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Introduction : eTRIKS and Translational Reseach
Information Sciences

Jay Bergeron

eTRIKS and the drive for sustainable translational research information
management practices

Translational Research (TRprovides novel insights into disease progressicand
classification biomarker discovergndpatient stratificatiothrough thecollection andanalysis

of traditional clinical observations coupled with corresponding large soabéecularand

digital biomarkers The disciplineseeksto reduce the attritin of investigational new drugs
during clinical development aratcelerat¢he timelines associated with clinical programs. TR
projects depend heavily upon Knowledge Management (KM) capabilities and services that
provide study data to project investigattosexploratory analysis

The European Translation Researdmformation and Knowledge management Services
(eTRIKS)wasanlnnovative Medicines Initiativ@MI) consortiunthat operated between 2012
and 201&omprised of ten Pharmaceutical companies, four academic institutiodirtical
Data Interchange Standards Consortiu@DISC), IDBS (a leadingscientific software
company) andBiosci Consulting (specialsts in developing and managirigomedical
consorta). eTRIKSwas launched to establighformationplatforms and service$o promote
data and processimonization across TR programs operating within the IMI and &thielic
Private Partnerkip (PPP)frameworks eTRIKS soughtto reducethe operating costand
accelerate information system implementaf@nTR projectsAdditionally, the collaboration
sought tamaximize the use and value of the research data generated by these projects through
harmonizeddatastandirds and processesientific dataanalytics data reusgolicies and best
practiceconsulting

The eTRIKS consortium delivered a core TR KM software platform, TR analytics appi€ati

and a wide variety of valdadded best practices that impactagkrosixty client project
throughouthe course of the collaboratiohh e consorti umodsyandlaget s ar e
under open licensing.nE application o€ TRIKSbest practices continues through the work of

the eTRIKS commercial spinofifformation Technology for Trangianal Medicine(ITTM),

theeTRIKS Data Sciences Netw@gdDSN)andthemanpad opt er s of eTRI KS0
services

The information, recommendations and guidelines presented in this book are the direct result
of six years of intense efforts by over one hundred individuals affiliated with the eTRIKS
consortium. The eTRIKS deliverables, including software developmentirdaadration,
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analytic method advancemerand implementation data standards consolidation and
application,contract managemeand legal and ethical discoursenstitute a comprehensive
set ofproducts, services arukest practiceto expediteTR endeavorsvhile limiting liability

and uncertainty with respect to handling the information gathered from study participants.

eTRIKS hascreated or extended many products and services that have been applied to client
translational research programs. The followsegtiondescribe the major deliverables.

eTRIKS Translational Research Information Platform

The eTRIKS translational research information platform is based on the open source
tranSMARTtranslational research data warehouse creatdotnyson and Johnson (J&dhd
releasedpen sourceinder theGNU Pubic License version 81 2012. eTRIKS released v
major platform versions throughottie course of the col@ration.The eTRIKS platform
incorporatesan open source database systemich greatly promoted the distribution of the
platform within academic ral nonprofit institutions. Many open licenseanalytical
applicationssuch asGalaxy for supporting bioinformatic methodand XNAT for bioimage
managementvere made interoperable with the eTRIKS environment. The platform was
extendedsubstantially through custom software development to enhanegstia and high
performance analytical capiities of the tranSMART systemThe final version of the
platform intoduced complicated cross study analytic and longitudinal data suppaiiities

as well asa new user interface exploitthese advanced features.

eTRIKS Public Platform: eTRIKS deployed and hosted a publiglgcessible eTRIKS
Translational Research Information Platform @vailable at
https://public.etriks.org/transmart/dagfiSxplorer at the time of this writingthat exposes

roughly 200c | i ni c al studi es cur atawlde breadtheol diskaseS 6 st
areas Additionally, thePublic Platform serveas a demonstration and training environment

for investigators interestiein evaluatinghe eTRIKS platform.

eTRIKS Labs

The eTRIKS Labs Https://www.etriks.org/etriks_labs/concept arose out of a slee to
centralyba nd and di s tcustorb softvaragplic&®iorsa®l@nalytical methods.
These applications and methogdsre deviped and deployed to either directly extend the
features of the eTRIK®latformwith orto complement the platform with cooperatatalities

All eTRIKS Labs are providedpen licenséo the research community. The eTRIKS Labs are
comprised of the following assets:

0 eTRIKS Analysis Environment (eAE): A high-performance compute scheduler that
enables investigators, and thapplications, to launch analytical jobs against associated
compute clusterslobs can be launched using integrakgpolyter Notebooks'he eAE
software deploymenis decoupled from specific higberformance computeluster
implementationsAs such, the eAE can be installed and operated, in principle, on any

11
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cluster configuration.

eTRIKS Harmonization Service (eHS): A system that facilitates the challenging
manual data transformation and mapping pre@sployed to gpulatethe eTRIKS
platform with study dataThe highly variate nature of data collected duricgnical

studies complicates its incorporation into structured data warehouses such as the
eTRIKS platform. The eHS provides a user interface to acceleratertfiguration of

clinical data collections and provides certain automated mapping capabilitieddFhe e
transformations are based dhe industry standardClinical Data Interchange
Consortium Standard$CDISC, https://www.cdisc.org).

Hi Dome: An application that allows eTRIK$latform users to select cohorts using

values of high dimensional datasets, such as gene expression, and to determine
statistically significant differences between the cohorts based on these high dimensional
results (e.g. as significant differences in éx@ression of one or more genes between

the cohorts). HiDomeisanatut hi gh di mensi onal ehléensi or
clinical dataanalysiscapabilities.

Disease Knowledge BaseA semantic query application for molecular pathways
created usinghe open sourcéNeo4J (https://neo4j.con)/ graph database engine
leveraging the natural fit of semantic/graph databadesttersupport the data structure
of molecular networks. Molecular pathways structured as tsilee relations can be
sear ched u <Lypheyquelelangudgeé and presented visually with the
corresponding inforntaon associated with each molecular entity that participatiéein
network

Disease Maps:eTRIKS extended disease pathway mapstedlao Asthma and
Parkinsonods Di sease working directly wit
generated by client projects. Additionally, supplemental tools were created to accelerate

the modeling of these disease maps from underlying disssseiatediata.

Similarity Network Fusion (SNF): An R-Shiny (https://shiny.rstudio.co/
application that was developed to provide an operational user interface for this novel
computational method for genomic data integration (developed by Wang et al., in the
lab of Anna Goldenberghtp://compbio.cs.toronto.edu/SNF/SNF/Software.jml

SNF constructs patient similarity networks based on a diversity of associated data types
and, in a second step, iteratively integrates the individual patient networks until the
algorithm conerges to a final fused network representing the population.

Weighted Gene CeExpression Network Analysis (WGCNA): An R-Shiny
application was developed to provide an operational interface for performing
correlation network gene clustering analysis usihg tmethod implemented and
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published by Langfelder and Horvath
(https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WECNA/
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Patient Input Platform: eTRIKS created a discussion game framework, based on the
open licensePlay Decideplatform (ttps://playdecide.e)/ to assist patients and
legislators in navigating the risks and benefits of consenting their individual health data,
or the data of their constituents, to promote biomedical research. A series of game cards
were createdhat present questiomémed at sprring open discussion with respect to

the topic ofmedical data reus&Vith the help of a facilitator, groups of people work
together toformulate/reassess opinions regardihg risks and potentidienefitsof

health data reuse. Applied in multiple sessi with patients, legislators and medical
professionals the favorability of medical data sharing was consistently raised among
these key stakeholders adigectresult of these sessions.

eTRIKS Standards Starter Pack

The selection and application of @istent data standards is critical for enabling high quality

data review and analysis. Moreover, consistent data standards facilitate meta analyses across
studies and increase opportunities for data reuse. The Standards Starter Pack documents the
best pratices for optimizing the quality and usability of exploratory medical data loaded to the
eTRIKS platform. Tailored for project leaders and data managers, the resource provides a
comprehensive review of pertinent biomedical data standards including guadatecevhich
standards platforms are best suited for specific research plans. The Standards Starter Pack
documents were made available for all IMI projects to promote consistency in data handling
and to raise awareness of the potential advantages of mppulghsistent standards across
translational research projects. The Starter Pack was the basis for eTRIKS project consulting
with respect to standards implementation. Multiple extended versions of the Standards Starter
Pack were releasdd the public doma.

eTRIKS Code of Practice on Secondary Reuse of Medical Research Data

The Code of Practice provided my@artner, multinational scientific research projects with
urgently needed practical guidanéer conforming to applicable data protection laws,
particularlythe European Data Protectibirective which was in force at thigne the code of
practice was developed and initially released in 20hé Code of Practice was adopted by the
IMI, for all new projects, as the base level guideline for the design of ethical practices and
policies regarding the appropriate use of patéat. The relevancef the Codeof Practice
was lessened once tleneral Data Protection Regulatiq&DPR) became law in May of
2018. The Code of Practice was the basis of eTRIKS consulting with sg¢gagthical data
use. eTRIKS teammembersonsultirg onlegal and ethical consideratioalso became highly
knowledgeable with respect to the GDPR statutes to assistscitin necessary process
changes oncthe GDPRbecame lawTheBBMRIERIC GDPR Code of Conduftttp://code
of-conductfor-healthresearch.el/hasreplace the eTRIKS Code of Practice.
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Data Catalogue

eTRIKS created the first broadly applicabzata Catalogue (https://datacatalog.elixir
luxembourg.org/for datasets associated wil projects as well as other published sources.

The Data Catalogue provides a searchable metadata repository that encompasses a wealth of
crossproject study information allowing investigators to quickly find and assess datasets
pertinent for their researcihh@eavors. The Data Catalogue is aabked product implemented

using the Open Sour€KAN (https://ckan.org/data portal software and affords end users the
opportunity to interactively search and display study megaatad summary information across

the managed study collection.

Materials Transfer Agreement/Confidential Disclosure Agreement Templates

Material Transfer Agreemen{®1TAs) are contracts that define policies and respaltgis
regarding oversight aheexchange and use witellectual property(IP) between two or more
parties. MTAs vere generally necessafgr eTRIKS to provide comprehensive services to
client projects (research data being the pertinent IP for eTRIKS angat®. The MTAs
between eTRIKSnd the IMI projectABI-Riskand Oncotrackeach required approximately
two yearsof negotiations to close as atidividual partners across the contracting consortia
were required to authorize the MTAs as signatories (ThieRABk consortium alonesquired
over 40 parties tanegotiate MTA terms The experience of contracting across these large
public private partnerships was codified into MTA template containing the basic collection
of terms and clauses pertinent to materials transfer. The aemphould accelerate the
negotiations and subsequent execution of future MTAs. A similar template was created for
Confidential Disclosure Agreemen{DAs) which were pertinent to eTR& project
engagementCDAs for IMI projects can be brokered via th@ject coordinatorgserving as

the signatory on behalf of all consortium participgrtsusgreatly reducing the time and effort
to close a CDA relative tandMTA. Nevertheless, the availability of the CDA templsiteuld
further ease theme and costassociated with commissionimgulti-project engagements.

eTRIKS Training Materials

eTRIKS personnel provetl many training sessions throughthe course of the collaboration

as part of WP6 outreach and promotion efforts. Topics codified into training programs and
materials include:

0 Platform installation and support

0 Introductory guide for new platform users

0 In depth training for advanced platfio users

0 eTRIKS reporting (defect management and support services)
0 Building new interfaces with the tranSMART API

0 Data Privacy and Reuse

o] Application of Data Standards

0 Introductory Data Curation and Database Mapping

o] Advanced Data Curation amdhtabase Mapping
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0 Electronic Case Report Form design

The training materials that werewkloped for these sessions ao# distributed under open
license. Rather, these materials are distatd through agreement with BiaSConsulting to
support commerciaervices that enable the use of eTRIKS assets

eTRIKS Website (https://www.etriks.org/

eTRIKS.orgprovides information pertinent to the consortia as well as accebs éTRIKS
assetghat are distributed under open licen&k assets discussed in this section are available
through this websitas of theime of this writing

Enhancing thevalue ofdata for medicalresearch

Developing application infrastructure and corresponding best practices to the magnitude
accomplished by eTRIKS required a highly focused effort by a large group of diversely skilled
individuals. However, lte prefeences of prospége clients were of course, critically
important. Academic clients, either acting as a single project team or within the context of a
public privatepartnershipwere the key customer groupsgeted by eTRIKS. Theillingness

of academic custoers to paner witheTRIKS andmake use of thepen license applications

that eTRKS producel resulted in the large portfolio afommunity products and seces
outlined above. These assats the inspiration for thisook,andmanywill be detailedwithin

the subsequerhaptersThe authors hope that readers, especially those clinicians, analysts and
technologists who assemble to prosecute translational research programs, wié iodtént
presentedo beinformativefor thedesgn, implementation and exution of their studies and,
ultimately, the use of their data to realize medical breakthrougipaf@ntsvorldwide

Readers should nothis bookhas notbeendirectly peerreviewed. However, much of ¢h
content presented hereis published elsewhereithin peerreviewedjournal articles The
content of chapter$our, six, seven andine were publishedoprior as part of successful
dissertation and Capstosabmissiongnd have, thus, been scrutinizgdexpert facultyThe
content of chaptegightis reprintedrom peefreviewed articlepursuant taermsof licensing
for theconvenience to the reader.
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Chapter 1. Clinicians and Data Science

Yike Guo,Scott Wagers anlllansoor Saqi

1.1 Why shouldclinicians study data science?

Medicine is increasingly becoming datantric. Large scale patient datasets, including genetic
and molecular profiles capable of assessing hundreds of thousands of markers, were once solely
the purvew of biomedical researehs. These investigators sed¢krough carefully designed
clinical studies, to understand and, ideally, interrupt the mechanisms and progression of
specific human diseases. However, technological developments that have substantially
decreased the costs odividual molecular profiling, coupled with the medical knowledge
realized from the use of these technologies in disease research, has led to the application of
molecular insights for diagnosis and medical intervention with respect to individual patients.
Moreover, the advenif digital biomarkers such as those derived from medical images and
wearable accelerometewsill provide further opportunitieso collect large scale medical
datasets from patients and use these data to better individual healtlur€af, tbe collection

of these data does not, in and of itself, benefit patients. Digital and molecular biomarker
analyses depend upon sophisticated mathematical processing methods applied in concert with
robust computational environments on which thesehat= operate. Although it is not
reasonable to expect that every practicing physiciatso be an expert computational scientist

and bioinformaticianglinicians will need to increasingly consider and incorporate digital and
molecular biomarker test rdssiinto the medical assessments and treatment platigeir

patients A familiarity with pertinent data science methods will promote the effective
integration oflarge-scalebiomarker results with traditional medical assessments regardless of
whether thebiomarker results are delivered to the physician directly via software or through
consultation with medical informaticians.

In a paper in the NEJMObermeyer and Lee argue that medicine will need to embrace these
developments and clinicians trained in statistics and computer science will have important
roles. Physicians will need to appreciate and leverage the following elements of individual big
data and information disseminatioBy doing so, physicians will be better able to act as
stewards of their patient 6s tha mdny gateats neay a n d
experienceregarding whenand how such data should impact medical intervem for
themselves or their loved on&2ertain factorsre pertinent to this work:

0 Availability of large-scale databases of molecular profiles and electronic health records,
whether provided anonymized to the public domain or restricted to selecthuseigh
commercial, or other, arrangements
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0 Complex machine learning methods for analyzing large collections of patient data and
using these learnings to inform individual patient diagnosis and treatment

0 Patient communities formed to share experiences afwimation with respect to

shared medical conditions

Patientdirected data collection and interpretation (not ordered by a physician) such as

personal genome sequencing

Internetbased and direg¢b-consumer availability/marketing of health information and

therapies which may both empower, as well as inappropriately bias, patients

O«

(@]

These factors are changing the dialogue between doctors and patlglediomedical data
scientists continue to leverage these factors to advance new therapeutics and healthcare
protocols. This dynamic broadly impacts healthcare stakeholders including patients, providers,
biomedical researchers and funders.

1.2 Towards anew taxonomy

Many medicines sometimes fail to alleviate the medical conditions and associated symptoms
experienced by the patients for whom these medicines are prestAbredent study of the

top ten highest grossing medicines in the US suggests that only between 4% and 25% of
patientsbenefited fromdrugs that they were prescribe@omplex diseases, such as cancer and
inflammatory syndromes, that give rise to similaygical symptoms across patients are often
caused by underlying molecular mechanisms that are distinct to individual patients. Thus,
medications that are highly effective for certain patients may have limited, or no, efficacy for
other patients due to memfistic heterogeneity.

Consider, for example, Asthma,caronic lung disease charactedzby obstruction of the

aveoli due to inflammation that can lead to permanent tisso®dding. Asthma causes
substantial suffering for those afflicteahd carriesa significant societal disease burden. The

disease is usually managed by administration of corticosterpgdissome patients do not

respond well to this treatment, even at high doses. Asthma is described as gehetars

disease as patientBagnosed witlthe disease can present varied clinical symptoms (a.k.a
phenotypesyuch as the presence of remledeaveolar pathways. Additionally, patients can

present characteristic molecular profiles, such as differences in the expression of gene sets
tissues pertinent to the disease. Such molecular phenotypes are more likely to definitively
describe thesubtypeo f the disease responsible for t he
accurately inform a treat ment cirpumstamce.tThei | or e ¢
identification of molecular subtypes can also reveal commonalities between diseases not
apparent from clinical symptoms alone. This stratification will lead to a new taxonomy of
disease.
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Disease X Disease sub-types
X=Xy, Xy, X3, .}

Figure 1.1: Stratification

If mechanistic information can be associated with disease subtypes, novel therapeutics can be
designed to specifically modulate the molecular mechanisms that give rise to the subtype.
Rather than using a generalized therapeutic approach to a complex dpsénts can be
matched to treatments that are known to be efficacious against their diagnosed molecular
disease subtype. This individual approach to treaticemiead to higher success rates while
minimizing trial and error with respect to medicakirention.

1.3 Precision Medicine

Precision medicines the practice of developing therapeutics specialized for the treatment of
specific disease subtypes and the prescribing of these therapeutidg tttose patients that
exhibit, as demonstrated by robust diagnostic tests, the disease subtype corresponding to the
pertinent therapeutic ageRrecision medicine promises to provittberight drug for the right

patient at the right time at the right da@séviajor precision medicine initiatives aiming to
collect genetic data from large numbers of individuals have been launched in severat,nations
including the United States (one million individuals) and the United Kingdom (100,000
individuals) witha focuson better understanding cancer and rare diseases.

Technological developments that have substantially increased the throughput of molecular data
acquisition have led to exponential decreases in per subject €ostdezular profiling. he

ability to geneate massive molecular profile collections matched with correspoaduagces

in biology, computational methodologies and increases in abngppower are transforming

the approach talisease researcind will most assuredly transforrthe future practice of
mediciné. The convergence of these developments in technology, bj@lodycomputing has

driven a tremendous amount of activitypersonalizd medicingor P4 medicine as i also

known as, reflecting théour key components, nameRersmalized Predictive Preventive
andParticipatory)®. As largescalemoleculardata collection becomes cheapbe challenge

in using these data will shift from data generation. (®guencing) to data analyfickdeed,

several aspects of data sciences including data storage, standardization, integration,
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provenance, mining, and analytiase emerging as fundamental challesga realizing the
promise of precision and personalizeddicine.

1.4 Historic references

Therelevance and importance of data to medicinefisoursenot new. Florence Nightingale
in 1869 was aware of the impgance of collecting and analpg, statistically and visually,
epidemiological data to assess, justify and promote changes in hygiemedital practice to
beneft public healthShe also understodke importance of the graphical presentation of'data

John Snow, a physicigsracticing during the same period as Florence Nightingsied data
analysis to suggest the source of an oathi cholera in London. He mapped places where
deaths had occurred and identified clusters of deathfavi@ch was close to a water pump.

His work demonstrated the importance of ugiaga analytics and visuaditzon in responding

to public health cees.From such foundational data driven insights, modern medical research
has grown to rely on a wide breadth of sophisticated analytic methods applied by highly trained
information and analytic discipline specialists.

1.5 Opportunities andchallenges U-BIOPRED as a case example

Translational medicine studies routinely collect multiple types of data from patient cohorts.
Traditionallow dimensionalclinical descriptorgely on a single, or small collection, of data
values to describe a cloal measurement. Low dimensional values incldeéenographic
attributes, laboratory measurements and procedural endgaigts dimensional(or Omic9
data,with hundreds, to hundreds of thousands, of data valtgealso routinely captured from
high throughput instrument platformBhese data represent profiles of molecular biomarkers,
including genotypes, transcriptomics, metabolomics, proteomics and other profiles.

A recent large multi-partnerstudy on severe asthrbg U-BIOPRED (Unbiased BOmarkers

in PREDiction of respiratory disease outconig¥trates the challenges of data management

and data analytiés The UBIOPRED consortiumcollected transcriptomics, lipidomics,
breathomicgexhaled gases) and other molecular profilé®gse molecular features were, and
continue to beused to stratify asthma into disease subtypegmploying data integration
approaches and unsup erlthstaus at a giveratimedcharagieriedA pat i
by the combination of various high and low dimensional data vahlisted from the patient

during the study. Data is collected longitudinally (i.e. at multiple time points during the study)
such that <changes isthesdypragtessesrcdn fideallfpooreelatedh st at
with changes in one or more molecular profil&orrelations identified in this manner become
hypotheses that can subsequently berdgsly studied with the purpose of stratifyidigease

subtypes throudn the discovery oftausal relationships between endogenous physiological
changes and the wellbeing of individual patiefitse specialized field of science that applies

human clinical and molecular profiles to explore the basis of disease is generabig term
translational researchIn depth understanding of human pathology promotes the selection of
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better therapeutic targets preclinically that increases the probability that promising preclinical
therapies will demonstrate efficacy (wanslate in phase2 clinical trials.The similar term,
translational medicine refers to the introduction of promising therapeutics into successful
medical practice. However, translational research and medicio&@nesed interchangeably

in scientific discussionral literature.

The UBIOPRED collaborationsurfaced severakey datarelated issues that impede the
progresof interpretingtranslation researchutccomesA major impediment is the difficulty in
standardizing and integrating disparate typssociated with translational studies such that
these data cdpe readily used for mathematical or visual analysis. Typicatiglysts will need

to transform datasets into specialized data structamdsformats, an often tedious and time
consuming activity, priorto applying a specific analysisiethod. Bench biologists and
clinicians may not be trained in thl@ta sciences skillsecessary to prepare data émalysis
Instead direct support from datscientsts and/or sophisticatenistom softwar@ackages are
often necessary to complete exploratory analysis plans.

A diverseset of analytical methodsan be applied to translational datasetse these datasets
are preparedor use Analysis can be performeby computationalspecialists or through
software designed fanse byclinicians and scientists not specifically trained in the art of
computational method developmemtd operation

However, clinicians and clinical sciests are crucial tdranslational data management and
analysis. These roles ensure that data fields are properly defined afrélates, data values

are consistent in their format and the meaning of data values are sensible with respect to the
scientific observation or desption that these data describe. Clinical scientists must
collaborate with dedicated technologists and analysts to expedit@raessing and assure

the quality the studyds data assets through
study and testing of the data processing methods that are developed.

This bookserves as an introduction to data management and analysis concepts for clinical
scientists who are not also information technologists. It is htizd basic understanding of

the iformationmanagementoncepts and processes pertinent to clinical studies will promote
strong collaboratiorbetween clinical scientists arntieir technolog partners leading to
confidentand high valuenterpretations of study data.

It is imperative that a data plan be established for a translational study. Data processing and
structure will be critical for the efficient use of the collected data. Moreover, properly
structured data, including allowance for, and representation of, pletexdata will ensure that

intended research questions can be productively addressed. Adherence to established data
standards will have a direct impact on the value of the dataset. One aspect of value being ease
of use within the context of the study fahich the data was collected. A second aspect of
value being the datasetodos potenti al to cont
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which the data were collected. This second aspect t®urke, a critical strategy to maximize

the study investent and could provide the study investigators, and others, substantial benefit
with respect to their pursuit of research interests well beyond the completion of the study itself.
The motivation to move quickly from protocol design and approval to studynsséy be at

odds with allocating time to create a data plan prior to study start. However, delays in
addressing data management processes will increase risks withsregadhieving the
analytic goals oftte study and may limit the lortgrm value of th study data.

For those readers who are medical practitioners it is hoped that this book will spark interest in
data driven caras it is expected that allinicians of thefuture will have to understand how to
apply an expanding wealth of individual damohort derived information to benefit their
patients Data and software will be increasingly relevant to medical practice as an enabler of
efficacious care provided by the physician.

Hawgood etal. state that the field of precision medicine is at dhettion point. Progress

made to datdas been promisinglthough the development of precision medicine tools and
techniques will continue to accelerate bringing change to existing research paradigms and the
potential for unprecedented understanding of the nature of complex disHaseians,
researchergednologistsand patientsall collaborating with théntentof developing safe and
effective personalizetteatmentdor complex diseasesyill make an enormous difference in
alleviating the suffering of patierifs Clinicians who donot appreciate and paipate in

clinical data sciences risk beiteft behind the precision medicine revolution.

1.6 Scope of this book

This book is meanb be a guide for cliniciansegnning their data science@urneywith the

aim ofincreasing their collaborative potential with respect to clirdeadamanagemenfThink

of it as learning a new languatgeenableconversations about datdthough readng this book

will not confer expert level competencies with respect to data scemtenalysis, it will
provide tools to assist in collaborative translational researbk. chapters are arranged
logically for anyone wishing to explore the subject matter systematically from scientific
conceptgpertinent to theonduciof translational stdies (chapters 2 and 3) tedepth technical
discussions pertaining to data management and analytic processing (chapters 4. 5, 6
Chapter eight provides examples of the application of the technoltigeessed in this book.
Chaptemine describes Ogn Source Softwarkindamental&and the drivers foits adoption.
However, each chapter has been written for indepeneéexiing and revievibased on the
reader 6s Apsuehfteerreadec reay find certain redundancies across the chapters,
particularly with respect to foundational subject matter.

The book is set up as follows:

Chapter 2 introducedata analysis techniques pertinent for translational study conduct.
Chaper 3 revievg ethical and legal contexts applicable to translational research.
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Chapte 4 describethe data life cycle for translational research and corresponding data
management strategies.

Chapter 5 reviewanalytical techniques commonly applied to tkatisnal research data.
Chapter6 detaik an open license system, tranSMART, available to support the data
management and analytic processing for translational research projects.

Chapte 7 detais a highperformance compute environment designesufaport high
dimensional data analytics for translational research projects.

Chapter 8 provides exampdeojecs employingtechniques described in prior chapters.
Chapter ®2xaminegnotivations for the production and adoption of Open Source Software.
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Chapter 2. The Clinical ResearchLandscape in the
Era of Big Data

Xian YangandYike Guo

2.1. Study Designs

One typical way to classify clinical trials is based on megearchers behave.

Observational studiesire used to monitor the condition of study participants, assessing their
medical status and progress without testing specific medical interventions.

Interventional studiesare used to test the safety and/or efficadymedical therapies
comparing th@utcomesnanifest across different treatment regintens

Figure 2.1 from (AAn Overview of Cexplansc al
the process of deciding which kind of study desigwasranted If the exposuréreatment is
under tesby the investigators, then it is1anterventional study. Witinterventional stdies,
investigators must assign study participanteXposuresising an establishe@ndonization
scheme to ensure confidence in the anakgsiglts. The most popular inteentional study is

the randomizd controlled trial(RCT). RCTs take a homogenous group of participants and
randomly divide them into two groups, ideally with no selecaod confounding biasesn®
group, the treatment group, is exposed to the test thevhpy the alternatgroupacts as a
control andis assigned glacebo(no exposure). Statistical comparison of pertinent medical
measurementsetween the twgroupdeads taadetermination of theffect of the intervention.

