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 A B S T R A C T

Pulmonary embolism (PE) is a life-threatening condition for which accurate risk stratification is essential for 
clinical decision-making. Most existing prognostic models rely on a single data modality, typically structured 
electronic health records (EHR), limiting their ability to capture the heterogeneous nature of the disease. 
Multimodal approaches combining EHR, computed tomography (CT) imaging, and free-text clinical reports 
provide complementary information, but the optimal fusion strategy for prognosis prediction remains unclear. 
In this study, we present a comprehensive comparative study of multimodal fusion strategies for PE prognosis 
using the INSPECT dataset, which includes structured EHR, CT images, and clinical text with mortality labels. 
We develop unimodal baselines and multiple bimodal and trimodal models using early, intermediate, late, and 
cross-fusion strategies within a unified framework. Models are evaluated for 1-, 6-, and 12-month mortality 
prediction. Multimodal models consistently outperform unimodal baselines across all prediction horizons, with 
MCC improvements up to +0.13 for 1-month mortality (0.399 vs 0.269) and +0.11 for 6-month mortality 
(0.479 vs 0.367). The best overall performance is achieved by late fusion models, reaching an MCC of 0.497 
for 12-month prediction, compared to 0.454 for the best unimodal model. Interestingly, bimodal combinations 
often outperform trimodal fusion in short-term prediction, suggesting that improper integration of multiple 
modalities may introduce noise and reduce effectiveness. These results highlight the importance of fusion 
design in multimodal clinical AI and provide practical guidance for developing robust prognosis models for 
pulmonary embolism. Code is publicly available at https://github.com/arco-group/INSPECT-CS.
1. Introduction

Pulmonary embolism (PE) is a potentially life-threatening condition 
characterized by obstruction of the pulmonary arteries, typically due 
to thromboembolic events. Despite advances in diagnosis and treat-
ment, PE remains associated with significant short- and medium-term 
mortality, emphasizing the importance of timely risk stratification and 
prognostic assessment (Barco et al., 2021). Accurate prediction of pa-
tient outcomes is crucial for guiding therapeutic decisions, optimizing 
resource allocation, and ultimately improving survival rates.

Traditional prognostic models for PE, such as the Pulmonary Em-
bolism Severity Index (PESI) and its simplified versions (Aujesky et al., 
2005; Jiménez et al., 2010), rely primarily on demographic and clinical 
variables, such as age, comorbidities, and vital signs, and have been 
validated for predicting short-term mortality. Although these tools 

I This article is part of a Special issue entitled: ‘Data fusion in healthcare’ published in Computerized Medical Imaging and Graphics.
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provide valuable risk estimates, they are limited by their reliance on a 
narrow set of features and may not fully capture the multidimensional 
nature of PE. In clinical practice, PE outcomes are influenced not only 
by demographic and clinical variables but also by imaging findings, 
textual clinical information, and structured data recorded in electronic 
health records (EHR). This limitation underscores the need for more 
comprehensive approaches capable of integrating these heterogeneous 
data modalities to improve prognostic accuracy.

Recent advances in artificial intelligence (Sun et al., 2023; Huang 
et al., 2020; Cahan et al., 2023; Zhong et al., 2024) have enabled 
the integration of multimodal clinical data across various medical 
contexts. These approaches combine imaging studies, textual reports, 
and structured EHR data, such as laboratory values, vital signs, and 
comorbidities, providing complementary information that can improve 
https://doi.org/10.1016/j.compmedimag.2026.102794
Received 15 December 2025; Received in revised form 20 April 2026; Accepted 28
vailable online 2 July 2026 
895-6111/© 2026 The Authors. Published by Elsevier Ltd. This is an open access ar
 June 2026

ticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/compmedimag
https://www.elsevier.com/locate/compmedimag
https://orcid.org/0000-0003-2621-072X
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/arco-group/INSPECT-CS
mailto:paolo.soda@umu.se
https://doi.org/10.1016/j.compmedimag.2026.102794
https://doi.org/10.1016/j.compmedimag.2026.102794
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compmedimag.2026.102794&domain=pdf
http://creativecommons.org/licenses/by/4.0/


D. Paolo et al. Computerized Medical Imaging and Graphics 133 (2026) 102794 
predictive models’ ability to assess patient risk more accurately than 
unimodal approaches. Multimodal fusion is the process of combining 
these diverse data sources into a unified representation for predic-
tive modeling. However, although multimodal learning has gained 
significant attention, the optimal fusion strategy, including when to 
integrate information, which modalities to combine, and how to design 
the fusion mechanism, remains an open and task-dependent challenge 
(Jandoubi and Akhloufi, 2025b,a; Liu et al., 2025a,b; Simon et al., 
2025; Stahlschmidt et al., 2022).

Despite the growing interest in multimodal learning, current ap-
proaches in PE still face several important limitations. Most studies 
focus on short-term outcomes or diagnostic tasks rather than clini-
cally actionable prognostic horizons (1-, 6-, and 12-month mortality). 
They often evaluate only subsets of available modalities, leaving the 
incremental value of additional data sources unexplored. Finally, guid-
ance on optimal fusion strategies remains limited, hindering clinical 
translation.

To address these gaps, our main contributions are summarized as 
follows:

• Systematic multimodal comparison: We present the first com-
prehensive evaluation of unimodal (CT, radiology reports, struc-
tured EHR) and multimodal models for PE prognosis across multi-
ple clinically relevant time horizons (1-, 6-, 12-months) using the 
INSPECT dataset (Huang et al., 2023).

• Addressing prognostic scope: We focus on outcomes beyond 
disease detection, systematically evaluating short- and medium-
term mortality.

• Comprehensive modality coverage and clinical insight: We 
analyze all three key modalities (CT, text, EHR) and their com-
binations, quantifying the incremental value of each through 
changes in predictive performance metrics. We also highlight sce-
narios in which specific data types contribute most to prediction, 
providing interpretable guidance for clinical decision-making.

• Fusion strategies: We empirically investigate when, how, and
which modalities should be fused to maximize predictive perfor-
mance.

• Benchmarking and reproducibility: We establish baselines on 
INSPECT, offering a reproducible framework for future multi-
modal PE studies.

Together, these contributions provide both a methodological and 
practical framework for developing multimodal prognostic models in 
pulmonary embolism and related cardiovascular conditions.

2. Related work

Risk stratification in PE traditionally relies on validated clinical 
scores. The Pulmonary Embolism Severity Index (PESI) and its sim-
plified version (sPESI) are the most widely used tools for estimating 
short-term mortality; they combine demographic and readily available 
clinical variables to stratify patients into risk classes and have been ex-
ternally validated in large cohorts (Aujesky et al., 2005; Jiménez et al., 
2010). Whilst these scores remain useful in practice, their reliance on 
a small set of structured inputs limits their ability to capture the full 
clinical complexity of many PE presentations, especially information 
embedded in imaging studies and free-text radiology reports.

In recent years, the advent of machine learning (ML) and deep 
learning (DL) has led to a surge of research efforts aimed at enhancing 
PE assessment. Many of these approaches focus on single modalities, 
such as structured clinical data, imaging studies, or radiology text 
reports. More recently, multimodal deep learning (MDL) has emerged 
as a strategy to integrate complementary information from multiple 
sources, aiming to overcome the limitations of unimodal models and 
provide more comprehensive and robust predictions.
2 
In this section, we review representative studies on PE, organized 
into two complementary perspectives. First, we discuss unimodal ap-
proaches that focus on a single data source, including structured clinical 
variables, imaging studies, or radiology text reports. Next, we examine 
MDL approaches that integrate information across multiple modalities, 
leveraging the complementary strengths of each. Although the cited 
studies are representative of the state of the art, they are not exhaustive 
and serve to illustrate key trends and challenges in the field.

2.1. Unimodal approaches

Unimodal approaches focus on a single data source (clinical, imag-
ing, or textual) and have demonstrated promise to improve PE diagnos-
tic accuracy and risk prediction beyond traditional scoring systems.

EHR-based models, for instance, rely on classical statistical and ML 
techniques, such as logistic regression, gradient-boosted trees, and deep 
multilayer perceptrons, trained on structured EHR data encompassing 
demographics, vital signs, laboratory results, and comorbidities (Eini 
et al., 2025; Sadegh-Zadeh et al., 2023). These models have demon-
strated the ability to predict short-term outcomes and have been used to 
augment or recalibrate clinical scores. Their strength lies in leveraging 
longitudinal data; however, they may miss important imaging-derived 
markers.

Imaging-only approaches, in contrast, apply deep learning to CT 
pulmonary angiography (CTPA) for detection and characterization of 
emboli as well as prognostic tasks (Diaz-Lorenzo et al., 2024). These 
models can extract morphological features, such as clot burden or 
proxies for right-to-left ventricular ratio, that are not captured in 
structured EHR. Nevertheless, their prognostic accuracy can be limited 
when clinical context, including comorbidities or laboratory values, is 
decisive for patient outcomes.

Natural language processing (NLP) applied to radiology reports rep-
resents a third modality for PE research. Early rule-based systems have 
progressively evolved into transformer-based architectures capable of 
contextual semantic understanding at scale. Most studies have focused 
on PE detection and classification (Rashedi et al., 2024; Hassan et al., 
2025), but recent efforts have begun to explore prognostic applica-
tions (O’Gallagher et al., 2025; Amin et al., 2024). Radiology reports 
encapsulate a wealth of qualitative indicators, such as clot burden, 
vascular obstruction index, and right-heart strain, that are increasingly 
recognized as potential sources of prognostic insight not available in 
structured EHR or imaging data.

2.2. Multimodal deep learning

Multimodal deep learning (MDL) has been proposed as a way to 
aggregate complementary information and improve predictive perfor-
mance because each unimodal approach offers distinct strengths, but 
individually they may not fully account for the heterogeneity of PE 
patients across short- and medium-term horizons. In MDL, the inte-
gration of data from multiple sources can be performed using three 
main fusion strategies: early, late, and intermediate fusion. Early fusion 
concatenates features from all modalities at the input level before 
training a single model. It is simple and computationally efficient 
but may struggle with heterogeneous data. Late fusion trains separate 
models for each modality and combines their outputs, for example 
via averaging or a meta-classifier. This preserves modality-specific 
learning and handles missing modalities, but cannot capture deep 
cross-modal interactions. Intermediate fusion integrates information at 
intermediate layers within the network, allowing the model to learn 
complex cross-modal relationships while retaining modality-specific 
features. Its performance, however, can be sensitive to data heterogene-
ity and noise (Guarrasi et al., 2025). Recent advances in multimodal 
learning have increasingly explored transformer-based architectures 
and attention-driven fusion mechanisms to better model interactions 
between heterogeneous data sources. Multimodal transformers enable 
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joint representation learning across modalities by using self-attention 
and cross-attention layers, allowing the model to capture complex 
dependencies between clinical variables, imaging features, and textual 
information (Xu et al., 2023). Cross-attention fusion, in particular, al-
lows one modality to guide the feature extraction of another, which has 
shown promising results in several medical AI applications involving 
multimodal prediction tasks, as demonstrated in (Dhar et al., 2025; 
Zhang et al., 2024).

Despite their flexibility, transformer-based multimodal models typ-
ically require large-scale datasets and careful regularization to avoid 
overfitting, especially in clinical settings where cohorts are relatively 
small and modalities are highly heterogeneous (Liu et al., 2025a,b). 
For this reason, simpler fusion strategies such as early, late, and in-
termediate fusion remain widely used in medical prognosis studies, as 
they often provide a better trade-off between performance, robustness, 
and interpretability (Teoh et al., 2024; Sucre et al., 2025; Liu et al., 
2025a,b). In this work, we therefore evaluate a broad spectrum of 
fusion strategies, including early, late, cross, and intermediate fusion 
schemes, to systematically assess their behavior in a realistic clinical 
prognosis scenario.

Across domains such as cardiology, oncology, and orthopedics, 
systematic reviews and methodological analyses have consistently re-
ported that integrating multimodal data using early, late, or inter-
mediate fusion strategies leads to improved predictive performance 
(Guarrasi et al., 2025; Jandoubi and Akhloufi, 2025b,a; S.-C. Huang 
et al., 2020; Shih-Cheng Huang et al., 2020; Sun et al., 2023; Kline 
et al., 2022; Mohsen et al., 2022).

In the context of PE, MDL models combining imaging and clin-
ical data consistently outperformed both unimodal approaches and 
traditional clinical scoring systems across diagnostic and prognostic 
applications (Huang et al., 2020; Guo et al., 2024; Zhang et al., 2025; 
Cicek et al., 2025; Cahan et al., 2023; Zhong et al., 2024).

For binary PE detection, Huang et al. (2020) integrated imaging and 
EHR features using a late fusion strategy on a private dataset of 1837 
CTPA studies, demonstrating that fused models outperform unimodal 
baselines. Similarly, using the RadFusion dataset (Zhou et al., 2021), 
both Guo et al. (2024) and Zhang et al. (2025) applied intermediate 
fusion to integrate imaging and EHR features, further confirming the 
benefits of multimodal approaches compared to unimodal baselines.

