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Summary

The title of this dissertation is Challenges and Enablers in the Collection of Health Data
for use in Phase II-1lI Clinical Trials, and the main aim of this research is to identify the
challenges and to outline the enablers that may enhance the clinical health data

collection process for phase -1l clinical trials.

Janet Woodcock, of the FDA's Centre for Drug Evaluation and Research, told a recent
workshop that “the clinical trials system is "broken" and there needs to be new ways to

collect and utilise patient data” (Woodcock, 2017).

Clinical research is facing many challenges in the collection of health data for use in phase
lI-11l clinical trials. The key elements that will shape health data collection in clinical research
are the collection of data securely for secondary use; the development of consistent
standards; adherence to applicable regulatory and ethical guidelines and legislation;
collaboration across teams and networks; improved end user experience; and the

convergence of patient care and clinical research practices (Embi & Payne, 2014).

The shifting clinical research landscape means that researchers are forced to review current
practices and look for new ways to collect data. Reviewing current literature and qualitative
research through interviews with key informants, the challenges and enablers in collection of
Health Data for use in Phase IlI-Ill Clinical Trials have been explored. Several key themes
emerged, and despite the desire to use data collected in health records as the primary
source of clinical research data, obstacles such as regulation and data privacy remain, and
no clear path has yet emerged for how the data collection process for phase Il-lll clinical

trials will evolve.
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1

1.1

INTRODUCTION

INTRODUCTION

This chapter outlines the dissertation title, provides context on the clinical
research industry, outlines the motivation for the research and the research

aims, and provides an overview of the dissertation.

1.2 CLINICAL RESEARCH INDUSTRY CONTEXT

The clinical research industry is seeking new ways to manage clinical trials by
establishing networks and consortia with healthcare providers, clinicians, and
patients through a range of initiatives (Wang & Motti, 2015), with the aim of
streamlining the data collection process.

Clinical research is heavily regulated and data collection practices are slow to
change. The last technological evolution was the adoption of electronic data
capture (EDC) for the direct capture of patient data at hospital sites over 15
years ago. Since then, despite in-roads in the collection of patient reported
outcomes electronically, and technological advances such as the release of
Apple’s Health Records app (Apple Inc, 2018), the current data collection
processes have not changed greatly, and there is little interoperability across
data collection systems.

The tried and tested processes for the collection of health data for secondary use
in clinical research are ripe for disruption. The key elements that will shape
health data collection, include the collection of data securely for secondary use;
the development of consistent standards; adherence to applicable regulatory and
ethical guidelines and legislation; collaboration across teams and networks;

improved end user experience and the coming together of patient care and
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clinical research practices to develop evidence-based research and practice, and

data “contextualisation” (Embi & Payne, 2014).

1.3 CHALLENGES

Clinical research is facing many challenges. Estimated costs to bring a new drug
to market are in the region of $2.6bn (Mullin, 2014) over a 12-year period
(Torjesen, 2015), and only 14% (approx.) of all clinical trials are approved
(Wong, et al., 2018)

Industry leaders, such as Janet Woodcock, of the FDA's Centre for Drug
Evaluation and Research, told a recent workshop at the National Academies of
Sciences, Engineering, and Medicine that “the clinical trials system is "broken"
and there needs to be new ways to collect and utilise patient data” (Woodcock,
2017).

In a survey of over 300 industry professionals, to assess the barriers in the
delivery of clinical trials, over two thirds of responders identified challenges in the
lack of data visibility and the inability to interrogate related issues in real-time.
Too many disparate data sources made it difficult to foresee issues, and the
majority favoured the development of unified data platforms such as interactive
dashboards for analytics, and the automation of key performance indicators and
alerts. All responders identified data quality as their biggest challenge (Hublou,

2016).
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1.4 MOTIVATION

In 2015, | was assigned to the International Consortium of Health Outcomes
(ICHOM, 2018) which aims to collect health outcomes data to drive improved
standards of care. | had been familiar with the collection of health data for
secondary use in clinical research using systems and processes prescribed for
the clinical research industry. The ICHOM project introduced new research
avenues to me by suggesting that patient data could be collected once for both
primary care and secondary data use. Today, like many other initiatives that are
seeking to streamline the collection of health data for secondary use, the ICHOM
project is still in the pilot phase and has not developed a solution that could be
implemented for phase -1l trials. My belief is that the clinical research industry
will not change itself, and despite efforts to transform the industry from within, it
is likely to be replaced by new players in the market such as Google Health

(Google, 2018).
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1.5 DISSERTATION TITLE & RESEARCH AIMS

The title of this dissertation is Challenges and Enablers in the Collection of
Health Data for use in Phase II-lll Clinical Trials, and the main aim of this
research is to identify the challenges and to outline the enablers that may

enhance the clinical health data collection process for phase IlI-Ill clinical trials.

The aim of this research is to:

e Outline the current practice for data collection in phase Il-lll clinical trials with a
focus on the collection of eCRF data

e |dentify gaps or pain points in this process

¢ |dentify new developments in the industry that are impacting the data collection
process

¢ Review new ways of harnessing health care data for clinical trials, such as direct

access to EHRs (Cowie, et al., 2017)
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1.6 OVERVIEW OF THE DISSERTATION

This dissertation is presented in six chapters, as follows:

Chapter 2: Background. This chapter provides an overview of clinical research
and the four phases of clinical trials in human subjects relating to sample size,
trial design, data collection practices and trial duration. A definition of EHR
systems, as it pertains to this research, has been provided.

Chapter 3: Literature Review. This chapter outlines the key challenges and
enablers in the collection of health data in clinical trials today and how new
developments may contribute or hinder the use of health data for secondary use.
Chapter 4: Research Methodology. This chapter outlines the approach to
addressing the research question; the research methodology deployed, including
the data collection and analysis processes; the reasons why these
methodologies were chosen; and the limitations of these methodologies.

Chapter 5: Qualitative Research Results. This chapter outlines the qualitative
research findings from a series of interviews with key informants and presents
individual and integrated research findings which highlight the key themes
emerging as a result of the research.

Chapter 6: Discussion. This chapter discusses the results of the key informants’
interviews and compares these results to the current literature.

Chapter 7: Conclusion. This chapter presents the conclusions and

recommendations, including suggestions for further research on this topic.
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2 BACKGROUND

2.1 INTRODUCTION

2.1.1 This chapter provides an overview of clinical research and details the four
phases of clinical research trials in human subjects, including an overview of the
data collection processes for phase II-1ll clinical trials. A definition of EHR, as it

pertains to this research, has been provided.

2.2 WHAT IS CLINICAL RESEARCH?

The NHS describes clinical research as “how we develop new treatments and
knowledge for better health and care, building the evidence for new approaches
that are safe and effective” (NHS, 2017). While Kamateri et al, refer to clinical
research as targeting “new and better ways to understand, diagnose, prevent or
treat a specific pathological process” (Kamateri, et al., 2014). At any one time,
thousands of clinical trials are ongoing. The US government website provides
details for approximately 280,000 global clinical trials, of which over 66,000 are

active (US National Library of Medicine, 2017).

2.3 THE FOUR PHASES OF CLINICAL RESEARCH IN HUMANS

In humans, clinical research is conducted by performing clinical trials over four

distinct phases, as follows:

o Phase I: Phase | studies are performed in a small number of healthy
volunteers to test the safety of a new medicine and to refine dosing regiments
(Zivin, 2000). Typically, patients attend a dedicated phase | unit that may be
located in a large teaching hospital, and clinicians administer the doses and

monitor the patient’s reaction to the drug, while documenting all observations
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(Sundar, et al., 2018). Typically, phase | trials take several weeks to complete
and 70% of drugs progress to phase Il (FDA, 2018).

Phase II: The aim of phase Il trials is to assess optimal dosing regimens
(Zivin, 2000). The drug is tested in larger populations - usually a few hundred
patients who have the condition (ABPI, 2012). Typically there will be a
control group and both the patient and doctor will be blind to what patients
are receiving the active drug and to those who are in the control group, and
receiving placebo (Zivin, 2000). The new drug will be compared against an
existing treatment and/or placebo to monitor side effects or any adverse
reactions (NHS, 2017). Phase Il trials may be split into sub-phases to initially
test a sub-group of patients for efficacy (typically up to 50 patients) and
phase Ilb, where the trial is extended to hundreds of patients (Sills & Brodie,
2009). Over 30% of drugs proceed to phase Ill (FDA, 2018).

Phase IlI: In phase lll trials, thousands of patients may be recruited and the
drug is compared against an existing medicine or placebo to test for further
side effects and to assess if it offers an improvement over existing medicinal
products (NHS, 2017). Phase llI trials have a success rate of between 25-
30% (FDA, 2018).

Phase IV: Phase IV studies or post-marketing trials are conducted when a
drug has been approved by the regulators, but requires longer term follow-up.
During a phase IV trial, a larger sample size is reviewed to monitor long term
safety, side effects and the drug’s effectiveness. Patients are monitored

continuously over several years while using the drug (NHS, 2017).
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All four phases are presented in Figure 2.1: Four Phases of Clinical Trials.

Phase Number and type of subject Questions

1 50-200 « Is the IMP safe in humans?
healthy subjects (usually) or patients « What does the body do to the IMP?
who are not expected to benefit from (pharmacokinetics)
the IMP * What does the IMP do to the body?

{pharmacodynamics)
« Might the IMP work in patients?

2 100-400 « Is the IMP safe in patients?
patients with the target disease * Does the IMP seem to work in
patients? (efficacy)
3 1000-5000 « Is the IMP really safe in patients?
patients with the target disease « Does the IMP really work in patients?
4 many thousands or millions » Just how safe is the new medicine?
patients with the target disease (pharmacovigilance)

* Does the medicine work in the real
world? (real world data collected to
demonstrate value)

* How does the new medicine compare
with similar medic

FIGURE 2-1: FOUR PHASES OF CLINICAL TRIALS (ABPI, 2012)

2.4 CURRENT DATA COLLECTION PROCESS

Data management for clinical research may be defined as the “collection,
cleaning, and management of subject data in compliance with regulatory
standards”. Organisations such as the Society for Clinical Data Management
(SCDM) and the Clinical Data Interchange Standards Consortium (CDISC)
publish guidelines and standards to enable best practice in data collection,

processing and exchange (Krishnankutty, et al., 2012).
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The case record form (CRF) is the central data collection document used to
collate patient information in clinical research. The CRF charts the patient’s
progress through the clinical trial by using a predefined set of research criteria
and assessments (Bellary, et al., 2014). The CRF is annotated in accordance
with CDISC or other standards so that the variables collected can be uniquely
identified in the database. CRF completion guidelines are provided to clinicians
(investigators) to provide context, and an explanation of what data should be
entered in each field. Typically this data is collected using electronic data capture
(EDC) systems (Krishnankutty, et al., 2012).

In phase | trials, the CRF is small and usually about 10-15 pages for each
patient, while for phase Il and phase Il trials the CRF may be hundreds of pages
and data may be collected from other sources such as patient reported
outcomes. In post marketing trials (phase 1V), other data sources are reviewed
and monitored mostly using real world data sources such as patient charts, EHR

records and patient reported outcomes data (Arlett, 2016).

2.5 ELECTRONIC DATA CAPTURE (EDC)

In phase -1l trials EDC (Electronic Data Capture) is the term used to describe
the system designed to collect the patient health dataset. The EDC system must
be a secure, validated system and the data entered undergoes rigorous data
verification steps that must be tracked in an audit trial (ABPI, 2012). Data is
analysed in accordance with a statistical analysis plan that must be prepared for
each phase of the trial (ICH, 1998).

The EDC system must be a validated electronic system, built in compliance with
the 21 Code of Federal Regulations (CFR) Part 11 (FDA, 2018). EDC systems

must comply with data security best practice to ensure data confidentiality. Any
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updates must be attributable to an individual user and stored in the metadata,
and detailed in the audit trail (Krishnankutty, et al., 2012).

In an average clinical trial, multiple systems are used to collect patients’ health
data. Often these systems are incompatible and are configured to optimise
workflow for a particular operational department (Hublou, 2016). For example, in
a typical laboratory system, patient data is gathered with the purpose of
managing patient samples, while in an imaging system, patient data is gathered
to manage image sharing and review.

Study investigators enter CRF data into the EDC system remotely. Clinical
Research Associates monitor this process and may raise queries on the data to
resolve data inconsistencies or to ensure data completeness. Data Managers
then review or validate the data to ensure that it complies with the clinical trial
protocol and may raise further discrepancies with the study investigators.
Additionally, medical terms are classified using commercially available coding
dictionaries such as MedDRA for adverse events and medical histories, and Who
Drug for medications (Krishnankutty, et al., 2012).

Once all data has been collected and all discrepancies have been closed out and
coding is complete, the database is locked. Typically, no data changes are
permitted once the database is locked. If a modification is required post-
database lock, it must follow the necessary approvals process (Krishnankutty, et
al., 2012).

Figure 2.2: The Current Clinical Data Collection Process outlines the many steps
involved in data processing, which includes protocol and CRF design, database
set-up, edit check programming, data collection and review, data coding, data
processing, data verification, data approval, and database lock (Syngeron Ltd,

n.d.)

10
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FIGURE 2-2: THE CURRENT CLINICAL DATA COLLECTION PROCESS (SYNGERON LTD, N.D.)

2.6 OUuUTSOURCED DATA COLLECTION

Typically, pharmaceutical companies outsource the data collection process to
contract research organisations (CROs), and in many cases only certain aspects
of the clinical trial will be outsourced. So, for example, in a phase Il or Ill trial,
one CRO may manage the laboratory data, while another CRO may collect the
main patient information or case record from (CRF), and the pharmaceutical
company may manage some aspects of the clinical trial itself (Wang & Motti,

2015).

11
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2.7 DEFINITION OF EHR

There is no one universal definition of Electronic Health Record (EHR). For the
purposes of this research, the term EHR is intended to mean the systems that
collect the electronic patient’'s health record which may include demography,
medical history, laboratory test results, clinical notes and other patient data that
may be stored in multiple datasets or source systems across individual hospitals
or institutions (Kamateri, et al., 2014).

In many cases EHR systems were originally deployed as administrative or billing
systems and evolved into tracking patient data either in specific therapeutic
indications or hospital-wide. Today, EHR systems contain patient-related health
data such as demography, vital signs and other data related to their illness or
wellbeing such as responses to quality of life instruments or home monitoring
devices (Cowie, et al., 2017).

The WHO explains that the term EHR has different meanings in different regions,
but can be defined as a record of a patient’s health information that is recorded
by healthcare providers and “extends beyond acute inpatient situations including
all ambulatory care settings at which the patient receives care” (WHO, n.d.).
ISO’s Integrated Care EHR (ICEHR) defines EHR as “a repository of information
regarding the health status of a subject of care in a computer processable form”
(WHO, 2006), while the US government refers to the EHR as the patient’s
electronic health record that includes their medical history and other information
such as demographic data, medications, and laboratory test results (CMS.gov,

2012).

12
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3 LITERATURE REVIEW

3.1 INTRODUCTION

This chapter outlines a review of the current literature with an emphasis on the

key challenges and enablers in the collection of health data in clinical trials.

3.2 SEARCH CRITERIA

An initial search was conducted online mainly in NCBI (NCBI, 2018) which
centred on the title of the dissertation - challenges and enablers in the collection
of health data for use in phase II-1ll clinical trials. This yielded limited results so
the search was adjusted to seek key themes in data collection for clinical
research, and the search criteria used is detailed in Table 3.1: Literature Review

— Search Criteria and Results).

TABLE 3-1: LITERATURE REVIEW - SEARCH CRITERIA & RESULTS

Literature Review
Search Criteria

Returned Search

Anisingaraju, S., 2017. Genetic Engineering & Biotechnology News.
[Onlineg]
Bookbinder, M., 2017. Clinical Informatics News. [Online]
Available at: http://www.clinicalinformaticsnews.com/2017/09/29/the-
intelligent-trial-ai-comes-to-clinical-trials.aspx
Nugent, T., Upton, D. & Cimpoesu, M., 2016. Improving data transparency
in clinical trials using blockchain smart contracts. F1000 Res, 1(5), p.
2541.
Moore, D. et al., 2000. How generalizable are the results of large randomized
controlled trials of antiretroviral therapy? HIV Medicine, 1(UNK), pp. 149-154.
Phelan, A. et al., 2016. Exclusion of Women of Childbearing Potential in Clinical
Trials of Type 2 Diabetes Medications: A Review of Protocol-based Barriers to
Enrolment. Diabetes Care, 39(6), p. 1004—1009.
Bourgeois, F. et al., 2017. Exclusion of Elderly People from Randomized Clinical
Trials of Drugs for Ischemic Heart Disease. Journal of the American Geriatrics
Society, 65(11), pp. 2354-2361.
Johnson, S. B., Farach, F. J., Pelphrey, K. & Rozenblit, L., 2016. Data
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3.3 CHALLENGES IN THE COLLECTION OF HEALTH DATA FOR SECONDARY USE IN

PHASE Il-I1l CLINICAL TRIALS

Current data collection practices in clinical research are facing many challenges.

A survey across 35 institutions cited data quality, data standards, finance, and

availability of data for researchers as the main barriers to the secondary use of

data (Danciu, et al., 2014).

Concerns related to insufficient clinical trial data, complex regulations and

technologies that are not meeting data collection needs, the collection of too

much data or data that is never used and missing data (National Academy of

Sciences, 2009), are driving researchers to seek out new ways to harness health

data for secondary use in clinical research.

EHR data is seen by many as the most sufficient solution to use existing health

records as the primary source of clinical research data, but issues related to
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3.3.1

3.3.2

disparate data standards and a lack of interoperability abound with such an

approach.

Current Clinical Trial Data May Not be Optimal

For a new drug to be approved, the data collected as part of the clinical research
process must prove that the therapy is safe and efficacious (National Academy of
Sciences, 2009). Clinical research is often criticised for providing results that are
not “generalisable” in larger populations and ignoring the longer term safety or
effectiveness of a treatment. There is a growing concern that the data collected
in clinical trials that was once thought to be applicable to larger populations, may
not be so (Moore, et al., 2000). The majority of trials exclude those over 80 years
old (Bourgeois, et al., 2017), children and pregnant women (Phelan, et al., 2016),
and it is suggested that randomised trials gather insufficient data to explore
longer term safety, relevance or effectiveness of a treatment in larger

populations (Frieden, 2017).

Clinical Research Regulation

Clinical trial regulation drives the data collection process today. Organisations
such as the International Conference on Harmonisation’s (ICH) Good Clinical
Practice (GCP) guideline outlines an international standard for the design,
conduct and reporting of clinical trial data across phase Il to IV trials.

Regulations are placing increased responsibilities on clinical research. The ICH
E6 R2 addendum has proposed new standards for the collection of data in
clinical trials and extends the principles of confidentiality and quality to electronic
records. Standard operating procedures must outline, in detail, the system
specification, user requirements and the system validation steps as well disaster
recovery and back-up, and system decommissioning procedures. Additionally,
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data integrity and contextual data must be preserved, particularly for electronic
records. The investigator must have continuous access to CRF data, and this
may be achieved by the centralised monitoring of investigator sites by using

computerised systems to review data and site performance remotely (ICH, 2015).

Standards in Use in Clinical Research

One of the main challenges in the clinical data management process is the
standardisation of data from different organisations while keeping up to speed
with technological changes (Krishnankutty, et al., 2012). CRF desigh may be
based on any number of standards, such as CDASH, but no one standard exists
that can be applied to CRF design and the current standards will need to evolve
to meet the successful collection and aggregation of CRF data (Richesson &
Nadkarni, 2011).

The National Cancer Institute (NCI) and the American College of Cardiology has
defined standards for domain-specific common data elements (CDEs) to
measure disease-specific data. The NCI's Cancer Data Standards Repository
(caDSR) attempts to curate CRF questions using ISO/IEC’s standard. Other
standards include CDISC's CSHARE CRF repository, and the Agency for
Healthcare Research and Quality (AHRQ) records data standards in the USHIK
(United States Health Information Knowledgebase) database (Richesson &
Nadkarni, 2011).

The ISO/IEC standard has been criticised due to the one-to-one relationship of
its data elements, and it is incompatible with universally accepted coding
dictionaries such as the Systematised Nomenclature of Medicine Clinical Terms
(SNOMED CT) or the Unified Medical Language System (UMLS) (Richesson &

Nadkarni, 2011).
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CDISC'’s operational data model (ODM) addresses some of the limitations of the
ISO standard but does not integrate CRF generation properties within its
metadata and does not allow for the validation of free text. ODM also lacks
disease-specific context which is required for indication-specific use and
effective data exchange or aggregation. CDISC is focused on the development
of standards for clinical research, and largely ignores the secondary use of EHR
data and the interrelationship between EDC and EHR data (Richesson &
Nadkarni, 2011).

