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SUMMARY

The primary goal of next-generation healthcare systems is to deliver preventive, pre-
dictive, precise, participatory, and personalized health, thereby improving the quality of
patient care. Despite the abundance of peer-reviewed papers demonstrating novel Arti cial
Intelligence (Al)-enabled solutions for precision medicine, a signi cant gap remains in
translating these scienti ¢ discoveries into clinical practice to effectively bene t patients and
clinicians. To begin, developing Al-enabled informed clinical decision support necessitates a
comprehensive, large-scale analysis of various biomedical and clinical data. Moreover, lack
of explainability is another major barrier to the widespread adoption of Al-enabled Clinical
Decision Support Systems (CDSS) in real-world settings. For example, clinicians struggle
to trust decisions made by black-box models, where experts require more substantial clinical
evidence beyond simple predictions for effective clinical validation and decision support. In
addition, the integration of new Al tools may create an extra burden for clinicians and disrupt
existing clinical work ows, resulting in compromised clinical ef ciency and effectiveness.

The objective of this thesis is to advance cutting-edge Al-enabled CDSS, including
Large Language Model (LLM), to facilitate translational personalized medicine. Firstly,
we investigate data-centric Al methods to prepare integrative, large-scale, and high-quality
patient data to address data scarcity and quality issues, with a speci ¢ focus on rare diseases.
Secondly, we develop an Al-enabled CDSS framework for improved patient care by solving
responsible Al considerations, including model transparency, accountability, trustworthiness,
and fairness. Thirdly, with the emerging few-shot capabilities of LLM in reasoning and
planning, we deploy translational and interactive LLM-based agents for improved user
experience in real-world clinical practice. Speci cally, clinicians can specify tasks in
natural language, and the LLM agent autonomously generates and executes code to interact
with EHRSs for answers, eliminating the need for specialized expertise or extra effort from

data engineers in conventional clinical settings. LLM-based agents enable simple and
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ef cient interactions among clinicians, EHR systems, and external tools, simplifying clinical

workload and reducing additional burdens when introducing new tools. By advancing
emerging Al in personalized medicine, the proposed framework aims to bridge the gap
between biomedical research and clinical practice, thereby promoting the adoption of Al in

real-world clinical practice.
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CHAPTER 1
INTRODUCTION

The primary goal of future healthcare systems is to deliver predictive, precise, participatory,
preventive, and personalized health in order to signi cantly improve the quality of patient
care [1]. To achieve this goal, especially in the era of big data, researchers have utilized
advanced Al methods to design and optimize the pathway for diagnosis, prognosis, and
therapeutic intervention by capitalizing on large-scale biomedical and clinical data. However,
Al-enabled informed clinical decision support necessitates a comprehensive, large-scale
analysis of various biomedical data modalities. This includes, but is not limited to, EHR,
medical imaging informatics, patient-reported outcomes, and wearable biosensors. A
standard analytics pipeline consists of data collection, quality control, feature extraction,
knowledge modeling, decision-making, and action-taking. Each stage involves rigorous
clinical validation and interactive feedback mechanisms, ensuring a dynamic and responsive
analytics process. Moreover, it is crucial to seamlessly integrate the developed Al tools
into existing clinical work ows without causing disruptions. This is essential to ensure a
positive end-user experience following deployment and to maintain clinical ef ciency and

effectiveness.

1.1 Data-Centric Al in Personalized Medicine

Personalized medicine aims to provide patients with individualized healthcare, including
targeted prevention, precise diagnosis, personalized treatments, and accurate prognosis [2].
In personalized medicine, Al plays an important role by leveraging patient-speci ¢ data

to tailor diagnostics and treatments for various conditions, including rare diseases. Rare
diseases impact a signi cant portion of the population, with an estimated 25-30 million

Americans living with one of over 7,000 identi ed rare diseases [3]. These conditions often



present complex challenges in diagnosis, prognosis, treatment, risk prediction, and access
to care due to limited understanding and resources allocated to each disease. Additionally,
rare diseases disproportionately affect pediatric populations, with approximately 50% of
those affected being children [4]. In routine clinical practice, clinicians often lack expertise
and experience in managing individual disorders due to the diverse and atypical symptoms,
leading to an average of 4-5 years of diagnostic delays with arduous and costly journeys
over $20,000 spanning multiple medical institutions [5, 6].

Developing Al-enabled CDSS for rare diseases presents unique challenges due to the
low prevalence of the conditions and heterogeneity of the clinical presentations [7]. Rare
diseases, by de nition, affect a small fraction of the population, resulting in limited data
availability for data-driven pattern recognition. Moreover, the heterogeneous nature of
clinical presentations within and across rare diseases complicates the task of accurate
disease diagnosis and treatment recommendations [8]. Additionally, the scarcity of expert
knowledge and clinical guidelines speci c to each rare disease further exacerbates the
dif culty in developing effective Al-based decision-support tools. Similar issues related to
data scarcity and quality could arise during the early stages of emerging diseases such as
COVID-19 or in the context of single-site patient care.

There exists an urgent demand for pioneering methodologies capable of harnessing
limited data resources while accommodating the intrinsic variability in disease presenta-
tions [9]. Existing methods leverage the integration of multi-source information to establish
expansive data repositories for training Al models [10, 11, 12, 13]. For instance, FifrdEHR
employs Al algorithms to correlate a patient's self-reported symptoms with those associated
with rare diseases, drawing insights from large-scale, diverse EHR sources. However, the
effectiveness of state-of-the-art Al tools in diagnosing rare diseases depends heavily on the
guality and completeness of patient data. The potential of Al may be compromised when

patient data is insuf cient, incomplete, outdated, or inaccurate, leading to inaccuracies in
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diagnosis or predictions.

To addresslata scarcityand improvdabel quality, we develop data-centric solutions to
facilitate Al-enabled CDSS in personalized medicine, with a speci ¢ focus on the following
technical challenges: (1) When integrating patient data, the extraction of information
and knowledge from multi-site and multi-modal heterogeneous medical data presents a
formidable obstacle. Medical data are usually underutilized and dispersed across individual
healthcare sites with different modalities, necessitating the development of an integrated
clinical data repository for data sharing and management [14]. (2) For limited sample
size with various clinical presentations (e.g., rare diseases), generative Al (e.g., Generative
Adversarial Networks (GANS) [15], diffusion model [16], LLM [17]) could facilitate
large-scale and diverse training samples. (3) Furthermore, when confronted with low-
guality annotations stemming from either clinician experience or generative process, we
employ dataset cartography methods to enhance Al model performance by identifying and
eliminating noisy samples.

In chapter 2, we introduce data-centric solutions to improve Al-enabled CDSS aimed at
improving diagnostic accuracy, patient management, and clinical outcomes across various
diseases, including rare diseases. Our experimental ndings highlight the potential of
integrating clinical data with generative Al techniques to mitigate challenges related to data

guality and scarcity, thereby advancing the eld of personalized medicine.