For the observational studjeése presence of comparison patient groupsisdd aranalytical
study while studies having only one cohort are terndledcriptive There are three typical
analytical studiescohort study casecontrol studyandcrosssectional studyA cohort study

is a longitudinal(duration based¥tudy that samples a cohort to investigate the cause of
diseaseor pathology. A cohort is a group of people sharing a common characteristic or

experience within a defined period (e.g., same birth date, same treatment strategy). An example

guestion tdoe answered by the cohort study could be whether smoking is associated with lung

cancer. The cohort study starts with an exposure (e.g., smoking) and follows people for a few

years to measure outcogge.g., lung cancer). A cas®ntrol analytical study bgins with

outcome (g., lung cancer) and seeks to determine a statistical association of the outcome to

an exposure (e.g. smokingjhe caseontrol study is only used to detect factors that would
result in a medical condition by comparing peopith thecondition to people having, ideally,
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very similar physical traits but do not manifest tdoadition. If the study determines exposure
and outcome at the same time, thenatdeosssectional studyA crosssectionabtudy assesses
the prevalence of methl conditionsacross a target population providiagsnapshot of the
distribution of a disease a population at a givetime.

Yes Randomized
controlled trail
Experimental study | Random allocation?
Non-Randomized
Yes No controlled trail
Did investigator assign Cohort Stud
exposures? :
Ye i e 2 Case-control
es Analytical Study Direction? 1
No Study
Observational study | Comparison group?

Exposure and outcome
at the same time

No Descriptive Study

Figure 2.1: The process of choosingagpropriate study design

The advantages and disadvantages of diffedasigns are summarized in Table 2%

Selection of a design is based on the nature attfearch questioms interest The feasibility,
cost, length of time, risk and benefits to the participants ailsisbe considered Complicated
research questions may requinaltiple studies

Table 2.1: Advantages and disadvantages of some typical study designs.

Study design Strengths Weakness
Cohort study 0 Temporality 0 Expensive
demonstrated 0 Time intensive
Individualized data 0 Not good for rare
0 Ability to control for diseases
multiple
confounders
0 Can assess multiple
exposures Can
assess multiple
outcomes
Casecontrol 0 Inexpensive 0 Cannot calculate
0 Timely prevalence
0 Individualized data 0 Can only assess ont
0 Ability to control for outcome
multiple 0 Poor selection of
confounders controls can
0 Good for rare introduce bias
diseases 0 May be difficult to
0 Can assess multiple identify enough
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exposures cases
Prone to recall bias
No demonstrated
temporality

O¢ O«

Cross sectional 0 Inexpensive 0 No temporality
0 Timely 0 Not good forrare
0 Individualized data diseases
0 Ability to control for 0 Poor for diseases of
multiple short duration
confounders; 0 No demonstrated
Can assess multiple temporality
outcomes
RCT 0 Unbiased 0 Expensive: time and
distribution of money
confounders 0 Volunteer bias
0 Blinding more likely 0 Ethically
0 Randomiation problematic at times
facilitates statistical
analysis

2.2 Statistical power and the clinical study

2.2.1 Sample size calculations

Sample size calculations determine the number of participants needed to detect a clinically
relevant treatment effect and arsually the first step in a clinical study degigfihe sample
sizeshould beoptimized by considering both the costs associatighl recruiting patients and

the likelihood of obtainingsignificant findingS. There are three plausible approaches for
estimating the sample size during the-giiedy phase

1. Use a comparable dataset from the public domairpogdous study
2. Carry out a pilot study
3. Base estimations on the minimunmatally meaningful difference

Finding public datasets having the same population and experimental conditions as those of
the prgosed study will likely be difficult. However, discovering comparable datasets collected
from asimilar population under analogous circumstances/ be more likely. A pilot study

could be performed if no comparable dataset is identified. The pilot studpecaised to
estimate effect size, test recruitment, study procedures, and H@ticstrategies. Basing the
sample size on estimations of the smallest clinically meaningful difference can be used if there
are no comparable datasets and a pilot ssidgtfeasible
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2.2.2Basic statistical methods for calculating sample size
Simplehypothesis testing mube understootb calculate the sample size.

1. Null hypothesis and alternative hypothesis.Statistical tests can be used to check
whetherthe difference in means between two populations is significant or not. Null
hypothesisO is defined with the statement saying that there is no difference, tile
alternative hypothesi®© is with the opposite statement ‘@ . Rejection of null
hypothesis means the acceptance of the alternative hypothasisstance if we are
investgating theprotein concentrationevels betweenhealthy people and asthma
patients thenull hypothesican be defined a8t he pr ot ein has the s
l evel acr oss t wwhileghe aliempaive bypothgsis avquld Ekdde
proteinis of significantly different levelsbetween twastudy groups.

2. Type | error (alpha). Rejection ofthenull hypothesis when the null hypothesigrise
is known as Type | errdt. Type | error is also called false positive, which occurs when
we obgrve a difference whehere is none. The probability of getting Type | error with
rejection regionYis0 YSO Qb1 aQt i s denoted by the Grec
called alpha level. The significant level, which is usually set to 5%, indicates the
acceptable probability of getting Type | error.

3. Type Il error (Beta). Not rejecting a null hypothesis when the alternative hypothesis
is true is known as Type Il error. Typediror is called as false negative, occurring
when we fail to find a difference when in truth there is one. The probability of getting
Type Il error in a test with rejection regitriisp 0 'YSO Qb1 6. Q@ is often
denoted by the Greek letter Conventionally, thg value is set at 20%, meaning that
the false negative rate is controlled at the level of 20%. The calculations of different
error types are shown in Tatf#e2

4. Power (1-Beta). The power of a study reflects tipeobability of rejeding the null
hypothesis when the alternai hypothesis is truén the case df equal to 20%, the
power is set to 80%, showing the probability of avoiding false negative conclusion.
Power analysis is used to calculate the minimum sample size requitetett an effect
of given size.

5. Minimal clinical difference. The minimumclinical differenceis thesmallest numeric
differencebetween a studsttribute, measured acrostaidygroups, that constitutes a
distinct physiological response. The minimal dadi difference is set by the
investigator for example, itheart rate is the outcome of a trial, the investigator could
choose the differece of 20 beats per minute as indicative of a difference in physiologic
response between two individuals.

6. Effect size.The effect sizés the quantitative measure of the difference in response for
a measured attribute between two grodjpe effect size is calculated the difference
between the means in two groups dividedh®population standard deviatioBffect
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size and sample sizare inversely relatedi.e. a larger the effect size reduces the
required sample size for the stitly

Table 2.2: Relations betweenith/falseness of the null hypothesis

Table of error types Null hypothesis Ho) is
True False
Decision Reject Type | error Correct
About Null inference
Hypothesis (False
(Ho) Positive) (True Positive)
Fail to reject Correct Type Il error
inference
(False
(True Negative)
Negative)

2.2.3Specific sample size calculations

Each type of statistical analysis requires different elements (e.g., expected proportion, standard
deviation) to determine the needed sample size. There sngle method for estimating
sample size for all kinds of analysis.

2.2.4Sample sizecalculation for univariate analysis

Sample size calculatigiior singleclinical attributequnivariate analys)sareusedo determine
the precision of estimates, suaf proportion and mean.

The ppulation proportion describes the prevalence of a clinical attribute azmstned
population?, For example, a study may calculate phevalencda.k.a proportion) of diabetes
acrosghe adultUK population to be 6%Proportion is simply count of positive observations
(x) in a total population dfl size. Assuming each observation is indepenthethie population
proportion is commonly eshated usinga confidence interval known as a esmmple
proportion in the Anterval 3,
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The margin of error is calculate®. ©y ——, where® y is the zvalue having a tail

area of 7¢to its right.
With a desired error value @the sample size can be obtained from

0 —Z——— wherents the educated guess of the population proportion. WithitHu

p, the maximum value aftp nHs 0.25. Hence, we could get a simplified form for sample
¥

size calculation a8

Sample size for other descriptive statistics, such as maam estimated ia similar manner
assuming individual values of the attribute under study are normally distributed across the
population.

For the meamand standard deviation olsample population.

Thestatistic follows the-distribution aso ST

The sample sizean be estimated bsample tinterval for* . The margin error is of the form
O ML_ With a desired margin error, the sample size can be calculated tirough*—

One issue we need to pay attention is thatis sample size dependent. Therefore, we need

to carry out an iterative process for solving N. That is, we sténtami initial guess of N to get
its corresponding 7 . Then, using thi® ¢ value, we estimate N. We keep updating N and

0 7 in this way until the estimated N is consistent with the value usetlfor

2.2.5How to calculate sample size for bivaate analysis?

Sample size calculation for bivariate analysisolving two clinical attributes is more
complicatel. Table 23 lists out the required elements for sample size calculation for some
typical bivariate analyses. The details of sample size estimation for different bivariate analyses
are as follows:

Table 2.3: Required elements for sample digiermination for bivariate analyses

Comparison of the two Comparison of two means Association of two normally
proportions distributed interval variable
Expected percentage in  Effect size Effect size

group 1

Expected percentage in Standard deviation of

group 2 interval variable

Ratio of number of subject: alpha Alpha

in group 1 to number of
subjects in group 2
Alpha Power Power
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Power

0 Comparison of the two proportions: In the study with null hypothes®df n
and alternative hypothesis @ d) r , whereny andr| are proportions in group 1
and group 2, the sample size can be estimated through the following fobmula:

7

, Wheren equals to——, @ y anda  are the

normal deviates for Type | error and power of stad§*’
0 Comparison of two means: In the study with null hypothesi®© o a and
alternative hypothesis & do a , whered anda are means for group 1 and

u ,wherel —is

group 2, the sample size can be estimated by:

the ratio of sample size required for two groupsndQare the pooled standard
deviation and dference of means of two groufis

0 Correlation: In the study with null hypothesis©fdf  mand alternative hypothesis
of Od m wherel is the orrelation between two groups, the sample size can be

x

estimated through the following formula: , Wherel is the correlation

between two variablé$

2.2.6Calculating samplesize for multivariate analysis

Conventionally, the minimum sample size required for most multivariate anahysd#ging

sets of more than two clinical attribuiesletermined using the rutd-thumb, which is mostly
derived from multiple linear regressi (MLP). Some sample size guidelines suggest the ratio
between the number of independent variables and subjects is %or1D to 3¢*. In
Knofczynski and Mundfrom 20Q0The minimum sample size fasing MLR for prediction is
suggested to be varied according to the effect izesWilson Van Voorhis et al. Z¥, an
overview of the sample size rules of thumb is shown as it is in TaBk 2.4

Table 2.4: Sample size rules of thumb

Relationship Reasonable sample size
Measuring group di Cellsize of 30 for 80% power, if decreast
ANOVA) no lower than 7 per céfl

Relationships (e.qg., correlations, ~50

regression)
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Chi square At least 20 overall, no cell smaller than 5.
Factor Analysis ~300 is Agoodo

2.2.7Sample size feasibility

There may be the case that the estimated sample size is larger than the maximum number of
study participantshat coutl be enrolled into a study. In this case, the following should be
considered before abandoning the stidy

1. Is there morsensitive marker of the outcome? For example, death due to lung disease
is a more sensitive marker of smoking than other diseases such as heart attack.

2. Can werepeated measuremenis collecte@ Repeated measurements can increase the

number of observaties without increasing the sample size.

Canpowerbe relaxe@ For example, we could decrease the power from 90% to 80%.

4. Can thepopulationbe limited to individuals more likelyo experience the outcome
under stud§ For examplesettinga minimum age and BMenrollment criteria could
foster insight regardinthe impact of elevated cholesterol on the risk of myoehrdi
infarction using a smallettwdy population

w

If the above strategieme not applicablehe researar must consider pragmatsolutions,
such as seeking additional funding, or reassess the scope of the proposed investigation

2.3. The Nof-1 trial

2.3.1 The value oN-of-1 trials

Heterogeneity with respect to the underlying mechanisms of complex disease results in
inconsistent dicacy of generalized treatment across patieegardless of whether treatments
of been demonstrated to be effective on avéfageerefore, large scale randomizcontroled

trials (RCTs) cannot comprehensively addasslinical problemsacross patient populations
27 28

An N-of-1 (single subject) clinical trial investigates the optimal medical treatment for an
individual patient using the objective dateven criteria. As reported in Gabler et al. 26,1

more than 2,154 Mf-1 trids acrossl08 studieshave been conducted between 12830
addressing various clinical conditions, such as neuropsychiatric, musculoskeletal and
pulmonary. Such trials are becoming more prevaleetto increased appreciation of disease
heterogeneity, theavailability of datatypes capablef assessing individual physiologic
variations and data processing methods that allow individual trials to be conducted efficiently
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The indications and contraindications foroi1 trialsaresummarizedn °.

2.3.2 What are typical designs for the Pof-1 trial?

In the Nof-1 trial, datasets are collectddngitudinally as frequently as possible for an
individual patient!. The basic design principles include randomization, blinding, replication
and carryovet?( iDesi gn and | popl efreindlag:i oA UO$e MNos
Heal th Care Programo n.d.):

0 Randomization/Counterbalancing: To maintain the variability of experiments,
patients are given a sequence of treatments, which can be eith@mhaigenerated or
definitively assignedll,2]. Most commonly, tratments are administerednsecutivly
but separated byash outperiods (also termedcarryovel in which the study
participant receives no treatment to return the subject to their bapblyselogy
Assuming two treatment protocols,and B,a randomized fouperiod trialcould be
conducted longitudinally according to the following desighBAB, BABA, ABBA
and BAAB. ABAB and BABA areunbalanced desigsas the treatments are rotated
such hat no single treatment is administered in consecutive periods. Conversely
counterbalancing desigsalternatesuch that one or more treatments are administered
repeatedlyi.e. ABBA and BAAB).

0 Blinding: Patierts should be kept blinded to threatment design although there is a
risk that patients may deduce the treatment regime basetbroexample, their
responses to the treatments, which could confound outcomes.

0 Replication: Sample size in Mf-1 studies refers to the number of periodsl an
measurements collected during the periods.

2.3.3 What are the analysis methods for the Jdf-1 trial?

The analysis methods in-0f-1 trial fall into the following categories: visual inspection,
statistical analysis, time series analysis and Bayesian dgtt° 36373839 Taple 25 from
Gabler et al. 201% has summarizedheseanalysis methodsThe analysis methods are
designed t@ompae treatment results accounting carryover and randomization effects.

Table 25: Analysis methods for the investigated T0&f-1 trials
Method Number of studies

Pooled analysis 26
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Bayesian 6
Other 20
Nonparametric analysis 24
Wilcoxon signeerank test 8
4
MannWhitney 3
Fisher exact test 3
Sign test 4
Other 7
Graph or visuaéxamination 56
T test 48
Regression model 18
ANOVA 13
Other 5

Let us discuss some example methods as follows:

w

(0]

O«

O«

Visual inspection: Many studies do not have formal analysis except visual inspection.
People use graphs to compare the outcomes of two treatments. This method can only
work well for simple datasets with obvious differences between treatments

Statistical methods: The simples statistical test in Pof-1 trials is the sign test.
Suppose under the twceatmet case, treatments are randoedzn blocks oftwo
periods. The difference in response for each block is calculated and assigned a sign (+/
) depending on the differenceinBmial analysis can be used to determine relative
treatment efficacy although insightful inferences with respect to effect size may be
ignored.

Bayesian methods:Bayesian(conditional probability)method incorporate results

from the same Mf-1 study design conducted across many patients. Bayesian inference
may challengendividual treatmentresponses that ay appear significant in isolation

but are not significant when analyzed across many similampatials.

Time series analysisAttribute values collected consecutively throughout a trial may
not appear to be independent measures. This bias associated wittoniseeutive
measures must be corrected during analysis and models exist that adjakiekef a
present measurement based on that prior measurément
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2.4.Datatypesassociated with translational research

2.4.1 Molecular datasets

Many types of molecular and physiological data shoulddiectedand integratedluring a
translational research studyMolecular data types that are typically collected inclgdae
sequencesgene expression (measd by themicroarray or RNA sequencig technologies

and protein expression (measuredthy mass spectromejfywith each data type profiling

di fferent aspects of an inaydrigwDletuan datasetsamo | e c u |
lead to the discovery of biomarkgnedictive of disease andicative of a specific pathological

State.

The U-BIOPRED project used samples and medical information from hundreds of severe
asthmatics to stratify diseasubtypes. This workcceleratd the discovery of novel diagnostic
and therapeutic targetsrfasthma. LBIOPRED generated various high dimensional Omics
datasets, icluding genome wide associatio(GWAS), Transaptomics, Proteomics,
Lipidomics and Breathomics. Moreover, this project calgenerated low dimensional
histological, morphological, clinical and patient reported outcomeetatasscomprehensively
model asthma phenotypes.

Figure 22 shows typical steps of carrying dbe U-BIOPRED project:

1. Thefirst step is to collect patiersamples and construct biobanks for sanspbeage
and managemen€rosssectional and longitudinal cohort studies both adult and
pediatrichealthy controls and asthrpatiens are well designed.

2. The second step is using dal@ven approach tetratify patients of different groups
using the Ahandprinto, twhiooalghpoute é©Omi asb
patient clinical dat&.

3. The third step is to validate handprints and investigate the asthma phenotypic features.

4. The fourth step is to r efdilinmieal apdhtemamt y p e
exacerbation models.

The most important step for generating handprint is step 2, which adopts unbiased approach to

generating disease 0handp rniegrative @nalysia sfeeatiou® n c o
Omics data.
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1. Create adult/paediatric cohorts and biobanks
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Figure 2.2: The steps of carrying out theBUDPRED project.

2.4.2 Usingmolecular datasets

Molecular datgrofiles can be usdor a variety of purposes. The following are examples
pertinent to UBIOPRED.
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Mapping molecules to pathways

Omics datasets can be integrated with traditional clirdeghsets to generatédhandprint
(patient profile)for asthma penotyping. Omics feature profiles can be matched to specific
subgroups of severe hsta. These Omics featuregenes, proteins and other molecules,

can be mappetb molecularpathwaygo generate hypothesizes as to the causative nature
of the disease sujgies. These hypotheses can be tested experimentally in the laboratory or
by using n silico models of biological processes (deigure 2.3. Molecular pathway
modelling a timeconsuming procesgiven themassive numbeof potential molecular
interactionsHowever, identifying diseaselatedpathwayss critical tounderstandinghe
biological processes of disease.

o o o @ o o -
Experimenta o o o - o o o o
+f - o o o o> o> <>
atiorn o > < oy P P - o>
L — -S> <> P — <> L [ —
Expression Arrays Proteomics Lipidomics
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Pathways

in silico model of e Wo\‘.(\* —
biological processes —

Figure 2.3: Process of obtaining pathway models for understandifghsmotypes.
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Modelling pathways

Having detected potential disease related pathwhgsjext step is to understadidease
mechanim by dynamicmodellingof pathway& 4’. The UBIOPRED team workedlith
clinicians and biologists to construct an integrated MAF&and GR pathway model to
explain corticosteroid resistance in patients suffering from severe asthma
Corticosteroids(CS) are essential stress hormones that regulate many physiological
processes including immune function and cell proliferation. These hormones are used as
treatments for asthma due to their anflammatory and immunosuppressive properties.
The binding betweenCSs and glucocorticoid receptor (GR) results in nuclear
transloation. Subsequemtttachmenof activated GR to DNAn the nucleuseads togene
expression modulation vidransactivation® . In the meantime,to suppress the
proinflammatory cytokine transcription througgansrepressionactivated GR can interact

with other transcription factorglowever for asthma patientdhe antrinflammatoryof CS

is impaired.The impairedsuppression of promflammatory cytokines by dexamethasone
has been found tbe related t@ugmented activation @38 MAPK®°5%, Therefore, it is
necessary to study interactions of p38 MAPKhpaty with the GRinduced signahg
pathway.

Constructinga mechanistic modas a plausibleway to understand the mechanism of
corticosteroid responsiveness in inflammatory dise&$@sever most studiesnly focus

on mechanistic models of isolated pathwagisch thatintegratedmodek of various
interconnected pathwaywe rarely investigatedror example, a model fartPS-induced
p38 pathwaycan be found in thenline pathway databases This p38 model was used to
construct a novel mechanistic model of the GR pathway based on the known biological
reactions. The work led to a proposed interaction §tatismodel) between thepathways
(see kgure 2.4. Potentialentities thatrosstalk couldhapperareTGF kinasel (TAK1),
MAPK phosphatasdl (MKP-1) andphoshep38itself. However, thiproposed interaction
model is found to be difficult to bealidated by wetab experimetal observations. The
main challengen constructing pathway models is determiniagcurate and complete
model parameters (e.g., kinetic ratesl initial concentrations) froriimited time series
measurementsConverging toa unique parameter set solution is therefore diffitult
Pathway modek can be simplified at the risk of ignoring important and insightful
interactions. Therefore, it is betterdevelop and maintaimodek that are as detailed and
accurate as achievabkvailable data and resources
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Figure 2.4: The integrated pathy of p38 MAPK and GR froff Holehouse et al. 2012

2.4.3. Electronic health Records

Electronic health record§EHR) are another critical source of data. The application of EHRs
in the clinic can improve the quality gbatientcare in various ways, such as supporting
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pragmatic clinical trials and big data driven discover§. Recent studies have shown that
secondary use of EHRs has enabled-daigen prediction of drug effects and interactitins
identification of type2 diaketes subgroup8, discovery of comorbidity clusters in autism
spectrum disordet$and improvements in recruiting patients for clinical tfals

Using EHRSs to costruct prediatze models is challengindue to the highly multivariant nature,
noise, sparsess and lack ofompletenessissociated with EHR daf4 62 3, Data driven
approaches have been proposeavercome these probleff® %6 These methods include
supervised’, unsupervised models, including the useeaiurrent neural networks (RNIKy
Choi et al. 20168 As EHRs are beingncreasingly generated, high performance compute
environments such a$adoopwill be necessary to traiautomated classification methods t
identify patterns withifEHR databasé%

2.4.4 Medical imaging

Medical maging capable of characterizing morphological and functional properties of tissues,
can also be used to constrpetrsonalized modelof diseaseMagnetic resonance imaging

(MRI) ", computed tomography(CT) ", positron emission tomographyPET)’? and
ultrasoundare common medical image modalities available to medical researchers capable of
discriminating anatomical featuresnfusion of molecules within tissueand material
propertie$®. As a norinvasive tool, imaging enables the study of tissues that are difficult to
sample through biopsy, such as lesionsaimcc er pat i e nt sMedidalTnmagingEv ol ut
I n Cl i ni cal’).Rme $uectonat rratdre of mahy imagi methods, such as those
based on timdapsed MRI and ultrasound, greatly facilitate diagnostics for many conditions
and have a tremendous impattmedical practicé® . The availability of automated image
processing and analyssftware promotes the use of imaging for translational research.
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2.4.5 \Wearable biosensors

Wearable biosensors have emerged in both consumer and medical markets. The application of
medical images and wearable biosensors to assess medical conditidigitaldbiomarkers

are increasiny being incorporated into clinical trial€ontinuous mortoring of patients

outside of medical facilities is a grdagnefit ofthe clinical application ofvearable sensofs

There arenow many wearable biosensors designed to monitor patients having specific
conditions. Examples include devices that track phgsiologic and kinetic parameters
asso@tedwith disabilities resulting from multiple sclero§isndaccelerometers worn on the

wr i st s o f disPagerpltiemtesmomtdr sircadian sleep patterns as vasinotor and
autonomic dsruptions.

Wearable biosensors are starting to decouple some mierokE medical examination from
office visits with certain medical abnormalities detectable in real twithout burdening the
schedule of the patienfpplications, leveraging both stamdaand augmented capabilities of
the ubiquitous mobile phone, are available to measure blood pré%sidentify cervical
cancef®, and even perform an eye ex&mBesidestie mobile phone, personal items such as
smart helmets andothing-embedded senss are used for healthonitoring, disease treatment
and detectiof?.

2.4.6 Scial media

Social media, such as Facebook, Twitter, blogs and Wikipedia, arbageld tools for people

to create, share, comment upon or modify cofitéhtDataavailable from thessource are

often documents that do not conform to consistent formatgructureddata) and, therefore,

are typically difficult to incorporate intmedical analyse However, these data can contain
information useful tahe clinicalresearchesuch as lifestyle preferences anddically related
experience®. Social media provides patients a way to communicate with fellow patients and
clinicians through online communities that are not limited by geographic bounaries.

2.4.7 Data standards

Data standardsiiclinical research refer tnethods, protocols, termologies and specificatisn
for collecting, exchanging, storing and retrieviegnical information. Table & from
Bioinformatics for Omics Dafd lists the major eporting standards fararious Omics data
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types. Reporting stalards promote consistency in the representatiexmérimental designs,
clinical measurements and analysis resulitensistent data representations promote and
expedite researctiataexchange, data storage and safivdata processingable 27 from
Bioinformatics for Omics Daf4 lists the most popular exchange standards for Omics datasets.
The DICOM (Digital Imaging and Communications in Medicirfeymatis, by far,the most
commorty useddatastandardor medical images

Table 26: Existing reporting standards for Omics.

Acronym Domain

CIMR Metabolomics

MIAME Transcriptomics

MIAPE Proteomics

MIGS-MIMS Genomics

MIMIx Proteomics

MINIMESS Metagenomics

MINSEQE Genomics, Transcriptomics (UHTS)
MISFISHIE Transcriptomics

Table 27: Data exchange and modelling standards for Omics.

Data format Object model Domain
FUGEML FUGEOM Multiomics
ISA-TAB Multiomics
MAGE-ML MAGE-OM Transcriptomics
MAGE-TAB MAGE-OM Transcriptomics
MIF (PSEMI XML) Proteomics
MzML Proteomics
mzldentML Proteomics
PML PAGEOM Genomics

PML SDTM Healthcare
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2.5. Big Data Analytics

2.5.1 Big data analyticsin clinical research?

The termBig Data traditionally referredto datasets thatonsume at least one terabyte of
memory on a comger storage device. Datasets this volume tended to require data
processing systems more powerful than a standard personal caniputdvement of
computer professionalf®r data management arsphecalized softwarefor data processing.
Although there is no precise definition Big Data, the term heralded a newa of computing
potential in which large scaldatasets, interrogated by sophisticated mathematical pattern
recognition methods, could be leveragedotatain transformative insights beyond those
intended at the timsuchdataetswereoriginally conceived andollected.

The criteria that classically describe big datasetvaltene(memory consumptionyelocity
(rate of data generationjariety(number of data attributesjeracity(data quality, correctnelss
and, sometimesjalue (interest with respect to data consumeFs)t translational research,
molecular and digital biomarker data, especially @ata generated binstrumens and
devices will generally meet the@olume critera of big data.The rate of data generation from
wearable devices will likely constitute a big data challenge for cliniciams. dimensional
clinical study datasets, whicdan numbehundreds to thousands of attributes, and EHiRs
highly variable dataseReuse of translational information is a key value proposition justifying
the creation of such data acarefulmanagement of these data with respeetvtlability and
standardization will enhance the value of these data to the research community.

