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ABSTRACT With the increasing availability of diverse data types, particularly images and time series
data from medical experiments, there is a growing demand for techniques designed to combine various
modalities of data effectively. Our motivation comes from the important areas of predicting mortality and
phenotyping where using different modalities of data could significantly improve our ability to predict.
To tackle this challenge, we introduce a new method that uses two separate encoders, one for each type of
data, allowing the model to understand complex patterns in both visual and time-based information. Apart
from the technical challenges, our goal is to make the predictive model more robust in noisy conditions
and perform better than current methods. We also deal with imbalanced datasets and use an uncertainty
loss function, yielding improved results while simultaneously providing a principled means of modeling
uncertainty. Additionally, we include attention mechanisms to fuse different modalities, allowing the model
to focus on what’s important for each task. We tested our approach using the comprehensive multimodal
MIMIC dataset, combining MIMIC-IV and MIMIC-CXR datasets. Our experiments show that our method
is effective in improving multimodal deep learning for clinical applications. The code for this work is publicly
available at: https://github.com/AliRasekh/TSImageFusion

INDEX TERMS Multimodal learning, time series, attention mechanism, robustness, phenotyping.

I. INTRODUCTION

Artificial intelligence (AI) has become increasingly essen-
tial in medical fields, transforming healthcare by offering
advanced capabilities in predicting mortality, identifying
diseases, and conducting various diagnostic tasks. With
the rise of deep learning techniques, Al has shown out-
standing effectiveness and accuracy, especially in medical
applications. Methods such as convolutional neural networks
and recurrent neural networks have been found to achieve
high diagnostic accuracies in classifying medical images
and predicting disease progression from patient records.
Multimodal learning, which has gained increasing attention,
uses various data sources like electronic health records
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and medical images to strengthen predictive modeling and
diagnostic abilities.

The integration of Al in medical practice brings several
benefits. Firstly, it allows healthcare professionals to use
large amounts of data to make quick and accurate decisions.
For example, in predicting mortality, Al algorithms can
analyze patient data such as vital signs, lab results, and
medical images to identify signs of deteriorating health
and take timely action. Secondly, Al supports personalized
medicine by identifying patient groups with distinct charac-
teristics, helping tailor treatment strategies. This personalized
approach improves patient outcomes and reduces the risk
of adverse reactions to treatments. Additionally, AI-powered
diagnostic tools are highly sensitive and specific, aiding in
early disease detection. Overall, integrating Al into medical
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practice holds great promise for improving patient care,
simplifying processes, and ultimately saving lives.

However, seamlessly integrating different types of data,
like medical images and time series data, brings significant
challenges in realizing AI’s full potential in healthcare.
These challenges arise from varied aspects, such as the
heterogeneity of data formats, the large size and high
dimensionality of the data that require massive computational
resources, the need for harmonizing unstructured text data
like clinical notes, and the difficulty of aligning multimodal
data due to differences in acquisition methods and tem-
poral inconsistencies. Combining these diverse data types
requires innovative approaches to address the complexities
and variations within clinical datasets. For example, when
diagnosing complex conditions like sepsis, integrating data
from multiple sources such as physiological measurements
and imaging studies is crucial for accurate diagnosis and
timely intervention. Overcoming these integration challenges
is essential for unlocking the transformative power of Al in
healthcare and maximizing its impact on patient outcomes.

This paper addresses these challenges in critical healthcare
tasks such as predicting mortality and phenotyping. Our main
goal is to design a robust multimodal framework capable
of handling the complexities of clinical datasets effectively.
Ultimately, we aim to contribute to improved and more
informed healthcare decision-making.

The rich diversity of clinical data, characterized by its
multimodal nature, requires innovative approaches to extract
meaningful insights. Our research focuses on achieving the
following key objectives:

1) Enhanced Modality Fusion via Attention Mecha-
nism: We introduced an attention mechanism enabling
dynamic allocation of attention across modalities,
enhancing model flexibility and improving predictive
accuracy. This underscores the importance of modality
fusion in multimodal architectures.

2) Uncertainty-Aware Multi-Task Learning with
Uncertainty Loss: Employing an uncertainty loss
function for multi-task phenotype classification, our
approach prioritizes simpler and more certain tasks,
enhancing overall performance by adapting to complex
and uncertain ones.

3) Robustness in Noisy Environments: Develop meth-
ods to ensure robust performance even in noisy
settings commonly encountered in real-world hospital
scenarios, where data may exhibit variability and
imperfections.

Our research yields strong results, demonstrating the
practical usefulness and resilience of our multimodal frame-
work under challenging conditions, including noisy settings
and data. We chose the MIMIC dataset [1], [2] for its
diverse modalities and comprehensive nature, encompassing
electronic health records, time series data, and chest X-ray
images. The objectives of our study, including predict-
ing mortality, identifying diseases, and labeling radiology
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images, align closely with the rich annotations and labels
available within the MIMIC dataset. This consolidation
facilitates a comprehensive understanding of patient health,
allowing our model to learn correlations between temporal
health records and visual representations. The resulting multi-
modal dataset is carefully preprocessed, aligning timestamps
and standardizing imaging data, ensuring a coherent fusion
of modalities for robust model training and evaluation.

Our thorough exploration of multimodal deep neural
networks for clinical applications has revealed impactful
high-level findings. The specialized encoders designed
for images and time series data can successfully capture
patterns within each modality, significantly enhancing the
model’s discriminative power. Additionally, the integration
of attention mechanisms for modality fusion empowers our
model to allocate attention dynamically based on task and
modality relevance. This not only improves adaptability but
also enhances interpretability across predicting mortality and
phenotyping labels such as chronic kidney diseases, other
liver diseases, and complications of surgical procedures or
medical care. Another critical aspect, particularly relevant in
multi-label classification, is the consideration of uncertainty
and how to model it effectively. We have shown that the
uncertainty loss function not only improves performance but
also provides a principled means of modeling, specifically in
identifying diseases. Our approach showcases strong results,
demonstrating the practical usefulness and resilience of our
multimodal framework, even under challenging conditions
such as noisy settings.

In the following sections, we first review existing work in
multimodal learning and machine learning methods in health-
care data (Section II). Then, we provide a comprehensive
overview of our dataset, detailing its composition, prepro-
cessing steps, and rationale for integrating the MIMIC-IV and
MIMIC-CXR datasets, following the approach outlined in
the MedFuse paper [3]. We detail the methodologies guiding
our multimodal model training in (Section IV). Subsequent
sections cover experimental outcomes and our findings,
highlighting the robustness and superior performance of our
approach compared to state-of-the-art methods (Section V),
and conclude the paper by outlining future directions in
multimodal deep learning for healthcare (Section VI).

Il. RELATED WORK

The field of multimodal learning has seen significant
attention for its potential to extract richer representations
from heterogeneous data. An indicative example is the
recent development in employing both MRI imaging data
and clinical notes to better predict disease progression in
neurodegenerative disorders such as Alzheimer’s [4]. Our
focus in this paper lies at the intersection of diverse endeavors
seeking to capitalize on synergies among different data
modalities. We explore two key domains in the following:
Section II-A explores multimodal machine learning, empha-
sizing approaches integrating disparate data modalities for
enhanced model performance. In Section II-B, we focus
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on machine learning applications in healthcare, reviewing
studies that have led computational methods in improving
patient outcomes.

