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Abstract

Achieving predictive, precise, participatory, preventive, and personalized health (abbre-
viated as p-Health) requires comprehensive evaluations of an individual’s conditions
captured by various measurement technologies. Since the 1950s, analysis of care pro-
viders’ and physicians’ notes and measurement data by computers to improve
healthcare delivery has been termed clinical informatics. Since the 2010s, wide adop-
tions of Electronic Health Records (EHRs) have greatly improved clinical informatics
development with fast growing pervasive wearable technologies that continuously
capture the human physiological profile in-clinic (EHRs) and out-of-clinic (PHRs or
Personal Health Records) to bolster mobile health (mHealth). In addition, after the
Human Genome Project in the 1990s, medical genomics has emerged to capture
the high-throughput molecular profile of a person. As a result, integrated data analytics
is becoming one of the fast-growing areas under Biomedical Big Data to improve
human healthcare outcomes. In this chapter, we first introduce the scope of data inte-
gration and review applications, data sources, and tools for clinical informatics and
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medical genomics. We then describe the data integration analytics at the raw data level,
feature level, and decision level with case studies, and the opportunity for research and
translation using advanced artificial intelligence (AI), such as deep learning. Lastly, we
summarize the opportunities in biomedical big data integration that can reshape
healthcare toward p-health.

1. Introduction

Delivering predictive, precise, participatory, preventive, and person-

alized health, abbreviated as p-Health, is the primary goal of future health-

care systems that can significantly improve care quality while reducing cost.

To accomplish this goal, in-clinic Electronic Health Records (EHRs),

out-of-clinic Personal Health Records (PHRs),1 and high throughput

genomic data could be assessed and validated concertedly through transla-

tional data analytics pipelines consisting of six steps: data collection, data

quality control, feature extraction, knowledge modeling, decision making,

and action-taking. As shown in Fig. 1, this chapter will examine the chal-

lenges and opportunities in data integration analytics, from clinical informat-

ics to genomics medicine for p-Health, at three levels—raw data, feature,

and decision.

Clinical informatics was first introduced in the 1950s when the U.S.

National Bureau of Standards and the U.S. Air Force used digital computers

to develop expert systems (such as MYCIN and Internist-I2) and comput-

erized medical records management systems. In 1959, Ledley and colleagues

discussed the idea of using computational reasoning to aidmedical diagnostic

processes for the first time and brought out the EHR idea.3 EHR systems

improve the communication among physicians, providers, and patients,

the quality of clinical decisions, and the delivery of care significantly in hos-

pital routine practices.4 However, clinical informatics progress was slow due

to the low EHR adoption rate. In 2008, the American Hospital Association

(AHA) Annual Survey reported that only 13.4% of the non-Federal acute

care hospitals in the U.S. had adopted basic or comprehensive EHR systems,

and only 1.6% have an EHR system with clinical decision support.5 With

the new policy, “the Health Information Technology for Economic and

Clinical Health (HITECH) Act 2009”,6 in 2015, the EHR system adoption

rate had increased to about 80% in the US, with 34.4% of these hospitals

having EHR systems with clinical decision support5 and, by CDC’s esti-

mate, this number reached approximately 90% in 2019.7
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The development of low-cost sensors embedded in either mobile phones

or wearable devices has recently enabled out-of-clinic care data to be cap-

tured in PHRs, in addition to in-clinic EHRs. When the individual data of

anthropometric measurement and patient response were collected and ana-

lyzed through the wristband-type activity sensors, the out-of-clinic PHR

were conveniently analyzed and concluded in addition to the EHRs. For

example, the integration of low cost sensor (PHR) data have given clinicians

and patients an option to actively share lifestyle and behavior data within

the EHR workflow to support clinical interventions,8 even though the

obstructive sleep apnea related outcomes were insignificant in this case.

Fig. 1 Enabling p-Health by data integration. Integrating clinical informatics with geno-
mics and mobile health enables p-Health through advanced data analytics. The typical
data analysis pipeline consists of data collection, quality control, feature extraction,
knowledge modeling, decision making, and action taking. For translation to clinical
applications, privacy and security preservation needs to be implemted through each
step of the pipeline. Along this pipeline, data integration can be achieved at raw data
level, feature level, and decision level, respectively.
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In addition, low-cost microwave sensors with high sensitivity were also

used for monitoring blood glucose levels of diabetics. The glucose levels

measured are as sensitive as 70–120 mg/dL in blood with a 0.94 MHz/

(mg/dL) resolution at several transmission resonances.9 The prototype has

shown the shift in AI-powered wearable signal processing microwave sen-

sors for PHRs toward their commercialization. The continuous monitoring

of a person’s daily physiology and communication has enabled personalized,

preventive, predictive health for early disease warning and participatory

patient education, bridging the gap between in-clinic and out-of-clinic care.

Thus, in this chapter, the term “EHRs” is used for both traditional in-clinic

EHR and out-clinic PHR.

Since the completion of Human Genome Project in 2001,10 applying

genomics to customize clinical care (or medicine) has become possible.

Genomics focuses on discovering the structure, function, and editing of

genomes.11 Based on the definition of the National Human Genome

Research Institute (NHGRI), “GenomicMedicine” is an emerging medical

discipline that uses the genomic information of an individual for their clinical

care and health outcomes,12 and NHGRI “Genomics” covers the study of

direct information about DNA orRNA, excluding the study of downstream

derived products (e.g., proteomics, metabolomics).12 DNA sequences cap-

ture genomic variations at the single nucleotide level, e.g., single nucleotide

polymorphisms (SNPs),13 and at the chromosome level, as with structure

variations (SVs).14 RNA sequences contain genomic variations from gene

expression or alternative splicing events.15 Human diseases result from the

complex interactions between genotypes and environment,16 therefore

incorporating molecular level information such as genetic variations is essen-

tial for the accomplishment of precision medicine in p-Health. The unique

genetic information of individuals can reveal disease status and responses to

treatment (e.g., more than 80% of rare disease are caused by genetic muta-

tions, and genomics can play an important role in the diagnosis17). The geno-

mic variations detected in DNA or RNA sequences are genotypes that

complements phenotypes in genomic medicine. With the development of

high-throughput next-generation sequencing (NGS) technologies, genomic

data such as the whole genome of an individual, can now be sequenced for as

little as $1000 in a few days.18 As of February 2022, theNIHGenetic Testing

Registry contained over 22,023 conditions with 18,741 genes genetic tests.