Initiatives such as the Health Information Technology Standards Panel (HITSP),
the Federal Health Information Model (FHIM), the Clinical Data Interchange
Standards Consortium (CDISC) and Mini-Sentinel, are focused on standardising
data, but it is noted that they do not automatically provide interoperability across

multiple domains (Sinaci & Erturkmen, 2013).

EDC Systems — Lack of Standardisation, Increased Data Volumes and a Lack of
Interoperability

EDC systems can be costly to licence and do not readily allow for customisations
or interoperability with other systems, and may be cumbersome to configure.
Each deployment of an EDC system requires a team of database managers and
data coordinators to install, configure and operate the system, which can involve
considerable running costs (Shah, et al., 2010).

Shah et all points out that the “success of a data collection initiative depends on
the quality of the data captured”, and recommends aligning the EDC workflow
with the in-clinic practices, but notes that EDC systems have not been widely
adopted by clinicians perhaps due to the wide variety of systems available and

the variation in specification across different systems (Shah, et al., 2010).
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The increase in clinical research data volumes is presenting technical and
workload challenges, and timelines to lock a clinical trial database have
increased by approximately 10%. Surveying over 250 industry professionals, Ken
Getz comments that “the volume of clinical data being collected from numerous
and disparate data sources has grown dramatically in response to the rising
scope and complexity of clinical trial protocols”. Additionally, there are
challenges in loading third party data into EDC systems and, on average, Six
separate systems are used to collect data in any one clinical trial (Tufts, 2018),
leading to EDC systems as being “interconnected but not interoperable” (Lu &

Su, 2010).

EHR Data and Clinical Research

Several projects are underway to explore the use of EHR data for clinical
research, and potentially as an eCRF substitute for randomised controlled
clinical trials. It is recognised that this may pose challenges and that studies are
required to assess the validity of EHR data for this purpose (beyond the use of
critical variables) (Cowie, et al., 2017).

EHR data may be inconclusive if a patient dies outside of the institution and the
data is not captured in the EHR system. A patient may attend more than one
clinician or provider for treatment, so it is likely that no one EHR system will
contain their complete health record, and hospitals may have to develop
solutions to integrate systems. Additionally, different standards related to the
terminology, the type of data captured, and how the data is managed or coded,
and the lack of interoperability may hinder the development of a complete patient

record (Cowie, et al., 2017).
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3.3.7

Health Data Standards

While patient care records provide valuable information, there is often
inconsistency in standards and data collection methods, and the data may be
incomplete and lacking quality steps.

Various data standards are used by hospitals. Medics develop therapeutic-
specific standards that may not be compatible across disease indications.
Efforts are underway by organisations such as the OpenEHR foundation to
define data archetypes to standardise all elements related to an attribute or
series of attributes, while the Logical Observation Identifiers, Names, and Codes
(LOINC) standard proposes a series of unlinked data concepts. Health Level 7's
(HL7) Reference Information Model (RIM), used in many hospitals to exchange
patient data, partly maps to standard medical dictionaries, while ODM does not
recognise that coded data may have a different route across systems. Coding
dictionaries such Snomed CT do not organise data into order sets and may be
open to interpretation and leading to coding discrepancies (Richesson &
Nadkarni, 2011).

Citing the lack of standardisation, “it is apparent that widespread incompatibility
of the many data standards currently used by the clinical research and
healthcare communities continues to hinder the efficient and rapid exchange of
data between different electronic sources and compromises the quality of clinical

trial results” (De Moor, et al., 2015).

Limitations of EHR

There have been some successful deployments of EHR data for clinical
research. The EHR system is often used as a data source in post-marketing
trials, but EHR data is not yet commonly used in phase llI-lll trials as the primary
research data.

20



Sheila Kelly
MSc Health Informatics

In one example, in England there are several EHR systems in use, but different
coding dictionaries are used by general practitioners and hospitals. A subset of
this data is gathered in static datasets for clinical research, but they generally
they are not linked to EHR systems and are not updated frequently (New, et al.,
2018).

In Europe, faced with challenges such as differing regional languages, health
care practices and legislation; the EHR4CR consortium embarked on querying
EHR data across 11 providers. With the primary aim of assessing protocol
feasibility and patient recruitment for clinical research studies, the project worked
with fragmented patient records and a myriad of proprietary health systems with
few common standards. It focused on 75 EHR common data elements, and data
was aggregated in accordance with demography. No individual patient data left
the provider site (De Moor, et al., 2015). To date, this model is not used widely
(Murphy, et al., 2007).

Other initiatives by PCORnet, the NIH and the Farr Institute of Health Informatics
Research have shown how EHR data may be used for “comparative
effectiveness”, but Cowie et al highlight this was because of the engagement of
committed and knowledgeable stakeholders (Cowie, et al., 2017).

Challenges remain in widening the use case of EHR data for use in clinical trials,
such as data quality, completeness, as patient’s records may be across different
systems and providers, and in many cases EHR systems are not integrated or
interoperable (New, et al., 2018).

De Moor et al, identifies the main barriers that must be overcome before EHR
data is accepted within clinical research, include data privacy; regulatory
requirements; institutional requirements and policies, and data quality (De Moor,

et al., 2015). While Getz highlights that despite the increase in the use of real-
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world data, from sources such as EHR systems, this data has yet to make in-
roads in the support of key trial decisions (Getz, 2017).

In the US alone, there are over 250 EHR system providers. A lack of EHR
standardisation and the inability to share EHR data across platforms has raised
both security and safety concerns. Initiatives such as the US government’s
attempt to build a clinical data electronic exchange was abandoned in 2013,
although there has been some success in the direct use of EHR data for

registries (Siemens, 2016).

Data Privacy

The intent of the General Data Protection Regulation (GDPR) is to harmonise
regulations for the processing of personal data for residents of the European
Union, and this legislation impacts on how data is managed for research
purposes.

Data controllers and processors must ensure that sufficient safeguards are in
place to control and protect personal data from misuse and the regulation
strengthens the level of “explicit” consent that must be provided by individuals for
their data to be used for research purposes. Unlike the Health Insurance
Portability and Accountability Act (HIPAA) which outlines a set of standards for
the protection of health data (UHSS, 2013), anonymous data is considered to be
out of scope of the regulation. Additionally, the transfer of personal data outside
of the EU is not permitted unless these jurisdictions offer the same level of
protection, although the implementation of standard contractual clauses may

permit the transfer of data in certain circumstances (Maldoff, 2016).
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3.4.1

3.4.2

ENABLERS IN THE COLLECTION OF HEALTH DATA FOR USE IN PHASE II-I11

CLINICAL TRIALS

There is shift in how clinicians and legislators view the secondary use of patient
data for clinical research. The informed patient is driving change, and US
legislation has mandated how patient data should be collected and a greater
number of institutions are engaged in research. New technology has enabled the
increased availability of new data sources and several initiatives are underway to
develop common data standards. There have been many projects that have
successfully developed solutions for an interchange of health data for secondary

use in clinical research.

Growing Recognition of the Value of Secondary Use

The Declaration of Helsinki outlines the principle of combining patient treatment
with clinical research while ensuring that the wellbeing of the patient safety is of
primary concern (WMA, 1964; amd 1975, 1983 & 1989).

Key trends across published health informatics research papers include the
secondary use of patient data for clinical research; a growing awareness of data
management and standards; and greater researcher support. In the US, the
Hitech Act (2009) mandated that providers show “meaningful use” of certified
EHRs in US, and has opened new frontiers for the secondary use of patient data

(Danciu, et al., 2014).

Increasing data availability

As the EU Commission plans to increase the availability and sharing of health
data (EC, 2018), there has been an increase in the number of public and private
initiatives to explore the better use of health data for primary and secondary use

(Auffray, et al., 2016). Public health projects such as European Open Science
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Cloud (EOSC) (EOSC, 2018), the EU Innovation Network (EMA, 2015) and the
1m Genomes Project (Regalado, 2015) are all seeking to drive better availability,
sharing and linking of health data. While the growing number of technology
solutions (Byers, 2017) coupled with growing data volumes (Bhadani &
Jothimani, 2016) creates opportunities in how this data is used.

Murphy et al identified a growth in the use of clinical data repositories for
research purposes (Danciu, et al., 2014). The increase in the use of EHR data
and the application of data standards, will improve the delivery of care. (Embi &

Payne, 2014).

EDC Systems

Defining EDC systems “as computerised systems designed to collect clinical and
laboratory data in an electronic format”, but noting that they may also include
patient reported outcomes systems and voice-activated systems, Shah et al
identifies several benefits of these systems. EDC systems have reduced overall
data processing costs by lessening the number of data errors or missing data
and shortening the timeline for data collection and processing (Shah, et al.,
2010).

Commercially-available EDC systems are designed to prevent against
unauthorised access by defining user roles and access rights. They offer a
secure, industry-recognised workflow, which is intuitive to the user and allow for
guick access to reports and metrics (Shah, et al., 2010).

Within clinical trials today only a subset of patient data is captured in EDC

systems, although in a more structured way (Richesson & Nadkarni, 2011)
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3.4.4 Developing Common Standards
Johnson et al’'s survey of clinical research professionals recommends that ideally
clinical trial data should be interoperable across systems and that technology
should enable this process while enhancing data quality (Johnson, et al., 2016)
It is recommended that a narrowed focus on a defined set of variables that are
common to EHRs and clinical data collection systems should be conducted.
Focusing on EHR variables such as mortality is seen as the first step in the re-
use of EHR data for clinical research, as these variables tend to be less open to
interpretation. Other recommendations include involving key stakeholders,
identifying targets, and ensuring time for training and education (Cowie, et al.,
2017).
For EHR data to be useful in clinical research there needs to be an
understanding of what the data means. In addition, data variables or attributes
need to be defined across the two domains of patient care and clinical research
for the data to have real purpose in both domains (Sinaci & Erturkmen, 2013).
Richesson and Nadkarni emphasise that a “move from a mode of primarily
reacting to clinical researchers' needs through service provision, to one of active
leadership by suggesting directions for standardisation,” is required by clinicians
at clinical research sites (Richesson & Nadkarni, 2011).
Sinaci and Erturkmen propose an ISO-conformant framework where common
data elements (CDEs) can be linked and re-used across domains using
“federated semantically enabled metadata registries (MDR)”, and where there is
a unique definition of each data attribute. Using Linked Open Data (LOD) to
share data, each data element is uniquely identifiable and is linked semantically.
Data could be extracted using specifications that would allow for “dynamic
interoperability”. Citing several instances where local MDRs already exist, such
as the METeOR MDR in Australia, they propose, that the EDC system queries
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the MDR to search for the required patient data using SDTM (Sinaci &

Erturkmen, 2013).

3.4.5 New Data Sources
Several data sources for use in phase II-1ll trials have emerged in recent years to
complement the eCRF data, such EHR, electronic patient reported outcomes
(ePRO) and data from wearables. The FDA actively encourages the use of real
world data (FDA, 2018) from sources such as electronic health records (EHRS),
claims and billing data, patient registries (as represented in figure 3.2: Sources
of Real World Data (Clinical Research Corporation, 2017), and their Sentinel

program promotes the collection of wearables data in clinical research.

3.4.5.1 EHR
New et al identifies several benefits of EHR data. Notably, EHR data is
captured contemporaneously removing “recall bias” and the potential to link
data captured in primary care to data for clinical research may provide a
useful longitudinal patient record (New, et al., 2018). With the move towards
pragmatic trial design, both the NIH and PCORI are assessing if additional
data collection modules can be added to the data that already exists in the
EHR. Ultimately, the aim is to reduce costs and patient burden by reducing
the number of assessments and in-clinic visits within a clinical trial and
centering on the collection of variables used in routine clinical care delivery

(Cowie, et al., 2017)
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3.4.6 ePRO

ePROs have been successfully deployed in research with good patient
compliance rates (Atherton, et al., 2016). Both EUPATI and the OECD'’s
PARIS initiative (OECD, 2016) recommend the use of electronic patient-
reported outcomes (ePRO), as they result in the better data quality and
provides visibility to clinicians as to the patient’'s condition in real-time
(EUPATI, 2015).

The FDA in its guidance document for the collection of patient-reported
outcomes has highlighted that electronic outcomes measurements data can
improve “data quality, reliability, integrity, and traceability” (Watson, et al.,
2015)

The growth of mobile technology and Bring Your Own Device has allowed for
the collection of real-time, time-stamped, and personalised data directly from
a diverse group of patients, in a secure way. Patients can use their own
devices and access questionnaires and diaries using PIN codes, and users
can be verified remotely. Control measures can be included to prevent
backfilling of questions and to ensure data is contemporaneous, as well as
guiding the patient to complete blank fields and to follow logical paths
depending on their last response. Bluetooth technology allows for the mobile
phone to collect objective data from other devices such as spirometers and

activity trackers (Watson, et al., 2015).
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FIGURE 3-1: SOURCES OF REAL WORLD DATA_(CLINICAL RESEARCH CORPORATION, 2017)

3.4.6.1 WEARABLES
The growth in the use of wearable devices is estimated to drive over
$30bn in revenue by 2018, and this market is already providing data in
real-time and helping to standardise data collection. By 2025, it is
predicted that data flows will improve, but it will bring with it increased

data privacy challenges (Siemens, 2016).
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3.4.7 Successful Deployment of EHR for Clinical Research - Case Studies

Driven by the 21 Century Cures Act (2016) in the US, which aims to reduce the
time for drug and medical device approvals, the FDA is collecting EHR data from
several sources to drive post-marketing surveillance (Cowie, et al., 2017).

The Sentinel Common Data Model is based on a distributed data model, where
data is maintained locally by the hospital or institution (Centre for Drug
Evaluation & Research (FDA), 2017). In Europe, EHRs have been successfully
been used for post-marketing trials, and the EU-ADR is linking databases in
Denmark, Italy, The Netherlands, and the United Kingdom to analyse drug
events in EHRs, while the European Network of Centres for
Pharmacoepidemiology and Pharmacovigilance (ENCePP) is assessing risk
using several EHRs (Cowie, et al., 2017).

There have been many successful implementations of EHR data use in clinical
research. In the case of Patel and Kaelber, they implemented this process in a
post-marketing surveillance study, while the Vanderbilt Institute built an
extraction process to provide datasets to researchers. Further details on these

case studies are outlined below:

3.4.7.1 PATEL AND KAELBER CASE STUDY
In a post-marketing surveillance of hospital data using a commercially
available platform, Patel and Kaelber retrospectively reviewed data for
over 10 million patients with anti-rheumatologic prescriptions from EHR,
billing and laboratory systems. The data was retained within the walls of
the participating institutions and the Explore system was used to
interrogate the data and return de-identified patient data using medication
orders to signify drug administration. Testing the assumption that certain
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side effects related to toxicity may not be commonly reported, the team
identified a control cohort, and then compared symptoms across patients
on different anti-rheumatic medications, and identified “clinically useful

patterns” of potential drug side effects (Patel & Kaelber, 2014).

3.4.7.2 VANDERBILT INSTITUTE CASE STUDY
In the early 90s, the Vanderbilt University Medical Centre (VUMC)
implemented new systems to move away from paper medical records and
build a large data repository for 2 million patients. Their central Office of
Research Informatics (ORI) now provides web-based access to this data
for a fee to researchers. VUMC has built a three-layered architecture
using their enterprise data warehouse as the backbone to this service,
with a data layer used to organise and anonymise data, while the research
layer allows for researchers to access HIPAA-compliant de-identified data
for research purposes (figure 3.3: The Vanderbilt Case Study: IT

Architecture) (Danciu, et al., 2014).
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FIGURE 3-2: THE VANDERBILT CASE STUDY: IT ARCHITECTURE

The Vanderbilt case study of building “a dedicated research infrastructure”
has outlined the need to understand the clinical significance of data
beyond its fundamental role in the direct treatment of patients. The onus is
on the institution to collect and manage data in accordance with best
practice. The speed of access to reliable data, the ability to extract data
safely and securely coupled with the validation of extraction techniques is
of paramount importance in research, as well as ensuring that individuals
with the right clinical and technical expertise are managing the data

effectively (Danciu, et al., 2014).
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New Technologies

Advances in technology can transform the clinical trial data collection process by
giving researchers direct access to pertinent data and potentially reduce
timelines and costs (Bhavnani, et al., 2017). The introduction of new
technologies such as artificial intelligence to analyse historical data (Bookbinder,
2017), and blockchain to make data interchange more secure and result in better
data quality (Nugent, et al., 2016) is promising. While applied machine learning
and robotic process optimisation may improve overall trial feasibility processes
by introducing efficiency in how site data is assessed and analysed

(Anisingaraju, 2017).

The Patient is Driving Change

The voice of the patient as an educated and informed stakeholder is an important
step in developing hospital data for use in clinical research. Change will be
driven by the patient as a consumer, who is willing to participate in research, and
the growth of large scale data enterprise initiatives in large provider institutions
(Danciu, et al., 2014).

Adequate processes should be in place to protect patients and keep them
adequately informed (Cowie, et al., 2017). Emphasising the benefits of an opt-in
approach and providing guidance for a successful model, it is recommended that
patients have full control of their data through a “health accounts” model where
the patient can access their data (across providers) and update access
permissions. In Salford (UK), patients were asked to opt-in to share data across
providers. Less than 1% of over 20,000 patients approached declined and the
exercise has been successful, with plans to implement an extended program
across almost 3m patients in the greater Manchester area. In Sweden, data is
collected in a standard way across healthcare providers (using Snomed)) and
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this data is fed to large registries and to clinical research organisations (following
ethics committees’ approval). Patients or their carers have access to their EHR
data and patients must opt-out if they do not want their data to be used for
research purposes. In the Netherlands, most patient data is collected in
electronically and shared between primary and secondary care providers (New,

et al., 2018).

3.4.10 Ensuring Patient Privacy
Cowie et al recommends that distributed analyses where data remains at source
may combat privacy issues, which he outlines as complex, particularly across
different geographies. If EHR systems are to be used for clinical research, the
patient must provide informed consent and the data must be accessed by
regulatory agencies for auditing and verification purposes. Further
recommendations include a “general” consent process, although this would
require legislative changes as well as changes in overall hospital practices and

ethics board approvals. (Cowie, et al., 2017)

3.5 CONCLUSION

This chapter explored the relevant literature with a focus on the challenges and
enablers in the collection of health data for secondary use in phase Il-lll clinical
trials. Several themes emerged which were used to as a framework for the
research methodology (Chapter 4) and as the basis for the key informants’

interviews (Chapter 5).
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4 RESEARCH METHODOLOGY

4.1

4.2

4.2.1

4.2.2

INTRODUCTION

This chapter covers the research methodologies employed, the identification of
key informants, the ethics approval process, the key informants’ selection
process, why these methods were chosen, and the approach to data collection
and data analysis. A discussion section is included on the limitations of the

research.

RESEARCH METHODS EMPLOYED

Two core methods of research are presented:

Literature Review

Sackett refers to using an “evidence-based” approach in clinical practice, and
that best judgment is made by combining a continual review of literature
(Sackett, 1981). In line with this approach, a review of the literature related to
health data collection for clinical trials, with a focus on current and new initiatives
as well as the challenges and enablers in these processes was conducted and is

presented in chapter 3.

Qualitative Research

Qualitative research was used to develop a greater understanding of the
research question, and to understand how the issues raised by the research are
being addressed (Creswell, 2007).

Using non-probability, convenience sampling, semi-structured interviews with key
informants in the clinical research industry were conducted. The key informants
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were known to the researcher and were available for interview (Dudovskiy,
2017).

Using a phenomenological approach (Waters, 2017), participants were
interviewed in their “natural setting” (Creswell, 2007), and were invited to provide
answers based on their own experience or opinion, with the intent of providing a
personalised view that may impact on future decision-making (Lester, 1999) in
the collection of health data in clinical trials. The researcher’'s questions were
used to guide the interview and additional questions were posed when new
themes emerged during the course of each discussion (Creswell, 2007). The

results of the key informants’ interviews are outlined in Chapter 5.
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4.3

INTERVIEW QUESTIONS

Three interview questions were developed based on the researcher’s direct
experience of the challenges faced in the collection of health data for clinical
research while working in the provision of data management services to the
pharmaceutical industry. The interview questions were developed to identify
common issues or themes in the current state of clinical trial data collection and
explore new avenues that may bring benefits to how health data is collected for
clinical research. These questions are presented in Table 4.1: Key Informant

Interview Questions.

