eligible patients from MIMIC-IV-ECHO, of
343  whom 39 (41.9%) met the cTnT-based SICM definition and 54 were classified as sepsis-

344  only controls (Fig. 1).
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Physiology-informed cardiac-cycle modeling

Physiological cardiac-cycle alignment was introduced to account for differences in

cardiac phase and cycle duration across cine loops. Automated LV segmentation

generated an area-time trajectory for each A4C cine loop. ED and ES were identified

from this trajectory, and adjacent ED-to-ED intervals were extracted as individual cardiac

cycles. Each cycle was resampled to 16 frames, providing a common physiological

sequence from ED through systole and ES to diastole and the subsequent ED (Fig. 2).
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Each standardized cycle was represented using both visual and physiological
information. EchoJEPA extracted high-dimensional spatiotemporal features from each
standardized cycle. These representations were further adapted to cardiac-cycle
dynamics using masked latent prediction within individual cycles and cross-cycle
consistency between different heartbeats from the same cine loop. Phase-aware spatial
and temporal attention was then applied to the EchoJEPA features to generate the
cycle-level visual representation. In parallel, the LV area trajectory provided an explicit
physiological representation of cardiac contraction and filling. The visual and
physiological representations together formed the cycle-level representation.

Multiple cardiac cycles from the same A4C cine loop were retained. MIL assigned
different weights to the cycle representations and combined them into a patient-level

representation for SICM classification (Fig. 3).
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The physiology-informed model achieved an apparent AUROC of 0.978 (95% CI, 0.966—
0.988) in the development cohort. In patient-level grouped fivefold cross-validation, the
pooled out-of-fold AUROC was 0.933 (95% CI, 0.910-0.954) (Table S2). Performance
remained high in the independent MIMIC-IV-ECHO cohort, with an AUROC of 0.929 (95%
Cl, 0.864-0.980) (Fig. 4a). The model correctly classified 35 of 39 patients with SICM

and 49 of 54 sepsis-only controls. The accuracy was 90.3%, sensitivity 89.7%, specificity
90.7%, and F1 score 88.6% (Fig. 4e). Calibration between predicted probabilities and

observed outcomes was good, with a Brier score of 0.083 (Fig. 4b). Decision curve



381 analysis showed a higher net benefit for the physiology-informed model than for the
382  EchoJEPA baseline across the evaluated threshold probabilities (Fig. 4c).

383

Table S2. Patient-level fivefold cross-validation performance in the development cohort

Held-out fold,
Fold (SICM /r;epsis- AUR%(I:) (95% Sensitivity Specificity Brier score
only)
1 (611(/)4(155) (0.86(3)6.39—3(’)?977) 0.934 0.889 0.088
2 (611(/)4?5) (0.86(5);1%7975) 0.918 0.889 0.097
3 (611%35) (0.8?591%(.)97 o 0902 0.844 0.115
4 (611(/)4?5) (0.8329—%?973) 0.869 0.911 0.115
5 (611(/)4?5) (0_9%369994) 0.885 0.956 0.076
Mean + SD _ 0938+0019 QP2 0BE  0O0Y
fo‘?é’ tod out-of (30%?325) (0.91O ()%%?954) 0.902 0.898 0.098

Data are presented for each held-out fold, as mean + SD across the five folds, and for the
pooled out-of-fold predictions. Each patient contributed to the pooled analysis only once, when
assigned to the held-out fold. AUROC 95% Cls were estimated using 2,000 bootstrap
resamples. Sensitivity and specificity were calculated using a probability threshold of 0.5.
AUROC, area under the receiver operating characteristic curve; Cl, confidence interval; OOF,
out-of-fold; SD, standard deviation.
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385

386  The advantage over direct EchoJEPA classification was also observed in both cohorts.
387  The EchoJEPA baseline achieved an apparent AUROC of 0.816 (95% ClI, 0.782-0.849)
388 in the development cohort and an AUROC of 0.735 (95% ClI, 0.632—-0.833) in the

389 external cohort. In the external cohort, the paired difference in AUROC was 0.194 (95%
390 Cl, 0.095-0.294; DelLong test, P<0.001) (Fig. 4d,f).