Big data analytics projects require specialized data processing environments that are typically
not necessary for oalucting traditionaklinical research programs. A common strategy for
accelerating data analysis for large scale data setsibtivide andlistribute these datasets
across many computers for parallel processirige results of these independent procgssin
events are then aggregated intdaived reduced dataseOpen source platforms such as
Hadoop/Map Reducewhich provide specific impleentations of distributed processing
models, are increasingly used for big data analytics in clinical research. End users must
approach Big Dataralytics different from local data processirkepr example, distributing
standardstatistical methaogl that maybe available to scientistaroughpersonal computer or
serverbased applications such as SAS and Rjight require intensive, complicated
programming efforts to design corresponding algorithms tlugderate efficiently on a
distributed compute environmefigure 2.5 fronRaghupathi and Raghupathi 264gresents

a conceptual architecture of big data analytiestHis figure, Iy data n clinical research
emanatesfrom various resources and in various formats. Si@mation tools need to
efficiently process, modify and store raw big datasets in preparation for subsequent analysis.
Following data processing, big data analytics ptatf and tools are used to an&yhese
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data.Common big data platforms and tookn be found ilRaghupathi and Raghupathi 2614
Typical applications of big data analytics are high performance queries, report generation,
online analytical processing (OLAP), and data mining/patteiwgration.

Big data sources:
Internal, external, multiple formats,
multiple locations, multiple applications

Raw data

A 4

Big data transformation:
Middleware, Extract Transform Load, Data
warehouse, Traditional Format CSV, Tables

Transformed data

Big data platform & tools:
Hadoop, MapReduce, Pig, Hive, Jaq|,
Zookeeper, HBase, Cassandra, Oozie, Avro,
Mahout, Others

Big data analytics

Big data analytics applications:
Queries, Reports, OLAP, Data Mining

Figure 2.5: The conceptual architecture of big data analytics.

2.5.2 Stage®f big dataanalytics in clinical research

The main stagesf applyingbig data analyticsni clinical research are summatkzin Figure

2.6 (adapted fronRaghupathi and Raghupathi 26%4 The initial stage builds a conceptual
goal that if of a large enough scalestablishes the need for big data analytics. The nex stag
probes the significance of the project through activities such as compiling a priori knowledge
(literature review) and background materials such as pertinent existing datasets and
implementations of potentially usefulaytic methods. The third stagefides the structure of

the datasets, collecend transformedhe data and selects, builds and applies the analysis
methods The core part of this stage is the platform/tool evaluation and selection as listed in
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Table 2.9.The fourth stagevaluats, validates and test the analyticmodel andts derived
results following which, the analysis can be confidently used to generate insights

Sepl. Concept Satement
uEstablish need for big data analytics project in healthcare based on the 4Vse.

Sep 2. Proposal

wWhat isthe problem being addressed?
wWhy isit important and interesting?
wWhy big data analytics approach?
uBackground material

Sep 3. Methodology

oPropositions

w/ariable selection

ubata collection

oETLand data transformation
oPatform/tool selection

ufonceptual model

wAnalytic techniques

wAssociation, clustering, classification, etc
oResults & insight

Sep 4. Deployment

uBvaluation & validation
wlesting

Figure 2.6: Key stages of big data analytics methodology
Summary

This chaper introduced thelinical study andthe variationdikely to be encountered when
prosecuting translational researdBasic clinical study design wasxamined including
biomarker extensions pertinent to tharsuit of individualizedtreatments for subtypes of
complex disease#lypothesis gemation through the association experimentally derived
molecular profiles with biological pathways was explored. Digital biomarkers including
medical images and wearable biosensors were reviewed as elements -efdbrgiatasst
which require specializeslystems fodatamanagement and processing

Designirg, conducting and analyzing clinical studies requires exceptionally specialized
training and substantial experience. This chapter was written to provide readers with limited
familiarity with clinical data management and analysis an appreciation of tteedf/aetivities

that are necessary to operationalize precision medicine investigatten$ollowing chapter

will detail data management procedures for translation research
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Chapter 3: Ethical and Legal Considerations for
Medical Data Reuse

David Henderson, Fabien RichaaddNell Fitch

3.1Introduction

The secondary use of data in biomedical resemrdiecoming a major theme pertinent to
discussions regardirtge legal and ethical frameworks that suppscigntific data processing.
This trend is driven to a large extent imgreasing scientific and technological capacities to
collect and analyze lge scalefi B i dafasetsThe potential for expanding the scientific
understanding of the mechanisms of complex diseases is unprecedenteavithl records
available in electronic format and molecular biomarker assessments increasingly performed for
both medical and research purposesiowever, these datasetsntain sensitive personal
information. Electronic health records contain overtly identifiable informatigarding
patients includingnames and geographical locations as well as health inforntaatrcould

be used illicitly against not only the individual kalsotheir close relatives. Moreovdrigh
dimensionaimolecular profiles, especialtyenomicsequences, are fundamdéiytadentifiable
throughsoftwarebased comparisons.

The GeneralData Protection RegulatiofGDPRY has been in force in ¢hEuropean Union

since May 201&nd attempts to define more precisely the scope of personalatasample,

by recognizing pseudonymized data as personal (identifidata)and including genetic data

in the category of defmespersandl dataesfalaws.ad. The GDP

60fPrsonal datadé means any information relatin
(6data subjectd); a n is ond e/motcanf be aéntified, directly wor a | p
indirectly, in particular by reference to an identifier such as a name, an identification number,
location data, an online identifier or to one or more factors specific to the physical,
physiological, genetic, méal, economic, cultural or social identity of that natural person

(GDPR, Article 4, paragraph 1)

The GDPR is pertinent to all EapeanMember Statescluding, at the time of this writing,

the United Kingdom (UK) pendingth K6 s exi t fr om THe&DPRwilopean
be enacted as OUK GDPRO6 and remain in force
controllers and processors should be aware that it may be subject to revision either as part of

the withdawal negotations or at a subsequent time point.

Researchers face an ethical dilemma when using medical data. Medical data can benefit the
health of patients, both communally and individually, when reused for translational research
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studies however, exposure of tee sensitive data may lead to emotional traumg,
embarrassment leading to depression and isolation, and tangible economic loss should health
data be used inappropriately to determine employment or insurance eligibility. Therefore,
investigators must it use of these datand take precaution® reduce the possibilitpf
inadvertently disclosing this sensitive informatisee for example re2)?. Informed consent,

in which patients formally agree to allow the use of their data for resparpbses, and data
anonymization, in which personally identifiable information is removed, by deletion or
unrecoverable alteration, from patient datasate two widely employedmethods for
reasonablyrotecting patient privacyhile reusing their medicalata.

Patients and clinical study participants have often been allowed the option to share certain
medical data under carefully developed informed consent clauses approved by internal review
boards(groups of people that approve and govern the conduclirotal studies within an
institution). l nvestigators are abl e, under <circums
to use data for research purposes not conce
collected. To protect the individual frothe risks of health information reuse their data is often
anonymizedoy removing or alteringdentifying data elementsuchthat these data elements

can no longereference the patient. However, demographic information such as gender and
ethnicity, which are typically important e@riants with respect to exploratory medical

reseach and cannot be removed or anonymiz=h lead to identification of patients when
considered together witbrrespondindpealth measurements and published data such as social
mediaposts Peope with rare conditions wouldf coursepeat higher risk for identification

based on their medical information alone. However, high perfornsatstical and cognitive
computing association methods, many of which are discussed in chapters five and seven of this
book, place people within the general population at risk of being identified should their medical
data be misused by unscrupulous agenttolen by cyber criminals.

The specific definitions of anonymized data are important. It should be noted that these
definitionspresented here are those pertinetitéduropean Union (EUgspecially as defined

in the GDPR These definitions are naotecessarilyconcordant with those used mations
outside of the EUalthough the concepts that these specific dedims describe will be relevant

to medical research regardless of the location of conduct.

O0Anonymi zationd means the processing in such
be attributed to a specific data subject (personal data are rendered anonymous).

OAnonymouisonMfmeaams i nformation that does not
natural person or personal data rendered anonymous in such a manner that the data subject

is not or no longer identifiable (GDPR Recital 26).

6Pseudonymi zati oné means the processing of p
data can no longer be attributed to a specific data subject without the use of additional
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information, provided that such additional information is kept separaply is subject to
technical and organizational measures to ensure that the personal data are not attributed to
an identified or identifiable natural person (GDPR Article 4, paragraph 5)

Genetic data is specifically defined in the GDPR as a type of pécaaa

Since genetic data contains unique information about the data subjects and their blood relatives,
complete anonymization may not be technically feasible. GDPR Recital 26, however, states
ATo determine whet her a nantshauld be tgkenrmofsaththe i s |
means reasonably likely to be used, such as singling out, either by the controller or by another
person to identify the natural person directly or indirectly. To ascertain whether means are
reasonably likely to be used to ey the natural person, account should be taken of all
objective factors, such as the costs of and the amount of time required for identification, taking
into consideration the available technology at the time of the processing and technological
developentso The O6consideration of all objective
anonymizationd, which may be applied to the
for the data subject (Re3.and see section 3.3 below).

0 Ge n et meansdersdomabdata relating to the inherited or acquired genetic
characteristics of a natural person which give unique information about the physiology or the
health of that natural person and which result, in particular, from an analysis of a biological
sample from the natural person in question (GDPR Article 4, paragraph 13)

Sharingof health data seeks to optimizeuse of available data resources. This reuse reduces
the overall costs of conducting research by avoiding duplicated efforts and imptbging
efficiency and reproducibility of research programs. With the Innovative Medicines Initiative
of the EU commission alonealued in the billions of Eutoreuse of data is a compelling
investment for taxpayers.

3.2Data Life Cycle

The concept of a oData Life Cycled (discusse
comprehensive flow of data from creation to destruction including all data manipulations,
copies, derivations and system transfers. The Data Lifecyle appa#sriformation domains,

including biomedical datasets.
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Destroy

Source:https://www.nexor.com/whit@apers/enablingecureinformationexchangen-cloud-environments/

The ideahat data may endure, and retain vahsyond the project or study period in which

these data were generated, and indeed may outlive the system from which (or, in the case of
medical data, the individual from whom) the data were collecsecentral to justifying the
investment of establishing pr oj ect o6éData Life Cycl eb. Wi
unified concept as to what constitutes the fperc t 6Dat a Life
https://www.bloomberg.com/professional/blogiasesof-a-datalife-cycle), there arg as
presented abovet least six distinct steps, or phases, that are essential for successful data
management. These steps are carried oul blyat a s whovaee mredporisible for the
management of data collections in a manner that is @mning, ethically sound, anddally
compliant. Manipulation of data throughout the data lifecycle constitutes an act of data
processing. Data processing must be performed in such a manner as to sustain the integrity of
data as it progresses through various mestiate states and isritten to various storage
repositories. Data processing is as defined by the GDPR as follows.

6Processingd means any operation or set of o
on sets of personal data, whether or not by automated means, sgoliegction, recording,
organisation, structuring, storage, adaptation or alteration, retrieval, consultation, use,
disclosure by transmission, dissemination or otherwise making available, alignment or
combination, restriction, erasure or destruction (GRFArticle 4, paragraph 2)

The person(s) or agency(ies) that perform(s) acts of data processing is/are also explicitly
defined.
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OProcessord® means a natur al or | egal per son
processes personal data bahalf of the controller (GDPR Article 4, paragraph 7)

Person(s) or agency(ies) responsible for specific datasets are defined.

6Controll erd means the natwural or | egal pers
alone or jointly withothers, determines the purposes and means of the processing of personal
data (GDPR Article 4, paragraph 7)

Under the GDPR, processing of data is defined in exceedinglg b¥oas such that any agent
interacting with personal datan anyway (.e. at anystep of the data lifecycleare data
processors and must be aware arid comply with, GDPRertinentresponsibilities. Both
processors and controllers share responsibility for proper processing of data relative to the law.
Moreover, the GPR assigns indidual rights that were not material tprior EU data
protectionstatutesAs suchjegacy data processes that-dede May2018should be carefully
reviewed with respect to the additional protections afforded bR, These individual

data protectins(defined in Articles 123)include.

The right to be informed: Data must be obtained and processed fairly and lawfully. To this
end, study participants (also called data subjects) must be fully informed regarding the purposes
of a study, how their samples and/or data will be used, the identity of the data costoller(
and how study participants can exercise their rights under the law.

The right of opposition: Study participants have the right to refuse the processing of their
data. They also have the right to withdraw their consent for the processing of theiraperso
data while their data are identifiable.

The right of accessStudy participants have the right to know what elements of their personal
data are, or have been, processed and to access these data while their data remain identifiable.

The right of correction: Study participants have the right to have their personal data corrected
if inaccurate or obsolete. Study participants can demand that their data be deleted while their
data remain identifiable.

Data confidentiality: The data controller/processor stiguarantee the confidentiality of the
data and are responsible for implementing appropriate security measures.

Data integrity: The data controller/processor must maintain the integrity of the data (i. e. avoid
corruption, accidental loss or destrucjion
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Proportionality: Personal data cannot be processed for a period longer than necessary for the
purposes of the study (i.e. study retenpeniod. Personal data should be removed, destroyed,
or made anonymous after that period.

Data transfer: Personatlata that have been collected or processed in the European Economic
Area (EEA) cannot be transferred to an organization that is based intaycmutside the EEA
unless:

1. theorganization provides equivalent levelspobtection for personal data or

2. the country where the organization is located is recognized by the European Commission
as providhg adequate data protection or

3. unless such transfer is expressly permitted tgta transfer agreement or the informed
consent under which the data were collected.

Education: The data processors must be aware of the requirements of the Regulation and must
comply with the Regulation and with the principles and requirements of threak during
the processing of personal data.

The anonymization of personal dataThe application of anonymization methods is an act of
processing of personal data and, as such, it must follow requirements of the applicable data
protection law and, wherequired, be authorized. Properly anonymized data is not considered
personal data under the Regulation.

Data re-identification: Attempts to bypass protection measures to identify a study participant
are a violation of the Regulation.

Data confidentialig and integrity principles apply to both personal and anonymized data.
Moreover, integrity principles apply to personal data regardless of whether it is maintained
privately or disclosed publicly.

All the above principles must be followed regardless efghrposes for which the personal

data is processed. This is true regardless of whether data are used for the purposes for which
these data were originally collected or for purposes secondary to the original. ifitest
ramifications for norcompliance mg be severe with corporations that generate sizable
revenues at risk for up to 4% of their yearly gross revenue should a court of law rule that such
defendants have violated the GDPR and elect to assign penalties. Given the substantial
financial risk corporationshave attempted to assess their existifigrmationsystems relative

to theGDPR and remediate noncompliarasedeemed necessary. Unfortunately, remediation
efforts conducted to date (Feb 2019) which indicate tat processing systersbBould be
reconfigured or replaced may not be justifgiden that GDPR case law has yet to emerge.
However, identifyingsystems farisk with respect to the GDPR and reassessingnrdton
protection and risk management controls applied to these syateniisely valuable activities.
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By reassessing information protection controls, including software development lifecycle
artifacts such as design documents, organizations can deater#at deliberate actions were
taken to address key GDPR tenetssagfipr i vacy abdfipdé siagy o by def au

The GDPR states that information systems managing personal data must incorporate data
privacy elements while designing the system. As security model for most systems is
delineated early in the design phase, this tenet will most likely be met, at least from the
perspective of intent, even if a security measure may fail under certain operational scenarios.
Privacy by default is intendeid ensure that security meassiare active when aystemis
operating in its baselineonfiguration Both tenets can be demonstrated, at least partially,
through software lifecycle requirements, design and qualification documentation and may be
materialto defense with respect to GDPR litigation.

How EU courts will apply the GDPR, including the level of consistency of rulings across
membesistates, is, of course, of great interest and will be closely monitored as case law emerges.
To what extent courts Wihold data processors and controllers responsible in cases of data
exposure, or loss, predicated by the acts of malicious third parties is highly anticipated. Data
theft and other related criminal activities can be difficult, if not impossible, to presgiven

the difficulty in identifying perpetrators. Even if perpetrators are confidently identified,
jurisdictional impediments may prevent bringing cyber criminals to judicial pdotge
However,data controllers and data processams culpable for ata loss caused by criminal
activity even if these controllers and processor were not party to the crime.

It is important to note that the GDPRust often be interpreted in the interdependent legal
frameworkgenerated bypther EUand Member Statstatues. An often discussed, and highly
pertinent, example is theonflictb et we en an i ondéer the GDRPRo lhavestheir i g h t
datadeletedsee Recitals 65 and 66, and Article 17 GDRB)sus nosGDPRregulations that
mandate lag term retention of datand processing of that data for a variety of purposes. This
applies for example, to dag@nerated during clinic#dials, especiallyor market authorization

of a medication. More generally, erasure may be denied if the datspigs requiredofor
compliance with a legal obligation which requires processing by Union or Member State law
to which the controller is subject or for the performance of a task carried out in the public
interest or in the exercise of officialdzi K2 NA & @S a (i SAthohgyithelGOBR / 2 y (i N
sets out a number of clearly defined examples where the right to erasure applies and, equally,
the situations where the data controller can deny such a request: for details, see:
https://gdpr.eu/righto-be-forgotten/ Clarification of these provisiongnay prompt the
legislation of legal exceptions or, if challenged, will require litigation.

3.3 Specific recommendations for maintainingregulatory compliance

Biomedical researchers can either generate/collect and/or process personal data. There are
several practical considerations to be addressed with respect to performing these activities in a
compliant ethicallyresponsible manner. Theata will, of course, need to be generated by a
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legally and ethically conducted clinical trial that has been reviewed and approved by pertinent
government authorities and internal review boards. Investigators must ensure that all sites are
operating in comipance with national policies regarding data collection and transfer across
national borders, these laws vary across nations within the EU (GDPR ch2 article 4 clause j).

Investigators must assess their data collection, stoaageprocessing systems wrggard to

the requirements of tt@DPRand ensuréhattheir dataprocessing activities complyith the
applicableinformed consent. Investigators must select an appropriate anonymization method
if anonymization will be conducted.

The GDPR does naxplicitly define the term anonymization although recital 26 deals with
the question of whether a subject is identifiable.

0To determine whether a natur al person i s
means reasonably likely to be usedch as singling out, either by the controller or by another
person to identify the natural person directly or indirectly. To ascertain whether means are
reasonably likely to be used to identify the natural person, account should be taken of all
objectivefactors, such as the costs of and the amount of time required for identification, taking
into consideration the available technology at the time of the processing and technological
devel opment so.

The data controllanay consider the data to bef@eto amnymised if deanonymisation cannot

be ruled out completely but is only possible with an unreasonable effort in terms of time, cost
and manpoweiDe facto anonymization may be achieved through employing several methods
that decrease the likelihood ofidentification. Anonymized data is not considered personal
data within scope of the GDPR. Unfortunataiyice anonymization is not an absolute process
and depends on the information content of the dataset in quettese, remain risks of
potential GDPR noftompliance.

At the time of this writing, the European Medicines Agency and the Heads of Medicine
Agenciesled joint Big Data TaskForce will likely address anonymization with respect to
use/reuse of biomedical data, hopefully leading to unambiguous guidance regarding
methodologies that, if followed correctly, will yield anonymized datasets that are out of scope
of the GDPR.

Investigatorsnustappoint data controllers, establish systems for data processing and carry out
risk assessments to determine the appropriate security measures for processing and retaining
data. In the bestase scenario, institutions to which investigators belongowalide specific
guidance and policies with respect to GDPR conformance. In addition to the rights of study
participants noted prior, the GDPR mandatef@@r notification in cases of data breach, data
portability (i.e. the right of the individual to eess and share their data which, in the case of
clinical trials, may conflict with statues governing trial conduct) and the right of individuals to
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demand thaData Protection Officers (DPO) be involved with data processing activities.
Services such as laeh notification, data portability and the availability of DPOs may be most
efficiently provided as institutional services.

Individual investigators would have the responsibility of creating data flows that minimize the
processing of personal data, pseyimizing data as early as possible (e.g. at the location of
data generation/collection as is typically done for clinical trials), documenting the data flow
plan, performing risk assessment and creating, and improving as necessargldeimentation

of securiy measuregGDPR Recital 78). Completing aData Protection Impact Assessment
(GDPR Atrticle 35, Recital 90that formally documents the risks and mitigation strategies is
recommended, at least, for large projects with complicated data flows.

DPO appintment will be mandatory should regular and systematic monitoring of a large study
participant population be requirdGDPR Article 37) Select data categories, such as data
relating to criminal convictions, will require the involvement of a DPO. A DRéx t
participates in a personal data project must be qualified to serve in the role based on established
credentials, such as professional certifications, with respect to their expertise in implementing
best practices associated with enabling dataflowsctivefborm to legal constraints. The DPO,
regardless of whethehe role is fulfilled byan institutional employe®r contractor, must be
provided wih pertinent resources to successfully meet the expectations of theanctobre
required to maintain theexpertise, for example, by remaigiprofessionally certified. An
individual serving a project in the role BPOshouldreport tothe senior level manager of the
project

In circumstances in which the data of EU citizens will be processtgide of the EU, an
individual must be appointed to oversee and approve such data transfer prdB&#RBs (
Recital 80). Moreover, specific controls must be enacted should data be sent to organizations
within a nation that has been identified by the EUhaging not legislated adjuate data
protection statues.

3.4 Data deidentification

Data deidentification is the process of rendering personal data anonymous by removing
identifying data elemeastor replacing these identifying data elemenith unique gbha
numeric codes such that knowledge of these codes tawpose the value of the
corresponding original identifiable data elemérttese deidentification codes allow datasets
that were originally croseeferenced by personal identifiers to remain cre$ésrenced, and

thus analysigeady, followingdeidentification

As notedpreviously pseudonymized data retains an intermediate reference, or key value, that
allows personal identifiers in the original dataset to be discovered indirectly from the
correspnding deidentification codes of pseudonymized datasets. If this intermediate key
value, also an alphaumeric code, is destroyed the pseudonymized datasets become
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anonymized. The intermediate key value and deidentification codes are typically generated
usng a well understabhashing algorithm, such as MD5. These hashing algorighswgre that
manufactured codes anaique and, to a pragmatic impossibiljpyevent the original identifier

from beingcomputationally reconstructdcbm the intermediate keylo limit the chances of
improper reidentification of pseudonymized datasets, the GDRRidle 4, paragraph 5)
mandates that intermediate keys be maintained separately from the identified teibdetse

keys reference. Furthermore, the chance for reidentification must be further limited by
establishing organizational measures to properly manaigieméfication of pseudonymized
datasets when warranted. Certain anonymization applications RWISE Blur,
http://www.dwise.copcan, if desired, generateisk of reidentificatiorprobability and ensure

that datasets are anonymized to attain adetned risk of reidentification threshold.

Data access rhitations applied in concert witbata deidentification constitute reasonable
control measures for clinical data. Data that is distributéaetpublic domain must, of course,
be anonymized.

The following are examples of direct identifiers that mustdidentified to realize an
anonymized dataset.

Names of persons or relatives
Addresses (post, email, url, etc.)
Telephone Number

Social Security

Driverds License
Vehicle License plate

Professional Certificates/Licenses
Any Account (e.g. bank account)
Any Record (e.g. medical records)
Photos, Facial and/or Body
Biometric Identifiers (e.g. finger or voice prints)

The following are examples of indirect identifiers that must be removed or transformed to
realize an anonymized dataset.

Absolute dates animes(e.g. dates of birth, disease onset, treatment start) can be replaced by
relative values such as age, days post baseline visit, etc. If absolute times are required these
should be approximated, to the closest hour or-peréod (e.g. between 8:00 éu8:30) if
possible.

Birth dateconversions to age, typically in years, can be specialized for pediatric studies (age

in months) and geriatric studies (> certain age if the age itself is rare, e.g. >90). Continuous
values can be replaced by ranges, e.eA,®130, etc., if possible.
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Addressesan be converted to geographic regions having populsidesof at least 10 million.
Names of study sitatiould be coded.

Genetic datas a special case. The investigators must determine whether genetic datasets are
complete enough to bdentifiable. For example, low density genotype profiles (e.g. Tagman
Low Density Arrays) having a limited numbef genes may not uniquely identifhe
individual associated with the profile. However, microarray genotyping, whole exome
sequencing and whel genome sequencing represent progressively greater risks for
reidentification with each of these techniques carrying substantial risk for reidentification
should copies of these datasets, or separately generated genetic assessments, be discovered with
comresponding personal data. Investigators should reduce the content of these datasets if
possible but must otherwise protect against dataset exposure. The poteotaptwationdy
obfuscate genetic datasets for use in standard genetic analyses isdinitedime of this

writing.

Clearly, some directly or indirectly identifiable data elements may need to be retained to
perform analysis (e.g. ethnicity, gender). Investigators will need to deidentify values as best as
possible and further rely on limmiy exposure.

3.5Data useconsent andethical considerations

Several constructs have emerged regarding the sharing and reuse of human data. The popular
FAIR (Findable Accessible, Interoperable and Reusable) data principles, discussed more fully
in Chapter4, promote long term valuation of medical data through management ideals. The
TRUSTprinciples provide a corresponding ethical framework with respect to data distribution.

Transparency. Data subjects ar e wshndndodataed of
breaches when required

Reciprocity and reward. The contribution of stakeholders (data subjects, data providers, and
data users) is acknowledged or rewarded in a study

Universality. The use ofata is open to any registered data users ifubatis authorized by a

national law and/or a data subject

Security. Data are processed in a controlled environment. Data users and their requested
processes are recorded for auditing purposes

Tiered data use. The authorization of data use depends oatthyge, the analysis purpose,

the data userodés profil e, the analytical al g
subjectds wildl

The GDPR mandates actignpportingthe Transparencyprinciple, specifically with respect
to disclosure in the ent of a data breach. The GDPR also adésthe Securityprinciple by
mandating security strategies be included during design and security implementations be
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operational by defaulReciprocityand Universalityare reasonable ideals to promote within
thescientific @mmunity but do not addrepatientprivacy concerns. ThEiereddata principle

would stratify the protections of data based onapplied datssummarizatiormethods For
example,ndividual genotypeslearly carry higher risks with respect to patient identification

if disclosed than do genome wide summary statistics, which no longer have an individual
affiliation. The former must be managed in compliance with the GDPR, the latter are typically
releasd to the public domain. Although proponents of the TRUST paradigm may envision
specific auditing processes with respect to reuse of personal data, the historical control for
ensuring data is used in an appropriate manner is via informed cohdéiionaly, data use
contracts between data controllers and data processors typically forbid redistribution by data
processors.

The precise text of informed consent clauses is exceptionally difficult to draft. Base templates
of these clauses often need to be rmedinot only on a per study basis, but often on a per site
basis within a single study to accommodate local legal restrictions and preferences of internal
review boards. These clauses must declare explicitly the types of research for which reuse of
patiert data is proposed in a form that can be easily understood by study participants such that
an informed decision can be made. Although consents arefoftenlatedto permitpotential
secondary data usihe breadth of the tertust bemodified to limit dataeuse to, for example,
specific biologicakpecimen types and diseageecific researcfGDPR Recitals 32, 33)

Given the diversity of consent claussagoss and potentially within studiesit is imperative
that consents be revied in detail prior to taking actions of the following types.

1. Transferofast udy participant 6s pwth especatd EUd at a
citizens, f the third party is based in a country that is outside the EEAnand
recognized by European Commission as providing adequate data protection,
controller or processor may transfer personal data only if the controller or processor has
provided appropriate safeguards, and on condition that enforceable data subject rights
ard effective legal remedies for data subjects are available (GDPR Article 46, Recitals
108 and 109).

2. Collection and use of special categories of data. In addition to medical and health
related data strata such as genetic and biometric data, demographicctlatang
ethnicity/race, political opinions, religious/philosophical beliefs, trade union
membership and sexual orientation should be carefully considered before collecting or
disclosing to a third party.