TABLE 4-1: KEY INFORMANT INTERVIEW QUESTIONS

No Interview Question

1 Janet Woodcock, Director of FDA's Centre for Drug Evaluation and Research recently
remarked that the clinical trial data collection process is broken. Do you agree with this
statement, and what do you see as the barriers or issues that exist today in how data is

collected in phase Il-llI clinical trials?

2 In your opinion, what factors are changing how health data is collected in phase II-lll
clinical trials? What are the advantages of such changes? What are the disadvantages of

such changes?

3 In the longer term, what innovations may impact how data is collected for phase II-lll

clinical trials? What advantages will these innovations bring? What issues may these

innovations fail to address?

Identification of Key Informants

Key informants were identified using non-probability, convenience sampling
(CIRT, n.d.), through the researcher’s prior interactions with these individuals
and/or based on their experience in the industry. Candidates such as senior
managers of key clinical research data management providers, technology
leaders in the clinical research industry; and other key opinion leaders from the
pharmaceutical industry and/or academia were approached based on their job
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title, their specialisation or area of interest, and their role in the industry

(Marshall, 1996).

4.4 ETHICS APPROVAL

Ethics approval was obtained from the School of Computer Science and
Statistics, Trinity College Dublin (TCD) in January 2018, using their guidelines.
Participants were provided with a key informants’ information sheet that outlined
the purpose of the research and how their responses would be used, the
interview questions and the expected duration of the interview. They were
advised that they should present their personal views of the topics discussed
(not their employers’), that their participation was voluntary and that they could
withdraw at any time. Additionally, they were informed that the interview would
be recorded and transcribed, and that they would be presented with a copy of
final transcript that they could amend, if so wished. Participants were asked to
sign a consent form. The ethics board approved the submission, with minor
amendments, in February 2018. A copy of the ethics submission package is

attached in Appendix I.
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4.5 KEY INFORMANTS SELECTION PROCESS

Eleven key informants were approached on LinkedIln, and asked if they would
consider participating in the research. Seven key informants agreed to proceed
by return email, and the key informants’ information sheet and consent form was
sent to them by email for their review and consent. All key informants’ agreed
that their names could be published in the body of the research. A copy of the
key informants’ signed consent forms are attached in Appendix II.

Six interviews were conducted by phone during the month of February 2018.
Marie McCarthy was interviewed face-to-face as she is located in the same office
as the researcher. A full list of key informants who participated in the research is

outlined Table 4.2: Key Informants’ Details, below:

TABLE 4-2 : KEY INFORMANTS’ DETAILS

Key Informant’s

Area of Specialisation

Role in the Industry

Name

machine learning

Bill Byrom Patient reported outcomes and Vice President of Product
patient engagement through Strategy and Innovation, CRF
gamification Health

Jeff Lee Data collection for clinical trials & CEO, mProve Health
technical solutions for patient
reported outcomes

Louis Smith Health data science, analytics and ~ Associate Director Network

Contracting OptumRx
United Health Group

Marie McCarthy

Use of wearables in clinical trials

Senior Director, Product
Innovation, ICON Plc

Richard Young

mHealth, secondary use of health
data in clinical trials and data
collection technologies

Vice President, Veeva Vault EDC,
Veeva

Ross Rothmeier

mHealth, secondary use of health
data in clinical trials and data
collection technologies

Vice President, Technology
Solutions and Innovation Labs,
Medidata Solutions

Tigran Arzumanov

Using patient charts and EHR data
for decision support in clinical trial
feasibility

Head of Sales, Clinerion
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4.6 WHY THESE METHODS WERE CHOSEN

Considerable quantitative research exists today on the current and predicted
state of the collection of health data for use in phase IlI-lll clinical trials. The
decision to use qualitative research was based on the researcher’s interest in
gathering the opinions from clinical research industry leaders. The aim of using
the direct interview approach was to understand how personal experience was
shaping the acceptance of new technologies and practices, and to identify both
the challenges and opportunities presented by these changes. The individuals
were chosen based on their standing within this industry and the belief by the
researcher that they could present an in-depth analysis of the issues faced within
clinical research data collection (Marshall, 1996).

From a review of the literature many opportunities and obstacles are identified to
improve the collection of health data for secondary use in clinical trials. Differing
views about how data collection should be improved or changed for the purpose
of clinical research are presented. No one solution is evident that will resolve the
challenges faced, so the decision was made by the researcher to develop a
deeper meaning of the themes presented in the literature review, by conducting
the gualitative research interviews with key informants (Creswell, 2007). Access
to these individuals was facilitated as part of the researcher’s existing role in the

clinical research industry.
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4.7 DATA COLLECTION APPROACH

Once the participants signed the consent form, a meeting was set-up and the
interviews conducted. A semi-structured interview format (Longhurst, 2016) was
used to obtain the participant’s personal view of the challenges and enablers in
the collection of health data for secondary use in phase IlI-Ill clinical trials.

All conversations were recorded (with the exception of Marie McCarthy where
the recording method deployed did not work), and all recordings were
transcribed. For Maire McCarthy, the interviewer’'s notes were used. Participants
were given an opportunity to review their final transcript and make any edits (no

edits were made by the key informants).

4.8 APPROACH TO DATA ANALYSIS

The answers provided by key informants have been used to form the basis of a
data analysis section of this dissertation (chapter 5). Using an emergent strategy
to check for trends in the key informant responses, the themes of each
respondent’s answers were extracted to form collective themes that are common
to the majority of respondents. Unique themes common to one or a smaller
number of participants (Waters, 2017) have been identified.

Using content analysis, transcripts were reviewed line-by-line, and themes were
identified using codes created by the researcher. Where a theme was identified
in answers from one key informant, this theme was sought out in the other key
informants’ answers. If a new theme emerged in subsequent transcripts, all
transcripts were re-reviewed for this theme (Chamberlain, et al., 2015) using
Microsoft Excel. Figure 4.1: provides a snapshot of how the data was collected

and coded for Jeff Lee.
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Question

4 -

Transcript Themes

- -

JL: In 20701 was anewcomer to the dlinical research field, so bring some fresh eyes tothese topics, and our focus has been at the intersection of mobile and clinical vials
- =0 that’s meant patient recruitment, patient engagement, patisnt compliance and some patient reported outcomes. |w ant to be really clear about who | am, and whe | am
nct. Definiely, | am an active followert of clinical trials but |would not consider myself 3 data management specislist...not an EDC o CTMS company, nor areinwe in the
EHRIEMR space.

My take onJanet’s comments, clearly there seems ke there is an open lie about the effectiveness of the clinical trial model because the sample sizes are constrained by
economics and time, and et the manifestation of symptoms and results, effect efficacy measures doesmt alw ays oocur within that timeframe. Pretty much we are not

i in big enough ions for long enough - thar's why we are sesing so much emphasis on real world evidence whers that has
been collectedin amore formalized way. What | zee. is that your projects reach phase |, phaze . phaze [l and then they’re approved, or they are approved with a REMS DurcomesiRWDIREMSIAES
program, « here’s there’s additional attention past approval. The farmality of the data assessment after appraval, ather thanin a case ke REMS, iz really about AEs. And|
that’s, of course, important, but | don™ think that’s the only way to measure efficacy or salery, really, and the neceszary leuel of detail to have the optimal understanding of
how these therapies work.

JL: What originally inspired myinterest in clinical research and the opportunities here at the intersection of mobile and clinical uials was what we called at the time
“machine-to-machine”™ communication, and now people think of it a5 the internet of things. Ukimately it’s connected sensor-based devices. Back when | statted my
company, if | could have | would have staned on that, but that was so far ahead of the market in 2010 that we just thought it w as bad timing. Mow there’s alotof interestin mhealthftech

this, sa |would say that if you abstract the topic, flundamentally. technology should be making it easier to collect more information from patients with the same or di 1B ODIPROI W, bl
le=ss eftart. And whether that®s bring your own device or patients to provide PRO sureeys, datamining, whether that’s wearables-based devices. So, staying at the | IMore complicated protocols!site
abstract level, we chould be expecting more out of our studies. Yes, of course protocols are getting more complicated , there’s more burden on sites, burden & patient burden!"fail Faster™
on patients, sothere’s alot of healthy caution about further loading Lp our protocals, but what gets me excited about the opportunity is that we should be able talearn
more, mare quickly and | think that mean in terms of advantages. it can mean that programs get kiled earlier.

‘whetherit’s because of safety or efficacy signals or just simply because you recognise that yow're doing market research collection in phase | and recognise that you
may have safety but you don't have enough comparative effectiveness to have a good market access strateqy. Wouldnt it be better to learn that at phase Il
rather than at phase ll? Spending all that money and redirecting those resources to other compounds that have promise. we are excited about the prospect of doing
better data collection having generated more insights. And then, of course, the overall shanging paradigm and decentralised studies. itiz not so much s data
management topic, itis more of an access topic. There’s areallyinteresting company whao you may be familiar with called Transparency Life sciences thathave
been, the cancept af ing clinical h. almost like a kick-starter for clinical trials - getting people who will join 2 study. ¥ou have got a pre-built
audience of patients, and bringing the study ta them uzing telehealth. And the premize of Transparency find fascinating, Theiridea is that any given sponsor has some
backlag of compaunds that they think thew have market value and patient value but they can’t justify bringing them through a development pracess because it casts taa
much money. IF it costs $500m to bring a drug ta market, maybe the market potential for such a praduct iz anly $400m, and they just don’t bother, whereas, by offering them)|
aleaner more vitualised study model, maybe the cost of development goes down to $250m, and now yow’re got a whole layer of therapies that hadn’t been commercially-
viable to develop but are now. So, | think, that®s another key advantage or opportunity given how things are starting to change in phase -l

“Fail faster"tdecenualised
studies!Transparency
LifeSciences/Crowdsourcing/Ch
eaper Trials

S Y'ou talk about the pratocal becoming more complicated and the iszue you have is the protocaol varies from trial to tial, and each pharma company hasz their own
standard. Da you think technolagy will help to standardise that data collection?

FIGURE 4-1: SNAPSHOT OF HOW THE KEY INFORMANTS’ DATA WAS COLLECTED & CODED

4.9 LIMITATIONS OF THE RESEARCH

There are several limitations to this research. Dudovskiy highlights that
gualitative studies may lack credibility due to the presence of bias in how key
informants are selected, and the key informants may be offering a biased view
(Dudovskiy, 2017).

In terms of the research design, the questions used as part of the interview
process and the codes use to identify themes were not peer reviewed (Spier,
2002). No software, with the exception of MS Excel, was used to identify codes
or themes (Richards, n.d.), and the data analysis was based solely on the
researcher’s interpretation of the key informants’ responses (Creswell, 2007).

All informants were selected at the same time and their selection was not as a
result of any trends emerging in the data. “Snowball” sampling, where additional
participants may have been included based on recommendations by the key

informants, was not used due to time constraints (Richards, n.d.).
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4.10 CONCLUSION

The use of key informants is a tried and tested method in qualitative research
(Marshall, 1996), and this method was useful for the researcher to identify
challenges and opportunities for the secondary use of health data in phase II-lll
trials.

Transcribing the interviews took a considerable amount of time but offered the
researcher the opportunity to listen to the recordings many times and to be very
familiar with each of the key informants’ responses and points of view.

Although the key informants have different roles and areas of focus in the clinical
research industry, several common themes emerged. These themes are

presented in detail in Chapter 5.
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5 QUALITATIVE RESEARCH RESULTS

5.1 INTRODUCTION

This chapter outlines the qualitative research findings from a series of interviews
with key informants conducted in February 2018. Details of the key informants’
individual responses, and the integrated research findings, are presented in the

following sections.

5.2 INTERVIEW PROCESS

A total of seven key informants were interviewed. The key informants were
selected based on their standing in the clinical research industry, and their areas
of expertise ranging from patient reported outcomes to technology and mHealth.
Further detail on their area of specialisation and their role in the industry is
outlined in Chapter 4: Table 4.2.

Six key informants were interviewed by phone and one was interviewed face-to-
face. Interviews were recorded, but in the case of Marie McCarthy’s interview,
the recording did not work. Transcripts of each recording were produced, and
each transcript took approximately 3 hours to transcribe. For Marie McCarthy

notes were taken. Both the notes and the transcripts are attached in Appendix IlI.

5.3 OVERVIEW OF RESPONSES

All key informants were asked to respond to Janet Woodcock’s comments that
the “clinical trial data collection process is broken” (Woodcock, 2017), and to
identify the barriers and/or issues that exist today in how data is collected in

phase II-1lI trials.
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Of the seven key informants, two agreed, one disagreed, one partially disagreed,
while the remaining three partially agreed with Woodcock’s statement (Table 5.1:

Key Informants’ Question 1 - Overview of Responses).

TABLE 5-1 : KEY INFORMANTS’ QUESTION 1 - OVERVIEW OF RESPONSES

Janet Woodcock, Director of the FDA's Centre for Drug Evaluation and Research recently
remarked that the clinical trial data collection process is broken. Do you agree with this
statement, and what do you see as the barriers or issues that exist today in how data is
collected in phase Il clinical trials?
‘ Agrees Disagrees
Tigran Arzumanov \ (Partially)
Bill Byrom \ (Partially)
Jeff Lee N
Marie McCarthy \ (Partially)
Ross Rothmeier \ (Partially)
Louis Smith N
Richard Young N
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5.4

INDIVIDUAL RESPONSES TO QUESTION 1

All respondents sought to qualify and add context to their responses.

Tigran Arzumanov does not believe that the process is broken, but refers to it as
being “fractured”. He believes that the industry is conservative and slow to
change, specifically with regard to source data verification where the original
patient record must be compared to the data collected for the clinical trial.

Bill Byrom offers partial agreement to Janet Woodcock’s statement and qualifies
his response by stating that it is necessary to continue to collect “controlled,
randomised clinical trial data”.

Jeff Lee agrees with Janet Woodcock’s statement and refers to an “open lie” in
how data is collected today for clinical trials. He states that because of
economics, the patient sample size is restricted to defined time windows and the
impact of a treatment may not be measured effectively in large enough
populations.

Marie McCarthy offers partial acceptance of Woodcock's statement and states
that the design of a clinical trial is to “support a hypothesis”, but if insufficient
data is collected it may be impossible to prove a treatment’s efficacy.

Ross Rothmeier partially agrees with Janet Woodcock’s statement, and argues
that greater efficiency, cost reduction and quality improvement are needed to
improve the clinical trial data collection process.

Richard Young agrees unequivocally with Janet Woodcock’s statement that the
clinical trial data collection processed is broken, and refers to the outmoded data
collection model that is in use today in clinical research.

Louis Smith does not believe that the clinical trial data collection process is
broken, but identifies inefficiencies in how data is monitored today and suggests
that onsite data monitoring should be targeted towards poor performing sites that

may need additional oversight.
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5.5 QUESTION 2 — INDIVIDUAL RESPONSES

Question 2 (Table 5.2: Key Informants’ Question 2) was posed to all key
informants to provide their opinion on what is changing in how health data is
collected today for phase II-1lI clinical trials, and to outline the advantages and

disadvantages of these changes.

TABLE 5-2 : KEY INFORMANTS’ QUESTION 2

In your opinion, what factors are changing how health data is collected in phase II-llI
clinical trials? What are the advantages of such changes? What are the

disadvantages of such changes?

Tigran Arzumanov outlines that there are already links to EHR systems in near or
real-time through HL7, which is allowing for new data collection methods for
clinical research. He states that issues related to patient privacy have been
solved by technology. To date, EHR data has only been used to assess trial
feasibility rather than to replace or supplement CRF data.

Bill Byrom refers to current EDC technologies as being robust, but that they may
be too complex to gather other data types such as the growing trend to gather
more real world data across all clinical trial phases.

Despite the increased complexity of clinical trial protocols, Jeff Lee believes that
the growth of machine-to-machine learning and the prevalence of sensor devices
may change how data is collected for phase lI-lll clinical trials. The use of the
patient's own device and the growth in the collection of patient reported
outcomes data should provide more relevant data more quickly, and lead to more

efficient (and faster) decision making on whether to continue with a trial.
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Marie McCarthy believes that combining objective and subjective data is now
possible through the use of mHealth. The use of apps in clinical trials has
already made in-roads in how patients are recruited, and she cites one example
with a Parkinson’s disease app, where over 7,000 patients were enrolled in 6
hours, while the highest number of patients ever recruited using traditional
methods was 1,700 patients. Gamification of patient apps may help to engage
patients. While there are benefits in capturing the data remotely, there is a
possibility of isolating patients and concerns related to data privacy, such as
patient unblinding, remain.

Ross Rothmeier refers to the increase in data volumes and the challenges that
new types of data from sensors, genomic testing, images, medical devices and
wearable devices will pose. The old data management methods of verifying and
validating clinical research data will not work on petabytes of data, and new
methods of data verification will emerge through machine learning. Additionally,
data that is “esourced” digitally cannot be verified against the original record, as
is common practice today in clinical research, so the current data management
methods will need to change. Ensuring that the data is used responsibly and that
the patient’s identity is not revealed will be challenging.

Louis Smith says the propensity of new apps, and the low cost to store data
should assist in the more efficient collection of clinical research data. He
proposes that data should be gathered with a longer term view in mind and not
just for a particular trial or clinical study. He adds that apps and new
technologies must fit into the clinician’s workflow and offer some level of value.
Richard Young refers to the vast increases in the volume of data created from
new mHealth technologies, and the need for tech companies to adapt to change.
Traditionally, in clinical research, commercial agreements sought to lock-in
sponsors and data management companies into long term technology
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agreements that hinder the adoption of new technologies. The culture of
balancing “innovation and validation” still prevails, while creating an open

technology eco system for data sharing would bring benefit, Young believes.

5.6 QUESTION 3 — INDIVIDUAL RESPONSES

All key informants were asked to outline future innovations and to comment on
the advantages and disadvantages of the collection of health data for use in
phase lI-1lI clinical trials. Question 3 is outlined in Table 5.3: Key Informants’

Question 3

TABLE 5-3 : KEY INFORMANTS’ QUESTION 3

In the longer term, what innovations may impact how data is collected for phase II-lll
clinical trials? What advantages will these innovations bring? What issues may these

innovations fail to address?

Tigran Arzumanov refers to how technology has overcome data currency issues
by offering data in real-time directly from hospital EHR systems. “Anonymised
identification” already removes unique identifiers from patient’s data received
from EHR systems and allows for this data to be used to assess clinical trial
feasibility. In the future, this data could be used to complete the clinical trial CRF,
and he acknowledges that the laxer data control laws in the US may make this
process possible for hospitals there sooner.

Bill Byrom emphasises the conservative nature of the clinical research industry
and believes it is hard to say how the data collection process will change as data

will still need to be collected in a controlled way for pre-marketed drugs (in phase
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II-11I trials). New technologies will bring other challenges to the fore such as
ensuring that the patient remains engaged.

Jeff Lee refers to new technologies such as the Apple Research Kit, which he
says shows such promise by “democratising data collection”, and gives an
insight into future data collection practices. The use of sensors will pose data
volume challenges and force a change in current data management practices,
while EHR and EDC technologies will converge, in his view. Alleviating patient
burden will be a big focus as patients will be asked to complete more electronic
records directly.

Marie McCarthy believes that change is inevitable through the collection of
“digitalised streams” of data which will allow for greater analytics and adaptive
trial designs. She believes the use of wearables in trials is already becoming
more common place. Trials will be longer and the requirement for real-world data
will grow based on payers’ demands for data and the need to control drug costs.
Data privacy issues will continue to pose challenges.

Ross Rothmeier points to the growing use of wearables and sensors in clinical
trials to collect patient reported outcomes data directly from patients. This data
offers benefits as it provides a truer picture of the patient's overall health, and
provides greater data granularity and patterns that are not visible in the “two
dimensions” of EDC systems. Rothmeier believes that the data collected from
sensors and devices can be used to develop synthetic control arms to simulate a
patient population’s reaction to a particular treatment, while relieving site burden
by reducing the clinician’s data collection workload.

Louis Smith sees the future bringing greater automation in how data is collected.
Data volumes will grow, and the insight into the data will increase due to its
granularity and the ability to correlate objective data collected in-clinic and
subjective data from wearables. Issues such as patient burden and privacy will
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prevail. The ability to identify patterns in the data (through machine learning) that
may not be expected or may unblind a patient, will need to be overcome.