1.2 Responsible Al for Clinical Decision Support

In the domain of Al-enabled CDSS, transitioning from conventional rule-based method-
ologies to data-driven deep learning models represents a signi cant evolution in diagnostic
capabilities [18, 19]. Rule-based systems, reliant on prede ned criteria and heuristics, often
struggle with the complexity and variability inherent in clinical presentations. They are

limited by the need for extensive domain knowledge and manual feature selection, which

can be both time-consuming and susceptible to human error [19]. In contrast, data-driven



approaches excel in their ability to autonomously learn features and patterns directly from
the data. This not only alleviates the burden of manual feature engineering but also enables
the capture of intricate and subtle patterns that might elude human experts. For instance, in
medical image classi cation, manually crafting rules to distinguish between COVID-19 and
community-acquired pneumonia pixel matrices is exceedingly dif cult, if not impossible.
Consequently, machine learning methods learn decision boundaries from extensive samples
within the pixel matrix space. However, the complexity of these tasks often results in deci-
sion boundaries of considerable sophistication, leading to a 'black-box' model due to their
opaque nature (Figure 1.1). For healthcare providers as end-users, the 'black-box' nature
of these models reduces trust in predictions, hindering clinical con dence and widespread
adoption without evidence of prediction rationale. Similarly, for healthcare system develop-
ers, this opacity obstructs the validation of decision-making processes and the identi cation

of potential pitfalls, impeding efforts to enhance model performance.

Figure 1.1: Overview of XAl in clinical applications.

Lack of model interpretation can also propagate data bias and model bias, potentially
leading to misdiagnoses in certain groups, such as ethnic minorities, and amplifying inequal-
ities. For example, analyzing 158,323 CXRs from MSU and U, Zech et al. [20] discovered

various biases in chest X-rays across different institutions. Over 80% of the CXRs from



MSU were labeled as portable inpatient scans, indicating severely ill patients who could not
be moved. In contrast, the IU dataset comprised entirely of outpatient CXRs without such
tags. As a result, models trained on MSU data relied heavily on the 'portable’ tag to make
predictions, leading to poor performance when generalizing to external datasets. Moreover,
pulse oximeters, an important measurement of blood oxygen levels, have been shown to
overestimate oxygen saturation in non-white patients due to differences in skin color [21].
This systemic bias leads to a signi cantly higher risk of undetected hypoxemia in Black
patients, as they are three times more likely to experience occult hypoxemia that remains
unnoticed by these devices. This case starkly illustrates how biases in clinical measurement
tools can lead to erroneous medical decisions and exacerbate healthcare disparities, a con-
cern that is ampli ed with the integration of Al technologies. Such concerns have led to
the development of Responsible Arti cial Intelligence (RAI) in medicine, which broadly
focuses on ensuring the interpretability, transparency, fairness, robustness, and privacy of Al
models [22, 23].

In summary, adoption of Al-enabled CDSS in real-world clinical settings remains a
major challenge. The lack of model transparency, also known as black-box nature, is a
signi cant obstacle to the widespread adoption of Al-enabled clinical decision support
systems in real-world settings. Clinicians struggle to understand the decisions made by
black-box models, where experts require signi cantly more reasoning processes than a
simple prediction to support their diagnosis [24]. In addition, to enable human intervention
in clinical work ow, we want CDSS not only to be accurate, but also to indicate when it is
likely to make a mistake [25]. Lastly, the use of machine learning algorithms in healthcare
raises a number of ethical concerns without human intervention, particularly when models
have the potential to exacerbate existing health disparities [26]. Therefore, we aim to
promote translational research through responsible Al by (1) delivering explainable Al
algorithms for model interpretation in clinical decision support systems to gain clinical trust,

and (2) proposing a translational framework for precision medicine leveraging responsible



Al towards accountability, trustworthiness, and fairness in real-world clinical practice

(Figure 1.2).

Figure 1.2: RAI-based clinical solutions facilitate high performance, improve user trust, and
guide user action for both clinicians and model developers.

In chapter 3, we address the RAI considerations to develop transparent and reliable
CDSS for personalized medicine. Beyond emphasizing model transparency and trustwor-
thiness, our innovative contribution includes the proposal of an XAl evaluation pipeline
with comprehensive evaluation metrics. This pipeline addresses the existing gap in assess-
ing model interpretations, even without ne-grained annotations, enhancing the overall

accountability and interpretability of the developed CDSS.

1.3 User-Centered Al for Translational Research

Despite the abundance of peer-reviewed papers demonstrating novel Al-enabled solutions for
precision medicine, few have had a signi cant clinical impact in terms of translating research
into practice and bene ting patients and clinicians [27]. Even with suf cient training data and
advanced models, the deployment of Al-enabled CDSS into real-world clinical work ows

presents additional challenges. These include a de ciency in clinical knowledge, inadequate



evaluation during real-world usability testing, and dif culties clinicians face in using tools
that lack user-friendly design. American Medical Informatics Association (AMIA), the
largest professional society for medical informaticists worldwide, has established criteria for
evaluating the safe and effective use of Al applications in real-world healthcare sceénarios
These comprehensive evaluation criteria include (1) technical performance, (2) usability and
work ow, and (3) health impact.

Conducting systematic and comprehensive evaluations of Al tools is essential for real-
world applications to ensure safe and effective deployment in healthcare settings [22].
This evaluation process extends beyond technical performance analysis; it also necessi-
tates assessing usability and the impact on health outcomes. However, the development
of most medical Al tools concludes with reporting evaluation metrics focusing on only
model performance, like accuracy, AUROC, etc. To deliver a comprehensive and complete
Al model development process in real-world clinical settings, we executed a three-stage
evaluation pipeline for an Al-enabled clinical system predicting post-operative rehabilitation
outcomes. Firstly, machine learning models were developed to predict patient-reported out-
comes post-surgery using pre-operative clinical data. Speci cally, we focused on enabling
responsible Al by interpreting model predictions, calibrating model con dence for human
intervention, and addressing health disparities to ensure algorithmic fairness. Secondly, a
SMART-on-FHIR infrastructure with a user interface was delivered for data management
and model deployment, including comprehensive usability and work ow evaluations. The
third stage involved evaluating the health impact, focusing on the improvement between
pre- and post-operative outcomes. This rigorous model development and evaluation strictly
follows AMIA Al Evaluation Showcase standard across all three stages, including technical
performance, usability, and health impact.

Despite the strong capacity of advanced Al models like LLM, directly applying them

to infer patient data is often undesired in clinical practice [28, 29]. Firstly, LLMs with

2https://amia.org/education-events/amia-2024-arti cial-intelligence-evaluation-showcase



billions of parameters require signi cant computational resources even for inference, leading
to increased infrastructure costs and long inference time [17]. Such limitations can be
particularly constraining in real-time clinical settings. Secondly, sensitive patient information
naturally raises privacy and regulatory compliance concerns. Moreover, adapting LLMs to
biomedicine has been rarely explored due to the lack of medical domain knowledge [30].
To effectively address these challenges, we rst proposed ClinGen [31], an innovative and
resource-ef cient approach to infuse knowledge into clinical data generation. By leveraging
clinical topics and writing styles from external domain-speci ¢ knowledge graphs, ClinGen
consistently aligns the distribution of real datasets and signi cantly enriches the diversity
of synthetic instances for model training. To translate LLMs from clinical research to
practice, we then developed and validated a shared decision-making tool based on a similar
retrieval-augmented framework (Figure 1.3), Chat-Orthopedist [32], for patients and families
to prepare a meaningful clinical visit. Speci cally, we conducted multiple usability tests on
approximately 300 participants to demonstrate that Chat-Orthopedist can deliver accurate

and unbiased knowledge on disease information and treatment options.