A. MULTIMODAL MACHINE LEARNING

Researchers have been exploring various methodologies to
leverage multimodal data effectively in machine learning
tasks. Rahim et al. [5], for instance, highlight the importance
of integrating longitudinal MRI images with clinical data for
disease progression prediction, while Niu et al. [6] combined
time series and clinical data to improve mortality prediction.
Soenksen et al. [7] take a step further by developing a
platform capable of generating embeddings for various
modalities, including images, text, and tabular data. These
contributions have indeed advanced our understanding of
the field. However, the simultaneous incorporation of image
and time series data, which is a cornerstone in our research,
remains unexplored in these studies. Our work addresses
this by integrating both data types, thereby enhancing model
performance.

In the area of medical imaging with multimodal learning,
a few notable studies have demonstrated promising results.
Nie et al. [8] employed a multi-channel 3D CNN to integrate
various MR imaging modalities, achieving high accuracy in
predicting overall survival (OS) time for high-grade glioma
patients. Despite their achievements, a key concern is the
singular focus on one type of MRI data potentially reducing
the ability to fully capture the complex patterns of the medical
problems. Similarly, Srinivas and Sasibhushana Rao [9]
combined multiple imaging types to create a two-stage
learning method. Yet, their techniques might be limited by
an over-reliance on specific imaging types, not considering
time-series and leaving unaddressed the problem of model
uncertainty. Our work, by contrast, applies separate encoders
for distinct data types, allowing the better recognition of
complex patterns in both visual and time-based data, and
also addresses the challenges related to imbalanced data and
model uncertainty.

Further pushing the boundaries in the field of medical
imaging, Muduli et al. [10] designed a deep CNN model by
integrating mammograms and ultrasound images. Similarly,
Khan et al. [11] proposed a multimodal deep neural
network to improve multi-class diagnosis of malignant liver
conditions. These studies primarily focus on singular tasks.
Distinctly, our work also explores a multi-task setting,
broadening the scope of applications by simultaneously
predicting multiple clinical outcomes from our extensive
multimodal MIMIC dataset.

Certain research efforts have concentrated on predicting
specific clinical outcomes using multimodal data. Sun et al.
[12] proposed a multimodal neural network integrating
multi-dimensional data to predict breast cancer prognosis,
achieving superior performance compared to pre-existing
methods. Furthering this concept, Joo et al. [13] developed
a deep learning model to predict the pathologic complete
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response (pCR) to neoadjuvant chemotherapy (NAC) in
breast cancer patients. They integrated high-dimensional MR
images and clinical information, significantly outperforming
models that employed only one type of data. These studies
illustrate the potential of multimodal deep learning in
health prognostics and individualized healthcare. While these
studies make significant advances in their respective areas,
they are primarily focused on the prediction of specific
outcomes in breast cancer patients, and do not consider the
multi-task setting in medical domain.

B. MACHINE LEARNING IN HEALTHCARE

Despite promising advancements in applying machine learn-
ing to healthcare, significant limitations persist, including the
need for extensive labeled data, interpretability challenges,
and potential biases. This section examines these issues and
current research efforts aimed at addressing them to ensure
ethical and practical implications are carefully considered.

Zeng et al. [14] amalgamate structured clinical data
with clinical narratives for predicting distant recurrences
in breast cancer, while Harerimana et al. [15] encourage
health informaticians to utilize deep learning in medical
settings because of its potential. Daberdaku et al. [16]
and Zikos et al. [17] embrace EHR data, with the former
using it to navigate missing longitudinal clinical data and
the latter augmenting the Healthcare Cost and Utilization
Project tools. Finally, Guo et al. [18] advocate for the
adoption of machine learning for the prediction of mortality
among patients with liver cirrhosis. Although these studies
underline the applicability of EHR and clinical information
in tackling various healthcare challenges, they each fall short
in addressing multimodal data integration, which is one our
of contributions.

Several studies have been conducted in the field of
disease prognosis and diagnosis. The study by Jeon et al. [19]
anticipates changes in blood glucose concentration. Mir and
Dhage [20] utilize machine learning for diabetes prediction,
while Gogi and Vijayalakshmi [21] enhance prognosis meth-
ods for liver diseases using machine learning. Further, Maity
and Das [22] contribute to the diagnosis and prognosis of
Alzheimer’s disease and breast cancer, respectively. Niu et al.
[23], and Suvon et al. [24], focused on sizable, detailed
health record data to predict disease. These studies inform
our work by highlighting the potential of machine learning
in disease prognosis. Our research addresses under-explored
areas in their work under-explored areas in their work,
specifically by leveraging multimodal data integration and
applying uncertainty modeling for more accurate predictions.

Zhu et al. [25] developed a fall detection framework, while
Balbi et al. [26] highlighted the role of chest X-rays in
predicting the severity of COVID-19 patients. Rahane [27]
used image processing and machine learning techniques for
lung cancer detection while Jacenkow et al. [28] focused on
the influence of textual information in radiology reports on
image classification tasks. Bezirganyan et al. [29] introduced
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M2-Mixer for multimodal classification tasks. While these
studies highlight the significance of image data in healthcare
prediction tasks, they focus primarily on single-modal data.
Our paper addresses this limitation by introducing a method
that employs separate encoders for each modality, providing
a mechanism for efficient multimodal fusion.

Tiirkmen [30] developed Turkish biomedical language
models to enhance the classification performance in clinical
contexts. Niu et al. [23] proposed an attention mechanism
with Clinical-BERT for disease risk prediction using textual
inputs. Jacenkow et al. [28] investigated the influence of
textual information on image classification tasks in radiology
reports. While these papers underline the importance of
text-based data, they address their processing in isolation
without discussing its integration with other data modalities.
In contrast, our work fills this gap by proposing a robust
method capable of handling both visual and time series
data effectively and fusing the information for improved
prognostic performance.

The paper MedFuse [3] is the most related work to
ours. This research introduces a novel LSTM-based fusion
module designed to integrate uni-modal and multimodal
input, addressing challenges in multimodal fusion where
data collection is asynchronous. MedFuse demonstrates
significant performance improvements in in-hospital mortal-
ity prediction and phenotype classification tasks by using
clinical time series data and chest X-ray images from the
MIMIC-IV and MIMIC-CXR datasets. Unlike other fusion
approaches, MedFuse treats multimodal representations as
a sequence of uni-modal representations, performing even
with partially paired data. However, the selected architecture
is not the best-performing and robust solution. Their model
also does not consider the uncertainty of the different
tasks in multi-task phenotyping classification. Our proposed
approach, including our architecture, attention mechanism,
preprocessing methods, and the incorporation of uncertainty
modeling through a loss function, enabled us to outperform
their method in both noisy and noise-free environments.

lIl. MULTIMODAL DATA PREPARATION

This section describes the process of preparing our multi-
modal dataset. First, we will discuss the details of the MIMIC
dataset (Section III-A), including its overall structure and rel-
evant information for our analysis. Next, we will explore the
specifics of the MIMIC-CXR subset (Section III-B), which
focuses on chest X-ray images within the MIMIC dataset.
Finally, we will review the MIMIC-IV dataset (Section I1I-C),
which provides additional information relevant to our study.
At the end (Section III-D), we’ll discuss how the data from
MIMIC-IV and MIMIC-CXR are combined to generate the
multimodal dataset.