Richard Young believes that the patient will emerge as the force of change in
how data is collected for clinical trials. The informed patient will demand more
feedback that may be met through patient education programs and access to
patient outcomes data. mHealth will continue to drive patient compliance, but it
will be important to tailor solutions to patients and find the right balance for older
patients or those with more critical conditions. The development of support
programs where a clinician intervenes, if an event recorded on a device requires

treatment or support, will “build the patient’s confidence”.
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5.7 OVERVIEW OF THE THEMES IDENTIFIED IN THE RESPONSES

Seven key themes have emerged in the answers provided by the key informants.
These themes were identified by pasting all responses into an Excel table and
labeling each paragraph of text in accordance with the main theme identified.

For each of the three questions posed, if a key informant’s answer included a
reference to a particular theme, this was counted as 1, and the total number of
references to that theme was tracked. For example, the theme, “Issues with
Current Clinical Trial Data Collection Processes” was referenced by 6 key
informants. When this exercise was complete for each of the key informants’
responses, the themes were grouped and synthesised into seven key themes.
The number of key informants who referenced each theme is outlined in Table

5.4: Number of Times Key Informants Referenced Key Themes.

TABLE 5-4 : NUMBER OF TIMES KEY INFORMANTS REFERENCE KEY THEMES

Tigran Arzumanov
Bill Byrom

Jeff Lee

Marie McCarthy
Ross Rothmeier
Louis Smith 1 1 1
Richard Young 1 1

Total Key Informants (n = 7) 6 6 5 5 4 36
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The seven themes were then categorised into sub-themes, and a count
performed to assess how many times a key informant referenced each sub-
theme. In the case of theme 1, Issues with Current Clinical Trial Data Collection
Processes, there are four sub-themes: l1a: Current Data Collection Practices in

Clinical research was referenced by 3 key informants; 1b. Current Clinical
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Research Data Collections Systems was referenced by 3 key informants (as so
on). The themes and sub-themes and the number of references are outlined in

Table 5.5: Key Informants’ Themes & Sub-themes.

TABLE 5-5: KEY INFORMANTS’ THEMES & SUB-THEMES

# Key Informants

Key Th Key Inf ts* R
2 ey Themes (Key Informants” Responses) Themes

Issues with Current Clinical Trial Data Collection Processes

a  Current Data Collection Practices in Clinical Besearch

1 b  Current Clinical Research Data Collection Systems

¢ Mot Using Oata in the Right 'Way

Pt | o | St 2

d In=ufficient Data

Clinical Research Reqgulation

a Clinical Research Regulation is Stifling Change 1

o

b Managing Risk in Clinical Research Regulation

—h

¢ DhiFficulty in Mavigating Clinical Research Begulation

Mew Clinical Research Data Types and Sources

a FReal'world Data

3 b EHFR Data

¢ Patient Feported Outcomes Data

Gt | Gt | ot |

d  Apps, Sensors and Wearables

Fatient Engagement in Clinical Research
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These themes are presented in further detail in the sections below.
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5.8

5.8.1

5.8.2

IssuEes with CURRENT CLINICAL RESEARCH DATA COLLECTION PROCESSES

Several key informants present issues with the current data collection processes
and systems used in clinical research today, and opposing views are presented

on whether these practices will change.

Current Data Collection Practices in Clinical Research

Richard Young believes that current data collection practices must change. While
Ross Rothmeier, on the one hand, says the clinical research must be willing to
change, he emphasises that the current practice of collecting data to prove a
hypothesis using rigorous and controlled methods must continue.

Bill Byrom lauds the current randomised controlled trial approach. He believes
that this approach does not need to change as it is the most effective way of
controlling how patients are enrolled and randomised. Managing the data in a
rigorous and controlled way, as we do today, is the most effective way to assess

the patient’s safety profile, Byrom believes.

Current Clinical Research Data Collection Systems

Jeff Lee believes that “disruption” is inevitable as current data collection systems
are designed to receive data in batches while new technology provides a
continuous stream of data in large volumes. On the opposing side, Bill Byrom
suggests that current clinical trial data collection systems have extensive
functionality and will remain, although their configuration may be unsuitable to
collect real world data.

Ross Rothmeier believes that there is a growing recognition that solely
measuring the impact of treatment on a patient in-clinic is insufficient, and he
suggests that current EDC systems will need to evolve to accept other data

sources data for phase II-1ll clinical trials.
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5.8.3 Not Using Data in the Right Way

Richard Young states that the clinical research industry is “not using data in the
right way”, and that traditional data collection methods are leading to futility. He
identifies several challenges under the headings of “volume, variety, velocity,
veracity and value” (Raghupathi & Raghupathi, 2014), where data volumes are
growing exponentially; the type of data collected is changing (variety); there is an
expectation that the data is available now (velocity), and the data must be
verified, but perhaps not to the extent that the data is verified today - which all
lead to value in terms of collecting the right data that will provide the best trial
endpoint.

Citing the 6-minute stress test, Young states this is the “least useful test in the
world”, as it only tests the patient’s fitness at a point in time. If the patient is
having a bad day, their result (and the data) might be poor, but if they have
rested sufficiently before the test, it might produce a false positive result, and the
data collected would not provide a true representation of the patient’s overall
condition.

Louis Smith states that data captured today is not done so with the longer term
value of the data in mind. In particular, he refers to operational data that is used
to assess a hospital site for suitability for a trial. This data is used in the
decision-making process of how to proceed to the next step in a specific trial, but
the data is not re-used for the next trial nor is this data available for retrospective
analysis to identify trends across trials or hospital sites. Additionally, collecting
data such as how far a patient needs to travel to a hospital site may not be useful
for trial management on an individual basis, but if this data was available across
several trials and many patients, it may show some meaningful insights as to
why a patient leaves a trial early or is non-compliant.
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5.8.4

Citing an example in the case of pain studies, Marie McCarthy refers to the
FDA’s statement that certain analgesic compounds may not have been
approved, as the methodology, including the data collection process, used in
identifying their effectiveness was poorly designed.

Ross Rothmeier suggests that if thousands of patients are recruited for a clinical
trial and the drug proves to be effective, there is nothing to say that when that
drug is released onto the market and used by millions of patients that there will

not be issues.

Insufficient Data

Both Marie McCarthy and Jeff Lee believe that we are collecting insufficient data.
Marie McCarthy puts forward the argument that the patient is typically enrolled in
a trial for 12-18 months and spends an average of 9,000 hours on a trial, but only
50 hours’ worth of data is collected.

Jeff Lee states that often because of cost, the patient sample size is restricted,
and the data collection timeframe is kept to a minimum in clinical research trials.
So, the efficacy of a treatment may not be measured over long enough

timescales or in large enough populations (in large enough datasets).
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5.9 CLINICAL RESEARCH REGULATION

59.1

5.9.2

Three key informants refer to regulation in the clinical research industry. Ross
Rothmeier highlights how it is often difficult to navigate or interpret the
regulators’ requirements and this stifles change, while Louis Smith believes that
the greater risk lies with the regulator and this may influence their decisions.
Richard Young is often disappointed with how the regulatory industry reacts to

suggestions to engage.

Clinical Research Regulation is Stifling Change

Ross Rothmeier states that anyone working with clinical data cannot justify
changing the current data collection processes. On one hand, the regulators are
supportive by publishing new guidance documents, but simultaneously they are
still deemed to be “a bit of an adversary”. The risk of changing established
practices is deemed to be too great for many, as the threat of receiving a
warning letter from the authorities always looms if any side steps are taken in the

data collection process. This landscape is stifling change.

Managing Risk in Clinical Research Regulation

The regulators are hesitant to speed up drug trials for fear that this may result in
shortcuts in how a drug is approved. Louis Smith argues that if the regulator
reduces clinical research cycle times, the drug companies may benefit, but the
regulator carries all of the risk if the drug causes significant side effects for
patients.

In the last few years, the regulators have published a series of white papers on
new trends such as mHealth. Richard Young sees this as an opportunity to

engage with the regulators, but he is disappointed that the regulator’s responses
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5.9.3

are often isolationist rather than in the spirit of collaboration, and one is left

feeling that a change in process is too high a risk for the regulator.

Difficultly in Navigating Clinical Research Regulation

In many cases it is not clear what the regulators want or expect. Rothmeier
highlights the disparity in the regulators’ area of focus in different regions. He
refers to his experience of being inspected by regulators from five different
countries and states that each experience was very different with different areas

of focus. He mentions the adage common in clinical research circles, “...if you
ask four regulators a question, you will get five different opinions...”, but further

states that the regulators are not obliged to be consistent.
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5.10 NEw CLINICAL RESEARCH DATA TYPES AND SOURCES

Six key informants refer to new data types and sources as impacting how data is
collected for phase IlI-lll clinical trials. Real world data, such as EHR data and
patient reported outcomes and data from wearables and sensors are presented
as supplementary data sources that could complement existing clinical research
data collection methods and deepen the understanding of how the drugs are

used in practice.

5.10.1 Real World Data
Currently real-world data is collected in phase IV clinical research, when the drug
has already been approved for market. Bill Byrom refers to the 21° Century Act
that mandates the need for more real-world data in clinical trials in the US. He
believes that the current practice of collecting real world data when a drug has
already been approved and is available on the market will continue, while for
phase II-11l studies, current trials designs will continue as data must be collected

in a controlled way.

5.10.2 EHR Data

There are opposing views on how hospitals’ EHR systems will shape clinical
trials. Bill Byrom recognises that there are some successes with capturing EHR
for clinical research, but believes that this is restricted to particular hospitals
using a single technology.

Tigran Arzumanov sees EHR data as the future, and already is working on
providing a continuous stream of EHR data from a site in France in near real-
time. He states that the concept of recording patient data in two systems has

“outlived its usefulness”. Processes such as source data verification of the

58



Sheila Kelly
MSc Health Informatics

clinical trial data record against the original hospital record, highlights a
“fractured” process.
Louis Smith argues that limiting trial enrolment to recruiting sites that are willing

to submit data electronically through EHR may drive efficiency.

5.10.3 Patient Reported Outcomes Data

Bill Byrom sees the advantages that the collection of more patient reported
outcomes will bring. He foresees that patients will use their own mobile devices
to download a questionnaire or diary app, and this data will automatically
populate the clinical research data management system.

Richard Young states that it is expected that 80% of trials will use electronic
patient reported outcomes, and this data will come in different formats, at
different frequencies and will require different levels of processing and
verification. There is a growing expectation that the data will be available at a
greater velocity in real-time.

Jeff Lee believes that use of the patient's own device and the growth in the
collection of patient reported outcomes data will lead to more relevant data more

quickly.

5.10.4 Apps, Sensors and Wearables
Jeff Lee predicts that future trials will collect objective and subjective data using
both active and passive measures, such as sensors, and, as a result, data
collection will be much faster and cost effective. The collection of passive data
through wearables, sensors, and technologies such as the Apple Research Kit
will have a role to play in the discovery of new trial endpoints, but these
technologies must be developed using new methods and principles in what he
calls the application of ALCOA (accurate, attributable, legible, contemporaneous,
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original) principles (Barkow, 2016). Referring to the six-minute walk test, Lee
believes that wearable devices to continuously assess patient mobility and
related factors, will replace this test.

Marie McCarthy believes that a continuous stream of data from wearables would
provide a greater insight into a patient’s condition, especially for conditions such
as Parkinson’s, where symptoms tend to be episodic.

Louis Smith believes that apps will lead to more efficient data collection directly

from patients.
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5.11 PATIENT ENGAGEMENT IN CLINICAL RESEARCH

Several key informants recognise that alleviating patient burden and providing
solutions to engage the patient in the clinical trial process are necessary to

ensure the successful deployment of mHealth technologies in clinical research.

5.11.1 Patient Burden in Clinical Research
Marie McCarthy says that the patient must not be over-burdened with a myriad of
devices and sensors. She suggests that the pharmaceutical industry is losing
sight of the burden to the patient that mHealth poses, but burden can be
alleviated through gamification to encourage patients to stay on a trial.
The burden of having to take time to master the use of wearables and devices
and to record and enter data remotely, is what Jeff Lee refers to as an
“imbalanced proposition” with little benefit to the patient. Lee refers to the ePRO
Consortium’s commissioned study to review what research had been conducted
on the patient burden in the clinical research data collection process. The study
came up empty. There is an onus on the clinical research industry to make the
proposition more appealing to patients and to offer features such as helping them
with the scheduling of the doctor’s visits, adding reminders of what items to bring
with them, providing details of what to expect at each visit and providing links to
reference materials.
Bill Byrom believes that engaging the patient is necessary through formal
feedback, but patient burden may still remain. He refers to the collection of data
directly from older patients or those with more debilitating illnesses, and
suggests that this process may be too onerous for them.
Louis Smith points out that technology must be useful and must not place

additional burden on the patient or the clinician.
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Referring to paper diaries, Jeff Lee recalls the “big joke” of patients completing
paper diaries in the car park before their doctor’s visit; and at least mHealth is
able to capture the time point for when the data is entered or picked up by the

sensor; and passive collection of data should lessen the burden on the patient.

5.11.2 New Clinical Research Technologies to Engage the Patient
Bill Byrom believes that we need to consider how we can make apps useful to
the patient, but without compromising the results of a trial. On the one hand we
want to offer the patient assistance in managing their condition, but the app
cannot “become part of the intervention itself”. He gives an example where a
patient is asked to track their steps using a smartphone for a drug that may be
designed to improve their levels of activity. There is a risk the patient may use
the activity tracker to set themselves targets to improve activity rates, and thus
change the purpose for which the app was issued to them. This would make it
impossible to separate the effects of the drug versus the influence of the app on
activity levels.
Byrom points out that apps have a limited appeal. In the beginning users are
excited to download and use them but over time, users disengage, and the drop-
out rates are high. Unless the patients are engaged, and the app is providing
value to the patient, it will not work.
Jeff Lee states that alleviating patient burden will be a factor in determining the
successful deployment of new data collection technologies. Citing the example of
the Apple Research Kit where patients can enter their own health records, Lee
states that the uptake has been low. Thousands of people downloaded the app,
but usage rates have diminished greatly. In contradiction, he also sees the value
in the Research Kit, and refers to it as the “first generation” of technology that
will shape data collection in clinical research.
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Lee emphasises the need to ensure “balance and engagement” when designing
technologies to engage the patient. We need to broaden the availability of
features that are of value to the patient. Techniques like gamification, and
providing education and useful instructions will engage the patient. He refers to
organisations such as Patients-Like-Me (PatientsLikeMe, 2018) who are aiming
to provide the patient with feedback and a network of contacts with similar
conditions. He believes this concept is not prevalent in clinical trials, but needs to
change to make the trial process more “meaningful for the patient”.

Richard Young believes that the pharmaceutical industry should be viewed as a
patient ally by engaging patients on trials through education programs and the
tracking of outcomes beyond the clinical trial. He believes this level of

engagement will drive patient compliance in trials.
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5.12 MHEALTH IN CLINICAL RESEARCH — CHALLENGES & OPPORTUNITY

mHealth technologies pose opportunities as well as challenges. The use of
sensors and wearables for the collection of data remotely directly from patients
offers efficiency and a greater level of data accuracy. Regulation may hinder the
widespread deployment of mHealth technologies in clinical research, but the
promise of new endpoints presents opportunities to enhance clinical trial design.
Larger datasets from mHealth technologies will require a change to current data

collection processes, while issues related to ensuring patient anonymity remain.

5.12.1 Remote Data Collection in Clinical Research
Bill Byrom does not see a future where all data will be collected remotely for
phase Il and Ill trials. Remote data collection will be restricted by the regulations
that require patients to travel to a hospital site to consent to their participation in
a trial or for them to receive trial medications.
Referring to Pfizer’s virtual trial (Pfizer, 2011) which created one super-site to
enroll all patients in the US, Byrom sees what he calls a “hub and spoke” model
as more likely. In this model there would be one super site managed by an
experienced investigator who will oversee the safety aspects of a trial, and less
experienced investigators who will manage more mundane data collection
activities (as opposed to a fully decentralised model).
Jeff Lee cites an example of what he calls a “kick-starter for clinical trials” using
crowd-sourcing (Transparency Life Sciences, 2018), to build a patient audience
online. Pharmaceutical companies may use this data to assess their backlog of
compounds and decide if there is sufficient interest in therapies for specific
indications. This “leaner more virtualised study model” may reduce the costs to
develop a drug and make it viable to develop a therapy that previously was

thought to be too costly.
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mHealth provides many opportunities for pragmatic trial models. Richard Young
provides an example of a diabetes patient who could be treated at home, where
their activity would be tracked on their phone and their laboratory result would be
available to them immediately. This data could be reviewed remotely by a
clinician who could liaise with the patient by phone to review or adjust their
treatment plan. Young suggests a hybrid data collection model will evolve, where

a remote data collection will work for some patients, but perhaps not for others.

5.12.2 New Clinical Trial Data and Endpoints

Jeff Lee points out that wearables and sensors are not yet used in a standard
way. New measurements and endpoints will need to be developed using these
technologies which will take considerable effort, although there is the possibility
for great opportunity using mHealth technologies.

Richard Young refers to the six-minute stress test in patients with cardiovascular
disease. Results have shown that some patients build themselves up to perform
well in the test at the doctor’s site, while others (after the test) will spend days
recovering in bed, or others will perform badly at the test, which results in
inconsistency in the data collected. Using mHealth to continuously track the
patient’'s activity before and after the test offers a solution and provides
gualitative data to show a pattern in the patient’s activity and thus provide a more
accurate overview of their overall condition. Marie McCarthy agrees that

endpoints should be linked to clinical outcomes.
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5.12.3 Large Datasets and Increased Data Volumes in Clinical Research

Ross Rothmeier highlights the growth in data volumes using new technologies,
while Jeff Lee says that the data from sensors is “so granular” that the current
data cleaning processes will not apply, and the emphasis will be on identifying
data patterns across large datasets.

Citing Tufts (Getz, 2018), Richard Young states that approximately 1 million data
points are collected in the average phase II-1lI clinical trial today. Young recently
conducted a pilot study using an Actigraph to gather sleep and step activity from
12 patients over a 9-month period, and this resulted in a dataset of over 12
billion patient records. He states that “no existing technology that can handle this

volume of data”.
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5.13 DATA PRIVACY & CLINICAL RESEARCH

Four key informants outline data privacy challenges with the sharing of patient
data. They refer to hospitals’ reluctance to share EHR data, coupled with the

need for the data to be used ethically and anonymously for clinical research.

5.13.1 New Technologies and the Risk of Patient Unblinding
Ross Rothmeier, Marie McCarthy and Louis Smith point out potential issues with
technologies such as artificial intelligence, machine learning and sensors that
collect data at a granular level and that may unintentionally identify the patient
based on unique data points relevant to that particular patient. While Tigran
Arzumanov states that issues related to patient privacy have been solved by

technology.

5.13.2 Data Sharing for Clinical Research Purposes
Tigran Arzumanov states that certain institutions are still reluctant to share data.
Both hospitals and pharmaceutical companies do not want to breach the
patient’s privacy, but this is at the expense of research. Some parties are very
conservative and slow to change or share data, while others are more
progressive and willing to take risks. Today hospitals are providing data for
clinical research to assist with patient recruitment but, in his experience, there is
an unwillingness to provide EHR health records. He believes that it is only a

matter of time before this practice changes.
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5.13.3 Responsible Use of Data in Clinical Research
Ross Rothmeier highlights the need to de-identify data, and to give patients an
assurance that data will be used responsibility. He highlights his uncertainty
about the patient sharing genomic data as it may be used for other purposes
such as to judge insurance risk. Louis Smith points out that data privacy will

continue to be a concern for patients.
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5.14 THE NEw CLINICAL TRIAL LANDSCAPE

All key informants point to several key themes emerging in the new clinical trial
landscape including the crossover between healthcare and clinical research, the
growth of personalised or precision medicine, and the drive to make the patient’'s

visit to the hospital more valuable to the patient.

5.14.1 The Crossover from Healthcare to Clinical Research

Marie McCarthy refers to the crossover from clinical research to healthcare and
how these two worlds are colliding in terms of data collection.

Referring to the 21st Century Cures and Affordable Cares Acts which mandated
and subsidised doctors’ surgeries to use electronic data collection methods for
patient records, Jeff Lee, states that “meaningful use” (ONC, 2017) will move to
the next stage, where data must be collected electronically once for both primary
care and research purposes. This will blur the lines between EDC and EHR
systems, and Lee expects to see these changes impact data collection for

clinical research over the next 5 to 10 years.

