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Although ICUs generate rich multimodal data, most studies examine only narrow modality combinations, limiting
progress toward clinically useful decision-support systems. We propose a systematic framework for evaluating
multimodal fusion strategies in the ICU, enabling structured comparisons of early, intermediate and late fusion
across combinations of imaging, tabular, text and time-series data. To assess generalisability across diagnoses and
patient groups, we apply the framework to six cardiovascular conditions covering a broad diagnostic spectrum
and report performance broken down by age, sex and insurance. Rather than asking whether multimodal fusion
helps, we ask under which conditions it helps. We find that multimodal models frequently outperform unimodal
baselines, with gains of up to five percentage points in AUC, particularly when modalities provide complementary
information or when prediction uncertainty is high. Across the architectures we explored, late fusion is the most
robust and best-performing strategy. Using uncertainty-based ranking, we show that multimodal integration
is especially effective for correcting high-uncertainty cases, substantially reducing both false-negative and false-
positive rates relative to single-modality models. The most informative data are typically available within the first
24 hours of ICU admission. These findings offer guidance for prioritising modalities and deploying multimodal
models in real-world clinical settings.

1. Introduction environments, clinical decision-support tools must be able to process

multimodal data types. The limited availability of AI models with such

Background. Cardiovascular diseases remain the leading cause of
death worldwide, responsible for approximately 17.9 million deaths
each year, accounting for 32% of global mortality [1]. Importantly, up
to 80% of these deaths could be prevented through effective risk man-
agement [2]. Artificial intelligence (AI) has demonstrated considerable
potential to improve healthcare by increasing diagnostic accuracy and
efficiency, particularly in critical care settings. This is especially impor-
tant as cardiovascular diseases account for a substantial share of ICU
admissions [3].

ICU decision support. Decision-making in the ICU involves integrat-
ing multimodal information from laboratory results, imaging and video
data, continuous monitoring signals, and clinical documentation [4].
Nevertheless, most existing Al models are limited to a single data
modality [5], which does not reflect how clinicians synthesise infor-
mation from multiple sources. To be incorporated in real-time hospital
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capabilities limits their deployment to clinical settings. Hence, despite
increasing interest in applying Al to intensive care and the increased in-
terest in foundation models for medicine [6], many existing approaches
remain poorly aligned with clinical workflows [7] and have not yet been
widely adopted. Recent work on transformer-based foundation models
trained on longitudinal electronic health records has shown that zero-
shot patient trajectory models can accurately predict ICU mortality,
length of stay and readmission risk directly from patient health time-
lines, highlighting the potential of generalist decision-support systems
in critical care [8]. In practice, ICUs already rely on various scoring sys-
tems that use pre-selected variables to generate simple risk metrics. Ex-
amples include Sequential Organ Failure Assessment score (SOFA) [9]
for organ failure, and Acute Physiology And Chronic Health Evaluation
(APACHE) IV [10] for length of stay and mortality predictions. However,
these scores are often applied as broad prognostic tools rather than for
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Comparison of exemplary fusion approaches. Overview of papers on multimodal fusion in health-
care, showing that no consensus exists on a best-performing approach across all clinical applications

of AL
Study Application Best approach Modalities
Huang et al. [21] Pulmonary embolism classification ~ Late Clinical patient data, CT
Imrie et al. [22] Lesion classification Late/Ensemble Images, tabular data
Guo et al. [26] Tumor regions segmentation Early PET, CT, MRI
Holste et al. [27] Breast cancer classification Early/Intermediate Clinical patient data, MRI
Hayat et al. [19] Mortality & phenotyping Intermediate Clinical data, X-rays

condition-specific decision support and focus on a predetermined selec-
tion of variables that have been flagged clinically important, rather than
evaluating the whole spectrum of available clinical information and al-
lowing the AI model to dynamically determine feature importance.

Data availability. Especially the application of multimodal predic-
tion models to cardiovascular conditions remains under-explored [11],
largely due to the lack of suitable public data. The first publicly avail-
able datasets focusing on cardio related conditions, such as NIH Chest
X-ray [12], CheXpert [13] and PadChest [14], were typically limited
to X-rays and basic demographic information. Thus, early multimodal
studies in this area were smaller and limited in the number of modalities
they could incorporate [15,16]. Considerable progress occurred in 2021
with the release of MIMIC-IV [17], a large multimodal dataset compris-
ing over 200,000 ED patients and 65,000 ICU patients. For the first time,
this enabled the linkage of different kinds of tabular data, which in the
context of this paper we will be referring to as LVD (for Lab tests, Vital
signs and Demographics), with corresponding images [18,19]. In an up-
dated version of MIMIC-IV in 2023 [20], more data formats, such as
ECGs and patients’ clinical notes, were made available, allowing further
linkage.

Fusion comparison. Given the recent availability of this multimodal
dataset and the advent of foundation models for healthcare [6], the
question of how to best fuse different modalities becomes critical, as
effective integration determines whether models can fully exploit com-
plementary information and generalise across clinical contexts. Data can
be linked at different stages. The three main techniques correspond to
when data fusion takes place and are typically referred to as early, in-
termediate and late fusion [5]. While early fusion uses the outputs of
frozen feature extraction models as input to a final prediction model,
intermediate fusion backpropagates the loss function through the entire
network. In contrast, late fusion aggregates the predictions of individ-
ual models. While each of these techniques has been applied separately
to classify niche applications in healthcare, few studies have systemat-
ically compared the performance of all three fusion approaches on the
same dataset in a clinical context [21,22]. Consequently, there appears
to be no consensus on an optimal fusion approach for multimodal data
(if such an approach does exist), and, in particular, an approach rele-
vant to data collected for clinicians in the ICU. While comparisons of
different approaches have been undertaken by a few groups (Table 1),
these studies typically involve either a limited number of modalities or
focus on modalities that are less relevant in an ICU setting.

Complementary to the question of where modalities are fused, a
separate line of work studies how to fuse them through information-
theoretic objectives, which are loss functions that quantify how much
information is shared between modalities through measures such as mu-
tual information, total correlation, or maximal correlation. For example,
Huang et al. [23] learn feature representations across multiple variables
by maximising their total correlation, while Mei et al. [24] build on this
idea for multi-modal brain tumour segmentation, where features from
four MRI sequences are combined at an intermediate stage through a
partial common information mask and a self-attention module.

A recent survey by Vavekanand et al. [25] provides a broader syn-
thesis of 52 medical multimodal fusion studies, reporting intermediate
fusion as the most commonly adopted strategy (60% of studies), an av-

erage AUC gain of 5-12% over unimodal baselines, and that only 12%
of studies perform true external validation.

Gaps. The lack of a systematic evaluation of fusion techniques on
ICU-relevant modalities leaves a considerable gap in our understanding
of the usability of such approaches to support ICU clinicians in decision-
making. The main gaps in the literature that need to be addressed in-
clude a systematic comparison of the performance of different data fu-
sion techniques on the many data modalities relevant to patients in the
ICU and, subsequently, investigating the contribution of individual data
modalities to predictive performance across a range of ICU-related con-
ditions. In addition to integrating information from multiple modalities,
another major obstacle to clinical implementation in the ICU lies in ac-
counting for the staggered availability of clinical data. Addressing those
gaps is a necessary prerequisite to build robust, clinically reliable foun-
dation models for decision-support in the ICU. However, most research
on multimodal fusion assumes that all input features are available simul-
taneously [21,22]. Among the studies that do account for the temporal
dynamics of data availability, the focus is often restricted to a single
modality [28,29]. Few approaches, however, address dynamic data ac-
quisition across multiple modalities; one such study aimed to predict
mortality and other outcomes after ICU admission [30].

The core contributions of this paper are:

¢ Data processing and exploration: We created a comprehensive and
efficient pipeline for MIMIC-IV processing, integrating over 100 ta-
bles into a harmonized, event-based structure with a hybrid storage
approach, alongside interactive dashboards and LLM-assisted docu-
mentation to enable intuitive exploration for interdisciplinary col-
laboration.
Systematic comparison: We conducted the first large systematic
comparison of early, intermediate, and late fusion strategies on ICU-
relevant clinical data modalities (imaging, time-series, tabular, and
text data). In contrast to prior work that has typically evaluated a
single fusion strategy on a single condition, our framework allows
controlled comparisons across strategies, modalities, and conditions
on the same dataset. Across the architectures we explored, late fusion
was the most robust strategy, particularly when data availability was
limited.
¢ When does multimodal fusion help? Beyond reporting average
performance, we used uncertainty-based ranking and per-case mis-
classification analysis to characterise the conditions under which
fusion is beneficial. We show that gains concentrate on high-
uncertainty cases, while additional modalities can degrade perfor-
mance when they introduce mostly noise. In a large percentage of
cases, the multimodal model produces a correct prediction where at
least one single-modality model would have produced a false posi-
tive.
¢ Model performance over time: We evaluated how the model’s
overall predictive performance and the relative importance of each
feature changes over the course of a patient’s ICU stay. We show
that especially the data collected during the first 24 hours after ICU
admission improve predictive accuracy considerably.
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2. Methodology

This section describes in detail the analytical methods used, follow-
ing the adjusted TRIPOD + Al checklist [31].

2.1. Data

The predictive modelling of cardiovascular conditions in the ICU re-
quires a structured and comprehensive dataset that integrates multiple
data modalities [4,32]. However, as highlighted by Kansal et al. [33],
only very limited data sources provide the option to link image data, bi-
ological signal data, tabular data and free-text notes, i.e., MC-MED for
ED patients [33], ADNI for dementia detection [34], and MIMIC-IV for
ICU patients [20].

This is why this study used data from the MIMIC-IV (version 3.0)
database [17,20]. MIMIC is a collection of freely available, de-identified
medical data organised in a relational database. It contains de-identified
health records of patients treated at the Beth Israel Deaconess Medical
Center in Boston, USA, between 2008 and 2022. Of the 364,627 patients
included in MIMIC-1V, approximately 65,000 were recorded as having
been treated in the ICU. Overall, MIMIC-IV contains records of 546,028
hospitalisations for these 364,627 patients and 94,458 ICU stays for the
65,000 ICU patients.

2.2. Cohort

Eligible patients included those who were 18 years or older and first
admitted to the emergency department, before progressing to the ICU.
Only the first stay in the ICU was included in the analysis, contingent on
a duration of stay of at least 24 hours. Any subsequent ICU stays were
excluded. Patients who were not admitted to the ICU, not recorded as
being discharged, or died during their first ICU stay were also excluded.
After applying these criteria, the final cohort consisted of 28,262 pa-
tients (Table A.7).

2.3. Data preparation

Despite the richness of MIMIC-1V, its raw format presents challenges
for direct use in predictive modelling. Data are distributed across multi-
ple tables, often requiring complex preprocessing steps to ensure align-
ment across modalities. Furthermore, missing values, temporal mis-
alignment, and variations in data quality introduce additional complex-
ities that must be addressed to extract meaningful clinical insights. Var-
ious attempts have been made to combine the diverse types of data
in MIMIC-1V, and while these efforts have contributed valuable mile-
stones, they have proven insufficient in addressing the full range of mul-
timodal challenges, highlighting the need for a new processing pipeline.
Key contributions published through the official https://physionet.org/
platform include HAIM-MIMIC-MM [18], a software used to create a
multimodal dataset by integrating MIMIC-IV v1.0 and MIMIC-CXR-JPG
v2.0.0, filtering patients to those with at least one chest X-ray. How-
ever, it suffers from several limitations: it applies fixed patient inclusion
criteria, reducing flexibility in cohort definition and its applicability to
research questions requiring alternative eligibility; relies on outdated
requirements, such as Python 3.6 and pandas v1, specifically for a 64-
bit macOS architecture, making it difficult to extend or reproduce the
pipeline on contemporary systems; and excludes ECG waveform data,
limiting its use in cardiovascular research [18]. Similarly, the MIMIC-IV-
Ext-MDS-ED dataset [35], focused on the first 1.5 hours after patient ar-
rival, offers valuable data such as demographics, vital signs, lab results,
and ECGs, but is constrained by a limited data collection window and the
absence of imaging data, such as X-rays. Additionally, it is restricted to
emergency department data, making it less applicable for ICU-specific
research. The Symile-MIMIC dataset [36], while incorporating X-rays,
ECGs, and blood lab tests, suffers from the lack of ICU-specific data, as
its inclusion criteria are based on time after hospital admission and not
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necessarily on critical care, and only includes admissions containing all
three modalities. The mentioned limitations have motivated the devel-
opment of a more flexible and comprehensive pipeline to address the
evolving demands of multimodal healthcare research.