A. MIMIC DATASET
The Medical Information Mart for Intensive Care (MIMIC)

is a large, freely available database containing healthcare
data. MIMIC-IV (v2.2) [2], the latest version released in
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(a) )

FIGURE 1. The effect of CLAHE augmentation: (a) original chest X-ray
image, (b) CLAHE augmented image. CLAHE significantly improves the
visibility of inner body parts, showcasing intricate details such

as the kidney on the right side of the image. Additionally, it enhances the
depiction of bone density, providing clearer insights. Such refined details
play a crucial role in mortality prediction and phenotype classification.

January 2023, incorporates data from patients admitted
between the years 2008 and 2019. It improves upon numerous
aspects of its predecessors by adopting a modular data
organization approach, highlighting data provenance. This
section provides a high-level overview of the MIMIC-IV
dataset, highlighting its structure and relevant information
for our analysis. MIMIC-IV’s rich data allows researchers
to explore a wide range of healthcare topics, including
patient demographics, diagnoses, procedures, medications,
laboratory measurements, vital signs, and even information
from the online medical record system (e.g., height, and
weight). Importantly, the data is deidentified using a strict
protocol to protect patient privacy while still enabling
valuable medical research.

B. MIMIC-CXR

MIMIC-CXR [1] is a valuable subset of MIMIC specifically
focusing on chest X-ray images. This publicly available
resource provides a rich dataset for researchers in medical
image analysis. It contains 377,110 de-identified chest
radiographs, including both frontal and lateral views captured
during patients’ hospital admissions. In this research paper,
the multimodal dataset utilized combines MIMIC-CXR with
MIMIC-1V, integrating chest X-ray images from MIMIC-
CXR as the second modality. This fusion allows for a
comprehensive dataset including both time series data and
image modalities.

C. MIMIC-IV

MIMIC-IV database represents a significant advancement in
medical data resources, building upon the success of MIMIC-
III. Incorporating contemporary data from 2008 to 2019,
MIMIC-IV is sourced from two in-hospital database systems,
a custom hospital-wide Electronic Health Record (EHR)
and an ICU-specific clinical information system. The latest
version of this dataset includes the information of 299,712
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patients, 431,231 admissions, and 73,181 ICU stays. This
dataset is used to run experiments on the proposed model
for two tasks; namely in-hospital mortality prediction, and
phenotyping task. The latter includes 25 binary labels for
predicting a range of diseases which can be categorized
into groups of acute, mixed, and chronic diseases. For
instance, the chronic kidney diseases label in the chronic
group is considered for patients who have long-term damage
to the kidneys, often progressive and irreversible, leading to
impaired kidney function. As an acute disease, complications
of surgical procedures or medical care are adverse events
or complications arising from surgical or medical treatments
and other liver diseases label determines the various liver
disorders not classified under specific categories, including
conditions like fatty liver disease and hepatitis. MIMIC-IV
serves as a valuable resource for driving advancements in
clinical informatics, epidemiology, and machine learning to
improve patient care and outcomes. In our study, we have
used this dataset to get the time series modality for our
research.

D. GENERATING MULTIMODAL DATASET
As previously mentioned, we employ the MIMIC-IV dataset
to assess and benchmark our models. To generate this dataset,
we adopt the data extraction and preprocessing approach
proposed in MedFuse. In the original dataset, each patient
report may contain zero or more chest X-ray images taken
during the patient’s hospital stay, in addition to time series
data. Our data generation process involves selecting the last
captured image for each patient report and combining it with
the associated time series data to create a sample. Using
only the last image for each patient not only accelerates the
training process and results in a more agile network, but also
reduces resource consumption. Additionally, not all patients
have multiple chest X-rays; some may only have a single
image without a comprehensive healthcare report. Also, the
latest image provides the most relevant information for the
current state of the patient, while older images may introduce
noise and hinder prediction accuracy. Table 1 presents a
statistical analysis of the time difference, in hours, between
the last CXR image taken and the recorded time series data
for each patient. On average, the time series data was recorded
23 hours after the last X-ray image. Also, the maximum
period length is 48 hours showcasing the maximum period
for recording data for in-hospital mortality prediction task.
We utilize consistent dataset settings for reporting our
results. Employing the patient identifier from the clinical time
series data, we randomly partition the dataset into 70% for
training, 10% for validation, and 20% for the test set. In our
notation, we denote the clinical time series data as EHR and
the chest X-ray images as CXR. The dataset is categorized
into (EHR + CXR)PARTIAL, containing paired and partially
paired samples (i.e., samples with missing chest X-rays), and
(EHR + CXR)PAIRED, containing data samples where both
modalities are present.
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The training set for patient phenotyping, (EHR +
CXR)PARTIAL, includes a total of 42,628 samples. Out of
these, 7,756 samples are from the (EHR + CXR)PAIRED
training set. The remaining samples in the (EHR +
CXR)PARTIAL training set are made up of time series data
for each sample. Chest X-ray images are extracted from
MIMIC-CXR and split based on a random patient split.
Images from the training set are then transferred to either
the validation or test set if associated with patients in the
validation or test splits of the clinical time series data. This
procedure results in 325,188 images in the training set, 15,282
images in the validation set, and 36,625 images in the test set.

E. PREPROCESSING

We use the MedFuse data extraction and preprocessing
procedure along with another preprocessing method for
images known as CLAHE [31]. For chest X-ray images,
a consistent set of transformations is applied during both
pre-training and fine-tuning across all experiments and tasks.
Specifically, each image is resized to 256 x 256 pixels,
undergoes a random horizontal flip, and experiences various
random affine transformations, including rotation, scaling,
shearing, and translation. Subsequently, a random crop is
applied to achieve an image size of 224 x 224 pixels. During
the validation and testing phases, image resizing to 256 x
256 and a center crop to 224 x 224 pixels are performed.

To ensure fair comparisons and showcase the efficacy of
multimodal learning, we utilize a consistent set of 17 clinical
variables. Among these, five are categorical: capillary refill
rate, glasgow coma scale eye opening, glasgow coma scale
motor response, glasgow coma scale verbal response, and
glasgow coma scale total. The remaining 12 are continuous
variables: diastolic blood pressure, fraction of inspired
oxygen, glucose, heart rate, height, mean blood pressure,
oxygen saturation, respiratory rate, systolic blood pressure,
temperature, weight, and pH. The input for all tasks is
regularly sampled every two hours, with discretization and
standardization of clinical variables following established
protocols, as detailed in prior work.