For PE-related mortality and severity prediction, multimodal ap-
proaches have similarly demonstrated substantial gains over traditional 
clinical tools. Cicek et al. (2025), using a cohort of 207 patients, 
showed that models integrating CTPA and clinical data significantly 
outperformed the PESI score for binary short-term severity predic-
tion. In a separate study on a private cohort of 358 patients, Cahan 
et al. (2023) evaluated several fusion strategies combining CTPA and 
structured clinical data for 30-day severity prediction, reporting their 
best performance with intermediate fusion. More recently, Zhong et al. 
(2024) incorporated CTPA, clinical variables, and the PESI score into 
a cross-modal CoxPH framework, demonstrating on an internal dataset 
of 918 patients that multimodal fusion can enhance 30-day survival 
prediction.

A major development in PE research was the INSPECT dataset 
(Huang et al., 2023), the first large-scale, publicly available multimodal 
cohort that jointly includes CTPA images, radiology report impressions, 
and structured EHR data, along with diagnostic and prognostic labels. 
INSPECT provides a standardized benchmark for PE detection and 
outcome prediction, offering unimodal (CT, EHR) and multimodal (CT 
+ EHR) baselines that primarily implement late fusion strategies. These 
benchmarks further reinforce the evidence observed in other studies: 
integrating imaging and clinical data yields clear advantages over 
unimodal models for both diagnostic and prognostic tasks.
3 
2.3. Limitations and motivations

MDL approaches in PE highlight three critical limitations that di-
rectly motivate our contribution. First, the predominant focus remains 
on diagnostic or short-term predictive tasks rather than clinically ac-
tionable medium- and long-term prognosis. Second, most approaches 
rely on only two modalities, typically CT imaging and structured EHR 
data, thus overlooking the rich qualitative and semi-structured informa-
tion contained in radiology reports. Third, reproducibility remains lim-
ited due to the use of proprietary datasets, hindering broader validation 
and clinical translation.

A major step toward reproducible multimodal research was the 
release of the INSPECT dataset (Huang et al., 2023), the first large-
scale public cohort that jointly provides CTPA images, radiology report 
impressions, and longitudinal structured EHR data (including demo-
graphics, diagnoses, vitals, laboratory values, and medications), to-
gether with diagnostic and prognostic labels. INSPECT offers a stan-
dardized foundation for multimodal PE modeling; however, existing 
baselines primarily adopt late fusion and remain restricted to CT and 
structured EHR data, without leveraging the textual modality, leaving 
unexplored the potential benefits of incorporating report narratives or 
more advanced fusion strategies.

In this work, we leverage INSPECT to systematically evaluate uni-
modal and multimodal models for PE prognosis, comparing early, 
intermediate, and late fusion schemes and quantifying the contribution 
of each modality across clinically meaningful prediction horizons.

This approach not only complements prior diagnostic-focused stud-
ies but also provides a reproducible foundation for future multimodal 
prognostic research in PE.

3. Materials

We conducted our experiments on the INSPECT dataset (Huang 
et al., 2023), the only publicly available multimodal resource for PE 
prognosis, which includes paired CTPA scans, radiology reports, and 
structured EHR data. The original dataset contains in total 23,248
CTPA studies from 19,402 patients, with some patients undergoing 
multiple CTPA exams. Our analysis is performed at the CTPA-study 
level. Accordingly, the dataset provides multimodal information col-
lected around the ‘‘index CTPA study’’, defined as the CT angiography 
performed during the clinical visit in which pulmonary embolism was 
suspected or diagnosed.

Each sample includes the full 3D CTPA volume acquired at this 
index visit (acquisition details are reported in Huang et al. (2023)) and 
the associated radiology report, which contains only the ‘‘Impression’’ 
section summarizing key PE-related findings. Full narrative reports are 
not provided.

The structured EHR data consist of the entire longitudinal clinical 
history available for each sample, including diagnoses (ICD codes), 
medications, procedures, laboratory tests, and vital signs. Importantly, 
INSPECT does not pre-align EHR events to the CTPA exam: each 
patient’s EHR timeline is provided in full. In our study, we specifically 
selected only those events occurring prior to the index CTPA timestamp 
to ensure that prognostic modeling is based strictly on pre-diagnostic 
information, thereby avoiding any potential data leakage and reflecting 
clinically realistic prediction scenarios. We excluded samples for whom 
the timestamp of the index CTPA study was missing, since this prevents 
consistent extraction of pre-exam EHR events.

INSPECT provides prognostic outcomes at 1-, 6-, and 12-months, en-
abling systematic evaluation across short- and medium-term horizons. 
Outcomes are annotated as positive (death within the target window), 
negative (survival), or censored (insufficient follow-up). In line with 
the original benchmarks, we considered only positive and negative 
samples, discarding censored cases, as shown in Table  1. This resulted 
in 21,192 CTPA studies for the 1-month mortality task, 20,156 for the 
6-month task, and 19,284 for the 12-month task. Across these horizons, 
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Table 1
Distribution of prognostic labels across 1-, 6-, and 12-month mortality prediction tasks in the INSPECT dataset. 
Each case includes a CTPA scan, its corresponding radiology report, and structured EHR data. Patient-level 
splitting ensures that all cases from the same patient are assigned to the same set (train, validation, or test). 
Percentages in splits indicate the proportion of positive versus negative cases.
 Time Label All Train Val Test  
 1 m pos. 

neg. 
cens.

1143 
20049 
2056

939 (5.45%) 
16305 (94.55%) 
–

53 (5.23%) 
960 (94.77%) 
–

151 (5.14%) 
2784 (94.86%) 
–

 

 6 m pos. 
neg. 
cens.

2302 
17854 
3092

1891 (11.54%) 
14501 (88.46%) 
–

99 (10.21%) 
871 (89.79%) 
–

312 (11.17%) 
2482 (88.83%) 
–

 

 12 m pos. 
neg. 
cens.

2811 
16473 
3964

2303 (14.59%) 
13369 (85.31%) 
–

125 (13.51%) 
800 (86.49%) 
–

383 (14.25%) 
2304 (85.75%) 
–

 

each patient contributes with slightly more than one study, with values 
ranging from a minimum of 1 to a maximum of 13 CTPA studies per 
patient across all prognostic tasks.

To ensure reproducibility and prevent information leakage, particu-
larly because individual patients may undergo multiple CTPA exams, 
we adopted the official patient-level INSPECT splits, which assign 
CTPA studies from each patient exclusively to a single set (training, 
validation, or test).

3.1. Preprocessing

Each modality in INSPECT required a tailored preprocessing
pipeline to ensure comparability across samples and suitability for 
downstream modeling.

CTPA scans. For CTPA preprocessing we follow the same pipeline 
described in Huang et al. (2023). Each CTPA exam was preprocessed 
by extracting the pixel data from the original DICOM format. Raw 
intensities were converted into Hounsfield Units (HU). To reduce com-
putational cost, all slices were resized to 256 × 256 pixels and subse-
quently cropped around the lung region, resulting in a final resolution 
of 224 × 224.

To emphasize clinically relevant structures, three standard view-
ing windows were applied, each optimized for a specific diagnostic 
perspective: (i) lung parenchyma, (ii) pulmonary embolism, and (iii) 
mediastinum. The corresponding windowed images were stacked to 
form a three-channel representation of each slice (224 × 224 × 3). 
Finally, pixel intensities were normalized to zero mean and unit vari-
ance using ImageNet statistics (mean and standard deviation), ensuring 
compatibility with pretrained convolutional backbones (Deng et al., 
2009).

Radiology reports. Free-text radiology reports were segmented 
into sentences using a custom algorithm designed to preserve clinically 
meaningful structures, including numbered findings (e.g., ‘‘1. PROBA-
BLE’’). The algorithm temporarily replaces periods in numbered lists 
(e.g., ‘‘1’’.) to prevent incorrect sentence splits, then applies standard 
sentence-ending punctuation rules by identifying spaces following ‘‘.’’, 
‘‘?’’, or ‘‘!’’. Finally, the original numbering is restored. This procedure 
is summarized in Algorithm 1 and ensures that both the overall report 
structure and individual observations are accurately preserved. After 
sentence segmentation, each sentence was tokenized using the Clinical-
Longformer tokenizer (Li et al., 2022), ensuring compatibility with the 
subsequent transformer-based encoding. 

Structured EHR data. Structured EHR events were represented 
using a count-based featurization strategy (Rajkomar et al., 2018), 
producing a sparse patient-by-code matrix. Each entry in this matrix 
indicates the frequency with which a specific clinical code (e.g., diag-
noses, medications, procedures, lab tests) occurs in a patient’s record 
prior to the index ‘‘CTPA exam’’, ensuring that only information avail-
able at prediction time is used. This representation provides a compact 
summary of longitudinal patient history, retaining at the same time rich 
information about prior comorbidities, interventions, and monitoring.
4 
Algorithm 1 Custom Sentence Splitter for Radiology Reports
1: procedure CustomSentenceSplitter(text)
2:  Input: raw radiology report text
3:  Output: list of sentences
4:  Replace all ‘‘\d+.\s’’ with ‘‘\1###’’
5:  Split text at spaces following ‘.’, ‘?’, or ‘!’
6:  Restore numbering by replacing ‘‘###’’ with ‘‘. ’’
7:  Trim whitespace in each sentence
8:  Remove empty sentences
9:  return list of sentences

To incorporate EHR features into deep learning models, which typ-
ically require dense, low-dimensional representations, we investigated 
two complementary dimensionality reduction strategies.

The first approach relied on truncated singular value decompo-
sition (TSVD) (Hansen, 1987), projecting each patient vector into a 
128-dimensional embedding that preserved approximately 99% of the 
variance of the original sparse matrix. This method retains most of the 
salient information, substantially reducing computational complexity, 
thus facilitating integration with the other modalities. We refer to this 
representation as the EHR-TSVD embedding.

The second approach employed a feed-forward autoencoder trained 
to reconstruct the original sparse matrix from a compact latent rep-
resentation. The encoder output defines the EHR-AE embedding, a 
dense representation that summarizes each patient’s longitudinal clin-
ical history and can be seamlessly combined with imaging and text 
embeddings within multimodal architectures (see Section 4.2 for de-
tails).

4. Methods

We implemented both unimodal and multimodal models to system-
atically evaluate the contribution of different data sources and fusion 
strategies for PE prognosis. Our methodological pipeline is organized 
into three main components.

First, we describe the representation extraction process, in which 
each modality (structured EHR, radiology reports, and CTPA imag-
ing) is encoded into a fixed-length sample-level representation using 
modality-specific encoders. This section establishes the common feature 
space shared by all subsequent models.

Next, we present the unimodal baselines, where each modality is 
modeled independently using architectures tailored to its statistical 
and structural properties. These baselines serve two purposes: (i) they 
provide strong single-source predictors for PE prognosis, and (ii) they 
allow us to quantify the standalone predictive value of each modality 
before integrating them in multimodal settings.

Finally, we introduce the multimodal fusion models, which combine 
the representations extracted from different modalities through a set of 
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Table 2
Dimensionality of the intermediate representations extracted for each modality 
prior to aggregation.
 Modality Encoder/Method Representation dimensionality 
 Structured EHR Count-based featurization 74,303  
 Radiology report Clinical-Longformer [#Sentences, #Tokens, 768]  
 CTPA imaging ResNetV2-101 [#Slices, 6145]  

fusion strategies. We detail both bimodal and trimodal configurations. 
Our primary objective is to assess the added value of multimodal mod-
els over unimodal baselines. Among multimodal strategies, bimodal 
combinations can provide insights into which modality pairs contribute 
most to predictive performance and may serve as ablation studies 
related to trimodal fusion.

4.1. Representation extraction

For each data modality (structured EHR, radiology reports, and 
CTPA imaging) we extracted fixed-length sample-level representations 
using modality-specific encoders designed to capture complementary 
aspects of a patient’s clinical profile. The dimensionality of the resulting 
representations is summarized in Table  2.

Structured EHR data were converted into high-dimensional count 
vectors summarizing each sample’s clinical events up to the time of the 
index CTPA exam. The resulting representation is a sparse vector of size 
1 × 74,303 for each patient.

In radiology reports, the text was first split into sentences and tokens 
(see Section 3.1) and then encoded using Clinical-Longformer (Li et al., 
2022), a transformer model pretrained on large-scale clinical corpora 
(e.g., MIMIC-III Johnson et al., 2016) and specifically optimized for 
long clinical documents. The model produced a contextualized embed-
ding 𝐭𝑖,𝑗 of size 768 for each token 𝑗 in each sentence 𝑖. This results in 
a tensor of shape [#sentences,  #tokens,  768 ], where the ‘‘#’’ symbol 
denotes ‘‘number of’’, thus preserving the sentence-level structure prior 
to hierarchical aggregation.

For CTPA imaging, after the preprocessing described in Section 3.1, 
each axial slice was processed using a ResNetV2-101 convolutional 
encoder pretrained with BigTransfer (Kolesnikov et al., 2020) and 
subsequently adapted to the pulmonary domain through fine-tuning 
on the RSPECT dataset (Colak et al., 2021), yielding slice-level repre-
sentations 𝐜𝑖 of size 6145 before slices-level aggregation. This results 
in a tensor of shape [#slices,  768 ], where the ‘‘#’’ symbol denotes 
‘‘number of’’. To ensure consistency across samples, we retained the 
first 250 slices for scans exceeding this number. This cutoff was chosen 
to standardize input dimensionality at the same time preserving the 
full thoracic region relevant for prognostic assessment, thus excluding 
abdominal sections that do not contribute with meaningful information 
and reducing computational overhead.