While basic data cleaning steps have not been performed by the au-
thors of MIMIC-IV to keep the data as close as possible to real-world
datasets, patient identifiers were removed as part of de-identification
and dates and times were randomly shifted. Moreover, all patients older
than 89 were grouped together as being 91. We further preprocessed
the data through a modular pipeline designed to integrate multimodal
data sources from the MIMIC-IV database. Tabular data, both raw and
processed, were merged into a single event-based table. The resultant
dataset included laboratory tests, vital signs and demographic informa-
tion (LVD) (among other information) for each patient, which were then
linked to their X-ray images, ECG waveforms and patient notes. Temper-
atures were all converted to the same unit. Body temperatures below
50 °F were removed. Diastolic blood pressures above 400 mmHg were
removed.

Imaging data (chest X-rays) were linked to some of the MIMIC-
IV patients using the MIMIC-CXR-JPG v.2.1.0 dataset [37], which in-
cludes 377,110 images from 227,835 studies of 65,379 of the MIMIC
patients. ECGs were drawn from the MIMIC-IV-ECG dataset v1.0 [38].
This dataset contains 800,035 ECGs (all 500Hz, 12-lead, and 10 sec-
onds in duration) from 161,352 of the MIMIC patients. The data are
grouped for this work into tabular data which we call LVD data (admis-
sion, administration, treatments, diagnosis codes, static patient informa-
tion, low-frequency measures), text data (discharge notes, measurement
and treatment comments), high-frequency time-series data/waveforms
(ECGs) and images (chest X-rays). Vital signs, such as heart rate, blood
pressure, etc. are grouped into low-frequency measures and counted to-
wards tabular data, as they are only stored aggregated.

For multimodal fusion, only data containing all required modalities
were used. However, the pipeline was created so that it could still op-
erate on samples with missing modalities. To do this, an identifier vec-
tor was added to identify missing modalities, which were replaced with
zeros. For missing tabular features this was done by adding a binary
mask feature for all clinical features and for modalities this was done
by adding a binary value for each modality before fusion. As the fusion
experiments were restricted to samples with all modalities available,
modality-level zero-imputation was inactive in this study and the mask
was retained only for forward compatibility with future analyses on co-
horts with missing modalities. For tabular LVD data, a similar approach
was used. While XGBoost supports missing values by default, for the use
of neural networks, missing values were replaced with column means
and a mask was added to highlight any missing values. This step is par-
ticularly relevant in clinical contexts, as the absence of measurements
may itself convey information: for instance, certain data are recorded
only when the clinician suspects a particular condition.

2.4. Predictors

For LVD data, features were retained if they were present in at least
one-third of all patients or had been included in prior studies [32]. Un-
less otherwise stated, we used the final ECGs and X-ray images taken
during the considered patient’s stay, as our objective was to benchmark
the predictive performance achievable when all available in-stay data
are used, independent of timing.

To avoid target leakage, clinical notes were first split into sections
using OpenAI’s gpt-4.1-mini-2025-04-14 model via the OpenAl API, cho-
sen for its speed and cost-effectiveness at the time of the experiments.
The split used a structured-output prompt with a Pydantic schema (C),
so that each fragment was assigned to one of 13 predefined sections
rather than rewritten. In a second stage, all text related to the brief hos-
pital course or discharge was removed, ensuring that no post-admission
outcome information was available to the prediction models. Due to
resource constraints, only the 5280 notes from the fusion dataset were
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Distribution of target labels across modalities. The rows correspond to the six conditions considered in this study;
the columns show how positive and negative cases were distributed across all observations within that modality, and
for the respective condition. ’Fusion’ denotes all cases for which all four modalities to the right were present.

Label Fusion LVD

X-rays ECGs Text

All 5280

28,262

110,852 298,270 202,358

3413 (65%)
1867 (35%)

(1) Hypertensive diseases - 1
(1) Hypertensive diseases - 0

17,455 (62%)
10,797 (38%)

69,322 (63%)
41,530 (37%)

199,148 (67%)
99,122 (33%)

106,077 (52%)
96,281 (48%)

(2) Ischaemic heart diseases - 1
(2) Ischaemic heart diseases - 0

915 (17%)
4365 (83%)

3271 (12%)
24,981 (88%)

12,006 (11%)
98,846 (89%)

52,972 (18%)
245,298 (82%)

9102 (4%)
193,256 (96%)

(3) Chronic i. heart disease - 1
(3) Chronic i. heart disease - 0

1474 (28%)
3806 (72%)

6239 (22%)
22,013 (78%)

28,720 (26%)
82,132 (74%)

112,230 (38%)
186,040 (62%)

37,407 (18%)
164,951 (82%)

(4) Cardiomyopathies diseases - 1
(4) Cardiomyopathies diseases - 0

251 (5%)
5029 (95%)

1048 (4%)
27,204 (96%)

6000 (5%)
104,852 (95%)

18,108 (6%)
280,162 (94%)

4937 (2%)
197,421 (98%)

2007 (38%)
3273 (62%)

(5) Dysrhythmias diseases - 1
(5) Dysrhythmias diseases - 0

8856 (31%)
19,396 (69%)

39,745 (36%)
71,107 (64%)

120,537 (40%)
177,733 (60%)

36,709 (18%)
165,649 (82%)

(6) Heart failure - 1
(6) Heart failure - 0

1532 (29%)
3748 (71%)

6279 (22%)
21,973 (78%)

32,429 (29%)
78,423 (71%)

95,753 (32%)
202,517 (68%)

31,515 (16%)
170,843 (84%)

cleaned. A subset of around 20 cleaned notes was additionally inspected
manually against their raw counterparts; in this sample we did not find
evidence of leaked outcome information. To remain conservative, we
kept reporting the results including notes separately, so that none of
our headline claims depend on this modality.

The following modality-specific preprocessing steps were applied.
Chest X-rays were resized to 224 x 224 pixels with random cropping,
rotation and horizontal flipping applied as data augmentation during
training. Pixel values were normalised using ImageNet channel-wise
means and standard deviations. ECG recordings (all 500 Hz, 12-lead,
10seconds) were converted into mel-spectrograms using the librosa
library, and the resulting spectrograms were treated as images and re-
sized to 224 x 224 pixels, following the same augmentation pipeline as
the X-ray data. Tabular LVD data were aggregated per patient using the
methods described in Tables A.9 and A.10; for neural network models,
missing values were imputed with column means and a binary mask was
appended to indicate missingness, while XGBoost handled missing val-
ues natively. Clinical text notes were tokenised using the ClinicalBERT
tokeniser with a maximum sequence length of 512 tokens for the fine-
tuned model, or passed as plain text to the GPT-4.1-mini API for zero-
shot classification.

2.5. Outcome

The objective of this study was to predict cardiovascular conditions,
identified using ICD-10 diagnosis codes assigned at ICU discharge. Each
was modelled as a binary classification task. The selection and grouping
of these diagnoses were informed by clinical relevance, label frequency
and shared risk factors, and refined after consultation with an ICU clin-
ician, as detailed in Table A.6. The codes were grouped using the latest
WHO classification'. To maintain analytical consistency, ICD-9 codes
were mapped to ICD-10 codes [39].

For each of the above six conditions, patients were split into ‘positive’
vs ‘negative’ cases, based on whether they were given the respective
diagnosis at ICU discharge or not, as obtained from their ICD-10 codes.
Table 2 shows the resulting distribution of these positive and negative
labels across each of the test modalities considered in this study. Note
that the total number of labels under the LVD column equals the total
number of patients making up the study cohort; this is because all LVD
observations are compiled as a single LVD set per patient. Conversely,
the total number of labels under X-rays. ECG’s, and Text exceeds the
cohort number, since multiple observations were possible per patient

! https://icd.who.int/browse10/2019/en

(e.g., each subject could have had multiple X-rays taken during their
ICU admission, each counted individually). The Fusion column denotes
cases were all 4 types of observations were present for the subjects in
question.

The primary evaluation metric was the area under the receiver op-
erating characteristic curve (AUC), which measures the model’s abil-
ity to discriminate between classes across all possible thresholds. For
threshold-dependent assessments, a threshold of 0.5 was used, reflecting
the standard practice when no prior bias toward either class exists. We
report AUC as the main metric as it is threshold independent and high-
light False Negative Rates (FNR) because missed conditions can cause
serious harm; equally, we recognise that False Positive Rates (FPR) are
also clinically important in the ICU, where false alarms may lead to
unnecessary and sometimes invasive interventions and where alarm fa-
tigue is a serious concern [40]. Therefore, thresholds, error rates, and
the choice of aggregator should be defined based on the condition and
context, to balance the risks of both FNR and FPR, with guidance from
clinical experts.

To improve model robustness, models were trained on balanced
datasets using random over-sampling of the training data, after initial
experiments showed improved results on validation data. The reported
results across the paper were always reported on the original distribu-
tion to mimic real world settings. Five fold cross-validation was used
for the experiments, with all splits performed at the patient level to pre-
vent data leakage between folds; we ensured that the test data were
never seen during any training step, especially when different samples
were used for pre-training and fine-tuning. In each fold, 80% of pa-
tients were assigned to the training partition and the remaining 20%
to the test partition. For training, the train set was further split into
train and validation data using an 80/20 split, where the validation
set was used for monitoring convergence and learning rate scheduling
via ReduceLROnPlateau. This resulted in an effective split of approxi-
mately 64%/16%/20% for training, validation and testing, respectively.
The same patient-level splits were used across all modalities and all ex-
periments to ensure comparable evaluation.

2.6. Single-modality models

To establish a benchmark and better understand the contribution
of individual modalities, single-modality models were trained first. The
following models were developed for each of the four main data types
available in MIMIC-IV: low-frequency tabular data (LVD, such as demo-
graphics and clinical measurements), high-frequency time-series data
or waveforms (ECGs), medical imaging (chest X-rays), and clinical text
notes.
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a Single modalities Legend
W EcGs W EHR data Feature-level fusion FE = Feature
XGBoost extraction
G G NP /NN X-rays Final outcome Extracted features X
xxx = Feature size
[ [} Notes Raw data Outcome prediction
N J
b Early fusion c Intermediate fusion d Late fusion
NN NN Aggregator
O O O O L 4 L J
64 64 64 64 64 64 64 64
O O O O L L
CNNFE CNNFE  NLPFE = NNFE CNNFE | CNNFE NLPFE | NNFE CNN CNN NLP NN
[ [ [ [ [ | [

Fig. 1. Fusion model architectures. Overview of the four fusion model architectures developed and compared in this study. (a) Single-modality models (no fusion);
(b) Early fusion, where features from each pre-trained modality are concatenated and jointly processed; (c) Intermediate fusion, with end-to-end training and loss
backpropagation across all modalities; (d) Late fusion, where predictions from individual modalities are combined using different aggregation strategies (average,

majority voting, and maximum probability).