391
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392 The findings were maintained when alternative cTnT definitions were used. With a cTnT
393  cutoff of >0.20 ng/mL, 22 of 93 patients were classified as SICM and the AUROC was
394 0.808 (95% ClI, 0.715-0.889). After excluding patients with cTnT concentrations of 0.08—
395 0.12 ng/mL, 33 of 84 patients were classified as SICM and the AUROC was 0.923 (95%
396 ClI, 0.853-0.979) (Table S3).
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397 1 - Specificity AUROC (95% CI)
398
Table S3 Sensitivity analyses of alternative cTnT definitions
. cTnT Additional SICM, n/N o
Analysis definition restriction (%) AUROC (95% Cl)
Primary analysis >0.10 None 39/93 0.929
fy analy ng/mL (41.9%) (0.864—0.980)
Sensitivity analysis >0.20 None 22/93 0.808
1 ng/mL (23.7%) (0.715-0.889)
Sensitivity analysis >0.10 Excluded cTnT 33/84 0.923
2 ng/mL 0.08-0.12 ng/mL (39.3%) (0.853-0.979)
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All analyses used the same model predictions; only the reference classification changed.
SICM status was based on conventional cTnT measured during the septic episode. 95%
Cls were estimated by bootstrap resampling. AUROC, area under the receiver operating
characteristic curve; Cl, confidence interval; cTnT, cardiac troponin T; SICM, sepsis-
induced cardiomyopathy.
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Physiological and attention-based interpretation

Physiological and attention analyses were used to characterize the cardiac-motion
information represented by the model. The aligned cardiac cycles showed clear
differences in cardiac mechanics between patients with SICM and sepsis-only controls.
LV-FAC, systolic contraction rate, and diastolic filling rate were all lower in SICM (all
P<0.001; Fig. 5a—c). The normalized LV area trajectory also showed less systolic area
reduction and a different pattern during diastolic filling in SICM (Fig. 5d). However, the
distributions of individual physiological measures overlapped substantially between

groups.
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Attention analysis further showed how this information was distributed within the model.

Spatial attention varied across cardiac phases, and temporal attention was distributed

differently within individual cardiac cycles (Fig. 6a,b). MIL also assigned different weights

to individual heartbeats within the same examination (Fig. 6¢). These findings showed

that the patient-level prediction was based on information from different spatial regions,

cardiac phases, and cardiac cycles.
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In further analysis, we found that temporal attention was distributed differently across the
cardiac cycle among patients. Five patterns were observed: ED-dominant, systolic-
dominant, ES-dominant, diastolic-dominant, and mixed/distributed attention (Fig. S1).
Representative examinations from these subgroups showed distinct spatial-attention
patterns across cardiac phases (Fig. S2). Discrimination remained high in the systolic-
dominant, ES-dominant, diastolic-dominant, and mixed/distributed groups, with AUROCs

ranging from 0.977 to 0.985. The smaller ED-dominant group had an AUROC of 0.800.
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428  These findings suggest that the model can identify SICM-related motion abnormalities

429  arising from different phases of the cardiac cycle.
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Discussion

In this two-center development and external validation study, we developed a
physiology-informed deep-learning framework for early identification of SICM from the
index A4C cine loop obtained within 24 h of sepsis onset. The model achieved an out-of-
fold AUROC of 0.933 in patient-level grouped fivefold cross-validation and an AUROC of
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0.929 in the independent MIMIC-IV-ECHO cohort. By comparison, direct classification
with the same pretrained EchoJEPA encoder achieved an external AUROC of 0.735.
The improvement in model performance suggests that explicitly incorporating cardiac-
cycle structure and ventricular mechanics provides information beyond pretrained visual
representations alone. Physiological and attention analyses further showed that model-
relevant information was distributed across cardiac phases, ventricular motion, and

successive heartbeats.

The framework was designed around the way cardiac function is assessed in clinical
echocardiography. Clinical interpretation is organized around the cardiac cycle, including
identification of end-diastole and end-systole, assessment of ventricular contraction and
filling across cardiac phases, and consideration of more than one heartbeat when beat-
to-beat variation is present. Deep-learning models and echocardiographic foundation
models can learn powerful representations directly from video, but they usually receive a
fixed number of frames sampled from each clip, so this physiological structure must be
learned implicitly [20]. In our framework, individual heartbeats were aligned to a common
cardiac cycle, ventricular mechanics were represented explicitly, visual information was
modeled according to cardiac phase, and multiple heartbeats were integrated at the
patient level. Because the comparison model used the same pretrained EchoJEPA
encoder, the observed performance difference suggests additional value from the
physiology-informed modeling strategy beyond the pretrained visual representation

alone.