Figure 1.3: Overview of retrieval-augmented generation for medical knowledge injection.

Recognizing the proliferation of tools developed and the challenges associated with their
use in clinical settings, our goal has been extended to optimize the use of these existing
tools while reducing learning costs for clinicians. While not applied in the medical domain,
LLM agents have successfully addressed complex problems requiring advanced reasoning

and planning capabilities. To this end, we have developed EHRAgent [33], an autonomous
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agent speci cally to facilitate planning for tool utilization in clinical settings. EHRAgent

is equipped with a code interface that enhances its coding capabilities, thus simplifying
the tool planning process and eliminating unnecessary steps. An iterative coding process
between the LLM planner and the code executor utilizes environmental feedback, re ning
the overall plan and ensuring more effective solutions. EHRAgent enables the integration
of complicated tool-use scenarios (e.g., SQL, multi-modal QA) in clinical work ows,
alleviating the additional learning burden on clinicians. By expressing clinical needs in
plain text, LLMs will automatically generate the necessary code for both planning and tool
utilization. EHRAgent represents a pioneering exploration in enhancing the accessibility
and ef ciency of tools in healthcare settings, leveraging the advanced planning and code
generation capabilities of LLMs.

In chapter 4, we deploy data-ef cient and trustworthy Al models into real-world clinical
applications aligned with existing clinical work ow and human (expert) values. Speci cally,
we advance LLM for clinical decision support by: (1) developing a patient-centered Shared
Decision Making (SDM) tool, Chat-Orthopedist, for pediatric patients and families to
prepare a meaningful discussion with clinicians based on retrieval-augmented LLM; and (2)
developing EHRAgent for clinicians, an LLM agent empowered with a code interface, to
autonomously generate and execute code for complex clinical tasks within EHRSs.

This dissertation proposes a data-ef cient and trustworthy framework to advance Al-
enabled CDSS in personalized medicine, with a speci ¢ focus on generative Al and LLM.
Given the increasingly public-interest nature of healthcare, we are dedicated to pursuing
broader societal impact in collaboration with healthcare providers, hospitals, pharmaceutical
and biotechnology companies, and other diverse groups in the healthcare industry to advance

Al in real-world clinical research and practice.



CHAPTER 2
PREPARING INTEGRATIVE BIOMEDICAL DATA THROUGH GENERATIVE Al
FOR PERSONALIZED MEDICINE

2.1 Overview: Multi-Site and Multi-Modal Data Integration

With the recent advancements in novel biomedical technologies, including high-throughput
sequencing and wearable devices, there is an unprecedented generation of biomedical
data [34]. This data spans from multi-omics molecular information to real-time continuous
bio-signals, marking a new era in multi-modal and multi-site data collection (Figure 2.1).
For the rst time, this diverse and geographically dispersed data collection is bringing
the concept of precision medicine closer to reality. However, the sheer volume and com-
plexity of this multi-modal, multi-site data pose signi cant challenges. Researchers and
clinicians worldwide are actively developing Al methodologies to facilitate data-driven
knowledge discovery and decision-making across various biomedical data modalities and
sites. These Al-based approaches yield promising results in various biomedical and health-
care applications, paving the way for more informed, ef cient, and personalized medical
interventions.

We organize the rest of this chapter as follows: section 2.1 reviews the existing methods
for harmonizing multi-site and multi-modal patient data, focusing on integrative approaches
for heterogeneous biomedical data; section 2.2 introduces an FHIR-enabled framework for
harmonizing multi-site and multi-modal patient data within an ETL process; section 2.3 and
section 2.4 explore effective learning schemes for clinical decision support utilizing multi-
site and multi-modal clinical data, respectively; and section 2.5 discusses an innovation
application of generative Al in advancing rare disease detection, facilitating the automated

augmentation and selection of high-quality training samples.

10



2.1.1 Multi-Modal Clinical Datalntegration

We categorize multi-modal patient data integration at three different levels: (1) the level of
raw data, (2) the level of features, and (3) the level of decisions [35]. At the raw data level,
biomedical data from various modalities and sources are harmonized utilizing data exchange
standards for standardized data collection and storage. At the feature level, features extracted
from different sources or modalities can be combined using different feature engineering
strategies, including representation, alignment, and co-learning. At the decision level, the
outputs of multiple baseline models are combined via different voting strategies to support

clinical decision-making.

Figure 2.1: Overview of multi-modal patient data integration. lllustration of Multi-modal
data integration in precision medicine, including prevention, screening, diagnosis, prognosis,
and treatment.

Raw Data Level Integration

EHRs primarily contain two types of data: (Apstructured data, such as clinical notes,

medical imaging; and (2¥tructured data, such as administrative information, vital

11



signs, laboratory results, diagnosis codes and results, prescriptions, and medications [36].
Standards-based modeling of EHRs is crucial for data interoperability and scalability [37].
However, integrating unstructured data into a standard data model at the raw data level
presents unique challenges due to the heterogeneous approaches used in existing EHR
systems.

Clinical narrative mining is critical for precision medicine due to the extensive documen-
tation of adverse events and medications in unstructured EHR narratives. Natural Language
Processing (NLP) plays an important role in extracting information from clinical notes and
mapping it to structured representations. The main subtasks for information extraction from
unstructured EHR data include (1) concept extraction, (2) temporal event extraction, and (3)
relation extraction [38]. Word2Vec and other deep learning-based embedding techniques for
words, sentences, and documents have gained popularity due to their compressed represen-
tations and preservation of semantic similarity [39]. However, embedding techniques were
limited in capturing the context and order of words in long sentences. Recent advances in
the use of attention mechanisms such as transformers [40] have signi cantly increased the
implementation of NLP for learning contextual representations with pre-trained language
models such as BERT [41]. In clinical information extraction, pre-trained models, including
Bio-Bert [42] and Clinical-Bert [43], have been widely used to learn domain-speci ¢ word
representation trained on biomedical corpora and MIMIC-III clinical notes.

The most essential task associated with clinical note analysis is extracting structured
medical concepts, such as diseases, therapies, and procedures. Sabra et al. [44] proposed
semantic extraction and sentiment assessment of risk factors framework using NLP to
identify Uni ed Medical Language System (UMLS) concept unique identi ers of venous
thromboembolism risk factors and mapping them to the expert list of risk factors. Temporal
event extraction addresses the more dif cult challenge of associating notions of time with
each retrieved EHR concept. Yuan et al. [45] implemented an NLP interpreter for a cancer

extraction tool to identify features including stage, histologic type, diagnosis date, and
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somatic variant information from clinical notes to investigate lung cancer prognosis. Am-
rollahi et al. [39] generated sequential hourly predictions for sepsis based on contextually
embedded representations learned using Clinical-BERT in clinical texts. Relation extraction
guanti es structured relationships within the free text between medical concepts, including
relationships (e.g., drug X improves/worsens/causes condition Y). Li et al. [46] introduced
BEHRT, a deep neural sequence transduction model for EHR that can concurrently pre-
dict the likelihood of hundreds of conditions during a patient's future visits to provide
personalized prognoses.