As shown in Fig. 1, integrating “clinical informatics” and “genomic

medicine” presents challenges, including data harmonization, data quality

control, and advanced data analytics to build an integrated intelligent clinical
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decision support system for p-Health. To overcome these challenges, data

integration is performed with a six-step data analytic pipeline at three

levels—raw data, feature, and decision. We will first define and then review

the clinical informatics and genomic medicine in Sections 1.1 and 1.2,

respectively. Then in Section 2, we discuss state-of-the-art data integration

methods. In Section 3, we will address the Privacy and Security issues of the

p-Health. At the end in Section 4, we conclude with the future of advanced

data integration from clinical informatics to genomics for p-Health

(Table 1).

Table 1 Concept glossary for clinical informatics and genomics.
Term Definition Ref.

Clinical Informatics The application of informatics and information

technology to deliver healthcare services.

19

Electronic Health/

Medical Records

(EHRs/EMRs)

An EHR/EMR is an electronic version of a patient’s

medical history, that is maintained by the provider

over time, and may include all of the key

administrative clinical data relevant to that persons care

under a particular provider, including demographics,

progress notes, problems, medications, vital signs, past

medical history, immunizations, laboratory data and

radiology reports.

20

Health Informatics The interdisciplinary study of the design,

development, adoption, and application of IT-based

innovations in healthcare services delivery,

management and planning.

21

Personal Health

Records (PHRs)

PHR contains health information that is managed by

the individual and can be accessed and managed by

authorized users in a private, secure, and confidential

environment.

1

Artificial

intelligence (AI)

The study of “intelligent agents”: any device that

perceives its environment and takes actions that

maximize its chance of success at some goal.

22

Machine Learning The subfield of computer science that gives

“computers the ability to learn without being

explicitly programmed.”

23

Deep Learning Deep learning allows computational models that are

composed of multiple processing layers to learn

representations of data with multiple levels of

abstraction.

24

Continued
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1.1 Clinical informatics
Clinical informatics uses data analytics to gain new insight from individual

and population health records and to improve clinical decision-making by

combining data-derived knowledge and domain expert knowledge (Fig. 2).

Typical data sources include the following.

Conventional individual health records, which is the first challenge in clinical

informatics, contain various types of data, from structured billing codes to

unstructured clinical notes. Throughout the hospital stay of patients, admin-

istrative information (e.g., demographics, gender information, and diagnos-

tic codes for billing and public health reporting purposes), auxiliary clinical

Table 1 Concept glossary for clinical informatics and genomics.—cont’d
Term Definition Ref.

NHGRI “Genomic

Medicine”

An emerging medical discipline that uses genomic

information about an individual as part of their clinical

care and the health outcomes.

12

NHGRI

“Genomics”

the study of direct information about DNA or RNA,

excluding the study of downstream derived products

(e.g., proteomics, metabolomics).

12

Genome The complete set of DNA in an organism. 11

Transcriptome A collection of all the gene readouts (RNA) present in

a cell.

11

-Omics The study of the –ome. For example, genomics and

transcriptomics are the studies of the genome and

transcriptome respectively.

25

Single Nucleotide

Polymorphism (SNP)

A variation at a single position in a DNA sequence

among individuals.

13

Structural variation

(SV)

Genomic alterations that involve segments of DNA

that are larger than 1 kb, and can be microscopic or

submicroscopic.

14

Copy number

variation (CNV)

Copy number variation of DNA segments ranging

from kb to Mb. CNV is one type of SVs.

26

Alternative splicing During gene expression, different combinations of

splice sites can be joined to each other, resulting one

gene coding for multiple proteins.

15

Next generation

sequencing (NGS)

A new generation of non-Sanger-based sequencing

technologies. These high throughput sequencing

technologies can sequence DNA and RNA at much

faster speed and lower cost compared to Sanger

sequencing.

27
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data (e.g., lab tests, medical and radiological imaging, medications, genetics),

continuous physiological data (e.g., bedsidemonitoring data in intensive care

units), and unstructured clinical notes record comprehensive information

about patients’ clinical status and outpatient care information. The public

health data are more abstract and often contain aggregated statistics of diseases

in geographical regions and times (e.g., the National Center for Health sta-

tistics (NCHS) collects 2.6 million death certificates each year that record

demographics and causes of death within the US population. Recently, bil-

lions of mobile phones andwearable sensors (e.g., FitBit) and behavior imag-

ing have enabled daily health monitoring in outpatient care. Especially during

the COVID-19 pandemic, the United States Centers for Medicare &

Medicaid Services (CMS) and health insurance companies andmobile health

service providers, have all stepped up their support for mobile health care.28

PHRs collect data from these applications and provide a more personalized

evaluation of patients. Within the context of this chapter, EHRs are consid-

ered to comprise data sources from traditional EHRs, physiological and

imaging data, and out-of-clinic as “extended” EHRs to represent heteroge-

neous types of data existing in clinical informatics. Other data sources that

contribute to health include ontology, such as Unified Medical Language

System (UMLS) and SNOMED CT.29 Physicians and clinical researchers

use nodes to represent medical concepts and edges between nodes to encode

the relationships between concepts, such as what diseases can lead to certain

symptoms and what medications can help alleviate specific symptoms.

Analyzing these data has benefits to both population and individual care

for p-Health. Recent progress is shown in Table 2. At the population care

Inpatient Information

Administrative
Information

Medication

Imaging Notes

? ?

?

? ?

Outpatient Information

Mobile
Applications

Wearable
Sensors

Feature 
Representation

Clinical Outcome
Prediction

Public Health 
Reporting

Early Prevention

Fig. 2 An overview of clinical informatics. In-clinic and out-of-clinic health information
contribute to the primary data sources for clinical informatics. Data fromdifferent sources
are combined to form the feature representation of each patient, for later clinical end-
points such as clinical outcome prediction, early prevention, and public health reporting.
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Table 2 Highlights of progress made in clinical informatics.
Task Data collection and quality control Feature extraction Knowledge modeling and decision making