These modality-specific representations serve as the inputs for the 
unimodal baselines and the multimodal fusion models described in the 
following sections.

4.2. Unimodal models

Unimodal baselines are illustrated in Fig.  1. Each modality was 
first modeled independently to establish strong single-source predictors 
before exploring multimodal fusion.
Structured EHR data. For the Unimodal EHR (Structured EHR) experi-
ments, we first introduce a supervised autoencoder (EHR-AE) designed 
to learn compact, task-specific embeddings from structured, count-
based EHR features. Let 𝐱 ∈ R𝑑 denote a sample-level EHR vector, with 
𝑑 = 74303. The encoder computes a latent representation
𝐳 = 𝑓 (𝐱), 𝑓 ∶ R𝑑 → R768,
enc enc
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through a two-layer architecture with dimensions 𝑑 → 512 → 768. The 
decoder mirrors this structure:
𝐱̂ = 𝑓dec(𝐳), 𝑓dec ∶ R768 → R𝑑 .

A classification head predicts mortality:
𝑦̂ = 𝑓clf(𝐳), 𝑓clf ∶ R768 → [0, 1],

implemented as a two-layer MLP (768 → 128 → 1).
The model is trained end-to-end with a joint loss:

 = 𝛼recon(𝐱, 𝐱̂) + 𝛽 BCE(𝑦, 𝑦̂),

with weights 𝛼 = 0.5 and 𝛽 = 1.0, chosen to prioritize the mortality 
prediction task while still encouraging accurate reconstruction of the 
input. Here,
recon = ‖𝐱 − 𝐱̂‖22, BCE = −

[

𝑦 log(𝑦̂) + (1 − 𝑦) log(1 − 𝑦̂)
]

.

This model learns dense, task-adaptive embeddings from structured 
EHR data, which can be directly used for downstream multimodal 
fusion.

For comparison, we also reproduced the gradient boosting EHR 
model from the INSPECT framework (Huang et al., 2023). Let 𝑓GBM(𝐱)
denote the model prediction, defined as an ensemble of 𝑇  regression 
trees:

𝑓GBM(𝐱) =
𝑇
∑

𝑡=1
𝜂 ℎ𝑡(𝐱),

where 𝜂 is the learning rate and ℎ𝑡 are the leaf-wise regression trees fit-
ted via gradient boosting on the negative gradients of the loss function. 
LightGBM efficiently captures non-linear interactions among sparse 
EHR features and serves as a validated baseline for structured data.

This setup allows us to compare the EHR-AE approach with a 
literature-based baseline (EHR-GBM), demonstrating the benefits of 
learned dense embeddings maintaining at the same time methodologi-
cal continuity with prior work.
Radiology reports. For the Unimodal Radiology Report experiments, 
we developed a novel hierarchical text encoder that leverages token-
level embeddings 𝐭𝑖,𝑗 produced by Clinical-Longformer. To capture both 
local and global semantics within each report, we designed a two-level 
hierarchical attention mechanism. At the first level, token embeddings 
𝐭𝑖,𝑗 within each sentence 𝑖 are aggregated according to learned atten-
tion weights, emphasizing clinically relevant terms and producing the 
sentence embedding 𝐬𝑖: 

𝐬𝑖 =
𝐿
∑

𝑗=0
𝑤𝑖,𝑗 𝐭𝑖,𝑗 , (1)

where 𝑤𝑖,𝑗 is the weight learnt by the soft attention for the token 
embedding 𝐭𝑖,𝑗 , 𝐿 is the total number of tokens in the input sentence 
and 𝑖 ranges from 1 to the total number of sentences 𝑁 in the radiology 
report. Since each sentence may contain a variable number of tokens 
and each radiology report consists of a different number of sentences, 
both 𝐿 and 𝑁 are defined dynamically at runtime for each mini-batch. 
Specifically, 𝐿 is set to the maximum number of tokens in a single 
sentence across all sentences in the minibatch, whereas 𝑁 is defined 
as the maximum number of sentences across all radiology reports in 
the mini-batch. To ensure uniform tensor shapes in the mini-batch, we 
use padding with all-zero vectors of size 768, which receive a weight 
of zero from both the token-level and sentence-level attention layers, 
ensuring they do not contribute to the final representation. It is worth 
nothing that 𝐬𝑖 has the same size 768 of the token embedding.

At the second level, sentence representations were combined
through the Sentence Attention layer, that computes: 

𝐱 =
𝑁
∑

𝑤𝑖𝐬𝑖, (2)

𝑖=0



D. Paolo et al. Computerized Medical Imaging and Graphics 133 (2026) 102794 
Fig. 1. Overview of unimodal prognostic models. Each modality is processed independently: (i) structured EHR data is featurized with count-based methods 
and modeled using gradient boosting or autoencoder, (ii) radiology reports are embedded with Clinical-Longformer and aggregated via a two-levels hierarchical 
attention mechanism (Token Attention and Sentence Attention), and (iii) CTPA slices are encoded with a ResNetV2-101 backbone followed by sequential modeling 
and pooling. Note that the MLP used for classification in the autoencoder is separate from the MLP classifiers used in the other modalities.
Table 3
Architecture of the MLP classification head.
 Layer Output size Notes/Activation/Dropout  
 Input enc_size Embedding  
 Linear 512 Fully connected  
 ReLU 512 Activation  
 Dropout 512 𝑝 = 0.2  
 Linear 128 Fully connected  
 ReLU 128 Activation  
 Dropout 128 𝑝 = 0.2  
 Linear 1 Fully connected output layer (logit) 

where 𝑤𝑖 is the weight learnt by the soft attention for the sentence 
embedding 𝐬𝑖, 𝑁 is the total number of sentences in the radiology 
report. It provides a comprehensive representation of the radiology 
report. Importantly, this layer employs a soft attention mechanism that 
shares its weights with the token-level attention layer. This sharing is 
feasible because both token and sentence embeddings have the same 
dimensionality (768) making it possible to use a single soft attention 
module implemented as a fully connected layer of size 768. Weight 
sharing serves two main purposes: (i) it reduces the total number of 
trainable parameters, helping to prevent overfitting on limited data and 
lowering computational cost; and (ii) it improves feature transferability 
across layers, since the clinical relevance of a sentence is inherently 
related to the clinical relevance of its constituent entities. The final 
outcome is a weighted average vector, 𝐱 of size 768. It acts as the 
feature vector for the MLP classification network, whose architecture 
is detailed in Table  3.
CTPA scans. For the Unimodal Image (CTPA) model, ResNetV2-101 
slices representations 𝐜𝑖 of size 6145 were processed with a bidirec-
tional GRU to capture sequential dependencies across slices. Then, we 
applied a hybrid attention-and-max pooling mechanism to aggregate 
the sequence into a single patient-level representation 𝐮: 

𝐮 =

[

max
𝑖=0,…,𝑅

𝐜𝑖
‖

‖

‖

‖

𝑅
∑

𝑖=0
𝑤𝑖𝐜𝑖

]

, (3)

where max𝑖=0,…,𝑅 𝐜𝑖 denotes the max pooling operation over the result-
ing GRU slice-level embeddings, ∑𝑅

𝑖=0 𝑤𝑖𝐜𝑖 corresponds to the attention-
based aggregation (𝑅 is the total number of slices in the CTPA scan, 
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𝑤𝑖 is a scalar weight reflecting the contribution of the 𝑖th slice, and 𝐜𝑖
represents the feature embedding of the 𝑖th slice), whereas the operator 
∥ indicates the concatenation of the two resulting vectors. The uni-
modal CTPA model adopts the established architecture from INSPECT 
(Huang et al., 2023), providing a validated baseline for structured 
comparison with other modalities. The result is a CTPA representation 
𝐮 of dimension 12290, which is then fed into the MLP classification 
network, whose architecture is detailed in Table  3.

4.3. Multimodal fusion models

We explored a range of fusion strategies to integrate complemen-
tary information, considering all pairwise modality combinations and 
the joint use of all three modalities. To ensure a fair and controlled 
comparison across fusion strategies, modality-specific encoders are kept 
fixed and provide representations that are used as inputs to the fusion 
modules. This design allows us to isolate the contribution of the fu-
sion mechanism itself, avoiding confounding effects due to differences 
in encoder architectures or training procedures, specifically because 
intermediate fusion models leverage structured representations, such 
as sentence-level embeddings for reports and slice-level features for 
CT scans, rather than simple flattened vectors. By processing these 
through cross-attention layers, the framework captures fine-grained 
inter-modality interactions without the prohibitive computational over-
head or the architectural inconsistencies of fully end-to-end training, 
thereby ensuring reproducibility while maintaining the capacity for 
complex cross-modal modeling.

4.3.1. Early fusion
The trimodal Early Fusion strategy is illustrated in Fig.  2. In this 

approach, the modality-specific embeddings are directly concatenated 
into a single feature vector, which is then passed to a multi-layer per-
ceptron (MLP) for classification (see Table  3 for architectural details).

Formally, let
𝐳 ∈ R𝑑ehr , 𝐱 ∈ R𝑑rep , 𝐮 ∈ R𝑑img ,

denote the embeddings extracted from structured EHR data, clinical 
reports, and CTPA images, respectively, where 𝑑ehr, 𝑑rep, and 𝑑img
correspond to the dimensionality of the EHR, report, and image em-
beddings. The embedding 𝐳 is obtained by applying either Truncated 
SVD or an Autoencoder to the sparse matrix of count-based EHR 
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Fig. 2. Overview of the early fusion method, where embeddings from EHR, clinical reports, and medical images are concatenated into a joint representation, 
subsequently processed by an MLP classifier.
Table 4
Overview of fusion strategies used in the experiments. The first column 
indicates whether the model is unimodal, bimodal, or trimodal. The second 
column shows which modalities are included (EHR, CT, Report), and the last 
column reports the embedding dimension for the eraly fusion strategy.
 Method Modalities Embedding 
 EHR-TSVD EHR-AE CT Report  
 Unimodal ✓ – – – 128  
 Unimodal – ✓ – – 768  
 Unimodal – – ✓ – 12,290  
 Unimodal – – – ✓ 768  
 Bimodal ✓ – ✓ – 6273  
 Bimodal ✓ – – ✓ 896  
 Bimodal – ✓ ✓ – 6913  
 Bimodal – ✓ – ✓ 1536  
 Bimodal – – ✓ ✓ 6913  
 Trimodal ✓ – ✓ ✓ 7041  
 Trimodal – ✓ ✓ ✓ 7681  

features, yielding a compact representation of the structured data. The 
embedding 𝐱 is derived from radiology reports processed with Clinical 
Longformer, followed by the same two-level Hierarchical Attention 
Mechanism (token-level and sentence-level attention) used in the uni-
modal report model. Finally, the embedding 𝐮 is computed from CT 
scans by first extracting slice-level representations using ResNetV2. 
These representations are then passed through an attention mechanism 
in which a fully connected layer assigns a weight to each slice. The final 
CT embedding is thus obtained as a weighted aggregation of all slice 
representations as follows: 

𝐮 =
𝑅
∑

𝑖=1
𝑤𝑖𝐜𝑖, (4)

where 𝑤𝑖 denotes the attention weight associated with slice embedding 
𝐜𝑖, and 𝑅 is the total number of slices in the input CTPA volume. 
Unlike the unimodal CTPA model, we do not include the max pool-
ing operation in the multimodal setting. This choice is motivated by 
two considerations: (i) the attention mechanism already captures the 
relative importance of each slice, making max pooling potentially re-
dundant; and (ii) excluding max pooling reduces the dimensionality of 
the resulting embedding, limiting the number of trainable parameters 
in the fusion model.
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The Early Fusion representation is then obtained by concatenation:
𝐚 = [ 𝐳 ‖ 𝐱 ‖𝐮 ] ∈ R𝑑ehr+𝑑rep+𝑑img ,

where ∥ denotes the concatenation operator. The fused vector is subse-
quently fed to the MLP classifier:
𝐲̂ = 𝜎

(

𝑓MLP(𝐚)
)

,

with 𝑓MLP(⋅) denoting the feed-forward classification network and 𝜎(⋅)
the final sigmoid activation function.

In our experiments, the dimensionalities of the modality-specific 
embeddings are reported in Table  4. Besides the trimodal configuration, 
we also evaluated all possible bimodal combinations using early fusion, 
as summarized in the same table.

4.3.2. Intermediate fusion
This strategy leverages joint training with modality-specific en-

coders, whose latent representations are integrated through a cross-
attention mechanism. Unlike Early Fusion, where embeddings are di-
rectly concatenated, here the model explicitly learns inter-modality 
interactions by aligning tokens across different representation spaces.

For EHR data, we use embeddings derived from the sparse matrix 
of count-based features, obtained either via Truncated SVD or the 
Autoencoder. For Radiology reports, we adopt embeddings produced 
by the two-level hierarchical attention mechanism (Paolo et al., 2025), 
built upon representations generated by the Clinical LongFormer. Fi-
nally, for CT data, we utilize slice-level representations extracted using 
ResNetV2.