If a consent restricts data use with respect to a cepiaipose,there may be allowable
exceptions based on local pertinent law. However, it is imperative that data controllers fully
understand the applicability of such exemptions before using or slitiadgor purposes not
authorized by the consent. In the absence of exemptions, reuse of data for purposes restricted
by consent will require a new or supplementary consent form to be authorized by the study
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participant. There are tools for expediting nemsupplementary consent forms provided by
certain scientific organizations or largeale projects such as tRablic Population Project in
Genomicsand thenternational Policy Interoperability and Data Access Clearinghqi®2G,
IPAC).

Of course, dataontrollers and processor must clearly understand how their intended research
plans align with pertinent data protection statutes. Establishing that the data of interest are

indeed personal in nature is the crucial first step. Anonymization of the studytpi ci pant

personal data for which the participant has consefiotrerteuseremoves the classification of
personal data with respect to the GDPR. However, consent with respect to anonymized datasets
may still be pertinent given alternative national oramigational criteria under which the
researcher matoperate.

If the data are determined to be personal in nature, there may be multiple legal and
organizational entities that govern the use of data for distinct purposes. Therefore, it is
important for data controllers to itemize their research intentions to detemhiich statues

apply to each aspect of their intended use of individual data. For collaborative situations
involving sharing of data across multiple data controllers, it is important to formally delineate
the controller and processor roles for each coliative dataset. The data controllers are
responsible for determining and governing allowable use by data processors. Data processors
are responsible for the technical implementation of the data flow provided such
implementations conform to the governamset forth by legal statutes as well as any
supplemental instructions mandated by the data controller. European data processors are bound
to operate in compliance with the data protection statutes of their country of residence
regardless of the country oésidence of the associated datetroller. Figure 3.1 shows a
decision tree that can be used to ensure ethical and legal compliance when granting access for
data reuse

Data controllers and processors can of course, at their discretion, mandate amd gover
processing rules that are more restrictive tihaserequired by applicable law.

With respect to the European Economic Area (EEA), if the data controller is Euytipeian
corresponding data processors must comply with the data protections lawscobititey in

which the data controller is based. If a data controller is not European but uses data processors
within the EEA the data processing must operationally comply with the data protection laws
of the country in which the data processor is baseh&an study participants must consent
specifically to their data being transferred outside of the EEA should the data controller and
processor entities not be based within the EEA and the country in which the controller resides
is not recognized by the Eapean Commission as providing adequate data protection.
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Figure3.1: Decision tree to ensure legal and ethical compliance when granting data access in biomedical

research projects.

3.6 Summary

Data protection is a critical topic with respect to maximizing the value of data collected in the

clinic. Patients participate in clinical trials based, at

least in part, on the understanding that their

data may benefit others, and these benefits are lhketg to occur if the data are widely

available.

Indeed, thdnternational Committee of Medical Journal

Editornsiders

responsible sharing of clinical trials data to be a moral obligation. Medical technologies are
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greatly facilitating the collection af wide breadth of complex medical data. Computing and
communications technologies are enabling the rapid and broad distribution of these data for
use in novel translational research proposals. The potential to substantially better the lives of
current andfuture patients is extraordinary,olwever, disclosure of sensitive personal
information may have traumatic effects on individuals. Investigators, and the scientific
associations to which investigators belong, must balance the medical potential of siata reu
with the respect for an individual 6s right
personal data may ljee)-used.

Legal frameworks such as the General Data Protection Regulation provide broad operational
and governance constraints to guide daase policies. However, such policies do not
explicitly inform the development of projelgvel dataflow implementations. Case law in
which these statues are, and will continue to be, tested will slowly emerge and help codify
conforming implementationdNonetheless research organizations have no choice but to
assume compliance risks to progress their scientific endeavors. Adherence to an ethical system
based ondemonstrating respect for individuals through responsible data sharing is
foundational. Suchdherence will promote confidence and resolve for researchers operating
within unfamiliar, uncertain and sometimes contradictory legal contexts. The moral tenets of
theGlobal Alliance for Genomics artdealti? are representative of the pillars of suclethical
framework.

Respect individuals, families and communities
Advance research and scientific knowledge
Promote health, wellbeing and the fair distribution of benefits

Foster trust, integrity and reciprocity
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Chapter 4. Data Managemen

Ibrahim Emam

4.1.Translational researchdata management

Translational research (TR) is often described as a data intensive discipline. The granularity,
scale and diversity of data collected and obsetng a TR study proves intrinsically
challenging to process, analyzand interpret. Phenotypic data, such as demographics,
diagnosis, lab tests, clinical events and medications are collected during clinical studies and
hospital encounters. Moreover, the generation of high dimensional molecular profiles including
genomicstranscriptomics, proteomics, and metabolomics datasets from physical biospecimen
are becoming routine.

Integration and analysis of such diverse higlumedata presents anformaticschallenge
which has led to the emergence of translational bioinfoosiats adiscipline'?. However,
integration and analysis are elements of a broader TR data lifé, @ytlelaborate process to
collect, curate, storeniegrate, find, retrieve, analyzand share data (Figure 4.1). Together,
these stages form a linedata ppeline which often depends upoommunication and feedback
between multiple colleagues serving in various roles, including data curators, data managers,
clinicians and bioinformatians. Conductingesearch data assets throughout this data pgeli
presentsadata managemeihallengewith respect to improving the efficiency of the resbar
process, data reuse and lelegn preservation of data. Thus, effective research data
management is critical for enabling TR data analysis and, as sahessential cornerstone

of successful TRstudies.
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DATA COLLECTION ENVIRONMENT DATA ANALYSIS ENVIRONMENT

WHAT DATA TO COLLECT 4amsssssssssms SYNTHESIS S PUBLISH
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Figure 4.1: Research data life cycle

Over the past few years, translational research platforms have been developed to tackle the
chalenges of integrating and anailyg combined sets of clinical and omics data. Recent
reviews of norcommercialsolution$® demonstratéheir relative success in providing;

1. storage and integration of clinical anmblecular data
2. analysis context for researchersroeestigate, visu&e and explore their data
3. data enrichment through integration witkternal information resources.

These platforms provide solutions for TR studies by enabling integrative data analysis,
generation and validation of physiological hypeges, data exploraticand cohortliscovery.
However these platforms focus on supporting the analytical stage of a project erthating
intendedscientific goals are met during study conduct. Other platforms such as ‘din@lap
ImmPort offer anarchivesolution to preserve data following the termination of the project for
which these data were generated. However, such solakionst play a role while the study is
ongoing.

Figure 4.1 illustrates a typical research data life cycle, highlightidgtail the different stages
of the pipeline between data collection and data analysis. A data custodian is responsible for
the technical control and infrastructure that supports such a pipeline. Many translational
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research platforms, while addressing tieeds of data storage, integratiod analysis, lack

data custodianshipvhich is critical Establishing a data governance policy, and allogai

data custodian to implemetthiis policy, is essential to promote data as a primary asset of a TR
study aml to maximze the value of this asset. Diligent data governance not only enhances the
efficiency of the research process but also facilitates sharing arsk ref the resulting data
asset thereby increasing the return on stwent of the studyThoughtfu governance
processes also promote conformance to the F#SitR principley discussedhter, that seek to
create a culture of data reuse within the scientific commuHitgse principle are established

by decisions and actions taken at each phasesafata pipeline.

One of the key functions of a data custodian is to impteraed enforce&lata and metadata
standardstouched on in chapter two and to be elaborated further in this chisletdata

describes data valudsor example, ametadatalabkl iHeart Rateod descri be
that is a numeric data typleat measure80 units of beats per minute for the average human
being.The data standard for heart rate may be defined to be a whole number, defined in a data
system withrt hRatteadbelt Middteai s equal t-89%r gr e
representing a missing valué/arious stges of the data life cycle in TResearch, such as
discoverng, reusing, sharing, and analyzing data oelyhe use of metadata and data standards

to beefficient'®. TR data standards refer to the selection of coding terminologies or ontologies

such as SNOMEECT, LOINC, MedDRA and ICD, against which data is annotated. Standards,
however, also pertain wonsistent metadata labels, formats and data types as well as common
data elements (CDE). Data provenance, recording a chain of custody for data values as these
progress through the processing pipeline, is established by capturing events, such as data
trarsfer between systems, by referencing the data value, its corresponding metadata and the
event that processed the data value. Several recent reviews suggest that the failure to implement
data standards is major challenge of translational bioinformatics aritén due to a lack of
understanding regarding how to select and use applicable data stdndafdsn the domain

of clinical research, th€linical Data Interchange Standards ConsortiufCDISC)** offers

several standards that describe data at rdifite stages of the clinical research pipeline.
Similarly, i n the domai n Ineestigatioa, |Seidy ahdadssaya s s ay
(ISA) model*® offers community driven standards for describing assays across different
technologies. The eTRIKS standarstarter pack provides guidance on the adoption and use

of data standards relevant to TR including t
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4.2 Data asset management

An asset is an economic resource that can be controlled or manadbdtdralds or produces

value Data is widely recognized as the main driver of research, the main currency that feeds
the analytical processes and frameworks to derive knowledge from data. However, managing
research data as assets is an uncommon underiakhrggscientific community. Viewing data

asan asset assigns value to dateen it is consumed or applied. The corresponding return on
invedment, a.k.a. data exploitationncreases as the cost of data planning, acquisition,
maintenance, and enablemenininimized.

A data asset management framework ensures that definition, documentation, collection,
storageand processing of data results in consistergdictable, and appropriate data quality

to drive scientific analysisThe FAIR data principlesraintended to promote data distribution

and use by advocating that research data should be Findable, Accessitipgetatde and
Reusable (FAIR)However, realizing the FAIR principles in practice for rea@lrld datasets
requires data lifecycle managent and thoughtful transformation of data into readily useable
formats.

Thissectionprovides an overview of some of the key foundational ideas and principles needed

to establish a data asset management framework. The enterprise data management approach
for expediting scientific data analysis, including data classification, transformation and
management will first be detailed. The second pftie chapter will present@mmprehensive

general data model that defines metadaténmet to translationalesearcrand describes the
relationships between these metadata. This data model can be used to support a wide breadth
of exploratory biomarker projects.

4.2.1Data categories

Managing data is made more complicated by the fact that thedéfarent types of data that

have different life cycle management requirements. Data categories are groupings of data with
common chacteristics or features amde useful for managing the data because certain data
may be treated differently based on theassification In an enterprise data management
system, data can be classified by function (e.g. transactional data, reference data, master data,
metadata)by content (e.g. data domains, subject ardgsjormator by how and where the

datais storedand accessed.

The four most commonly described data categoriedeseribed subsequently.

0 Transactional datadescribes business evenifiese are the common transactions that
take place as an organization conducts its business. Transhdidda alwaydas a
time stamp, often is, or ihades, numerical data elemeatsd can refer to one or more
objects (i.e. combinations of data elements that describe a real word concept). Examples
include sales order, purcd®order, or a ticket purchase.
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0 Master data describes tangible business concepts upon which business activities are
carried out. Master datacludes the details (attributes and identifietsjining core
businessconcepts that areritical to the operation of an organization, such as its
customersproducts, employees, materials, suppliers, services, shareholders, facilities,
equipmentand rules and regulations. Each information dor(eig. an organization

will use amaser data collection suited to its processes

O«

Reference dataare standrd, agreedipon codes that facilitate the useminsactional

data within an organization andas necessary, acrossllaborating organizations.
Reference data management is intended to standardize the codes used across the
enterprise to prometdata interoperability. Reference data define the set of permissible
(domain) values that can be used in madtga fields (e.g. 'M', 'F' could be the valid
values for a data field describing gender). Domain values that are defined and enforced
to ensuredata consistency and clarity with respect to riieaning of data values to
minimize misinterpretation by data consumers.

0 Metadata is data that describes obkls transactional and master data. Metadata are
used to store, retrieve amderpretdata values and are the primary means of organizing
information systemsThoughtful definition and use of metadata promotes data quality
and is integral to the creation and management of databases as well as applications that
read/write/modify dta to/from/within such databases.

This data categorization applies to data associated with scientific rese@rahslational
researclgeneratesnedicallyrelated observatiorsssociated with study participarsisch as a

disease status, a treatment regyinor a hereditary traithese transactions are represented with
data values (e. g. A600) associated with cor
observation wil/ |l i kely be associ atande with
expectedo conform to established standards (e.g. must be a whole number greater than zero)
or entered as9999, matching a reference data value, should the observation be expected but
missing from the data set. All negative numbers other #9899 would be in alation of the

rules pertaining to storing the heart rate observation as data and should, for example, generate
an error if such a nonconforming value attempt to be entered into the clinical information
system.

Figure4.2 shows an example of data from a clinical study illustrating the breakdown of the
data into the categories discussed above. A study recorded an observation about a patient who
had a severe headache as an adverse event on day 6 of the study. The sacdire épiadde

is an example of aobservationadata point. The observation is given context by the master
data associated with the study and subject such as the subject identifier, age, sex, the study
cohort to which they belongnd the study in which tygarticipated. The study mastecoed

contains more informatiosuch as the details of the study visit during which this observation
was recorded. The string values used to describe theafaanadverse event, e.g. 'Headache',
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and the severity of thevent, e.g. 'SEVERE', are verified using reference data values that are
pre-configured for this study to maintain consistency across observations. These terms are
coded and come from standard vocabularies such as the MedDRA dictionary for adverse events
andthe ADISC SDTM terminology. Finallythe description of the fields that describe the
elements of the observation are defined by metadata. Each field has a description. The set of
constraints and the rules that specify the reference data to be usedfbelda@ot shown in

the figure) are also defined as part of each field's metadata.

MasTeR DATA (SuBJECT) MasTeR DATA (FEATURE)
SuBlECT ID : 101 Sex: M FEATURE ID : FE191
AGE : 57 NAME: HEADACHE
COHORT: GROUPA  STUDY CRC305a DOMAIN: ADVERSE EVENTS

OBSERVATIONAL DATA
REFERENCE DATA

" SUBIECT-OF-OBSERVATION: 101 «
I OBJECT-OF-OBSERVATION: ~ HEADACHE < 10019211 HEADACHE
SN OBSERVED PROPERTY: SEVERITY == 10025482 MALAISE
OBSERVED VALUE: MiLp
\ TIME-OF-OBSERVATION: DaY 7 B REFERENCE DATA
METADATA
"""""""" C41340 SEVERE
R ON O AT Subject of the observation, whose type may carry the observed Eer e
property
OBIECT-OF-OBSERVATION: The feature being observed, the phenomenon of interest Ca1338 MILD
OBSERVED PROPERTY: Property whose value is the result of the observation
MasTER DatA (STUDY)
OBSERVED VALUE: Result of the observation
Stupy Ip: CRC305A

T e Time at which the property that is the result of the observation is VisiT: DAY 7

associated with the feature of interest

Figure 4.2 Data categories in biomedical data

4.2.2Data dynamics

Data life cycle

That data has a life cycleas long been recognizedthe field of datananagementThe data
life cycle has three general phases:

1. the origination phase durirnghich data are first collected.

2. the active phase during which data are acdatimg and changing.

3. the inactive phase during which data are no longer expexi@ttumulate or change,
but data arbéeing applied or used.

English!’ refined these stages and formatha fivephase data life cycle.
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0 Planning phase Planning includes identifying data to be collected, defining data
elements andeveloping data models.

0 Acquire phase Processes that acquire information are comprised of the business

processes and computer applications that

Maintain phase: Processes that maintain information are comprised of the business

processesando mput er applications that HAupdateo

Apply phase the actual use of the data in ways that add value.

Dispose phaseWhen data is no longer needed it is disposed of or deleted

O«

O¢ O«

McGilvray®l at er extended the model by adding a 0
POSMADIlife cycle model, an acronym for Plan, Obtain, Store & Share, tsiainApply and

Dispose. Data management decisions such as the askngf near line ooffline datastorage
servicesxan be informed by the lifecycle process.

4.2 .3Data flow

Throughout its life cycle, data may be cleansed, transformed, merged, enhanced or integrated.
As data are used or enhanced, new data are often created, so the life cycle has internal iterations.
The life cycle model describes phases with logical depenelgnoot actual data flows. There

can be multiple ways that any piece of data or set of information is obtained, maintained,
applied, and disposed. In actuality the data can also be stored in more than one place as data
moves through different processesetiter during data collection or during data processing.

Data flows may go round and round through these phases, e.g. from data maintenance back to
data creation and then returning to data maintenance and so on in more cyetsfléwis

the movement aflata. Data flows are documented by data flow diagrams which provide a way

to document the movement of data between data sources and data sinks (the places where data
are stored) and the operations conducted on them.

Figure 4.1 shows an example of a diwav in translational research context. In a typical
translational research project, datasets are generated from different sources and stored in
projectspecific operational databases, which are specially tailored for data collection and
management oflayto-day operations. Data from these databases are usually exported,
cleansed, validatechnd merged using various ExtraatansformlLoad (ETL) processes to
produce a reliable neredundant collection of curated datasets, parts of which become subject
for queries through data marts or data warehouses designed for analytical purposes and specific
groups of users.

4.2.4 Data lineage

Data not only has a life cycle, it also has lineage (i.e. a pathway along which it moves from its
point of origin to its point busage, sometimes called ttigta chair). Understanding the data
lineage requires documenting the origin of data, as well as their movement between sources
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and sinks, and transformation through data processing phasedfettively manage data
through these phases, we will need to identifydlstates that data sits at between and during
these phases. This will help us identify the different states of data assets that will be subject to
data management (Figure 4.3).

Analyze & Compute /

ve & Collect
D ve & Lotlect

F

DATA FILE

SECONDARY DATASET

Evnlore & Retri
Explore & Retriey

INTEGRATED
OBSERVATIONAL DATA PRIMARY DATASET

Figure 4.3.Data asset lineagghowing the differenstatesof datathrougtoutthe different phases ttie datalife
cycle

4.3 Identifying life cycle statesof researchdata

A data modelaschematiof data elements and their relationshipgreated to represedata

within an information systenThe model is comprised of a setroétadatdhat describes the
transactional data which will be captured by the data flow. Related metadatgaaieed into

master data concepts to better represent the business process. Related master data concepts are
in turn referenced to further represent the business process. For example, a clinical study is a
master data concept comprised of a study identifier, title and other descriptive data. A study
participant is also a master data concept comprised of a bjegsidentifier, gender, ethnicity

and other descriptive transactional data. However, study and study participant areimelated
that astudy will have zero, one orare study participants.HErefore,the master concept of a

study includegshe master corapt of a study participant and this relationship is expressed in
the data model.

The details associated with modeling data within an information system will next be described.
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4.3.1 Data elements

The international standard ISO 11179 defines data as-itaem@retable representation of
information in a formalized manner suitable for communication, interpretation or processing".
The transactionalataelementsn a hypothetical reseeh workflow shaild be identifiedduring

the planniig and design stage . eRearch projects in scientific studies start with the formation
of research questions about various phenomena under sSthége phenomena have
observable information that can be representedldip values. For each phenomenon of
interest a researcher must determine wimbrmationis needed and how thatformation

might be obtainedlhe requisite information obtained (usually measured) from the phenomena
will be represented as data valu€ke inernational standard ISO/IEC 11179rfwlizes the
association betweerealworld phenomena of interest, the observation method, and the
resulting data value into the concept of a 'data element’. Functionally, a data element provides
the meaning behind a mmaement by associating its data value (e.g. a spacifitber (27)

with ametalatadescriptorsuch a8Body Mass Index (BMI). As an example, the number 27 is

a reasonable value for eithBMI or age such that the meaning of the data valmnot be
inferred from the value itselfHowever, when the value is measured (27) it is assigned
explicitly to the appropriate metadata (BMI) ensuring that the value will have the correct
meaning when entered into the data flow.

As adatabuilding block, the Data Element will play a role in all states of data whether at the
planning and design phase, the collection phase or later during the integration and
harmonization phase. In the contextedearcldatalife cycle management, thele of a Data
Element is to manage the ‘'meaning' of a data item. This is not the same role provided by
concept definitions that are often assembled in data dictionaries or ontologies. The
informational value that is embedded by the elements constituting@iH=IS 11179 defined

Data Element model provide much power and control over the semantics of a single data item
rather than providing a simple definition. This is due to the separation of operational meaning
from the conceptual meaning which we discuss imentletails irsection 4.4.1

4 .3.2Created data

During the “collection and acquisition’ stage of a data life cycle, decisions about what data to
collect culminate in data collection activities. It is during these activities that observable data
is createdy obtainingvaluesfor the set of planned and desigriada elementaboutthe
phenomenaf interestsubject to research.

In a research study, there are many different wiagtsdata values are obtained depending on
the source, modality and method of acquiring data. For example, in a clinical trial a screening
event collects data via a Case Report Form (CRF), in primary care data during a patient visit
is recorded in electroc Health Records (eHR), medical reports or in medical images, while

in molecular profiling assays, data from patient samples are obtained using instruments and
software tools that outputs data in the form of standard or proprietary formatted files.
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Dataat this stage is sometimes referred to as ‘raw data' in reference to its processed and
curated form later in the analytical phase. However, in reference to its function and purpose
during its life cycle, data at this stageists in a state thatiwhe rderred toasCreated Data
Created data can exist in many different forms and structures. However, the common
property that exists for all forms of created data is that thegpmmised for managing the

data collection processithin the environment orystem generating them. For example, data
collection forms are designed in a way that facilitates data recording and database models
supporting this activity will also be optimised for data entry. Data in this state is not (and
usuallyshouldnotbe) optimised for other data related processes such as sharing, archiving,
exploring and analysis.

Therefore, in aesearcldata management context, using data in their "as created' state for any
other research activity other than obtaining, creatsgd growingthe data should be
discouragediIn a typical study, raw data will be collected by different people, systamas
organizations that will eventually be transferred to the research information systeranage

these data files allecteddata assets, it is important to ensure that for each data asset, the
associations between its content and the set of dateels it represents, as well as the context

in which it was acquired is maintained as the data transfers to the research information system.

4.3.3 Primary data

One of the main objectives and motivations of the FAIR data management model is to enable
and spport data rausability as well as data-purposing. It is arguable that well annotated and
describedprocessed and deriveahalysisready data is resable datéut it is only reusable

for the analysis workflow that it was purposefully processed fahitncasethis data can be

used for reproducibility of research results. Howevepugosing data for different analyses

and for different research questions than the original data owners proposed would not be
possible due to the data's derived anddf@amed state.

fiPrimary Data is one of the managed states of data during its life cycle. Data in this state
should exhibit well defined structure, syntaxd semantics that permits the interpretation of
data by humans as well as machines. Projects' research workflows often skipsastagthof

the data life cycle and fast forwards to udimg data in analysis for the purpose of investigating
the project's own research questions and producing its own deliverables.

From a FAIR data management perspeciprenary dataare importantesearch data assets

that fulfil the purpose ofongterm value preservation of data supporting itsuse and re
purposing.
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Figure 4.45tudycentric view of Translational Research Stddgnslational research studies generally produce two ma
categories of data: (1) low dimensional clinical and subject data, and (2piginsional molecular characterization da
that result from the different ‘'omics assay technologies. The first cagggrofiles subjects (patients, animal models, ce
culture...etc), while the second profiles the molecular activity in samples extracted from these subjects. Togethem
both categories are organized and defined with respect to a study, whigfdpsothe context for generating and analys
such data.

Primary data is studgentrig meaning it reflects the design and planning decisions of the study
or project that generated them in order to preservedhtxtandpurposefor which the data
wasoriginally designed and collecteligure4.4 illustrates the concept of studgntric data
organization This is important to guarantee the integrity and reliability of these resource in
serving reproducible research. Creating and descrisingary dah becomes the target output

of the data curation activities that otherwisedrannéedto produce processed and aggregated
secondary data that is fit for singlse projecfocused analyses.

The structure and the organization of data in the primary state should hence be optimised for

1. data manipulation, data curation and data quality tasks

2. preparedness for long term storage with metadata being associated with the dataset
itself

3. data sharingnd reuse preserving the context within which data was generated at an
appropriate level of granularity.

These requirements influence the design of the data model for primary datasets, which is
presentedh section 4.4.3
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4.3.4Integrated data

In data intensive research projects, data integration is often seen as the primary data processing
task and the first gto step after data collectionfhe main challenge that drove the
development of translational research platforms was to create aoreneint for researchers

to navigate the complex data space spanning clinical and 'omics observational data. This
environment would typically involve the development of a common data model to persist data
in an integrated form and a set of data manipulgtimcesses thaxtractdata from sources,
transform and integratextracted data according to the data model, and finadg the
integrated data into a data storage. d¢wailhg this ETL process data becomes available for
analysis.

Defining the data inration model involves understanding the data integration requirements.
These requirements are usually dictated by the individual project objectives or an organization's
business needs. Fexample,the review paper by Canuel et discussed in the preuis
chapter highlights the different integration models offered by the different translational
platforms depending on the initial aims of each platform and the community, organisation or
project it supports.

There is no doubt datatilization should be driven bgata consumerfiowever, integration
requirements defined this way are subjective to the format and queries of the direct data
consumers. This may be efficient fosiagle useof data, but it greatly reduces the potential

for data reuse as a result of the transformations and summarization that data is subjected to
during this stage. Summarizing data often results in information loss unless a more prohibitive
and expensive process is put in place and that is data lineage or proveaaagement.

From a data life cycle perspective, data in an integrated state should objectively reveal the
functional relationships that exist between the various data elements that were chosen and
designed during the planning phase. When a researchexr glatudy, they will choose to
collect data and acquire measurements from different source®arains yet they would all
collectively contribute to understanding the phenomena under investigation. An observation
aboutthe occurrence of headache mightreeorded but the pattern of occurrencealso
recorded and an exposure to a treatment might be related to this obseAlatiphlood test
measurements might be recorded for this person and these measurements can reveal a bit more
about the level of tdcity caused by the treatment. These implicit relationships should be
established in the data model to enable a meaningful and contextual navigation of the observed
data.
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Figure4.5Observatiorcentric view of Integrated Data

Therefore, integrated dashould beobservatiorcentricas illustrated byrigure4.5. The data

model developed for it should be optimised to reveal and establish all functional relationships
that exist amongst all collected and recorded observationte gylile management approach
should therefore ensure that the metadata that is necessary to build this model is available and
well described before the data integration process is executed.

To sum up the states we have discussed so far, data duringotlataéion is optimised for
recording and acquiring the observed values for the planned and designed data elements.
Following the consolidation process, observations that are collected together are grouped in
logically defined and structured primary dataseptimised for data transfer and archival.
Similar to the genetic information in a chromosome state, primary data is not organized in way
that is optimised for examining and exploring functionally related observations and findings.
The purpose of integiad data is to establish and reveal the functional relationships that
implicitly exist between the hundreds or sometimes thousahdita elements that were
designed to reflect the research requirements of the data owners/producers. Data consumer
requirenents are reflected onto another distinct state of data, which is discussed in the
following section.

4.35 Secondary data
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Data is valuable only when it is consumed or applied. The ultimate purpose of managing data
through the desigracquisition and maintenance phases is to derive the most value from data
once it reaches its usage phase. In resedinch is realized when data is efficiently and
purposefully used by scientists to perform their research analyses and improve their
undersanding and scientific knowledge accordingly.

The usage stage is therefore characterized by a change in function and purpose of data to reflect
the requirements of data consumers. Fraata life cycle perspective, this is a shift from the
management requirements of a project's data producers and data custodian, which were
reflected on the previous stages to those of the data consumers such as analysts and external
users. In the Open Angval Information System (OAIS) modelata at this stage is referred to

as The Dissemination Information Packages (DIP)' that are produced in response to queries
from data consumers.