Due to the widespread utilization of EHRs in hospital systems, there are signi cant
demands for semantic interoperability and large-scale analysis in clinical and translational
research [39]. However, the lack of interoperability of EHR data between institutions
complicates the secondary use of EHR data, particularly in collaborative research across
institutions. To solve this issue, Common Data Model (CDM) is a data standardization and
facilitation tool for exchanging, pooling, sharing, and storing data from multiple sources,
such as Sentinel, PCORNet, OMOP, and i2b2. By representing structured EHR data with
a CDM, researchers can facilitate large-scale data research collaboration while enabling
advanced research in precision medicine [47]. In addition, standards for health care data
exchange such as FHIR have been widely used [48, 49] to normalize and integrate structured
and unstructured EHR data by providing a standardized representation of a wide variety of

healthcare concepts.

Feature Level Integration

At the feature level, different feature engineering strategies, such as representation, align-

ment, and co-learning, can combine features extracted from other sources or modalities.
Joint representations project multi-modal features into a shared space [50], especially

applicable when all modalities are available during both the training and testing stages. For

example, Venugopalan et al. [51] adopted an encoder-decoder framework to concatenate
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features from Magnetic Resonance Imaging (MRI), genetics, and clinical test data for the
detection of Alzheimer's development stage.

Multi-modal alignment de nes the relationships and correspondences between sub-
components of instances from multiple modalities [50]. Earlier studies on multi-modal
alignment focused on aligning multi-modal sequences using hand-de ned similarity between
the modalities unsupervised. Recent researchers have proposed supervised alignment
methods for training similarity measures for aligning modalities based on labeled aligned
instances. For example, Zhu et al. [52] aligned books with corresponding movies/scripts by
training a Convolutional Neural Network (CNN) to measure the similarity between scene
and text.

A multi-modal co-learning strategy enables one data modality to in uence the training
stage of other modalities by taking advantage of cross-modality complementary information.
Unlike joint representation learning, co-learning approaches focus on better understanding
of semantic concepts and unseen object recognition (e.g., zero-shot learning). For example,
Socher et al. [53] mapped image features to a conceptual word space to recognize objects in
images without available training data for the object class. Initially, images were mapped to
semantic word vectors corresponding to their labels, thereby generating image embeddings
for distinguishing between seen and unseen objects. A separate recognition model was then

applied to each type.

Decision Level Integration

At the level of clinical decision-making, the outputs of multiple baseline models are com-
bined using a range of potential voting strategies. Decision-level integration resolves the
issue when one or more modalities are unavailable during the testing phase. The classical
decision-level integration includes averaging, weighted majority, and ensemble learning
to follow the majority voting scheme [54]. Despite the independent analysis of each data

set, a late fusion of uni-modal predictions ignores the low-level interaction between the
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modalities. To increase the low-level interaction, a hybrid fusion of knowledge and decision
by transferring decision from knowledge (e.g., transfer learning) or retrieving knowledge
for decision making (e.g., casual inference modeling) can be helpful for physicians by

improving decision interpretability [55].

2.1.2 Multi-Site Clinical DataHarmonization

EHR serve as digital versions of a patient's medical records, including demographics,
medical histories, vital signs, lab tests, radiology images, pathological images, diagnoses,
treatment procedures, and medications. With the development of smart wearable devices,
the EHRs have been extended into personal health records (PHRs) with out-of-clinic data
such as the patient's daily behavior, activities, and physiological data. In precision medicine,
the EHR also serves as a bridge to connect with extra patient information, such as the
genetic pro les in multi-omics data and medical imaging data. While they remain more
interpretable from different sources, their increasing complexity, especially with data types
like extensive ECG monitoring and whole-slide imaging, has made machine learning vital
for effective data management. Moreover, the variety of EHR data modalities is increasing
rapidly. Thus, researchers seek help from centralized data harmonization and management
to assist machine learning in feature extraction, feature selection, and predictive modeling.
Unstructured EHR data, commonly referred to as free-text clinical notes describing a
patient's condition, is the most ef cient and intuitive method of clinical documentation.
While this free-text format is convenient for expressing concepts and events, it makes
searching, summarizing, decision support, and statistical analysis dif cult because of (1)
exible formatting, (2) atypical grammar, (3) detailed descriptions, and (4) abundant mis-
spellings [56]. Basic pre-processing steps include converting the numeric values to strings,
converting text to the UTF-8 standard encoding format, normalizing entities, segmenting
sentences, removing stop words and punctuation, and removing extraneous spaces, lines,

or characters [57]. Additional challenges are associated with reusing structured EHR data,
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particularly data heterogeneity, quality, and high dimensionality. Table 2.1 describes widely

used EHR standards for digitally storing information related to patient admissions, condi-

tions, care procedures/results of these procedures, and outcomes. A detailed review of the

existing EHR data standard [37, 58] is available in the supplementary materials.

Table 2.1: Overview of EHR data standards. Data standards specify the standards for
digitally storing information related to patient admissions, conditions, care procedures,
results of these procedures, and outcomes.

Name

Description

HL7 v2

Successor to HL7 v1. Plaintext encoding of admissions, discharges, and transfers, as well as exchang|

ng orders

and reports for tests and treatment. The most used healthcare interchange format. Custom software is often needed

to parse and view results. Flexible but subject to variability in implementation.

HL7 v3

Successor to HL7 v2 sought to standardize data interchange using a structured reference information mo|
and object-oriented ideas. Healthcare data are partitioned into four core classes with prede ned rela
available between them (supplied through two additional classes).

del (RIM)
ionships

FHIR

Based on the HL7 data-sharing standards. A RESTful protocol for transferring EHR data that returns
a variety of machine- or human-readable formats. Built on previous iterations of HL7, it allows for web
technologies to take advantage of these data.

data in
rbased

CDA

The most widely adopted application of HL7 v3 is designed to be human-readable. Heavily incorporat
into its organizational structure.

es XML

OpenEHR

A highly generic architecture aimed at clearly de ning data semantics to be robust in the face of rapidly cl

anging

information, technology, and patient movement between healthcare systems. Developed by OpenEHR International.

xDT

A communications standard largely used in German medical centers specifying details for laboratory
accounting (ADT), treatment (BDT), and device (GDT) data transfer.

(LDT),

UMLS

A set of les and software that aims to promote interoperability between systems by integrating many he

alth and

biomedical vocabularies/standards. Maintained by the U.S. National Library of Medicine, a member of SNOMED

International.