To ensure dimensional consistency across inputs, each modality was 
projected through an embedding layer that maps representations to 
a common size of 512. In the following subsections, we differentiate 
between trimodal and bimodal fusion settings.
Trimodal setting. For the trimodal setting, we focused on two interme-
diate fusion strategies, Joint Fusion with contrastive alignment (AR-
MOUR) and Cascaded Fusion (CROSS), chosen for their complementary 
capabilities in modeling cross-modal interactions and their suitability 
for multimodal clinical data.

In the first strategy, we adopted the ARMOUR framework proposed 
by Liu et al. (2023), which enables robust bimodal fusion for clinical 
prediction tasks while maintaining performance in the presence of 
missing modalities. In our setup, ARMOUR was applied to fuse CTPA 
imaging and radiology report embeddings, producing a joint image–text 
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Fig. 3. Conceptual illustration of the ARMOUR workflow, showing cross-attention blocks between modality-specific encoders, the contrastive alignment 
mechanism, and the final fusion with the EHR embedding.
representation. This fused representation was then combined with the 
EHR embedding, realizing a trimodal fusion.

To enable cross-modal interaction, each modality is first projected 
into a shared embedding space (‘‘Embedding’’ in Fig.  3) of equal di-
mensionality through modality-specific projection layers. Subsequently, 
modality-specific class tokens are introduced for each modality (e.g.,
imaging and reports) to act as compact global representations that sum-
marize modality-level semantics. These class tokens are then refined 
via cross-attention layers, where one modality attends to the other 
(e.g., text attending to image features and vice versa), allowing the 
model to capture fine-grained interactions and contextual dependencies 
across modalities.

A contrastive alignment strategy, inspired by Momentum Contrast 
(MoCo, He et al., 2020; Chen et al., 2020), is applied to these class 
tokens. The contrastive loss encourages paired embeddings from the 
same sample to be close in the latent space while pushing apart 
embeddings from different samples. This promotes semantic coherence 
between modalities and enhances robustness under missing-modality 
conditions, as the network can leverage complementary information 
from the available modalities.

After the cross-attention layers, modality-specific class tokens are 
fused through concatenation. In our adaptation, the resulting fused 
representation from the ARMOUR cross-attention and contrastive align-
ment stage is then concatenated with the EHR embedding. The unified 
multimodal vector is finally passed to the classifier for prognostic 
prediction (see Fig.  3).

In the CROSS strategy, multimodal interactions are modeled
through a hierarchical sequence of cross-attention operations rather 
than a joint or parallel fusion. Formally, the cross-attention operation 
is defined as:

CrossAttn(𝐐,𝐊,𝐕) = softmax
(

𝐐𝐊⊤
√

𝐝𝑘

)

𝐕,

where 𝐐 = 𝐗𝑄𝐖𝑄, 𝐊 = 𝐗𝐾𝐖𝐾 , and 𝐕 = 𝐗𝑉 𝐖𝑉 , with 𝐗𝑄,𝐗𝐾 ,𝐗𝑉
denoting the query, key, and value sequences from different modalities.

To capture richer interactions across multiple subspaces, we extend 
this operation to a multi-head cross-attention (MHCA) mechanism:
MHCA(𝐐,𝐊,𝐕) = Concat(𝐡1,… ,𝐡𝐻 )𝐖𝑂 ,

𝐡𝑖 = CrossAttn(𝐐𝐖𝑄
𝑖 , 𝐊𝐖𝐾

𝑖 , 𝐕𝐖
𝑉
𝑖 ),

where 𝐇 denotes the number of heads.
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In this approach, the EHR embedding, represented as a single query 
token, acts as the central information carrier that sequentially inte-
grates complementary information from other modalities. Specifically, 
in the first stage, the EHR token attends to one modality (e.g., imaging), 
acquiring modality-specific contextual features and generating an en-
riched representation. This updated token then serves as the query in a 
second cross-attention step, attending to another modality (e.g., textual 
reports), thereby incorporating additional semantic cues.

This cascaded design allows the model to progressively refine the 
EHR representation through modality-specific conditioning, enabling 
an interpretable flow of information across modalities and reducing 
the complexity of joint optimization. Unlike ARMOUR, which align 
modalities in a shared latent space simultaneously, CROSS enforces 
a sequential dependency that mimics a stepwise reasoning process, 
first grounding the representation in one modality before enriching it 
with another. The final token generated by the cascaded process thus 
encodes aggregated multimodal information and is subsequently passed 
to the classification layer for prognostic prediction, as illustrated in Fig. 
4.

We also investigated alternative cascade configurations that vary 
in the ordering of modalities within the two-stage attention process. 
In the first configuration, the EHR representation served again as the 
query and sequentially attended to the report and then the image, 
producing a single enriched token that was directly fed to the classifier. 
In the second configuration, the cascade started with image tokens as 
the query attending to the report, followed by attention to the EHR 
representation. In this setup, the full token sequences were preserved 
rather than collapsed into a single token and the resulting sequence was 
averaged to obtain a mean embedding for classification.

These alternative designs allowed us to evaluate how different 
query–key/value hierarchies affect the propagation of cross-modal in-
formation and ultimately influence predictive performance.
Bimodal setting. For bimodal setting, experiments were carried out 
using only the CROSS scheme with a single Multi-head Cross-Attention 
(MCA) layer, where the query sequence was taken from one modal-
ity and the key–value pairs from the other. The evaluated modality 
pairs correspond to those considered in the early fusion setting (Ta-
ble  4); however, note that the resulting embeddings in this CROSS 
scheme have different dimensionalities from those reported for early 
fusion. In the specific case of pairs with EHR data, which is repre-
sented by a single token, this token was directly used as the query. 
Consequently, the cross-attention operation yields an output sequence 
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Fig. 4. Illustration of a case of trimodal intermediate fusion approach: A cascaded fusion mechanism is employed, where the EHR embedding sequentially attends 
to the other modalities through a Multi-Head Classification (MCA) layer prior to the final classification.
Fig. 5. Illustration of the late fusion method, where predictions from unimodal models are averaged to obtain the final decision.
reduced to a single token, which is subsequently passed to the clas-
sification layer. In all other cases, the output sequence produced by 
the cross-attention mechanism was averaged across tokens, and the 
resulting mean representation was fed into the classification layer.

4.3.3. Late fusion
Ensemble averaging of unimodal predictions was performed, as 

illustrated in Fig.  5, by combining the outputs of the three unimodal 
models (EHR, report, and imaging) through the averaging of their 
predicted probabilities. The final predicted class is then obtained by 
applying a threshold of 0.5 for a binary outcome. Both bimodal and 
trimodal combinations were considered. For the bimodal case, we used 
the same pairs as in the Early Fusion reported in Table  4; however, note 
that the resulting embeddings in this Late fusion scheme have different 
dimensionalities from those reported for early fusion.

4.4. Experimental settings

Unimodal and multimodal models were trained and evaluated using 
the patient-level hold-out splits defined in Huang et al. (2023), allo-
cating 80% of the data to the training set, 5% to the validation set, 
and 15% to the test set. Our effective cohort comprises a subset of the 
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original INSPECT dataset, totaling 23248 CTPA studies. Details on the 
number of samples selected for each prognostic horizon are provided in 
Section 4.2. Samples lacking a valid reference time point (e.g., CT scan 
timestamp) were excluded to ensure that only pre-exam EHR events are 
used for prognostic modeling.

All experiments were implemented in PyTorch and executed on an 
NVIDIA A40 GPU with 48 GB of VRAM. Models were trained for up to 
50 epochs using the AdamW optimizer with a weight decay of 0.02, a 
learning rate of 0.001, and a batch size of 128. The cross-entropy loss 
was employed as the training objective.

For the EHR-GBM model, rather than relying on the default configu-
ration, we performed a targeted hyperparameter search over a compact 
grid including max depth [3, 6, –1], learning rate [0.02, 0.1, 0.5], and 
number of leaves [10, 25, 100].

Model performance was evaluated using the Matthews Correlation 
Coefficient (MCC), the Area Under the Receiver Operating Character-
istic curve (AUROC), and the Area Under the Precision-Recall curve 
(AUPRC). The MCC is defined as
MCC = 𝑇𝑃 ⋅ 𝑇𝑁 − 𝐹𝑃 ⋅ 𝐹𝑁

√

(𝑇𝑃 + 𝐹𝑃 )(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃 )(𝑇𝑁 + 𝐹𝑁)
where 𝑇𝑃 , 𝑇𝑁, 𝐹𝑃 , 𝐹𝑁 denote true positives, true negatives, false 
positives, and false negatives, respectively. MCC provides a balanced 
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Table 5
MCC of unimodal models across 1-, 6-, and 12-month mortality prediction 
tasks. Results are reported as mean ± standard deviation over five runs. Best 
MCC values for each time horizon are highlighted in bold.
 Model 1-Month 6-Month 12-Month  
 EHR-GBM 0.258 ± 0.059 0.367 ± 0.072 0.454 ± 0.023 
 EHR-AE 0.269 ± 0.013 0.352 ± 0.016 0.395 ± 0.008  
 Report 0.242 ± 0.008 0.329 ± 0.030 0.354 ± 0.014  
 Image 0.221 ± 0.010 0.297 ± 0.016 0.304 ± 0.028  

measure of prediction quality even in the presence of class imbalance, 
as it considers all four entries of the confusion matrix.

These metrics were chosen because the dataset is inherently imbal-
anced: mortality events are much less frequent than survival outcomes, 
especially at shorter prognostic horizons. On the one hand, accu-
racy can be misleading in such scenarios, as a model could achieve 
high accuracy by simply predicting the majority class. Similarly, F1-
score does not account for true negatives, even though it captures 
the harmonic mean of precision and recall. On the other hand, MCC 
incorporates all entries of the confusion matrix, AUROC provides a 
threshold-independent measure of discriminative ability, and AUPRC 
emphasizes the model’s performance on the minority positive class, 
which is critical for prognostic prediction.

All experiments were repeated five times with different random 
seeds. For each model and prediction horizon, we report the mean and 
standard deviation of the MCC to quantify performance variability and 
ensure a fair comparison across fusion strategies.

5. Results and discussion

This section presents the results of unimodal and multimodal ex-
periments across three prognostic time horizons (1-, 6-, and 12-month 
mortality). Given the pronounced class imbalance in the INSPECT 
dataset (Table  1), with positive mortality rates of 5.45%, 11.54%, and 
14.59% for 1-, 6-, and 12-month prediction tasks, respectively, the MCC 
was prioritized as the primary evaluation metric for model comparison 
and discussion, whereas additional metrics (e.g., AUROC, F1-score) are 
reported in the Appendix for completeness. MCC effectively balances 
true positives, true negatives, false positives, and false negatives, mak-
ing it ideal for assessing prognostic models in imbalanced settings like 
PE.

We structure our findings around five key research questions, which 
collectively clarify the individual contribution of each modality, the 
behavior of different fusion strategies, and the broader implications for 
multimodal prognostic modeling in PE:

1. How well do unimodal models perform individually?
2. Does multimodal fusion improve predictive performance over 
the strongest unimodal baseline?

3. Which fusion strategy is most robust across the three prognostic 
horizons?

4. What are the potential pitfalls of complex fusion mechanisms 
such as CROSS and ARMOUR?

5. What potential clinical insights can multimodality provide?

We address these questions sequentially, beginning with unimodal 
performance and progressively incorporating more complex multi-
modal interactions, to uncover how each data source and fusion mech-
anism influences predictive accuracy and robustness.

(1) How well do unimodal models perform individually?

To establish baseline performance, we evaluated unimodal mod-
els trained separately on EHR, report, and imaging data across the 
three prognostic horizons (1-, 6-, and 12-month mortality). Table  5 
summarizes the results in terms of MCC, AUC, and AUPRC.
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For structured EHR data, we evaluated a Gradient Boosting Ma-
chine (GBM) and a Deep Autoencoder (AE). The EHR-AE achieved 
the highest mean MCC at the 1-month horizon (0.269), whereas EHR-
GBM obtained the highest mean MCC at both the 6-month (0.367) 
and 12-month (0.454) horizons. In addition, EHR–GBM consistently 
showed strong AUC and AUPRC values across all tasks, highlighting 
the robustness of structured clinical variables.

The textual report model (Report in Table  5), based on Clinical-
Longformer embeddings and hierarchical attention, achieved moderate 
performance, with mean MCC values of 0.242, 0.329, and 0.354 at 1-, 
6-, and 12-month horizons, respectively. Meanwhile, the imaging-only 
model (Image in Table  5), relying on ResNetV2 features extracted from 
CT volumes, exhibited the lowest performance across all horizons, with 
mean MCC scores of 0.221, 0.297, and 0.304.

To assess whether the observed differences in MCC across the four 
unimodal baselines were statistically meaningful, we conducted paired 
one-tailed t-tests over the five independent runs for each prognostic 
horizon and applied Benjamini–Hochberg correction to control the false 
discovery rate (Benjamini and Hochberg, 1995). This analysis revealed 
three distinct patterns depending on the prediction window.

At the 1-month horizon, the EHR-AE clearly emerged as the
strongest performer, significantly outperforming both the report-only 
model (t = 3.96, FDR-adjusted p = 0.011) and the imaging-only base-
line (t = 6.54, FDR-adjusted p = 0.0008). Its performance, however, 
remained statistically indistinguishable from that of EHR–GBM (p = 
0.81), suggesting that the two EHR-based approaches offer comparable 
predictive power in the short term.

