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Abstract. Aortic stenosis (AS) is characterized by highly heterogeneous
progression trajectories, making personalized surveillance and timely in-
tervention challenging. We propose AS-TIME, a time-conditioned frame-
work that predicts patient-specific AS progression from a single baseline
echocardiogram and follow-up interval At. AS-TIME hierarchically inte-
grates: (i) attention-based multiple instance learning to aggregate video
and report representations, (ii) At-conditioned modality gating for adap-
tive multimodal fusion, and (iii) a At-guided mixture-of-experts head to
model heterogeneous progression dynamics. AS-TIME achieves an AUC
of 80.4% and balanced accuracy of 73.8%, outperforming all baselines.
Temporal ablation demonstrate that explicit At conditioning improves
both modality fusion and expert routing. The model provides multi-level
explainability through modality fusion weights and expert utilization.
Our code is available at: https://github.com/DeepRCL/AS-TIME.
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1 Introduction

Aortic stenosis (AS) is the most prevalent heart valve disease (HVD), associated
with the narrowed opening of the aortic valve from calcification or fibrosis. AS
is known for its life-threatening complications such as heart failure and stroke if
left unmanaged [13]. With the global aging population and the rising burden of
cardiovascular diseases, the prevalence of HVD continues to grow and is expected
to increase substantially in the coming decades [1].

Despite the high prevalence, early detection and longitudinal disease monitor-
ing remain suboptimal. No pharmacological therapy exists for AS, and surgical
valve replacement is largely reserved for patients with advanced disease. De-
termining the optimal timing of surveillance and intervention — balancing the
risks of premature replacement against the consequences of delayed treatment
— remains a complex and nuanced clinical decision [6, 14].

As therapeutic control of disease progression is limited, it is often difficult
to anticipate individual trajectories [12]. Some patients remain stable for years,
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requiring only routine echocardiography (echo) surveillance, while others may
deteriorate rapidly and necessitate earlier intervention [6]. This heterogeneity
complicates the design of personalized follow-up schedules and monitoring inter-
vals. Accurate prediction of progression is therefore critical for not only timely
intervention, but also for optimizing healthcare resource allocation and reducing
unnecessary testing or delayed referrals.

In the general medical domain, recent deep learning models have leveraged
temporal encoding for longitudinal prediction tasks. Susetzky et al. (2025) [11]
proposed a time-aware multimodal paradigm that encodes longitudinal electronic
health record (EHR) data with temporal information to model entire patient tra-
jectories for downstream prediction tasks. Here, temporal encoding is attached
to each token at the feature space, providing rich metadata. Liu et al. (2025) [4]
proposes a longitudinal multimodal framework where time embeddings are used
as relative interval-aware alignment signals that guide cross-attention between
the EHRs and chest X-ray images, enabling temporally-localized fusion for down-
stream disease prediction.

Despite the emergence of large-scale, time-aware prediction models, to the
best of our knowledge, no prior work has explored these methods in longitudinal
echo analysis, and in the context of this paper, specifically for predicting AS pro-
gression. Most clinical studies compare basic machine learning such as decision
trees and logistic regression for predicting the occurrence of a clinical endpoint
(e.g., valve replacement, mortality, or change in AS severity) using a compre-
hensive set of tabular data (e.g., clinical, laboratory, and echo measurements),
some reaching near 200 individual features [3, 8]. Furthermore, these studies are
trained to predict the occurrence of progression within a static time window
(e.g., 5 years), lacking per-patient temporal modeling.

Contributions

1. In this paper, we propose AS-TIME (Temporal Inference Model with
Echocardiography), a time-conditioned multimodal framework that incorpo-
rates the inter-echo interval At to modulate multimodal fusion for patient-
specific prediction of AS progression. Given a single baseline echo, AS-TIME
estimates progression risk at a queried follow-up horizon. To the best of our
knowledge, AS-TIME is the first to predict AS progression from a single
baseline echo and elapsed time alone, without relying on additional clinical
variables.

2. A hierarchical fusion architecture sequentially performs: (i) multiple instance
learning (MIL)-based token aggregation, (ii) disagreement-aware modality
gating, and (iii) At-conditioned mixture-of-experts (MoE) routing to adap-
tively model heterogeneous AS trajectories. In doing so, the model introduces
At as a conditioning signal that adaptively modulates multimodal fusion and
expert routing according to patient-specific prediction horizons.