5.14.2 EHR Data Standards
Tigran Arzumanov refers to the requirement for data standards in EHR systems.
He highlights that hospital data collection systems are different to systems used
in clinical research. They use different coding conventions which he views as a
greater challenge than the technology itself, as it not always easy to map one
coding dictionary to another. Bill Byrom argues that EHR systems will not
become the source of clinical trial data, as EHR data is considered to be

insufficient and of poor quality.
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5.14.3 Changing Processes in Clinical Research

Ross Rothmeier believes that the clinical trial data cleaning processes in use
today will not work with future technology. The current method of programming
edit checks to verify the parameters of a particular variable or across multiple
variables will not work across 335 petabytes of data. Rothmeier further highlights
as data becomes more digitised, it will be impossible to review and verify this
data, as the data in itself is already verified as it will be captured directly from a
wearable or other device. He says, “imagine the value that we can derive if we
start looking at data more effectively”. The potential change in clinical research
data types is placing the emphasis on the development of programmable
solutions using machine learning and artificial intelligence.

mHealth will challenge current data processing practices, as the large data
volumes will make them defunct. Richard Young suggests that the concept of
“good enough could be good enough” needs to be applied to clinical trial data,
and there is a need to move away from practices such as source data

verification.

5.14.4 Personalised Medicine and Pragmatic Trials

Richard Young believes that personalised or precision medicine will evolve to
prove that a particular drug is an effective treatment. Programs such as the
1,000 genomes project (IGSR, 2018) will drive change in how reimbursement
levels are decided, “not just for the patient in front of you, but for the patient yet
to come.”

Young recognises that a patient must be 100% compliant with the treatment
process for it to work, and he states that patients, on average are only 65%
compliant. The risk of reducing hospital payments may drive a change in how
trials are conducted and Young predicts a rise in the number of pragmatic trials,
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and even refers to the “ultimate pragmatic trial” where patients are provided with

the study drug and their data is tracked remotely.

5.14.5 The Voice of the Patient in Clinical Research
Richard Young refers to “the patient's demand for knowledge” and their
frustration that trials today do not necessarily offer them a solution as the drug
may not prove to be effective. He believes that future trials will be tailored to the
individual patient, specifically in rare diseases, as the patient’s risk profile is very
different. Young wants to “give them (the patient) their visit back”, by using
technology effectively and removing the time spent on transcribing or entering
data. This will allow for the doctor and patient to spend more time focusing on

the patient’s condition and less on administrative tasks.

5.14.6 Better Data Analytics for Clinical Research

Referring to the “network effect”, Louis Smith is interested in exploring the
connection between a doctor’s social network and their performance on a clinical
trial. Often investigators may be dismissed because they lack clinical trial
experience, but if the doctor works in a hospital where there is a network of
experienced investigators with significant clinical trial experience, they could rely
on this network to guide them through the clinical trial process. So, the
inexperienced doctor with a network would seem like a better candidate than a
doctor with no experience and no support network. Today, this data exists in
Citeline (PI, 2018), but it is not aggregated nor compared during the trial
feasibility process.

Ross Rothmeier highlights that historical data is useful for predictive analysis to
build a more targeted approach to data capture, in what he calls “collecting data,
as expected”.
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Jeff Lee believes that the growth of machine-to-machine learning will change

data collection practices over time.

5.14.7 New Trial Designs

Ross Rothmeier proposes that the development of synthesised models using
genomics and historical data could be used to assess what treatments are likely
to be more effective and have a higher probability of success. Payers and
insurance companies will welcome new models that provide a confidence level of
success as they will be based on historical evidence and genomic data that will
show that the drug works. This may result in the need for data from fewer
patients to assess a compound’s efficacy, and the historical data can be re-used
across multiple trials.

Bill Byrom suggests that phase Il trials will continue to focus on assessing
efficacy and dosage rates using the data collection methods we use today. In
phase II-1ll studies, there will still be a need for randomised controlled trials but
there may be a shift towards less rigorous studies with an emphasis on gathering
more real-world data on the drug’s efficacy. Catalysts such as the 21° Century
Cures Act will drive the collection of increased volumes of supplementary data
such as real-world data. Byrom states further that if data collection apps are
deployed to thousands of patients, and the fall off rate is high, even if a few
thousand patients enter sufficient data in the app, perhaps this data will be

sufficient to build patient profiles, even if the dropout rate is high.
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5.15 CONCLUSION

Seven core themes have emerged from the key informants interviews. These
themes include the need to address the challenges with current clinical trial
practices, systems and data; challenges with compliance with clinical regulation;
new data sources and types; the increased role of the patient in clinical research;
the opportunities and challenges posed by mHealth; and the shifting clinical
research landscape. These themes are discussed, side by side with the results

of the literature review, in Chapter 6.
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6 DISCUSSION

6.1 INTRODUCTION

The purpose of this study was to explore the challenges and enablers in the
collection of health data for use in Phase llI-lll clinical trials by identifying process
gaps and new developments through a review of the current literature and
through interviews with key informants. Several themes have emerged and have

been classified in Table 6.1: Literature Review and Key Informants’ Themes

TABLE 6-1 : LITERATURE REVIEW AND KEY INFORMANTS’ THEMES

Theme By Type: Definition

. Common themes emerged in the literature and in the key
Common themes:

informants’ interview process

. . Themes that emerged in the key informants’ responses but
Interview-only themes:

not in the literature review
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6.2 COMMON THEMES

Several common themes have emerged through the review of the literature and

the key informants’ interview process, which are outlined in Table 6.2: Common

Themes.
TABLE 6-2 : COMMON THEMES
# Theme Literature Interviews
Issues with the Current Clinical Trial Data Collection J J
! Processes
2 | Current Data Collection Systems N N

Not Using Data in the Right Way/Current Clinical Trial

3 | Data May Not Be Optimal

4 | Insufficient Data N N

5 | Clinical Research Regulation N N

6 | New Clinical Research Data Types and Sources N N
Large Datasets and Increased Data Volumes in Clinical

7 | Research v v
Data Privacy/ Responsible Use of Data in Clinical

8 | Research v v

Data Sharing for Clinical Research Purposes/Growing
9 | Recognition of the Value of the Secondary Use/Increased N N
Data Availability

10 | The Crossover from Healthcare to Clinical Research N N
11 | EHR Data Standards N N
12 | The Voice of the Patient in Clinical Research v v

13 Better Data Analytics for Clinical Research/New J J

Technologies
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6.2.1

6.2.2

Issues with the Current Clinical Trial Data Collection Processes

Current data collection practices in clinical research are facing many challenges.
Danciu et al refer to data quality, data standards, finance, and availability of data
as the main barriers for the secondary use of data in clinical research (Danciu, et
al.,, 2014). There are inefficiencies in how data is collected as well as complex
regulations and technologies that are not meeting data collection needs (National
Academy of Sciences, 2009).

Of the key informants, Young believes that current data collection practices must
change in their entirety, while, on the opposing side, Rothmeier and Byrom
recognise that the current practice of collecting data to prove a hypothesis using

rigorous and controlled methods must continue.

Current Data Collection Systems

The literature refers to the myriad of different EDC systems in use today for the
collection of health data for secondary use in clinical research. Both Shah et al
(Shah, et al., 2010), and Lu & Su (Lu & Su, 2010) refer to the multitude of EDC
systems in use and that lack of interoperability across systems. These systems
are expensive to deploy, but offer extensive functionality such as checks for data
guality and access control (Shah, et al., 2010). While Krishnankutty outlines that
there is no common CRF standard used across organisations or systems
(Krishnankutty, et al.,, 2012) nor is there interoperability across CRF design
standards (Richesson & Nadkarni, 2011). There are various standards in place
for clinical research data such as the National Cancer Institute (NCI), (caDSR,
CDISC; and (AHRQ), but these standards are incompatible and neglect to
include important contextual information (Richesson & Nadkarni, 2011). The
HITSP, FHIM, and CDISC are focused on standardising clinical research data,
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6.2.3

6.2.4

but they do not provide interoperability across multiple domains (Sinaci &
Erturkmen, 2013).

The key informants do not mention the cost or the extensive offering of EDC
systems on the market, but accept that these systems must change to
accommodate new data sources and formats (Lee and Rothmeier). Only Byrom
mentions the extensive functionality that EDC systems offer, and he believes

they will continue to be used.

Not Using Data in the Right Way/Current Clinical Trial Data May Not be Optimal
In the literature, Moore et all points out that there is a concern that the data
collected today in clinical trials today is not “generalisable” to larger populations
(Moore, et al., 2000).

Of the key informants, Ross Rothmeier supports the concern related to
generalisablility of trial data. McCarthy adds that data clinical trial data collection
methodologies are poorly designed. Young identifies several challenges under
the headings of “volume, variety, velocity, veracity and value” (Raghupathi &
Raghupathi, 2014), while Smith states that data captured today is not re-used for

retrospective analysis to identify trends across trials or hospital sites.

Insufficient Data

In the literature, Frieden states that insufficient data is gathered to ensure the
long term safety and effectiveness of a drug (Frieden, 2017),

Two key informants (McCarthy and Lee) believe that we are collecting insufficient
data in clinical trials. On average, only 50 hours of patient data is gathered on a
typical trial over a period of 12-18 months (McCarthy), and restrictions on study
duration and the sample size mean that insufficient data is collected in clinical
trials (Lee).
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6.2.5

6.2.6

Clinical Research Regulation

The literature emphasises the increasing demands from the regulators in how to
harness and display clinical data (ICH, 2015). While the key informants
emphasise that regulation is stifling change and difficult to navigate (Rothmeier),
There is a risk both for the regulator and clinical researcher by moving away from

tried and tested practices (Young and Smith).

New Clinical Research Data Types and Sources

The literature outlines several initiatives that are underway to increase the use of
real world data, such as EUPATI's and the OECD'’s drive to increase the use of
electronic patient patient-reported outcomes (ePRO). While the value of these
initiatives is recognised, Cowie et al points out that EHR data is currently used,
mainly, for the pre-screening of patients and may not contain the complete
patient record (Cowie, et al., 2017). Both the NIH and PCORI are assessing if
additional data collection modules can be added to the data that already exists in
the EHR to make the dataset more suitable for clinical research.

Referring to the 21 Century Act that mandates the need for more real-world
data in clinical trials, Byrom recognises that there are some successes with
capturing EHR for clinical research. He adds that for phase IlI-lll studies, data will
continue to be collected in a controlled way using systems prescribed for clinical
research. Tigran Arzumanov sees EHR data as the future, and the concept of
recording patient data in two systems is redundant, in his view.

The faster availability of ePRO data, and wearables, sensors and technologies
such as the Apple Research Kit will have a role to play in the discovery of new
trial endpoints, and may replace certain assessments such as the six-minute
walk test (Lee and Young). A continuous stream of data from wearables would
provide a greater insight into a patient’s condition, especially for conditions such
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6.2.7

6.2.8

as Parkinson’s, where symptoms tend to be episodic (McCarthy), and apps and
the use of EHR will lead to more efficient data collection directly from patients

(Smith).

Large Datasets and Increased Data Volumes in Clinical Research

The literature refers to the increase in the volume of clinical research data
(Bhadani & Jothimani, 2016), and that it is presenting technical and workload
challenges such as the timelines to lock a clinical trial database have increased
by approximately 10% (Tufts, 2018).

The key informants (Rothmeier and Young) highlight the growth in data volumes,
and agree that current processes and systems will be replaced or need to adapt
to process new data sources from wearables and sensors data, while

recognising the need to identify data patterns across large datasets (Lee).

Data Privacy

The literature refers to the General Data Protection Regulation (GDPR) which
stipulates that personal data must not be used without consent and restricts the
movement of data without pre-defined levels of protection (although anonymous
data is excluded). The HIPAA act (in the US) controls data privacy through the
suggested removal of defined variables that would identify the patient (Maldoff,
2016).

It is recommended that the use of distributed analyses where data remains within
the hospital may combat privacy issues, but if EHR systems are used for clinical
research, the patient must provide informed consent and the data must be
accessed by regulatory agencies for auditing and verification purposes. (Cowie,

et al., 2017)
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6.2.9

The key informants have concerns related to data privacy and point out potential
issues with technologies such as artificial intelligence, machine learning and
sensors that may unintentionally identify the patient based on unique data points
(Rothmeier, McCarthy and Smith). Rothmeier highlights the need to de-identify
data, and to use patient data responsibility, while Smith points out that data

privacy will continue to be a concern for patients.

Data Sharing for Clinical Research Purposes/Growing Recognition of the Value
of the Secondary Use/Increased Data Availability add to table

The use of EHR as the primary data source for clinical research will accelerate
clinical research (Embi & Payne, 2014). There is an increase in the number of
public and private initiatives, such as EOSC (EOSC, 2018) and the 1m Genomes
Project (Regalado, 2015) to explore the better use of health data for primary and
secondary use (Auffray, et al., 2016), and to drive better availability, sharing and
linking of health data (Danciu, et al., 2014). One key informant highlights that
there is still a reluctance to share health data for fear of breaching patient
privacy, but this is at the expense of research, but it is only a matter of time

before this practice changes (Arzumanov).

6.2.10 The Crossover from Healthcare to Clinical Research

Both the literature and the key informants outline the crossover from healthcare
to clinical research. The literature highlights the growing recognition of the value
of secondary use of health data which has been driven by the Hitech Act in the
US (Danciu, et al., 2014) and the Declaration of Helsinki (WMA, 1964; amd 1975,
1983 & 1989). Healthcare and clinical research are converging, and data will be

collected once for both primary care and secondary use (McCarthy and Lee).
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6.2.11 EHR Data Standards
In the literature, many authors converge on the lack of standards and
interoperability across health data standards and systems. Johnson et al
recognizes that health systems and data should be interoperable (Johnson, et
al., 2016). While De Moor et al emphasise the lack of interoperability across
health and clinical research data (De Moor, et al., 2015) due to the various data
standards in use by hospitals (Richesson & Nadkarni, 2011).
Projects to extract EHR data have had limited success as there are too many
EHR systems and a lack of standardisation (Siemens, 2016), so EHR data has
yet to be used for key trial decisions (Getz, 2017).
Cowie et al proposes focusing on a small number of variables to develop
common health and clinical research standards (Cowie, et al.,, 2017), while
Richesson & Nadkami recommend that a common data definitions should be in
place across EHR and EDC systems (Richesson & Nadkarni, 2011)
Two key informants refer to issues with health data standards. Tigran Arzumanov
highlights that hospital data collection systems are different to systems used in
clinical research, which he views as a greater challenge than the technology
itself, while Bill Byrom considers that EHR data to be insufficient and of poor

quality.

6.2.12 The Voice of the Patient in Clinical Research
The voice of the patient as an educated and informed stakeholder is an important
step in developing hospital data for use in clinical research (Cowie, et al., 2017).
Change will be driven by the patient as a consumer, who is willing to participate
in research, and the growth of large scale data enterprise initiatives in large

provider institutions (Danciu, et al., 2014). Various initiatives where patients were
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asked to opt-in to share their data for research purposes have been successful in
both Salford, UK and in Sweden (New, et al., 2018).

One key informant states that, overtime, trials will be tailored to the individual
patient, specifically in rare diseases, and technology will be used more
effectively to remove the time spent on transcribing or entering data, thus giving

the patient more time with the doctor (Young).

6.2.13 Better Data Analytics for Clinical Research/New Technologies

Advances in technology may transform the clinical trial data collection process
(Bhavnani, et al., 2017). New technologies such as artificial intelligence
(Bookbinder, 2017), and blockchain can make data sharing more efficiency
(Anisingaraju, 2017) and secure (Nugent, et al., 2016). The growing number of
technology solutions (Byers, 2017) coupled with growing data volumes (Bhadani
& Jothimani, 2016) creates opportunities in how health data is used.

Louis Smith is interested in exploring links between data across trials. He refers
to Citeline (PI, 2018), which contains vast quantities of site-related data, but this
data is not aggregated nor compared during the trial feasibility process. Ross
Rothmeier highlights that historical data is useful for predictive analysis and to
help with building a more targeted approach to data capture, while Jeff Lee
believes that the growth of machine-to-machine learning will change data

collection practices.
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6.3

6.3.1

INTERVIEW-ONLY THEMES

Several themes emerged in the key informants’ interviews but not in the literature

review, and are outlined in Table 6.3: Interview-Only Themes.

TABLE 6-3 : INTERVIEW-ONLY THEMES

# Theme Literature Interviews
1 Patient Burden & New Technology to Engage the Patient - \
2 mHeath - \
3 The New Clinical Trial Landscape - New Trial Designs . N

Patient Burden & New Technology to Engage the Patient

Several key informants refer to patient burden when participating in a trial and
that there must be a drive to engage the patient, particularly as mHealth involves
greater patient involvement (Byrom, McCarthy Smith and Lee)

The pharmaceutical industry is losing sight of the burden to the patient that
mHealth poses. Alleviating patient burden will be a factor in determining the
successful deployment of new data collection technologies and technology must
be useful for the patient (Lee, Byrom, McCarthy & Young). Byrom emphasises

that new technology should not “become part of the intervention itself”.
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6.3.2 mHealth

mHealth will challenge current data processing practices. The change in the

types of clinical research data is placing the emphasis on the use of machine

learning and artificial intelligence, as current clinical trial data cleaning processes

will not work with future technology (Rothmeier). There is a need to move from

outmoded practices such as source data verification (Young).

6.3.2.1

6.3.2.2

6.3.2.3

REMOTE DATA COLLECTION IN CLINICAL RESEARCH

Remote data collection will be restricted by the regulations that require
patients to travel to a hospital site to consent to their participation in a trial
or for them to receive trial medications. A “leaner more virtualised study
model” will evolve (Lee). A “hub and spoke” model is more likely, where one
super site will oversee the safety aspects of a trial, and less experienced
investigators/sites will manage more mundane data collection activities
(Byrom). Young suggests a hybrid data collection model will evolve, where
a remote data collection will work for some patients, but perhaps not for

others.

NEwW CLINICAL TRIAL DATA AND ENDPOINTS
New standard measurements and endpoints will need to be developed for

wearables and sensors (Lee, McCarthy and Young)

PERSONALISED MEDICINE AND PRAGMATIC TRIALS

Personalised or precision medicine will evolve as result of programs such
as the 1,000 genomes project (IGSR, 2018), and it is predicated that there
will be a rise in the number of pragmatic trials using a real-world data

(Young).
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6.3.3 The New Clinical Trial Landscape - New Trial Designs
Historical and genomic data may be re-used to develop data models resulting in
the need for data from fewer patients (Rothmeier).
The randomised controlled trial model will prevail to ensure rigorous research,
while the 21°%' Century Cures Act will drive the collection of increased volumes of
supplementary real-world data. There may be a need to deploy apps to larger

patient populations, realising that the drop-out rate may be higher (Byrom).

6.4 CONCLUSION

This chapter presented a comparison of the results of the literature review and
the key informants’ interviews. Thirteen themes were represented in the literature
and the key informants’ interviews, while a further three themes was raised by
the key informants (but not in the literature). In conclusion, the themes raised by
the key informants are broadly in line with the themes in the literature, although it
could be argued that they had a different emphasis. The literature is
concentrated on the development of standards and interoperability, while the key
informants place greater emphasis on obtaining access to data and implementing

innovative technologies for the harnessing of health records.
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7 RESEARCH CONCLUSIONS

Clinical research is ripe for disruption. There is a broad recognition that issues
prevail with the current clinical research data collection processes and systems.
The lack of generalisability of clinical research results to broader populations is a
concern, and the belief prevails that the data collected is insufficient and not
being used in the right way.

The volume of health technologies available today will drive change in the
collection of health data for secondary use in clinical research, but the
conservative nature of the industry will mean this change will be by stealth.
There will still be a need to collect data in a prescribed and controlled way for
clinical research, and in the intermediate term, it is unlikely that wearables,
sensors and EHR data will replace existing EDC systems, but it is likely that EHR
and mHealth data will complement and begin to supplement certain variables
used in clinical research.

In the longer term, the convergence of EHR and EDC systems is likely. Whether
this means that EDC consume EHR technologies (or vice versa) is yet unclear.
The clinical landscape is shifting, and the crossover from healthcare to clinical
research will drive change. The patient is emerging as a force of change, but
their privacy must be respected and they should be equal partners in clinical
research initiatives. Institutions are reluctant to share EHR data but the influence
of the patient may change this practice, as their growing awareness will put the

patient in charge of their own health records.

86



Sheila Kelly
MSc Health Informatics

7.1 FUTURE WORK

7.1.1

7.1.2

It is evident that changes are happening in how health data is collected for
secondary use in clinical research. Influences such as advances in technology
and the growing awareness of the patient in how their data can be used will drive
change, but may be stifled by regulation, and a reluctance to change clinical trial

data collection methods for fear of falling foul of the regulator.

