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ABSTRACT

The evolution of technology has both positive and negative impacts on health care due to the tremendous increase of
biomedical data. Medical data, being complex and heterogeneous, poses difficulties for traditional data mining and
statistical learning techniques, which is why deep learning has gained popularity recently. Unlike its predecessors, deep
learning offers end- to-end learning, thus allowing extraction of useful information from various data sources like genomic
devices, wearable gadgets, electronic health records, and even medical imaging. This paper focuses on recently integrated
deep learning algorithms that enhance prediction and diagnosis accuracy of various diseases to optimize treatment
processes. Even in its advancement, the widespread use of deep learning algorithms for clinical purposes is hindered by
data heterogeneity and low interpretability as well as the need for large volumes of high quality data. We will address those
limitations by developing deep learning algorithms with more domain knowledge, better interpretability, and federated
learning techniques. Overcoming these limitations could allow deep learning to transform medical research and patient
care by enabling streamlined and customized health care solutions.
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INTRODUCTION

Healthcare is transitioning into a new era where the massive volume of biomedical data will have greater
relevance than ever before. For instance, in precision medicine, minutiae like variability in molecular features,
imaging, geographic information systems (GIS), and even a patient’s lifestyle are integrated into EHRs, so
medicine can be provided to ‘the right patient at the most appropriate time’ [1].

The large availability of biomedical data brings tremendous opportunities and challenges to health care
research. In particular, exploring the associations among all the different pieces of information in these data
sets is a fundamental problem to develop reliable medical tools based on data-driven approaches and machine
learning. To this aim, previous works tried to link multiple data sources to build joint knowledge bases that
could be used for predictive analysis and discovery [2]. Although existing models demonstrate great promises
(e.g. [3]), predictive tools based on machine learning techniques have not been widely applied in medicine [4].
In fact, there remain many challenges in making full use of the biomedical data, owing to their high-
dimensionality, heterogeneity, temporal dependency, sparsity and irregularity [5].
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A common approachin biomedical research is to have a domain expert to specify the phenotypes to useinanad
hoc manner. However, supervised definition of the feature space scales poorly and misses the opportunities to
discover novel pat- terns. Alternatively, representation learning methods allow to automatically discover the
representations needed for prediction from the raw data [6]. Deep learning methods are representation-
learning algorithms with multiple levels of representation, obtained by composing simple but nonlinear
modules that each transform the representation at one level (starting with the raw input) into a representation
at a higher, slightly more abstract level [7]. Deep learning models demonstrated great performance and
potential in computer vision, speech recognition and natural language processing tasks [8].

Given its demonstrated performance in different domains and the rapid progresses of methodological
improvements, deep learning paradigms introduce exciting new opportunities for biomedical informatics.
Efforts to apply deep learning methods to health care are already planned or underway.

However, deep learning approaches have not been extensively evaluated for a broad range of medical
problems that could benefit from its capabilities. There are many aspects of deep learning that could be helpful
in health care, such as its superior performance, end-to-end learning scheme with integrated feature learning,
capability of handling complex and multi- modality data and so on. To accelerate these efforts, the deep
learning research field as a whole must address several challenges relating to the characteristics of health care
data (i.e. sparse, noisy, heterogeneous, time-dependent) as need for improved methods and tools that enable
deep learning to interface with health care information workflows and clinical decision support. In this article,
we discuss recent and forthcoming applications of deep learning in medicine, highlighting the key aspects to
significantly impact health care. We do not aim to provide a com- prehensive background on technical details
(seee.g.[6],[9],[10]) or general application of deep learning (see e.g. [11]). Instead, we focus on biomedical data
only, in particular those originated from clinical imaging, EHRs, genomes and wearable devices. While
additional sources of information, such as metabolome, antibodyome and other omics information are
expected to be valuable for health monitoring, at this point deep learning has not been significantly used in
these domains. Thus, in the following, we briefly introduce the general deep learning framework, we review
some of its applications in the medical domain and we discuss the opportunities, challenges and applications
related to these methods when used in the context of precision medicine and next-generation health care.