After data preprocessing and one-hot encoding of categor-
ical features, we obtain a vector representation of size 76 at
each time step in the clinical time series data. For a given
instance, the representation is denoted as x;, € R’ X76 where
the value of ¢ is dependent on the specific instance and task.

In addition, we explored a data preprocessing method
known as CLAHE contrast enhancement. Developed as an
extension of traditional histogram equalization, CLAHE pro-
vides a dynamic and localized approach to contrast enhance-
ment. The method involves dividing an image into small,
non-overlapping tiles and independently applying histogram
equalization to each tile. This adaptive approach ensures that
contrast enhancement is tailored to the unique characteristics
of local regions, preventing the over-amplification of noise
in homogeneous areas. We applied the CLAHE method to
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TABLE 1. Statistical analysis of time differences between the last CXR image and time series data for each patient (in hours).

Mean Std Minimum  25% Percentile

50% Percentile

75% Percentile ~ Maximum

23.10  15.00 0.00 8.00

25.00 36.00 48.00

all images to enhance image quality, thereby facilitating the
extraction of more information by the model.

In Figure 1 the impact of CLAHE on the image is
visible. One of the primary benefits of CLAHE in chest
X-ray imaging is its ability to enhance the visibility of lung
parenchyma. In addition to lung pathology, CLAHE enhances
the visualization of thoracic skeletal structures, including the
ribs, vertebrae, and mediastinum. This improved depiction of
bony anatomy is invaluable for detecting fractures, degener-
ative changes, and mediastinal masses, thereby assisting in
the diagnosis of conditions ranging from traumatic injuries
to neoplastic processes.

IV. PROPOSED FRAMEWORK

In the following sections, we will describe our proposed
framework for multimodal healthcare analysis and prediction.
We will explore the architecture of our model including the
modality-specific encoders and the attention mechanism used
for modality fusion (Section IV-A). Then we will go into
more detail about our attention-based model in Section IV-B.
Finally, we will explain the motives for using the uncertainty
loss function and its advantages (Section IV-C).

Algorithm 1 Training of Model
Initialize model parameters: Genc_chrs Genc_cxrs Oprojections

Ofusions Gclassify’gc
for each epoch do
for each batch (xehr, Xcxr, y) do
Jenr < Encenr(Xehr; Qenc_ehr)
fc/xr < Encexr(Xexrs Genc_exr)
Joxr < PijCCtiOIl(fc/xr; eprojection)
J < ehrs fexrl
z < Fuse(f’; frusion)
y < Classify(z; BOclassify)
Le < Uy.9)/0? +log(o?)
Backpropagate L. and update Oenc_chr, Benc_cxrs
eprojection’ Ofusions Oc
end for
end for

A. MODEL ARCHITECTURE

Our proposed model shown in Figure 2 consists of two
major parts: modality-specific encoders and a multimodal
Transformer encoder [32] as our modality fusion network.
We use an image encoder (e.g., a ResNet-34 model [33])
to extract features from our image modality and an LSTM
network [34] to extract latent feature representations from our
time series modality. If a modality is missing in our sample
we input a zero matrix in its place to the respective unimodal
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Algorithm 2 Inference of Model
Set model to evaluation mode
for each test sample (xehr, Xcxr) dO
fenr < Encenr(xenr)
fc/xr < Encexr(Xexr)
fexe < Projection(f/, )
f < [fenr, foxr]
z < Fuse(f)
y < Classify(z)
end for

encoder. We then utilize a projection layer to project the
image embeddings to the time series embedding dimension.
We then concatenate these feature representations and feed
them to a Transformer encoder before feeding them to a final
linear classifier to predict the labels.

In the first part, we pre-train each of our encoders
with the unimodal data to independently extract meaningful
representations from each of our modalities. An LSTM
architecture works best for extracting feature embeddings
from our time series data due to the quantity of available data
and its consecutive nature. We use the Adam optimizer [35]
to optimize our Binary Cross-Entropy losses and pre-train our
modality-specific encoders.

We use a ResNet-34 model as the backbone for our image
encoder and we set the output dimension of its classifier layer
to be equal to the number of labels in our specific task. For
our time series backbone, we use an LSTM network with N =
2 layers stacked on top of each other with a hidden dimension
of d = 256 and a dropout layer with a dropout probability of
p = 0.3. We also utilize a linear layer as the final classifier
for our LSTM network.

In the second part, we remove the classification heads from
our unimodal encoders and use latent feature embeddings ﬂxr
and fepr. We feed fc/Xr to a fully connected projection layer
to get foxr that has the same dimensionality as feh,. We then
concatenate fehr and foxr to create the sequence fiygeq that
consists of our unimodal feature embeddings:

Srused = [fenr, prOjeCtion(fc/xr)]- (1)

We use a Transformer Encoder without positional embed-
dings with a linear layer on top of that as our modality
fusion network to resolve the issue of modality bias in our
baselines. In models that use an LSTM network for fusion a
major problem is the order of modality embeddings in the
input sequence. Therefore, the sequence order may create
a bias towards the modalities that come first in the input
sequence, and changing it may vary results significantly when
in reality the modalities do not possess a specific ordering.
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By using an attention-based network for fusion our model
learns the importance of every modality in each of our
tasks and thus performs better than state-of-the-art LSTM
or MLP architectures. Finally, we optimize the multi-task
uncertainty loss (3) introduced in Kendall et al. [36] with an
Adam optimizer to fine-tune our network. The steps of the
training and inference processes for our model are outlined
in algorithms 1 and 2, respectively.

B. ATTENTION-BASED MULTIMODAL FUSION

We feed our concatenated unimodal feature embedding frysed
to a Transformer Encoder network with L = 2 encoder
layers stacked on top of one another, each of them having
h = 8 heads and a feedforward dimension of ¢ = 1024.
We then feed the output of this network to a linear classifier to
get the final predictions y. Finally, we optimize the following
multi-task uncertainty loss function with an Adam optimizer
to fine-tune our model:

L(3, y) = UncertaintyLoss(3, y). 2)

where y is the model ground truth and y is the model
prediction.

Our attention-based model can learn the importance
of each modality for each task simultaneously and find
meaningful relations between the latent features of different
modalities. This allows our model to deeply integrate
different modalities to better understand our task and achieve
more precise results.

C. UNCERTAINTY LOSS

A key issue with our baseline models is their dependency
on the relative weights of each task’s loss. For instance,
in phenotype classification we have 25 different labels (each
label corresponds to a separate task) and usually, the same
weight is given to each of their losses, or the weights
are manually selected. Giving the same weights to the
losses of different tasks could negatively impact our model’s
performance due to the separate nature of each task. Manually
choosing the relative weights is also a time-consuming ordeal
that should be done for every single classification problem
separately and requires vast resources.

The multi-task uncertainty loss shown in Figure 3 largely
resolves this issue by weighing multiple losses and consider-
ing the homoscedastic uncertainty of each task. This method
learns the weighing parameter o for each of the losses during
the training process. The multi-task uncertainty loss function
for classification is the following:

N
UncertaintyLoss(y, y) = Z ;—ZBCE()A/, y) + loga?, (3)
=1 "1
where BCE(3, y) is the Binary Cross-Entropy loss and N is
the number of tasks.
The term logai2 is included to constrain the value of the
weight parameters. Without this term, the optimal solution to
minimizing the uncertainty loss would simply involve setting

VOLUME 12, 2024

all o; values to be as large as possible, which would not
provide meaningful or accurate results.