Data Anonymity & Patient Privacy

Currently, data is collected anonymously for phase IlI-lll clinical trials, and
researchers receive patient data second-hand from clinicians, without having
direct contact with the patient. The use of mHealth technologies will require
researchers to have direct patient contact to allow for the deployment of devices
and to provide support services such as technical advice. Removing patient
anonymity from the phase IlI-lll trial process will force a rethink of clinical trial

design particularly related to randomisation practices.

New Extraction Techniques

The use of EHR data as a supplement or replacement for EDC data, will
potentially remove the patient’s anonymity. By virtue of validated systems, all
codes or de-identification steps will be captured in the audit trail by research
teams. There are suggested solutions to de-identify the data by removing
variables such as date of birth in clinical research datasets. This would require
the need for additional extraction technologies to be deployed at hospital sites
which may prove to be costly and not scalable across the myriad of EHR

systems.
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7.1.3

7.1.4

Common Standards

There are many successful examples of how EHR data can be used for research.
Under closer scrutiny, EHR data is largely being used for in-house hospital
research or to assist with the administration of clinical trials. Admittedly, EHRs
are a valuable source of metrics on patient populations and assist in the clinical
trial feasibility, but, few, if any, examples exist where EDC data is being used as
the source data to replace the data collected within EDC systems (eCRF). There
are too many EDC systems and standards vary greatly across systems.
Additionally different coding standards and definitions of data make
interoperability across EHR systems and with EDC systems problematic. Ideally,
new standards, that can apply to both data collected from primary care and
secondary use are required, and may be achieved through machine learning

techniques.

How will mHealth Work?

Although there is a proliferation of new technologies to capture health data for
secondary use, there is no clear path to mHealth use in clinical research. Trials
are already using wearable devices and sensors to capture data directly from
patients but solutions for how this data will be harnessed and processed remain
unclear, and it is suggested that wearable devices may be suited to certain
therapeutic indications or patient populations. Patient burden will be a factor in
driving the success or failure of these initiatives. As patients become more
informed, mHealth technologies and the associated processes must provide

some value to them or their families.
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7.1.5 Conclusion

In 1969, Greenes et al stated that “increasing activity in the use of computers for
acquisition, storage, and retrieval of medical information has been stimulated by
the growing complexity of medical care, and the need for standardisation, quality
control, and retrievability of clinical data” (Greenes, et al., 1969).

Almost 50 years later, this statement is still applicable, and it points to the slow
pace at which change happens in how health data is organised. It is likely that
the pace of digitisation will continue to speed up, but the clinical research

industry will continue to evolve cautiously over the next 5-10 years.
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8 TABLE OF ABBREVIATIONS

Term

21 Code of Federal
Regulations (CFR) part 11

Definition

Title 21 CFR Part 11 is the part of Title 21 of the Code of Federal Regulations
that establishes the United States Food and Drug Administration (FDA)
regulations on electronic records and electronic signatures (ERES), which
mandates the need for an audit trail and other controls in clinical trial data
collection systems when the data will form of a regulatory authority submission.

21st Century Cures Act

The 21st Century Cures Act (Cures Act), signed into law on December 13, 2016,
is designed to help accelerate medical product development and bring new
innovations and advances to patients who need them faster and more efficiently.

Actigraph or Actigraphy

Actigraphy is a non-invasive method of monitoring human rest/activity cycles. A
small actigraph unit, also called an actimetry sensor, is worn for a week or more
to measure gross motor activity. The unit is usually, in a wrist-watch-like
package, worn on the wrist.

Agency for Healthcare
Research and Quality
(AHRQ)

The Agency for Healthcare Research and Quality (AHRQ) is a US agency with
responsibility for improving the safety and quality of US's health care system.

ALCOA

Clinical trial data should meet certain fundamental elements of quality. Whether
they're recorded on paper or electronically, source data should be attributable,
legible, contemporaneous, original, and accurate (ALCOA). If these best
practices for source documentation aren’t followed, there is no valid evidence
that the test article is safe and effective.

American College of
Cardiology (ACC)

The American College of Cardiology, based in Washington, D.C., is a non-profit
medical association established in 1949. The ACC is the professional home for
the entire cardiovascular care team, and its mission to transform cardiovascular
care and improve heart health.

Applied Machine Learning
(AML)

The design of systems that can learn from and make decisions and predictions
based on data. Machine learning enables computers to act and make data-
driven decisions rather than being explicitly programmed to carry out a certain
task.

Artificial Intelligence (Al)

The theory and development of computer systems able to perform tasks
normally requiring human intelligence, such as visual perception, speech
recognition, decision-making, and translation between languages.

Blinding

Blinding is used in the design of some clinical trials and other research studies
to try to eliminate the bias of expectation influencing the research findings. A
blind trial is a trial where the participants do not know which
treatment/intervention they have been allocated.

Blockchain

A blockchain is a decentralized, distributed and public digital ledger that is used
to record transactions across many computers so that the record cannot be
altered retroactively without the alteration of all subsequent blocks and the
consensus of the network.

BYOD

BYOD, or bring your own device, in a clinical context, refers to patients, who use
their own computing devices — such as smartphones, laptops and tablets — in
the management of their health and to track their health data.

Cancer Data Standards
Repository (caDSR)

caDSR (Cancer Data Standards Registry and Repository) is the National
Cancer Institute's (US) database and a set of APIs and tools used to create,
edit, control, deploy and find common data elements (CDEs) for metadata
consumers and for UML model development.
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Term Definition

A case record form (or CRF/Cerf) is a paper or electronic questionnaire used
collect clinical trial data from each participating patient. All patient data is

Case Record Form (CRF) documented in the CRF. The annotated CRF is a blank CRF that maps each

& Annotated CRF item on the CRF to the corresponding variables in the database. The annotated
CRF provides the variable names and coding for each CRF item included in the
data tabulation datasets.

CDASH (see CDISC) establishes a standard way to collect data in a similar way
across studies and sponsors so that data collection formats and structures
CDASH provide clear traceability of submission data into the Study Data Tabulation
Model (SDTM), delivering more transparency to regulators and others who
conduct data review.

CiteLine is an analytics company that provides pharmaceutical companies and
CiteLine clinical research organisations with site-related intelligence (using a subscription
model) to assist with assessing trial feasibility.

A clinical study involves research using human volunteers (also called

Clinical Study/Study participants) that is intended to add to medical knowledge.

The protocol is a document that describes how a clinical trial will be conducted
and includes details such as the objective(s), design,

methodology, statistical considerations, and organization of a clinical trial, and
ensures the safety of the trial subjects and the integrity of the data collected.

Clinical Trial Protocol

Common data elements Developed by the NIH, a CDE is a data element that is common to multiple data
(CDEs) sets across different studies.

CRF completion A CRF completion guideline is a document to assist the investigator to complete
guidelines the CRF/eCRF.

The Declaration of Helsinki (DoH) is a set of ethical principles regarding human
experimentation developed for the medical community by the World Medical
Association (WMA). It is widely regarded as the cornerstone document on
human research ethics.

Declaration of Helsinki

De-identification is the process used to prevent a person's identity from being
connected with information. Common uses of de-identification include human
subject research for the sake of privacy for research participants.

De-identify/De-
identification

Demographic data refers to data that is statistically socio-economic in nature
Demography data such as population, race, income, education, and employment, which represent
specific geographic locations and are often associated with time.

Duchenne muscular dystrophy (DMD) is a genetic disorder characterized by
progressive muscle degeneration and weakness. ltis a rare and fatal
degenerative disease for which there is no cure. The symptom of muscle
weakness usually begins around the age of four in boys and worsens quickly.

Duchenne's/Duchenne
Muscular Dystrophy

(BMD) Typically muscle loss occurs first in the upper legs and pelvis followed by those
of the upper arms.
Electronic Data Capture (EDC) - the system used to collect patient health data
EDC .
electronically through an eCRF
EHRACR Electronic Health Records for Clinical Research

In a clinical research trial, a clinical endpoint generally refers to occurrence of
Endpoints a disease, symptom, sign, or laboratory abnormality that constitutes one of the
target outcomes of the trial.
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Term Definition

ePRO/electronic outcomes
measurements

An electronic patient-reported outcome (ePRO) is a patient-reported outcome
that is collected by electronic methods. ePRO methods are most commonly
used in clinical trials, but they are also used elsewhere in health care.

Ethics Board

Hospital ethics committee must convene to decide a complex matter such as
approvals of clinical trials within its organisation. These bodies are composed
primarily of healthcare professionals, but may also include philosophers, lay
people, and clergy — indeed, in many parts of the world their presence is
considered mandatory to provide balance. U.S. recommendations suggest that
Research and Ethical Boards (REBs) should have five or more members,
including at least one scientist, one non-scientist, and one person not affiliated
with the institution. The REB should include people knowledgeable in the law
and standards of practice and professional conduct. Special memberships are
advocated for handicapped or disabled concerns, if required by the protocol
under review

The EU-ADR project aims to develop a computerized system to detect adverse

EU-ADR drug reactions (ADRs)from electronic healthcare records (EHRS) of over 30
million patients from several European countries
EUPATI stands for 'European Patients Academy on Therapeutic Innovation’,
EUPATI and develops educational material, training courses and a public Internet library

to educate patient representatives and the lay public about all processes
involved in how medicines are developed.

European Network of
Centres for
Pharmacoepidemiology
and Pharmacovigilance
(ENCePP)

The European Network of Centres for Pharmacoepidemiology and
Pharmacovigilance (ENCePP®) is a network coordinated by the European
Medicines Agency (EMA)

Farr Institute of Health
Informatics Research

The Farr Institute is a UK-based collaboration involving academic institutions
and health partners focused on research in health informatics to advance the
health and care of patients and the public.

FDA

The Food and Drug Administration is a federal agency of the United States
Department of Health and Human Services, one of the United States federal
executive departments.

Gamification

The application of typical elements of game playing (e.g. point scoring,
competition with others, rules of play) to other areas of activity, typically as an
online technique to encourage engagement with a product or service.

General Data Protection
Regulation (GDPR

The General Data Protection Regulation (GDPR) of the European Parliament,
the Council of the European Union and the European Commission and is
intended to strengthen and unify data protection for all individuals within the
European Union (EU).

Health Information
Technology Standards
Panel (HITSP)

The American National Standards Institute (ANSI) Healthcare Information
Technology Standards Panel (HITSP) is part of the United States Department of
Health and Human Services) to promote interoperability in health care by
harmonizing health information technology standards.

Health Insurance
Portability and
Accountability Act
(HIPAA)

The Health Insurance Portability and Accountability Act of 1996 (HIPAA) (US)
protects health insurance coverage. Title Il of HIPAA, known as the
Administrative Simplification (AS) provisions, requires the establishment of
national standards for electronic health care transactions and national identifiers
for providers, health insurance plans, and employers.
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Term

Health Level 7 (HL7)
Reference Information
Model (RIM)

Definition

The Reference Information Model (RIM) is the cornerstone of the HL7 Version 3
development process. An object model created as part of the Version 3
methodology, the RIM is a large, pictorial representation of the HL7 clinical data
(domains) and identifies the life cycle that a message or groups of related
messages will carry. It is a shared model between all domains and, as such, is
the model from which all domains create their messages.

Hitech Act (2009)

The Health Information Technology for Economic and Clinical Health Act
(HITECH Act) sets forth a federal standard for security breach notifications
relating to the unauthorized dissemination of protected health information (PHI).

Home monitoring devices

Home monitoring devices or remote patient monitoring (RPM), also called
homecare telehealth, is a type of ambulatory healthcare that allows a patient to
use a mobile medical device to perform a routine test and send the test data to a
healthcare professional in real-time.

IMP

Investigational medicinal product — the drug or compound under investigation
within a clinical trial

International Conference
on Harmonisation’s (ICH)
Good Clinical Practice
(GCP)

The International Council for Harmonisation of Technical Requirements for
Pharmaceuticals for Human Use (ICH) is unique in bringing together the
regulatory authorities and pharmaceutical industry to discuss scientific and
technical aspects of drug registration.

Interoperability

The ability of computer systems or software to exchange and make use of
information.

Investigator(s)

An investigator involved in a clinical trial is responsible for ensuring that an
investigation is conducted according to the signed investigator statement, the
investigational plan, and applicable regulations; for protecting the rights, safety,
and welfare of subjects under the investigator's care; and for the control of drugs
under investigation. The investigator must also meet requirements set forth by
the FEDA, EMA or other regulatory body. The qualifications must be outlined in a
current resume and readily available for auditors.

The International Organisation for Standardization (ISO) is an international

ISO standard-setting body composed of representatives from various national
standards organizations
ISO/IEC JTC 1 is the standards development environment where experts come

ISO/IEC together to develop worldwide standards for business and consumer
applications for integrating diverse and complex IT technologies.

KPls Key Performance Indicators IKPIs) help businesses and employees define and

achieve their goals by using metrics to assess performance

Linked Open Data (LOD)

Linked Open data is data that is open if anyone is free to use, reuse, and
redistribute and linked using a method of publishing structured data so that it
can be interlinked and read automatically by computers.

Logical Observation
Identifiers, Names, and
Codes (LOINC)

The universal standard for identifying health measurements, observations, and
documents.

MedDRA

The Medical Dictionary for Regulatory Activities (MedDRA) was created to
manage clinical information about pharmaceuticals, biologics, vaccines, and
drug-device combinations for the entire lifespan of products.

Metadata registries
(MDRs)

A metadata registry is a central location in an organization
where metadata definitions are stored and maintained in a controlled method.

METeOR

METeOR is Australia’s repository for national metadata standards for health,
housing and community services statistics and information.
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Term Definition

mHealth

mHealth (mobile health) is a general term for the use of mobile phones and

other wireless technology in medical care. The most common application of
mHealth is the use of mobile phones and communication devices to educate
consumers about preventive health care services.

Mini-Sentinel

The FDA's “Mini-Sentinel” pilot program is a US-based rapid-response
electronic safety surveillance system for drugs and other medical products.

National Cancer Institute
(NCI)

The National Cancer Institute (NCI) is part of the National Institutes of Health
(NIH), which is one of eleven agencies that are part of the U.S. Department of
Health.

The National Health Service (NHS) is the name used for each of the four public

NHS health services in the United Kingdom
National Institutes of Health (US) - seeks fundamental knowledge about the

NIH nature and behaviour of living systems and the application of that knowledge to
enhance health, lengthen life, and reduce illness and disability.

OpenEHR OpenEHR is a virtual community working to transform health data into electronic

formats while ensuring universal interoperability.

Open-source

Open-source software (OSS) is computer software with its source code made
available with a license in which the copyright holder provides the rights to
study, change, and distribute the software to anyone and for any purpose.

Patient reported outcomes
(PRO)

PRO is directly reported by the patient without interpretation of

the patient's response by a clinician or anyone else and pertains to

the patient's health, quality of life, or functional status associated with health
care or treatment.

PCORnet, the National Patient-Centred Clinical Research Network, is an
innovative initiative of the Patient-Centred Outcomes Research Institute
(PCORI). It is designed to make it faster, easier, and less costly to conduct

PCORI/PCORnet clinical research than is now possible by harnessing the power of large amounts
of health data and patient partnerships. In the process, it is transforming the
culture of clinical research from one directed by researchers to one driven by the
needs of patients and those who care for them.

Petabyte A petabyte is 10™ or 1,000,000,000,000,000 bytes.

Post-marketing
trials/surveillance

Post marketing study studies are conducted after the regulator has approved a
product for marketing. FDA uses post marketing study commitments to gather
additional information about a product's safety, efficacy, or optimal use.

Post-marketing
trials/surveillance

Post-marketing monitoring includes the identification and monitoring of new
additional adverse drug events from doctors or other health professionals.
Unlike previous stages, these will be observational studies where the long-term
effectiveness will be evaluated; these are conducted right after the
commercialization of the drug to the “real world”.

Pragmatic trial design

Pragmatic trials measure effectiveness-the benefit the treatment produces in
routine clinical practice.

Pre-marketing Trials

Pre-marketing clinical trials are studies conducted to evaluate, first, the safety
and, second, the efficacy of the new compound in humans.

Provider

Healthcare provider, usually a hospital

Randomised controlled
clinical (RCT) trials

A randomized controlled trial (RCT) is a type of experiment which aims to
reduce bias when testing a new treatment. The people participating in the trial
are randomly allocated to either the group receiving the treatment under
investigation or to a group receiving standard treatment (or placebo treatment)
as the control. The RCT is often considered the gold standard for a clinical trial.
RCTs are often used to test the efficacy or effectiveness of various types of
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Term Definition

medical intervention and may provide information about adverse effects, such
as drug reactions.

Real-world Evidence
(RWE)

Real world evidence (RWE) or real-world data (RWD) is data used for decision-
making that are not collected in conventional randomized controlled trials
(RCTs), includes clinical and economic data reported by patient registries,
claims databases, electronic health records, patient-reported outcomes, and
literature review. Real-world evidence = organized information informing a
conclusion or judgment based on real-world data.

Regulatory authority

A regulatory agency or authority is a public authority or government
agency responsible for exercising autonomous authority over some area of
human activity in a regulatory or supervisory capacity.

Robotic Process
Optimisation (RPA)

Robotic process automation (RPA) is the use of software with artificial
intelligence (Al) and machine learning capabilities to handle high-volume,
repeatable tasks that previously required humans to perform. These tasks can
include queries, calculations and maintenance of records and transactions.

SDTM

SDTM (Study Data Tabulation Model) defines a standard structure for human
clinical trial (study) data tabulations and for nonclinical study data tabulations
that are to be submitted as part of a product application to a regulatory authority
such as the United States Food and Drug Administration (FDA)

Semantic web technology

Semantic technology defines and links data on the web or within enterprise
systems by developing languages to express rich, self-describing interrelations
of data in a form that machines can process.

Sponsor

A person, company, institution, group, or organization that oversees or pays for
a clinical trial and collects and analyses the data. Also called trial sponsor.

Static datasets

Static data is data that does not change after being recorded, usually held in a
fixed data set.

Study
investigators/Investigators

A clinical investigator (usually a hospital doctor) is involved in a clinical trial is
responsible for ensuring that an investigation is conducted according to the
signed investigator statement, the investigational plan, and applicable
regulations; for protecting the rights, safety, and welfare of subjects under the
investigator's care; and for the control of drugs under investigation. The Clinical
Investigator must also meet requirements set forth by the FDA, EMA or other
regulatory body.

Synthetic Control Arm

Clinical trials of experimental treatments require control arms. However, a
randomized control arm may be difficult or impossible for reasons including
ethical concerns about assigning a placebo and patient unwillingness to be
randomized, possibly to a placebo. Historical control groups from one or a few
previous clinical trials have often been used, but this approach introduces
biases due to differences in baseline covariates, sites, and other factors. We
minimize these problems by constructing a synthetic control arm (SCA) from
Medidata's archive of >3000 trials with data rights for anonymized aggregated
analyses. For a specified single-arm trial, we create an SCA containing patients
from recent trials with similar eligibility criteria. We use several approaches to
select patients for the SCA to match the patients in the trial, including all
available patients and patient-level matching on key baseline covariates. The
SCA can provide a superior alternative to using a single arm or historical
controls from literature, where covariates cannot be matched (JSM, 2017).

Systematized
Nomenclature of Medicine
Clinical Terms (SNOMED
CT)

SNOMED is a systematically organized computer processable collection
of medical terms providing codes, terms, synonyms and definitions used in
clinical documentation and reporting.
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Term

The Clinical Data
Interchange Standards
Consortium (CDISC)

Definition

The Clinical Data Interchange Standards Consortium (CDISC) is an open,
multidisciplinary, non-profit standard developing organization (SDO) that is
working to develop global standards and innovations to streamline medical
research and ensure a link with healthcare.

The Federal Health
Information Model (FHIM)

The FHIM is an information model of healthcare data.

The Society for Clinical
Data Management (SCDM)

The Society for Clinical Data Management (SCDM) is a non-profit global
association for Clinical Data Management professionals worldwide set-up
to advance the discipline of Clinical Data Management in all regions of the
world.

Therapeutic indications

Therapeutic indications are a description of the disease to be treated with a
medicine, and the population for which the medicine is intended

Unblinding

Unblinding is the disclosure to the participant and/or study team of which
treatment the participant received during the trial. The process of unblinding is
planned and included in the study protocol. Unblinding a trial is a necessary
process to protect participants in the event of medical or safety reasons. There
is also a defined process to ‘break the blind’ of a single participant when
required.

Unified Medical Language
System (UMLS)

Unified Medical Language System (UMLS) integrates and distributes key
terminology, classification and coding standards, and associated resources to
promote creation of more effective and interoperable biomedical information
systems and services, including electronic health records.