3. By design, AS-TIME is inherently interpretable at multiple levels, exposing
instance-level attention weights, modality contribution scores, and expert
routing probabilities.
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Fig. 1. Overview of the AS-TIME architecture. Echo videos and its report at ¢ are en-
coded with frozen EchoPrime [16] and BioClinical ModernBERT [10] respectively. Re-
sulting embeddings are aggregated via token-level MIL, and a time-conditioned gating
network fuses modalities using At. The final prediction y is derived from the weighted
averaging of 12 expert predictions.

2 Methods

An overview of the AS-TIME architecture is outlined in Figure 1. The model
learns a hierarchical mapping f(Zviq, Ttxt, At) — y, where xyiq denotes multi-
view echo videos acquired at baseline tq, Ty, is the associated clinical report, and
At is the time interval to follow-up ¢;. y € {0, 1} denotes the binary classification
label, with y; = 0 representing no AS progression and y; = 1 representing AS
progression at follow-up.

2.1 Modality-Specific Feature Extraction

For effective feature extraction, we used EchoPrime [16] and BioClinical Mod-
ernBERT [10] encoders for videos and reports, respectively. EchoPrime [16] is
a state-of-the-art echo foundation model pretrained on over 12 million study-
report pairs. BioClinical ModernBERT [10] is pretrained on 20 clinical datasets,
leveraging its longer context window and increased vocabulary size. All input
modalities were then projected onto a shared latent space for downstream fusion
and prediction.

Echocardiogram Videos. Each study consists of videos xyig = {x1,...,21}.
A 512-dimensional feature is extracted for each video. The embeddings are then
mapped through a learnable linear projection as z, — h}’id € R? with d = 256.

Echocardiogram Reports. Each clinical report, xiyt, is parsed into individual
sentences where zyy = {s1, ..., Sg}. Each sentence is then encoded and projected
as ss — h*' ¢ R,
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Time Interval Encoding. The study interval At is log-transformed and stan-
dardized to obtain Atgq. A sinusoidal embedding is then computed with fre-
quencies {wy }_ | as At — h'™e € RY, where 2K = d.

2.2 Time-Conditioned Modality Fusion

Token-Level Multiple Instance Learning. Within each modality, gated-
attention MIL [2] is used to aggregate variable-length tokens into a study-level
representation. For video tokens, importance weights are computed as:

avid _ eXp(gvid (hzld)) (1>
A - : 9
>k exp(gvia (b))
to obtain the aggregated representation:
hvid — Z azidhzid. (2)
[

The same attention-based aggregation is used for text tokens to compute h***,

Modality-Level Gated Fusion. A cosine similarity is computed between hvd
and h®*, which then concatenates with h*™¢ and passed through a gated fusion
network ggr. This produces the video weight wyiq € [0,1]. The report weight
Wiyt 1S defined as 1 — wyiq. The final fused representation is derived by:

hfused _ wvithid + (wtxt)htXt- (3)

2.3 Mixture-of-Experts Prediction

To model heterogeneous progression patterns, an MoE head with E experts is
used. The gating network is a lightweight MLP that computes E weights as

7 = softmax (gvor ([h, At])). (4)

Each expert produces 10§its 0., and the final prediction is a weighted averaging
of all E experts: 0 =) | 0.

3 Experiments

3.1 Datasets and Preprocessing

Our dataset included 2,605 AS patients who: (i) have undergone two or more
full transthoracic echo studies at a tertiary medical centre between 2000 and
2020, (ii) study at to showed early (i.e., mild) AS, and (iii) study at ¢; showed
early (i.e., mild) or significant (i.e., moderate and severe) AS. All cases that
underwent surgical intervention between ¢y and t; was removed. A total of 4,124
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Table 1. Aortic stenosis progression prediction performance. ’+’ denotes embedding
concatenation. Cross Attention used At and report as Q and video as KV. To demon-
strate the performance difference between BERT and a medical LLM, 16-shot learning
was performed with MedGemma-1.5-4B-IT [9]. Highest result is bolded, and the sec-
ond highest result is underlined.

Cross-Attention 79.06 (0.35) 71.96 (1.13) 0.71 (0.01)

Method Video Report AUC(%) + BAcc(%) 1 F1 1
Temporal Embedding 67.72 (0.01) 64.18 (0.65) 0.62 (0.00)
EchoPrime [16]+TempEmb v 77.17 (0.37) 70.46 (0.63) 0.70 (0.01)
ModernBERT [10]+ TempEmb v/ 7167 (0.18) 66.83 (1.37) 0.66 (0.01)
MedGemma-1.5-4B-IT [9]" v - 56.34 0.52
TAMME [11] v/ 65.11 (1.98) 6152 (1.74) 0.60 (0.01)
Concatenation v 78.09 (0.47) 71.20 (0.48) 0.70 (0.01)

v

v

N SSS

AS-TIME (Ours) 80.40 (0.23) 73.75 (0.48) 0.72 (0.01)

*Raw scalar At used.

pairs were identified with a class distribution of 63.4% early AS (y; = 0) and
36.6% significant AS (y; = 1) at ¢;.