Image models. For the image classification of the chest X-rays, a
ResNet50 model [41] was used, following the approach described in Du-
vieusart et al. [32]. The final classification layer was removed to allow
integration into early and intermediate multimodal fusion strategies.
Given evidence that convolutional neural networks (such as ResNet50)
are less sensitive to weight initialisation in medical imaging tasks than
transformer-based models [42], pretrained ImageNet weights [43] were
used, obtained via the torchvision package.

Time-series models. High-frequency time-series data or waveforms,
in particular ECG recordings. As all ECGs were consistent in sampling
frequency and duration, they were processed using spectrograms as pro-
posed in Krones et al. [44]. The recordings were transformed into spec-
trograms using the librosa package, and subsequently modelled using
the same ResNet50 architecture as applied to image data. This approach
was selected as it provides a robust and generalisable alternative to more
specialised analyses, achieving up to 95% of the performance of highly
tailored methods [44].

Text models. Two models were evaluated for clinical text classi-
fication. First, ClinicalBERT [45], a BERT-based model pretrained on
clinical notes, was fine-tuned using the original tokenizer and model
weights from HuggingFace?, as described in Sheetrit et al. [46]. Second,
OpenAI’s gpt-4.1-mini-2025-04-14 model [47] was used in a zero-
shot fashion.

Tabular models. Two modelling approaches were compared for the
tabular data containing lab tests, vital signs and demographics: XG-
Boost and a feed-forward neural network similar to that in Duvieusart
et al. [32]. The neural network consisted of three fully connected lay-
ers with batch normalisation between layers. The same neural network
structure was used for all fusion experiments to ensure better compa-
rability between the fusion techniques. As late fusion can also accom-
modate XGBoost models and due to the faster training times, we used
XGBoost in several ablation studies; these instances are explicitly men-
tioned.

2.7. Data fusion approaches

Fig. 1 illustrates the three main data fusion strategies applied in
this study: early, intermediate, and late fusion (implemented as per
Krones et al.[11]). The schematic diagrams in Fig. 1 show how in-
formation from different modalities is integrated at each stage. In all

2 https://huggingface.co/medicalai/ClinicalBERT

cases, modality-specific feature extractors (a ResNet50 CNN for X-rays
and ECG spectrograms, ClinicalBERT for text, and a feed-forward neu-
ral network or XGBoost for tabular data) first process the raw inputs
independently. Early fusion concatenates the extracted features from
each modality and processes them jointly through a shared classifier,
without further adaptation of the feature extraction layers. Specifically,
each modality-specific model outputs a 64-dimensional feature vector;
these four vectors are concatenated into a single 256-dimensional vec-
tor, which is then passed through a multi-layer classifier consisting of
fully connected layers with batch normalisation (Fig. 1b). Intermediate
fusion differs by allowing error backpropagation through the entire net-
work, which enables optimisation of feature extraction but limits the
models that can be used, as the error must be able to be backpropagated.
As in early fusion, the modality features are concatenated and passed
through the same shared classifier, but here the gradients flow back
through all modality-specific feature extractors during training, jointly
optimising both the feature representations and the classifier (Fig. 1c).
This requires all component models to be differentiable, which excludes
XGBoost from this setting. Late fusion aggregates independent modality-
specific predictions using strategies such as average, majority voting, or
max, without any additional learned parameters (Fig. 1d). Each single-
modality model is trained independently and produces a probabilistic
output; these outputs are then combined at the decision level. For av-
erage aggregation, the output probabilities of the individual classifiers
are averaged. In majority voting, the final prediction is determined by
the most frequently predicted class after thresholding. The max strat-
egy selects the class with the highest individual prediction probability.
Thresholding was applied after aggregation for average and maximum.
For majority voting, thresholding occurs before aggregation to obtain
binary votes.

In this work, for early and late fusion, each modality-specific model
was trained separately. In the early and intermediate fusion settings, the
final classification layer of each single-modality model was removed. For
early fusion, the newly added classifier was trained for 30 epochs using
fixed features. In contrast, for intermediate fusion, the entire network
was jointly optimised for 30 epochs. 30 epochs were chosen based on
preliminary experiments that indicated stable convergence of training
and validation losses.

In both early and intermediate fusion, the features were combined
via a fully connected layer that connected each output node from each
modality-specific model to all input nodes of the final classifier. This
corresponds to a concatenation of all extracted features into a single
vector. To prevent any single modality from having a disproportionate
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influence, the final layers of all individual models were configured to
contain 64 nodes. To ensure that the choice of architecture for early
fusion was not suboptimal, we conducted a comprehensive sensitivity
analysis. Specifically, we varied both the number of nodes in the final
layers of the individual models (between 16 and 128) and the number
of layers within the final layers, as all models contained a series of fully
connected layers as their final layers.

Model comparison. The performance of the best-performing fusion
approach (late fusion, as shown in Fig. 1) was compared with three
recent multimodal approaches for healthcare applications: HAIM [18],
MedFuse [19], and AutoPrognosis-M [22]. The approaches were selected
based on their applicability to the MIMIC-IV dataset, public availabil-
ity of code, recency (published within the past four years), and rele-
vance to multimodal modelling. HAIM [18] first creates individual pa-
tient files, then generates standardised embeddings from multimodal
data, and finally applies simple classifiers such as XGBoost. MedFuse
[19] employs an LSTM-based fusion module that sequentially integrates
clinical time-series and imaging data while handling missing modalities.
AutoPrognosis-M [22] automates the construction of multimodal ensem-
bles using AutoML to combine tabular and imaging data via early, joint,
and late fusion strategies.

Official implementations as published on GitHub were used to en-
sure reproducibility. The same pre-processing steps as in the original
publications were applied (e.g., image resizing). For each baseline, the
hyperparameter configuration published in the original repository was
retained, including model-specific learning rates, optimisers, schedulers,
batch sizes, and any built-in early-stopping or best-checkpoint selection
mechanisms. The only common change applied across baselines and our
own models was a maximum training budget of 30 epochs, chosen based
on convergence checks of our own fusion model. The exact configura-
tions are visible in our public forks linked below. For models not de-
signed to handle all modalities, only the corresponding modality data
were used. Where multiple fusion approaches were proposed, the best
performing configuration was selected. All fusion experiments, includ-
ing training and testing under cross-validation, were performed on the
same cohort of 5280 patients that had information available across all
modalities (Table 2), so that the comparison between fusion strategies
is not confounded by modality-level imputation.

The AutoPrognosis-M model [22] was the only repository not built
on the MIMIC-IV dataset; we therefore used the same tabular features
and pre-processing steps as in this work. The other models were adjusted
to run with Version 3.0 of the MIMIC-IV dataset to ensure comparabil-
ity. We published the adjustments as forks of the original repositories
so readers can track the changes easily. For AutoPrognosis-M [22] this
includes the adjustments to run with MIMIC-IV (Q GitHub?), while we
adjusted the MedFuse model [19] to incorporate data from MIMIC-IV
Version 3.0 (O GitHub*). For HAIM [18], besides the updates to Ver-
sion 3.0, several further adjustments were necessary before the code
could run successfully (O GitHub).

2.8. Ablation studies

After determining the most effective single-modality and fusion ap-
proaches, three experiments were designed to assess the contribution
of individual modalities. First, the fusion model was evaluated using
every modality combination to assess the contribution of each modality
and determine which combinations most strongly influenced model per-
formance across different conditions. Second, false-negative and false-
positive predictions of the fusion network were analysed to determine
how often one, two, or all single-modality predictions were incorrect.
This analysis aimed to identify whether prediction errors primarily

3 https://github.com/felixkrones/AutoPrognosis-Multimodal
4 https://github.com/felixkrones/MedFuse
5 https://github.com/felixkrones/HAIM
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stemmed from weak single-modality models, the fusion strategy itself,
or from erroneous single-modality predictions. Third, the behaviour of
the fusion model was examined in instances where the best-performing
single-modality model produced incorrect predictions. This experiment
aimed to assess whether the fusion model would replicate these errors
or potentially correct them.

Next, to understand which specific features contributed to the
model’s predictions across conditions, the influence of individual LVD
features on model performance was assessed using XGBoost feature im-
portance scores. These scores reflect the average gain across all decision
trees in the model’s loss function when a feature is used for splitting, thus
quantifying how much each feature contributes to the model’s predic-
tive power. Moreover, Shapley values were computed using the Python
package shap [48] to capture the contribution of each feature to indi-
vidual predictions.

Given the limitations of clinical resources, a further analysis inves-
tigated whether model confidence could guide the need for collecting
additional modalities. The idea was that if model confidence is infor-
mative, it could not only indicate when additional information would
be beneficial but also mimic clinical reasoning, where additional tests
are requested mainly when there is uncertainty. This approach was in-
spired by the Oracle metrics framework proposed by Tran et al. [49] and
the performance gain analysis introduced by Imrie et al.[22]. In this
work, the absolute distance between the probabilistic prediction value
and the 0.5 decision threshold was used as the confidence measure. Pre-
dictions from single-modality models were ordered by confidence, and
the corresponding increase in accuracy from applying the fusion model
was quantified by calculating the F1-score difference between the single
modality models and the multimodal versions.

2.9. Prediction improvement over time as data become available

The evolution of prediction quality and modality contributions over
time was examined. Based on the typical post-admission timelines for
each data type, the analyses investigated when reliable predictions be-
come possible and how the timing of measurements affects performance.
Given its strong performance in previous experiments, late fusion was
selected as the representative strategy for all ablation analyses.

The availability of X-ray, ECG and LVD data over the course of pa-
tients’ ICU stay was examined. To assess the impact of data availability
on prediction performance, models were trained using only LVD features
accessible at successive time points after admission, while keeping the
diagnosis at discharge labels as target variables. This analysis focused
solely on LVD features, as X-rays and ECG recordings are often already
available at the point of ICU admission. The same processing steps as
described in Tables A.9 and A.10 were used.

2.10. Ethical approval

Prior to the start of the project, ethical approval
(SSH_OII_CIA 22 108) was obtained through the departmental re-
search ethics committee using the CUREC 1A form, following the
University of Oxford’s Central University Research Ethics Committee
(CUREC) guidelines. Although the study relied exclusively on secondary
data analysis of the publicly available, de-identified MIMIC-IV database
and did not require additional ethical approval, this step reflects a
commitment to responsible research conduct. Access to MIMIC-IV
was granted after completion of the required training on research
with human participants and acceptance of PhysioNet’s Data Use
Agreement, which mandates safeguarding the data, refraining from any
reidentification attempts, and adhering to data security standards.

2.11. Implementation details

For the neural network models a Binary Cross Entropy loss was used
and the Adam optimiser. All images were resized to a resolution of 224 x
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Comparison of proposed fusion pipeline to state-of-the-art models. State-of-the-art models
from the literature were trained and evaluated on the proposed classification task of six car-
diovascular conditions, based on the ICD-10 groupings presented in Table A.6. Reported is the
average test AUC over 5-fold CV and over the different conditions. If multiple fusion strategies
were proposed in the literature, the best-performing was used. For a fair comparison, the same
dataset of size 5280 patients was used for all models (Table 2). Table B.11 contains the per

disease performance.

Original task

Fusion strategy AUC mean (SD)

Paper/Model Modalities

Our model (baseline) LVD, X-rays, ECGs
HAIM [18] LVD, X-rays
MedFuse [19] LVD, X-rays
AutoPrognosis-M [22] LVD, X-rays

ICD-10 codes

ICD-9 codes
Skin lesion

Late (avg.) 0.773 (0.030)
CXR labels Early 0.749 (0.066)
Intermediate 0.772 (0.029)
Late/Ensemble 0.763 (0.041)

224, using random cropping, rotation and flipping during training. A
learning rate of 0.0001 was set and ReduceLROnPlateau was used as the
learning rate scheduler with a minimum rate of 0. All models were fine-
tuned for 30 epochs. We used over-sampling during training to correct
for imbalances. For fine-tuning either a single NVIDIA L40S or NVIDIA
A100 80GB PCIe GPU was used.