USHIK (United States
Health Information
Knowledgebase)

The United States Health Information Knowledgebase (USHIK) is an on-line,
publicly accessible registry and repository of healthcare-related metadata,
specifications, and standards. USHIK is funded and directed by the Agency for
Healthcare Research and Quality (AHRQ) with management support and
engagement from numerous public and private partners.

Vital signs (data)

Vital signs are a group of the 4 to 6 most important signs that indicate the status
of the body's vital (life-sustaining) functions. These measurements are taken to
help assess the general physical health of a person, give clues to possible
diseases, and show progress toward recovery.

Voice-activated system

A system that responds to or begins to operate in response to a person's voice

The terms “wearable technology”, “wearable devices", and “wearables” all

Wearables refer to electronic technologies or computers that are incorporated into items of
clothing and accessories which can comfortably be worn on the body
The WHO Drug Dictionary is an international classification of medicines created
WHOdrug by the WHO Programme for International Drug Monitoring and managed by

the Uppsala Monitoring Centre and is used for identifying drug names in clinical
trials.
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APPENDIX | — ETHICS SUBMISSION PACKAGE

Ehemila Kely, Shad, @ 16306176
TCID MSe HI, Dissakabian (20718}

Revisad Ethics Application (29 Jan 2018)

Summary of Changes

1. EC recommendation: Change the fact that the data will be destroyed at a particular time to
say that the data will be destroyed once the examination period is completed.

Change made on page 2 of the Key Informants Information Sheet

I will erase all electronic voice recordings ot the end of my research and when the
examination period has concluded.

2. EC recommendation: Include a bullet point on the informed consent form to say that the
respondents are expressing their own views and not the views of their
companies/organisations, If this is not the case you will need to get

permissien from their employer (o interview them, If 5o, please include an

additional information sheet and consent form which will be sant to emplovers

requesting their permission to interview their employee.

Change made on page 3 of the Key Informants Information Sheet/Informed Consent Farm

| am expressing my own views and not the views af my employer or other arganization.

3, EC recommendation: Please clarify where you gotfwill get the contact details for the key
informants,

Outlined in the body of the research proposal (page 5):

Below | hove prowided a hst of proposed key informants thot | intend to contact through
Linkedin, ond ask them if they are willing to porticipote in the research. If they accept my
invitation and agree to participote, | will provide them with the key informants” informaotion

sheet that | have prepared as part of the TCD Ethics application.




Sheila Kelly
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Sehool of Computer Science & Statistics
Research Ethics Application

|____ Part A

Project Title:  Challenges and Enablers in the Collection of Health Data for use in Phase 11-111 Clinical Trials
Mame of student: Sheila Kelly

Mame of Supervisor: LucyHalemen

TCD E-mail: kellvsTTiated.ig Contact Tel Mo 057 6319492

Course Mame and Code (if applicable): MSe¢ in Health Informatics
Estimsated stant date of survey/research: February 2018
1 cenfirm that 1 will {where relevant):

»  Familiarize m:l.sﬂrw'nh the Data Prolecion Actand the College Good Research Practice guidelines
bt iwew w tod. i infi_complinnce/dp legislation. php;

« Tell participants that any recordings, e.g. audie/video/photagraphs, will nat be identifiable unless prior writlen
permission has been given. | will ebitain permission for specific rsuse (in papers, talks, ec.}

+  Provide participanis with an information shest {or weh-page Tor web-based experiments) that describes the main
procedunes (a capy of the information sheet must be ineluded with this application)

e Obtain informed consent for participstion (a copy of the informed consent form must be included with this

application)

Should the ressarch be observational, ask paniclpnrlts for their consent 1o be observed

Tell participants that their participation is voluntary

Tell participants that they may withdraw at any time and for any reason without peralty

Giive participants the option of omitting questions they do not wish 10 answer il questionnaine s used

O request, debrief participants at the end of their participation (i.e. give them a brielexplanation of the study)

Yerify that participants are 18 years or obder and competent 10 supply consent,

« If the study invelves participants viewing video displays then | will verify that they understand that il they or
anyone in their family has a history of epilepsy then the parlicipant is proceeding attheir own risk

« Declare any petential conflic of interest to participants.

o Inform participaits that in the extremely unlikely event tht illicit activity is reported to me during the study 1 will
be obliged 10 report it 1o approprivte sutharities,

®  Act in aecordance with the information provided (ie, iF | rell participands | will not do something, then 1 will not do
it).

Srudent
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communication difficulties

7 Part B —|
Please answer the following questions. YexiWo
Has thiz research application or any application of a similar natre connected 10 this research project been Mo
refused ethical approval by another review commitee of the College (or at the instinmions of any
collabomtors)?

:ﬁill your F.roj{:l;l. invalve pha‘[ngraph'ingpur:icipn‘nu ar electronie andio or video recordings? Mo
Will your project deliberaiely invelve misleading participanis in any way” No
Does this sty contain commercially sensitive material? Me
Is there a risk of participants experiencing either physical or psychological disress or discomfort? IF ves, Mo
give details on a separate sheet and state what you will well them 1o do if they should experience any such
problems (e.g. who they can contact for help)

Dioes your study involve any of the following? | Children (under 18 years of age) N
People with intellectual or No

Patients
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School of Computer Seience and Statistics
Research Ethical Application Form

Deetails of the Research Project Proposal must be submitted as a separate document to include the following information:

1. Tileof project

2. Purpose of project including academic rationale

3. Bricfdeseription of methods and measurements 1o be used
4

Participants - recruitment methods, number, age, gender, exclusjon/inclusion eriteria, including statistical
justification for numbers of participants

5. Dehriefing arrangements
6 A clear concise stavement of the ethical considerations raised by the project and how you intend 10 deal with
them

7. Cite any relevan legislation relevant 10 the project with the method of compliance e.g. Drata Protection Act e,

Part C

| confirm that the maserials 1 have submitied provided a completz and accurate accoun af the research | propese to
conduct in this comext, including my assessmeant of the ethical ramifications.

Signed: ‘-’*1 ................................................. Date: ... ”"Mh " 'I'{ e,

There is ar shilgalion un the lead researcher to bring fo the arteation of the SCS8 Research Ethics Committes any lsives
with ethical implications not clearly covered above

" PartD

1T external or other TCD Eshics Committee spproval has been received, please complete below.

External TCT? cthical approval has been received and no further ethical appraval is required from the School's Research
Ethical Commitice. | have aitached a copy of the external ethical approval for the School's Research UniL

Sigmed: ... l%LlL’:-’ll'Ll T Dhate: 'I'?J""‘ I'r(

Sludent

Part E

If the research is proposed by an endergraduate o postgraduste studenl, plesse have the below section compleled.

1 confism, as an academic supervisor of this proposed resvarch that the documents at hand are complete (i.e. each item on
the subrmission checklist is aceounted for) and are in a form that is suitable for review by the SCSS Research Ethics
Commineg

wd_ofﬂ CM]*‘Q—J“ LId i rg‘ F\E*"' A0l%

T Date; ...

Super visor

Completed application forms together with supporting decumentation should be submitted electronically to the
online ethics system - higps:iwebhostichpe o fefresenrch elhics/ When your application has been reviewed and
approved by the Fthies commiltee, hardcopies with original signatores showld be submitled to the School of
Computer Science & Siatisties, Room 184, Lloyd Building, Trinily College, Dublin 2.

Ethics Apptication CGuidehnes < 2016
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1. *® 5055 Ethical Application Form Tes

i ®  Participant’s Information Sheet must include the fllowing: Yes
a) Declarations from Part A of the application form:

b} Dwetails provided o panicipants about how they were selected to participale;
¢} Declaration of all conflicts of interest,

3 o Participant’s Consent Form must inchude the following: Yes

a) Declarations from Part A of the application form;

b} Researchers comtact details provided for counter-signature (your participant will keep one
copy of the signed consent form and retum a copy 1o you ).

4, & Research Project Proposal must include the following: Yes
a) You must inform the Ethics Committee who wvour intended parlicipants are
i, are they vour work colleagues, class mates etc.
b} How will vou recruit the participants i.e. how do vou imend asking people to take part in
your research? For example, will you stand on Pearse Strect asking passers-by?
| c) If vour participants are wnder the age of 18, you must seck both parental’cuardian
| AND child consent.

L e Intended questionnaire/surver/interview  protocolsscreen  shots/representative materials (as Tes
appropriate)
6. ® UKL to intended on=ling survey (as appropriate) Min

L. If your intended participants are work colleagues, you must declare a potential conflier of
interest: vou are taking advantage of vour existing relationships in erder 1o make progress in vaur
research, It is best to acknowledge this in your invitation to participants.

2. If vour research is alse intended 1o direet commercial or other exploitation, this must be declared. For
cxample, “Please be advised that this research s befng comduceed by an employee of the company e
supplies the product or seevice which form an objecr of sy within the research.”

2 fi . interyiews
1. If your questionnaine is paper based, vou must have the following opt-out clause on the top of
each page of the questionnaire: “Each guestion i oprional, Feed free o omit o respons e o gay guestion
hiavever the researcher wonld be grn:h'c_'fml -{:I(t.'.l'!'qun-.m'emx e i'{':upumfn‘d!u. o
2. If vou guestionnaire is on-line. the first page of vour questionnaire must repeat the content of the
information sheel This must be Tollowed by the consent form. 1f the participant does nol agree 10 the
consent, they must automatically be exited from the questionnaire,

Each question must be optional.

I'he participant must have the option to “not submit, exit without submitting” at the final submission

paiml O wolr questionnaine.

5 1f vou have open-ended questions on your questionnaire you must warm the participanl against naming
third paribes: “Please oo aot name thivd parties 0wy open text ffeld of the guestionnaire. Ay such
riplies will be caonymrized "

A You must inform your participants regarding illicit activity: e the exiremely ualibely cvent thar ilffel
aetivity is reported Dwill be elliged fo rapors It o appropriare authories.” -

= el
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Sraia Kally, Shud. & 16306176
TCD MEc HI, Dissertaton [2017-1E]

Key Informants Information Sheet
=TBC=February 2018
Name <TBC=>
Title <TBC>
Company,/Address <TBC=>

Re: M5c in Health Informatics - Key Informant Interview for Dissertation

Dear <TBC>
As mentioned in my Linkedin cormmunication, | am currently studying for an MSc in Health
Informatics at Trinity College Dublin (TCD), and, as part of my research, | have undertaken to

complete a dissertation on:

Challenges and Enablers in the Collection of Health Data for use in Phase -l Clinical Trials

As a key informant in this field, | would like to invite you to participate in an interview to answer a

series of questions related to this topic, as outlined below:

1. Janet Woodcock, Director of FDA's Centre for Drug Evaluation and Research recently remarked
that the clinical trial data collection process is broken, Do you agree with this statement, and
what do you see as the barners or issues that exist today in how data is collected in phase 111
clinical trials?

7. In your opinion, what factors are changing how health data is collected in phase <1 clinical
trials? What are the advantages of such changes? What are the disadvantages of such changes?

3, In the longer term, what innovations may impact how data is collected for phase =11 clinical
trials? What advantages will these innovations bring? What issues may these innovations fail to

address?

| plan to conduct the interview over the phone or in person (subject to availability), and expect it to
take approximately 30 minutes to complete, | 'will record your answers in writing and as electronic

audio recordings.

Vi
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Shaia Kely, Sl & 163206176
TGO MEe HI, DEsertatian (201713}

The answers you provide will be used to form the basis of a key informant section of my dissertation
and | may quote your responses directly in the body of my document. The final dissertation will be
submitted to the examinations board at Trinity College and, if successful, will be posted on TCD's

website for future reference.

Before submitting the final document for examination | will provide you with a copy of your answers
for final review, and will provide you with the sections of my dissertation where you may be gquoted.
| will erase all electronic voice recordings at the end of my research and when the examination

period has concluded,

In line with Trinity College Dublin’s ethics guidelines | would like to emphasise the following points:

e Your participation is voluntary, There are neither anticipated risks nor benefits to you by
participating in the research, and you may choose to participate in the research or to
decline.

# [f you choose to participate,

o | must obtain written approval of your informed consent. Please sign the attached
“informed consent™ document.

o You may withdraw from the research at any time

o Youmay choose not to answer all questions posed

o In the unlikely event illicit activity is reported to me during the study | will be obliged

to report it to appropriate authorities

Mote that | am conducting this research on my own behall for the purposes of my studies at TCD,

and not on behalf of my employer, ICON plc.

Mease can you confirm by return email if you are willing to participate in the inteniew?

Sincerely

Sheila Kelly

Vil
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Sheila Kelly. Siud & 1B306178
TED MSc Hi, Disserdafion [2017-18)

Trinity College Dublin

Informed Consent Form
Researcher: Sheila Kelly

BACKGROUND OF RESEARCH: As part of an M5 program in Health Informatics at Trinity College Dublin (TCD),
the researcher has undertaken to complete a dissertation on: Challenges and Enablers in the Collection of
Health Data for use in Phase )1-1l Clinical Trials
PROCEDURES OF THIS STUDY: As part of the planned research, key mformants will be interviewed over the phone or
in persen (subject to avallability), and the answers provided will be vsed to form the basis of a key informant
section of research dissertation.
PUBLICATION: The final dissertation will be submitted to the examinations board at Trinity College and, if
succassful, will be posted on TCD s website
DECLARATION:
| am 18 years or older and am competent to provide consent.
| have read, or had read to me, a document providing information about this research and this consent
farm. | have had the opportunity 1o ask questions and all my guestions have been answered to my
satisfaction and understand the description of the research that is being provided to me,
# | agree that my data will be used for scientific purposes and | have no objection that my data may be
published in scientific publications
» | am expressing my own views and not the views of my employer or other organization,
« lunderstand that if | make illicit activities known, these will be reported to appropriate authorities.
» lunderstand that | may stop electronic recordings at any time, and that | may at any time, even subsequent to
my participation, have such recordings destroyed [except insituations such as above),
® | ynderstand that, subject to the constraints above, no recordings will be replayed in any public forum or
made available to any audience other than the current researchers/research team,
s | freely and voluntarily agree to be part of this research study, though without prejudice te my legal and
ethical rights.
» lunderstand that | may refuss to answer any question and that | may withdraw at any time without penalty,

» | have recebved a copy of this agreement

Key Infermant’s Name

Key Infarmant’s Signature Date

Ressarcher's Contact Details Date:

ViiI
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1. INTRODUCTION

Janat Weodcock, of tha FDA's Centre for Drug Evaluation and Research, told & recent warkshop at
the Mational Academies of Sciences, Engineering, and Medicine that “the clinical trials system is
“broken” and there needs to be new ways Io collect and utilize patient data” (Woodoock, 2017)

The process of collecting data for clinical trials is disparate. In an average clinical frial, multiple
systems are used to collect patients’ heslth data. Often these systems are incompatible and are
canfigured to optimize workflow for a particutar operational department (Hublou, 2018}, For example,
in a typical laboratory system, patient data is gathered with the purpose of managing patient samples,
whila in &n imaging system, patient data is gatherad to manage image sharing and rewview.

Typically, pharmaceutical companies outsource the data collection process to contract research
organizations (CROs), and in many cases only cartain aspacts of the clinical trial will be outsourcad.
Sp, for example, in a phase |1 or Il trial, one CRO may manage the laboratory data, while another
CRO may collect the main patient information or case record from (CRF), and the pharmaceutical
company may manage some aspects of the clinical tial itself (Wang & Motti, 2015)

As part of the phase -l chnical tial process, the case recard form (CRF) is the central data
colection document used to collate patient information. In the last 10-15 years, the CRF has now
morphed into the eCRF, as typically this data is collected using electrenic data capture (EDC)
systems (Krishnankutty, et al, 2012). The CRF or eCRF charts the patient's progress though the
clinical trial by using a predefined set of research criteria and assessments,

2. RESEARCH QUESTION

Title/Research Question: Chalienges and Enablers in the Collection of Health Data for use in Phase
-1 Chinical Trizls

Xl
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3. MOTIVATION & AIMS

31. Motivation
The motivation for this research topic came from direct expenience of the challenges faced in
the collection of health data for clinical research, while working in the industry
Clinical research is under increasing pressure to reduce costs and timelines. Estimated costs to
bring a new drug to markst are in the region of $2.6bn (Mullin, 2014) cver a 12-year period
[Torjesen, 2015)
A preliminary literature search cutlines the many challenges in the clinical data collection
process (Richesson & Madkami, 2011) (Vadim Tantsyura, et al, 2007), and, additionally,
highlights how advances in tzchnology can transform this process by giving researchers direct
access to pertinent data and potentially reducing timelines and costs (Bhavnani, et al., 2017).
Initiatives such as EHR4CR (EHR4CR, 2015), which is developing a new working model to
extract data directly from EHRs for clinical research has the potential to transform the climcal
research industry. To date, this model is not used widaly, and patient data is still collacted in
separale systems solely designed for clinical research (Murghy, et al., 2007)

12 Alms

Using an evidence-based approach, the main aim of this research is to identify the potential

barriers 1o, and enablers for, change to improve how data is collected for use in phase [

clinical trials, with a focus on:

3211 Qutlining the current practice for data collection in phase (-1l chnical trials with a
focus an the callection of eCRF data

321.2. |dentifying gaps or pain points in this process

3.2.1.3. |dentifying new developments in the industry that are impacting this process, such as
GDPR (Luveaux, 2016), overall lechnical advancements and how they can improve
this process {Underwood, 2016); and a switch in thinking from historic expenence
towards evidence-based research (IQVIA, 2017)

3.2.1.4 Reviewing new ways of harnessing health care data for clinical trials, such as direct
access to EHRs (Cowie, et al., 2017); the growing importance of health outcomes to
guide clinkcal regearch (Willamson, et al,, 2012}, and developing clinical research as
a treatment option (MIH, 2016).

Xl
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4. APPROACH TO THE RESEARCH METHODOLOGY

To answer the research questicn, an cutline of how data is managed today for clinical trials, will be
presented, with a focus on new trends and emerging technologies that are shaping how health data is

collected for clinical trials, using the fellowing approach:

1. Review the literature related to health data collection for clinical trials in journals and industry
publications, with a focus on cument and new initiatives to collect health data, Compare thess
achievements to the current working practices

2. Conduct interviews with key informants in the industry, such as senior managers of key
clinical research data management providers, such as Medidata and Oracle; ClOs in the
clinical research industry; and other key opinion leaders from pharma and/or academia.

3, Below | have provided & list of proposed key informants that | intend to contact through
Linkedin, and ask them if they are willing (o participate in the research. If they accept my
invitation and agree to participate. | will provide them with the key informants information
sheet that | have prepared as part of the TCD Ethics application.

List of Proposed Key Informants
| propose o intervigw the follawing key informants:
i.  Bill Byrom, independent contractor and specialist in eClinical Products
ii. Lars-Olaf “Lolle® Ericksson, independent confractor & specialist in Clinical Trial
Feasibility
iii.  Dr Brendan Buckley. Prof of Medicine & Pharmacalogy at UCC
.  Dermot Kenny, Head of Clinical Data Managemant, Movartis
v.  Dipak Kalra, President of the European Institute for Health Records
vi, Representative from Madidata, name to be confirmed
yil,  Representative from Veeva systems, name o be confirmed
wiii.  Marie McCarthy, Director Wearables Innovation, ICON

This list is not conclusive and | may approach other industry leaders and ask them to participate in the

resaarch,

HNote: Key informants I-iv (above) all worked for my current employer, ICON pic, al cadain points in their careers.
Kay informant viil is currently employed by ICOM ple, but | do not having any reparting line to this individual.

4. A proposed table of contents for the disseration is attached in appendix |

Xl
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5. WORK COMPLETED TO DATE

To date, the following research activities are underway Key informants have been identified

2. Questicns for key informants have been drafted and have been circulated to a small group of
colleagues for input. The draft questions are, as follows:

¢ Janet Woodcock, Director of FDA'S Centre for Orug Evaluation and Research recently
rermarked that the clinical trial data collection process is broken. Do you agree with this
staterment, and what do you see as the barners or issues that exist today in how data is

collected in phase |-l clinical trials?

. In your opinion, what factors are changing how health data is collected in phase [1-HI
chinical tnals? What are the advantages of such changes? What are the disadvantagss
of such changes?

. In the longer term, what innovations may impact how data is collected for phase |-l
clinical trials? What advantages will these innovations bring? What issues may thess
innovations fail to address?