At the 6-month horizon, the landscape became more balanced. No 
significant differences emerged between either of the EHR-based mod-
els and the report-only system. Nonetheless, the EHR–AE maintained a 
clear advantage over imaging (t = 5.44, FDR-adjusted p = 0.004), while 
the marginal superiority of EHR–GBM over imaging did not survive 
FDR correction (p = 0.32).

At the 12-month horizon EHR–GBM established itself as the domi-
nant unimodal approach. It significantly outperformed the Autoencoder 
(t = 5.42, FDR-adjusted p = 0.0013), the report-only model (t = 8.30, 
FDR-adjusted p = 0.0002), and the imaging model (t = 9.26, FDR-
adjusted p = 0.0001). Even so, the EHR-AE continued to retain a 
significant edge over both the report-only (t = 5.69, FDR-adjusted 
p = 0.002) and image-only (t = 6.99, FDR-adjusted p = 0.0008) base-
lines, confirming the consistent strength of structured EHR information 
across all horizons.

Overall, the findings delineate a clear and coherent trend: struc-
tured EHR data offer the strongest and most reliable unimodal signal 
for mortality prediction. The EHR-AE proves most effective in the 
short term, whereas the EHR–GBM progressively asserts itself as the 
leading baseline at longer horizons. Nevertheless, the steady, though 
comparatively weaker, predictive contribution of textual and imag-
ing modalities underscores their value as complementary sources of 
information, supporting their integration within multimodal fusion 
frameworks.

(2) Does multimodal fusion improve predictive performance over the
strongest unimodal baseline?

To evaluate the benefit of multimodal integration, we compared 
each fusion strategy against the strongest unimodal baselines, the EHR-
AE at the 1-month horizon (mean MCC of 0.269) and the EHR–GBM 
at the 6- and 12-month horizons (mean MCCs of 0.367 and 0.454, re-
spectively). Table  B.10 reports MCC, AUC, and AUPRC for all unimodal 
models and the early, late, CROSS, and ARMOUR fusion schemes.

Late fusion strategies that incorporated the EHR–GBM predictions 
consistently achieved the highest MCC across all horizons, reaching 
0.399 at 1-month, 0.479 at 6-months, and 0.497 at 12-months, com-
pared to 0.269, 0.367, and 0.454 for the strongest unimodal baselines 
(Table  6). To facilitate interpretation, Fig.  6 shows a simplified vi-
sualization reporting, for each fusion category, the best-performing 
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Table 6
MCC of unimodal and multimodal models across 1-, 6-, and 12-month mortality prediction tasks 
(mean ± standard deviation over five independent runs). Best values in bold. In Cross Fusion 
models, ‘‘→’’ indicates the order of modality integration.
 Model 1-Month 6-Month 12-Month  
 Unimodal
 Best unimodal 0.269 ± 0.013 0.367 ± 0.072 0.454 ± 0.023  
 Early fusion
 EHR-AE, report 0.296 ± 0.014 0.371 ± 0.018 0.407 ± 0.009  
 EHR-AE, image 0.302 ± 0.011 0.380 ± 0.016 0.405 ± 0.010  
 EHR-TSVD, report 0.280 ± 0.027 0.392 ± 0.006 0.419 ± 0.010  
 EHR-TSVD, image 0.274 ± 0.013 0.376 ± 0.011 0.390 ± 0.017  
 Report, image 0.244 ± 0.024 0.350 ± 0.016 0.366 ± 0.012  
 EHR-AE, report, image 0.302 ± 0.008 0.378 ± 0.014 0.398 ± 0.007  
 EHR-TSVD, report, image 0.293 ± 0.009 0.393 ± 0.008 0.426 ± 0.008  
 Late fusion
 Reports, EHR-AE 0.286 ± 0.015 0.388 ± 0.019 0.424 ± 0.005  
 Reports, EHR-GBM 0.399 ± 0.050 0.472 ± 0.011 0.494 ± 0.008  
 Image, EHR-AE 0.297 ± 0.017 0.395 ± 0.016 0.426 ± 0.004  
 Image, EHR-GBM 0.374 ± 0.025 0.467 ± 0.031 0.497 ± 0.011 
 Reports, image 0.275 ± 0.015 0.375 ± 0.011 0.398 ± 0.012  
 Reports, image, EHR-AE 0.331 ± 0.014 0.409 ± 0.014 0.444 ± 0.008  
 Reports, image, EHR-GBM 0.362 ± 0.016 0.479 ± 0.011 0.488 ± 0.002  
 Cross fusion
 EHR-TSVD → Image → Report 0.240 ± 0.023 0.321 ± 0.017 0.351 ± 0.028  
 EHR-AE → Image → Report 0.227 ± 0.011 0.327 ± 0.019 0.404 ± 0.022  
 EHR-TSVD → Report 0.247 ± 0.021 0.350 ± 0.028 0.377 ± 0.035  
 EHR-TSVD → Image 0.181 ± 0.024 0.294 ± 0.063 0.294 ± 0.119  
 EHR-AE → Report 0.285 ± 0.032 0.363 ± 0.019 0.391 ± 0.039  
 EHR-AE → Image 0.270 ± 0.036 0.370 ± 0.009 0.336 ± 0.168  
 Image → Report 0.236 ± 0.025 0.341 ± 0.016 0.361 ± 0.013  
 EHR-TSVD → Report → Image 0.084 ± 0.032 0.146 ± 0.052 0.087 ± 0.051  
 Image → Report → EHR-AE 0.305 ± 0.007 0.372 ± 0.023 0.397 ± 0.010  
 Image → Report → EHR-TSVD 0.250 ± 0.021 0.346 ± 0.017 0.388 ± 0.013  
 Armor fusion
 EHR-TSVD, image, report 0.239 ± 0.027 0.360 ± 0.030 0.391 ± 0.024  
 EHR-AE, image, report 0.284 ± 0.023 0.372 ± 0.015 0.420 ± 0.012  
Fig. 6.  Comparison of multimodal fusion strategies across prediction horizons. For each fusion type, the best-performing configuration is reported. Late fusion 
consistently achieves the highest MCC across 1-, 6-, and 12-month prediction.
configuration, providing a more intuitive comparison of multimodal 
strategies across the three prediction horizons.

Across the three prognostic horizons, different combinations of 
modalities emerged as the most effective. At the 1-month horizon, the 
best-performing configuration was the late fusion of clinical reports 
with EHR–GBM, reaching an MCC of 0.399 ± 0.050, which corresponds 
11 
to a notable gain of +0.130 over the EHR-AE. Moving to the 6-month 
horizon, performance peaked with a fusion model that integrated re-
ports, imaging, and EHR–GBM, achieving an MCC of 0.479 ± 0.011 and 
improving upon the EHR–GBM baseline by +0.112. At the 12-month 
horizon, the most effective strategy combined imaging with EHR–GBM, 
yielding an MCC of 0.497 ± 0.011, a +0.043 gain over the GBM alone.
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Table 7
Statistical comparison of late fusion strategies incorporating EHR–GBM against the EHR-only baseline. Paired one-tailed t-tests 
were applied on MCC across five independent runs, with FDR correction using the Benjamini–Hochberg procedure.
 Fusion strategy 1-month 6-month 12-month  
 Reports + EHR–GBM 𝑡 = 4.08, FDR-𝑝 = 0.0020 𝑡 = 3.22, FDR-𝑝 = 0.0066 𝑡 = 3.67, FDR-𝑝 = 0.0034 
 Image + EHR–GBM 𝑡 = 4.05, FDR-𝑝 = 0.0021 𝑡 = 2.85, FDR-𝑝 = 0.0116 𝑡 = 3.77, FDR-𝑝 = 0.0029 
 Reports + Image + EHR–GBM 𝑡 = 3.80, FDR-𝑝 = 0.0029 𝑡 = 3.44, FDR-𝑝 = 0.0048 𝑡 = 3.29, FDR-𝑝 = 0.0059 
Table 8
Pairwise win comparisons across fusion strategies, aggregated over all time horizons and metrics (AUC, MCC, AUPRC). Each 
cell reports the proportion of wins by the row model vs. the column model, with the percentage of statistically significant wins 
(FDR-adjusted 𝑝 < 0.005) in parentheses. Abbreviations: Uni. = Unimodal; EBi. = Early Bimodal; ETri. = Early Trimodal; LBi. = 
Late Bimodal; LTri. = Late Trimodal; CBi. = Cross Bimodal; CTri. = Cross Trimodal; ATri. = Armor Trimodal.
 Fusion type Uni. EBi. ETri. LBi. LTri. CBi. CTri. ATri.  
 Uni. – 0.3 (60%) 0.3 (100%) 0.2 (100%) 0.2 (73%) 0.6 (11%) 0.8 (66%) 0.6 (66%)  
 EBi. 0.7 (85%) – 0.3 (63%) 0.1 (0%) 0.0 (0%) 0.7 (61%) 0.9 (77%) 0.8 (77%)  
 ETri. 0.7 (92%) 0.7 (44%) – 0.2 (11%) 0.0 (0%) 0.8 (81%) 0.9 (88%) 0.9 (58%)  
 LBi. 0.8 (100%) 0.9 (88%) 0.8 (72%) – 0.2 (78%) 1.0 (100%) 1.0 (100%) 1.0 (68%)  
 LTri. 0.8 (100%) 1.0 (100%) 1.0 (100%) 0.8 (79%) – 1.0 (100%) 1.0 (100%) 1.0 (100%) 
 CBi. 0.4 (77%) 0.2 (49%) 0.2 (85%) 0.0 (0%) 0.0 (0%) – 0.8 (78%) 0.5 (61%)  
 CTri. 0.2 (63%) 0.1 (83%) 0.1 (67%) 0.0 (0%) 0.0 (0%) 0.2 (27%) – 0.3 (47%)  
 ATri. 0.4 (90%) 0.2 (71%) 0.1 (67%) 0.0 (50%) 0.0 (0%) 0.5 (70%) 0.7 (74%) –  
Notably, the three-modality late fusion model (Reports, Image, 
EHR–GBM) maintained strong performance across all horizons, with 
MCC values of 0.362, 0.479, and 0.488, reinforcing the value of inte-
grating complementary information sources in multimodal frameworks.

Early fusion yielded more modest gains. The best early fusion vari-
ants (EHR–TSVD + Report + Image and EHR–TSVD + Report) reached 
MCC values up to 0.426 at 12-months but never significantly surpassed 
EHR–GBM on any horizon. Most CROSS-fusion and ARMOUR-fusion 
approaches performed poorly, with many MCC scores below or close 
to the unimodal report or image baselines, showing that sequential 
prediction and complex attention routing may introduce noise and error 
propagation in this setting.

To assess whether multimodal fusion genuinely contributed addi-
tional predictive value, we focused on all late fusion strategies that 
incorporated EHR–GBM predictions and evaluated them against the 
strongest EHR-only baseline. For each horizon, we applied paired one-
tailed t-tests on MCC across the five independent runs, followed by 
FDR correction using the Benjamini–Hochberg procedure (Benjamini 
and Hochberg, 1995). This analysis, summarized in Table  7, revealed 
a marked contrast with respect to other integration approaches: late 
fusion configurations involving EHR–GBM displayed a consistent and 
statistically robust advantage, signaling a clear shift in performance.

In conclusion, simple decision-level late fusion of independent 
modality-specific predictions with the strong EHR–GBM model predic-
tions consistently and significantly improves mortality prediction across 
all three prognostic horizons. The combination of structured EHR data 
with either narrative radiology reports, imaging features, or both yields 
the highest absolute performance, with gains of up to +14.1% MCC at 
1-month and +11.2% MCC at 6-months. These results point out that 
EHR encode with radiology reports and CT imaging complementary 
prognostic information that is most effectively exploited through late 
fusion rather than joint representation learning or complex sequential 
architectures.

Detailed analysis of modality interactions and redundancy, which 
explains the slight advantage of bimodal models over trimodal config-
urations, is provided in Appendix  C.

(3) Which fusion strategy is most robust across the three prognostic hori-
zons?

To evaluate the robustness of each fusion strategy across the
1-, 6-, and 12-month mortality prediction tasks, we considered mean 
MCC performance, ranking consistency, and statistical superiority over 
competing strategies.
12 
To provide a rigorous statistical synthesis of fusion strategy perfor-
mance, Table  8 reports pairwise win rates across all models, metrics, 
and horizons. Late trimodal fusion (LTri.) dominates, achieving near-
perfect win rates (0.8–1.0) with 100% significance against most cate-
gories and 86% significance vs. unimodal models. Late bimodal (LBi.) 
also excels, particularly against early and CROSS fusion.

Early fusion shows moderate strength against unimodal models (0.7 
wins, 85%–92% significance) but is consistently outperformed by late 
fusion. ARMOUR trimodal wins against CROSS and unimodal models 
but never beats late fusion (0.0 wins). Cross fusion (CTri.) performs 
the weakest among the evaluated strategies, exhibiting win rates at 
or below 0.3 and generally lacking statistical significance in most 
comparisons.