2.12. Statistical analysis

The term significant denotes results with a p-value of less than 0.05.
All statistical tests were two-sided. To assess performance differences
between models evaluated on identical cross-validation folds, we used
paired-samples t-tests on fold-level performance metrics, thereby ac-
counting for the dependence induced by shared data splits. Data parti-
tioning was performed at the patient level, so that no patient appeared
in more than one fold and each patient contributed a single prediction
per condition; there were therefore no repeated within-patient observa-
tions or cross-fold patient dependencies for which a mixed-effects model
would be required. As the low-frequency signals were aggregated into
static features rather than modelled as sequences, feature-level auto-
correlation did not enter the model comparison. Given the number of
pairwise comparisons across fusion strategies, conditions, and baseline
models, the resulting p-values were adjusted for multiple testing using
the Benjamini-Hochberg procedure, which ranks the raw p-values from
smallest to largest and rescales each one by the total number of tests di-
vided by its rank, controlling the expected proportion of false positives
among the comparisons declared significant at a false discovery rate of
0.05. For example, with n = 10 tests, a raw p-value of 0.01 ranked second
smallest becomes 0.01 x 10/2 = 0.05 after adjustment.

3. Results
3.1. Participant characteristics

Table 2 shows the prevalence of clinical conditions (as per the diag-
nosis at the time of discharge) among individuals in the cohort. While
some conditions, such as (1) Hypertensive diseases, were present in over
half the cohort, others, such as (4) Cardiomyopathies diseases, were
diagnosed in only a small proportion. Most static data, including pa-
tient demographics, are available immediately after admission, as this
is when most background information are recorded and basic vital signs
measured. Over time, other data sources, including treatment infor-
mation, low-frequency measurements, X-rays and ECG signals become
available. Table A.8 shows patient demographics; the cohort comprises
primarily older, white patients with a roughly equal sex distribution.

3.2. Model performance

3.2.1. Benchmark comparison

Table 3 presents a comparison between the performance of our
framework and recent state-of-the-art approaches. The average AUC
scores achieved by our model are comparable to the performance of

other methods, with no statistically significant pairwise differences (all
BH-adjusted p > 0.93), demonstrating the validity of the proposed ap-
proach for the later ablation studies by its ability to perform classifica-
tion on the target conditions with state-of-the-art performance. The table
is intended as a sanity check rather than a competitive benchmark; we
do not claim superiority over these baselines, and the focus of this paper
remains the systematic comparison of fusion strategies under controlled
conditions on the same cohort.

3.2.2. Model performance across medical conditions

Table 4 shows the model performance for each medical condition.
There are considerable differences in both the overall predictability of
conditions and the relative performance of different models. Examining
single-modality performance, the ability of each modality to predict a
condition varies depending on the condition type.

3.2.3. Single modality performance

As shown in Table 4, clinical notes were in all cases the best predic-
tor. However, the results need to be interpreted with care, as the exact
timing of the notes is unclear and target leakage cannot be completely
ruled out. We therefore treat note-augmented rows as a separate supple-
mentary analysis: the comparison of fusion strategies, the comparison
with state-of-the-art baselines (Table 3), and the sensitivity analysis (Ta-
ble 5) are all based on the no-notes rows of Table 4, so that none of our
claims about fusion-strategy robustness depends on the note modality.

As shown in Table 4, ECGs were especially helpful in predicting (4)
Cardiomyopathies diseases, (5) Dysrhythmias diseases and (6) Heart
failure. For the other conditions either the X-rays or LVD data were
most helpful. While for (3) Chronic ischaemic heart disease, (4) Car-
diomyopathies, (5) Dysrhythmias, and (6) Heart failure X-rays and the
LVD data had similar performances, (1) Hypertensive diseases and (2)
Ischaemic heart diseases could mainly be predicted by the LVD data.

3.2.4. Multi modality performance

As shown in Table 4, the best performing model was usually the
late fusion one (as also confirmed by the early-fusion sensitivity anal-
ysis in Table 5). For late fusion, the three aggregation operators differ

in their performance. The average of per-modality probabilities (p,,, =

% > ,’:’:1 P.) acts as a soft consensus: a single extreme p,, shifts the fused

score by at most 1/M, so agreement across modalities drives discrimi-
nation. The maximum (p,,,, = max,, p,,) behaves like a permissive “OR™:
one confident modality can yield a high fused score, which tends to im-
prove sensitivity (true positive rate) but often increases false positive
rate (FPR). Majority voting requires first binarising each modality and
then taking the mode; this ignores the magnitude of probabilities, dis-
cards information about how confident each modality is, and treats all
modalities equally regardless of reliability, which together reduce its
ability to distinguish between positive and negative cases.
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Condition-wise AUC performance (CV). Comparison of the different fusion approaches as shown in Fig. 1 per condition. Reported is the AUC. 5-fold CV
was used and the average (SD) values are reported. For the multimodal experiments (Fig. 1), NN were used for the LVD data. Train set describes whether for
training the single modality models all available data were used (‘All’) or only the ones available with all modalities (‘Fusion’). For early and intermediate
fusion, the final layers were always trained on the fusion data. For late fusion, the aggregation type used during late fusion is given: ‘avg’ means probabilities
were averaged, ‘max’ means the maximum probability was used and for ‘maj’ a majority voting was used. In bold the best performing model with notes and
without notes included. Comparing the three fusion strategies without notes (rows with Modalities = All, Notes = No, Train = All), late fusion outperformed
both early and intermediate fusion at BH-adjusted p < 0.05 in five of the six conditions; the late vs intermediate comparison for chronic ischaemic heart disease
was borderline (p = 0.056). Early and intermediate fusion did not differ significantly in any condition (p > 0.077).

Fusion Modalities  Notes included Train set (1) Hypertensive (2) Ischaemic (3) Chronic ischaemic (4) Cardiomyop. (5) Dysrhythmias (6) Heart failure
None  X-ray (CNN) N/A All 0.741 (0.007) 0.691 (0.019) 0.794 (0.006) 0.721 (0.027) 0.792 (0.012) 0.815 (0.012)
None  X-ray (CNN) N/A Fusion 0.675 (0.029) 0.658 (0.035) 0.740 (0.020) 0.637 (0.045) 0.717 (0.013) 0.752 (0.018)
None ECG (CNN) N/A All 0.709 (0.010) 0.703 (0.010) 0.751 (0.008) 0.761 (0.011) 0.817 (0.011) 0.808 (0.006)
None ECG(CNN) N/A Fusion 0.657 (0.021) 0.561 (0.032) 0.669 (0.014) 0.595 (0.029) 0.726 (0.013) 0.676 (0.022)
None LVD(XGB) N/A All 0.798 (0.003) 0.798 (0.007) 0.786 (0.005) 0.738 (0.025) 0.827 (0.005) 0.841 (0.007)
None LVD (XGB) N/A Fusion 0.785 (0.014) 0.786 (0.028) 0.784 (0.013) 0.676 (0.039) 0.809 (0.013) 0.810 (0.012)
None LVD (NN) N/A All 0.791 (0.006) 0.790 (0.008) 0.778 (0.007) 0.727 (0.016) 0.800 (0.004) 0.845 (0.009)
None  LVD (NN) N/A Fusion 0.753 (0.011) 0.746 (0.012) 0.759 (0.012) 0.688 (0.022) 0.764 (0.021) 0.807 (0.020)
None  Notes Yes (Bert) Fusion 0.860 (0.007) 0.859 (0.013) 0.902 (0.008) 0.783 (0.074) 0.830 (0.017) 0.879 (0.007)
None Notes Yes (gpt) N/A 0.873 (0.006) 0.795 (0.013) 0.740 (0.014) 0.828 (0.032) 0.810 (0.007) 0.818 (0.006)
Early Al No All 0.740 (0.021) 0.728 (0.017) 0.791 (0.025) 0.742 (0.041) 0.808 (0.015) 0.782 (0.036)
Early All Yes (Bert) All (fusion notes) 0.826 (0.021) 0.804 (0.028) 0.889 (0.015) 0.770 (0.078) 0.851 (0.020) 0.857 (0.035)
Interm. All No All 0.741 (0.023) 0.714 (0.016) 0.775 (0.039) 0.719 (0.073) 0.819 (0.019) 0.813 (0.013)
Interm. All Yes (Bert) All (fusion notes) 0.827 (0.010) 0.822 (0.022) 0.897 (0.008) 0.789 (0.060) 0.856 (0.017) 0.865 (0.041)
Late All (max) No All 0.775 (0.005) 0.786 (0.023) 0.814 (0.020) 0.795 (0.037) 0.837 (0.013) 0.846 (0.009)
Late All (maj) No All 0.708 (0.006) 0.682 (0.024) 0.725 (0.012) 0.668 (0.026) 0.744 (0.020) 0.763 (0.011)
Late All (avg) No All 0.799 (0.009) 0.799 (0.020) 0.824 (0.016) 0.809 (0.032) 0.845 (0.013) 0.860 (0.007)
Late All (avg) No Fusion 0.757 (0.012) 0.767 (0.016) 0.784 (0.012) 0.732 (0.033) 0.792 (0.009) 0.828 (0.007)
Late All (avg) Yes (Bert) All (fusion notes) 0.863 (0.008) 0.862 (0.015) 0.911 (0.016) 0.846 (0.044) 0.878 (0.012) 0.898 (0.008)
Late All (avg) Yes (gpt) All 0.906 (0.009) 0.855 (0.011) 0.871 (0.012) 0.889 (0.025)  0.896 (0.009) 0.916 (010)
Late All (avg) Yes (Bert) Fusion 0.844 (0.015) 0.843 (0.017) 0.896 (0.011) 0.803 (0.041) 0.854 (0.010) 0.887 (0.012)
Table 5

Sensitivity analysis on early fusion architecture. Condition-wise AUC performance for different variations of late and early fusion, all without clinical notes
(see Fig. 1). Reported is the macro AUC per condition. 5-fold CV was used and the average (SD) values are reported. Average aggregation was used for late

fusion.