Re-admission

Prediction

Models using administrative data44

Models using real-time

administrative data,45

Models adding survey or chart

review data46

Mainly raw values with

missing values imputed

Logistic regression,47 graphical models,48 random

forests,49 and neural networks50

Mortality

Prediction/

Survival analysis

Models using EHR data,51

Models using clinical trials data52
Raw values regression53 Cox regression53 and logistic regression, risk of

mortality score51

Diagnosis

Prediction

Models using EHR data54 Raw values and

transformed values,55

Deep learning features56,57

Recurrent neural networks,56 multiple layer

perceptron, decision trees, nearest neighbors,

generalized linear model58

Epidemics

Prediction

Models using public health data59

Models incorporating social media

data60

Mainly use raw reported

values

Bayesian data analysis, text mining on social media,60

time series mining59

Phenotyping

and Risk Factors

Identification

Models using EHR data,61

Models using claims data,62

Models using clinical trials data63

Raw values,

Deep learning features57,64
Matrix/tensor factorization,65 Bayesian networks,

unsupervised clustering55

Causal Inference Models using simulated data,66

Models using observational data67
Raw data,

Deep learning features68
Nearest neighbor matching,68 decision trees66 and

random forests,66 panel data, propensity scores, causal

networks69

Mobile Health

Software

Applications

Models using mobile data70 N/A Apple watch, Samsung gear, Jawbone, FitBit (devices);

WebMD (referencing app); AmWell, PatientIO

(Telemedicine); SugarSense (Diabetes)

Mobile health

data analytics

Wearable sensors and smartphones Raw values71

Deep learning features72
Time series73

Visual analytics74



level, health policymakers are interested in understanding epidemics from a

statistical point of view across spatial and temporal dimensions.30 A great

amount of evidence has shown that EHRs have enabled multi-institute col-

laborations on data sharing, disease understanding, and, most importantly,

disease dealing. The efficiency of EHRs has enabled p-Health on a personal

level and has supported international collaboration in terms of developing

effective vaccines and creating herd immunity. It has been one of the most

efficient anti-pandemic practices in human history.31–38 Aggregated EHRs

help explore the evolution and spreading of diseases for resource allocation,

which may be used to predict and prevent the outbreak of epidemics. Death

certificates that contain causes of death can assist in understanding the dis-

eases spread in the nation. At the individual care level, diagnosing patients’

conditions and deciding prognosis are crucial steps. Clinical informatics can

provide decision support for in-clinic physicians and care providers,39 where

clinical outcome (hospital re-admission, mortality) prediction helps prevent

adverse in-clinic clinical events. Data prediction enabled through mobile

sensors give early warning of medical conditions and provides physicians

with out-of-clinic participatory health. EHR-associated scores have been

used to predict the patients’ clinical courses and outcomes and support clin-

ical decisions. It also has been reported that respiratory support information

from EHRs have been consistent with mortality prediction.37,40 Besides

prediction, grouping similar patients’ records41 and simulation42 can suggest

reference treatment options to assist clinical action-taking.

To gain more insight in clinical informatics, public datasets and tools are

summarized in Table 3. Due to privacy and other health regulatory issues,

only a limited number of datasets are publicly available, and comprehensive

data sets may be obtained through research collaboration with specific clin-

ical institutions. As the data available in EHRs mainly reflect phenotypes, to

truly achieve personalized and precise health,42 it is critical to expand from

clinical informatics to genome medicine.43

1.2 Genomic and genomic medicine
Genomics can analyzes all genes and their interactions in each person at any

point in time. Genomic medicine uses such genomic information to pre-

vent, diagnose, and treat diseases clinically, i.e., for p-Health (Fig. 3).

Human diseases result from complex interactions of genotypes and environ-

mental factors.16 Personalized information embedded in genomics can help

physicians predict disease risk factors and patients’ responses to treatments.
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Table 3 Selected databases and tools for clinical informatics.
Purpose Data source Dataset description

Selected databases or projects for clinical informatics

Individual Health Medical Information Mart

for Intensive Care III

(MIMIC III)75

Clinical, notes, waveform

information for about 58,000

admissions in intensive care

units

Individual Health The Alzheimer’s Disease

Neuroimaging Initiative

(ADNI)76

Imaging, clinical, genetics for

a cohort about 2000 in an

Alzheimer’s disease study

Individual Health

Records

Parkinson’s Progression

Markers Initiative77
Imaging, clinical, biomarkers

for a cohort of about 800 in a

Parkinson’s disease study

Public Health CMS 2008–2010 Data

Entrepreneurs’ Synthetic

Public Use File

(DE-SynPUF)

About 40 million synthetic

claims data

Public Health Mortality data78 Death certificates containing

demographics and causes of

death for about 2 million

each year in the U.S.

Purpose Description Open source tools

Selected tools for clinical informatics

Data Storage and

Management

Storing health data for

hospital management or

personal access

FHIRBase,79 EHRServer80

General Predictive

Modeling

Building predictive pipelines

using patients’ health records

PARAMO81

Visual and Analytics Visualizing health data for

easy interpretation and data

understanding

EHDViz82

Domain Knowledge

Modeling

Representing domain

knowledge as ontology for

knowledge-guided analysis

UMLS29

Mobile Health Using data collected from

mobile devices for assisted

clinical decision making

Open mHealth83
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For example, familial mutations in tumor suppressor genes such as BRCA1

and BRCA2 increase the risk of female breast and ovarian cancers.84 Test for

these traits can prevent, diagnose, and treat breast and ovarian cancers early.

As shown in Table 4, genomicmedicine has mainly been applied to three

areas: oncogenomics, pharmacogenomics, and disease risk prediction. Oncogenomics

and pharmacogenomics are the most studied examples for applying person-

alized genomics.85 Disease risk prediction is especially beneficial for those

diseases with genetic markers of high clinical impacts. Various cancer known

to be caused by genemutations86 have been studied extensively with person-

alized genomics to identify cancer-related genetic variations for personalized

diagnosis and treatment.87 For example, Nguyen et al. have applied personal

genomics to relate the outcomes for breast different cancer subtypes after

breast-conserving therapy.88 Zheng et al. have associated genetic variations

with prostate cancer.89 Pharmacogenomics is the study of how a person’s

Fig. 3 An overview of genomic medicine. DNAs/RNAs are firstly extracted from the
patient’s blood, biopsy, or body fluid samples, and then genotyped by either microarray
or sequencing. The raw genomic data are further analyzed with bioinformatics
approaches to generate a list of genomic variants. AI-based computational modeling
is applied for disease related genomic variants discovery with the guidance of current
knowledge bases. The identified genomic biomarkers will be evaluated and validated
by domain experts and will in turn enrich the knowledge bases. Ongeogenomics, phar-
macogenomics, and disease risk predication are three major components of genomic
medicine, which enables disease prevention, diagnosis, personalized treatment, risk
assessment, and health management and monitoring.
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Table 4 Highlights of progress made in genomic medicine.