These results statistically confirm that late fusion, especially tri-
modal, is the most robust and generalizable strategy, even when ac-
counting for metric-specific fluctuations (e.g., occasional bimodal MCC 
wins at 1- and 12-month). Its superiority can be attributed to its 
modular design: each modality is modeled independently at its opti-
mal capacity, particularly the strong EHR–GBM component, and only 
calibrated predictions are combined at the decision level. This mini-
mizes interference between heterogeneous data types, reduces overfit-
ting, and preserves the predictive power of structured EHR data while 
extracting complementary information from reports and imaging.

Across the three prediction horizons, the optimal late fusion config-
urations are: Radiology Reports with EHR–GBM for 1-month mortality, 
Radiology Reports, CT Imaging, and EHR–GBM for 6-month mortality, 
and CT Imaging with EHR–GBM, or alternatively all three modali-
ties, for 12-month mortality, yielding very similar performance. These 
simple, interpretable ensembles consistently achieve the highest predic-
tive performance with statistically significant improvements over other 
fusion strategies.

(4) What are the pitfalls of complex fusion mechanisms (CROSS and 
ARMOUR)?

Although advanced fusion strategies such as CROSS Fusion and AR-
MOUR Fusion aim to capture intricate inter-modal interactions through 
attention-based or bidirectional mechanisms, our results reveal sig-
nificant pitfalls that undermine their effectiveness and robustness in 
clinical mortality prediction.

Cross Fusion exhibits severe performance degradation and instabil-
ity, particularly in multi-step cascading configurations. Despite using 
the same modalities, performance varies dramatically with fusion or-
der. For instance, the sequence EHR TSVD → Report → Image yields 
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MCC values of only 0.084 ± 0.032 (1-month), 0.146 ± 0.052 (6-
month), and 0.087 ± 0.051 (12-month), drastically worse than uni-
modal baselines. This sensitivity to ordering indicates that the attention 
mechanism may amplify noise or introduce destructive interference 
when weaker modalities (e.g., Image) are used as queries or keys 
in early stages. Furthermore, high variance across runs (e.g., ±0.184 
in EHR Autoencoder→ Report → Image at 12-months) suggests poor 
generalization and overfitting to spurious correlations in training splits.

Similarly, ARMOUR Fusion, designed for bidirectional modality 
refinement, fails to outperform simpler strategies. Even in its full three-
modality form (EHR, Image, Report), it achieves only moderate MCCs 
(0.239–0.284 at 1-month, up to 0.420 at 12-months) and never sur-
passes Late Fusion. The incremental refinement steps appear to dilute 
discriminative signals from the dominant EHR-GBM predictor, adding 
computational overhead without proportional gain.

A key shared pitfall is the risk of over-parameterization in high-
dimensional heterogeneous clinical data. Both CROSS and ARMOUR 
introduce numerous attention heads and fusion layers, which, although 
expressive, increase the risk of overfitting, especially given the lim-
ited size of medical cohorts and class imbalance in mortality tasks. 
In contrast, Late Fusion preserves modality-specific optimization and 
combines predictions at the decision level, avoiding interference.

Moreover, the behavior of the more complex fusion mechanisms 
reveals a lack of robustness across prediction horizons. Whereas Late 
Fusion improves steadily from 1 to 12 months, both CROSS and AR-
MOUR exhibit irregular and often unstable performance, with several 
configurations deteriorating sharply at longer horizons despite the 
availability of richer longitudinal information. This pattern suggests 
that these intricate fusion schemes may struggle to scale with increasing 
predictive difficulty.

In practical terms, these shortcomings make CROSS and ARMOUR 
unreliable candidates for real-world deployment. Late Fusion, by con-
trast, stands out as the most effective strategy: it is simple, stable 
across horizons, and aligns naturally with clinical workflows, confirm-
ing its role as the preferred approach. A detailed analysis support-
ing these findings, including noise-injection experiments, t-SNE visu-
alizations, and Representational Similarity Analysis (RSA), is provided 
in Appendix  D.

(5) What potential clinical insights can multimodality provide?
Multimodal models integrating EHR, radiology reports, and CT im-

ages could offer rich clinical insights beyond unimodal predictions, re-
vealing complementary risk signals and temporal patterns in mortality 
prediction. These insights may support personalized clinical decision-
making.

First, EHR dominates unimodal performance across all horizons 
(MCC: 0.269 at 1-month, 0.367 at 6-month, 0.454 at 12-months), 
confirming that structured clinical variables, such as vital signs, lab 
results, and comorbidities, carry the strongest and most stable prognos-
tic signal. This underscores the foundational role of electronic health 
records in risk stratification.

However, multimodal late fusion consistently outperforms the EHR-
only baseline, increasing MCC from 0.269 to 0.399 at 1-month, from 
0.367 to 0.479 at 6-months, and from 0.454 to 0.497 at 12-months, 
indicating additive predictive value from unstructured modalities.

At the 1-month horizon, combining Reports with EHR-GBM yields 
a sizeable gain of +0.130 MCC (from 0.269 to 0.399). This improve-
ment indicates that radiology reports may encode acute, clinically 
actionable findings, such as signs of respiratory distress or emergent 
complications, that are only partially reflected in structured fields.

Over longer horizons, the contribution of imaging becomes more 
prominent. At 6 and 12 months, the addition of CT features within 
the Reports + Image + EHR-GBM ensemble produces further gains 
(+0.112 to +0.034 MCC). This suggests that CT scans may capture 
slowly evolving anatomical patterns, chronic vascular changes, car-
diopulmonary remodeling, and other structural markers, that carry 
long-term prognostic value.
13 
Taken together, these results reveal a clear temporal structure in 
multimodal prediction: short-term mortality is best informed by acute 
descriptors encoded in narrative reports, whilst long-term risk increas-
ingly depends on structural information visible in imaging. The comple-
mentary nature of these modalities underscores the value of multimodal 
fusion for a holistic, time-sensitive assessment of patient trajectory.

Furthermore, the failure of complex fusion (CROSS/ARMOUR) de-
spite access to the same data highlights that not all inter-modal interac-
tions are beneficial. Destructive fusion in cascading attention (e.g., EHR 
→ Image → Report) may propagate imaging noise into textual reason-
ing, reducing reliability. In this context, clinical multimodal systems 
may benefit from modular, decision-level integration (Late Fusion) to 
preserve signal fidelity, though this may not generalize to all tasks or 
datasets.

Finally, in the best-performing models, AUPRC increases from 0.394 
at 1 month to 0.581 at 12 months (see Appendix  B for full results), sug-
gesting that class separability becomes more pronounced for longer pre-
diction horizons. Multimodal architectures seem to exploit this widen-
ing gap particularly well: they leverage early warning cues embedded 
in radiology reports while integrating anatomical information that 
becomes apparent in the CT scans at the time of the visit.

This evolution across time also suggests how such systems could 
be deployed in clinical practice. In the immediate, 1-month window, 
radiology reports combined with EHR data may offer rapid and action-
able insight, supporting early risk stratification in acute scenarios. As 
the horizon extends to 6- and 12-months, imaging features may gain 
increasing predictive relevance, making them valuable for monitoring 
disease progression and gauging treatment response. From an imple-
mentation standpoint, late-fusion ensembles are especially practical, as 
they combine modality-specific predictions while remaining robust to 
variability in input data availability.

In essence, multimodal models reveal how different data sources 
contribute complementary prognostic value at different stages of the 
patient trajectory, turning heterogeneous clinical information into co-
herent, horizon-specific decision support.

Comparison with the original INSPECT study
A direct, point-by-point comparison with Huang et al. (2023) is not 

possible, as several methodological and practical differences separate 
our work from the original study. Three elements, in particular, shape 
this divergence.

First, our analysis is conducted on a reduced version of the INSPECT 
cohort. Patients lacking a reliable reference timestamp (CT acquisition 
time) had to be removed, since structured EHR features and prognostic 
labels could not be aligned consistently. This necessary filtering both 
reduced the available data and slightly altered class balance.

Second, although the MOTOR model (Steinberg et al., 2023), a time-
to-event foundation model designed by the creators of the INSPECT 
dataset to extract temporal representations from structured EHR data, 
is officially released, its use remains out of reach in practice. The ab-
sence of operational code, documentation, and working preprocessing 
pipelines prevents us from reproducing its reported performance (AUC 
≈ 0.924) or from incorporating it as a comparative baseline.

Third, differences in evaluation metrics complicate direct compar-
isons. Huang et al. (2023) reported only AUC, which can be sensitive to 
class imbalance and potentially misleading in rare-event settings (Saito 
and Rehmsmeier, 2015). In our experiments, for example, the EHR–
GBM model, the same EHR-based Gradient Boosting Machine baseline 
used in the INSPECT study, achieves a higher AUC at 1 month (0.926) 
than our best late-fusion model (0.884), yet its MCC is substantially 
lower (0.258 vs. 0.399). This illustrates how AUC and MCC can provide 
complementary perspectives, and why MCC is particularly informative 
in the presence of class imbalance.

Despite these constraints, we were able to reproduce the main 
INSPECT baselines under identical preprocessing conditions. For the 
unimodal CT model, our AUCs reached 0.800, 0.790, and 0.781 at the 
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1-, 6-, and 12-month horizons, closely matching the original results 
(0.794, 0.755, 0.748). The unimodal EHR–GBM achieved AUCs of 
0.926, 0.893, and 0.893, in line with the structured-data performance 
reported in INSPECT (0.848, 0.875, 0.866). Similarly, the bimodal late-
fusion model combining EHR–GBM with CT imaging yielded AUCs of 
0.863, 0.862, and 0.871, which remain highly comparable to the cor-
responding INSPECT results (0.867, 0.875, 0.866) despite the smaller 
cohort used in our study.

These replications indicate that our pipeline faithfully recovers the 
original behavior of the unimodal and bimodal models and there-
fore provides a solid basis for evaluating more advanced multimodal 
extensions.

Importantly, our Late Fusion models that incorporate radiology re-
ports, a modality absent from the original INSPECT framework, achieve 
the highest MCC scores across horizons (0.399 for Reports + EHR–
GBM at 1-month and 0.479 for Reports + Image + EHR–GBM at 
6-month). Both configurations significantly outperform the reproduced 
baselines as well as the original EHR+CT benchmark (𝑝 < 0.05). The 
improvements are especially evident at the 1- and 6-month horizons 
because descriptive elements in the reports likely capture clinically 
relevant signals—such as thrombus burden or right-ventricular strain—
that are only partially reflected in structured vitals or imaging-derived 
features.

In summary, although strict numerical comparability with Huang 
et al. (2023) is precluded by differences in data availability and model 
accessibility, our carefully reproduced baselines and the consistent 
gains achieved through report-augmented Late Fusion models demon-
strate that incorporating narrative radiology information meaningfully 
extends the prognostic capacity of the INSPECT framework.

6. Conclusions

This study presents a comprehensive evaluation of unimodal and 
multimodal deep learning models for predicting 1-, 6-, and 12-month 
mortality in patients with PE, using the INSPECT dataset comprising 
chest CT images, radiology reports, and structured EHR data. Our 
findings demonstrate that multimodal integration via late fusion out-
performs unimodal baselines across all prediction horizons, improving 
MCC from 0.269 to 0.399 at 1-month, from 0.367 to 0.479 at 6-months, 
and from 0.454 to 0.497 at 12-months (Table  6), establishing late fusion 
as the most robust fusion paradigm in this setting.

The highest MCC values were consistently achieved by late fusion 
models anchored on EHR-GBM, the strongest unimodal predictor, aug-
mented with either radiology reports or imaging. Notably, bimodal 
fusion achieved the highest MCC at the 1-month horizon with (Reports, 
EHR GBM; 0.399) and at the 12-month horizon with (Image, EHR GBM; 
0.497), whereas trimodal fusion (Reports, Image, EHR GBM) peaked 
at 6 months (0.479) and remained comparable to bimodal fusion at 
12 months. This horizon-dependent synergy suggests a key insight: 
short-term mortality risk is primarily captured by textual descriptors 
in radiology reports, while longer-term prognosis increasingly benefits 
from structural imaging information, reflecting disease evolution not 
fully represented in structured EHR data.

In contrast, early fusion and ARMOUR provide only marginal gains, 
while CROSS fusion consistently underperforms and in some cases 
falls below unimodal baselines. Our additional analyses (noise-injection 
ablations and RSA) indicate that this behavior is driven by modality 
collapse, where predictions become dominated by a single modality 
and other sources are largely ignored. RSA further shows that fused 
representations tend to align with the strongest modality rather than 
forming a shared multimodal space.

Overall, these results suggest that increased fusion complexity does 
not guarantee better integration, but can instead amplify redundancy 
and modality dominance. In contrast, late fusion remains more robust 
by preserving modality-specific representations and combining them 
only at the decision level.
14 
Clinically, these models integrate complementary prognostic sig-
nals from multiple sources. EHR features encoded by the GBM cap-
ture chronic comorbidity burden and overall physiological stability, 
whereas radiology reports provide acute, narrative-driven insights, 
highlighting findings such as right heart strain or clot burden. Chest 
CT images, in turn, reveal structural progression, including ventricular 
dilation or pulmonary infarction. By aligning these diverse modalities 
through late fusion, our approach enables horizon-aware risk strati-
fication, supporting both short-term triage and longer-term prognosis 
assessment.