By using this loss to fine-tune our model and learn its
parameters while simultaneously learning the value of o for
each task, we were able to boost the performance of our model
in phenotype classification and achieve better results.

V. EXPERIMENTS AND RESULTS

In this section, we explain our experiments. Starting from
the complex architecture described in the method section,
we explain how we put it into practice with a detailed
demonstration of our experimental setup and baseline mod-
els. We experimented with our method on two important
medical tasks: in-hospital mortality prediction and phenotype
classification. After analyzing these tasks, we break down the
different parts of our approach to see how each contributes.
Additionally, we investigate uncertainties and test the model’s
robustness.

A. EXPERIMENTAL SETUP

In this study, we establish our experimental framework using
the MIMIC-IV and the MIMIC-CXR datasets. Our choice
of MIMIC is based on its extensive scale, comprehensive
documentation and standardized formatting. Our experiments
focus on two key objectives:

1) Predicting the binary in-hospital mortality label after
the first 48 hours of a patient’s ICU stay.

2) Classify a set of 25 phenotype labels for the patients
during their ICU stays.

We train our proposed network separately for each task
and evaluate the results. We use a batch size of 16 for our
data loader. For each task, we first pre-train our ResNet-34
encoder with images from the MIMIC-CXR dataset, and
pre-train the LSTM encoder network with time series data
from the MIMIC-IV dataset.

For the phenotyping task, we use learning rates of 5 x 10™*
and 1 x 107* for pre-training the image and time series
encoders, respectively and for the in-hospital mortality task,
we use learning rates of 5x 10™* and 3 x 10~ for pre-training
the image and time series encoders. Then we jointly fine-tune
the fusion module with the encoders, using a learning rate
of 7 x 1073 for the phenotyping task and 1 x 10~* for the
in-hospital mortality task. We report final results on test sets
and compute 95% confidence intervals with 1000 iterations
via the bootstrap method [37].

B. BASELINES

MedFuse [3] is a distinctive approach involving the utiliza-
tion of a fusion module based on an LSTM architecture. This
module effectively combines information from both image
and time series data. Fine-tuning of the MedFuse model
follows a two-step pre-training process. Initially, the image
encoder is pre-trained on 14 radiology labels, focusing on
the detection of a specific disease in unpaired chest X-rays.
Simultaneously, the LSTM is pre-trained using unpaired time
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FIGURE 2. Model architecture consisting of modality-specific encoders and a multilayer transformer encoder as our multimodal fusion
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FIGURE 3. We combine and weigh multiple losses according to the uncertainty of each task to compute the multi-task uncertainty loss.

series data for in-hospital mortality prediction or phenotype
classification. It is worth noting that, despite the use of
unpaired data during pre-training, MedFuse requires labels
for a distinct task in the image modality. For experimental
evaluation, the publicly available MedFuse model is applied
to the multimodal MIMIC dataset. The dataset is partitioned
into similar splits as those employed in our work and other
baseline models, ensuring a fair comparison.
Contrastive-based [38] Contrastive learning is a machine
learning paradigm that aims to teach a model the differences
and similarities between different data modalities. The
fundamental idea behind contrastive learning is to embed
similar samples closer to each other in a latent space
while pushing dissimilar samples apart. In establishing this
baseline, we have adopted an approach similar to that in [39],
wherein we construct a model with 2 heads, using a ViT-Base
image encoder [40] and an LSTM time series encoder as
the backbone of the model. One header is designated for
inter-modality optimization, while the other optimizes the

174114

intra-modality loss. For every pair of image and time series
data, we apply random augmentations and try to maximize
the similarity of the data and the augmented version. We also
employ the other header to align the representations of the
image and time series more closely.

Diffusion-based classifier In the domain of classifiers
utilizing diffusion mechanisms, our literature review revealed
an absence of pre-existing multimodal diffusion-based clas-
sifiers. We extended the recent unimodal diffusion-based
classifier CARD [41] to a multimodal version. The original
architecture employs an encoder(ResNet-34) to convert
image data samples into prior vectors. Subsequently, the
diffusion backward process, facilitated by a denoising deep
neural network, aims to denoise these prior vectors, refining
them into more accurate feature vectors for classification. The
final denoised prior vectors are then used for classification.
To create a multimodal diffusion-based classifier, we replaced
the CARD encoder with an encoder concatenating the
separate embeddings of image and time series data.
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C. IN-HOSPITAL MORTALITY PREDICTION

For the critical task of in-hospital mortality prediction,
we evaluate the performance of our proposed model against
established baselines, including MedFuse, CARD, and Con-
trastive Learning. Table 2 presents a comparative analysis
of the macro average Fl-score, binary Fl-score, AUROC,
and AUPRC metrics as well as the parameter count of each
model. Our model consistently outperforms state-of-the-art
approaches, demonstrating its efficacy in predicting mortality
across diverse modalities.

For this experiment we use time series data and chest X-ray
images, to predict the in-hospital mortality of the patients
according to the first 48 hours of ICU stay in a binary
classification task. There are 18845 samples in our training
set, 2138 samples in our validation set and 5243 samples in
our test set. All samples include time series data, but 4885,
540 and 1373 samples have both modalities in the training,
validation and test sets, respectively. The rest of the samples
in each set have missing chest X-ray images.

Upon reviewing the performance of the models, it’s clear
that the CARD model falls short, demonstrating the lowest
performance among all our baselines. The contrastive model,
which employs the ViT architecture, surpasses MedFuse
across all metrics, with the exception of AUROC. Our
multimodal attention-based model outperforms MedFuse
and CARD on all metrics and surpasses the contrastive
model on macro average F1-score and AUROC. By train-
ing our proposed model with the CLAHE augmentation
on images, we achieve superior results in all metrics
excluding the macro average Fl-score, where the filter
slightly decreases the performance of our attention-based
model.

D. PHENOTYPE CLASSIFICATION

In the domain of phenotyping, our model is evaluated against
baselines, including MedFuse, CARD, and Contrastive
learning. Table 3 illustrates the proficiency of our models
in addressing the complex task of multi-label phenotyping
and the number of parameters per each model. Metrics such
as macro average F1-score, binary Fl-score, AUROC, and
AUPRC are employed to evaluate the model’s accuracy
in capturing diverse phenotypic characteristics. The results
showcase the model’s ability to handle the intricacies of
multi-label phenotyping, outperforming the baselines.

The objective of this experiment is to predict 25 different
conditions given to patients during the length of their ICU
stay. We utilize time series data and chest X-ray images for
this multi-label classification task. There are 42628 samples
in our training set, 4802 samples in our validation set and
11914 samples in our test set. All samples include time series
data, but 7756, 882 and 2166 samples have both modalities in
the training, validation and test sets. The rest of the samples
in each set have missing chest X-ray images.