LITERATUREREVIEW

The use of deep learning for medicine is recent and not thoroughly explored. In the next sections, we will
review some of the main recent literature (i.e. 32 papers) related to applications of deep models to clinical
imaging, EHRs, genomics and wear- able device data. Table 1 summarizes all the papers mentioned in this
literature review, in particular highlighting the type of networks and the medical data considered. To the best
of our knowledge, there are no studies using deep learning to combine neither all these data sources, nor a part
of them (e.g. only EHRs and clinical images, only EHRs and genomics) in a joint representation for medical
analysis and prediction. A few preliminary studies evaluated the combined use of EHRs and genomics (e.g. see
[12], [13]), without applying deep learning though; for this reason, they were not considered relevant to this
review. The deep architectures applied to the health care domain have been mostly based on convolutional
neural networks (CNNs) [14], recurrent neural networks (RNNSs) [15], Restricted Boltzmann Machines (RBMs)
[16] and Autoencoders (AEs)[17]

63



Deep Learning for Healthcare: Transforming Biomedical Data into Actionable Insights

Author Model Application Reference
Liu et al. (2014) Stacked Early diagnosis of Alzheimer disease [18]
Sparse AE from brain MRIs
Brosch et al. (2013) RBM Manifold of brain MRIs to detect modes [19]
of variations in Alzheimer
Prasoon et al. (2013) CNN Automatic segmentation of knee cartilage [20]
MRIs to predict the risk of osteoarthritis
Yoo et al. (2014) RBM Segmentation of multiple sclerosis lesions [21]
in multi-channel 3D MRIs
Cheng et al. (2016) Stacked Diagnosis of breast nodules and lesions [22]
from ultrasound images
Gulshan et al. (2016) CNN Detection of diabetic retinopathy in retinal [23]
fundus photographs
Esteva et al. (2017) CNN Dermatologist-level classification of skin [24]
cancer
Liu et al. (2015) CNN Prediction of congestive heart failure and [25]
chronic obstructive pulmonary disease
from longitudinal EHRs
Lipton et al. (2015) LSTM Diagnosis classification from clinical [26]
RNN measurements of patients in pediatric
intensive unit care
Pham et al. (2016) LSTM Deep Care: a dynamic memory model for [27]
RNN predictive medicine based on patient history
Miotto et al. (2016) Stacked Deep Patient: an unsupervised representation [28]
Denoising of patients that can be used to predict future
AE clinical events
Liang et al. (2014) RBM Automatically assign diagnosis to patients from [29]
their clinical status
Koh et al. (2017) CNN Prevalence estimates for different chromatin [30]
marks
Fakoor et al. (2013) Stacked Classification of cancer from gene expression [31]
Sparse AE profiles
Lyons et al. (2014) Stacked Prediction of protein backbones from protein [32]
Sparse AE sequences
Hammerla et al. (2016) | CNN/ HAR to detect freezing of gait in PD patients [33]
RNN
Zhu et al. (2015) CNN Estimation of EE using wearable sensors [34]
Jindal et al. (2016) RBM Identification of Photoplethysmography signals [35]

for health monitoring

Nurse et al. (2016) CNN Analysis of electroencephalogram and local field [36]
potentials signals

Table 1. Summary of the articles described in the literature review with highlighted the deep learning architecture applied and
the medical domain considered
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Challenges and opportunities

Despite the promising results obtained using deep architectures, there remain several unsolved challenges
facing the clinical application of deep learning to health care. In particular, we highlight the following key
issues: Data volume, Data quality, Temporality, Domain complexity and Interpretability.

All these challenges introduce several opportunities and future research possibilities to improve the field.
Therefore, with all of them in mind, we point out the following directions, which we believe would be
promising for the future of deep learning in health care.

e  Featureenrichment

*  Federated inference

*  Modelprivacy

*  Incorporating expertknowledge

o Temporal modeling

¢  Interpretable modeling

CONCLUSION

Deep learning has emerged as a transformative tool in healthcare, enabling the extraction of actionable insights
from complex and heterogeneous biomedical data. By leveraging advanced neural network architectures,
deep learning facilitates disease prediction, diagnosis, and treatment optimization across various medical
domains, including electronic health records, medical imaging, genomics, and wearable device data. However,
significant challenges remain,particularly in terms of data heterogeneity, model interpretability, and the need
for large, high- quality datasets. Addressing these challenges through improved feature enrichment, federated
learning, privacy-preserving models, and the integration of domain knowledge will be critical for advancing
deep learning in clinical practice. With continued research and technological advancements, deep learning has
the potential to revolutionize medical research and patient care, paving the way for more personalized,
efficient, and intelligent healthcare solutions.
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