Fusion Train set Variation (1) Hypertensive (2) Ischae-mic (3) Chronic ischaemic (4) Cardiomyop. (5) Dysrhythmias (6) Heart failure

Early All With single modality models trained on 0.740 (0.021) 0.728 (0.017) 0.791 (0.025) 0.742 (0.041) 0.808 (0.015) 0.782 (0.036)
all available data

Early  Fusion With single modality models trained on 0.689 (0.022) 0.657 (0.023) 0.731 (0.033) 0.636 (0.052) 0.722 (0.031) 0.786 (0.014)
available fusion data

Early All Reduced final feature layer from 64 to 0.668 (0.072) 0.693 (0.038) 0.746 (0.042) 0.693 (0.075) 0.758 (0.012) 0.732 (0.040)
16 output neurons

Early All Increased final feature layer from 64 to 0.712 (0.049) 0.722 (0.026) 0.789 (0.016) 0.719 (0.034) 0.820 (0.021) 0.793 (0.042)
128 output neurons

Early All Only one final linear layer instead mul- 0.746 (0.016) 0.760 (0.011) 0.782 (0.023) 0.776 (0.045) 0.798 (0.0140) 0.822 (0.017)
tilayer network

Early Fusion  Only one final linear layer instead mul- 0.693 (0.011) 0.728 (0.016) 0.733 (0.017) 0.668 (0.029) 0.722 (0.016) 0.767 (0.020)
tilayer network

Late Fusion With single modality models trained on 0.757 (0.012) 0.767 (0.016) 0.784 (0.012) 0.732 (0.033) 0.792 (0.009) 0.828 (0.007)

available fusion data
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Fig. 2. Effect of modality combinations. The figure shows the AUC for different combinations of modalities using the late fusion approach, evaluated on the fusion
test split. Each plot relates to one of the six investigated conditions (see Table 2). In blue are the different tabular LVD features. The figure shows that only the
combination of the different tabular LVD features results in the often strong LVD performance.
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Fig. 3. Selective acquisition of multimodal data. The plot shows the cumulative F1-score improvement of the multimodal model over the corresponding single-
modality models. The x-axis represents the cumulative proportion of patients for which the multimodal was used instead of the single modality model, ranked by the
certainty of the single modality predictions, whereas the y-axis represents the difference in F1-score for that scenario, compared to the ‘base’ F1-score of the single
modality (which is the value indicated in parentheses in the legend for each modality). For example, at 20%, the 20% most uncertain predictions of, e.g., the X-ray
model were replaced with the multimodal predictions. Then the F1-score was calculated over all predictions and compared with the F1-score for just the X-rays. The
graph indicates that, as the certainty of single-modality predictions increases (towards the right of the x-axis), the added value of the fusion model diminishes (the
graph flattens out). This pattern suggests that the multimodal approach is most advantageous when single-modality predictions are less confident. Each plot relates
to one of the six investigated conditions (see Table 2). Fig. B.12 shows the F1l-score improvement per ten percent bin.

3.3. Improvement characteristics

3.3.1. Multimodal effects

Fig. 2 shows that combining two modalities consistently outperforms
the corresponding single-modality models for the six conditions of the
circulatory system. However, the magnitude of this effect depends on
how similar the individual performances of the two modalities are. If
their performances are close, combining them leads to a substantial im-
provement, as seen for LVD and ECG data in (4) and (5). In contrast, if
there is a large performance gap, adding the weaker modality has lit-
tle effect on the stronger one, as in (1) and (2), where adding ECGs to
LVD data yields only minor gains. There is a strong negative correlation
(r =-0.869, p < 0.001) between the difference of the combined predic-
tors and the resulting improvement over the stronger predictor. This
means that, on average, smaller differences are associated with larger
improvements. The correlation was calculated across all diseases and
all possible predictor combinations, including those involving two or
more predictors. The benefit of including a third modality depends on
whether it compensates for a previously missing strong modality. For
instance, when two strong modalities — such as X-rays and LVD data in
case (1) on Hypertensive diseases — have already been combined, adding
another modality (i.e., ECGs) provides little additional benefit.

Fig. B.10 shows cases where the main single-modality predictor
would have been incorrect but was corrected by the fusion model. In
most cases, the multimodal model fixed the false positives cases, except
for (1) Hypertensive diseases, which is also the only condition with sig-
nificant more positive cases in the training data. Here, the multimodal
approach mainly fixed the false negative cases.

Fig. B.11 shows two main findings: First, models with a higher FNR
usually have lower FPRs (compare numbers above bars in i) and iii)).
However, the relationship is not linear, which means that one can tweak
the model into one or the other direction depending on which error leads
to the higher costs / is more severe. As long as the class imbalance is not
very extreme, as, for example, for (4) Cardiomyopathies diseases (with
only 5% positive cases), the class imbalance is not directly correlated to
the error rates. For example, (1) Hypertensive diseases and (3) Chronic
ischaemic heart diseases show similar error rates, even though (1) has
almost two-third positive cases while (3) has over two-third negative

cases. Second, Fig. B.11 shows that in most of the cases where the fu-
sion model was wrong, either all or at least more that half of the single
modality models were wrong. However, the figure also shows that in
up to 17% of the cases, a single incorrect prediction from one modality
caused the fusion model to produce an incorrect result, even though the
other two single-modality models would have been correct. As average
aggregation of positive class probabilities was used with a fixed decision
threshold, a strongly confident but incorrect modality can override two
correct but less confident predictors, where confidence is measured as
distance to the decision threshold.

3.3.2. Data efficiency

Figs. 3 and B.12 examine when adding extra modalities is most ben-
eficial and Figs. B.13, B.14, B.15 show a deep-dive analysis into the
probability distributions of the different models. As the figures show,
the impact on model performance of adding additional modalities de-
creases as the algorithmic certainty of single-modality models increases.
In clinical practice, this could suggest first using the most suitable single
modality for a given condition and considering further tests primarily in
cases where the model indicates high uncertainty. However, it is impor-
tant to distinguish algorithmic uncertainty from clinical uncertainty, as
low algorithmic confidence does not necessarily imply a clinically am-
biguous case.

3.3.3. Feature effects

Figs. 4 and B.9 show that for most diseases, a patient’s age is among
the top five most important features for classification, with higher
age associated with a higher disease probability, except for cardiomy-
opathies, where no demographic information appears in the top ten.
Blood pressure, PTT®, and urea nitrogen’ are among the most informa-
tive features for most diseases, where “informative” refers to variables
that contribute to the model’s classification decisions rather than to di-
rect causal factors. As shown in Fig. 2, the predictive strength of the

6 PTT (Prothrombin time) is a blood test that measures the time it takes for
blood to clot, helping assess coagulation disorders and monitor heparin therapy.

7 Urea nitrogen is a waste product formed from protein metabolism, measured
in blood to evaluate kidney function and hydration status.
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Fig. 4. Shapley values for the top most important LVD features. Plotted is the distribution of Shapley values from the XGBoost model across all samples, where
each point represents one patient, the position on the x-axis indicates the impact on the model output, and the colour encodes the feature value, with higher values

shown in red and lower values in blue.
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Fig. 5. Improving model performance with increasing data availability. Performance of the XGBoost model as a function of feature availability over time after
ICU admission. Each plot corresponds to one of the six investigated conditions (see Table 2).

LVD data arises from the combination of different feature types, as the
individual types perform considerably worse.

As mentioned above, we only included features that were available
for at least a third of the patients. However, based on clinical guid-
ance, we also examined where Troponin and Brain Natriuretic Pep-
tide (BNP) would rank [50]. Using a subgroup of 822 patients with
both features available (80% used for training), we re-trained the XG-
Boost model with these features included. As expected, Troponin ranked
among the top ten most important features for (1) Hypertensive dis-
eases, (2) Ischaemic heart diseases, (3) Chronic ischaemic heart dis-
eases, and (6) Heart failure, while being the top predictor for (2) Is-
chaemic heart diseases and (3) Chronic ischaemic heart diseases. BNP
ranked among the top ten most important features for (1) Hypertensive
diseases, (3) Chronic ischaemic heart diseases, (5) Dysrhythmias dis-
eases, and (6) Heart failure, while being the top predictor for (6) Heart
failure.

3.3.4. Subgroup performance

To complement the AUC analysis, we report subgroup performance
for the late fusion model (all modalities, average aggregation, no notes)
on the same 5,280-patient fusion cohort, using chronic ischaemic heart
disease as a worked example. AUCs by age, sex and insurance subgroup
are shown in Table B.12. The model performed better for younger than
for older patients and better for males than for females. This pattern is
notable because it does not follow the relative size or positive preva-
lence of the subgroups: younger patients form the smaller group with
fewer positive cases for chronic ischaemic heart disease, whereas males
form the larger group with more positives. As Medicare primarily cov-
ers older patients, its performance mirrors the older group, showing
lower performance than the other insurance types. A full fairness au-
dit on this cohort, including per-group threshold calibration, fairness-
constrained optimisation, simulation experiments characterising when
per-group thresholds help, and an investigation of bias sources, is the

10



F. Krones et al.

a Mean count of lab tests per hour and subject

8 — Al tests
New tests

6

4

2

0 L T . R

50 40 -30 20 10 0 10 20 30 40 50 60 70 80

Time after ICU admission [h]

b

Information Fusion 136 (2026) 104573

Cumulative count of first recording of top lab tests

30k | —— Chloride

— Bilirubin, total
Urea nitrogen
PTT

— Bicarbonate
INR (PT)

— —RDW

— — Creatinine

——PT

20k

10k

o0k . . . . . . . . . ,
50 -40 -30 20 10 O 10 20 30 40 50 60 70 80

Time after ICU admission [h]

Fig. 6. Availability of lab tests. Left: Average number of lab tests over time: overall (solid blue) compared with counts including only the first occurrence of an
event (light blue, dotted). Right: Cumulative count of the top lab tests (those ranking among the top 10 features across diseases, see Fig. B.9) at the time they were
first conducted per patient. 55 subjects did not have any lab events and are excluded here.

subject of separate ongoing work that builds on the present manuscript;
this paper therefore concentrates on the comparison of fusion strategies.

3.3.5. Threshold-dependent performance

To complement the AUC analysis, we report accuracy, FNR and F1
for the late fusion model on chronic ischaemic heart disease, both at
the default 0.5 decision threshold and at an accuracy-optimised global
threshold selected on a held-out validation set, and additionally per age,
sex and insurance subgroup (Table B.13). Optimising the global decision
threshold raises overall accuracy compared with the default 0.5 cut-
off, while overall FNR rises in parallel, reflecting the trade-off between
sensitivity and specificity that comes with shifting the operating point in
a class-imbalanced setting (positive class prevalence 28% in the fusion
cohort, see Table 2).

3.4. Prediction improvement over time as data become available

Fig. 5 shows that model performance for LVD data improves, partic-
ularly during the first hours of the ICU stay, as most data become avail-
able in this period. Fig. 6 indicates that this improvement is strongly
related to the timing of lab tests, especially for conditions that heav-
ily rely on such tests (e.g., (4) Cardiomyopathies). Although most lab
tests are conducted within the first few hours of an ICU stay or even
earlier, the figure also reveals that some of the most predictive features
are recorded only for a subset of patients during this time. While per-
forming these tests earlier could improve predictive performance even
prior to ICU admission, test ordering is typically guided by clinical sus-
picion and requires balancing potential diagnostic benefit against costs
and risks. In this context, the framework could be extended to simulate
hypothetical positive versus negative findings, allowing clinicians to as-
sess whether the expected reduction in uncertainty justifies the test. This
‘value of information’ approach would help identify when a specific test
offers enough differentiating power to significantly alter the prognosis
or narrow the differential diagnosis, thereby guiding more targeted test
ordering.

Fig. A.8 shows that much information is already available before pa-
tients are admitted to the ICU. In particular, X-ray and ECG acquisition
is often decoupled from the inpatient stay and must be retrospectively
mapped to the corresponding hospital stay. Only vital signs and lab test
data show a broader distribution in terms of when they are first col-
lected.

4. Discussion

Main findings. In this work we explored the conditions under which
multimodal approaches are most helpful in clinical settings, by compar-
ing and investigating different fusion approaches for integrating multi-
modal data in the prediction of cardiovascular conditions in ICUs. By
comparing early, intermediate, and late fusion strategies, we showed
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that late fusion offers the most reliable performance under clinical con-
straints. The models combined imaging, tabular, and time-series data,
allowing for a comprehensive assessment of how fusion strategies affect
predictive accuracy and robustness in ICU settings.

Our primary aim in this study was to evaluate and compare mul-
timodal fusion techniques rather than to advance clinical knowledge
about individual biomarkers or to provide concrete test recommenda-
tions to clinicians. While we designed the experiments to be as clini-
cally realistic as possible, the translation of these findings into action-
able diagnostic guidance, including the evaluation of clinically sparse
but highly relevant tests such as for Troponin or BNP, remains an im-
portant direction for future work.