When we compare the models, we find that the Med-
Fuse model performs better than the CARD model in
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all metrics, with the exception of the binary Fl-score.
Our attention-based model trained on images augmented
by the CLAHE filter surpasses CARD and MedFuse
in macro average Fl-score and AUROC but it has a
lower binary Fl-score compared to CARD. When we
optimize our model with the uncertainty loss it outperforms
all of our baselines in all metrics except for AUROC,
where it appears that combining uncertainty loss with
the CLAHE augmentation slightly decreases the perfor-
mance of our model. It’s important to note that all the
best results across various metrics were achieved by our
models.

E. ABLATION STUDY

The ablation study examines the model’s architecture, explor-
ing distinctive configurations to understand their impact.
These configurations include variations such as using time
series only, images only and fusing image and time series
data through LSTM or attention mechanisms. The results are
shown in Table 4, providing insights into the contributions of
the model parts.

In our primary observation, the LSTM-fused multimodal
model demonstrates superior performance in phenotype
classification compared to uni-modal models across all
metrics. This outcome underscores the effectiveness of the
multimodal approach in fusing the information derived from
both modalities for classification purposes. Subsequently,
the attention-based fusion model surpasses the LSTM-fused
model, emphasizing the contribution of the transformer
layers in enhancing the multimodal model’s classification
performance.

Incorporating uncertainty loss into the model yields
improved performance, particularly evident in AUPRC
and AUROC metrics, without significantly impacting the
macro Fl-score. A minor decrease (approximately 0.003) is
observed in the binary Fl-score. In the end, we analyzed
the impact of the CLAHE filter on CXR images. Results
indicate that using CLAHE improves the performance of
our attention-based model across all metrics. Also, adding
this filter increases our attention-based uncertainty model’s
performance across all metrics except for AUROC.

In summary, the comprehensive analysis presented in this
table highlights the positive impact of the modules and
methods employed, collectively contributing to improved
model performance, particularly evident in terms of AUPRC
and AUROC metrics.

F. TASK-WISE UNCERTAINTIES
To understand the importance of utilizing homoscedastic
uncertainty in our multi-label phenotyping task, we have
compared the performance of our attention-based model
fine-tuned using the uncertainty loss with the same model
fine-tuned using the Cross-Entropy loss.

In table 7, The uncertainty loss not only enhances
the average performance of our proposed framework but
more importantly, this loss function increases the individual
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TABLE 2. In-hospital mortality prediction performance.

Model Macro Average Fl-score ~ Binary Fl-score AUROC AUPRC Number of Parameters
MedFuse 0.677 (0.662, 0.693) 0.412(0.374,0.450)  0.857 (0.842,0.871)  0.507 (0.470, 0.543) 23869264
Contrastive + ViT 0.690 (0.660, 0.716) 0.441 (0.383,0.490)  0.852(0.840,0.870)  0.520 (0.470, 0.564) 87877496
CARD 0.660 (0.645, 0.675) 0.400 (0.385,0.415)  0.690 (0.681, 0.699)  0.341 (0.329,0.353) 52180932
Attention 0.691 (0.669, 0.712) 0.438 (0.399,0.476)  0.857 (0.842,0.872)  0.514 (0.476, 0.556) 23871824
Attention + CLAHE  0.685 (0.653, 0.710) 0.453 (0.432,0.479)  0.858 (0.831, 0.886)  0.524 (0.457,0.594) 23871824

TABLE 3. Phenotype classification performance.

Model Macro Average Fl-score  Binary Fl-score AUROC AUPRC Number of Parameters
MedFuse 0.589 (0.567, 0.607) 0.282(0.264,0.301)  0.763 (0.752,0.775)  0.422(0.401, 0.445) 23893387
CARD 0.585 (0.565, 0.605) 0.344 (0.324,0.364)  0.600 (0.589,0.611)  0.310(0.298,0.322) 52180932
Attention + CLAHE 0.611 (0.600, 0.622) 0.327 (0.307,0.347)  0.770 (0.758,0.781)  0.431 (0.409, 0.454) 23895947
Attention + Uncertainty + CLAHE  0.614 (0.589, 0.639) 0.362 (0.330,0.396)  0.759 (0.742,0.776)  0.466 (0.433,0.502) 23895972

TABLE 4. Ablation study results.

Binary F1-score

AUROC

AUPRC

Model Macro Average F1-score
Time series only 0.581 (0.564, 0.599)
Image only 0.535 (0.519, 0.550)
Multimodal LSTM Fusion 0.589 (0.580, 0.599)

Multimodal Attention

Attention + Uncertainty Loss

Attention + CLAHE

Attention + Uncertainty + CLAHE

0.604 (0.594, 0.615)
0.604 (0.593, 0.615)
0.611 (0.600, 0.622)
0.614 (0.589, 0.639)

0.270 (0.239, 0.301)
0.200 (0.176, 0.225)
0.282 (0.266, 0.299)
0.314 (0.295, 0.332)
0.311 (0.292, 0.331)
0.327 (0.307, 0.347)
0.362 (0.330, 0.396)

0.759 (0.747, 0.772)
0.670 (0.641, 0.700)
0.763 (0.752, 0.775)
0.765 (0.753, 0.777)
0.767 (0.755, 0.779)
0.770 (0.758, 0.781)
0.759 (0.742, 0.776)

0.421 (0.400, 0.444)
0.358 (0.323, 0.400)
0.422 (0.401, 0.445)
0.424 (0.402, 0.447)
0.427 (0.405, 0.450)
0.431 (0.409, 0.454)
0.466 (0.433, 0.502)

TABLE 5. Robustness experiment results on models trained on noisy data.

Model

Percentage of Noise

AUROC

AUPRC

Macro Average F1-score

Binary Fl-score

Attention %10
MedFuse %10

0.768 (0.750, 0.785)
0.765 (0.747, 0.783)

0.426 (0.394, 0.460)
0.422 (0.390, 0.456)

0.601 (0.585, 0.618)
0.585 (0.570, 0.600)

0.306 (0.278, 0.335)
0.274 (0.247, 0.300)

Attention %20
MedFuse %20

0.763 (0.745, 0.780)
0.761 (0.743, 0.779)

0.423 (0.390, 0.457)
0.420 (0.387, 0.455)

0.600 (0.588, 0.623)
0.590 (0.579, 0.616)

0.308 (0.284, 0.349)
0.281 (0.234, 0.334)

Attention %30
MedFuse %30

0.751 (0.728, 0.769)
0.757 (0.739, 0.775)

0.403 (0.366, 0.436)
0.410 (0.379, 0.445)

0.610 (0.589, 0.628)
0.591 (0.573, 0.616)

0.322 (0.292, 0.353)
0.288 (0.269, 0.316)

Attention %40
MedFuse %40

0.763 (0.744, 0.780)
0.757 (0.747, 0.767)

0.421 (0.388, 0.454)
0.414 (0.400, 0.430)

0.602 (0.587, 0.619)
0.594 (0.586, 0.602)

0.310 (0.281, 0.340)
0.295 (0.283, 0.308)

Attention %50
MedFuse %50

0.761 (0.743, 0.779)
0.757 (0.738, 0.775)

0.417 (0.385, 0.445)
0.410 (0.377, 0.444)

0.594 (0.578, 0.609)
0.583 (0.568, 0.598)

0.291 (0.263, 0.320)
0.270 (0.244, 0.297)

Attention %60
MedFuse %60

0.755 (0.736, 0.773)
0.755 (0.737, 0.773)

0.412 (0.380, 0.446)
0.412 (0.380, 0.445)

0.602 (0.586, 0.618)
0.580 (0.569, 0.598)

0.312 (0.284, 0.341)
0.271 (0.246, 0.297)

TABLE 6. Robustness experiment results on models trained on noise-free data.