17,
=71

SECONDARY DATASET

Figure 4.65econdary data as a useentric view of
research data

Secondary data essentially represent a different state of data [#eevprgnary and integrated
state to be in a hypothediscused usemitiated state that is being prepared for use. This
distinction is key to the sustainability of data throughise and rgurposing because it allows
the influences of the two main stdtolders, the producers and the consumers, not to interfere

with one another.
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Unlike primary data, secondary data is therefore-osetric as depicted byigure4.6.This is
because users who are interesteahialyzingdata will almost have to have their own footprint

on the retrieved data before they use them in their analyses. This can include running their own
queries to create different subsets of data from different projects to compsummarize
results, derivig new data or modifying content of the queried data to suit their needs, or adding
their own metadata to describe the content they have retrieved with respect to their hypothesis.

Secondary datasetse similar toPrimary datasetsn the requirement toebstructurally and
semantically annotated with rich metadata, but they differ in their use and the purpose they
serve. Secondary datasets' primary role is to support efficient generation, replication, and
review of analysis results. The overall principiedesigning secondary datasets and related
metadata is that there must be clear and unambiguous communication of their content, source
and quality to be able to communicate it with other researchers for sharing and reproducibility.

Data will transitionfrom theintegrated state¢o thesecondary datastate through the process

of data exploration and retrieval. This is when users use services like querying, retrieval and
visualization that operate on the integrated data to select a subset of data dlecreate a

new dataset which becomes an input to their analysis. A Secondary dataset will contain data
from different domains, different studies and most importantly derived data that reflect the
needs of a researcher to run a particular analysis. D#is &tage also crosses the boundary
between the custodianship environment and the analytical enviranment

Secwodarydatasets should exhibit the following charast#es to fulfill their purpose.

1. Secaday datasets mnst provide traceability to show the source or derivation of a value
or a variable (i.e., the trhastorméds/alueandiesage o
pretransformed source valuéhe metadata must identify when and how analyse da
have beewmlerived or imputed.

2. Secondarydatasetsmust be associated with metadata to facilitate clead
unambiguous reporting.

3. Secondarylatasetshould have a structure and content that allow statistical analyses to
be performed with minimal programming. Such datasetslages cr i bed - as i al
ready. o
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4.4 A metadata management framework for translational research

The primary purpose @hetranslational research metadata framework (TREMF) is to create a
common metadata management framework for translational research studies using existing
community driven standards. The TREMF design is influenced by the®™ge&ctFacility

(MOF) specificatiort®, the CDISC standards (SDTM, SBKML, PRM) defining data
standards and models for clinical data representation in different forms, th&ABA
specification®® for describing moleculaassay metadata, and the Observation pattern
developed by Fowler and Odéll The centratheme of the TREMF approach to metadata
management is extensibility and consistency. The aim is to provide a framework that supports
the addiion of new data types, while maintaining a standard and domain specific representation

of dal. To achieve thigthe TREMFwas designedased on a threayered architecture as
illustrated in Figure4.4. Each layer is concerned with a different aspectmaftadata
management. Collectively, they form a comprehensive metadata marageamework for

the standardization, integration, and harmanon of translational research data. The first

layer is the domain model describing the study, its main elemsahtha relationships between

t hem. It establishes the context for -data i
model 6: a n -enedeldasadior doremunitg stamdards describing data in the form
ofaddat aset 6 t o atorugbdpaotrat isntgaensdtairodni.z The t hird
metamodel 6 describing daati ométhe ¢ optifowf dat &
analytical queries. In the following subsectiong, discuss each layer in detail
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Figure 44: Translational Research Metadata Management Framework

4.4.1 Layer one: Data Element

Decisions about what data to collect start with the formatibmesearch questions and
culminate in data collection instruments, eitiserenterabléorms or devices toddlect values

for specific data elements. Documentation of data element definition is one of the most
important artifacts for a study and these definitions are usually presented as data dictionaries.
Data dictionariesontain a list of data elemerthat ae labekd (e.g. BMI) a data typée.g.
INTEGER), and valid values for discretiata elementge.g. =>0 0r-9999 (representing a
missing value))Although tis information may be $fucient within a sgle projecteach data
element should have a concegdtand operationalefinitionto support reuse

A conceptual definition is what you might find in a dictionary or a thesaurus; it explains what
the concept means, describing the general characteristics and key aspects that distinguish it
from otherrelated things. The source of these definitions usually comes in the forfarefice

data that is defined by a souedernalto the study such as a commuréstablished ontology

or terminology

Operatonal definitions explain how concept is meased during the conduct @ research
project. These definitionfielp assure that measnrents are taken consistently subat data
will be comparable. Additionally, operational definitiom®cument how the data were
obtained. As sucloperational defiitions promote reproducibility.

Togetherconceptual and operational definitioredate the features of interest withe study
data results.
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Representation Conceptual
CoNCePTUAL DOMAIN
VITAL SIGNS

DATA ELEMENT
CDISC VITAL SIGN TesT NAME

1

DATA ELEMENT CONCEPT

VALUE DOMAIN VITAL SIGN TEST NAME

CDISC VITAL SIGN TEST NAMES

Permissible Values OBIECT CLASS PROPERTY

Systolic blood pressure
(N‘G concept .Dp= C1324) VITAL SIGN MEASUREMENT NAME
Diastolic blood pressure
(NCI concept ID = C1323)

Heart rate
(NCI concept ID = C1326)

Temperature
(NCI concept ID = C1328)

((OBJECT CLASS + PROPERTY) = DATA ELEMENT CONCEPT ) + VALUE DOMAIN = DATA ELEMENT
Figure 45: Data element conceptual model

In section 4.4.1 we defined a data element as the atomic unit of information exchange and use.
It is a construct useih assign meaning to acquired or observed.d&ta data element carries

the definitional informatin about the data value and ascombimtion of metadata and
reference data tonambiguouslhdescribe observed or acquired d#a.described abovehée

ISO 11179 model is a semantic model that formalizes and standardizes metadata necessary to
describe data elements such that they caddoeimented managed and shafédure 4.6)

This section covers the concepts of metadata pertaining to data elements necessary to
completely specify a data element. The ISO 11179 is a framework for the specification and
standardization of data elements adses data elements in a fepart framework. The four

parts are: a conceptual domain (CD), a data element concept (DEC), a data element (DE), and
a value domain (VIP(Figure 45).

For example, if the data element was the 'pagert the value domaiwould include values

for all sexvalues (Male, Female, Unknown). Thtise value domain contains the valid values
for the data elemenhowever, there can be more than one way of representing these values.
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Some studies might use (m,f,u) or (0,1,2). IS@7Rlstandard handles this situation of multiple
possible answer representations through having a data element (DE) and a data element concept
(DEC). A DEC in this example can be traeX, which there are multiple representations of
permissible values (value domains) that can specifgeééype. The pairing up of the DEC

and one of these value domains creates a data element.

For all data elements

Conceptual definition

Operational definition

CRF question (if applicable)

Unique identifier

Data element name

Data type

Mapping from the data element to the structure in which the data are stored
Documentation of change to data definition

For discrete data elements

List of valid values
Conceptual definition for each valid value
Operational definition for each valid value

For continuous data elements

Unit of measure
Statement of the range or limits on valid values
Precision

For derived data elements

Algorithm used for calculation or a reference to one

Figure 46: Data elementlevel metadata for research

4.4.2Layer two: Observation Data Model

The challenge&n approaching diverseobservational dataset, a user needs bo#imply assesthe
breadth of content (i.e. set of metadata values) availableymtematically navigate to the detailed
observational dataalues This challenge isintensified when attempting tointegrateclinical and
molecular dservations acros®mics technologiesThere is no common standard for describing
molecular observational data from omics assays such as microarray assay, segsgectimgmetry
etc. The ISATAB standard describexperimentaimetadatas well agthe samples and the assays that
were used t@enerate the dataHowever, omics instruments often use proprietary fitataats and
structures. The most common structure is a simple data matrix, where the columns represent the features
being observed, the rows represent the samples assayed arit$ irepresenting the observed values.
Data cubes are usually defined when multiple observation values anglediftiensions are measured
per observation.

Managing data at this level requires the identification of a set of semantically labelled data
elements and the associations between them to act as anchor points to which data at this level
can be integrated and harmonized across heterogenous biomedical datasets. This is a crucial
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step in enabling researchers to identify potential (hidden) relatiangiagterns, associations,

and corelations that exist in thedarge heterogeneoudatasets For example, a researcher
might want to test the correlation between the severity of an adversenéethite increase of

a lab test urine measurement avith the treatment of a vaccine. Another common use case is
to compare data from one clinical program with another program in the same therapeutic class
This use case requires data harmonization across programs to sigpgooimparisons. How

can we defie an observaticleveldata model that can enalbésearchers to navigate this huge
data spectrum with a consistent and systematic approach?

The main purpose is to provide a standard for structuring observed data and related contextual
data intoa semantically defined common data model. The key idea in this model is the
underlying presumption that an 'Observation' cannot be modelled as a foya#ribute
concept, but rather it consists of discrete pieces of information as designed by the researcher to
collect the desired information about the phenomenon of interest. To get an idea about how
this might be achieved, the underlying concegftthe data elemenwill be extendedas
discussed in section 4.4.1. A data element defines data in terms of observability: the phenomena
of interest, the observational information to be observed/measured, and the resulting data value
of the observations/measunent. Observations and measurements in clinical oular data

can be conceptuakzl as a group of multiple data elements put together in a semantically
defined vector providing the desired contextual information necessary for the interpretation of
aphenomenon of intesé (hservational data is the equivalent of transactional data associating

a number of master entities including an observation feature, a subject or a sample each with
their own set of characteristics and collectively they form theaséios and context for
recording a data value for such an observation. "Subject 101 had mild nausea starting on Study
Day 6" is an observation that involves a subject (101), an observable event (nausea), an
observed quality of this event (mild), and a pamtime qualifier (day 6). Each of the above
constructs of an observation iglata elemenassociating a phenomenon of interest (nausea),
with an observable quality (subject, severity, timepoint) and the obseakexl((t01, mild, day

6). Using a tranggtomic assay exampléThe measured log intensity of expression of gene
wntll in sample A is 7.5" is an observation that involves an observable feature (wntll), an
observed quality (transcription expression log intensity), a sample (A) with the obgalwved

(7.5).

Observation Conceptual Model

Despite the vast complexity and diversity of possible biomedical observations, all such
information can, in principle, be described via a straightforward set of five underlying concepts.
These arespecified by the obsertian model thatdescribs the principle data elements and

their relationships that make up an observation. The observational data model captures the core
information needed for describing scientific observatiand provides a commolanguage

that can be used to harmonize representation and supporting software implementations. It also
supports integration, interoperability, query and gsial The modetiefines and interrelates

the conceptual subcomponents that are intrinsictoany a a | | kinds of M@nobse
4.7 illustrates the different constructs of an observation using a set of semaidioelllyd data
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elements. Tis model deconstrugain instance of an observation into the following construct

data elements:

(@]

Objectof-observation: the feature being observed, whether in a clinical or molecular

setup; e.g., weighglbumin, headache, TP53, CD48escribed by a topic descriptor

O¢ O«

O«

collection,dir at i on

O«

start

of

event

Subjectof-observation: the entity upon which the observation is being observed
Observed progrty: qualitative or quantitative property of the observed feature being
observed or measured; e.g. count, result of test, severity of headache, amount of dosage
Temporal properties: timing attributes that are not longitudinal such as time of

nt erval

Time-series properties: properties that cause the repetition of the same observation over

time, resulting in a longitudinal observation; e.g. visit, planned study day, time point.

In addition to the above attribw®f the observation, supplementary data is often collected to

provide more context and granularity to the observatidh attributes about the observed

feature, or about the subjeaftobservation. These attributes are linked via the master entities

described in the TRhodel discussed in the following section.

DATA ELEMENT

SUBJECT-OF-OBSERVATION

OBSERVATION 1 SusJecT 101

SusJecT 101

OBSERVATION 2

OBSERVATION 3 Susiect 101

Figure 47: Observation conceptual model
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PATTERN

INTERMITTENT

DATA ELEMENT

STupy DAy
Day 7

Stupy DAY
DAY 6

STUDY DAY
Day 6

TIMING-OF-OBSERVATION

These concepts argplicable to high dimensional moleewlobservationgs well. These
assays generate substantial seif observable features such tasnscripts, gene sequences,
gene names, protamnd metabolite©bservations at theolecular level also follow the same
semantics implied by the observation model. The olgéobservation in this case is the
featurebeing observed. Farmicroarray expement, theobject of observation is the transcript
for flow cytometry it is thecell; for a proteomics assay is the polypeptide gorotein. In each

of these assays a set of quaesiire being measured. For example, the raw or log ratio of the

intensity, count or concentration of a metabolite or a cell type. These assays nieeseire

observations for a set of samples that could then be described by a set of attributes giving more
granularity to the observation as well as adding a time dimension if the assay design involved

sampling at different timepoints.
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4.4.3 Layer three: Daaset metamodel

The dataset metaodeldefines the requirements and the propedfase primary data asset.

As previously explained in section 4.3, primary data assets provide a standardized way to group
and organizes observations as defined by the witsen model (section 4.4.2) into structurally

and semantically annotated datase€fbe primary datasefacilitates data curation, data
integration and data reuse. A primary dataset follows the principlesdyfdataset. Although

not a standard, these principles provide a framkeaorthinking about the orgaration of data

within a dataset. Developed by Hadley Wickh#ns framework encompassedsata, tools and
workflows. In this section, the three charact@&ssbdf a tidy datasetill be briefly describegd

then based on these principles the framework's dataset midded defined

Tidy data

There are many ways to structure data in a dataset. Most research datasets are reatdegular
made up of rows andotumns Table 4.1 gives an example of a dataset about vital sign
measurements conducted during a clinical trial over two visits. The dataset contains four rows
and eight columns illustrating a common structure usually referred to as the horizontal (or
wide) format. Table 4.2 shows the same data as Pableutusing the vertical (or long) format.

The inconsistency of those two dataset representations shows that the structural metadata of a
dataset is not enough to describe the underlggmgantics omeanng of the values displayed

in the table.

Table 4.1: Tabulated data in wide format

Subjld | Cohort | sysbp_sc | diabp_sc | heart_rate_sc | sysbp_fu | diabp_fu | heart_rate_fu
s-01 cohort_A 100 65 89 95 63 70
s-02 cohort_A 134 77 60 120 71 66
s-03 | cohort_A 182 122 110 190 100 100
s-04 | cohort_A 112 81 90 120 98 78
s-05 cohort_A 127 74 70 135 75 72

Table 4.2: Tabulated data in long format
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subjld | Cohort | sysbp | diabp | heart_rate Visit
s 01 cohort A 100 65 76 Screening
502 cohort A 134 77 60 Screening
503 cohort B 182 112 96 Screening
s_04 cohort B 112 81 38 Screening
s 01 cohort A 128 87 62 Follow up
502 cohort A 125 80 68 Follow up
503 cohort B 132 80 71 Follow up
s_04 cohort B 132 37 84 Follow up

Semantically, a dataset is a collectiorvalues either quantitative or qualitative. Every value
belongs to aariableand ampbservation A variable contains all values that measure the same
underlying attribute (like height, temperature, duration) across subjects. An observation
contains all values easured on the same subjawtter (like a subject, or a study or a sample)
across attributes.

Contextually, a dataset is a collection of related observations. In any given research study there
are usually multiplelomainsof observations. For example, in a clinical trial of a new vaccine

we might have three observational domains: demographic data collected from each person (age,
sex, race), medical data collected from each subject on each day (adverse events, laboratory
tests), and molecular profiling data about each subject's genetic activity (gene expression,
protein profiling etc.).

For a given dataset, it is usually easy to figure out what are observations and what are variables,
but it is quite difficult to precisgl define variables and observations in general. Different
experimental designs will most certainly lead to different usages of variables vs observations.
However a common frameworkan be employed to guide the process of deciding which
attributes are obseations and which are variables when it comes to designing a dataset. The
concept of didy datasets to provide a standardid way to link thestructureof a dataset (the

layout) with itssemanticgthe meaning of its content) to make the job of stoaind accessing

the data easier. Three fundamental principles make a tidy dataset:

Each variable forms a column
Each observation forms a row
Each type of observational unit (domain) forms a table

O¢ O¢ O«

Table 4.3 is a tidy version of Table 4.2. Each row reptesesingle observation, the result of

one lab test of one subject, and each column is a variable. Tidy data principles try to guard
against the most common problems that lead to messy and difficult to mamigatatets.
These problems are:

1. Column headerare values, not variable names
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Multiple variables are stored in one column
Variables are stored in both rows armlumns
Multiple types of observational unitseastored in the same table
A single observational unis stored irmultiple tables.
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Dealing with these problems makes most of the data curation tasksithbé discussed

subsequently.

Table 4.3: Tabulated data in tidy format

subjld | Cohort Test Measurement Visit
s.01 cohort A | Systolic Blood Pressure 100 Screening
802 cohort A | Systolic Blood Pressure 134 Screening
s_03 cohort B | Systolic Blood Pressure 182 Screening
s.01 cohort A | Systolic Blood Pressure 128 Follow up
502 cohort A | Systolic Blood Pressure 125 Follow up
503 cohort B | Systolic Blood Pressure 132 Follow up
s_01 cohort A | Diastolic Blood Pressure 65 Screening
s.02 cohort A | Diastolic Blood Pressure 7 Screening
s.03 cohort B | Diastolic Blood Pressure 112 Screening
s.01 cohort A | Diastolic Blood Pressure 87 Follow up
502 cohort A | Diastolic Blood Pressure 80 Follow up
s_.03 cohort B | Diastolic Blood Pressure 80 Follow up
s.01 cohort A hear rate 76 Screening
502 cohort A hear rate 60 Screening
503 cohort B hear rate 96 Screening
s_.01 cohort A hear rate 62 Follow up
s.02 cohort A hear rate 68 Follow up
s.03 cohort B hear rate 71 Follow up
Why tidy?

In TREMF, primary data assets serve three data management functions: data,cdasdio
integration and data reusdience, their design should be optinéd to serve these functions.

Tidy dataset principles were chosen as the basis for defining this class of data assets as their
design makes it easier for a curator aroaputer program to target or extract variables that
describe the same underlying attribute for all observations in a dataset. For example, integrating
data from two datasets structured like Table 4.3 would require less work for a database loader
using sinpler annotations to identify the columns containing 'visit name' or ‘test
measurement' for each observation than if both datasets followed Table 4.1 or Table 4.2
designs. The latter would require reading values with the same semantic meaning from multiple
columns. Furthermore, in case of a data curation task, a common data transformation or
validation task would make sure that all values of an attribute (e.g. vital sign test names) use a
common terminology. Defining rules on tidy daascolumns would grelgt facilitate
validating the contents of a dataset or transforming values of an attribute from one dictionary
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to another. Metadata constraints must be employed when transforming data values into and out
of the standardized format to prevent inapproprigbe tonversions.

An 'observation' is defined as a vectoraed&ted variables or qualifiersaBhvariable/qualifier
describes specific aspect @ measured or collected observation. Principles of the tidy dataset
are well suigd for this vectomodelof an observation because its layout ensures that values of
different variables from the same observation are always paired and exist on the same row.
Each observation vector wesponds to a row in a datasétile each column corresponds to

one type of theix qualifiers making up the observation. Table 4.4 shows an example of dataset
for observations. One row describes the dliservation (Subject 101 hasSavee Headache

on Day 6 of the study). Each column carries one value for each of the obserttatiomes:
subjectof-observation (subject 101), feattoEobservation (headache), the feature observed
property (severity) and the tir@-observation (day 6).

Table 4.4: An example of a tidy dataset for observation data

Subject Feature Severity Study day
Subject 101 Headache  Severe 6
Subject 101  Nausea Mild
Subject 101 Headache  Severe
Subject 101 Headache Mald
Subject 102 Vomuting Mald
Subject 103 Headache Mild
Subject 104 Headache  Severe

=I T O Q0 =]

Standardsompliance

In the context of data sharing and secondary steedarddaseddata transfer becomes key

for wider adoption and outreach to the community. The third main function that a primary data
asset serves is to support data transfer. This applieshtdhe data igestion phase (importing

data into the data management environinantithe data sharing phase (transfer of data from
the initial data management environment to otteda management environmgnflo achieve
seamless data sharinthe data managemefriamework must usestablished community
standards and natively supportatats that argtructured and formatted to confirm with these
standards. Moreover, the data management framework may need to conform to multiple
standards to support a wide variety of data types and broadly interoperate with a diversity of
collaborating sgtems. The main object of the framework presented in this chispter
incorporate a generalizedodel that is compliant with at least two of the most relevantsrd
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data exchange formats servihg translational research doma@RISC-SDTM for tabuldion

of clinical data andhelSA-TAB standard for sample and assay metadata tabulation. Although
both standards do not compesisively cover alfranslational datalementstheyrepresent the
most commonlygenerated dataelements irtranslational reseadncstudies. lis important to
reiteratethat layer twoof the frameworks concerned with the structural metadhtat is used

to organize observational data into consistently annotated datasets. Staedtneést to this
layer only apply to data orgamizon

SDTM
\'\f\ed\c’\l
exe
METAMODEL: DATASET DESCRIPTOR ISA-TAB
N
conforms to
OTHER STANDARDS
MODEL: DATASET
N
‘ represented by
PRIMARY DATA ASSET
instance of
DEMOGRAPHICS DATASET MEDICAL HISTORY DATASET

TRANSCRIPTOMICS ASSAY DATASET

Figure 4.8 Dataset conceptual metaodel

Based on the requirements described above, the frameweddsd layers a metamodel

based on a common set of basic concepts adopted from the principles of tidy data and
implemented in community dataasidards such as the CDISC SDTavid the ISATAB.

Figure 4.8describes the conceptual model of TREMF layer 2. A demogmplataset, a

medical history dataset, and a transcriptomic assay dataset are examples of a primary data asset.
These data assets are representeddayaset modelEach dataset model conforms to a meta

model described by dataset descriptorA metamodeldefines the metdata necessary to
describe the structure, semantics and constraints of a dataset model. A dataset descriptor is
exemplified by community standards which provide standard dataset templates. These
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templates can be readily used to defineddiath dataset models. In the following section, we
will define the dataset metaodel.

In thesimple semantics @& Tidy dataset columns should represent snead variables in the
datasewhile rows should represent instances of observations being measured against the set

of attributes denoted by these variables. To define a tidy dataset for observations, we need to
extend these simple rules to be able to describsetmanticof the varidles (columns) and

their relationship to each other in describing the observation vector as described by the
observation data model. These extensions also need to be compliant with the supported data
standardsEach dataset 1Is desptibbéd whiahddafbpees
structure of the dataset, the syntax and senwofidgts fields, any enforced controlled
vocabularies, and validation rules.

The metamodel defines two metelasses: the dataset, which is composed of a set of fields.

Each row in a dataset is an instance of the subject matter which is beinpetebgra series

of named fieldsEach field, which normally corresponds to a column in a dataset, has a role to
describe a certain aspect of the row entity in this datasebleAdescribes the syntax and
semantics of information conveyed by the field. A dataset is assumed to hold data about one
subject mattefe.g. subject, study, sample orassayfeammne d it i s set to bel .
that describes the context for thata reported in that datagetg. laboratory test results,
demographics, microarray sample metadata, or flow cytometry processed data

4.4.4Layer four: Domain model

As defined edier, masterdata describelomain entities that provide context for the observed
data in the form of common concepts that relate to all translational research studies. The fourth
layer of the metadata framework comprises the TR domain model, which describes the core
elements of aranslational research studydatheir interrelationshipsThe domain model
providesthe contextual study information within which the observational deis collected.

Themaster data of any translational research arguably comprise a minimal set of common
entities that will exist in this domain regardlessha focus of research. This domain model

is the contextual metadata that relates data (layers one, two and three) to the master entities
common tahetranslational research domain.

The Entity-Attribute-Value approach talata modelling is applied tmost dataintegration
solutions mainly to minimize the cost of maintenance should atéduteschange or be added
over time This reasoning is valid to some exteriuilding a flexible schema for easily
integrating new data elements is justified reasgninogve\er, active data integration is only
part of the data lifecycldata processing, storage, archiving, sharing, and repurposing are all
phases that require mamag contextual informatioronsisterlyy and maintainingexplicitly
defining relationships between entities of interest. Even @tosly data integration requiras
minimal set of contextual metadata about the study desigstutigactivities conductedral
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the relationships between the subjects thiett corresponding biological samples from which
molecular data igenerated. Relational modets the type championed in this chaptarable
utilization of various abstraction levels that are importanttegrating clinical and molecular
data. This model is optimized for persisting stea data objects.HE TR domain model
maintains a consistemepresentation of TR studies. This consistent representatiables
crossstudy data integration by establishitige generalizedstudy context andelating the
observed data to this contékigure 4.9)

Translational research studies generally produce two main categories of data types:

1. Low dimensionatlinical and subject data
2. High dimensional moleculaharacterations generated by ‘omics technologies

The first category profiles subjects (patiemtsimal models, cell culturefc), while the second

profiles the molecular activity within samples extracted from patients. Together, data from both
categories arerganized and defined with respect to a study, which providesotitext for

generating and analyzing such data. The foremost requirésitengéstablisithe relationship

between thedata associated with the clinical subject éinelcorresponding molecular data
associated with the subjectds s stamdardéssas Co mp |
stated prior, of critical importance.

A hybrid modebased on both the CDISC Study Design Model (SDM) and the ISA data model
is presated to provide standards for clinical assessmdritanarker/omics assayand
reporting Data genertgd from an activity is representeds a  Oirdthet hgbsiceniodel
which is defined by the second layefr the TREMF.Adhering to the TR domain model
maintains a consistent representation of TR studies and enablestarhsdata integration by
establishing the study context and relating the observed data to it.
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Figure 49: TR Domain model

4.5 Building a translational research datanmanagement platform

Figure 4.10llustrates the application of the TREMF approach to manage theetiffstages

of the data pipeline from data ingestion, transformation, explotatitagration, analysis and
publication/reporting. The platform maintaitie lineageacross the various datasets as these
are created and transformed throughout the data flothe following sections, we present in
details t h modupe$ and ffeatures dasustrated in Figure 4.11The system
architecture and implemeatton ae provided as supplemental artifacts

PROIECT DAsA Fuss Dam fiug _DATASEY LOADID  OSSERVANION EXTRACTED UStR DEPNED
Desoupron Damaser  Descawyon oATA  Menoam
B EE S e
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TRARSUETIONAL MEDIONE TRANRATIONAL Mcoicnt :

DATA AROive DaTA WARtHOUSE ANALIIS-READY
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Figure 4.10: EH&pplication of the translational research metadata framework to manage the data pipeline from
the state of files to annotated and integrated analgaidy datasets.
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Figure 4.11: EH®nodules

4.5.1 Metadata Definition

As illustrated by Figure4,a pr oj ect 6s data | ife cycle star
project and the data to be collec{gd. defining the metadalaMetadata isisuallyassigned

by Electronic Data Capture (EDC) tools, such as OpenCfhiceRedCap’, as new data is
collected However, metadatas icrucial for managing data throughout the dd&cycle,
thereforejt is essentiato incorporate metadatato the data custodianship environmedddta

may transform in structure throughout the data flow to become readdful by data
consumershowever, the metadata, or certainly the meaning implied by the metadata, will
remain consistent during transformatidie metadi definition module (Figure 4.4} offers

data managers a set of features via a simple and ietulaghboard to define and manage
metadata. This includes defining the research projetadata foTREMF layer 1(Figure

4.2a) and experimental metadata datalfREMF layer 2.