Future directions include improving interpretability by applying 
Grad-CAM to imaging, SHAP/LIME to EHR features, and attention visu-
alization to report embeddings to better understand modality-specific 
contributions. Another important avenue is clinical validation through 
prospective studies designed to evaluate real-world impact on thera-
peutic decision-making and patient outcomes. Finally, adaptive fusion 
strategies, such as gating mechanisms that selectively activate imag-
ing information when it is most informative, represent a promising 
direction for making multimodal models more efficient and clinically 
meaningful.

In conclusion, this work provides quantitative evidence that late 
fusion achieves the highest predictive performance, with MCC gains of 
up to +0.130 at 1-month and +0.112 at 6-months compared to uni-
modal EHR baselines. By prioritizing modular design over architectural 
complexity, we achieve superior performance, generalizability, and 
translational potential, paving the way for trustworthy AI augmentation 
of clinical prognosis in complex cardiopulmonary diseases.
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Table A.9
Performance of unimodal models across 1-, 6-, and 12-month mortality prediction tasks. Results are reported as mean ± standard deviation over five independent 
runs. Best MCC values for each time horizon are highlighted in bold.
 Model 1-Month 6-Month 12-Month

 MCC AUC AUPRC MCC AUC AUPRC MCC AUC AUPRC  
 EHR-GBM 0.258 ± 0.059 0.926 ± 0.004 0.429 ± 0.019 0.367 ± 0.072 0.893 ± 0.008 0.503 ± 0.021 0.454 ± 0.023 0.893 ± 0.002 0.561 ± 0.007 
 EHR-AE 0.269 ± 0.013 0.790 ± 0.028 0.200 ± 0.014 0.352 ± 0.016 0.817 ± 0.014 0.354 ± 0.013 0.395 ± 0.008 0.812 ± 0.013 0.433 ± 0.012 
 Report 0.242 ± 0.008 0.837 ± 0.005 0.210 ± 0.007 0.329 ± 0.030 0.825 ± 0.003 0.402 ± 0.008 0.354 ± 0.014 0.821 ± 0.007 0.481 ± 0.012 
 Image 0.221 ± 0.010 0.800 ± 0.003 0.173 ± 0.007 0.297 ± 0.016 0.790 ± 0.008 0.323 ± 0.010 0.304 ± 0.028 0.781 ± 0.013 0.363 ± 0.013 
Table B.10
Performance comparison of unimodal and multimodal models across 1-, 6-, and 12-month mortality prediction tasks. The table reports MCC, AUC, and AUPRC 
for each modality and fusion scheme. Results are reported as mean ± standard deviation over five independent runs. Best MCC values for each time horizon are 
highlighted in bold.
 Model 1-Month 6-Month 12-Month

 MCC AUC AUPRC MCC AUC AUPRC MCC AUC AUPRC  
 Unimodal
 EHR-GBM 0.258 ± 0.059 0.926 ± 0.004 0.429 ± 0.019 0.367 ± 0.072 0.893 ± 0.008 0.503 ± 0.021 0.454 ± 0.023 0.893 ± 0.002 0.561 ± 0.007 
 EHR-AE 0.269 ± 0.013 0.790 ± 0.028 0.200 ± 0.014 0.352 ± 0.016 0.817 ± 0.014 0.354 ± 0.013 0.395 ± 0.008 0.812 ± 0.013 0.433 ± 0.012 
 Report 0.242 ± 0.008 0.837 ± 0.005 0.210 ± 0.007 0.329 ± 0.030 0.825 ± 0.003 0.402 ± 0.008 0.354 ± 0.014 0.821 ± 0.007 0.481 ± 0.012 
 Image 0.221 ± 0.010 0.800 ± 0.003 0.173 ± 0.007 0.297 ± 0.016 0.790 ± 0.008 0.323 ± 0.010 0.304 ± 0.028 0.781 ± 0.013 0.363 ± 0.013 
 Early fusion
 EHR-AE, report 0.296 ± 0.014 0.845 ± 0.005 0.228 ± 0.011 0.371 ± 0.018 0.808 ± 0.002 0.365 ± 0.003 0.407 ± 0.009 0.795 ± 0.003 0.424 ± 0.007 
 EHR-AE, image 0.302 ± 0.011 0.842 ± 0.005 0.234 ± 0.005 0.380 ± 0.016 0.810 ± 0.004 0.369 ± 0.006 0.405 ± 0.010 0.794 ± 0.003 0.423 ± 0.003 
 EHR-TSVD, report 0.280 ± 0.027 0.846 ± 0.005 0.245 ± 0.013 0.392 ± 0.006 0.856 ± 0.009 0.434 ± 0.014 0.419 ± 0.010 0.858 ± 0.005 0.490 ± 0.017 
 EHR-TSVD, image 0.274 ± 0.013 0.842 ± 0.012 0.212 ± 0.024 0.376 ± 0.011 0.849 ± 0.011 0.402 ± 0.018 0.390 ± 0.017 0.847 ± 0.004 0.477 ± 0.018 
 Report, image 0.244 ± 0.024 0.841 ± 0.001 0.231 ± 0.009 0.350 ± 0.016 0.829 ± 0.001 0.397 ± 0.003 0.366 ± 0.012 0.828 ± 0.004 0.472 ± 0.007 
 EHR-AE, report, image 0.302 ± 0.008 0.845 ± 0.006 0.237 ± 0.014 0.378 ± 0.014 0.810 ± 0.002 0.369 ± 0.003 0.398 ± 0.007 0.790 ± 0.006 0.426 ± 0.008 
 EHR-TSVD, report, image 0.293 ± 0.009 0.861 ± 0.006 0.239 ± 0.006 0.393 ± 0.008 0.857 ± 0.005 0.419 ± 0.007 0.426 ± 0.008 0.853 ± 0.008 0.478 ± 0.021 
 Late fusion
 Reports, EHR-AE 0.286 ± 0.015 0.865 ± 0.005 0.250 ± 0.011 0.388 ± 0.019 0.861 ± 0.005 0.427 ± 0.011 0.424 ± 0.005 0.860 ± 0.005 0.519 ± 0.014 
 Reports, EHR-GBM 0.399 ± 0.050 0.884 ± 0.008 0.394 ± 0.013 0.472 ± 0.011 0.872 ± 0.008 0.473 ± 0.011 0.494 ± 0.008 0.875 ± 0.004 0.551 ± 0.007 
 Image, EHR-AE 0.297 ± 0.017 0.846 ± 0.011 0.268 ± 0.013 0.395 ± 0.016 0.855 ± 0.005 0.442 ± 0.009 0.426 ± 0.004 0.852 ± 0.006 0.506 ± 0.009 
 Image, EHR-GBM 0.374 ± 0.025 0.863 ± 0.012 0.372 ± 0.019 0.467 ± 0.031 0.862 ± 0.011 0.500 ± 0.022 0.497 ± 0.011 0.871 ± 0.002 0.574 ± 0.011 
 Reports, image 0.275 ± 0.015 0.855 ± 0.004 0.232 ± 0.005 0.375 ± 0.011 0.848 ± 0.003 0.431 ± 0.008 0.398 ± 0.012 0.841 ± 0.003 0.502 ± 0.007 
 Reports, image, EHR-AE 0.331 ± 0.014 0.875 ± 0.005 0.285 ± 0.012 0.409 ± 0.014 0.874 ± 0.002 0.477 ± 0.010 0.444 ± 0.008 0.871 ± 0.004 0.553 ± 0.010 
 Reports, image, EHR-GBM 0.362 ± 0.016 0.884 ± 0.007 0.384 ± 0.016 0.479 ± 0.011 0.878 ± 0.006 0.508 ± 0.015 0.488 ± 0.002 0.879 ± 0.003 0.581 ± 0.009 
 Cross fusion
 EHR-TSVD → Image → Report 0.240 ± 0.023 0.813 ± 0.004 0.189 ± 0.009 0.321 ± 0.017 0.811 ± 0.004 0.365 ± 0.012 0.351 ± 0.028 0.807 ± 0.004 0.447 ± 0.007 
 EHR-AE → Image → Report 0.227 ± 0.011 0.808 ± 0.010 0.190 ± 0.019 0.327 ± 0.019 0.807 ± 0.014 0.351 ± 0.014 0.404 ± 0.022 0.826 ± 0.015 0.468 ± 0.010 
 EHR-TSVD → Report 0.247 ± 0.021 0.842 ± 0.005 0.245 ± 0.027 0.350 ± 0.028 0.828 ± 0.010 0.389 ± 0.009 0.377 ± 0.035 0.831 ± 0.007 0.470 ± 0.015 
 EHR-TSVD → Image 0.181 ± 0.024 0.772 ± 0.031 0.151 ± 0.021 0.294 ± 0.063 0.798 ± 0.021 0.308 ± 0.048 0.294 ± 0.119 0.801 ± 0.015 0.338 ± 0.051 
 EHR-AE → Report 0.285 ± 0.032 0.845 ± 0.011 0.234 ± 0.018 0.363 ± 0.019 0.811 ± 0.005 0.354 ± 0.015 0.391 ± 0.039 0.801 ± 0.015 0.434 ± 0.024 
 EHR-AE → Image 0.270 ± 0.036 0.839 ± 0.009 0.209 ± 0.003 0.371 ± 0.009 0.822 ± 0.004 0.349 ± 0.015 0.336 ± 0.168 0.821 ± 0.005 0.402 ± 0.014 
 Image → Report 0.236 ± 0.025 0.823 ± 0.008 0.189 ± 0.018 0.341 ± 0.016 0.820 ± 0.006 0.369 ± 0.014 0.361 ± 0.013 0.818 ± 0.002 0.459 ± 0.006 
 EHR-TSVD → Report → Image 0.084 ± 0.032 0.651 ± 0.016 0.093 ± 0.007 0.146 ± 0.052 0.623 ± 0.012 0.166 ± 0.011 0.087 ± 0.051 0.630 ± 0.018 0.210 ± 0.018 
 EHR-AE → Report → Image 0.124 ± 0.083 0.685 ± 0.065 0.111 ± 0.031 0.204 ± 0.158 0.704 ± 0.092 0.229 ± 0.071 0.165 ± 0.184 0.669 ± 0.089 0.251 ± 0.074 
 Image → Report → EHR-AE 0.305 ± 0.007 0.835 ± 0.005 0.214 ± 0.011 0.372 ± 0.023 0.810 ± 0.007 0.352 ± 0.024 0.397 ± 0.010 0.794 ± 0.008 0.415 ± 0.010 
 Image → Report → EHR-TSVD 0.250 ± 0.021 0.813 ± 0.017 0.167 ± 0.031 0.346 ± 0.017 0.822 ± 0.005 0.333 ± 0.032 0.388 ± 0.013 0.831 ± 0.004 0.426 ± 0.009 
 Armor fusion
 EHR-TSVD, image, report 0.239 ± 0.027 0.801 ± 0.018 0.182 ± 0.020 0.360 ± 0.030 0.815 ± 0.013 0.341 ± 0.022 0.391 ± 0.024 0.820 ± 0.009 0.406 ± 0.023 
 EHR-AE, image, report 0.284 ± 0.023 0.821 ± 0.006 0.191 ± 0.007 0.372 ± 0.015 0.783 ± 0.008 0.341 ± 0.010 0.420 ± 0.012 0.782 ± 0.007 0.415 ± 0.002 
Appendix A. Complete unimodal results

See Table  A.9.

Appendix B. Complete multimodal results

Although advanced fusion strategies such as CROSS Fusion and 
ARMOUR Fusion aim to model fine-grained inter-modal dependencies 
through attention-based and bidirectional interaction mechanisms, our 
results reveal several critical limitations that undermine their effective-
ness and robustness in clinical mortality prediction.

CROSS Fusion exhibits pronounced performance instability and 
strong sensitivity to architectural design choices. Despite operating on 
identical input modalities, its performance varies substantially depend-
ing on the fusion ordering. For example, the sequence EHR (TSVD) →
Report → Image leads to severely degraded MCC values of 0.084 ± 0.032
(1-month), 0.146 ± 0.052 (6-month), and 0.087 ± 0.051 (12-month), 
which are markedly worse than several unimodal baselines.

ARMOUR Fusion, despite incorporating bidirectional cross-attention 
and a contrastive alignment objective, also fails to consistently outper-
form simpler strategies such as Late Fusion, achieving only marginal or 
unstable gains across horizons.
15 
Table C.11
Pearson correlation between unimodal model predictions across 5 independent 
runs (mean ± std).
 Task Image - Reports Image - EHR Reports - EHR  
 1-Month mortality 0.497 ± 0.014 0.346 ± 0.059 0.400 ± 0.073  
 6-Month mortality 0.499 ± 0.015 0.432 ± 0.072 0.545 ± 0.090 
 12-Month mortality 0.501 ± 0.014 0.457 ± 0.039 0.590 ± 0.035 

Appendix C. In-depth analysis of late fusion and modality interac-
tions

To investigate the observed slight advantage of Late bimodal mod-
els over trimodal alternatives, we conducted an analysis focusing on 
information redundancy. Since Late Fusion combines independently 
trained unimodal predictors by averaging their output probabilities, 
we measured the Pearson correlation between their predictions across 
modalities.