Cardiac-cycle alignment follows directly from this principle. Cine loops differ in

acquisition length, starting position, heart rate, and cardiac phase, so when frames are
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sampled at fixed intervals, the same temporal position may correspond to early systole
in one patient and mid-diastole in another. Using the LV area trajectory, we identified ED
from local maxima in ventricular area and used consecutive ED frames to define
individual cardiac cycles. Each ED-to-ED interval was then resampled to a fixed length,
providing a common physiological time axis in which each position represented a
corresponding stage of contraction or filling across patients. This aligned systolic
contraction and diastolic filling to corresponding positions within the standardized cycle
and reduced temporal misalignment caused by differences in cycle duration and video
acquisition. Cycle length itself was retained as a physiological descriptor. This matters in
sepsis, where abnormalities may involve systolic contraction, diastolic filling, right

ventricular function, or combinations of these [21].

The physiological branch provided the model with the same kind of mechanical
information that clinicians derive from ventricular size over time. For each aligned cycle,
the normalized LV area trajectory and descriptors of contraction, filling, and cycle length
were encoded alongside the visual features. Consistent with the expected physiological
pattern, LV-FAC, systolic contraction rate, and diastolic filling rate were all lower in
patients with SICM than in sepsis-only controls. Their distributions nevertheless
overlapped substantially, consistent with the heterogeneous cardiac phenotypes of
sepsis, and no single measure identified SICM on its own [22]. This mirrors clinical
experience with conventional indices. The physiological branch was therefore not
intended as a standalone classifier. It provided the model with an explicit, interpretable
representation of ventricular mechanics that was combined with visual information from

the full cardiac cycle.
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Phase-aware modeling allowed the model to distinguish information from different parts
of the cardiac cycle, while multi-cycle integration incorporated variation between
heartbeats. With the cycles aligned, spatial and temporal attention could weigh
information within physiologically defined phases, analogous to assessing systolic and
diastolic function separately. Because cardiac motion in critically ill patients varies from
beat to beat with heart rate, respiration, and ventricular filling, all aligned cycles were
retained and combined rather than relying on a single, possibly unrepresentative beat
[23]. Attention varied across cardiac phases, spatial regions, and heartbeats, and
discrimination remained high across the phase-specific attention subgroups in the
supplementary analyses. Attention weights are not direct evidence of biological
mechanisms, but they indicate that the model drew on information distributed across the

cardiac cycle and across beats rather than on a single phase or measurement [24].

The validation strategy supports these findings. Apparent performance was
supplemented by patient-level grouped fivefold cross-validation, in which every patient
was evaluated by a model that had not seen that patient during training [25]. The pooled
out-of-fold AUROC was 0.933 (95% CI, 0.910-0.954), compared with an apparent
AUROC of 0.978 in the full development cohort. After training on the full development
cohort, the model was locked and applied to MIMIC-IV-ECHO without further updating
[26]. The model achieved an external AUROC of 0.929 (95% CI, 0.864—0.980) and
continued to perform well in both sensitivity analyses (AUROCs 0.808 and 0.923). These
findings suggest that the model retained its ability to distinguish cases from controls
beyond the development cohort, providing support for the transportability of the

physiology-informed approach [27].
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The clinical setting of the model is early sepsis. Decisions about fluids, vasopressors,
and inotropes are made early in the course of sepsis, when loading conditions are
changing and conventional measurements such as LVEF reflect load as well as intrinsic
myocardial function. Troponin indicates myocardial injury but not its functional
consequences. Bedside echocardiography is widely used at this stage, and because our
model needs only a standard A4C cine loop, it can be applied to the first routine
examination without additional imaging [28]. An early model-based signal could help
identify patients who warrant closer cardiovascular assessment, repeat
echocardiography, or more careful titration of hemodynamic therapy. Whether this

improves management or outcomes requires prospective evaluation [29].

This study has several limitations. First, the development cohort was retrospective and
included two centers, and examinations were obtained during routine care rather than
under a standardized imaging protocol; broader multicenter evaluation is needed before
clinical use. Second, SICM status was determined at the episode level, whereas the
model used the first examination within 24 h of sepsis onset; in some patients the
defining abnormality may already have been present on that examination, and we did
not separately evaluate prediction of later dysfunction. Third, there is no universally
accepted diagnostic standard for SICM, and the development and external cohorts used
different reference definitions. Fourth, the external cohort was small, which limits the
precision of the performance and calibration estimates. Finally, only A4C cine loops
were used, and we evaluated discrimination and physiological interpretability rather than
clinical impact. Additional views, Doppler measurements, or strain may improve
phenotypic characterization, and prospective studies are needed to determine whether

model-assisted identification of SICM improves patient care [30].
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Conclusions