4.5.1.1Defining project metadata

Setting up a project from the data manager dashboard is the entry point into the system. A
project can be a single study, a mghidy (planned related studies), or a wsttaly (unrelated
studies). The O0studi es p an enlalbouteachastutlyevehinma n a g e
project such as study design, eligibility criteria, objectives and other study metadata elements
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via a web form compliant with the CDISC Protocol Representation Model (PRM) and CDISC
Study Design Model @©GSREM) owBhe h®adtaitai manpagre
t he projectds pl anned clinical activities,
descriptors, while the &éMembers and Usersd r
access rights.

4.5.1.2Defining dataset metadata

A dataset is a potar to one or morelata files. Each dataset is associated withataset
descriptorcomprising its netadata describing the data structure and meaniregchfcolumn.

Based on thdataset metaodel,standard compdint dataset descriptor templatesre created

to coverall CDISC SDTM domains (findings, events and interventions) and preloaded them

into the database. Each template contains the domain level metadata, field level metadata and
any associated valtlevel antrolled terminologies. Similarly, for assays, we preloaded
standard templates for sample and feature metadata batleell8A model The assaylata

are tailored to the specifassay technologi€e.g. microarray gene expression, flow cytometry,
proteonic and immunocassayk The dmanage activityd page al
and edit dataset descriptors for each planned activity based on the preloaded standard
templates. Features include excluding/including fields, setting mandatory fieldSyispeci
controlled vocabul aries for a fieldbds per mis

4.5.2 Data Storage

Data storage often takes different forms for different purposes throughout the data life cycle.

In the early stages, data are stored io@erational database, such as those embedded in EDC

tools and Biobanks. These dbtases are specifically designed for operatidatd collection

and managmaent to support clinical condu@nceoperationatlata collection is complete, data

from these vadus sourceare processed and ingested into a data repository, which is a type of
database thabmpiles data ito awell-defined consistent data modPhata repositories provide

an efficient structure for dathg|l st sroaug e eo foff e
for their projectos pra progessyof deatinga@ asingdata Unf or
repository is omitted in mostanslational research projeckdore often, only snplified data

structures, often called data marts, thabatenized for a limited set of projespecific queries

and analyses are used for the project.dBft@sedata marts typically perforrwell for the

limited purposes for which they were designéfbwever, data marts are often difficult to
interrogate for prposes not considered when the project was scoped. Given the richness
inherent in TR data, data marts inhibit opportunities for data reuse.

Moving data between these different storage systerguiresExtract, Transfan and Load

(ETL) processes. Thegeocesss often can createbottleneck in the data pipeline depending

on the source and target systemmedesign of theETL processs and the extent of required

data transformation/integration and delay data use and analy®iSMIF was designed to
suppot two models for data: a datadeised model suitable for storing primary data, and an
observatiorbased model suitable for storing integrated data. Based on these two models we
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implemented a tw@chema storage solution that takes away the inefficientimewing data
between different database implementations, thus removing the need for a separate ETL
process. These two storage solutions #reTranslational Medicine Data Archive (TMDA)
storing primary annotated datasets, and the Translational Medicine Data Warehouse (TMDW)
storing integrated subject and sampleservations for querying and exploring (Figure 4.4d).

4.5.3 Filemanagement and data loading

The TDMA moduk provides userswitbr edenti als to upload and m
files. Creation of new data filemr changes to existing filearerepresented ian audit trail

that records théle loading statusthe user account associated with the file operadiutthe

timestamp of the operatioh e p r stagmg diréc®ry organizes the project files and
servesas he entry point for | oad.i Todgoaddrdile theusert o t h
launche the loading wizard which takes them through a series of steps to associate the file
with one of the previously defined dataset descriptors. The descriptor is used by the loading
process as a reference for parsing and validating the file contents aglyor@imce validated,

the loading process persists thie fas an annotated dataset in the archive database. The
integration and harmonization procesxtextracs the datasét sontent and loaglthe content

into the observation data warehouse as illustraty Figure 4.1b. The loading wizard natively

supports CDISC SDTM formatted files.

4.5.4 Integrating and harmonizingdata?

Integration and harmoration are the processs during which data is transformed from the
structured dataset form to the granular observdiamed form. Theseprocessstake place as

part of thedata loading wizard (Figure 4.d)L Data for each subject are integrated across
different domains (demogrhjes, diagnosis, laboratory tests, medications, etc.); across studies
(clinical trials); and when molecular data is measured, across multiple omics platforms linking
omics data to the phenotype data. The resulting integrated data is loaded into the data
warehouse. The backborwé the integration and harmomitzon process is the dataset meta

mod el of the TREMF i mplemented in each data
wi || have different column names aftdesedi ff er
columns defined by the metenodel makes it possible to identify focal columns that are used

as Ointegration k ergnsdatasete. Sdmantickharmaigneof cfincad m d i f
data is achieved by processing the controlled valuesdantagration keys to create a unique

set of hebsemedne a te e &esid othe harmonized data is the creation of an
Oobservation descriptoré describing the dat
according to the observation modieffined in layer 3 of TREMFThese descriptors become

the searchable elements for the data warehouse observation query.

4.5.5 Data Access

The software architecture &HS is based on a loosely coupled backend service application
and a frontend client applicati communicating programmatically (this is done technically
using a RESTful (welbased)Application Programming InterfacAPIl). The AP}based
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designis expected toreourage thelevelopment of new applications as well as tipiadty
integrations with other platforms. IncorporatigdfS data into any external app requires a

HTTP library and a JSON parser. HTTPS is sufgzbfor secure client access. EWABI is
organizedinto three distinct API collectongh e &é Dat a Ar chi veonfAPI 6 p
accessibility to the TMDA database allowing third party applications to find and access meta

data rich translational medicine research datasbte &6 Obser vati oasesquery
endpoints to query TMDW, selecting, filtering and combining data from all available domains

of data(this API supports building integration pipelines for analytical fp@desdh e & App s
APl 6 is a client depedieheappicatign®(Figueed.bedvi ng t he f

4.5.6 Retrieving and exploring data

4.5.6.1Project archive module

Often researchers needfiiod and retrieve entire thirgarty datasets to process and include in

their analyses oo publish their owrdataforreuse Based on the o6Data A
module offers a straightforward graphical user interface to search and browse the catalogue of
projects stored in the datapository, enabling the retrieval of structurally and semantically
annotategrimary datasets for sharing and reuse. For each stored project, a project summary
page provides metadata about the project and links to the associated datasets available to
download.

4.5.6.2Data explorer & query module

The data explorer is a visual browser and query interface duppabservatiorevel

exploration and retrieval of data storedchie TMDW. Basedort he 06 Obser vati on (¢
the data explorarses ordemandsynchronized charts to provide a hypothdse, interactive,

and easyto-use graphical interface to explore integrated subject and sample related
observations. This is particularly useful during the initial phases of research when no clear
hypotheses aremmediately available. Thaser interfaceslesign is based on an intuitive
domairaware visual layout organizing data across three panel

1 The first panel hosts subject and study data elements, such as suinegtageics,
study arms, visits, eéc

1 The second panel is for exploring the harmonized clinical observation features
organized by the CDISC general observation etksrain hieraray

1 The third panel is for molecular obsatns organized by assay type

The three panels offer a faceted browsinghponent for the related data elements and an
interactive dashboard showing a chart for each selected data element or observation feature.

Besides offering a visual environment for browsing and localizing interesting features in the
data, therddactaseapldrwei sual query builder t
interactive data selection and filtering directly off the charts. All charts across the three panels
are synchronized. Adding a chart for an observation or a data element egsadiglit to the
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qguery. Applying filtering on any chart automatically cascades the effect of the filter to all other
visualized charts effectively affecting the number of subjects and samples currently satisfied

by the query. For exaple, filtering for anexplicitr ange of 6diastolic
measurements ol | owed by applying a filter on O6st u
propagated to the related om#ssays, reducing them to only the matching filtered subjects

and vice versa. In additnato the plotted charts, a count panel displayed on top is dynamically
updated to show the number of subjects, samples and assays satisfying the selected and filtered
data.

4.5.7 Data extraction

Thedata custodianship environment streamlitressprocess bwhich researchers extract and
retrievedata for their analyses that angto-date and properly annotatéeHHSaims to manage

the data extraction process by allowing user
analysis dataset is formattedfaxilitate the application of data analysis tools the dataset (i.e.
analysisready) An analysis dataset stores the query that the user specifies to extract the
required data rather than the actual resulting data. This allows export files to be automatically
generated every time there are changes to the primary data source includorgehés of any
derived fields. The analysis dataset also holds general metadata information about its contents,
as well as fieldevel metadata describing the columns in each of its data files. Sharing
permissions enable users to share or publish théarseiswidely to promote open data
philosophiesandexperimentateproducibility.

A O06data carté feature in the data explorer m
|l ater or to O6checkoutd wher eby istdatasetsqter y r
checkout, the server prepares the data exports according to the data query giving the user the
option to add their own descriptions and tags before they are ready to download or save to their
analysis datasets library. Analysis dataseestored in a separati&atacollection that is user

focused and not project based. They are accessible via the API using their unique URL to
download associated export files. The analysis datasets library page provides a user workspace

to manage their owrreated datasets, shared datafseta other users arghtasets made public

by other users.

4.6 Casestudies

The work presented here was developed at Imperial College London Data Scatitgte In
(ICL-DSI) as part otollaborations witinnovative Medicine Initiative (IMI) fundegrojecs.
Requirements foEHS were gathered through supporting and addressiakyvorld problems
experienced by IMI TR consortia including-BIOPRED, OncoTrack, PreDIGT and
BIOVACSAFE. The first production irplementation of th& REMF platformwasdeveloped
for BioVacSafe (Biomarkear for Enhanced Vaccine Safetygn IMI funded project that
investigates vaccine reactogenicity to enhance immunosafety of novel vaccines.
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4.6.1 The ERS prootof-concept

To demonstrate the applicability of the developed framework and the usability of our platform
in supporting crosstudy research and-tse of data, we conducted a pilot study with the
European Respiratory Society (ERS) to comparéus subpopulations of asthma and COPD
patients from t wo-Bil OPKRE®ODDdE Unbstasedide B:1 Odnd r k ¢
of respiratory disease outcomes) and O6EvVAO® (
Using the metadata module, a mstady project was created for the pilot, defining two studies

with different subject cohorts, four clinical activities: laboratory tests, vital signs, spirometry
and reversibility tests, and a gene expression assay. For each activity, a dataset desgriptor wa
pre-defined based on one of the preloaded CDISC SDTM standard templates to guarantee that
overlapping clinical variables are uniquely represented across the two studies. Data files
selected for the pilot were then uploaded to the dedicated projecsgdeage and each loaded

into the data repository and datarehouse simultaneously via the loading wizard. Once
loaded, data from a total of 1,294 subjects and 39 unique and harmonized clinical variables
were readily integrated in the observation dataehaise. Usingonly the data explorer
(applying no computer programming techniquksgd investigatorsterrogated the integrated

data, used these data to genehgteotheses using visually coordinated plots @f ¢hnical

features of interestletermine instantly whethesufficient samplesvereavailable to conduct

follow on analyseand finally, savel and extraddthe desirednalysis ready datase@ne of

these hypotheses was to test whethsthma and COPD sufferers with abnormally high
eosinophil c# counts and airflow obstruction share similar gene expression profiles. This
proof-of-concept demonstrated the feasibility of reusing data for secondary research gathered
from two independent consortia by utilizing our platform and its underlying matadat
framework.

4.6.2 BioVacSafe Data Management System

Following the ERS proebf-concept, we continued developing EHS as part of delivering a
production implementation for the BioVacSafe project. BioVacSafe is a-stulty and multi

site project that genated clinical, prec | i ni c al and 6omics data fo
responses with an emphasis on immunosafety and immunogé&hibigya were collected and

stored from two independent sites, running five clinical trials investigating seven cohorts with
overlapping clinical and molecular observations. Clinical data included subject demographics,
laboratory tests (hematology, urinalyschemistry), vital signs and MedDR#®ded adverse

events (solicited and nesvlicited). Data from molecular assays included: microarray gene
expression profiling, cytokine/chemokine profiling, whole blood leukocytes, flight mass
spectrometryCyTOF) andimmunophenotyping of Monocytes using Fluorescence activated

cell sorting (FACS). The platform and its underlying metadata framework provided an
intuitive, systematic and standard compliant approach to streamline the process of data
integration and harmorazt i on acr oss the consortiabs work
module also offered researchers a systematic hypotlesisnethod to navigate through the
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entire range of data, and to export different resefrchised analysis datasets. For instaace,
common exploratory use case was to select subjects based on some combined clinical
observations specifying a potential reactogenicity profile and export their corresponding assay
data to run differential analysis to look for correlated molecular siggstu

4.6.3 Summary

This chapter introduced the art of data management. The nature of data was explored in the
context of the complicated transformations that raw data must undepgegdare data for
meticulous interrogation leading to sophisticated scientific analysis and interpretation.
Rigorous application of community data standaxds explained as a foundational necessity

to unlock the power and value of study data for subsequent integration and reuse to address
research questiom®t considered by the study investigators for which such data was originally
collected. An open systenkHS that implements comprehensive data flow and lifecycle
processes was presented as a tangibi¢otypical implementation having precedence in
driving precision medicine data analysis conducted by large scale public private partnerships.

Readers will certainly have gained appreciation of thesubstantial data processing
infrastructure required to support TR programs, infrastructure that is oftidre, best systems,
hidden from scientific data consumers. However, readers having clinical and scientific
responsibilities for TR projects should also now realize their critical responsibility in applying
their scientific expertise to aid in the desigriled data models and structures that will support
their research efforts. This aid is not omiycial for expediting the achievement of initial
research goals but mae the keyto realizinghigh valueunexpected research opportunities
through reuse diigh-quality data residing in readily approachable information systems
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Chapter 5. Getting Knowledge fromData
Xian YangandYike Guo

5.1 Obtaining knowledge from biomedical data

5.1.1 How b detect and remove confounders

Transldional medicineresearclcommonlyadoptshigh-throughput techologiesto generate
guantitativemeasurementsf patients such as microarrays, bead chips, mass spectrometers
andgenesequencing. This section discusses methods of detecting and removing batch effects
(also some unwanted variations) in high throughput experiments. Batch effects are technical
sources of variationsommonly occurringduring sample preparation. In precisimedicine
research, large cohorts are typically enrolled in the study leading to a codesp large
number of sampleg¢dandling many samples at onisetechnically impractical and hence the
data must be split into manageable roundprotessing. Batch effects cannot be avoided in
the raw data generation steps. Samplesgss®d under the same conditidesy., consistent
laboratories, reagent lots and personnel) will likely be inadvertently biased leading to variation
across sample seprocessed under different conditions. If technical variations confound with
biology, then it becomes difficult to detect real differential features from the dsfaset.
examplescan be found ih?, in which the biological factorand technical variales are
extremely correlatethatresults inconcerns otthe validity of biological finding$ Figure 5.1
provides a sampleatch effect, where ten example geaessusceptiblelThe data used in this
figure is from a bladder cancer stddigence, before carrying out any statistical or machine
learning methods for biomarker detection or predictive model construction, it is necessary to
check whether batch effects have been avoided by careful experimental design.

Batch1 Batch2

Figure 5.1: Terexample genes from different samples having different expression levels in two different batches.
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A traditional way to detect batch effect is applyagploratory approachem whichprincipal
component analysis (PCA) is one of the most popular metts As an unsupervised machine
learningtechnique, PCAperformsan orthogonal transformation to convert observations of
correlated variables into linearly uncorrelated ones. Principal comporaatdinear
combinatiors of original features (e.ggenes, proteins, lipidlsThe tansformation is presented
asclusters of data points. The data psio&n be shown in a scatterphdiere the coordinates
are principal components. PGg&commonly used as an exploratory tmoprovide an intuitive
understading of the datas&t® . Should groups or separations of data points be clearly
discriminated in the scatterplot, then the adatithin these groupsan be dividedinto
corresponding datasets. Thkata points within a group identified by PGfan thenbe
investigated to assess whether thsdsre similar characteris$icT he effect of confoundersn
further be quantifiethy examining principal components of the data. As principal components
capture variations of thelataset, the methothcorporats both biological and technical
variability. By checking the correlation between principal components and known
confounders, such as data handling time and site, we can quantify the degree of batch effects.

The volume of data generated inpeecision medicine study grows immenselyring the
conduct of the studyTherefore,PCA assessmentf large datasets has become a time
consuming task.Abraham and Inouye 201%¥ developed a highly dffient PCA
implementation based on randomized algorithms. With significant reducedaticheost,
identical accuracy in extracting the top ranked principal components is achieved. This approach
is one example of adaptingxisting traditional methods to gugrt big data in precision
medicine research. Another extension of PCA is the guided PCA m&tinidh calculates a

test statistic to determine whether batch effects vimreduced. The proportion of total
variance owing to batch effects is calculatedwad| as its probability valuelnstead of
subjective visualization, the guided PCA method provaieay to quantifybatch effect¥.

Hierarchical clustering is anothgopular explorabry method for batch effect detection.
Similar with PCA, it is als@n unsupervised machine learning methmdiscovery patterns of
samples. By usingi@rarchical clusteringsamples arerganizednto a hierarchyand can be
visualized in a dendrograth Neighboring amples in the hierarchy are close by some measure
of distance. Foinstancepatientsvith similarOmicsprofiles will beclosely clusteretbgether.
Some common similarity functions for distance calculation are Euclidean, city block (or
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Manhattan), corraltion and Hamming distancBarticularly,Euclidean distance emphasizes
on large differences as the distance is squavbile the city block distanceemoveghe square.
The correlation coefficient is commonly used to measure the similafittyvo timeseries
variables For ordinary variables, such as {low, medium, higigforecalculatingthe distance
we need to convert themto real valued numbers (such as 1/3, 2/3 andFd)categorical
variables, amming distancean be appliedin short, the choice of distance functifuily
depend®n thedata typesnd the requiremesidf similarity detection.

Once batch effectsavebeendetectedlit is crucialto removehem Along with simpleremoval
methods, such as mean centering anid-tzased methods, theexist somecomprehensive
methoddgfor high-throughput data in precision medicine research. PCA is not only a powerful
tool for batch effect detection, it can be also used to remove batch effects. Proposed in Alter et
al 2003°% PCA together wittsingular value decompositiofiSVD) has successfullemove
batch effectsn yeast cell cycle experiments acancer study. As it identifies thedirections

of greatest variatiorthis methodonly works wellwhen the systematic bias ett generates

the largestariation. When the variation of experimentalsign isof similar magnitudeswvith
thebatch effectsthis approackwould not work Therefore, other methods, suchlaes distance
weighted discrimination (DWD) methd8l, aredevelopedDWD is intrinsically avariantof
support vector machine (SVMaims atfinding a separating hyperplane between two batches
andprojectng themonto the planewith the estimatednean of each batch, tihole dataset

is correctedby removingthe DWD plane multiplied by the mean.

Linear modelscan be used foBatch effect removahs well If some specific surrogates

batch factors are knowrsuch as processing time and site, then we can directly incorporate
these surrogates iinear modelsfor group comparison(e.g, ComBat®?9). If the sources of
batch effectsire not knownthensurrogate variable analysis (SVVAan beapplied Through
investigating data pattesrtSVA determinesources of batch effec@sdincorporats theminto

linear model for batch effect removal.

5.1.2 Handling missing values

In precision medicine research, missing values are frequently encountered, datdctge

cells in a gene expression microarray, unmatched genome positions in a allggitomic

assay, unreliable measurements due the detection limit of the instruments or removed
participants in a clinical trial. As downstream data analysis metmagsly require complete

data matriceshandling missing values significantly influesdbe results ddtatistical analysis.

For example, SVD, PCA and SVM cannot work well in the presence of missing 4#alues
Therefore, it is necessary to explore methotigoping with missing values. Missing data
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values can generally fall into two categories: values are missing at random and values, when
absent, provide information about the task at hand (such as saturated détettm s)etection

of a missing value fothe second type is usually incorporated directly into the downstream
analysis model. The most common way to deal with missing data values in the first category is
doing data imputatigfi. Zero insertion is the simplest way that all missing data valees ar
replaced by zero. Considering the bias introduced by zero insertion, more sophisticated
strategiesare established to estimaiessible missing valuesdim the data. The remaindefr

this section will introduce metids to handle missing values ftypicd data types, where
methods for microarray data have been extensively studibér largescale datasets such as
mass spectrometry and phenomic data will also be investigated.

5.1.2.1 Imputation methods for microarray datasets

There are massive missing value imputation methods for microarray gene expression data,
which can fall into different categories according to different criteria. For example, four main
types of imputation methods are summarizeddunfia and Rodriguez 2@8, which are case
deletion, mean imputation, median imputation and K nearest neighbor imputation (kNNI). Case
deletion removes all samples with missing values, while mean imputation replaced missing
values by calculating the mean based on its known features. Median imputation chooses the
median rather than mean, which is supposed to be more robust to outliers. KNNI uses K nearest
genes to impute the missing values.

In Aittokallio 201C?%, imputation methods are divided into two different categories: generic
statstical methods and applicati@pecific methods. Generic statistical methods include the
traditional ones summarized lifttle 1987

1. Hot deck imputation methods do the imputation usimgrmissing cases in the
neighbeshood, among whit KNNI is the most popular one.

2. Modelbased imputation predicts missing values by usiagistical moded via the
expectatioamaximisation (EM) algorithr?.

3. Multiple imputation methods provide more than one value for each missing point,
making the downstream methods work on each complete dataset individually and
combined generate the finaksults which als reflect sampling variability.

4. Cold deck imputation imputes missing values by making use of external information,
sud as data from related studies.

Table 51 fromAittokallio 201G*° shows some basic concepts gdital generic methods. As a
departure frongeneric statistical methods, application specific methods take quality issues and
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experimental designs into csideration. The first attempt usdéke gene funabnality
information from the Gene i@ology (GO$%. GO-based semantic similarity combined with
expression similarity is used for relevant gene selection during imputation. Moreover, there are
some other sources used for expression level prediction, such as promoter sequence binding
information on transcription factots and histone acetylation sgaihformation on chromatin
structuré?.

Table 5.1: Representative missing value imputation methods &itiakallio 201033)

Imputation method Prediction variables Estimation
method*

K nearest neighbours Matrix rows (genes) WA

Least squares regression Matrix rows or columns (arrays LS

Local least squares Matrix rows or columns LS

Singular value decomposition Singul ar vectoEM

Bayesian principal componel Principle components EM

analysis

Gaussian mixture clustering Gaussian components EM

Support vector regression Support vectors QP

* WA, weighted average; LS, leastjuares optimization; EM, expectatioraximisationalgorithm; QP, quadratic
programming.

The review inMoorthy, Mohamad, and Deris 20%4urther categories the imputation methods
according to the type of information, which are grouped into four ste@éams:

1. Global approach algorithms impute missing data based on global correlation
information obtained from the entire data matrix. SVD imput&fioli, Bayesian
principal component analysis (BPCGAxNd support vector regression are typical global
metods. Many of these methods are parameter free. For example, BPCA imputation
determines the number of prediction variables automatically.

2. Local approach algorithms perform missing data estimation by only using local similar
structursin the dataset. The first methods dedicated to microarray data is KNNI, where
a distanceveighted average over K genes is used as an estimate for the missing values
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38 There are some modifications of KNNI, which mainly focus on replacing the
weighted aveage in the estimation step with regression modelsimptoving the
nearest neighborg genes selection process by using Bayesian variable selection or
Spear mano6s c o #P1% lLeagt sqoare (LR)eimpsitationetakes advantage
of both geneand array correlations for fast missing data imputation, where an adaptive
procedure for combining estimates is propd&ddcal least square (LLS) imputation

is the local version of LS, which is more popular than LS as it etmmeatically decide

the neghbahood size from the ddta LLS has an iterative version, called ILLS. ILLS
imputes missing values sequentially starting from the genes hangsing rag¢s, he

newly imputed genes are theaused in subsequent roundsiraputatiorf*. Gaussian
mixtureclustering (GMC) imputation is also a local imputation method but it is capable
of using more global correlation informatfSnGMC imputation uses the EM algorithm

to dusterdata into different groups whose values are averaged to obtain the estimates
of missing values. Collateral missing value is another imputation method, making use
of multiple parallel imputations, which gives better performance than BPCA, KNN and
LS on ovarian cancer and yeast sporulation time serie®da&meliorative missing
value imputation further improves estimation by applying Monte Carlo simulation
technique¥’. When the rate of missing values is high or binary matrices, adaptive
biclusterbased approach developed@olantonio et al. 201 is a good choice of
imputation.

3. Hybrid approacks exploitboth local and global correlation information for data
imputation. LinCmid® is a typial hybrid approach that combinesissing values
estimated by KNN, SVD, BPCA and GMC imptibn methods. LinCmb allows the
imputation to be adaptive to the datasatsh thatglobal methods have a stronger
weight in deérminingmissing valuesvhen more missing entries are present

4. Knowledge based approashincorporatbackground knowledge into data imputation.
Approaches in this category correspond to application specific methods defined in
Aittokallio 2010°, where GGbased imputation and histone acetylation imfation
aided imputation are two popular ones.

5.1.2.2  Imputation methods for other big datasets

111


https://paperpile.com/c/G8ErIr/Lo0q
https://paperpile.com/c/G8ErIr/Z1Vt

Concepts in Information and Knowledge Management for Translational Research

Imputation methods for microarray datasets canrbgrinciple adapted to other big datasets.

In particular, the labeHree liquid chromatography mass esprometry (LGMS) based
proteomics approach generates big datasets, providing quantitative profiling of complex
peptide mixture¥. However, a substantial fraction of datdh&tpeptide level is missing from
proteomic datasets, making downstream analyifisult °2 >3 >4, Similarities are shared
between proteomics and microaniagsed gene expression analysis. They both return large
matrices, where proteomics gives a matrix of quantitative values of peptides and microarray
generateprobelevel transcript®. However, the missing rate of proteomic datasets is much
higher than the microarrdyased gene expression datasets. AbotB(®0 of peptides values

can be missing while less than 5% of transcript abundances avbseted. Mreover, the
missing values usually resuttom the combination of random and r@ndom process
making the imputation more challengtigThe work inWebbRobertson et al. 20%5has
evduated 1Qypical imputation methods (e.g., KNNLLE, BPCA imputation) examiningpem

for their individual merits and caveats with respect toME proteomics data. It has been
found that no such method can always perform better than the others. Tapseferable to
consider applicatiospecific methodghat account for thenechanismgesponsible for the
missing dat2f. Other relevant data sources for missing value imputation, such as the clinical
annotation of sample¥, message RNA level, cellular leo and information about
experimentally undetected proteins can also help the imputation-M$ @roteomics dafé

In precision medicine research, another imgratriargescale data type, phenomic data, also
inevitably contains missing values causedirdurdata collection process. Phenomic data
mainly contains the information of demographic measures (e.g., gender, race), environmental
exposures, living habit (e.g., smoking, exercise), general health status (e.g., body mass index,
blood pressure and fordevital capacity), medical images (e.g., fMRI scan), drug history and
family disease histofy. Integrative analysis of phenomic data and other Omics data has been
found to improve the understanding of dise2&¥$ 5566 Approaches for reducing misgin

data include increasing structured data documentation, regddata input errors, and utilig

natural language processfigHere, we only focus on analytical approaches to cope with
missing data, primarily imputation methods. Different from datasets generated by high
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throughput experiments (e.g., microarray andM8) where continuous abundance values are
measured, phenomiathsets contain various data types including continuous, nominal, binary
and ordinal data types. As the data type is more complex, a lot of imputation methods for Omics
data types cannot be well adapted to phenomic data. Moreover, many imputation neethods f
Omics data are established by exploring the correlation of variables. However, variables in
phenomic datasets are not necessarily correlated that some missing data points cannot be
imputed from other observed variables.