Model

Percentage of Noise

AUROC

AUPRC

Macro Average F1-score

Binary F1-score

Attention %10
MedFuse %10

0.761 (0.743, 0.779)
0.757 (0.739, 0.775)

0.418 (0.385, 0.452)
0.412 (0.380, 0.445)

0.590 (0.581, 0.612)
0.581 (0.561, 0.605)

0.299 (0.271, 0.327)
0.284 (0.257,0.311)

Attention %20
MedFuse %20

0.737 (0.719, 0.755)
0.743 (0.710, 0.773)

0.387 (0.355, 0.420)
0.395 (0.346, 0.440)

0.581 (0.570, 0.598)
0.559 (0.536, 0.578)

0.279 (0.254, 0.304)
0.239 (0.213, 0.260)

Attention %30
MedFuse %30

0.757 (0.739, 0.774)
0.753 (0.734, 0.772)

0.411 (0.379, 0.445)
0.404 (0.373, 0.434)

0.581 (0.566, 0.598)
0.557 (0.543, 0.571)

0.268 (0.240, 0.296)
0.220 (0.196, 0.245)

Attention %40
MedFuse %40

0.743 (0.724, 0.762)
0.724 (0.704, 0.743)

0.396 (0.365, 0.430)
0.369 (0.339, 0.402)

0.570 (0.556, 0.586)
0.557 (0.544, 0.571)

0.246 (0.221, 0.272)
0.202 (0.179, 0.226)

Attention %50
MedFuse %50

0.732 (0.713, 0.750)
0.717 (0.698, 0.736)

0.379 (0.349, 0.411)
0.363 (0.334, 0.394)

0.561 (0.545, 0.575)
0.546 (0.533, 0.560)

0.245 (0.220, 0.269)
0.204 (0.181, 0.228)

Attention %60
MedFuse %60

0.689 (0.670, 0.709)
0.674 (0.653, 0.694)

0.334 (0.306, 0.364)
0.315 (0.290, 0.344)

0.540 (0.528, 0.552)
0.510 (0.497, 0.522)

0.195 (0.174, 0.217)
0.153 (0.135, 0.173)

performance on most labels in our multi-label setup. This loss
function allows our model to focus more on tasks that are
easier to predict and have less uncertainty without causing
a significant decrease in performance in the less certain and
more complicated tasks, thus achieving a higher average
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performance. Although the overall improvements might not
be considered drastic, the constant improvement in different
tasks, especially those that had high performances prior to
using the uncertainty loss, further supports the claim that the
loss function makes our model more flexible and allows it to
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FIGURE 4. Performance comparison of models trained on noisy or noise-free datasets, and evaluated on noisy datasets.
The plot employs different colors to represent specific configurations: blue indicates the attention-based fusion model
trained on noisy data; red shows the MedFuse model trained on noisy data; green denotes the attention-based fusion
trained on noise-free data; and orange represents the MedFuse model trained on noise-free data. As noise levels increase,
a general decline in performance is observed for all models across various metrics. Notably, the use of attention
mechanisms appears to mitigate performance degradation, showcasing enhanced robustness against noise.

focus on more certain tasks, and indicates the importance of
using this loss function in our multi-label setup.

G. ROBUSTNESS

In order to explore the robustness of our attention-based
model, we compared the performance of our model against
MedFuse in noisy configurations. To do so, we prepared a
noisy version of the multimodal MIMIC dataset. Table 5
presents the results across various noise levels, ranging from
10% to 60%, on both the training and testing sets. In this
experiment, we subject all samples to varying levels of
noise. For instance, in the case of images, we introduce
noise by perturbing 10% of the pixels within the data.
Similarly, for the time series data, we apply noise to 10%
of the time steps in each sample. The introduced noise is
Gaussian and its mean and standard deviation are estimated
by measuring these parameters in 1000 random samples of
the data. These parameters are calculated individually for
each feature in the time series data and all pixels in the
images.
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Two different modes are considered for the evaluation
process. In one, models are trained and tested on noisy
datasets. In the other, testing is conducted on noisy datasets
without any prior training on noisy datasets. The latter
scenario is very common in real-world applications, where
unexpected noise is often encountered in the data. The results
for each setting are presented in Table 5 and Table 6, while
the corresponding Figure 4 mirrors the tabulated results. It is
evident that as noise levels increase, the model accuracy
decreases. However, the attention-based fusion results in
superior overall performance compared to the MedFuse
model.

Unlike the MedFuse model, which exhibits signifi-
cant performance degradation in the presence of noise,
our attention-based model demonstrates high levels of
robustness. For instance, even at 60% noise levels, the
decrease in performance is minimal, with results show-
casing as little as a 2% reduction in performance. These
results underscore the efficacy of our attention mechanism
in mitigating the effects of noise, ensuring consistent
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TABLE 7. Task-wise uncertainty impacts.

Attention with Uncertainty

Attention without Uncertainty

Phenotype

AUROC

AUPRC

X

AUROC

AUPRC

Acute and unspecified renal failure

Acute cerebrovascular disease

Acute myocardial infarction

Cardiac dysrhythmias

Chronic kidney disease

Chronic obstructive pulmonary disease and bronchiectasis
Complications of surgical procedures or medical care
Conduction disorders

Congestive heart failure; nonhypertensive

Coronary atherosclerosis and other heart disease
Diabetes mellitus with complications

Diabetes mellitus without complication

Disorders of lipid metabolism

Essential hypertension

Fluid and electrolyte disorders

Gastrointestinal hemorrhage

Hypertension with complications and secondary hypertension
Other liver diseases

Other lower respiratory disease

Other upper respiratory disease

Pleurisy; pneumothorax; pulmonary collapse
Pneumonia

Respiratory failure; insufficiency; arrest (adult)
Septicemia (except in labor)

Shock

0.793 (0.784, 0.801)
0.908 (0.895, 0.919)
0.760 (0.745, 0.774)
0.681 (0.671, 0.692)
0.746 (0.735, 0.757)
0.704 (0.690, 0.715)
0.731 (0.719, 0.742)
0.718 (0.702, 0.733)
0.765 (0.755, 0.775)
0.761 (0.753, 0.771)
0.900 (0.892, 0.908)
0.789 (0.778, 0.799)
0.704 (0.694, 0.714)
0.668 (0.658, 0.678)
0.759 (0.750, 0.768)
0.772 (0.757, 0.786)
0.738 (0.726, 0.748)
0.741 (0.727, 0.752)
0.655 (0.639, 0.672)
0.752 (0.727, 0.775)
0.708 (0.692, 0.727)
0.813 (0.802, 0.824)
0.872 (0.865, 0.880)
0.846 (0.838, 0.855)
0.890 (0.882, 0.898)