A central finding is the robust effectiveness of late fusion across the
architectures we explored. Across all 18 fusion-strategy comparisons in
Table 4, late fusion outperformed both early and intermediate fusion
at p < 0.05 in five of the six conditions, while early and intermediate
fusion did not differ significantly in any condition. While early and in-
termediate fusion strategies theoretically enable richer feature represen-
tations by modelling cross-modal interactions [18,26,27], they often re-
quire larger datasets and more complex model architectures [5], which
are frequently impractical in ICU applications. Late fusion, by contrast,
achieved high predictive performance with lower data requirements and
simpler model design, making it more suitable for clinical implementa-
tion. As shown in our sensitivity analysis (Table 5), early fusion perfor-
mance varies with architectural choices, and we cannot rule out that a
more extensive architecture search could narrow the gap. Our claim is
therefore that late fusion is the most robust and best-performing strat-
egy under the architectures and data constraints considered, rather than
universally superior. These results support earlier findings by Huang
et al. [5] (Table 2), who also identified late fusion as the most practi-
cal strategy and thus contribute to the understanding of optimal fusion
strategies in critical care.

The results show that the predictive value of each data modality
varies by condition, and that combining modalities generally improves
performance, as shown in nearly all cases in Fig. 2. This supports the ap-
plication of multimodal learning to clinical prediction tasks, particularly
when the modalities provide complementary information. However, the
findings also reveal two important caveats. First, when one modality al-
ready captures most of the relevant signal, adding further modalities
yields only minor gains, which may not justify the additional complex-
ity or cost. Second, in rare cases where an added modality primarily
introduces noise, performance may decline. This indicates that addi-
tional modalities can impair performance when they fail to contribute
meaningful signal. Misclassification analysis further showed that fusion
models rarely corrected errors when all single-modality models failed
(Fig. B.11). The largest gains occurred when combining two modalities
of similar predictive strength (Fig. 2). From a clinical perspective, the
findings suggests that combining data sources is generally beneficial and
can improve decision support accuracy. At the same time, the findings
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emphasize the need for careful selection of modalities to avoid unnec-
essary overhead and the risk of reduced performance in specific cases.

The study also highlighted the relevance of evaluating model confi-
dence [49], particularly when determining whether further data collec-
tion is warranted. Providing such information when deciding whether
to collect additional data can (a) reduce the risk of incorrect predictions
and (b) lead to more cost-effective workflows. Efficiency curve analysis
demonstrated that the benefits of multimodal fusion were most evident
in cases with low prediction certainty (Fig. 3), consistent with earlier
studies on uncertainty-based decision-making [22]. Fig. 3 can therefore
be read as a cost-versus-benefit curve for a selective acquisition policy:
the x-axis is the proportion of patients for whom the multimodal model
is used, ranked from most to least uncertain by their single-modality
probability, and the y-axis is the resulting cumulative F1 gain. This sug-
gests a possible framework to help steer the decision if acquiring more
data (i.e., ordering more tests) is necessary, in which additional tests
are conducted only when the model’s uncertainty exceeds a predefined
threshold. For that, the model could be extended to simulate positive
and negative inputs to evaluate the differentiability potential of the
extra test with respect to the resulting predictions. Such an approach
may reduce unnecessary investigations, lower costs, and lessen patient
burden, while preserving diagnostic accuracy. Moreover, by investigat-
ing different measures of model uncertainty and implementing system-
wide human-in-the-loop approaches where uncertain predictions are re-
ferred to a clinician at a defined cost in the decision process, repre-
sents a promising direction for future work. A formal separation of epis-
temic and aleatoric uncertainty, and a prospective simulation of such
a clinician-in-the-loop workflow, would require prospective data or a
dedicated uncertainty-modelling study and are left to future work.

The temporal analysis showed that the timing of data availability
plays a central role in determining predictive performance, consistent
with previous findings in other clinical contexts [28,30]. X-ray and ECG
data are often available before or at the time of ICU admission, while
vital signs and laboratory tests are usually collected in a staggered man-
ner during the first hours of the ICU stay [20]. Model performance im-
proved considerably within the first 24 hours, particularly when lab-
oratory results became available. This suggests that if laboratory test
results were available prior to admission, they could further support
early assessment and inform better allocation of ICU resources. When
laboratory values or vital signs are the primary drivers, reliable predic-
tions become possible only after sufficient data are collected during the
first 24 hours. In contrast, when X-rays, ECGs, or demographic features
are most informative, accurate predictions could potentially be made
earlier. However, as our analysis used the final available imaging and
signal data, this potential for early prediction relies on the assumption
that pre-admission tests hold comparable diagnostic value to those ob-
tained during the ICU stay. Furthermore, the reliance on accumulated
data highlights the value of temporal trends. While our approach implic-
itly captures some trajectory information by comparing mean and last
values, it does not explicitly model rates of change. Given that clinicians
often prioritize trends over absolute values, future work could focus on
explicit trend features, though this inherently requires a sufficient obser-
vation window and recording frequency to derive meaningful gradients.
In our cohort, the low-frequency laboratory and vital-sign measures are
stored as aggregated values rather than dense time series, so derivative
features such as lactate clearance or haemodynamic slopes, and time-
aware architectures designed for densely sampled signals, cannot be ap-
plied reliably at this resolution.

Strengths of the study in relation with other studies. A key strength of
this study is its systematic investigation of multimodal fusion strategies
across a broad set of cardiovascular conditions in the ICU, addressing
limitations of prior work that typically focused on individual diagnoses
or a small set of modalities [11]. While previous studies have examined
fusion strategies in restricted contexts — such as pulmonary embolism
detection [21] or dermatological image classification [22] - this work
provides a comprehensive comparison of early, intermediate, and late
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fusion across six clinically relevant conditions. By using the MIMIC-IV
dataset [20], which integrates imaging, time-series signals, LVD data,
and clinical text, this study moves beyond earlier approaches that re-
lied on a single dominant modality with limited auxiliary features. The
consistent performance of late fusion across tasks offers clarity in light
of mixed findings from prior studies, where no fusion strategy showed
universal superiority [21,22,26,27].

One limitation in studies addressing multiple conditions in the ICU
so far was how prediction targets were defined. Many relied on radiol-
ogy reports or clinical notes [18,21], which are subject to biases intro-
duced during the diagnostic process or by the referring clinician [32].
In contrast, ICD codes summarise diagnoses across the entire hospital
admission and are less susceptible to such biases. Although recent work
has begun to adopt ICD codes as prediction targets [35,51], these stud-
ies were not fully aligned with the experimental setup proposed here.
The limitations were both technical and clinical. Technically, the models
were either limited to one fusion approach and did not compare fusion
strategies [35] or attempted multi-label prediction of more than 1000
ICD codes [51], which can dilute performance, as models tend to dis-
proportionately optimise for the most frequent codes. Clinically, they
used limited observation windows (e.g., only the first 1.5 hours of ad-
mission [35]) or the models focused on a single modality [51]. To ensure
clinically meaningful groupings and more balanced data distributions,
the focus in here was on grouped ICD codes, selecting conditions with
similar underlying pathophysiology (see Table A.6).

The presented data preparation pipeline offers several advantages
over existing approaches used to process the MIMIC-IV dataset. Unlike
previous solutions, such as HAIM-MIMIC-MM, MIMIC-IV-Ext-MDS-ED,
and Symile-MIMIC, this pipeline integrates all major modalities avail-
able in MIMIC-1V, including ECG waveforms and chest X-rays, and com-
bines them into an event-based format. This comprehensive approach
improves temporal alignment across data sources, addressing limita-
tions in earlier efforts, such as the exclusion of ECG data in HAIM-
MIMIC-MM [18] and the restricted imaging data in MIMIC-IV-Ext-MDS-
ED [35]. Another key improvement is the modular and scalable nature
of the developed pipeline. While previous approaches relied on rigid
inclusion criteria or outdated software requirements [18], the current
framework is designed to adapt to future versions of MIMIC-IV and to
operate independently of local computing environments. This flexibil-
ity enhances reproducibility and facilitates the extension of the pipeline
to different settings and cohorts. Additionally, the hybrid storage strat-
egy optimises data handling by consolidating low-intensity information
while externally referencing high-intensity data. This structure enables
efficient loading during model training. In summary, the developed
pipeline not only addresses the fragmentation and scalability issues of
MIMIC-IV but also establishes a reproducible and comprehensive frame-
work that helps with future multimodal research. This structured ap-
proach ensures improved temporal consistency, efficient data manage-
ment, and richer clinical feature representation compared to previous
solutions.

Limitations. The models were developed and evaluated solely on the
MIMIC-IV database [20]. This may restrict generalisability to other clini-
cal environments with different patient characteristics, data availability,
and recording practices. Although six cardiovascular conditions were in-
cluded to broaden the scope, the analysis remains dataset-specific. This
reflects an inherent challenge of multimodal research: the limited avail-
ability of comprehensive datasets limits the comparisons options across
studies and settings. In Krones et al. [11] we summarised available mul-
timodal datasets.

A further limitation concerns the scope of evaluation metrics. We
focused on AUC, complemented by FNR, FPR, F1 and the threshold-
dependent operating points reported in Table B.13i. Extending this with
reliability diagrams, Brier scores and formal Decision Curve Analysis for
the late fusion model and its single-modality components, ideally on an
external cohort, would be a natural extension of this work before any
clinical deployment.
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The hospital from which MIMIC data were collected is located in
Boston, MA, USA, and only data from patients there were collected.
Hence, it is limited to the demographic structure of that region. More-
over, because it is a teaching hospital, it can be assumed that the treat-
ment patients receive is rather extensive compared to the world’s aver-
age healthcare supply. As a result, several of our quantitative findings,
including the 24-hour data-availability window and the relative rank-
ing of modalities, reflect the workflows and ordering practices of this
single, well-resourced US academic centre and may differ in resource-
limited or non-academic settings. External, multi-site validation is there-
fore a critical next step before any clinical implementation. In particular,
the staggered availability of laboratory tests, vital signs and imaging in
resource-limited settings would shift both the optimal time window for
prediction and the relative usefulness of individual modalities, an effect
that an external-cohort study with different ordering practices would
be best placed to quantify. However, as it is a single recording site, the
data quality can be assumed to be constant across different demographic
groups.

Diagnostic labels were based on ICD codes, which are mainly used for
administrative purposes. This may introduce label noise or systematic
bias caused by insurance premium and reimbursement schemes [52].
An independent validation of these labels is not possible within MIMIC-
IV, since the only available reference, the free-text notes, is itself one
of the modelled modalities; label-noise-aware training or probabilistic
label treatment is therefore a direction for future work rather than some-
thing we can verify on this dataset. Furthermore, patients who died dur-
ing the hospital stay were excluded from the analysis. This concerned
4716 patients (Table A.7), a group likely to include some of the most
severely ill cases, so the cohort underrepresents the highest-acuity end
of the ICU population. While this exclusion could introduce a bias by
omitting the most severe cases, it allowed us to ensure consistent data
availability across modalities and time points, which was essential for
comparing fusion techniques. We did not model mortality as a compet-
ing risk or within a joint survival-classification framework because our
prediction target is the diagnostic classification of cardiovascular con-
ditions from ICD-10 codes rather than time-to-event or survival; such
frameworks would address a different question rather than correct the
cohort composition.

A further limitation concerns the comparison with state-of-the-art
baselines. We retained the published hyperparameter configurations of
HAIM, MedFuse, and AutoPrognosis-M rather than performing an inde-
pendent hyperparameter search per method on our cohort. This choice
prioritises reproducibility and stays close to the configurations the orig-
inal authors reported as best for their settings, but we cannot rule out
that a method-specific search on our data would close part of the ob-
served performance gap. The same applies to the choice of baselines:
we included the three recent multimodal approaches whose code was
publicly available and could be adapted to MIMIC-IV v3.0 within the
time constraints of this work, and our published forks make any further
re-tuning or extension by other researchers straightforward.