Multivariate imputation by chaed equations (MICE) is one example metfimdaddressing
missing values in phenomic datasts MICE deals with multivariate missing data by
factorizing the joint conditional probability as a sequenceowiditional probabilities. Next,

MICE performs muiple regressions sequentially based on different types of missing
covariates. It is a nonparametric approach using Gibbs sampling to estimate parameters.
Besides MICE, there is a random forbased imputation method to impute phenomic data,
which is callel MissForest®. MissForest setvariables with missing values as response
variables. Other variables are used to predict the response variables through the resampling
based classification and regression trees. It is an iterative method and the firial aesul
obtainedwhen the imputed values converde Liao et al. 2014, modifications on KNN
dedicated to phenomic data with mixed types of variables have been proposed. As KNN is a
correlationbasedmethod, we should carefully choose methods of calculating correlation
according to different types of variables. Table 5.2 has listed candidates of correlation measures
for different data types used in the correlation construction of KNN. The regresdioodsie

used for imputing missing data points of different types are shown in Table 5.Ri&xoret

al. 20141,

Table 5.2: Correlation measures for different data types
Variables  Continuous Ordinary Binary Categorical

Continuous Spearman -- - -

Ordinary ~ Polyserial”®  Polycorid3™ - -
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Binary Point Biserial® Rank Phi’’,’8 --
Biserial'®

Categorical Point Biserial Rank Biserial Cr a m¥? Cr amer
extension extension

Table 5.3: Methods for gathering imputation information of different data types from K nearest nesghbo

Variables Continuous Ordinary Binary Categorical

Regression Linear Ordinal logistic Logistic Multinomial

methods regression regression regression logistic
regression

5.1.3 Basic statistical inference methods

The process gberformingstatistcal hypothesis testing the translational medicine research

is illustratedin Figure 5.2 Thenull hypothesis and its alternatiaee defined firstThenatest
statisticand its pvalue are calculated the null hypothesis iassumed to b&ue. Next, the

null hypothesis igejectedby check whethethe p-value is smber than thepre-defined
significance levef°.

Whenmultiple comparisons to test null hypotheaes performegthere is a potential increase

in statisti@al error. For example, 10,000 independent testse performedand the null
hypotheses are true, we expect about 500 tests to havalaepof less than 0.05. This would
lead to falsely invalidating the nullpothesis in those 500 tests, referred toype | error or

false positives. In high throught analysis, such as microarray, we may do more than hundreds
of thousands of tests. Thus, it is necessary to correatyes for multiple testing. Bonferroni
correctio§* is a popular way to compensate the increase of Type ferdthough the family

wise error rate (FWER) can be controlled by the Bonferroni method or its extensions, such as
t he Gi d§#® thp Tukey'steBlitheddochberg's stegp procedur® and the Dunnett's
test®, the power of detecting real differesds largely reduce. Therefore, it is necessary to
develop better technigadéor multiple testing, such that the Type | error can be maintained
without inflating the rate of Type Il errdr.e. false negatives)-or large scale multiple testing
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in precision medicine resedr,ove can instead control the false discovery rate (FDR) following
the BenjamiriiHochberg procedufé

6. Compute from the
observations the 7. Calculate the p-
observed value of value
the test statistic

1. State null and
alternative
hypotheses

8. Reject null

o WL ST 5. Select the hypothesis if the p-

assumptions for
testing

significant level value is less than the
significant level

4. Derive the
3. State the relevant distribution of test
tests statistic statistic under null
hypothesis

Figure 5.2: The process of carrying out statistical hypothesis testing.

Various statistical testing methodse available for comparing the distributiprsich as
st ud etest® Welch tesf®, MannWhitney U test or Wilcoxon rankum test®,

Kolmogorow+Smirnov test!, Chi-squared te8f, F-test (analysis of variance, ANOVR)and
permutation te$f. Usageof common statistical tests under different conditissshown in
Figure 5.3(from https://onlinecourses.science.psu.edu/stat500/node/68
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Do samples come from the same or |
different populations?

Type of data:
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|

)
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Py

One Two One Two or more
‘1" k'
([ Hcategories Two-way non- # categories Multi-way
Two Twao parametric Two Two parametric
L or more ANOVA or more ANOVA [*],1**)
4 : !
One-way Data: One-way
Data: ] ANOVA, Kruskal ired i d parametric
. . ’ - unpaired paire
| unpaired paired Wallie ANOVA (*),(**]

Ll

Less than 30

|
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More than 30
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Wilcoxon's rank
paired test(***)

Z-test for
unpaired data (*)

|
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Less than 30 More than 30 —LL_EL More than 30
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I data) Student t-test fnr} [ Z-test for
v unpaired data (*)
Mann-Whitney 2-test for

} unpaired data (*)

|

WEESE Falsu unpaired data (*) -
called Wilcoxon # observations:
test) (***) Less than 30 More than 30

|

Student t-test for
paired data (*)

]

Z-test for paired
data (*)

(*): requires homogeneous variances (F-test)
(**): check for normally distributed residuals
(***): requires similarly shaped distributions

e |

Figure 5.3 Pipelines of carrying out statistical tests in precision medicine research

|

5.1.4 Feature selection andonstruction of classifications models

To extract information from quantitative dataset® can use machine learning methods for
predictive model constructidh®® °7 %8 The datasets generated in translation medicine research
usually have much larger number of features than the sample. Thus, machine learning methods
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would suffer from the curse of dimensionalyoblem. To solve this issue, feature selection
methods for reducing the feature dimensionality is of super importance.

5.1.4.1 How to choose classification methods?

There are various classification algorithms, such as linear classifiersKa.gs her 6 s | i
discriminant®, Logistic regressiofi®, Naive Bayes classifitf, Support Vector Machir&,

decision tree¥®, Neural network¥“, Relevance vector machitt@ and deep learnir®).
Selectingclassification methasl for specificinput datasetsvill likely lead to lively debates
Exhaustively tryng different method$o see which one fit the data best can be supported by

the model selection methodsuch as Akaike information criteriff, Bayesian information
criterion'°®1% Bayes factdrt®!!), and the crossvalidation (CV}'2performance evaluation
processCommon CV methods includeaveoneout crossvalidation (LOOCV) and ¥old
crossvalidationthat splits the whole dataset into training and validatiordathsets (as shown

in Figure 5.3.

Process repeated over CV

Predictive model | Prediction produced
canstruction | at each CV fold

—>» Average accuracy

W o

CV Training dataset CV Testing dataset
ross validatio

Complete dataset

Figure 5.4 The process of cross validation for classification

Figure 5.5shows common performance evaluation mefficeni Sensi t i vi ty and
-Wi ki p e d)jwhioh areacalracysensitivity, specificity, false positive rate and false
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negative rate.Sensitivity is calculated as the probability of detecting true positives, while
specificity shows the ratio of finding negative ones correctly. To examine thignggnand
specificity at the same time, theceiver operating characteristic (RO@)rve can be
introduced, in whichsensitivity is plotted against(1-specificity) by varying threshold
settingd®®

Total population Condition positive Condition negative

False positive

Test outcome positive True positive
P P (Type | error)

False negative

Test outcome negative True negative

(Type Il errar)

True positive rate False positive rate Accuracy
(Sensitivity)
¥ True positive ¥ Flase positive ¥ True positive 4+ ¥, True negative
"~ ¥ Condition positive | ¥ Condition negative ¥ Total population
False negative rate True negative rate
[Specificity)
¥ False negative X True negative

~ ¥ Condition positive |~ 3, Condition negative

Figure 5.5 Summary of statisticaheasurements of performance

5.1.4.2 8lecing features in the classification model

As we have mentioned, the number of features is usually much larger than the number of
samples in most translational medicine research. knké¢he UBIOPRED project each
sample/patient is characterized by hdjmensional features (which can be up to milg).

This curse of dimensionalitgroblemwould result in the model owitting. To alleviate this

issue, feature selection methods can be used. Popular feature selection methods can fall into
three categories: filtering, embedding and wrapping. Filtering is the most straightforward way
to selet features before predictive model construction. Examples methods are statistical tests
using pvalues for discriminant feature selection. Limitations of filtering methods lie in the
difficulties in jointly detecting predictive power of multiple featur@s. alternative approach

is embedding, like.assd!* andBayesian learning® construct linear predictive model while
selecting features by introducing sparse constrairtis. process of this embedded feature
selectionapproach is shown in Figure 5$the grformance is evaluated via CV that in each
iteration different training dataset is udedfeature selectionhe process in Figure 5dannot
generate a single prediction model for future sample prediclioerefore, it is necessary to
explore feature selectionmethods as discussed 4t 117 118 119 The third category is the
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wrapping method, which combined use feature selection and machine learning methods to find
the best combined approach returning the best performance.

! Process repeated over CV

I Predictive model Prediction produced
I construction —d at each CV fold

! Select the top g features
with largest weights

I

. Weights of features

: ‘ Linear modelling methed: e.g., sparse

Bayesian learning, elastic net, Lasso
#

Average accuracy

| CV Training dataset CV Testing dataset

ross validatio

e mm mm mm mm mm o o o mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm mm

Complete dataset

Figure 5.6: Therocess of cross validation with the embedded feature selection approach

5.1.5 Detecing hidden patterns behind the data

One ultimate goal of precision medicine is finding patiafbred treatments/ drugs. We
believe that rany diseaseqe.g, neuropsyclatric, cardiovascular, asthma, cancer and
autoimmune disordersarenot single disease that patients should be treated differently based
on their own characteristitd. Therefore, it is necessary to identify subtypes of patients for
bestphenotyping complex diseaseHere, we would like to discuss clustering and topological
methods for hidden pattern discovery.

5.1.5.1 Clustering methods

Clustering methods, a typical unsupervised machine learning, are commonly used to find
subgroups of saples, which are generally fall intwo categoriesfeaturebased clustering

and similaritybased clusterintf! 1?2, In translational medicine researclor example, a
metabolomicsdatasetfor patientscan be represented by a matnixhere rows canbe
measurements of metaboliéed columns represent patien®ibgroups of patients can be
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detected by lastering bysimilar columns. If wewant to find detect similargroups of
metabolites and samples at the same,tiwmescan apply biclusteringethodst?3, such asCheng
and Chur c h'd soupet Hweway dustarng?, the iterative signature algoritAf

and the SAMBA algorithm (Statistic#llgorithmic Method for Bicluster Analysisf’. In
Tamay, Sharan, and Shamir 2685 the abovementioned methods are well discussed and their
example applications medical researctan be found id2° 130131,

5.1.5.2 Topological data analysis

Apart from unsupervised machine learning methods, we can also considetopsitogical
data aalysis (TDA)*?to detectthe hidden pattesof large biomedical datasétd Figure 5.7
shows example results of using TDA to identify subgroups of severe asthma pAtigia
constructsietworls to show théiddenpatterns of datase¢xplicitly, where patients of similar
features are grouped into one node. The link between two nodes indicatisgdhepmmon
patients. This approach is different from clustering, allowing overlappeejrsuips of
patients. It is a pow#ul visualizaton tool to help people quickly understand data. TDA is
geometric approach to shape recognition within dat&°. Various machine learning and
statistical analysis methods can be applied \wésds to further deep phenotypeatient
subgroups.
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B Sputum eosinophilia and neutrophilia C MAIT-cells

Eosinophilic
Neutrophilic «

Low High

D Type 2 cytokines: IL-4,-5,-13 E Tryptase

Figure 5.7 Example results generated by THA Multidimensional clusters in asthmatic patients and healthy
controls.
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5.2 Solvingpractical data analysis issues

5.2.1 Dealing with imbalanced training datasds

In biomedical researclsamplenumberinconsistencies across test classes are quite common
For exampleit is difficult to enrolllarge numbesof patientanto a rare disease clinical study
Even in the study of common disegs®ich as asthma, the numbébiopsy samples collected
from healthy controls are usually much smaller tia number osamplescollectedfrom
patients as healthy people aret likely to often be willing to undergo invasivprocedures
Most machine learning methods suffsom imbalanced training datasetmaking the
prediction biased and inaccurgfe|f the evaluation metric is not carefully chosen, the machine
learning methods may onbe optimizd to achievenoverall prediction aagracy but not be
optimized for classpecific predictions

5.2.1.1 Evaluation metrics

Accuracy is an inappropriate metric for evaluatitige performance of machine learning
methods on imbdanced datasets due to the prediction accuracy baéimginated by the
majority class. Thusve need aalternative evaluation gfefformance. Table 5.discussethe

most common evaluation metrics. Please note that TP, FP, TN and FN represent true positive,
false positive, true negative and false negative, respectively. Compared with accuracy, which
is (TP+TN)/(TP+FP+TN+FN), the metrics in Tablg.4 try to give equal emphasis to
imbalanced datasets.

Table 5.4 Evaluation metrics for imbalanced datasets

Evaluation metric Calculations

Balanced accuracy It computes the average of the percente
of correctly classified positives ar
correctly classified negatives: TP/2(TP+F
+ TN/2(TN+FP).

ROC Curve It summarises the performance over a ra
of TPRs and FPRs. TPR = TP/(TP+FI
FPR = FP/(FP+TN).

Precision and Recall Curve It summariseshe performance over a ran
of precision and recall. Precision
TP/(TP+FP); recall = TPR.

F1 score It measures the traddf between precisior
and recall by computin
1/(1/Precision+1/Recall).

5.2.1.2 Resampling methods
The imbalanced data problem can be handled by resampling methods. The training dataset can
be preprocessed to get balanced sample distributions. We can perform oversampling on the
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minority class or downsampling on the majority ctd%sTable 5.5listed ou some typical
resampling methods and their features.

Table 5.5 Different resampling methods and their characteristics

Resampling method Concept

Random undersampling The majority class samples are discarded at randc
reach a more balancedmple distribution.

Random oversampling The minority class samples are copied and repeat
the dataset until a more balanced sample distribt
is reached.

Clusterbased oversampling K-means clustering is performed on the minority cli
Then oversampling is performed on each of
clusters to have the same number of samples, an
overall dataset to be balancéfl

Synthetic nmority oversampling The training dataset is augmented by genere
synthetic minority samples based on ki

5.2.1.3 Ensembling methods

Another way to handle the imbalanced dataset predictive model construction problem is using
ensembling methods to construct several prediction models and aggregate their prediction
results. There are many ensembling methods, such as b&tjgiAglaBoos*3, Random
Forest**and gradient boosting. Table hfiefly explains their concepts and characteristics.

Table 5.6 Ensembling methods and their characteristics
Ensembling  Concept

method

Bagging It starts with generating N bootstrapped trainisgmple sets witl
replacement. Then N predictors are constructed using each bootst
dataset separately. Their prediction results are aggregated at the end.

Random It is similar with Bagging methods. The only difference is that each

Forest learner is constructed on random selection of features.

Adaboost It fits a sequence of week learners on repeated modified versions of th
The predictions are aggregated through a weighted majority vote.

Gradient It is similar with Adaboostn constructing a strong learning from a set

boosting weak learners. The wayf creaing weak learners is different. Instead
training on a new sample distribution, weak learners are trained on re
errors.
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5.2.2 Dealing with small training datasets

The lack of training data often results in overfitting when we train a model. The performance

of data analysis methods is consequently reduced. We can use ensemble methods as discussed
above to build a strong predictor from weak learn&l@ng with this kind of methods, we can

use transfer learning methods as discussed below.

Reusing knowledge from other auxiliary domains where the data is annotated is one idea for
overcomingthe problem ofa small training datasefThis framework is ca#id transfer
learning“°. Here, we would like to give an example of transfer learning in precision medicine
research, where the advance machine learning technique, deep learning, is used for disease
classification. The convolutional neural network (CNNY@dal architecture of deep learning,
can provide great advargi@ extracting information from medical imaging data. However, it
suffers from small training datasets. The workdimynh, Li, and GigeR016*¢uses transfer
learnirg to classify mammographic tumsofrom medical images via CN8N originally
pretrained for nomedical tasks. It is based on the assumption that structures within a CNN
trained on everyday objects could be used to create a @a&siforeast cancer computer aided
diagnosis. AlexNét’, a CNN model with three fully connected layers and five convolutional
layers, is used to extract featufesm images. As it is unclear which layer of AlexNet would
best fit the classification of rast tumo images, the output of each layer is fed into the
classifier to find the optimal layer. The overview of the classification methodolaguynh,

Li, and Giger 2016"%is show in Figure 5.8. Tie feature extraction step is implemented
through two different approaches: method A uses features drgretrained CNN while
method B extrets features via segmentatna-based analytical methdd81%°15% SVM is

used to construct classifiers from featsiisets generated by different methods. An ensemble
classifier is also used to average individual classifiers (methdd The classification results
show that classifierbased on method A germ comparably to the one using method B and
method C outperforms the others, showing that transfer learning can improve ceambeder
diagnosis methods without the requirement of large training datasets.
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Analytically extracted

1 Features (method B) » SVM Classifier 2

Ensemble Classifier
(Method Q)

| ROCanalysis and
evaluation (by lesion)

v

ROl Image

v

Pretrained CNN i
| »
features (method A) VM Classifierct

Figure 5.8 The overview of feature extraction adldssification methods for mammographic tumour
classificatiort>

5.2.3 Dealing with partially labelled datasets

Having sufficient labelled dataan be an issue in supendskearning and possibly unlaleel
data carhelpwith the predictionThere are many of hybrid techniques capableaihing both
from labelled and unlabed data. InBogdan Gabrys and Petrakieva 28034these hybrid
methods are categorized into three groups:laiveling, postlabelling and semsupervised
approachesach category is summarizedTliable 5.7

Table 5.7 The main categories of training methods for partially labelled datasets

Approach category
Pre-labelling

Postlabelling

Concept

An initial classifier is
constructed using labelle
data first. Thenit is used to
label the unlabeld data.
After this has been done,
new classifier is
constructing using both th
original and newly labellec
data.

A data model is constructe
using all available data wit
the application of a dat
density estimation procedul
or clustering algorithm
Then, labelled data is the

Example methods
Dara, Kremer, and Stace
n.d.1>5, Mitchell 20046,
Nigam and Ghani 2000/,
Nigam et al. 1998°

Ghahramani and Jorde
19945°  Kothari and Jain
n.d160
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Semtsupervised

used to label wble clusters
of data by counting thi
number of labelled sample
from specific classes withil
each of the clusters.

Both labelled and unlabed
data are process at the sa
time. This method si
somewhere between pr
labelling and postabelled
approaches: the clusterir
process is constrained by tl
labelled data and th
classification proces takes
into account of unlabed
data.

B. Gabrys and Bargiela
20001 | Pedrycz et al
2008162 | Bogdan Gabry:
200263

5.2.4 Dealing with theout of memory problem caused by big data

The datasets collected in biodieal research are very large with respecsample size and
feature dimension. Traditional wapf using machine learningnethods on large datasets
require correspondingly large amounts of memory andy result in thdiout of memono
problem. There are marways to overcome this problerfor exampé, we can use parallel
computing platform such as SPARK to process big data. Figure 5.9LfrbnHe ur e u X
201754 shows the main manipulations for big data using parallel computing platformsarwe
also consider reducing tlieature space (e.g., PCA) or use online machine learning methods.
The online machine learning methazs learn incrementally frommini batchesf instances

in which only a small amounof samples are loaded in the memory. There are many online

et

learning methods implemented in popular machine learning toolkits. For example, the Python

scikit-learn package supports the following four main categories of online learning algorithms:

Hwn e

classifcation-- perceptron, SGD classifier and Naive Bayes classifier;
regression- SGD regressor ahPassive aggressive regressor;

clustering-- mini-batch kmeans;
feature extractior mini-batch dictionary learning and incremental PCA.


https://paperpile.com/c/G8ErIr/Rylq
https://paperpile.com/c/G8ErIr/Rylq

‘ Manipulations |
for big data

4
‘ Data
|_Manipulations

| Dimensionality
‘ reduction

[ Instance
‘ selection

A 4
Processing ‘
Manipulations

> Vertical scaling

‘Horizontal
> scaling

Chapter 5: Getting Knowledge from Data

Algor'ithm ‘

Manipulations

Algorithm ‘
modifications

| Algorithm

"I modifications with

>/ Batch-oriented new paradigm

»  Data cleaning

' MapReduce- * Applications |

I based

i | |
N [ — - ML Platforms |

| Stream-oriented

Figure 5.9:Manipulations for big data using parallel computing platforms.

5.2.5 nstructing models from datasets having both contiuous and categorical
variables

To choose the machine learning algorithm for predictive model construction, the first step is
understanishg the data typeThe datasets might only contammerical features, categorical
features or both numerical and categorical features. For numerical data, themayaneanhine
learning methods from whicto choose, such as decision trees, naive baydel, ®qistic
regression, ensemble methods (bagging, boosting), Random forest arlhyeulpierceptron.

For categorical data, the most common machine leamgtfods are naive bayetgcision

trees and their ensembles such as Random forest, minimumcdisfassifiers or KNN with
hamming distance. For the dataset with both numerical and categorical features, we could
choose decision trees and its ensembles, and KNN based approach with the cost function
carefully designed to handle data for both typestiogy.

5.2.6 Dealing with correlated features

In biomedical esearch, the datasetsuld have highly correlated features, such as gene
expression data hese correlated featuresuld affect the performance of some data analysis
algorithms. For example, linear regression models, such as linear regression and logistic
regression, are based on the assumptions that features are independent. Multicollinearity could
yield solutions nurarically unstable and widely varyindror this reason,he severity of
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multicollinearity is quantifiedy calculating the variance inflation factor (VIFor decision
treebasedmethods, which are good at detecting interactions between different features,
correlationsamong features would mask thasgéeractions.Feature selection areduction
methods could be applied to reduce toerelation among featuresn® typical approach is
PCA. Alternatively, correlation values between featuresuld be calculatk followed by
removalof certainhighly correlated fetures

5.3 Biomarker discovery

5.31 What is biomarker?

A biomarker (also sometimesferred to ag moleculamarker or signature) ia molecule,
gene or othephysiologic characteristic thatjhen measureaian be used as an indicator of a
given pathophysiological process, disease, or disease suftlasssuch, lomarkers are
fundamental to biomedical researchiftentifying or classifyng disease sufferemjonitoring
disease stagg assed#sg responses to treatmeamtas potential inteention targets. Adiomarker
may simply be a clinical sigal such as bloodpressure or triglyceride levels. However,
increasinglybiomarkergely onsophisticatedechnological measure$ molecular physiolog
such agatterns ofjene expressioor changes in neural electrical activity. Ideally, biomarker
measuremestshould beobjective, safe and easy to collect, respond rapidly and sensitively to
biological changesnd remain consistent across cohort§ subects that share medically
relevant physical traits

Biomaikers have been especially important with respeataiacer treatment. The genetic
abnormalities that underline development of cancer cha detected objectivelyjia certain
DNA and RNA markerdo aid in precise diagnosis. Further, biomarkers can leathdoe
sophisticated therapies that specificallsg&t cancer cells while sparing healthy cells.

The increasing recognition of physiologic heterogeneity of many diseases and the importance
of personal factors and life histomas heightened the importancaddntifying and applying
informativebiomarkerdn contemporary medical research and practice

5.3.2 Oscoveling biomarkers

The pathway to biomarker discovaagdv al i dati on fAis a wor%®, in pr
although guidelines have been suggested for some ddffaind form a useful framework.

The discovery process for new biomarkers d¢g broadly divided into two contrasting
approaches: dathr i ven (al so fs-basteddjcaboi-bfigescedpe]
versus hypothésd r i ven ( fblarsewlloe bge fit ar gssdsweslibiojnarker T h e
candidates without arg priori selectioror prioritization and tests these candidatgsarallel,
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perhaps using statistical approaches to extract the best candidates. In comparison, the latter
uses contextual anthechanistic knowledge to winnotlie univese of pasible targets to a

subset ofprobablecandidatesWhile the distinction is not perféctdiscovery pipelines may

use a mixture of boththe division is useful for categorizing methodologies and
methodological issues.

5.3.3 What are challenges of bioarker discovery?

Despite the clear need for biomarkerdense effod/investmento identify new biomarkers
andcopiousdata generated by high throughput technolotliesaumber of clircally validated
biomarkers is rathenodest®®

The advent ohigh-throughput omics technologies, in whitfousands of potential targets can
be easily interrogatedithout a priori assumptions, acceleratgpothesegeneration leading
to biologic insights However extracting meaningful moleculargsatures fromsuch dense
datasetposes computational challenfés

The lack of gene set overlap betwdam FDA-approved transcriptome signatures hode
negative breast cancer prognosis, and other similar exarfSlessesconcerns regardinte
ability of purely statistical approaches produce consistent findingslany investigators are
evaluatingcombinations of biomarkers in hopes of attagsuitablesensitivity and specificity
for clinical application

Another potential source of problems lies in the study population usefarkerdiscovery.

Many populations are assembled through convenience without the intent of pursuing specific
biomarker identification and, correspondingly, are selected without perimgnsion and
exclusion criteria. Research using such populations may be susceptibiédonding factors
resulting infalse positivs.

5.4 System Biologyapproaches

5.4.1 Typical data-level integrative analysis methods

5.4.1.1 WGCNA

Weighted correlation network analysis (WGCNA)s widely used in high dimensional data
analysis to studyelationships between aeaxpressed modules (e.g., correlated gene clusters)
and with external sample tt& The basic idea of WGCNA simmarized in Figure 5.10. The

first step in WGCNA igo constructa gene ceexpression network based on the correlations.
The next step is identifying modules from the correlation network. Modules are defined as
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interconnected genes in the network, where the interconnectivity is measured by the topological
overlap measa. WGCNA useunsupervised clustieg to identify modules. Ae next step is
finding biological orclinically significant modules. Functional enrichment analysis can be used

to detect pathway memberships. Statistical significances tast be used to detettait
associated modules. To summarize the gene expression profiles of a given model, WGCNA
uses the first principle component of the expression matrix of a module as the eigeAgene.
Eigengene network is then generated to study module relationshigsfitfd any interesting
modules, we could carry out experimettt understand the drivers of these modules.

8 : R
Construct a gene co-expression network
Rationale: make use of interaction patterns among genes
\Tools: correlation as a measure of co-expression )
fldentify modules )
Rationale: module (pathway) based analysis
\_Tools: hierarchical clustering, Dynamic Tree Cut )
(Relate modules to external information L
Array information: clinical data, SNPs, proteomics
Gene information: ontology, functional enrichment
\_Rationale: find biologically interesting modules )
g A z ~
Study module relationships
Rationale: Biological data reduction, system-level view
\ Tools: Eigengene Netwib )
(‘Find the key drivers in interesting modules k
Rationale: experimental validation, biomarkers
\_Tools: intramodular connectivity, causality testing )

Figure 5.10: The main steps of the WGCNA method (ft@amngfelder and Horvath 206@2).