SNOMED CT

A designated standard for use in U.S. Federal Government systems for the electronic exchange of clini

al health

information and is also a required standard in interoperability speci cations of the U.S. Healthcare Information

Technology Standards Panel. Designed around bene ting both individuals and populations as well as fa
evidence-based healthcare decisions.

cilitating

ICD

A schema that allows for systematic classi cation of diseases, permitting the capable analysis of health
and increased interoperability between health systems. Published by the World Health Organization.

care data

CPT

A schema that allows for the systematic classi cation of healthcare services provided to patients ag
procedures. Developed and maintained by the American Medical Association.

well as

LOINC

A schema that allows for the systematic classi cation of medical laboratory tests and observations.
available at no cost. Developed and maintained by the Regenstrief Institute.

Publicly

RxNorm

A collection of normalized names for clinical drugs and associated names in widely used pharmacy management

and drug interaction software. Maintained by the U.S. National Library of Medicine.

Due to the widespread utilization of EHRs in hospital systems, there are signi cant

demands for semantic interoperability and large-scale analysis in clinical and translational

research [59]. However, the lack of interoperability of EHR data between institutions

complicates the secondary use of EHR data, particularly in collaborative research across
institutions [14]. By representing structured EHR data with a common data model (CDM),
we can facilitate large-scale data research collaboration while also enabling advanced

research in precision medicine. Table 2.2 summarizes the CDMs frequently used in research
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Table 2.2: Overview of EHR Common Data Models (CDMs). CDMs are frequently utilized

in research to facilitate the exchange or sharing of a speci c set of data. A data model is a
representation of the information typically collected about various entities or occurrences,
as well as the connections between them. A CDM serves as a standardized framework to
streamline the exchange, pooling, sharing, or storage of data from multiple sources.

Name Description
Sentinel CDM | A relational model developed in 2008 to address the FDA's desire to create a national system capable of being
used to monitor the safety of medical products that had acquired regulatory approval.
PCORNet CDM A relational model used by the Patient-Centered Outcomes Research Institute (PCORI) to support the PCORnet
Distributed Research Network (DRN). An open-source extension of the Sentinel CDM.
OMOP CDM | A person-centric way to standardize EHR information aimed at identifying populations with speci ¢ healthcare

interventions, analyzing their demographics, and analyzing the effects. Adopted by the Observational Hegalth Data
Sciences and Informatics (OHDSI) Consortium.
i2b2 CDM A relational data model centered around the use of a single “fact' table for storing patient information. Particularly
suitable for representing nonstandard or local types of medical data. Used by the i2b2 tranSMART Foundation.

when a set of structured EHR data needs to be exchanged or shared. In addition, FHIR has
been widely used [60] to normalize and integrate structured and unstructured EHR data by
providing a standardized representation of a wide variety of healthcare concepts, as shown

in Figure 2.2.

2.2 Multi-Site and Multi-Modal Data Harmonization via FHIR for Pediatric Scoliosis

Patient Rehabilitation

Scoliosis is a spinal curvature that most frequently affects adolescents. Posterior spinal
fusion surgery is required to correct the deformity in patients with severe scoliosis. Surgeons
frequently use radiographic measurements and patient-reported outcomes to aid surgical
treatment and monitor patient rehabilitation. Shriners Hospitals for Children is a large
healthcare system caring for a signi cant percentage of pediatric patients with scoliosis.
Surgeons from SHC-Greenville and SHC-Lexington have recorded data from more than
1,000 individual scoliosis patients. However, these collected data are usually dispersed
across individual healthcare sites, necessitating the development of an integrated clinical
data repository for data sharing and management. In this case study, we established a
standardized research data repository with FHIR resources to harmonize multi-modal patient

data from multiple clinical sites [14]. Additionally, a FHIR-compliant application with a
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Figure 2.2: The framework for integrating multi-site structured and unstructured EHR data
using FHIR. Modeling of EHR data based on standards is essential for data interoperability
and widespread use. FHIR has been extensively utilized to normalize and integrate both
structured and unstructured EHR data by providing a standardized representation of a vast
array of healthcare concepts.

web-based user interface has been prototyped to enable clinicians and researchers to access
scoliosis patient data within our integrated, standardized research repository. Patient cohort
de nitions can be used to search these records using the same FHIR application. This
standardized data-sharing framework and healthcare information system can be applied to
multi-site and multi-modality studies for clinical and research purposes, with the ultimate

goal of improving the quality of patient care.
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2.2.1 Introduction

Scoliosis is a three-dimensional deformity characterized by a greater than 10-degree lat-
eral curvature of the spine, which affects around 2-3% of the pediatric population [61].
Idiopathic scoliosis is the most common type of spinal deformity confronting orthopedic
surgeons. Scoliosis in children can impair a patient's appearance, respiratory function,
trunk balance, and mental health and may result in back pain later in life [62]. In routine
scoliosis care, clinicians typically use radiographic imaging and measurements, EHR, and
Patient Reported Outcome (PRO) for surgical planning, surgical correction assessment, and
correction maintenance (i.e., rehabilitation) over time [63].

Shriners Hospitals for Children (SHC) is a large healthcare system caring for a signi cant
percentage of pediatric patients with scoliosis. SHC-Greenville and SHC-Lexington have
participated in the Setting Scoliosis Straight (SSS) Surgeon Performance Program (SPP)
quality improvement registry, which includes radiographic data and PRO data for all patients
undergoing any type of spine fusion. For over ten years, clinicians in SHC-Greenville and
SHC-Lexington have archived the care records of over 1000 individual patients and tracked
each patient's 2-7 separate visits (i.e., pre-operative, post-operative, 6-month, 1-year, 2-year,
5-year, 10-year marks).

Surgeons have archived scoliosis patient information and extensive pre-/post-operative
patient data locally to monitor patient rehabilitation. However, these data have been dis-
parately distributed in individual SHC sites with a variety of data formats. While the
adoption of new EHRs is rapid, they are rarely shared between institutions due to a lack
of healthcare data standardization, resulting in poor interoperability. Incompatible data
structures and formats are a frequent impediment to cross-site data sharing and reuse in
medical research [64]. In addition, scoliosis data are manually organized within the SHC
clinical healthcare system, resulting in a signi cant underutilization of these data for clinical
research. To the best of our knowledge, there is no clinical application that allows surgeons

working in multiple sites to register, share, and retrieve pediatric scoliosis patient data for
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both clinical and research studies. This lack of data standardization and interoperability
among clinical sites signi cantly hampered research into scoliosis patient care.

To address the aforementioned issues, we implemented a new healthcare data exchange
standard, FHIR from Health Level-7 (HL7), to develop a clinical and healthcare information
system for scoliosis patient care, as shown in Figure 2.3. First, we de ned an FHIR-based
data structure to standardize data formats and elements across multiple sites. This data
harmonization is performed using the ETL process to transfer data from various sources to a
standardized data repository. Second, we developed a FHIR-compliant web application with
an interactive Graphic User Interface (GUI) to facilitate clinical informatics research. With
uni ed formats and harmonized elements, scoliosis patient data quality and integration can
be enhanced, enabling successful clinical data analysis and decision support implementation.