A systematic comparison of computational cost, training time, and
inference latency across fusion strategies was beyond the scope of this
study, which focused on predictive performance and the conditions un-
der which fusion is beneficial; we note, however, that late fusion sup-
ports parallel execution of per-modality models and allows lightweight,
modality-appropriate architectures (for example gradient boosting on
tabular data), which can offset its apparent overhead at inference time.
For the averaging aggregator used in this work, the aggregation step
itself has negligible inference cost compared with the per-modality for-
ward passes, so the wall-clock latency of late fusion is dominated by the
slowest single-modality predictor rather than by the fusion step.

For the clinical-text modality, the cleaning pipeline relies on a pro-
prietary APL; although we use a pinned model snapshot (gpt-4.1-mini-
2025-04-14) and release the prompts, exact long-term reproducibility
outside the OpenAl API cannot be guaranteed. We also note that, given
the way MIMIC-IV stores discharge notes, a temporal-control experiment
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that predicts the diagnosis from notes written strictly before it was made
cannot be implemented cleanly within this dataset.

Finally, only a subset of modalities was included that reflects data
sources typically available in real-world settings. Computed tomogra-
phy, echocardiography, and wearable sensors were excluded due to
limited data availability. Echocardiography in particular represents an
important diagnostic tool in cardiopulmonary care; however, its inte-
gration was not feasible in this study. First, echocardiographic video
analysis constitutes a separate research domain that requires dedicated
pipelines and was therefore beyond the scope of this work. Second, while
text-based reports would in principle provide a more direct way of in-
corporating echocardiography, these notes are not yet publicly released
in MIMIC. In practice, extending our late-fusion pipeline to include them
would be straightforward. Beyond echocardiography, future extensions
should also consider modelling temporal trends over longer time win-
dows and systematically evaluating how varying the inclusion of clini-
cally important tests, such as Troponin or BNP, affects diagnostic differ-
entiation and model uncertainty. A further direction is the systematic
evaluation of fusion performance under missing modalities, comparing
imputation schemes and quantifying how performance degrades as in-
dividual modalities become unavailable across the different conditions;
the pipeline already supports masking for this purpose, but a thorough
analysis is left to future work.

Study implications. This study showcases the value of multimodal ma-
chine learning models in addressing the diagnostic complexity of ICU
settings. By systematically evaluating fusion strategies across a broad set
of cardiovascular conditions, it demonstrates that combining heteroge-
neous data sources, such as vital signs, demographics, ECGs, laboratory
tests, and imaging, can improve predictive performance and support ear-
lier, more reliable clinical decision-making. The comparative analysis of
fusion methods revealed that late fusion offers consistent benefits under
realistic constraints of data availability, particularly in cases of diagnos-
tic uncertainty. While our analysis focused on ICU data from MIMIC,
the framework itself, that is, the systematic comparison of fusion strate-
gies, the modality and timing ablations, the uncertainty-based ranking
and the subgroup analysis, is database-agnostic and can be re-applied
to the analysis of other multimodal databases, such as the UK Biobank®.
The specific quantitative findings, however, should not be assumed to
transfer without external validation.

Moreover, the findings provide practical guidance for prioritising
data collection efforts and integrating machine learning models into
clinical workflows. For clinicians, the automated integration of mul-
timodal information has the potential to refine risk stratification and
optimise intervention timing. For policymakers, the results support ini-
tiatives to improve the interoperability of electronic health record sys-
tems and to promote infrastructure that enables the effective use of mul-
timodal data in predictive modelling. Ultimately, this work advances
both methodological understanding and practical readiness for deploy-
ing uncertainty-aware, multimodal Al systems in critical care. We stress,
however, that the reported gains are improvements in predictive perfor-
mance and not yet validated diagnostic guidance: the framework is in-
tended to support, not replace, clinician judgement. A path towards clin-
ical use would require external multi-site validation, prospective evalu-
ation in the intended setting, and regulatory assessment. We therefore
position this study as a methodological benchmark rather than a de-
ployable end-point, and view emerging clinical foundation models as a
complementary direction that a systematic comparison of fusion strate-
gies can inform.
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Code availability

We published the adjustments to all repositories. For AutoPrognosis-
M [22] this includes the adjustments to run with MIMIC-IV (Q
GitHub?), while we adjusted the MedFuse model [19] to incorporate
data from MIMIC-IV Version 3.0 (€) GitHub!?). For HAIM [18], besides
the updates to Version 3.0, several further adjustments were necessary
(© GitHub').

The developed code will be published via PhysioNet, as we have
also published previous work [53]. In contrast to previous work, which
were shared as datasets, this submission will be released as a PhysioNet
Software Project, similar to the HAIM repository [18]. Publishing the
pipeline as software ensures that the underlying data remain protected
under the MIMIC-IV access controls and makes it easier for others to
rerun the code if the dataset is updated in the future. The software
package will include code for data extraction, preprocessing, and in-
tegration across MIMIC-IV modalities; scripts to convert the data into
an event-based multimodal format; visualisation tools to support expert
exploration; and dummy data that reproduces the structure of the orig-
inal MIMIC-IV tables for demonstration purposes. This setup enables
credentialed researchers to reproduce the full preprocessing workflow
using their own local copy of MIMIC-1V. To support reproducibility, the
release specifies the software environment through a pinned require-
ments file, controls all model and preprocessing settings through a sin-
gle configuration file, uses a fixed random seed throughout data split-
ting, resampling and training, and stores the exact patient-level cross-
validation fold assignments (a 5-fold scheme with a nested 64/16/20
train, validation and test split) so that all experiments reuse identical
splits.

9 https://github.com/felixkrones/AutoPrognosis-Multimodal
10 https://github.com/felixkrones/MedFuse
11 https://github.com/felixkrones/HAIM
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Appendix A. Data selection
Appendix B. Results
Appendix C. Prompt for clinical note cleaning

The following prompt was issued to OpenAl’s gpt-4.1-mini-2025-
04-14 via the OpenAl API as part of the note cleaning pipeline. The call
uses structured outputs validated against a Pydantic schema, so that the
model fills fixed fields rather than producing free-form text. After this
prompt was applied, the Discharge and Brief Hospital Course fields were
dropped, and only the remaining 11 admission-side sections were used
as input to the downstream models.

You are a medical machine learning expert.

Your task is to split medical notes into sections based on when information gets
~ collected.

Do not adjust the text, just split it into sectioms.

Before you reply, make sure to read the entire note, understand the context and
< that you followed the instructions below.

**SECTIONS TO SPLIT INTO:*x*

- Administration
Demographics

- Allergies

- Chief complaint

Major surgical or invasive procedure
- Medical and illness history
Social/Family History
Medications on admission

- Physical exams

Imaging

- Discharge

Brief Hospital Course:

- Other

**INSTRUCTIONS : **

1. Brief Hospital Course is everything that comes after Brief Hospital Course is
~ mentioned in the note.

2. Discharge should contain all information not under Brief Hospital Course, but
— that are still discharge related, such as discharge labs, discharge exam,

~ discharge medications, etc. Add all discharge related information to the

-~ Discharge section not just the ones I mentioned.

3. If you have exams under discharge, make sure to include them in the Discharge
— section not in the Physical exams section.

4. If you are unsure to which section a piece belongs, add it to the "Other"

— section.

5. Sections could be empty, but do not remove them.

**QUTPUT FORMAT: *x*

Json with two keys:

- "text": dictionary, where keys are section names and values are the text of the
— section

- "confidence": float, a confidence score between 0 and 1 indicating how

— confident you are that the text is cleaned correctly and does not contain any
— target leakage


https://github.com/felixkrones/AutoPrognosis-Multimodal
https://github.com/felixkrones/MedFuse
https://github.com/felixkrones/HAIM
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Table A.6
Label selection for circulatory system disorders. Refinement of WHO ICD-10 codes in order to derive prediction labels. All prediction
groups are modelled as binary prediction problems.

Information Fusion 136 (2026) 104573

Label group name

ICD-10 blocks

Motive

Description

(1) Hypertensive diseases

(2) Ischaemic heart diseases

(3) Chronic ischaemic heart
disease

(4) Cardiomyopathies

(5) Dysrhythmias

(6) Heart failure

110 - Essential (primary) hypertension
111 - Hypertensive heart disease

112 - Hypertensive renal disease

113 - Hypertensive heart and renal dis-
ease

120 - Angina pectoris

121 - Acute myocardial infarction

122 - Subsequent myocardial infarction
124 - Other acute ischaemic heart dis-
eases

125 - Chronic ischaemic heart disease

142 - Cardiomyopathy

143 - Cardiomyopathy in diseases classi-
fied elsewhere

144 - Atrioventricular and left bundle-
branch block

145 - Other conduction disorders

147 - Paroxysmal tachycardia

148 - Atrial fibrillation and flutter

149 - Other cardiac arrhythmias

150 - Heart failure

All same underlying disease
processes

Acute, same underlying pro-
cesses

Chronic, same underlying pro-
cesses

Grouping of all cardiomy-
opathies

Grouping of all dysrhythmias

Heart failure

Long-term high blood pressure that
strains the heart and vessels.

Reduced blood and oxygen supply to the
heart muscle.

Lasting heart muscle damage from re-
duced blood flow, often after a heart at-
tack.

Heart muscle disorders that weaken the
pumping function, unrelated to high
blood pressure or blocked vessels.
Irregular heart rhythms that are too fast,
too slow, or uneven.

Inability of the heart to pump enough
blood to meet the body’s needs.

Table A.7
Cohort filters.

Filters

applied to

MIMIC-IV to derive final cohort size of

Table A.8

Demographics. Statistical summary of demo-
graphic characteristics in the cohort.

28,262 patients. Feature Value
Criteria Count Total n 28,262 patients
All hospitalised pati 223,452 Asian 3%
N b'osplta 1::(]3) ;:iatl'en'ts 916, 5. Black 13%
NmI iguous ED admissions —1 ) Hispanic 4%
o SU Zt_ayh '1“;’7’53 Other 17%
No ICU discharge - White 63%
Died during first ICU stay -4,716
First ICU stay < 24 h 12,291 Gender
No ED admis o 19,724 Female 45%
Aoe < fsmlssmn -0 ’ Male 55%
Cgh Tsi 28,2632 Age mean (SD) 65.4 (18.6) years
onort size 'y
Length of stay mean (SD)  272.8 (284.4) hours
2500 Measurement availability
S 3.000
Q
o
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=2
@ 2.000
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Fig. A.7. Measurement availability. Availability of measures in the cohort is shown, with the y-axis representing the cumulative count of measures based on their
availability per patient. For example, 228 measures are available for more than 60% of the patients.
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Fig. A.8. Availability time distribution. The figure shows for X-rays, ECGs, Demographics, Vital data, Input events and Lab Tests when the measures became
available after ICU admission in hours. Per patient, the first availability (column Min), the last (column Max) and the average (column Mean) are shown. In red the
overall average time the data became available. 0 means that the data were already available before ICU admission, e.g., from ED or other hospital units.
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Fig. B.9. Feature importance of LVD data. Top features of the LVD XGB models for the various conditions, shown as their contribution to classification performance.
Plotted is the range from minimum to maximum importance across folds, ordered by the mean importance (red dots). Each plot relates to one of the six investigated
conditions (see Table 2). These features were found to be informative for prediction, but are not necessarily causal factors.
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heart disease

Fig. B.10. Fusion effect on incorrect single modality predictions. The figure shows the effect of the fusion model on incorrectly predicted cases of the main
single modality model, considering X-rays, ECGs and LVD data. The figure shows how many false positives and negatives the fusion model fixed.
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Table A.9

Data selection for MIMIC-IV cohort. Available features used in modelling. Aggregation
refers to the method used for aggregating low-frequency features, where all aggregations
were provided to the model as separate features with an option to remove highly correlated
features. In bold: Modality type — Sub-type — Category — Location (data source). Availability
refers to the availability in the 28k patient cohort. 1/2.