0.592 (0.575, 0.610)
0.468 (0.429, 0.510)
0.216 (0.192, 0.242)
0.484 (0.469, 0.502)
0.439 (0.418, 0.460)
0.292 (0.271, 0.314)
0.406 (0.384, 0.428)
0.246 (0.227, 0.269)
0.522 (0.502, 0.541)
0.591 (0.573, 0.609)
0.595 (0.569, 0.622)
0.413 (0.393, 0.436)
0.619 (0.604, 0.635)
0.579 (0.563, 0.595)
0.644 (0.628, 0.659)
0.213 (0.192, 0.242)
0.432 (0.411, 0.452)
0.297 (0.276, 0.319)
0.165 (0.151,0.182)
0.261 (0.224, 0.303)
0.155 (0.140, 0.177)
0.384 (0.360, 0.410)
0.565 (0.542, 0.590)
0.522 (0.499, 0.547)
0.569 (0.542, 0.595)

0.793 (0.784, 0.801)
0.908 (0.895, 0.918)
0.762 (0.746, 0.776)
0.681 (0.671, 0.691)
0.736 (0.725, 0.747)
0.701 (0.688, 0.715)
0.730 (0.719, 0.742)
0.717 (0.702, 0.732)
0.760 (0.751, 0.770)
0.760 (0.751, 0.769)
0.897 (0.889, 0.906)
0.787 (0.777, 0.797)
0.706 (0.696, 0.714)
0.660 (0.651, 0.670)
0.760 (0.751, 0.769)
0.772 (0.758, 0.786)
0.728 (0.717, 0.739)
0.737 (0.724, 0.750)
0.657 (0.641, 0.673)
0.747 (0.724, 0.769)
0.714 (0.696, 0.732)
0.811 (0.799, 0.821)
0.871 (0.863, 0.879)
0.842 (0.833, 0.852)
0.888 (0.880, 0.895)

0.590 (0.573, 0.608)
0.462 (0.425, 0.501)
0.221 (0.199, 0.248)
0.482 (0.466, 0.499)
0.429 (0.412, 0.450)
0.289 (0.270, 0.311)
0.405 (0.384, 0.425)
0.248 (0.226, 0.272)
0.516 (0.497, 0.534)
0.588 (0.571, 0.606)
0.592 (0.565, 0.620)
0.406 (0.387, 0.428)
0.617 (0.602, 0.632)
0.570 (0.555, 0.585)
0.644 (0.629, 0.659)
0.215 (0.191, 0.242)
0.421 (0.404, 0.441)
0.307 (0.284, 0.331)
0.169 (0.154, 0.188)
0.249 (0.211, 0.289)
0.158 (0.143, 0.180)
0.382 (0.358, 0.408)
0.565 (0.540, 0.589)
0.512 (0.489, 0.538)
0.552 (0.526, 0.579)

Average

0.767 (0.755, 0.779)

0.427 (0.405, 0.450)

0.765 (0.753, 0.776)

0.424 (0.402, 0.447)

and reliable performance across diverse environmental
conditions.

VI. CONCLUSION

A. SOCIAL IMPLEMENTATION AND ETHICAL
CONSIDERATIONS

As our work involves patient data, the ethical and social
implications of deploying multimodal deep neural networks
in clinical settings must be carefully considered. In real-
world applications, the use of sensitive patient data, such as
medical images and time series, necessitates strict adherence
to privacy regulations, including data anonymization and
compliance with healthcare data standards. Furthermore,
ensuring that the model’s predictions do not inadvertently
perpetuate biases present in the data is crucial to avoid
ethical pitfalls. By incorporating uncertainty estimation in
our model, we aim to provide more transparent decision-
making, giving clinicians the ability to understand and
appropriately weigh the model’s confidence in its predic-
tions, thereby enhancing trust and accountability in clinical
environments.

From a broader societal perspective, the deployment of
such models introduces both opportunities and challenges.
While improving clinical decision support systems has the
potential to significantly enhance patient outcomes, the scala-
bility and integration of these models into existing healthcare
infrastructures present technical and ethical challenges. Prac-
tical issues such as the need for continuous model monitoring,
maintaining data security in deployment, and ensuring
equitable access to the benefits of advanced Al systems across
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diverse populations are central to the responsible application
of our approach. Addressing these concerns is essential for
ensuring that the benefits of Al-driven healthcare can be
realized without compromising ethical standards or patient
trust.

B. SUMMARY AND FUTURE DIRECTIONS

Our research introduces an innovative approach to mul-
timodal deep neural networks, specifically designed for
integrating heterogeneous data modalities such as images
and time series data in mortality prediction and phenotyping
label assignments. By employing dedicated encoders for
each modality, our model effectively captures nuanced
patterns inherent in both visual and temporal information,
thus enhancing predictive capabilities. Our experiments
conducted under noisy settings demonstrate the robustness
of our model, surpassing state-of-the-art methods and show-
casing its efficacy in handling real-world challenges with
noisy clinical data. Additionally, our innovative use of an
uncertainty loss function addresses the complexity of multi-
label classification, contributing to improved model perfor-
mance. Furthermore, the integration of attention mechanisms
for modality fusion enhances adaptability by dynamically
allocating attention based on task relevance. In summary,
our research advances robust multimodal deep learning for
clinical applications, offering a flexible and robust framework
capable of addressing challenges in real-world clinical
data, with promising outcomes for clinical decision support
systems.
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Looking ahead, several promising directions for future
research emerge from the outcomes of this study. First
and foremost, enhancing the interpretability of the mul-
timodal deep neural network remains a critical area of
investigation. Developing methodologies that shed light
on the decision-making process of the model will be
essential for building trust in clinical applications. This
may involve exploring novel visualization techniques or
model-agnostic interpretability tools to dissect how the
network integrates information from diverse modalities,
providing clinicians with valuable insights into its decision
rationale.

Our research sets the stage for exploring the integration
of additional data modalities into our multimodal deep
neural network framework. While our current focus has been
on combining images and time series data for mortality
prediction and phenotyping, there’s immense potential in
extending our approach to include other modalities such as
textual data or genomic information. By incorporating these
additional modalities, we can investigate how our model
performs across a broader spectrum of clinical data and
further enhance its predictive capabilities. This exploration
opens up avenues for understanding how different types
of data interact and contribute to the overall predictive
power of our model, helping to have more comprehensive
and robust clinical decision support systems. Additionally,
addressing why certain tasks introduce more uncertainty
for the network, particularly focusing on whether the
uncertainty and also the difficulty of each task is primarily
driven by image modalities or time series data, will be
important. Further research could also explore how different
data types contribute to overall model performance, and
examine more deeply the sources of uncertainty in various
modalities.
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