5.4.1.2 GSVA

Gene Set Variation Analysis (GSVA) is a nparametric, unsupervised method which
estimates the relative enrichment of a gene set of interest across a sample pbfptitation
Hence, it allows us to observe the variation in the activity of afggtnes, such as a pathway

or a gene signatay that corresponds to a specific biological condition. It produces a value, an
enrichment scoréeS), per sample and gene set, which can be examined for associations with
clinical features of interest. Thepat of GSVA can b@agene expression matrix in the form of
microarray expression values or RM&q counts. The kernel estimation of the cumaati
density function is then performead estimatethe expression level statistic, which is then
ranked for eackample. For each geset, the KSike random statistic is calculated. The gene

set enrichment score can be either calculated as the maximum deviation from zero or difference
between two sums. The output of GSVA contapsathway enriched score for eacgtngset

and sample.
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5.4.1.3 SNF

There are many computational methods to integrate multiple datasets togetHeaniy,
Chaudhary, and Garmire 2017 both unsupervised and supervised datgration methods

are discussed. There are mainly five categories of unsupervised data integratiors M&thod
which arematrix factorization, Bayesian, netwebased, multiple kernel learning and multi
step analysis. Here, we would like to discuss gpecal networkbased approach, Similarity
Network Fusion (SNF), that we used time U-BIOPRED project for multiple Omics data
integration. SNF fusegliverse typsof genomics datasets in a cesticient manner, analyzing
different layers of biology on theame patients, clustering patients based on this fused
matrix'’”. The method usesetworks of samples generated from different Omics tyatssas

the basis for data integration. SNF returns a single similarity network that cdpithreshared

and complerantary information from different data sources. Figurel ftom 178 shows
illustrative steps of SNF. In this example, two types of datasets, mMRNA expression and DNA
methylation, forthe same patient cohort are loadatb SNF (as in Figure 51&). Then,
similarity matrices, as it is shown in Figure Bol are constructefibr each data types. Patient
similarity networks are then built using similarity matrices with weighted edges representing
pairwise sample similarities (see &c). The network fusion step in 8d applies a nonlinear
method based on messgugssig theoryto iteratively update the network and make these
similart’®. As a result, weak similarities are removed while strong similaritiasedhamong
networks are retained
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5.4.1.4 Deep learning

In recent @cadesdeep learning has attaingded success in the areas @mputer vision,

remote sensing, natural language processing and bioinformatics. With the massive
accumulation of Omics and healthcare data, deep learning has been increasingly used in
precision mediine research, such as biomarker identification and drug dis¢8%eBeep
learning algorithms are based on the use of compositionaksl@jeneurons which can be
successfully applied in disease subtyping. For exanide, et al. 2018 utilized deep
learning methods to categorize breast cancer patients using the informataarteelxfrom
genomewide assaysLasko, Denny, and Levy 203% combinedsparse autoencoders and

Figure 5.1.: lllustrative steps of SNF
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Gaussian processé¢o distinguish gout from leeknia using uric acid sequencegang et al.

2015®3 developeda multimodal deep belief network for ovarian cancer patients clustering
using genomic da. Miotto et al. 2016%* presented a threlayer stackdenoising autoencoder

to derive a generglurpose patientepresentation fronelectronic health records.e&ture
construction via deep learning approaches has been shown to efficiently reduce the training
data size for subsequently supervised anakjzes

Deep learning has also been applied to integrate multgikesets in biomedical research as
well. In Liang M n.d®, a multimodhdeep belief network (DBN) is used for data integration.
The basic idea is shown in Figure &.(from Liang M n.d!®). It first use a restricted
Bolzmann machine (RBM) to encode latent features defined by each input dataset. Then,
hidden variables from different modularities are fused together using the contrastive divergence
(CD) algorithm. Finally, the joihrepresentation of features used for predictive model
construction.

Hidden Variables C )

A

A A
Hidden Variables (¢ C.‘. ‘)
A A &
Visible Variables 209 - C... .)
GE DM DR

Figure5.12: An example of a multimodaleep learning model for data integration (GE: gene expression, DM:
DNA methylation, DR: drugesponse).

5.5 Disease maps

5.5.1 Brief overview

A disease map is defined as a pathwwaged computational representation of disease
mechanisms. It is a conceptual model built as a reflection of the published papers and inputs
from domain experts. A dissamapc o nt a i n gelafed siggieyanse@bolic and gene
regul atory processes with evidence ¥ their
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The concept of disease maps was first introduced with comprehensive reconstructions of
di sease mechanisms for Parkinsonods d¥%¥ease,
191192 further developed within the eTRIKS Disease Maps'#3nd evolved into the Disease

Maps Communit}p4 19519

The Disease Maps Community brings together mleltgroups from many countries argd
quickly growinginto a larger international effort. The involved projects are focused on lguildin
maps for specificliseases and developing the necessary suppanfiggtricture and tools.
Onetheme is consdtiating esource into a centraéd repository. This topic was extensively
discussed during the 3rd Disease Maps Community Meeting (DMCM20)18and a
combination of the Biological Pathway Exchange fofifand the Neo4j Graph Database
environment®2%s suggesteds a possible solution.

Most of the current mapa the responsibility of the authors of this sectase developed in
CellDesigne (http://www.celldesigner.ongwith the possibility of providingll of thesemaps
in the Systems Biology Graphical Notatith (SBGN), Biological Pathway Exchange
(BioPAX), the Systems Biology Markup Language (SBff&and image formats.

Theinvolvement of domain experts from several independent gis@psextremely important
aspect of constructing high quality disease maps. Such aiganganized as a joint effort
acrossseveral groups coordinated by the leader of the map development.

5.5.2 Computational approaches for disease maps

Computational modelling approaches for dises are prested in the following chapter. In
this sectioncomputational approachesiited specifically for disease maps are introduced
addresmg theiradvantages ahpitfalls. Two major directiongre described:

1. networkanalysis for disease maps
2. computational modelling, from static representation to dynamic exploration

5.5.2.1 Network analysis for disease maps
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Given the nature of mechanistiepresentations within disease maps, netviiased
approaches arerdictly suitable for disease mapdelling. Networks can be used, for example,

to identify key interactions within disease maps and to explore the impact of their individual

or joint alteations on disease progression. Sensitivity of drugs can be also predicted by
investigating the network topology and analpg perturbations induced by a chosen
combination of molecular drug targets within a given disease map. Networks can be also used

for comparative analyses between various disease types or stages and identification of the
common sets of molecular mechanisms and modules across different pathological contexts.

For example, a recent netweblased comparison performbédet ween Paraged nsono:
related diseases is presentethia work by Glaab and coauthtfs

5.5.2.2 Modelling: from static representation to dynamic exploration

While a disease map offeesstatic representation of current domaixpert knowledge on
specific stages of disease or a subtype of a disease, computationdélimyg approaches
assist in understanding dynamic features leading to disease initiation and progression.
Computational models of disease maps can be used, for example, to make predictions on
disease pragssion and omedication efficacy, to identifgandidates for drug repurposing, to
refine and validate existing hypotheses and to postulate new hypotheses towards identifying
improved therapeutic solutions. While a computational model for a given disegsean be

seen as a powerful meano gain further insighinto the diseae slynamic aspects, its
development depends highly on the level of detail and on the quality of information integrated
into an initial map This process may be a complex requiraditional steps such abhe
creation of a repository with quantitative experimental data. Moreover, the development of the
model should be driven by cleal questions and needtls facilitate its \alidation through
clinical studies.

Examples of computatnal approaches suitable ftisease map modelling include:

1. logic models, (such as deterministic and stochastic Boolean networks) abdsetk
approaches for signalj and regulatory networks

2. steadystate approaches (e.g. flux balance analysignetdolic networks

3. gquantitative kinetic models, ifiketic information is availableGiven the recent
technical developments, we foresee that the integration of disease maps inscabeilti
modelling approaches, which span specifics from the molecular feeeigh cellular
scale to organ and organism levels and permit inclusion of experimental data at all
system levels, exploration of intecale phenomena relationships and analysis of
perturbations at system level, becomes achievable.

Summary
This chapter provided a comprehensive overview ofvifge breadthof analyticalconcepts
andmethods pertinent to translational resea@neral strategidsr imputing missing values,
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addressing confounding variables and performing statistical infeted¢e explanations of
specialized methods for addressing patterngeition in large scale dataseis¢luding those
commonly used for clustering and classification. Topics pertit@rgupervised learning
methods including training setbalancing and featar selection, were introduced with an
emphasis on reviewing contemporary biomedical deep learning applicafioadly, this
chapter reviewed system biology approaches for gaining biomedical insights including
molecular network representations and analysig/ell as the creation of consolidated disease
maps. This review included several methods that were developed by the chapter kighors.
hoped that readers will repeatedly refer ttis comprehensive review of computational
approaches tatranslational research for guidance regarding analytical approaches to
exploratory clinical studies.
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Chapter 6. tranSMART: A Data Warehouse for
Biomedical Data Analysis

Florian Gutton andYike Guo

6.1tranSMART background

Much enthusiasm and energy are being directed towardsmene software approaches,-pre
competitive data sharing, and external innovation in the biophartizdeundustry.
TranSMARTwas developed by the Centocore division of Johnson and Johnson (J&J) and was
released open sourda 2012to pr omot e t huse as § standandotrmnslational
information solution across academia and i

n d

for the platfor mdés c onAdditionally,dostly datahcaraticaad deve

mappingefforts could be minimizedcross community research partnerdlifpartners used
the same information system, greatly enabling dathange

The architecture and features of tranSMARIll be detailedin this chapterJ&J extened

12B2 (Informaticsintegrating Benchtop to Bedside), an open license clinical data eraead
platform developed by investigators at the Harvard Medical School, to support the management
and analysis of microarray gene expression platforms thereby creating tranSMARIE.

time of this writing, the latest tranSMART version release is v1¥dilable from the
12B2/tranSMART FoundationThis version was funded by cert@&mRIKS partners and is also
released as eTRIKS version 5.0 with the eTRIKS version haviregvly developedjraphical
user interf ace TheardnEMART erBiadetdiledrin thisncleapter is v16.2
which, at the time of this writing, is the most recent stable release.

TranSMARTIis comprisedf aweb 2.0application for data analysis and visualization which
uses the open license statistical application R for matheahabmputing an extract transform

load (ETL) application for ingesting data into the platform and a relational database for
persistingdata loaded to the platform. Although the initial version of tranSMART was
dependent on the commercial Oracle relatialatabasenanagement system (RDBMS) users
now have a choice between using Oracle or the open source PostgreSQL RDBMS.

Developers representing a variety of organizations have made tranSMART interoperable with
value addednalyticalsolutions including the Galaxy data analysis platform, Dalliance genome
browser, Cytoscape network analysis platform, GeneData Profiler, InterRathway
Analyzer, XNAT image management platform and many others.
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6.2 Background

tranSMART consolidates clinical and corresponding high dimensional molecular datécs

(gene expression profiles, genotypes, serum protein panels, metabolomics, proteomics data,
etc.) across one or more studigthin a single data warehougéhe tranSMART ETLprocess

can load a wide variety of clinical datasets, regardless of the souhasefdata, provided that

a curator can map thadividual data elements into the tranSMART database. lotjoeg a

great manystudies have been mapped and loaded into tranSMART insthost=d by a
sizeable community obrganizations. Moreover, a set of successful service providers have
emerged to support data curation and hosting for tranSMART us®aly/sis ready data sets

in tabular formats (i.e. primary data sets as described in chapter 4) that -preqassed
aganst community or organizational data standards having values that have been prepared for
use by analysis methods are very well suited for tranSMART. Specialty data modalities, such
as medical images, have been supported by custom integrations with fiurfjoose
applications. For examg@] an organization has enabledretrieval ofmedical imagesvith

clinical attributesby maintainng references between subject and visit data stored in
tranSMART with corresponding medical images stored in XNAT

Analytics & Search & Browse
Modeling Toolbox Tools

Information Standards - 1) Ontologies, taxonomies & vocabularies. 2) Syntactical Stds

Curation/ETL Curation/ETL Curation/ETL
Clinical Data Biomarker Data Contextual Information

MRI ,
M

Figure6.1: Diagram of the tranSMART

tranSMARTusesa threetiered architecture, presentation tiehusiness tier, and data tier. As
such, presentation, business procegsiand data managemearte physically separated as
shown in Figureb.2 to easenaintainability with respect to upgrading, replacing or substituting
with respect to any of the tiers.
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6.2.1Presertation tier

Thepresentation tieis built from a suite of technologies including such as Jan@dvy server
pages (GSP, JSP), Ajax JavaScript Framewd®)N and XML. The presentation layer is
mainly written in GSHor rendering views using th@railsframework allowing dynamic and
static @ntent to be used in combinatidkjax JavaScript framework buildynamic web pages
on the clientorowser (preferably Firefox or Chrome)SON and XMLare used to pass data
between the server and browser applications

6.2.2Business tier

The business tigs responsible fodata processinmcluding brokering interactions between

the data and presentation tiefsie business tier implements t8pring Securityfframework.

Most of the business tier softwarevigitten in Grailsincluding theModel and Contrdler
components of thenodelview-controller (MVC) patternt h a t I's centr al t o
design. tranSMARTuppors both SOAP an®ESTfulweb servicesSOAP (Simple Object

Access Protocol) is a protocol for exchangstryictured informatioacross networks theglies

on XML (Extensible Markup Languag®&r its message formatranSMART also provids a
RESTful (Representational State Transfer) web service application programming interface
(API) to ease interoperabilityThe business tier inbmentsa A p 10 architegtune that
includes the R module for mathematical computingThe business tier implements the
operational services such as search, analysis, export and several others that will be detailed
later.

6.2.3Data tier

This datatieris esponsi bl e for exposing inforfieati on
system. As noted above, there is a choice between the Oracle and PostgreSQL databases.
GORM (Grails Object Relational Modedind hibernate are used favject relational mapping

to encapsulate the database from the business tier query logic.
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Presentation tier

Ajax Javascript Framework
Web based user

interface GSP/JSP Json/XML
. . v
Business tier Security (with Plugins)
Data processing
and business Controller Web Services Plugins
logic evaluation. SOAP RModule
Moves and Model Restful Container
transforms data &»H A
between g E aC
presentation and . ad
data tier Service 12b2 CRC Analysis Search Plugin Reg
Filter i2b2PM Async Job Data Import
Doc Index 12b2 Ontology Data Retrieve Data Export
o A

Data tier

Data is stored
and retrieved in

the database or

file system. Klfr:%"rﬁg%e File Storage

Figure6.2: tranSMART thredieredarchitecture

6.3tranSMART functionality

Programming AP
" °

1
Web Service

Datg Integration

External Systems

Although this section does not review all tranSMART capabilities it will provide the reader
with enoughnformation to understand how tranSMART can support translation research study

teams.

6.3.1SearchPanel

TranSMART allows users teearch there is a searttie system generally to discoveseach
data and literature that matsharchterms that the usqrovides.Files that are returned from
the search can be added to d t@rexport. Se&igure 6.3Selected results from the search box

can be used as a filter in the Active Filters box on the left panel.
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« ) [an v |

Active Filters ard Bl | Filter |

Free Text > death B4

Navigate Terms

= _JUK_Biobank (21/01/2019) B
=) Health-related outcomes
= _J Algorithmically-defined outcomes
= Myocardial infarction outcomes
=i_Jinstance 0
4 |_] Date of first myocardial infarction.0

| Date of first NSTEMIL.O
| Date of first STEMI.O
=J'_J Source of first myocardial infarction report.0

LB w

abc Death only
abc Hospital admission
abe Self-reported only
=] Source of first NSTEMI report.0
abc Death only
abe Hospital admission
4 |_]Source of first STEMI report.0
# |__)Cancer register
=) Death register
= Jinstance 0
4 || Contributory (secondary) causes of death: ICD10.0
4 ] Contributory (secondary) causes of death: ICD10.1
4 || Contributory (secondary) causes of death: ICD10.2
4 | Date of death.0
4 |_| Description of cause of death.0
=] Source of death report.0
abc IC Death Format (2012 onwards)
4 _lUnderlying (primary) cause of death: ICD10.0
121 Age at death.0
=) Hospital in-patient
4 [_)Admission and discharge

=) Diagnoses
4 |_1Spell and Episcde Data (diagnoses)
= 3 Summary Information (diagnoses)
=/_Jinstance 0

41 () Diagnoses - main ICD10.0
#|_) Diagnoses - main ICD10.10
41 |_) Diagnoses - main ICD10.11
#|_) Diagnoses - main ICD10.12

Figure 6.3 Search Panel

6.3.2Analyze

tranSMART provides a biological concept search to build one or more cohorts of subjects using
tools within the Analyze window. The analyze tool consists of a study hierarchy which is
configurable by ETL curators for individual studies and is created asfiie ETL mapping
process. The study hierarchy, or Program Explorer, is to the left of the Browse Window.
Attributes within the study hierarchy can be identified through a free text search box. Attributes
identified in this manner are opened and disptay the hierarchy tree utility.

Alternatively, users can use the hierarchy tree utility to manually navigate study hierarchies to
find attributes of interest. Attributes (associated with data values) are leaves of the study
hierarchy.

Users can select clinical attributes of interest by dragging and dropping these into one or more
guery boxes of the search interface (right side of the Browse window). Attributes dragged and
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dropped within

to bool ean nando

boxes
|l ogi c.

ar e

sibutes aerost boxes areosobfedt e a n
(list(s) af subjectsyarabe created o n e

based on the attributes selected and how tesarranged in the query boxes. Biggire 64.

«) |an N~

Active Filters and Bl | Filer |

() Across Trials
UK_Biobank
943 UK_Biobank_{21/01/2019)
&(2) Additional exposures
@ (1] Biclogical samples

# ] Date of first myocardial infarction.0

(] Date of first STEMLO

@

8 () Date of first NSTEMLO

a

33 Source of first myocardial infarction report.0

sb< Death only
sbe Hospital admission
sbe Self-reported only
() Source of first NSTEMI report.0
8 2] Source of first STEMI report.0
{3 Cancer register
3 Jinstance 0
3 () Behaviour of cancer tumour.0
@ (] Date of cancer diagnosis.0
@ (] Histology of cancer tumour.0
@ () Typa of cancer: ICD10.0
4 [_JType of cancer: ICD9.0
123 Age at cancer diagnosis.0
121 Reported occurrences of cancer.0
#(_Jinstance 10

_instance &
instance ¢
9] Death register

Browse

Comparison  Summary Statistics  Grid View  Advanced Workflow

Subset 1

Include

a0 Hospitel admission

Include

123 Age at cancer diagnosis.0
123 Reported occurrences of cancer.0

Include

Sample Explorer  Gene Signature/Lists ~ GWAS  Upload Data

SmanR  DataExport  Exportlobs  Workspace  Genome Browser

Subset 2
i Clear Panel Include i Clear Panel
wc Sel-reporied only
£ Clear Panel Include £ Clear Panel

123 Age at cancer diagnasis.0
123 Reported occurrences of cancer.0

A Clear Panel Include A Clear Panel

Save Comparison 4 Clear All Panels and Analysis

Admin  Utilities

Report a problem

Figure 6.4.Cohort selection panel whenaultiple subset can be selected for comparison

I f the ASummary

be summari zed.

Statisticso tab is selected
statistics with respect to the cohorts and displays these on a new view (see6Eyure
Attributes that are dragged and dropped from the navigation tree onto this inteiifadso

f two

cohort ar e

r etgstrfcd s ent e c

inferring meaningful differences in attributes across the cohbttserke is only a single cohort
selected the data will be displayed in a summary manner.
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«) |an >

Active Filters and Bl | Fittr | Clear |

& (1) Across Trials
UK_Biobank
943 UK_Biobank_{21/01/2019)

23 Health-related outcomes
J3 Algorithmically-defined outcomes
53 Myocardial infarction outcomes
I Jinstance 0
3 () Date of first myocardial infarction.0
@ ] Date of first NSTEMLO
@ () Date of first STEMLO
53 Source of first myocardial infarction report.0
s< Death only
sbe Hospital admission
sbc Self-reported only
@ () Source of first NSTEMI report.0
@ () Source of first STEMI report.0

iour of cancer tumour.0
@ (] Date of cancer diagnosis.0
(] Histology of cancer tumaour.0
# ) Type of cancer: ICD10.0
# ] Type of cancer: ICD9.0
123 Age at cancer diagnosis.0
123 Reported occurrences of cancer.0

@ (Jinstance 10
& Jinstance 1
@
80
80
) nce
] nce
] n
& (Jinstance 8
@ Jinstance 9
# (L) Death regist

Browse

Sample Explorer  Gene Signature/Lists ~ GWAS  Upload Data

Comparison  Summary Statistics  Grid View  Advanced Workflow  SmamR  DataExport  Exportobs  Workspace  Genome Browser

Analysis of Source of first myocardial infarction report.0

No i test calculated: subsets are digjointed

0 5 10 15 20 25 30 35 40 45 0 5 10 15 20

Death only

Death only

Hospital admission Hospital admission

Sell.reported only

Sel-reported only

Catagory Subset 1 {n) | Subset 1 (%n) Category Subset 2 (n) | Subset2 (%n)
Death only 0 00% Death only 0 00%

Hospital admission a7 1000% Hospital admission 0 00%

Seltreported only 0 00% Selt-reported only 20 100.0%

Analysis of Age at cancer diagnosis.0

T-test demonstrated results are significant at a 95% confidence level
With a p-vaiue of 0.04787 for a T-stal st -2.02602

75
12 0
10 Subset 1 Subset 2
65
Mean: 60,21 Mean: 63.94
& Median: 6257 | | Median: 8576 | °
6 1GR: 8.7 IGR: 6.7
§D:878 §D:5.91 55
4 Data Points: 47 | | Data Points: 20
50
45
o
35 40 45 50 55 60 65 70 75 Subset 1 Subset 2

Analysis of Reported occurrences of cancer.0

T-test demonsirated results are not significant at a 95% confidence level
With a p-value of 0.10292 for a T-stat at 1.65536

Figure 6.5 Summary statistics displaying information about the currently selected cohort

Admin Utilities

(S Print

Reporta problem

Data can be secured at the study leveldpiaistrators. Studies hierarchies will not open for
user who are not authorized and, therefore, their data will not be selettabieles associated
with studies can be set as follows.

1 View: The view role allows users to define the criteria for the study groups to be
compared, generate summary statistics for the study groups and specify points of
comparison for the study groups.

1 Export: The exportrole assigns users the view role and allows usesggat data.

1 Own: Users with OWN access\el are assigndtieexport rolesand are noted subject
matter expert for the study.

Cohortqueries can be saved (the query is saved-buitd the result set, the result set is not
saved with the query) for recall or to share with other ussng) the workspace tab (see figure

6.6).
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Figure 66: Workspace environment where cohorts can be saved

Showing 1 to 10 of 140 entries 12345 Naxt] ast]

Report a problem

Once cohorts are selected, corresponding high dimensional datasets can beitulbset
cohorts and applied ianalysis methodd he Advanced Workflow taloffers severahnalysis
tools that can be apptigo selected cohorts includigrrelation analysis, forest platirvival

analysis,heatmap generatiopyrincipal component analysis (PCAgcatter plot with linear
regression, box plowith analysis of vaence, hierarchical clustering, IC58-Means

Clustering, Line graph, Logistic regression, Fisher test, Waterfal(s#et Figure 6.7)

Comparison Summary Statistics Grid View Advanced Workflow SmartR Data Export Expor
-

|0.Analysisv

aCGH Survival Analysis

Box Plot with ANOVA study and the analysis will not work. Please go back to the Comparison tab
Correlation Analysis

Frequency Plot for aCGH

Group Test for aCGH

Group Test for RNASeq

Heatmap

Hierarchical Clustering

1C50

K-Means Clustering

Line Graph

Logistic Regression

Marker Selection

PCA

Scatter Plot with Linear Regression
Survival Analysis

Table with Fisher Test

Waterfall
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Figure 6.7 List of availableworkflows

Each advanced workflow method has its own pertinent input form and output disp&y
Figure 6.8, Figure 6.%igure 6.10, Figure 6.11he workflows generally extract data and
launch an R script to generate the analysis and output files. While the analysis is running the
window displays a progress bar. On completion the results dispfmaegp Any images or
output files should be available to view or download.

Variable Selection @

Independent Variable Dependent Variable

Select a variable from the Data Set Explorer Tree and drag it into the box. ~ Select a variable from the Data Set Explorer Tree and drag it into the box.
At least one of the variables selected should be a continuous variable (e.g. At least one of the variables selected should be a continuous variable (e.g.
Age) and one should be a categorical variable (e.g. Tumor Stage). A Age) and one should be a categorical variable (e.g. Tumor Stage). A
continuous variable can be categorized using the binning option below. continuous variable can be categorized using the binning option below.

123 FVC Actual (L) 123 Days Since Screening (Bronchoscopy Visit 1)

High Dimensional Data || Clear | High Dimensional Data || Clear |

Variable: Independent v
Variable Type Continuous v
Number of Bins: 4

Bin Assignments Evenlv Distribute Population v

I Manual Binning

Enable binning

Run

Figure 6.8 Inputparameter screen for ANOVA analysis

Plot

Labels

variableLabel :

>x plot node: Agilent 244K Custom Gene Expression G4502A node -

subset :

totaINumberOfValuesincludingMissing

Subset 1

gene expression/Agilent 244K Custom Gene
Expression G4502A-07-3_s1
highDimensional_n0

s1

Subset 2

gene expression/Agilent 244K Custom Gene
Expression G4502A-07-3_s2
highDimensional_n0

s2

W 3 7927230 1460748
numberOfMissingValues : 0 0
numberOfSamples : 445 82

o min -11.785 -9.893
max : 12,679 10.4765
mean : 0.00396021493340492 -0.00564896997491165
standardDeviation : 1.341871275588 1.36800053054997
q1: -0.6313 -0.658625
median 0.0195 0.00858333333333

Ll q3: 0.618 0.6215

Figure 69: Intermediary step of an advance workflow using SmartR
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WCEE-MCEE 9242777730761 | 0.272009402003388 | 2.4365 0.271527030848197 | 0292 4.32600877491785 | 0.267460331507608 | 0.0000180851320625082 | 0.0169562300822697 | 2.61073340424214
DAG1--DAG1 2.45520979065208 | 0.269816803945738 | 2.65880357143 | 0.211566007047977 | 0.26525 -4.27424287171885 | -0.262782553439299 | 0.000022753 1167987349 | 0.0193011438358411 | 2.41779126794437
GLYAT-GLYAT 1.72874318378592 | 2.07959347627404 | 3.85233333333 | 0.834178020240332 | 0.2885 4.28068573659366 | 0.727797769252058 |0.0000221257114702665 | 0.0193011439358411 | 2.44237267448482

Figure 610: Final analysisvith Heatmapworkflow
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Box Plot

ANOVA Result

Visit 1)

p-value | 0.895

Fvalue | 0.199

g Group Mean | n

-3.42000 < X £ 1.64000 317 6

1.64000 < X < 6.08000 306 5

Since

10.97000 < X < 3262000 | 24.3 3

6.08000 < X < 10.97000 15.5 2

Pairwise t-Test p-Values

[ Q -3.42000 < X < 1.64000 1.64000 < X < 6.08000 | 10.97000 < X < 32.62000
1.64000 < X < 6.08000 0.951 NA NA

10.97000 < X < 32.62000 | 0.717 0.764 NA

ne® 10970%®

e %
42000 7000 ¢ 08000 ¢ 6.08000 < X <10.97000 | 0492 0.531 0735

Figure 6.11Result of an ANOVA computation

The Grid View tab is used to display cohort data in a tabular foseatKigure 82). Users

can add attributes to the grid via dragging and dropping concepts from the navigation tree and
sortthe grid by any column in ascending or descending order. Users can remove columns from
view. Clinical data presented in the grid view can be exported as a delimited file (.csv, .xIs).

Figure 612: Grid view exposing the data values








































































































































































































































































































































