Description Usage information

Feature Item ID Unit Availability [%] Aggregation
Tabular - Static patient information (admissions, icustays, patients, medrecon)

Age N/A years 100 at admission
Gender N/A categorical 100 N/A

Race N/A categorical 80.1 N/A

Prev. medication N/A categorical 100 N/A

Tabular - Diagnoses (diagnosis)

ED ICD codes N/A categorical 100 last

Tabular - Low-frequency - Vital signs - ED (vitalsign, triage)

Diastolic blood pressure ~ N/A mmHg 37.3 first, last, mean
Heart rate N/A beats per min 37.3 first, last, mean
Order of priority N/A score 1-5 36 first, last, mean
Oxygen saturation N/A percentage 37.3 first, last, mean
Respiratory rate N/A breaths per min ~ 37.3 first, last, mean
Self-reported pain N/A score 0-10 37.3 first, last, mean
Systolic blood pressure N/A mmHg 37.3 first, last, mean
Temperature N/A degrees F 37.3 first, last, mean

Tabular - Low-frequency - Vital signs - ICU (chartevents, oasis, sofa)

Albumin 227,456 g/dl 42.5 mean

Arterial CO2 pressure 220,235 mmHg 42.3 mean, max, min
Arterial O2 pressure 220,224 mmHg 42.3 mean, max, min
Diastolic blood pressure 220,180 mmHg 99.7 mean, max, min
GCS - eye opening 220,739 score 1-4 100 last

GCS - motor response 223,901 score 1-6 100 last

GCS - verbal response 223,900 score 1-5 100 last

Heart rate 220,045 beats per min 100 mean, max, min
Inspired O2 fraction 223,835  percentage 48.1 mean, min
Mean blood pres. 220,181 mmHg 99.7 mean, max, min
Oxygen saturation 220,277 percentage 100 mean, min
Platelet count 227,457 k/ul 99.4 mean
Respiratory rate 220,210 insp/min 99.9 mean, max, min
Sodium (serum) 220,645 meq/1 99.5 mean, max, min
Systolic blood pressure 220,179  mmHg 99.7 mean, max, min
Temperature 223,761 degrees F 99.8 mean, max, min
Weight 226,512 kg 100 last

OASIS score N/A score 100 first, last, max
SOFA score N/A score 100 first, last, max
Tabular - Low-frequency - Treatments - ICU (inputevents)

Dextrose 5% 220,949 ml 64.8 sum, mean
Magnesium sulfate 222,011 grams 45.5 sum, mean
NacCl 0.9% 225,158 ml 79.4 sum, mean

Po intake 226,452 ml 71.8 sum, mean
Solution 225,943 ml 48.8 sum, mean

Tabular - Low-frequency - Treatments - Hosp (procedures_icd)
Procedure codes N/A categorical 100 last

Images (metadata)

X-rays N/A N/A 24.4 Last
High-frequency measures (record_list)

ECGs N/A N/A 48.9 Last
Text data (triage)

ED complaints N/A N/A 55.7 Last
Radiology reports N/A N/A 75.4 Last
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Table B.11

Table A.10

Data selection for MIMIC-IV cohort. Available features used in modelling. Aggrega-
tion refers to the method used for aggregating low-frequency features, where all ag-
gregations were provided to the model as separate features with an option to remove
highly correlated features. In bold: Modality type — Sub-type — Category — Location (data

source). Availability refers to the availability in the 28k patient cohort. 2/2.

Description Usage information
Feature ItemID  Unit Availability [%]  Aggregation
Tabular - Low-frequency - Lab measures - Hosp (labevents)

Alanine aminotransferase 50,861 iu/l 69.1 mean
Alkaline phosphatase 50,863 iu/l 68.5 mean
Anion gap 50,868 meq/1 99.7 mean
Bicarbonate 50,882 meq/1 99.7 mean
Bilirubin, total 50,885 mg/dl 68.6 mean
Calcium, total 50,893 mg/dl 99.4 mean
Chloride 50,902 meq/1 99.7 mean
Creatinine 50,912 mg/dl 99.7 mean
Glucose 50,931 mg/dl 99.7 mean
Hematocrit 51,221 percentage 99.7 mean
Hemoglobin 51,222 g/dl 99.6 mean
INR (PT) 51,237 N/A 92.6 mean
Lactate 50,813 mmol/1 64.2 mean
Magnesium 50,960 mg/dl 99.5 mean
MCH 51,248 pg 99.6 mean
MCHC 51,249 percentage 99.6 mean
MCV 51,250 fl 99.7 mean
Phosphate 50,970 mg/dl 99.4 mean
Platelet count 51,265 k/ul 99.7 mean
Potassium 50,971 meq/1 99.7 mean, max, min
PT 51,274 sec 92.6 mean
PTT 51,275 sec 92.2 mean
RDW 51,277 percentage 99.6 mean
Red blood cells 51,279 m/ul 99.7 mean
Sodium 50,983 meq/1 99.7 mean
Urea nitrogen 51,006 mg/dl 99.7 mean
WBC 51,516 num/hpf 47.3 mean, max, min
White blood cells 51,301 k/ul 99.6 mean

Information Fusion 136 (2026) 104573

Comparison of proposed fusion pipeline to state-of-the-art models. State-of-the-art models from the literature where trained and
evaluated on the proposed classification task the 6 different ICD-10 code groups for the circulatory system (Table A.6). Reported is the
average (SD) AUC over 5-fold CV. If multiple fusion strategies were proposed, the best reported one was used. For a fair comparison,
the fusion dataset of size 5280 patients was used for all models (Table 2). In bold the best performing one.

Paper/Model

@

2

(©)] 4

©)]

©)

Baseline (Late, fusion, w/o notes)

0.757 (0.012)

0.767 (0.016)

0.784 (0.012)

0.732 (0.033)

0.792 (0.009)

0.828 (0.007)

HAIM [18]
MedFuse [19]
AutoPrognosis-M [22]

0.754 (0.034)
0.767 (0.015)
.755 (0.012)

0.700 (0.039)
0.760 (0.015)
.729 (0.041)

0.762 (0.027)
0.778 (0.023)
.783(0.034)

0.676 (0.093)
0.775 (0.051)
.719 (0.030)

0.808 (0.006)
0.757 (0.021)
0.785 (0.027)

0.796 (0.012)
0.803 (0.021)
0.808 (0.016)

Table B.12

Late fusion model: Performance by subgroup.
Mean (SD) AUC over the five cross-validation
folds for the late fusion model (all modalities,
average aggregation, no notes), evaluated on the
held-out test data of the 5,280-patient fusion co-
hort. Values are reported for chronic ischaemic
heart disease as a worked example. Max gap is the
maximum AUC gap across all subgroups in the
table; Worst is the AUC of the worst-performing

subgroup.
Group AUC
Overall 0.824 (0.016)
Max gap 0.111
Worst 0.750 (0.023)
Age < 63 0.861 (0.034)
Age > 63 0.750 (0.023)

Sex - female
Sex - male

0.789 (0.010)
0.841 (0.023)

Insurance - Medicaid
Insurance - Medicare
Insurance - Other
Insurance - Private

0.848 (0.053)
0.769 (0.024)
0.846 (0.123)
0.865 (0.020)
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Table B.13

Late fusion model: Threshold-dependent performance by sub-
group. Mean (SD) of accuracy, FNR and F1 over the five cross-
validation folds for the late fusion model on chronic ischaemic heart
disease, evaluated on the held-out test data. Reported are the values
at the default decision threshold of 0.5 (panel a) and at an accuracy-
optimised global threshold selected on a held-out validation set (panel
b). Max gap is the largest gap across age, sex and insurance subgroups;

Worst is the worst-performing group.

Group Accuracy FNR

F1

a) Default threshold of 0.5

Overall 0.744 (0.029)  0.261 (0.042)  0.713 (0.024)
Max gap 0.166 0.111 0.073

Worst group 0.674 (0.030)  0.378 (0.097)  0.666 (0.028)
Age < 63 0.838 (0.030)  0.326 (0.021)  0.739 (0.034)
Age > 63 0.674 (0.030)  0.288 (0.056)  0.666 (0.028)
Sex - female 0.735 (0.018)  0.337 (0.059)  0.674 (0.018)
Sex - male 0.747 (0.039)  0.226 (0.046)  0.730 (0.035)

Insurance - Medicaid 0.812 (0.042) 0.378 (0.097)
Insurance - Medicare 0.690 (0.031) 0.277 (0.054)
Insurance - Other 0.856 (0.068) 0.306 (0.108)
Insurance - Private 0.802 (0.042) 0.293 (0.063)

0.697 (0.052)
0.679 (0.027)
0.739 (0.087)
0.733 (0.034)

b) Accuracy-optimised global threshold

Overall 0.788 (0.012) 0.540 (0.084) 0.703 (0.027)
Max gap 0.152 0.134 0.069

Worst group 0.716 (0.017) 0.663 (0.261) 0.731 (0.037)
Age <63 0.867 (0.012) 0.607 (0.073) 0.706 (0.029)
Age > 63 0.716 (0.017) 0.564 (0.093) 0.663 (0.034)
Sex - female 0.794 (0.015) 0.624 (0.070) 0.662 (0.016)
Sex - male 0.782 (0.020) 0.490 (0.101) 0.722 (0.039)

Insurance - Medicaid 0.858 (0.023) 0.623 (0.060)
Insurance - Medicare ~ 0.730 (0.023) 0.558 (0.103)
Insurance - Other 0.882 (0.048) 0.663 (0.261)
Insurance - Private 0.851 (0.013) 0.551 (0.096)

0.686 (0.035)
0.672 (0.040)
0.662 (0.144)
0.731 (0.037)

19

Information Fusion 136 (2026) 104573



F. Krones et al. Information Fusion 136 (2026) 104573

FNR H Al single modalities are wrong Ml Two single modalities are wrong [l One single modality is wrong
i) 67%
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heart disease diseases

Fig. B.11. Modality effect on false fusion predictions. The figure shows the influence of the single modalities on false predictions of the late fusion model,
considering X-rays, ECGs and LVD data. i) and ii) show the split of the FNR into whether all single modalities were wrong, only two or only one, in i) scaled to all
predictions and in ii) scaled to the false negative ones. iii) and iv) do the same for the FPR. Above the bars in i) and iii) are the FNRs and FPRs shown, respectively.
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Fig. B.12. Selective acquisition of multimodal data. The figure shows the performance gain in F1-score of the multimodal model compared with the single
modality models. The x-axis is divided into ten percent buckets of patients, ranked according to the confidence of the single modality model. For each bucket, the
multimodal model was applied instead of the single modality model. For example, the second bucket includes the 10% of patients whose single modality predictions
had the lowest 10% to 20% confidence levels. The F1-score of the multimodal model was then calculated for each bucket and compared to the Fl-score achieved
using only a single modality, such as X-rays. The graph indicates that, as the certainty of single-modality predictions increases (towards the right of the x-axis), the
added value of the fusion model diminishes (the graph flattens out). This pattern suggests that the multimodal approach is most advantageous when single-modality
predictions are less confident. Each plot relates to one of the six investigated conditions (see Table 2).
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Fig. B.13. Distribution of prediction probabilities. Distribution of the prediction probabilities for the different diseases and modalities. In green for X-ray, red for
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