The main contribution of our work is three-fold:

» We establish a standardized research data repository with FHIR resources to harmonize

multi-modal scoliosis data and facilitate the ETL process across multiple sites.

» This application enables the retrieval of patient data using a parameter search for a
particular research cohort, the examination of individual patients via unique patient

identi er, and the integration of multi-modal scoliosis data from multiple sites.

» The proposed healthcare information system can be generalized to multi-site and
multi-modality studies for clinical and research purposes, with the ultimate goal of

improving the quality of patient care.

2.2.2 RelatedWorks: FHIR Standardn HealthcardnformationSystems

FHIR is a new HL7 health standard that streamlines and standardizes healthcare commu-
nication by taking a resource-centric approach rather than a document-centric approach
that enables data and system interoperability. As a two-part system providing the poten-

tial for data interoperability, FHIR consists of standardized healthcare data models and
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Figure 2.3: System diagram of the generalizable clinical infrastructure for pediatric health-
care information exchange. First, we generated a FHIR-enabled ETL pipeline for multi-site
and multi-modal data harmonization to a standardized research data repository. Second, we
developed a SMART-on-FHIR application to facilitate data access through a web interface
for both clinical and research purposes. Lastly, we demonstrated the effectiveness of our
framework in improving pediatric scoliosis patient care.

an Application Programming Interface (API) for model interaction. FHIR de nes a logi-

cal, consistent, and comprehensive way to represent and provide a Representational State
Transfer (REST)ful API for interacting with and modifying healthcare data elements. Data
resources are available as online services capable of reading and writing data in real time.
Additional frameworks have been established based on the FHIR framework; for example,
SMART-on-FHIR is an open framework of web standards that enables the de nition of
healthcare applications based on FHIR data [65].

Due to the diversity, volume, and distribution of ingested data, clinical sites typically
operate independently, amplifying the challenge of data harmonization and sharing. To
address this issue, researchers integrated FHIR into ETL tasks to achieve data mapping
from multiple sites to an integrated data repository [66, 37]. For example, Kiourtis et al.
[66] proposed a data transformation mechanism that entails performing ontology alignment

and transformation operations on healthcare data, restructuring them according to speci ed
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criteria, and identifying correspondences and possible transformations between the ingested
data and HL7 FHIR using semantic and ontology alignment techniques. These FHIR-based
data mapping mechanisms can take full advantage of a data-intensive environment without
losing the real-world complexity of health when dealing with heterogeneous data from
multiple sites.

SHC has begun developing an FHIR-based infrastructure to modernize its data har-
monization in preparation for future informatics and enhanced patient care. Researchers
can push data to a private FHIR-compliant research database via a user-facing application
hosted on a private Microsoft Azure cloud network managed by SHC Research Programs
[67]. Additionally, patient cohort curation is facilitated through database querying of FHIR
used to manage data ow within the research repository, allowing clients to identify patient

cohorts for clinical research studies quickly.

2.2.3 Multi-Site andMulti-Modality ScoliosisPatientData

Patient Information

In this study, we included a patient cohort diagnosed with idiopathic scoliosis at SHC-
Greenville or SHC-Lexington between 1/1/2010 and 1/28/2021. The study population
was drawn from a consecutive case review, including all eligible pediatric patients of both
genders, all ethnic backgrounds, and females of childbearing potential, to minimize bias in
our study. As shown in Table 2.3, 537 and 250 individual idiopathic scoliosis patient data
were collected from SHC-Greenville and SHC-Lexington, respectively. To ful Il the IRB
requirement, we limited the use of identi able patient information, such as name, birth date,
and address. Instead, we used unique patient identi ers to connect the proposed research

data repository to the SHC patient identity source within the SHC EHR system.
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Table 2.3: Scoliosis Patient Data at Shriner-Greenville and Shriner-Lexington Sites Over 10
Years.

Shriners Hospital Site Scoliosis Patient Number
SHC-Greenville 700 total spine fusions, 537 idiopathic
SHC-Lexington 318 total spine fusions, 250 idiopath\ic

Table 2.4: Description of Multi-modal Clinical Data Source in SHC-Greenville and SHC-
Lexington.

Multi-modal Data Data Type Number
Demographics EHR 4,258
Procedural Data Numerical and categorical 130,180
SRS-22r PROs Numerical 1,320
Radiography X-ray Imaging 2,224
Radiographic MeasurementdNumerical and categorical 45,280

Hospital Visit Information

We collected hospital visit information of eligible patients from the SHC-Greenville and
SHC-Lexington databases. Pediatric patients typically have multiple hospital visits, in-
cluding pre-operative and a few post-operative visits at different time-stamps. To track
and evaluate the rehabilitation of patients, we excluded patients who had less than three
months of radiographic follow-up. Thus, each patient had at least 200 data points on
procedure-speci ¢ parameters, demographics, complications, and manually measured and

human-curated radiographic measurements.

SRS-22r Patient Self-Report Survey Outcomes

SHC-Greenville and SHC-Lexington launched SRS-22r in June 2016 and since have col-
lected SRS-22r results on scoliosis patients over ten years old before and after spine surgery.
Between 6/1/16 and 2/24/21, 1,320 total surveys were collected among 566 individual
patients (in Table 2.4). Besides SRS-22r, SHC also launched SAQ [68] in April 2019,
PROMIS [69] in July 2017, and EOSQ [70] in September 2019. We mainly focused on

SRS-22r patient-reported surveys in this project.
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Radiographic Measurements

SHC-Greenville and SHC-Lexington have participated in the SSS SPP quality improvement
registry. This registry aims to provide comparative practice data that can be used to identify
the best clinical practices and improve the quality of care. Speci cally, the registry collects
around 40 individual radiographic measurements, such as thoracic curve, lumbar curve,
T1 tilt angle, etc, during each hospital visit for a patient. These radiographic parameters
are manually calculated and veri ed from radiographs by clinical workers. A patient may
have 2-7 separate visits, resulting in more than 80-280 radiographic measurements over the

course of treatment.

2.2.4 Methods:FHIR-enabledPatientinformationSystemDesignandimplementation

Multi-site clinical healthcare organizations are required to transform healthcare data into

a uniform format and use standardized terminologies to facilitate data exchange. In this
project, we established a standard data structure using an FHIR protocol to facilitate the
ETL process and harmonize multi-modality scoliosis patient data across Shriner's hospital

sites. Next, we proposed developing an innovative FHIR-compliant research repository with

a web application that enables clinicians to access clinical data from this standardized and
harmonized data repository.