Task Applications Selected examples Genetic variants
Computational methods and
knowledge modeling

Oncogenomics Identify oncogenes

(understanding genetic

mechanisms for cancer

generation and progression)

Colorectal cancer98

Prostate cancer89

Ovarian cancer99

SNPs89,99

CNVs98

DNA Methylation

(e.g., altered

methylation of CpG

islands)98

Gene expression88

Genome-wide association

studies (GWAS)99

Cox proportional-hazards

model98

Logistic-regression89

Statistic tests (Chi-square

test, Student’s t-test,

log-rank test, Fisher’s exact

test)88,98

Personalized treatment Breast cancer88

Colorectal cancer98

Pharmacogenomics Optimize treatments

(personalized treatments,

drug safety, optimal dosing)

Cystic Fibrosis100

Malignant melanoma with

BRAF90

SNPs90,101

Gene expression102

Gene fusion103

GWAS101

Statistical tests90

Drug discovery (targeted,

efficient trials)

Rheumatoid arthritis101

Breast cancer with

HER2102

Lung cancer with

EML4–ALK fusion103

Disease diagnosis or

risk prediction

Infectious diseases Ebola104 SNPs104,105 GWAS105

Rare diseases Severe intellectual

disability106

Other endpoints Alzheimer’s disease105



genome affects their response to drugs (i.e., the relationship between genetic

variations and drug responses). It can guide physicians in choosing optimal

drugs for patients based on their genetic variations, which minimizes adverse

drug reactions and maximize effectiveness85 for personalized care. For

example, the chemotherapeutic agent Vemurafenib specifically targets mel-

anomas with the BRAF V600E mutation, with efficacy and adverse events

evaluated.90 Disease risks vary with genetic variations. For example, 80% of

rare diseases have genetic origins, making personalized genomics essential

for early screening, diagnosis, and individualized treatment.17 Multiple rare

diseases have genetic biomarkers with sufficiently high clinical impact, and

more are discovered each year. In COVID-19 drug discovery, some phar-

macogenetic data were collected to repurpose old drugs for COVID-

19.37,40 In addition, in silico modeling and pharmacogenomic markers have

also been utilized for these COVID-19 drug repurposing efforts. By com-

bining genetic biomarkers using genome-wide association studies (GWAS)

with environmental factors, risk factors of some diseases can be thoroughly

assessed, allowing for earlier intervention and better treatment.

Table 5 lists databases and projects for large-scale genomics studies for

personalized genomics. These databases or projects focus on: (1) general

genetic variants discovery; (2) specific diseases; or (3) specific populations,

respectively. The first group of projects aims to discover genetic variants and

understand their functions. To identify common genetic variations and to

discover novel ones, the 1000 Genomes Project,91 followed by the

10,000 human genomes project,92 sequenced a large number of human

genomes. These projects provide a base for the clinical use of genetic var-

iations. The encyclopedia of DNA elements project (ENCODE)93 aims

to discover the functional elements in the human genome to make sense

of genomic data. UK Biobank94 connects genetic variants with a wide range

of diseases and outcomes by providing EHR (with imaging) and genomic

data, which is a perfect resource for integrated data analytics. The second group

of projects aims to better understand and treat specific diseases. These projects

include the cancer genome atlas project (TCGA),95 Alzheimer’s Disease

neuroimaging initiative (ADNI),96 and Parkinson’s progression markers ini-

tiative (PPMI).77 The TCGA project focuses on utilizing cancer genomics

to improve the understanding, prevention, diagnosis, and treatment of var-

ious cancers. Similarly, ADNI and PPMI projects are developed for two of

the most prevalent neurodegenerative diseases, Alzheimer’s disease, and

Parkinson’s disease, respectively. These disease-oriented databases collect

multi-omics data, clinical information (EHR), and medical imaging data

13Medical genomics and clinical informatics integration



Table 5 Selected databases and tools for genomics.
Database or
project Description Data elements Ref.

1000 Genomes

Project

The first project to sequence

the genomes of a large number

of people, which aims at

finding most genetic variants

with frequencies of at least 1%

in the population studied.

Variant calls (VCF format).

Alignments (BAM or

CRAM), Raw sequence

files.

91

Encyclopedia of

DNA Elements

Project

(ENCODE)

A group of international

projects aims at building a

comprehensive list of

functional elements in the

human genome.

DNA-seq, RNA-seq, and

various DNA-RNA,

DNA-protein interaction

assays like ChIP-seq

93

UK Biobank A national and international

health resources open for all

health researchers. The

database is established for

improving the prevention,

diagnosis, and treatment of

diseases.

EMR, Questionnaires for

health and lifestyle,

Genetic information

(whole genome

sequencing, exome

sequencing, genotyping),

Imaging (MRI scan for

100,000 participants)

94

The Cancer

Genome Atlas

Project (TCGA)

A publicly available dataset

with more than 2 TB of

genomic data. The project

aims at improving the

prevention, diagnosis, and

treatment of cancer by

discovering the key genomic

changes in 33 types of cancers.

EMR (clinical information

of participants),

histopathology slide

images, molecular

information (mRNA/mi

RNA expression, protein

expression, copy number,

etc.)

95

Alzheimer’s

Disease

Neuroimaging

Initiative

(ADNI)

An ongoing, longitudinal,

multicenter study designed to

develop clinical, imaging,

genetic, and biochemical

biomarkers for the early

detection and tracking of

Alzheimer’s disease (AD).

EMR (demographics,

clinical assessment),

Genetics data (SNP), MRI

image data, PET image

data, Image analysis results,

chemical biomarkers.

96

Parkinson’s

Progression

Markers

Initiative

(PPMI)

An observational clinical study

to verify progression markers

in Parkinson’s disease with a

comprehensive set of clinical,

imaging and bio-sample data.

EMR, Imaging (MRI,

PET, SPECT), whole

exome sequencing data,

biological specimens.

77
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Table 5 Selected databases and tools for genomics.—cont’d
Database or
project Description Data elements Ref.

Minority Health

Genomic and

Translational

Research

Bio-Repository

Database

(MH-GRID)

A study aims at finding the

causes of severe high blood

pressure and other

cardio-metabolic problems in

people of African ancestry

Genes, EMR (diet, sleep,

body mass index, stress,

access to healthy food and

parks).

97

Selected tools and applications for genomics

Task Description Selected tools with ref.