A total of 3,760 apical-5-chamber (A5C), 15,598 parasternal-long axis (PLAX)
and 16,260 parasternal-short axis aortic valve (PSAXAo) videos were extracted.
The views were specifically chosen for containing AS diagnostic information |5,
7]. 32 frames were sampled with a stride of 2, normalized and resized to 224
x 224 pixels. Dataset was split at the patient level into training, validation,
and test sets containing 2,933, 594, and 597 pairs respectively, ensuring that all
pairs from a given patient were assigned to a single split. Class distributions
(approximately 64% y; = 0 and 36% y; = 1) and mean follow-up interval At
(2.35, 2.46, and 2.46 years) were preserved across splits. All results are reported
on the held-out test set as the mean of five random seeds, with hyperparameters
selected using the validation set.

3.2 Implementation Details

The model was trained using the AdamW optimizer (Ir 3.8 x 1076, weight decay
1073) for 50 epochs with batch size 16. To address class imbalance, we sample
the training set with probability inversely proportional to class frequency. The
MoE module uses 12 experts. All baselines were optimized to the best of our
abilities.

4 Results and Discussion

4.1 Baselines Comparison

Table 1 summarizes the comparative performance of AS-TIME against the base-
lines. At (TempEmb) alone was first evaluated to quantify its standalone contri-
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Table 2. Temporal modeling ablation. GF denotes Gated Fusion (modality weighting),
and MoE denotes Mixture-of-Experts (final classification). Highest result is bolded,
and the second highest result is underlined.

At

_ 7" AUROC(%) T BAcc(%) 71 F1 1
GF MoE

73.91 (0.43)  67.98 (0.93) 0.67 (0.00)
v 79.42 (1.26)  72.49 (2.00) 0.71 (0.02)

v/ v 80.40 (0.23) 73.75 (0.48) 0.72 (0.01)

bution. TempEmb achieved an AUROC of 67.72% and BAcc of 64.18%, indicat-
ing that time horizon partly carries predictive signal. This is clinically aligned,
as a longer time horizon increases the chance of AS progression. However, it
also demonstrates that time alone cannot explain disease progression. The pre-
dictive performances of video and reports with At were then evaluated inde-
pendently. EchoPrime [16]4+TempEmb showed the highest performance of AUC
77.17% and BAcc 70.46%. MedGemma-1.5-4B-IT [9] with raw scalar At showed
poorer prediction accuracy (BAcc 56.34%) at 16-shot learning than BioClinical
ModernBERT[10]+TempEmb.

Incorporation of both modalities demonstrated prediction performance im-
provement. Cross-Attention showed the highest performance gain (AUC 79.06%,
BAcc 71.96%), followed by Concatenation (AUC 78.09%, BAcc 71.20%). TAMME
[11] underperformed relative to other multimodal approaches, likely due to the
model requiring multiple input data across multiple time points. This further en-
hances our model’s strength and data efficiency in using only a single time point
echo study to provide a personalized, time progression-aware AS trajectory.

Finally, we observe that AS-TIME achieves the highest performance across
all metrics. The model displays up to 15.29% increase in AUC, 17.34% increase
in BAcc, and 0.2 increase in F1. This indicates that AS-TIME’s multimodal
and hierarchical information handling provides measurable and consistent im-
provements. Relative to the strongest baseline (Cross-Attention), these gains
were consistent across all five seeds, with paired t-tests confirming statistically
significant improvements (p < 0.05).

4.2 Ablation Study

To evaluate the effect of At signaling in multimodal fusion, an ablation study
was conducted where At was marked as zero (Table 2). Specifically, two variants
from AS-TIME was explored: (i) no temporal signaling in both gated fusion
(GF) and MoE, and (ii) temporal signaling in GF only.

The results show AS-TIME’s superior performance against TAMME [11] at
full At ablation, suggesting that the hierarchical information fusion of the model
itself provides representational advantages even without explicit temporal infor-
mation. With the introduction of At in gated fusion, however, the performance
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Fig. 2. AS-TIME Prediction Reliability diagram. The x-axis is the model’s predicted
probability of significant AS at t; and the y-axis is the ground truth observed frequency
of significant AS at each predicted probability. Dashed line denotes perfect calibration.

improves substantially - 5.51% in AUC, 4.42% in BAcc, and 0.04 in F1. This
performance gain suggests that At serves as an effective conditioning signal for
adaptive video-report fusion. Conditioning expert routing on At yields additional
performance gains, indicating that At provides complementary information at
both the representation and decision levels. The reduced variance across seeds
imply that temporal conditioning likely stabilizes model performance and re-
duces sensitivity to initialization.