According to various characteristics of scoliosis patient data from multiple sites, we
established an integrated framework for modeling multi-site and multi-modal data into
the HL7 FHIR speci cation. The standard scoliosis data structure de nition with FHIR
resources is shown in Figure 2.4. All resource de nitions and standardization are performed
using the HL7 FHIR v4.0.1. Patient, Encounter, ImagingStudy, QuestionnaireResponse, and
Observation resources are used. The Patient resource enables information to be organized
according to SHC patients using a patient-speci ¢ Medical Record Number (MRN) to
connect repository data to the rest of the EHR in the SHC clinical healthcare information

system. Encounter resources organize data into meaningful periods. The responses to
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each question in the SRS-22r questionnaire are stored in the Observation derived from
the corresponding QuestionnaireResponse resource. The detailed mapping of SRS-22r
guestionnaire elements and attributes to their FHIR Questionnaire resource counterparts is
shown in Figure 2.5. The ImagingStudy and Observation resources each de ne scoliosis
imaging studies and different types of radiographic measurements, respectively. In this
multi-site data-sharing framework, metadata mapping and data standardization are the core

tasks before the transformation.

Figure 2.4: Standard scoliosis data elements and formats de ned using FHIR resources.
All resource de nitions and standardization are performed using the HL7 FHIR v4.0.1:
Patient resource for patient demographics information, Encounter resource for each visit,
Questionnaire for SRS-22r patient-reported survey, Observations derived from Questionnair-
eResponses for PROs, ImagingStudy for spinal X-ray imaging, and Observations derived
from ImagingStudy for radiographic measurements.

Our application comprises two components to ensure a successful transition into the
SHC-managed Microsoft Azure cloud infrastructure. The rst component consists of a
scoliosis FHIR research repository, and the second is a FHIR-based application. We built
our FHIR research repository on a HAPI FHIR R4 server. We organized the data within the
repository using the Patient resource to store patient demographics information and map it to

external EHR resources using a unigue SHC MRN. We then created an Encounter resource
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Figure 2.5: Integration from SRS-22r questionnaire to existing FHIR Questionnaire resource.
We mapped each element and attributes from metadata (Green) to their FHIR Questionnaire
resource counterparts (Yellow) and provided an example of an SRS-22r Questionnaire in
FHIR using JSON format (Purple).

for each visit to allow for future expansions of this project. For instance, we could associate
ImagingStudy and QuestionnaireResponse with the same Encounter resource in the future to
facilitate searching for related events. An ImagingStudy resource is created and associated
with a single encounter for each spinal X-ray imaging study. Each radiographic measurement
is mapped to Observation resource and assigned to an existing ImagingStudy resource via the
"derivedFrom” eld. Similarly, for each SRS-22r PRO, a QuestionnaireResponse is created,
and the response to each question is stored in an Observation derived from the corresponding
guestionnaire result. This FHIR resource structure was chosen to be consistent with the
FHIR standard and recommendations while allowing easy access to stored data via the FHIR

API.

2.2.5 Results:InformationRetrievalandintegration

In practice, healthcare workers with expertise in scoliosis radiographic imaging generate a
comprehensive set of manual measurements, including Cobb angles. SRS-22r questionnaire
outcomes are PRO instruments with more speci ¢, personal priorities when seeking surgical
care. These data, along with patient demographics and visit information, can then be

uploaded to the research repository using our application. In addition, patient cohorts can be
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identi ed by searching these records using the same user-friendly application.

Patient Search

Clinicians can easily search for individual patients using the GUI application hosted within
the private Azure cloud system. Only users with Shriners Azure accounts and validated
permissions are allowed access to this page to ensure secure access to the protected clin-
ical data repository. Once access is granted to the "Exploration” page of the GUI, they
are able to search for speci c patient surveys and imaging features using the patient's
unique MRN. A list of the FHIR ImagingStudy and Questionnaire IDs for that patient

is returned after clicking the "Search” button. The features for either an ImagingStudy

or a Questionnaire can be obtained by entering the Resource ID into the search eld and
clicking the "Search” button again. These searches are conducted by sending GET re-
guests via the FHIR API with the appropriate FHIR Resource parameter, e.g. search by
resource identi cationGETT baseurgPatient?id=f patientidg; search by 'identi er': GET

f baseurgPatient?identi er=SHGf MRNg. The ability to search for speci ¢ scoliosis patient

data using a single user interface allows fast access to these relevant features across SHC

sites.

Parameter Search

Approved SHC clinical researchers can also use our application to search for patients
meeting pre-de ned cohort de nitions for clinical study recruitment and operations research.
This is achieved using the "Data Query” page which allows users to select a range for each
feature of interest across all relevant SRS-22r and X-ray values. These parameter options
are converted to a series of Patient GET requests to the FHIR API, one for each parameter
range. The resulting Patient Resource responses are converted into a list of Patients meeting
all cohort inclusion criteria. The MRNs for the matching patients are then shown to the user,

who can then use the clinical EHR system to obtain more detailed patient identi ers for
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clinical trial recruitment or operations research.

Multi-Site Integration

A major goal of this project was to integrate scoliosis datasets across multiple Shriners
hospital sites. Successful integration of data across the SHC system allowed for improved
clinical insights by increasing the accessible datasets when searching for novel patterns
in scoliosis traits. In addition, the multi-site registry allows users to quickly share data
with healthcare colleagues for additional perspectives to improve healthcare management.
Interoperability between sites has also been signi cantly improved by the common FHIR
protocol and greatly improves the coordination and administration of these data to meet both
clinical and research requirements. Single-site data bias is known to exist within geographi-
cally distinct healthcare sites due to demographic, local policy, and disease epidemiology
differences. These biases can be explored via this common repository, potentially improving

care in areas of greatest need.

Multi-Modality Integration

Consolidation of imaging features alongside survey results within a single, pathology-
focused repository allows SHC healthcare workers to gain a more holistic view of patient
health without having to rely on disparate data sources. Multi-modality patient datasets
also allow for complementary perspectives into disease processes which may guide clinical
decision making. In addition, the consistency of insights from multiple modalities can
quickly be checked to ensure decisions can be made with high con dence. Integration of
survey results with imaging features also encourages the detection of novel associations

between these distinct modalities.
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2.2.6 Discussions

The primary challenge of the project is the harmonization of multi-modal data from multiple
sites. While both sites collected similar data on PSF patients, there were discrepancies in
variable de nitions and data collection frequencies. Additionally, multi-model data with
annotations (e.g., pre-operative spine radiographic imaging data and measurements) stored
in disparate formats has a negative effect on data standardization and integration.

We developed an innovative FHIR-compliant research repository that can be accessed
via a user-facing FHIR application to facilitate the ETL process over scoliosis data. This
repository enables clinicians and researchers to access scoliosis patient imaging and PRO
survey data. This application allows patient features to be explored using only the patient's
unigue MRN by users with Shriners data access permissions for their work ow. Additionally,
clinical researchers can use research cohort de nitions to identify patient cohorts meeting
speci c radiographic and PRO criteria in order to test hypotheses in the eld of scoliosis
pediatric patient treatment and rehabilitation. By combining our user application and
research repository, we can gain valuable insight into scoliosis patient care, allowing us
to pursue clinically relevant research questions. Our work has improved the current data
management system within the SHC system and established a prototype for data organization
and accession for niche clinical elds across multiple SHC sites.