Quality control Identify artifacts in Microarray data

or NGS data including low-quality

and contaminated reads.

caCORRECT,107

FastQC108

Read alignment Alignment (mapping) of the short

reads generated by NGS to reference

sequences (genome or transcriptome)

BWA109

SNP detection Identify SNPs from the aligned reads GATK

HaplotypeCaller110

SV detection Identify SVs from the aligned reads Hydra-sv111

CNV detection Identify CNVs from the aligned reads GATK gCNV110

Transcript

quantification

Estimate gene expression levels Cufflinks112

Normalization Normalize systematic variations

between samples

Cuffnorm112

Differential

expression

Identify the differentially expressed

genes in two or more conditions.

Cuffdiff112

Alternative

splicing

Identify differentially spliced

transcripts

Cufflinks112

Prediction and

Modeling

Prediction and modeling using

Omics data

OmniClassifier,113

omniBiomarker114

Data

Management

Data sharing and data integrity

maintenance

ArrayWiki115
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(magnetic resonance imaging (MRI), positron emission tomography (PET),

and pathological images) to enable data integration and a better understand-

ing of each disease. The third group of projects aims to stratify medicine for spe-

cific populations. One example is the minority health genomic and

translational research bio-repository database (MH-GRID).97 Motivated

by the fact that high blood pressure affects African Americans more than

other racial groups,MH-GRID contains data collected fromover a thousand

African Americans across the US. Besides genetic data, the MH-GRID col-

lects health-related information such as diet, sleep, body mass index, stress,

and access to healthy food and parks.

Table 5 lists selected methods and tools for DNA and RNA analysis for

personalized genomic medicine. DNA and RNA can first be sequenced

by next-generation sequencing (NGS) platforms and then analyzed by bio-

informatics approaches. Developed from the Sanger chain-termination

method, NGS techniques parallelize the sequencing process and produce

billions of sequences concurrently,27 by using sequencing-by-synthesis, and

have significantly lowered the cost of DNA sequencing compared to the

Sanger method itself.27With sequences as input, the first step of genomic data

analysis is sequencing data quality control to remove potential artifacts and

low-quality reads.The sequenced short reads passing quality control are then

aligned to the reference genome. The aligned reads are further analyzed to

identify various genetic variations, e.g., SNPs, CNVs, and SVs. Based on

NHGRI genomic definition presented in Section 1, genetic variation at

the transcription level can be characterized by RNA-seq to obtain gene

expression, alternative splicing, and gene fusion information. RNA

sequencing (RNA-seq) reads are first aligned to the genome (spliced align-

ment) or transcriptome (un-spliced alignment) and are then quantified and

normalized to yield gene expression levels. RNA-seq can capture major

transcription-level regulation events like alternative splicing.15

The following two sections will focus on data integration, aiming at uti-

lizing both clinical informatics and genomic medicine for improved

p-Health.

2. State-of-the-art advanced data integration

Data integration uses multiple sources of information to provide a bet-

ter understanding of a system (Fig. 4). Wong reviewed requirements and

solutions to data integration and warehousing at the raw data access level

in biomedicine in EnsEMBL,GenoMax, and SRS.116Goble et al. introduced
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Fig. 4 Summary of advanced data integration analytics. The multimodality health data can be integrated at raw data level, feature level, and
decision level. At raw data level, health data from different modalities and cohorts are harmonized. At the feature level, features from different
data can be integrated by concatenation, transformation, or deep learning methods. At the decision level, the outputs of multiple models are
combined for decision making and further action taking by the doctors.



“a loose federation of bio-nations” to handle the heterogeneity of biomedical

data sources and the ontology in data integration.117 More recently, to obtain

new insights, Gomez-Cabrero et al. described how to deal with the diversity

of existing omics data types and formats of large datasets.118 They used

dynamic Bayesian networks, self-organizing maps, and network inference

methods over popular data sources such as 1000 Genomes Project,

ENCODE, TCGA, and ImmGen. Ritchie et al. reviewed -omic data inte-

gration by comparingmeta-dimensional andmulti-stage analysis.119 Based on

current work in biomedical data integration, we identify the following four

challenges for integrating EHRs and genomic data:

The first challenge is data collection and harmonization. New technol-

ogies, such as mobile sensors and DNA sequencing, all require modality-

specific techniques for data storage, visualization, and analysis by computing

devices. New genomic technologies are emerging every year, ranging from

microarray to third-generation sequencing, which makes genomic data het-

erogeneous with various formats and standards. The NGS has different plat-

forms, such as Illumina, 454 sequencing, or SOLiD sequencing, that lead to

more variation. The development of third-generation sequencing by Pacific

Biosciences,120 with a much longer read length will add further variations in

genomic data. Validating the data generated by these various technologies is

challenging.

The second challenge is data quality. In clinical informatics, EHR data

can be unstructured and noisy, with issues such as high percentages of miss-

ing values, errors, invalid data, and outliers. Thus, data quality control pro-

cesses, such as missing data imputation, data conflict resolution, and data

transformation, are needed.121 In genomic medicine, DNA sequencing

quality is affected by sample contamination and sequencing errors. Thus,

numerous new bioinformatics approaches (e.g., FastQC108) are being devel-

oped to improve the sequencing quality before downstream analysis. In

addition, to establish unified standards for genomic data processing for reli-

able clinical applications, the US Food and Drug Administration (FDA)

coordinates the microarray quality control (MAQC) project122 and the

sequencing quality control (SEQC) project123 for a comprehensive assess-

ment of microarray and RNA-seq, respectively.

The third challenge is to develop advanced data analytics to extract

knowledge from EHR and genomic data. In clinical informatics, feature

engineering constructs a meaningful set of representations for patients,

including medications, lab tests, and procedures, whereas the past analytics

relied on hand-crafted features or input from domain experts, which are very
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limited in representation and predictive power. The new opportunities are

on deep learning to find representations from large data. In genomic med-

icine, the “curse of dimensionality” (i.e., the feature dimension is signifi-

cantly larger than the patient sample size) is a well-known challenge.

Genome sequencing generates millions of genomic variations such as

SNPs, CNVs, gene expression levels, and alternative splicing events for each

sample, while the sample size of the study may be several hundred. Directly

applying traditional data analysis will result in ill-conditioned feature

matrixes, and the solution is to filter out irrelevant variants use feature selec-

tion in either a supervised or unsupervised fashion. Lack of interpretability is

another major challenge for EHR and genomic data analytics. Predictive

models built on EHR data have shown potential in predicting the hospital

length of stay and re-admission probability. However, deploying them in

daily hospital practice is challenging because physicians do not fully trust

the model prediction because the bases for such predications are unknown.