We developed and externally evaluated a physiology-informed deep-learning framework
for early identification of SICM from apical four-chamber echocardiographic cine loops.
The model combined automated cardiac-cycle alignment, phase-aware spatiotemporal
representation learning, LV area-derived physiological information, and multi-cycle
aggregation. The model outperformed direct EchoJEPA-based classification, showed
consistent discrimination in patient-level fivefold cross-validation, and maintained strong
discrimination with good calibration in the independent MIMIC-IV-ECHO cohort.
Physiological and attention analyses showed that the model identified abnormal motion
patterns across different cardiac phases, spatial regions, and multiple cardiac cycles.
These abnormalities contributed to the identification of SICM. These findings support
further prospective evaluation of physiology-informed echocardiographic video analysis

for early identification of SICM.
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Figure legends
Fig. 1 Study design and cohort selection. The study comprised a retrospective two-

center development cohort and an independent external validation cohort derived from
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MIMIC-IV-ECHO linked with MIMIC-IV. The model was developed in the two-center
cohort and locked before external validation. A4C, apical four-chamber; cTnT, cardiac

troponin T; SICM, sepsis-induced cardiomyopathy.

Fig. 2 Cardiac-cycle extraction and physiological alignment of echocardiographic
cine loops. LV segmentation generated an area-time trajectory from each A4C cine
loop. ED and ES were identified from the trajectory, and adjacent ED-to-ED intervals
were extracted as individual cardiac cycles. Cycles of different durations were temporally
resampled to a standardized 16-frame sequence spanning ED, systole, ES, diastole,
and the subsequent ED. The highlighted interval indicates the representative ED-to-ED
cycle shown below. A4C, apical four-chamber; ED, end diastole; ES, end systole; LV,

left ventricular.

Fig. 3 Architecture and training strategy of the physiology-informed deep-learning
framework. Standardized A4C cardiac cycles were encoded by EchoJEPA to generate
spatiotemporal representations, followed by phase-aware spatial and temporal attention.
In parallel, the LV area-time trajectory was encoded as a physiological representation of
cardiac contraction and filling. Visual and physiological representations were fused at the
cardiac-cycle level, and multiple cycles from the same examination were aggregated by
attention-based MIL to generate the patient-level SICM probability. Self-supervised
adaptation combined masked latent prediction within individual cycles with cross-cycle
consistency across heartbeats from the same examination. Supervised training was
subsequently performed in a frozen-backbone stage followed by partial fine-tuning of the
EchoJEPA encoder. A4C, apical four-chamber; LV, left ventricular; MIL, multiple-

instance learning; SICM, sepsis-induced cardiomyopathy.
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Fig. 4 Model performance and external validation. a Receiver operating characteristic
(ROC) curves of the physiology-informed model in the development and external
validation cohorts. b Calibration of predicted SICM probabilities in the external validation
cohort; the shaded region represents pointwise 95% confidence intervals. ¢ Decision
curve analysis in the external validation cohort comparing the physiology-informed
model with the EchoJEPA baseline. d ROC curves comparing the physiology-informed
model with the EchoJEPA baseline in the external validation cohort; AUROCSs were
compared using the paired DelLong test. e Confusion matrix of the physiology-informed
model in the external validation cohort. f AUROC estimates with 95% confidence
intervals for the physiology-informed model and EchoJEPA baseline in the development
and external validation cohorts. AUROC, area under the receiver operating characteristic

curve; Cl, confidence interval; ROC, receiver operating characteristic.

Fig. 5 Physiological characteristics of aligned cardiac cycles. a—c Patient-level
distributions of LV fractional area change, normalized systolic contraction rate, and
normalized diastolic filling rate in patients with SICM and sepsis-only controls. Each
point represents one patient after averaging values across available cardiac cycles. d
Mean normalized LV area trajectory across the standardized 16-frame cardiac cycle;

shaded regions indicate 95% confidence intervals. ED, end diastole; LV, left ventricular.

Fig. 6 Spatial, temporal, and multi-cycle attention patterns of the physiology-
informed model. a, b Representative sepsis-only and SICM examinations, respectively.
Raw A4C images and corresponding spatial-attention maps are shown at ED, systole,

ES, and late diastole. Temporal-attention weights across the eight temporal tokens are
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shown below each examination. Spatial-attention maps in a and b use the same
normalization scale. ¢ Multi-cycle analysis of the representative SICM examination
shown in b. The three cycles with the highest MIL attention weights are shown in their
original order, together with MIL attention weights, LV fractional area change, and cycle
length. A4C, apical four-chamber; ED, end diastole; ES, end systole; LV-FAC, left
ventricular fractional area change; MIL, multiple-instance learning; SICM, sepsis-induced

cardiomyopathy.
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