Our application is constantly evolving in response to feedback from clinical users. Our
goal is to provide a streamlined and integrated system for clinical data management and
access that does not disrupt existing work ows. Among the challenges presented by these
objectives was ensuring that our user interface was simple to use and that all components
were clearly labeled. Throughout the application development process, expert feedback
from scoliosis experts and clinical researchers was gathered. This insight was used to guide
feature implementation and create a user interface that could be integrated seamlessly into
the existing clinical work ow. Additionally, we discovered the value of simple search

functions for assisting with basic data quality tasks, which we incorporated into our nal
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user interface.

2.3 Learning from Multi-Site Heterogeneous Data for Early COVID-19 Diagnosis

The ongoing COVID-19 pandemic has overwhelmed healthcare systems, including radiology
systems and departments. Machine learning-based medical imaging diagnostic approaches
play a crucial role in tracking the virus's spread, identifying high-risk patients, and con-
trolling infections in real time. Researchers gather radiographic samples from various data
sources to establish a multi-source learning scheme, addressing the scarcity of COVID-19
samples from individual hospitals, especially in the early stages of the disease. However, the
heterogeneity of data across different clinical centers with varying imaging conditions is a
signi cant limitation to model performance. This case study proposes a contrastive learning
scheme for automatically diagnosing COVID-19, effectively addressing data heterogeneity
in multi-source data and enabling the learning of a robust and generalizable model [71].
Building on advancements in domain adaptation, we utilize contrastive training objectives to
enhance intra-class cohesion across different data sources and promote inter-class separation
between infected and non-infected cases. Extensive experiments on two publicly available
COVID-19 CT datasets demonstrate the effectiveness of our proposed method in addressing
data heterogeneity issues and improving diagnostic performance. Furthermore, bene ting
from the contrastive learning framework, our method can be generalized to solve data

heterogeneity problems under a broader multi-source learning setting.

2.3.1 Introduction

In the worldwide health crisis, the medical industry is seeking help from Al technologies
to monitor and control the spread of the COVID-19 pandemic [72]. Quick and accurate
diagnosis is assuming a greater role in preventing the spread of the coronavirus and its
accompanied mortality[73]. Although the virus-speci c reverse transcription-polymerase

chain reaction (RT-PCR) testing remains the gold standard, medical radiography, including
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computed tomography (CT), has also shown the potential to improve the diagnosis process
and patient management with lower time-consuming and higher sensig@&¥¢ompared
to 71%in RT-PCR ap  :001) [74].

Although recent advances in machine learning enable models to effectively extract
critical features from medical imaging such as CT imaging, the high accuracy of most
previous studies is typically attributed to a collected large-scale training database [75, 76].
However, it is quite dif cult to generally achieve in real-world clinical practice, especially
for radiography imaging in the early stages of the pandemic. To mitigate the insuf ciency of
COVID-19 samples from individual hospitals, especially in the early stage of the pandemic,
researchers aggregate CT images from different medical centers to establish a multi-site
learning scheme. Javaheri et al. [75] collected CT scans from six different clinical centers in
the U.S. and Iran to train a deep learning model for COVID-19 detection, which contained
broad heterogeneity within the image collection process. Similarly, the COVIDx-CT [76]
dataset was proposed for the detection of COVID-19 cases training on a heterogeneous
CT imaging dataset collected from different hospital cohorts across China as part of the
China Consortium of Chest CT Image Investigation (CC-CCII). To date, a major limitation
is the negligence of heterogeneity in multi-source data with various imaging conditions and
devices across sites.

As an intrinsic property of big data, heterogeneity appears in a variety of real-world
clinical data, ranging from medical imaging to Electronic Health Records (EHR) data.
Existing works on inter-site medical imaging applications [77] have frequently observed that
augmented but homogeneous distributions of subjects can only bring limited improvement
or even negative in uence, compared with models training on uniformly distributed data.
For example, radiomics features are affected by CT scanner parameters and protocols such
as section thickness, pixel size, and reconstruction kernel [78]. Therefore, the ability of
medical image analysis algorithms to generalize across multi-sites is key to widely clinical

adoption of deep learning methods.
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To address this challenge, we propose a contrastive learning scheme for the automatic
diagnosis of COVID-19 to effectively mitigate the in uence of data heterogeneity in multi-
source data and learn a robust and generalizable model. Inspired by advances in domain
adaptation, we employ contrastive training objectives to promote intra-class cohesion across
multi-source data and inter-class separation of semantic embeddings in different classes
(e.g., COVID-19 v.s. Normal). Extensive experiments on two public COVID-19 CT datasets
demonstrate the effectiveness of our method for tackling data heterogeneity problems
with boosted diagnosis performance. Moreover, bene ting from the contrastive learning
framework, the proposed method can be generalized to mitigate data heterogeneity under a

broader multi-source learning setting.

2.3.2 Methods:Learningfrom Multi-Site Datavia ContrastiveLearning

Data Description

To augment sample volumes as well as create heterogeneous data, we conduct experiments
on two relatively large-scale, high-quality publicly available COVID-19 CT datasets COVID-
CT-MD [79] and SARS-CoV-2 [80]. We adogB5CT slices from245patients from the
COVID-CT-MD dataset, where the spatial sizes are uniformly de neflds 512 To align

with the other dataset, we exclude CT scans from non-COVID-19 pneumonia to perform
binary classi cation tasks. SARS-CoV-2 consists2di82CT images froml20 patients,
resolutions of which range frod02 137to 1853 1485

Baseline Model

We implement COVIDNet-CT [76], a recent novel deep learning architecture produced
via a machine-driven design exploration strategy, to serve as a baseline model for image
classi cation tasks. COVIDNet-CT network is composed of two connected branches, in
which the upper branch includes four convolutional layers in light design, while the lower

branch is composed of blocks with dense connections for representation learning. The
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selective long-range connectivity between two branches enables greater representational
capabilities in a more ef cient manner than densely connected deep neural networks. The
use of lightweight design patterns enables COVIDNet-CT to achieve high computational
ef ciency while maintaining high representational capacity. In addition, we further revise the
original network structure by adding a batch normalization (BN) [81] layer after every con-
volutional layer to decrease the intra-variate shift and increase the inter-class discrimination
capability. BN layers allow us to apply higher learning rates, care less about initialization,

and accelerate the training process.

Heterogeneity in Multi-Site Data

Figure 2.6: lllustration of data heterogeneity in multi-source COVID-19 CT imaging. (a)
Examples of CT images of COVID-19 patients from multiple clinical centers [79, 80] under
different imaging conditions, showing data heterogeneity on the appearance, resolution,
brightness, and contrast. (b) t-Distributed Stochastic Neighbor Embedding (t-SNE) visualiza-
tion of images embedding in multi-source data. Different colors represent different datasets
(gold: COVID-CT-MT [79], green: SARS-Cov-2 [80]). It can be seen that embeddings are
well separated in different sources, suggesting heterogeneity is heavily present. To solve
the inter-site data heterogeneity, we propose a contrastive training framework to promote
intra-class cohesion across different data sources and inter-class separation of infected and
non-infected cases.

As illustrated in Figure 2.6 (a), CT slices of COVID-19 patients from two different

public datasets present apparent data heterogeneity on appearance, resolution, brightness,
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