The relatively small gap between bimodal and trimodal Late Fusion 
models can be explained by redundancy across modalities. As shown in 
Table  C.11, unimodal predictions are moderately to highly correlated, 
particularly between Reports and EHR (up to 0.59 at 12 months), 
indicating overlapping predictive signals.
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As a result, once two strongly correlated modalities are combined, 
the addition of a third modality provides limited incremental benefit, 
leading to marginal and inconsistent improvements in trimodal settings.

Appendix D. Analysis of CROSS and ARMOUR fusion strategies

To gain deeper insight into the underperformance of the inter-
mediate fusion strategies CROSS and ARMOUR, we conducted three 
complementary analyses on the best-performing configuration of each 
model, with checkpoints selected based on the highest validation MCC. 
For ARMOUR we used the configuration employing the EHR-AE em-
bedding (the best-performing across all three tasks), whilst for CROSS 
we adopted the ordering Image → Report → EHR-AE (denoted CROSS-
A), which achieved the best results in two out of three tasks. Since the 
CROSS architecture is sensitive to modality ordering, we additionally 
evaluated the alternative ordering in which EHR and Image represen-
tations are processed first, followed by Report (denoted CROSS-B). The 
analyses comprise (i) targeted noise-injection experiments, (ii) t-SNE 
visualizations of the modalities and final fused representations, and 
(iii) Representational Similarity Analysis (RSA) using Representational 
Dissimilarity Matrices (RDMs).

For the noise-injection experiments, we corrupted one modality at 
a time by completely replacing its input embeddings with zero-mean 
Gaussian noise (torch.randn(), scaled to the original embedding 
norm with 𝜎 = 0.1), while keeping the remaining modalities unchanged. 
This setup ensures that the signal from the selected modality is entirely 
substituted by stochastic noise, enabling a controlled assessment of its 
contribution.

The RSA was computed by comparing the internal relational struc-
ture of modality-specific representations rather than directly comparing 
embedding vectors. Hence, for each modality 𝑚, we computed a Rep-
resentational Dissimilarity Matrix (RDM) using the pairwise correlation 
distance between all samples:

RDM(𝑚)
𝑖𝑗 = 1 − 𝜌

(

𝑓 (𝑚)
𝑖 , 𝑓 (𝑚)

𝑗

)

,

where 𝜌(⋅, ⋅) denotes the Pearson correlation coefficient. The similarity 
between two modalities 𝑚1 and 𝑚2 is then defined as the Pearson 
correlation between their corresponding RDMs:
RSA(𝑚1, 𝑚2) = corr

(

vec(RDM(𝑚1)), vec(RDM(𝑚2))
)

.

This measure captures the extent to which two modalities encode 
consistent relational structures among samples, rather than direct align-
ment in the embedding space. High RSA values indicate that two 
modalities organize the dataset in a similar way, whereas low values 
suggest divergent or independent representational geometries.
Results for CROSS-A and CROSS-B. The noise-injection results
(Table  D.12) show that both CROSS variants are highly sensitive to 
perturbations in the EHR modality. When EHR is introduced first 
(CROSS-B), injecting noise into the Image or Report modalities results 
in only minor performance variations (within ±0.04 in MCC), whereas 
corruption of the EHR modality leads to a pronounced degradation, 
with an average MCC drop of 0.23 points across horizons (−0.284 at 
1-month, −0.292 at 6-month, and −0.103 at 12-month). Notably, at the 
12-month horizon, CROSS-B also shows increased sensitivity to Report 
perturbations, with an MCC decrease of 0.276 points (0.347 → 0.071), 
indicating a substantially larger degradation compared to shorter time 
horizons. When the ordering is reversed (CROSS-A), the model becomes 
effectively insensitive to noise in the Image or Report modalities, while 
exhibiting a severe degradation under EHR corruption, with an average 
MCC drop of 0.38 points (−0.318 at 1-month, −0.391 at 6-month, and 
−0.429 at 12-month).

RSA analysis (Fig.  D.7) confirms that the first fused representation 
aligns almost perfectly with the RDM of the dominant modality (RSA 
≈ 0.93 with Report in CROSS-A; RSA = 0.92–0.98 for CROSS-B with 
EHR). The second fused representation remains strongly aligned with 
16 
Table D.12
MCC for noise-injection ablation across models. For ARMOUR, CLS_IMG and 
CLS_TXT denote the learned class tokens associated with the image and text 
modalities, respectively, obtained after bidirectional cross-attention.
 Model Noise on 1 m 6 m 12 m  
 CROSS-A – 0.305 0.393 0.395  
 Report 0.305 0.393 0.395  
 Image 0.305 0.393 0.395  
 EHR −0.013 0.002 −0.034 
 CROSS-B – 0.335 0.363 0.347  
 Report 0.301 0.327 0.071  
 Image 0.294 0.361 0.339  
 EHR 0.051 0.071 0.244  
 ARMOUR – 0.293 0.357 0.421  
 Report 0.294 0.362 0.424  
 Image 0.301 0.367 0.407  
 EHR 0.073 0.024 −0.011 
 CLS_IMG 0.296 0.371 0.329  
 CLS_TXT 0.301 0.361 0.410  
 (CLS_IMG, CLS_TXT) 0.296 0.375 0.407  

EHR in both configurations. Consequently, the final fused embedding 
is effectively dominated by the EHR geometry, regardless of cascade 
order.

The t-SNE projections (Figs.  D.8 and D.9) illustrate that the fi-
nal fused representations exhibit severe overlap between mortality 
classes, losing the clear separation that is visible in the unimodal EHR 
embeddings (especially at 6- and 12-month horizons).

Overall, rather than achieving true multimodal fusion, both CROSS 
variants collapse onto the strongest unimodal representation (EHR) 
while largely ignoring complementary information from the Image and 
Report modalities. This collapse not only prevents effective cross-modal 
integration but also degrades the original class separability provided by 
the EHR embedding. Hence, even though EHR alone already provides 
reasonable class separation, the fusion process dilutes some of its 
discriminative features through the need to accommodate the noisy 
information coming from Image and Report. The optimization there-
fore converges to a compromised representation that is closer to the 
dominant unimodal geometry but less pure in terms of class separation.
Results for ARMOUR. ARMOUR exhibits a similar fragility under EHR 
perturbation, with MCC drops of −0.220 at 1-month (0.293 → 0.073), 
−0.333 at 6-month (0.357 → 0.024), and −0.432 at 12-month (0.421 
→ −0.011), corresponding to an average decrease of approximately 
0.33 points. In contrast, the learned class tokens following bidirec-
tional cross-attention, i.e., the modality-specific tokens CLS_IMG and 
CLS_TXT for the image and text modalities, respectively, remain rela-
tively stable under noise, with variations typically within ±0.01–0.09.

RSA values (Fig.  D.7) indicate that the final fusion representation is 
a weighted blend of the two class tokens (RSA up to 0.74 with CLS_IMG 
and 0.98 with CLS_TXT), yet shows almost no geometric alignment 
with the original EHR RDM (≤0.07). Despite this low alignment, the 
model remains extremely sensitive to perturbations in EHR. The t-SNE 
visualizations (Fig.  D.10) further reveal only partial preservation of 
class structure compared with the CROSS variants, and markedly poorer 
separation than the unimodal EHR embeddings (especially at 6- and 
12-month horizons). This seemingly paradoxical behavior has a clear 
mechanistic explanation. Although the final fused representation no 
longer resembles the raw EHR geometry (low RSA), EHR plays a critical 
role during training: it serves as the anchor that shapes the learned 
class tokens through bidirectional cross-attention and the MoCo-style 
contrastive alignment objective. The contrastive loss enforces seman-
tic coherence between image and text, but simultaneously forces the 
class tokens into a compromise subspace that maximizes cross-modal 
consistency at the expense of preserving the original discriminative 
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Fig. D.7.  Representational Similarity Analysis (RSA) of intermediate fusion architectures. This figure illustrates the representational alignment between different 
model components for the ARMOUR, CROSS-A, and CROSS-B architectures across three mortality prediction horizons (1, 6, and 12 months). Each heatmap displays 
Pearson correlation coefficients between the Representational Dissimilarity Matrices (RDMs) of specific feature sets (e.g., EHR, Image, Report, and various Fusion 
layers). Values closer to 1.0 indicate that the two representational spaces perceive the similarity between patient samples in a similar manner. The analysis reveals 
how different modalities (EHR, Image, Text) and fusion stages (Cross-attention layers or Fusion blocks) converge or remain distinct during the learning process.
geometry of EHR. The projection of all modalities into a shared 512-
dimensional space, followed by the averaging effect of cross-attention 
and contrastive regularization, creates a severe information bottleneck. 
Consequently, much of EHR’s original class-separating power is diluted 
to satisfy the cross-modal constraints.

The learned class tokens (CLS_IMG and CLS_TXT), being highly 
abstracted and optimized representations, are inherently more robust 
to small Gaussian perturbations. In contrast, the raw EHR embedding 
remains the hidden teacher that the entire system was trained to trust; 
when it is noised at inference time, the class tokens, which were shaped 
under the assumption of clean EHR, lose their predictive value, leading 
to the observed catastrophic drop in performance.

Overall, ARMOUR does not achieve true multimodal integration. In-
stead, it collapses onto a compromise representation that sacrifices the 
strong class separability originally provided by EHR without adequately 
leveraging complementary information from CT imaging and radiology 
reports. This explains both its moderate predictive performance relative 
to late fusion and its extreme sensitivity to EHR noise.
Interpretation and link to modality ordering. Taken together, the RSA and 
noise-injection results demonstrate that intermediate fusion forces the 
network to over-rely on a single dominant modality, most often EHR. 
When this dominant modality is perturbed or when the cascade order-
ing is suboptimal, the model cannot recover meaningful complementary 
signals from the remaining modalities. As a direct consequence, class 
separability collapses in the fused space (t-SNE), and performance 
becomes catastrophically sensitive to noise. Late fusion, by simply 
averaging independent unimodal predictions, avoids this pitfall entirely 
and remains robust to perturbations in any single source.

Both CROSS and ARMOUR share a broader and more fundamental 
limitation: the difficulty of aligning intrinsically heterogeneous latent 
17 
spaces. Their attention-based mechanisms implicitly assume that EHR, 
imaging, and clinical text occupy compatible representational geome-
tries, yet the RSA analyses reveal extremely low correlations among 
the original modalities. This mismatch drives the models toward sub-
optimal solutions characterized by modality dominance rather than 
genuine integration.

In summary, although theoretically expressive, complex intermedi-
ate fusion strategies appear ill-suited for highly heterogeneous clini-
cal data unless explicit alignment or regularization mechanisms are 
introduced. Simpler approaches such as late fusion, which preserve 
modality-specific representations until the final decision stage, prove 
substantially more stable and reliable in practice. Future work should 
therefore explore targeted solutions such as mutual-information-based 
redundancy reduction, modality-specific gating, or hierarchical fusion 
schemes that integrate information in a controlled and progressive 
manner.

Appendix E. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.compmedimag.2026.102794.

Data availability

Data are publicly available via the INSPECT repository. Code sup-
porting the analyses is available at https://github.com/som-shahlab/
INSPECT_public.

https://doi.org/10.1016/j.compmedimag.2026.102794
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
https://github.com/som-shahlab/INSPECT_public
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Fig. D.8.  t-SNE Visualization of Patient Embeddings for the CROSS-A Architecture. This figure provides a low-dimensional visualization of high-dimensional 
patient representations generated by the CROSS-A architecture. The vertical layout separates the three prediction tasks: 1-month (top), 6-month (middle), and 12-
month (bottom) mortality. For each task, a horizontal grid shows t-SNE projections from different stages of the model, including unimodal encoders (EHR, Image, 
Report) and subsequent fusion/cross-attention layers. Individual points represent patients, colored by their clinical outcome: orange points denote survivors (Class 
0) and green points denote mortalities (Class 1). These plots demonstrate the model’s ability to cluster patients by risk and show how discriminative information 
is refined as it moves through the multimodal fusion pipeline.

Fig. D.9.  t-SNE Visualization of Patient Embeddings for the CROSS-B Architecture. This figure provides a low-dimensional visualization of high-dimensional 
patient representations generated by the CROSS-B architecture. The vertical layout separates the three prediction tasks: 1-month (top), 6-month (middle), and 12-
month (bottom) mortality. For each task, a horizontal grid shows t-SNE projections from different stages of the model, including unimodal encoders (EHR, Image, 
Report) and subsequent fusion/cross-attention layers. Individual points represent patients, colored by their clinical outcome: orange points denote survivors (Class 
0) and green points denote mortalities (Class 1). These plots demonstrate the model’s ability to cluster patients by risk and show how discriminative information 
is refined as it moves through the multimodal fusion pipeline.
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Fig. D.10.  t-SNE Visualization of Patient Embeddings for the ARMOUR Architecture. This figure provides a low-dimensional visualization of high-dimensional 
patient representations generated by the ARMOUR architecture. The vertical layout separates the three prediction tasks: 1-month (top), 6-month (middle), and 12-
month (bottom) mortality. For each task, a horizontal grid shows t-SNE projections from different stages of the model, including unimodal encoders (EHR, Image, 
Report) and subsequent fusion/cross-attention layers. Individual points represent patients, colored by their clinical outcome: orange points denote survivors (Class 
0) and green points denote mortalities (Class 1). These plots demonstrate the model’s ability to cluster patients by risk and show how discriminative information 
is refined as it moves through the multimodal fusion pipeline.
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