Making sense of genomic data is also a bottleneck for translating genomic

discoveries into clinical practice.124 Current data-driven approaches are

mainly based on mathematical models, statistical tests, and computational

methods. Lack of biological and clinical interpretation weakens the clinical

impact of the novel genetic biomarkers discovered. Experimental validation

is important for translating discoveries from data mining into biological

knowledge and further applications to clinical care.

The fourth challenge concerns converting knowledge into actionable

decision-making. Artificial intelligence (AI)22 started in the 1950s and has

undergone a paradigm shift from symbolic logical reasoning to machine

learning,23 including the recent success of deep learning24 in automatic rep-

resentation learning. Deep learning has the potential to provide highly accu-

rate predictive modeling, and deep reinforcement learning shows significant

breakthroughs in playing video games, dialog systems, and other tasks.

However, a major challenge for computer-aided decision-making in clinical

informatics is that it is unethical to test different options. Moreover, it is

almost impossible in practice to test two treatment options in one individual.

Historical data may be used to simulate the effect of each action applied to an

individual, which is termed “counterfactual inference.” However, to ulti-

mately address the problem, we need to understand the causal relationship

between medical events and between treatment options and diseases, for

causality beyond correlation studies.

In this section, we review state-of-the-art data integration analytics at the

raw data, feature, and decision levels to enable p-Health.
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2.1 Raw data level integration
Raw data level integration happens in the data collection and storage stage,

when different modalities of data are collected from different institutions and

times for the same disease. The multi-modality data from more patients can

enable machine learning algorithms to achieve better predictive models.125

How to integrate different types of data and databases is also challenging. In

clinical informatics, there are 186 commercial EHR system vendors in the

U.S. Market,106 with Epic, Cerner, and MEDITECH having the highest

market shares, and each of them has its specific data standard and format.

As a result, multiple clinical institutions with different EHR vendors cannot

exchange information directly.107 Existing standards such as Health Level

Seven International (HL7) and Clinical Document Architecture (CDA)126

cannot support the interexchange of data from different EHRs automatically

for decision support systems, while manual data conversion case-by-case is

both time-consuming and prone to errors. Besides, ensuring privacy and

security in the raw data integration is also crucial.127 To integrate data, the

international standard body, Health Level Seven International (HL7),108

has made a collaborative effort to develop a new EHR standard FHIR

(Fast Healthcare Interoperability Resources), and its extensions SMART-

on-FHIR, to make data from different EHR interoperable. FHIR is a new

emerging standard that uses a resource-centric approach (as opposed to

document-centric) to specify data elements in two parts: (i) standardized

healthcare data models; and (ii) a set of application programming interfaces

(APIs) for interacting andmodifying these datamodels.128 Thus, data resources

can exist as online services rather than static files so that applications can read

and write these resources in real-time. SMART-on-FHIR apps are based on

FHIR but work outside of the constraints of many stakeholders’ existing

technical and security infrastructures. Thus, opportunities in raw data level

integration include extending FHIR Resources, implementing RESTful

APIs, and SMART-on-FHIR apps to facilitate the raw data integration pro-

cess. Examples include death reporting, health record vendor translator, and

mobile health apps129; and SMARTonFHIRGenomics.130 In genomicmed-

icine, currently, FHIR enables the incorporation of genomic variations into

EHRs.One example for establishing standards andAPIs for genomic data stor-

ing, sharing, and clinical applications is SMART on FHIR Genomics.109

FHIR app development presents challenges and opportunities for establishing

standards and APIs for genomic data storing, sharing, and clinical applications.

Such uses have been reported in the medical fields of pathology, ophthalmol-

ogy, NGS and meta-studies.
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2.2 Feature level integration
The next step in the data analytics pipeline following data collection and

quality control is feature extraction. The feature level integration includes

both concatenation-based and model-based methods.

Directly concatenating raw features to integrate different data modalities

can introduce thousands of features, but the challenges for integrating EHRs

and genomics features at the feature level are that the information represented

by feature vectors may have varying representation power and noise, and the

computational challenges introduced by adding features togethermay lead to

model under-fitting or non-convergence. Thus feature selection, such as L1

norm feature selection131 and minimum-redundancy maximum-relevancy

(mRMR) feature selection,132 is needed.

Model-based feature integration often adopts an encoder-decoder

framework to combine features from different modalities. For each modal-

ity, modality-specific encoders can map features of every data modality to a

joint feature embedding space first. Features combined in the joint space will

go through a single decoder for final reporting. Various machine learning

algorithms have been researched to accomplish model-based integration.

Multiple kernel learning (MKL)133 learns a kernel transformation for each

modality and then combines all kernel transformations with a weighted lin-

ear average. Canonical correlation analysis (CCA)134 finds a new linear

feature space, in which features from all modalities have maximum corre-

lation when projected onto the new space. Probabilistic graphical model

(PGM)135 treats each feature as a random variable and performs statistical

inference to obtain an integrated feature, which is also represented in the

form of latent variables. These techniques are effective in several applica-

tions (Table 6). However, the disappearance of individual modality’s fea-

ture learning and feature integration may result in a meaningless feature

representation.

An emerging advanced AI method in feature-level integration is deep

learning that can combine feature extraction and prediction, which learns

a meaningful representation for high accuracy in the given task.24 Multi-

modal deep learning136 is an early work using the restricted Boltzmann

machine, while CCA is also extended with a deep feedforward network

in137 for feature-level integration. In clinical research, the multi-modal anal-

ysis using deep learning improves model accuracy in medical diagnosis and

imaging analysis.138–141 More recently, EHRs, SNPs, and MRIs have been

integrated with deep autoencoders for improved prediction of Alzheimer’s

diseases,142 in which features from multi-modalities are first transformed
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Table 6 Selected methods and tools for biomedical data integration.

Categories Methods
Software or
applications with ref. Data modalities

Raw data level:

Ontology

Semantic web

Resource

description

framework

AlzPharm155 Neuron properties,

pathological changes,

drug responses, disease

stages.