4.3 Explainability

Video-Report Weighting. At the gated fusion step, predominantly negative
cosine similarities were observed between the aggregated video and report em-
beddings, with an average of -0.33. This disagreement suggests that: (i) MIL
attends to different information contained in videos and reports, and (ii) the
MIL representations offer complementary information that result in improved
performance against either modality alone (Table 1).

There is a strong reliance on video where the average video weight is 0.96
- this confirms that the videos serve as the primary predictive signal and re-
port provides secondary contextual cues where appropriate, in line with the
stronger performance of EchoPrime [16]+TempEmb over BioClinical Modern-
BERT [10]+TempEmb. This does not suggest that report features are uninfor-
mative, as multimodal baselines with videos and text yield higher results than
EchoPrime [16]+TempEmb alone (Table 1). Further analysis is needed to fully
characterize each modality’s contributions.
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Expert Weighting. The model design informs the routing trends of the MoE
head, offering transparency into how the model comes to its final predictions.
Different patterns were observed with experts specializing in specific At inter-
vals. For example, the MoE head assigns Expert 8 a weight of 0.20 for At up to 8
years, decreasing to 0.10 thereafter. Expert 2’s weight increases with At, peaking
at 0.25 at 8-10 years before gradually declining. Expert 3 shows a steady increase
with greater At, rising from 0.05 at 0-2 years to 0.17 at 14-16 years. Conversely,
Expert 12 is most active in early intervals and progressively diminishes toward
zero at longer follow-up periods. Not only does this demonstrate the model’s
adaptive prediction while preserving diversity among experts, it also highlights
its interpretability and transparent progression dynamics. Across At bins, AU-
ROC remained stable while BAcc showed a modest decrease at longer horizons,
likely reflecting smaller subgroup sizes and the greater difficulty of longer-range
prediction.

Model Uncertainty. AS-TIME is well-calibrated, with predicted probabilities
closely matching ground-truth frequencies (Figure 2). Although MoE architec-
tures do not inherently guarantee improved calibration [15], conditional routing
on At may promote expert diversity that stabilizes probability estimates through
ensemble-like averaging.

4.4 Clinical Relevance and Limitations

AS-TIME demonstrates that explicit conditioning on elapsed time significantly
improves multimodal fusion and prediction of AS progression. By treating At as
a structural signal, the model reshapes how echo videos and reports are inter-
preted, moving beyond static classification toward trajectory-aware inference. A
set of echo findings may imply different risks depending on progression horizon,
and integrating At enables patient-specific risk estimation. This supports indi-
vidualized follow-up decisions, helping clinicians prioritize patients who require
earlier reassessment while reducing unnecessary surveillance for stable cases.
More importantly, AS-TIME operates using only a single baseline echo study,
without additional demographic or clinical variables. In resource-limited settings,
including rural and remote communities with constrained imaging and referral
capacity, such adaptive risk stratification may help allocate care more efficiently
while maintaining patient safety.

A key limitation is the lack of external validation. The study is based on
data from a single institution, and no publicly available cohort currently pro-
vides longitudinal echo studies, clinical reports, and standardized AS severity
labels required for independent evaluation. Validation across multiple institu-
tions is therefore necessary to assess the model’s generalizability. Future work
should also extend AS-TIME through rigorous subgroup analyses across clini-
cally relevant factors such as age, smoking status, and family history, examining
both predictive performance and decision patterns across distinct patient pheno-
types. Expanding the dataset to include patients with three or more longitudinal
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echo studies will enable richer modeling of progression trajectories. An additional
downstream direction is to invert the framework to estimate individualized time-
to-progression (At), further enhancing its clinical utility.

5 Conclusion

In this paper we introduced AS-TIME, a time-conditioned multimodal frame-
work for patient-specific prediction of AS progression. By structurally inte-
grating elapsed time into hierarchical fusion, the model achieved an AUC of
80.40% and balanced accuracy of 73.75%, outperforming all baselines while ex-
plicitly decomposing prediction into instance selection, modality weighting, and
trajectory-conditioned expert routing. Beyond performance gains, AS-TIME re-
frames progression modeling as time-aware representation learning rather than
static feature extraction and classification. Time-conditioned architectures such
as AS-TIME may act as a foundation for precision surveillance in HVD, enabling
adaptive follow-up strategies and advancing trajectory-aware clinical modeling.
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