Heterogeneous

database system

Heterogeneous

Database Integration

in Biomedicine156

Distributed databases

Feature level

integration:

Concatenation-

based integration

Transformation-

based integration

Grammatical

evolution

neural network

ATHENA157 SNPs, microarray,

proteomics, sequence

data, biomarkers,

clinical data

Bayesian

network

WinBUGS158 SNP, mRNA (gene

expression), phenotypes

Multivariate

Cox LASSO

model

Glmpath159 mRNA, DNA

methylation, CNV, and

microRNA

Feature

extraction,

selection, and

concatenation

Anduril160 Gene expression, splice

variant, SNP, CNV,

DNA methylation,

miRNA, siRNA,

proliferation array

Feature

extraction and

rule integration

Combining rule and

machine learning

classifiers161

Temporal events, rules,

clinical notes

Kernel-based

integration

SKMsmo162 Gene expression,

protein sequences

Clinical decision

support163
Clinical, micro array

Graph-based

semi-

supervised

learning

Cancer clinical

outcome

prediction164

CNV, DNA

methylation, Gene

expression, miRNA

Protein functions

prediction165
Co-participation in a

protein complex,

physical interactions,

genetic interactions,

Pfam domain structure,

and gene expression
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to lower dimensions with deep autoencoders and then concatenated at the

intermediate feature level.143,144

The opportunities in advanced AI-based feature integration include con-

structing differentiable encoders and the interpretation of integrated features

and predictive models, especially deep learning models. Differentiable

encoders can extract features from both EHRs and genomic data so that the

whole pipeline can be trained with backpropagation. On feature interpreta-

tion, despite the progress in building highly accurate predictive models, phy-

sicians cannot trust black-box algorithms if they cannot understand what

features contribute to the final prediction and how to link features to their orig-

inal physiological meanings. Perturbation analysis,145 influence functions,146

and visualization of neural network outputs are some pioneering works for

model interpretation. Identifying important raw features that contribute to

the final prediction or similar patients from historical data are two directions

that may help us understand the behavior of current models.

2.3 Decision level integration
Decision level integration first generates multiple base models using each

data modality independently as the training sets and then generates a final

model by combining individual models trained in the first step.

Table 6 Selected methods and tools for biomedical data integration.—cont’d

Categories Methods
Software or
applications with ref. Data modalities

Decision level

Integration:

Voting-based

integration

Ensemble-based

integration

Majority

voting/

Weighted

majority voting

Predicting protein

fold recognition148
Pseudo-amino acid

composition, predicted

secondary structure,

hydrophobicity,

normalized van der

Waals volume, polarity,

polarizability

Bayesian

networks

CONEXIC151 CNV, and gene

expression

Breast cancer

prognosis

prediction152

Clinical and micro array

Heterogeneous

network

Drug-drug

interactions166
Drug phenotypic,

therapeutic, chemical,

and genomic properties
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The challenges of decision level integration are the construction of an

accurate base decision model and the combination of base models that

can prevent model overfitting while adding more parameters.

The conventional decision-level combination uses simple majority, the

weighted majority147 (to predict protein fold recognition148), and ensemble

learning. Ensemble learning designs special weighting methods to address

the overfitting by adjusting base models with the resampled training set (bag-

ging149), sequentially increasing weights of misclassified training data (boo-

sting150). For example, the random forest classifier makes decisions based on

the multiple decision trees it constructed from the resampled training set.

Graphical-model-based approaches, such as Bayesian networks, combine

multi-omics data to better understand glioblastoma and breast cancer.151,152

In advanced AI methods for decision level integration, there exist three

opportunities: construction of base models, increasing interaction between

different data modalities, and reducing the gap between the decision and

clinical action.

First, designing accurate base models is critical for final predictive accu-

racy. For example, in the majority voting scheme, we need to choose one or

more base models for each data modality from different models, including

decision tree, k nearest neighbors (kNN), support vector machine, logistic

regression, and neural network. For each base model, there are also multiple

parameters to be tuned. The selection of base models and parameter tuning

can be tedious and also prone to overfitting, especially for small sample sizes,

so inventing efficient hyper-parameter tuning algorithms such as Bayesian

optimization can be an interesting direction.

Second, decision-level integration allows independent analysis of each

data set, while the integration at this upper level also limits the possible inter-

actions among different data modalities. How to use the knowledge and

decision from a resource-rich modality to assist decision-making in another

modality is a challenging but rewarding task. For example, we often have

limited patient data in the biomedical domain. However, we have a large

collection of biomedical domain knowledge, documented as research

papers or medical ontologies. Transferring decisions from such knowledge

or retrieving such knowledge for decision-making153 can be helpful for

physicians.

Third, bridging the huge gap in the decision-level integration can

improve the final clinical action. After we design accurate predictive models

with these integration methods, how to suggest viable actions (medications

and procedures) for physicians remains a challenge because even though
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randomized trials are widely used in drug and clinical trials to determine the

effect of new technology, in daily practice, physicians can only resort to

observational study for such evaluations.154 To solve the problem, it is nec-

essary to understand the causal relationship between genomic data, medical

conditions, and treatment to suggest and evaluate more reasonable actions.

This causal inference modeling is a huge topic in biomedical big data ana-

lytics on its own and will not be covered in this chapter.

3. Case studies

3.1 Predicting length of stay after infant cardiac surgery
by integrating proteomic data with genomic
variations using majority voting

Immediately following newborn cardiac surgery, a profound inflammatory

response may occur due to exposure of the blood to foreign materials during

cardiopulmonary bypass (CPB).167 It has been shown that the severity of sys-

temic inflammatory responses correlates with prolonged length of stay

(LOS) in either the intensive care unit (ICU) or hospital.168 A full under-

standing of the mechanism for systemic inflammatory responses may help

(1) identify high-risk patients and modify surgical procedures on a person-

alized basis to improve overall clinical outcomes; and (2) develop therapeutic

strategies targeting specific biomarkers to alter clinical outcomes.

In this case study, we aim to integrate genomic data with proteomic data

at the decision level for accurate prediction of clinical outcomes after infant

cardiac surgery. Such study can not only facilitate biological interpretation of

inflammatory response mechanisms but also provide an opportunity for bio-

marker translation to clinical settings. Specifically, combining postoperative

serum cytokine levels and genome-wide variants, we investigate decision-

level integration models that may predict the LOS of infants in the cardiac

ICU after surgery.

For neonates who had undergone cardiac surgeries, blood samples were

collected at admission back to the ICU immediately after the operation. We

analyze 11 inflammatory markers from these postoperative blood samples.

DNA of blood serum samples were sequenced at the Yerkes National

Primate Research Center at Emory University using two Illumina HiSeq

1000 flowcells and 50 base-pair paired-end reads. Genomic variants, includ-

ing SNPs and INDELs (i.e., insertions and deletions), were identified using

The Genome Analysis Toolkit (GATK).110 Fig. 5 summarizes the key mod-

ules and the workflow of the GATK pipeline. To reduce the number of
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variants we discovered, we filtered the variants to include only variants that

correspond to the inflammatory response (38 interferons and 92 interleukins

(IL)) and identified 4411 variants. We binarized the LOS into long and short

LOS with a threshold of 14 days. We applied nested cross-validation for

prediction modeling of each data modality (Fig. 5B). We used mutual infor-

mation for feature selection and k-nearest-neighbors (KNN) classifiers for

prediction. We then used majority voting and weighted majority voting

to combine prediction decisions of the model trained based on each data

modality alone (Fig. 5C).

Fig. 5D shows the prediction results for LOS. With single data modality,

accuracy using cytokines alone (test accuracy: 0.62�0.042, train accuracy:

0.78�0.048) outperforms accuracy using genotypes alone (test accuracy:

0.56�0.070, train accuracy: 0.77�0.10). After integrating cytokines

and genotypes at the decision level, majority voting (test accuracy:

0.57�0.089, train accuracy: 0.88�0.041) and weighted majority voting

(test accuracy: 0.56�0.070, train accuracy: 0.85�0.048) achieve similar

prediction accuracies. Single data modality using cytokines alone achieves

the best testing accuracy. Decision level integration improved the training

accuracy but failed to improve the testing accuracy.

With decision level data integration, the training accuracy improved

compared with that using a single modality alone. The improvement may

be beneficial for realizing p-Health by accurate prediction of LOS after

infant cardiac surgery. However, the testing accuracy with decision level

integration is similar to that using genotypes alone and lower than that using

cytokines alone, which may indicate overfitting when using majority voting

and weighted majority voting at the decision level. The potential overfitting

could be caused by the unbalanced number of features and the limited num-

ber of data modalities since we have only two data modalities with 4411 SNP

genotypes while only 11 cytokines. To improve the predicting accuracy by

integrating cytokines and genotypes, we may need more sophisticated data

integration analytics to combine unbalanced data. In this case study, we pre-

sent data integration application at the decision level for p-Health, where

advanced analytics is important for making sense of multi-modality data.

4. Privacy and security

For translation to clinical applications, privacy and security preserva-

tion needs to be implemented through each step of the mutli-modal data

integration pipeline (Fig. 1). The medical applications in mobile devices
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with embedded sensors provide superb services supporting healthcare inter-

ventions. Sophisticated data originating from the patients, from their med-

ical records (EHR/PHR), and from the environments, can be used to assess

users’ health conditions and to generate alerts. Them-health apps often carry

not only immediate illness-related data but also sensitive information, such as

personal genetic condition, the results of any test and scan, medical histories,

and personal information with tremendous value. If these records were not

secured, the consequence could be severe, leading to financial losses and per-

sonal harm. Thus enforcing security and privacy through m-health apps on

personal information is absolutely essential through data collection to

predictive modeling (Fig. 1).

While these sensitive data are at stake, however, there is a lack of gen-

erally recognized security and privacy guidelines and legally binding data

protection provisions to guarantee data privacy and safety. Through our

in-depth medical data protection analysis of some popular m-health apps,

we have evaluated the common data protection mechanisms, protection

quality, and medical-related protection criteria.

In the past 20 years, the mobile “health and well-being” app (m-health

app) outburst and is increasingly popular among patients due to its better

health communication means with patients. Even though it is considered

part of the IoT ecosystem, it has its uniqueness for entering into the patients’

private space, where the goal is to achieve a flexible and low-cost healthcare

service with a better clinical decision. However, along with the conve-

nience, the improved accuracy, increased efficiency, and enhanced produc-

tivity need sharable Personal Health Records.

However, the unregulated software and hardware (mobile phone and

wearables) m-health market only promises inadequate and shaggy protection

of patients’ personal data. Radical changes in medical data protection

are needed.

Among others, the common technical privacy risks in mobile health are

unencrypted traffic, embedded advertisements, and third-party analytics

services. The privacy attacks could come from the internet, third-party ser-

vice, Bluetooth connections, the logging system, SD card storage, and

export capabilities. Potential damages include information leaks, informa-

tion manipulation or information loss, and unauthorized information access

from third parties.

Themain security concerns of them-health app embrace how the patient

data were collected, managed, and shared, such as how to limit the informa-

tion to its minimum requirement, just enough for medical services.
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We have discussed the information concerning security from the follow-

ing categories:

The privacy policy needs to avoid the dubious definition for protecting

users from privacy issues, such as malicious or unintentional data leakage.

The permission requests of the apps need to be specific with a sound reason,

such as why tracking a user’s location is necessary. In addition, some of the

connections do not connect using HTTPS and have static code issues con-

cerning connection components. The security and privacy attributes should

be considered when transmitting health-related data, such as the transmit

form and/or storage form, and how the health multimedia content is trans-

mitted and stored (e.g., scans of x-rays images) must also be considered.

These are very private medical information and are particularly important

to the patients, as is the patients’ geolocation information, which must

be protected from third parties. A particularly important aspect of the

m-Health app in China is how to use chat session transmission, as

WeChat is very popular in mainland China. A lot of medical information

uses WeChat to transmit sensitive medical information with exposure risk

in the none-HTTPSWeChat connections, including email addresses, pass-

words, names, images, and health-related questions that could be leaked

through this channel.

To address these potential security and privacy requirement of the

m-Health app, we need to address the functional and content requirements

of the m-Health app at the policy level.

5. Conclusion

In this chapter, we discussed state-of-the-art methods for data integra-

tion at three levels, viz., raw data, feature, and decision, for combining clin-

ical informatics with genomics to enable evidence-based p-Health. For

integration at the raw data level, the major challenge is data harmonization

and data quality control. With the unified FHIR standards established by

HL7, integrating different data resources with FHIR apps is the most prom-

ising solution. For integration at the feature level, the power of conventional

hand-crafted features is limited in the big data era. Advanced AI methods

such as deep learning can significantly increase the feature representation

power with end-to-end training and are one key direction for feature-level

integration. Interpretation of integrated features at the feature level is

another opportunity for translating data integration to clinical practice.

For integration at the decision level, the construction of base models, the
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lack of interactions between different data modalities, and the translation

from decisions to final clinical actions are the three major challenges.

Designing novel predictive models and efficient hyper-parameter tuning

algorithms, enhancing interactions between different data modalities, and

inferring causal relationships are opportunities for data integration at the

decision level.

In conclusion, combing EHR data with clinical genomics requires

advanced data integration analytics. These data integration enabled by

advanced AI methods will predict mortality risk and re-admission frequency

as well as provide diagnostic and prognostic information, thus reshaping

p-Health care.
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