3, Ongoing research of journal articles, web sites and industry publications

4. Attending supervisor meeting to finesse the research question and the focus of the research
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6. APPROXIMATE TIMETABLE TO COMPLETE DISSERTATION

Working backwards fram the due date of 26" June 2018, key milestones to complete the dissertation
have besn identified, as follows:

3.1. November 2017 Milestones
3.1.1 Finalise research question
3.1.2.Submit research proposal to supervisor and present it to class mates
3.2, January 2018 Milestones
3.2.1 Finalise literature review
3.2.2 Present progress report o academic staff
3.2.3 Finalise salection of key informants
3.2.4 Finalize key informants’ questicnnaire
3.2.5 Submit key informatics questionnaires to TCD ethics board
3.2 6 Meet with Supervisor
3.3 February 2018 Milestones
3.3.1.Conduct key informants’ interviews
3.3.2 Meet with supervisor
3.4. March 2018 Milestones
1.4.1.Final key informant responses & implement into dissertation
3.4.2 Prepare first formal draft of the dissertation
3 4.3 Meetl with supervisor
3.5 April 2018 Milestones
3.5, 1 Finalise dissertation
3.5.2 Meet with supenasor
3.6 May 2018 Milestones
3.6.1.Submit softcopy of dissertation to supervisar
3.6.2 Meet with supennisor
316,32 Send dissertaton 1o print
3.7, June 2018 Milestones
3.7.1. Submit final disseration (hardbound copes)

Figure 1 below oullines the planned timetable to complete the disseration.
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Figure 1: Proposed Timaline to Complete Dissertation
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Sheila Kelly
MSc Health Informatics

APPENDIX || — KEY INFORMANTS' SIGNED CONSENT FORMS

Tigran Arzumanov’s Signed Consent Form

Sheds ey Shed ¢ 18304170
TCD MSic . Dvasenanon (2017.18)

Trinity College Dublin

Informed Consent Form
Researcher: Sheila Kelly

BACKGROUND OF RESEARCH: As part of an MSc program in Health informatics at Tanity College Dublin (TCD),
the researcher has undertaken 10 complete & dissertation on Challenges and Enablers in the Collection of
Heaith Oata for use In Phase -1 Clinical Trials
PROCEDURES OF THIS STUDY: As part of the planned research, key informants will be interviewed over the phone o
w person (subject to avadabiity), and the answers provided will be used to form the basis of a key informant
section of research disseriation.
PUBLICATION: The final dissevtation will be submitted to the examinabions board at Trinity College and, A
successiul, will be posted on TCD's website.
DECLARATION:
= | am 18 years o older and am competent 1o provide content.
# | hawe read, or had read to me, a document prowding information about this research and this consent
form. | have had the cppostunity to ask questions and all my questions hawe been answered o my
satisfaction and understand Lthe description of the research that 15 being provided Lo me
= | agree that my dala will be used for sciemtific purposes and | have no objection thal my data may be
publshed in scientific publications
a1 am expressing my own views and nol the views of my employer or other organization
& | understand that if | make illicit activties known, these will be reported to appropniate authorites
» | understand that | may stop electronic recordings at any time, and that | may al any time, even subsequent to
my participation, have such recordings destroyed (excepl in situathons such as above).
# | gnderstand that, subject to the constrainis above, no recordings will be repliyed in any public forum or
made avallable to any avdience ather Lhan Lhe current researchers/research team.
» | freely and voluntarily agree to be part of this research study, though without prejudice to my legal and
ethical rights.
# | understand that | may refuse Lo answer any question and that | may withdraw at any time without penaity
# | have received acopy of Lhis agreemant.
Tigran Arfumanoy

Koy Informant’s Name
9 23 Feb 2014

" Key Informant’s Signature ' " Den o

fLly

" Ressarcher's Contact Details

21 Y
Date:
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Bill Byrom’s Signed Consent Form

s Rairy Siud @ 189081 M
AU M i Chmanrtisiin | 2017 80

Trinity College Dublin

informed Consent Form
Researcher: Shalla Kalky

RACKGROUND OF RESEARCH: As part of an MSe program in Health informatics &1 Trinity College Dublin (TCD),
lhmwluuwmnm:mﬁmahuﬁmMmﬂmmhﬂ-Mﬂ
Health Dats for usa In Fhase il Clinksl Triak
FROCEDURES OF THIS STUDY: As pant of the planned ressanch, key informants will be intervlewed over the phone or
mpumnmmnmmlmLmdlmmsprwﬂ be uted to form the basis of a key informant
section of research dissertation
PUBLICATION: The final disseriaiion will bé submitted to the examinations board at Trinity College and, if
successhul, will be posted on TCD' s website.
DECLARATION:
« | am 18 years of older and am competent 1o provide consent.
..r.m,maMmdmm.nuummuimmmmmmmwmw
Jorm. | have had the opportunity 10 2sk quettions and all my questions hawe been answered 1o my
satisfaction and undersiand the description of the research ihat it being provided to me.
-lqulmwuﬁﬂhmhxmm:wmumIhrurnnhimimlm"rymmht
publahed in scientific publicatisn
-|nmmmrmmmmm-mﬂmmmuﬂmmunm.
a.|mnﬂmtll'|mullma:w:mmw-mvﬂhmmdiuwmmhnﬂm.
-mndmtmduntlmmm«twﬂlunﬂn:.aﬂumlm-rnmim.mubuqmtn
murlmmmmhrMm*WimﬂnnlmmMuﬂML
-Iund!mmm.uwwmwmum no recordings will b réplayed in any public farum or
made available 1o any sudience ather than the current researchersfresearch team.
o | ireely and voluntarily agree 10 be part of this research study, though without prejudice to my legal and
ethigal rights.
o lunderstand that | may refuse to andwer any questicn and that | may wilhdraw at any Lime without penalty.
o | hawe received & copy of This agreement,

_‘_EE-:. mm
Ky Informant’s

_41/ /? e Zo -Aaz — o1
Key Inlgrmant’s Signalure Cane:
P’L G, 20_ATE 203

Researcher's Contact Dﬁ;"‘ Date-
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Jeff Lee’s Signed Consent Form

Shiil Ky Slud & 16305178
TOIr MG HI, Drassrtaton {2017-18)

Trinity College Dublin

Informed Consent Form
Researcher: Sheila Kelly

BACKGROUND OF RESEARCH: As part of an MEc program in Health Informatics at Trinity Cellege Dublin {TCD),
the researcher has undertaken to complete a dissertation on: w and Enablers in the Collection of
Health Data for wse in Phase [I-11] Clinical Trials
FROCEDURES OF THIS STUDY: As pan of the planned research, key nformants will be interviewed over the phone or
in person {subject to avallability), and the answers provided will be used to form the backs of 2 key Informant
section of research dissertation.
PUBLICATION: The final dssertation will be submitted 1o the examinations board at Trinity College and, f
succassful, will be posted on TOD s website.
DECLARATION:
® | arm LR years or older and am compelent o provide consant.
= | have read, or had read to me, @ docwment providing information about this research and this consent
form. | hawe had the opportunity to ask questions and all my questions have Deen answered (o my
satisfactson and understand the deteription of the research that is being provided to me.
w | agree that my data will be wied for scientific purposes and | have no objection that my data may be
published in scientific publications
& | arm expressing my cwn views and not the views of my emgloyer or other organization
= |understand that if | make dlicit activities known, thase will be reported to appropriate autharities.
# |understand that | may stop electronsc recordings at any time, and that | may at any time, even subsequent to
my participalion, have such recordings destroyed (exscept in situations such as abowe).
# | understand that, subject to the constraints above, no recordings will be replayed m any public forum or
made available Lo any audience ather than the current researchers/ressarch team.
& | freely and voluntarily agree to be part af this resaarch study, though without prejudice to my legal and
ethical rights,
o | understand that | may refuse 1o answer any question and that | may withdraw at any time withowt panalty,
« | have received a copy of this agreement.

) _iEf‘fLE-E _
Key Informant’s Name

gy = PP P O7Feb2018
¥ey Informant's Signature Date:

A 7 tos it
Researcher's Contact Details Date-
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Marie McCarthy’s Signed Consent Form

Sagila Kely, Shud B VEI0EATE
TED WS HIL Dissefaken (201718

Trinity College Dublin

Informed Consent Form
Researcher: Sheila Kelly

BACKGROUND OF RESEARCH: As part of an MSc program in Health Informatics at Trinity College Dublin (TCD),
ihe researcher has undertaken to complete a dissertation on: Challenges and Enablers In the Collection of
Health Data for use in Fhase 11-118 Clinical Trials

PROCEDURES OF THIS STUDY: A2 pan of the planned ressareh, key infarmants will be interviewed over the phone or
in person (subjeck to availability), and the answers provided will be used to form the basls of a key informant
section of research drsertation.

PUBLICATION: The final dissertation will be submitted 1o the examinations board at Trimity College and, if
successiul, will be posted on TCD'S website,

DECLARATION:

» | arm 18 years or older and am competent to provide corsent.

e | have read, or had réad to me, a dofument providing information about this reseanch and this concent
farm, | have bad the opportunity 1o ask questions and all my gquestions have been answered 10 my
satisfaction and understand the description of the research that is beang grovided te me.

& | agren that my data will be used for scientific purposes and | have no objection that my cata may be
publshed in scienific publications

& | am eRpressing my awn views and not the views of my em tloyer ar other arganization.

o | ynderstand that il | make ilicit activities known, these will be reported Lo agpropriate authorities.

# | understand that | may stop electrenic recordings at any time, and that | may at any time, even subsequent to
rewy participation, have such recordings destroyed {Exceptim situations such a5 above),

o | enderstand that, subject bo the canstraints abave, no recordings will be replayed in any pubfic forum or
made dvailable 1o any audience other than the current researchers/rosearch team,

= | fresiy and valuntarily agree 1o be part of this research study, though without prejudice ta my legal and
ethical rights.

& | understand thalk may refuse to answer any quastion and that | may withdraw at any time without penalty,

o | have recelved a copy of this agreement.

TN oL o

i Key infarmant’s Name S—
L ; L N TN

" Key Infokmant’s 5IEI:I.i.lI.t€ Date:

N B R

'Evm .m:h{'F: Contadl De'm!! o .Dme:
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Roth Rothmeier’s Signed Consent Form

Coepap Kaly Sl @ T4RERETTH
NS Ll pie Db (0010 10

Trinity College Dublin
Informed Consent Form

Resgarcher: Sheila Kelly

BACNGROUND OF RESCARCH: & part aof an WSc progrem in HEXEN intsemancy, at Trnsty Cotiege Sublin (T8,
e eeusprcher NAG whdertiken 10 DomEsete § didsimamon an Chalenges and Cnablers in the Colkectson of
Health Data for vie i Phase 1101 CEaatal Triak

PROCEDURES OF THIS STUDY: & st of the plasngd riseantt boy mibrmants will be slenaewesd ower [he phone o

in peerson (sotnesrt 1o avalabi . ared The afgeans prpvidesd will Be woed (e e e Baia ol 8 key @1 mast
o 1 re s arem i ation
PURLICATION: The Inal dssertatron will e whbmilled [0 M8 Exarenanion: Doard ar Treety (alepr and o
ey lul, il e poSTed an TU00 wetidle
ODOCLARATION
w | gm 1R graie o0 oider pied 3 cOmpeterd 1 ofonane cornesn]
& | haye read, o had read 1o me, & docurrent prowding ininrmanan abeer the recarch and th conwen!
wam | Puer had the cOOOmurety ©o ask qQudsern ard o my Guembons hews Dot ariws o0 TO iry
eabmiact ior ot urtars @0 P descrdleon CF LR e e CF TRST w0 Den g ol T i
D agtes that ey 1310 will Beogued lor spinlle O plies 800 | have g slyechon that my data may Do
paniithed ol weritifar gkl o,
# T A TN Y SWE OO dnd AEE Phe vidwe o iy ompkoyet o other organdabecn
=0 pneeeytand hat of | mgiop dlcr! actralees enown S walk De veporTad To Soon Q@@ Jesd hge e
w i urederptare that | ey ulep FCTIOMNG (OCDATRNES 3 My Tie, 2 Rl | ey a2 Ay Tt ceen subaeguent Lo
Wy QTP o, Marwe 00N SECD G s Do royrd fenremd in vl vl Luch 51 owe

# i pnderstand that subject Lo the corstrasatt absve, no recardiogs wall b replaeg inoary pubht foram o

wae Avaalabir Lo arme awdeEnc s FIRET Than The DUl rrerarchir ' e

o Fram
& | Aesly A vlunt an by gl T Be Bar 5 1 frear oh aludy, tocagh withoul orejacce 1o my lepsl ang
tharal righis

v | pesarstacd rhad | May Pelusd 20 BOADWERE By U aTion S0 That ! v wel Piraw Al asy feme wathnul peenalty

» [ haen recened 3 Loy of Thn agresment

Gedl %55 &L* vel

Koy Infogmaen

- Aac- 20

Ky | Ty St b
J r max
Bl oy 4 Coract Detaal, Coate
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Louis Smith’s Signed Consent Form

Sheits Kedy, Sd @ 10200176
TED MSe HI, Dissariabon [2047-80}

Trinity College Dublin

informed Consent Form
Ressarcher: Shella Kelly

BACKGROUNMD OF RESEARCH: Ax part of an MSc program in Health Informatics at Trinity College Dublin {TCD),
the researcher hes undertaken to complete a dissertation on; Challenges and Enablers in the Collection of
Heaith Data for use In Phase i1l Clinkcal Triaks

PROCEDURES OF THIS STUDY: A3 part of the planned ressarch, key informants will be imterviewad over the phone or
in person [subject te availability), and the answers provided will be used to form the basis of a key informant
section of research dissertation.

PUBLICATION: The final dissertation will be submitted to the examinations board at Trimity College and, if
succassful, will be posted on TCD's website,

DECLARATION:

o |am 18 years or older and am competent to provide consent.

& | have read, or had read 1o me, 3 docurment providing Information about this research and this consent
form. | hawve had the opportunity to ask guestions and all my questions have been answered bo my
satisimction and understand the descrigtion of the research that is being provided to me.

= | agree that my data will be used for scientific purposes and | have no objection that my data may be
published in scientific publications

1 am expressing my own vigws and not the views of my employer or cther organization,

= lunderstand that if | make illiclt activities known, these will be reported to appropriate authorities.

o |understand that | may stop electronic recordings at any time, and that | may at any time, even subsequent 1o
my participation, have such racordings destroyed (excepl in situatlons such as above).

o | undérstand that, subject to the constraints above, no recordings will be replayed in any public forum ar
made available to any audience other than the current researcherg/research leam.

% | freely and voluntarity agree 1o be part of this research study, though without prejudics to my legal and
ethical rights,

o | ynderstand that | may refuse 1o answer any question and that | may vdthdraw at any time without penaliy,

& | have received a copy of this agreement.

LOWUS swAiITH

- KH,: Informant’s Name

AR S S Febo )8

T Key Informant’s Signature Date:
N £ 0 iv
" Researcher s Contact Details Date: o
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Richard Young’s Signed Consent Form

Sheia Kelly, Sted. 2, 16203170
TCD WiSc HI Dissertatian {2017-18)

Trinity College Dublin

Informed Consent Form
Researcher: Sheila Kelly

BACKGROUND OF RESEARCH: As part of an M5t program in Health Informatics at Trinity College Dublin (TCD),
the researcher has ondertaken to complete 3 dissertation on: Challenges and Enablers in the Colection of
Health Data for use in Phase 101 Clinical Trials

PROCEDURES OF THIS STUDY: As part of the planned research, key informants will be interviewed over the phong or

In person [subject to availzbifty), and the answers provided will be used to form the basis of 3 key informant
section of research dissertation.

PUBLICATION: The final dissertation will be submitted ta the examinations board at Trinity College and, if
successful, will be postad on TOD's website.
DECLARATION:
» | am 18 years or o/der and am competent to provide cansest.
| have read, of had read to me, a document providing information about this research and this consent
farm. | have had the opportunity to ask questions and all my questions have been answered o my
satisfaction and understand the description of the research that is being provided 1o me,
ol agred that my data will be used for sclentific purposes and | have no ohjection that my data may be
published in scientific publicatians
& | am expressing my own vigws and not e views of my employer or other organzation,
= | understand that if | make (llicit activities known, these will be regorted Lo sppropriate authorities.
= bunderstand that | may stop electronk recordings at any time, and that | may at any time, even subsequent to
ey participation, have such recorgings destroyed (excepl in situations such as above),
= | uncierstand thal, subject io the consiraints above, no recordings will be replayed in any public farum or
made available to any audience other than the current researchers/research beam.
w | freely and voluntarity agree to be part of this research study, though without prejudice to my legal and
@thical rights,
# | understand that | may refuse to answer any question and that | may withdraw at any time without Pty
o | have recevied a copy of this agreement.

\ﬁ.‘jrmnt’s Slgl:lj,ﬂ.lre ' o Date:

L {jL[M _ f Res'ip

" Researcher's Contact Details Date:
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Key Informant Interview: Tigran Arzumanov

APPENDIX Ill — KEY INFORMANTS' INTERVIEW TRANSCRIPTS
Interview with Tigran Arzumanov, VP, Clinerion

23 February 2018

SK: Reads Q1

TA: | wouldn't quite say that the process is broken. | would say that it is fractured. Broken
means that it is completely not working which | think wouldn’t be the right statement. | think it
is working — it is just working very badly. To me, the biggest reason why this is happening is
— well one of the reasons why this is happening — is the whole concept of source data
verification. | think that the concept of source data verification was very useful when it came
up, but it has been obsolete for some time now. And because our industry is very
conservative — the way that things happen — concepts outlive their usefulness but then they
stay — they continue to put breaks on the path of innovation. So, the whole concept that you
have to record the information on some paper or some other media, and you have to record
information on another media, and you have to manually compare the two, | think is has
outlived its usefulness. Data has to be entered only once. Because by enshrining SDV
processes, we are essentially making it compulsory to create data entry errors and look for
them and this is the very part why the process is fractured — just an entrenchment of the
SDV concept. Another thing is that data comes from multiple sources and the use of
electronic health care records for data in clinical trials — everyone understands that this is
needed but there are a lot of challenges to it. Some of the challenges are objective — they
are there just because people cannot figure out how to do things, and some of the
challenges are in perception — and perception is changing. It is gradually changing. But | am

concerned now that | am jumping ahead to the other two questions.
SK: The questions sort of flow into one another. | don’t mind that

TA: So, you kind of see the attitude of people towards data sharing is changing with time.
Our company is the use of electronic patient health records for patient recruitment and for
real world evidence, so we do not yet actively engage in the use of electronic healthcare
records in clinical trials as a source of information for data for the clinical trial database, but
this is something that we actually discuss with several partners, so, | think, eventually a
project like this will come. And the multiple roadblocks are first technology — technology is a
very objective roadblock here — the ability to create standardised data. First off, technology
which is being used by hospitals or healthcare institutions is different — it creates problems
by itself. Then coding conventions are different — and this is actually more serious than a
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technology problem — this is a convention or a standard. And in some cases, it is relatively
straightforward to map one standard to the other, and in some cases, it is very hard. And
then the final roadblock is the attitude towards data sharing. This is probably the hardest one
because it cannot be objectively solved. The only way to solve this on a large scale is time.
Some things society is ready for and some things they are not ready for. And they the future
is here — it is just not evenly distributed. There are some healthcare institutions that are very
progressive in terms of data sharing is concerned, and some healthcare institutions that are
not. And what is very interesting is — this is actually mirrored by the situation in pharma and
there are also very conservative pharma people and that means that they are trying to
design processes for data collection which could work 10 years ago and by the time by put
them in practice, they would already be 10 years too late. So, they make assumptions on
what doctors are like and their assumptions are extremely conservative, and in the end they
end up with unworkable solutions. So, it is kind of like an absurd situation, where, in theory,
everyone wants the same thing. So, both the doctors and the pharma people want to have
an efficient process of putting data in a clinical database, reduce the number of errors and
streamline the process and so on. And in the process, everyone is extremely worried about
patient privacy, because all of the data issue concern patient privacy — but incidentally, not
all of them. Some of them are also about transparency because hospitals are apprehensive
of letting other people access their data because that would potentially put them on the spot
with some of the statements they are making.

So, on the one hand they are concerned about transparency, and on the other hand they are
concerned about privacy. And in our experience, concerns about privacy are bigger than
transparency, so and in principle a pharma company does not want to breach privacy — they
do not benefit from it. And hospitals do not want to breach privacy. Both sides are making
things difficult by putting patient privacy at the top of the considerations. And there is nothing
wrong with putting privacy at the very top, but they start to think about excessive, very
difficult procedures or outright stop things because of privacy concerns. The worst thing we
had — a hospital decided not to work with us because their lawyers said that working with us
may give the perception of selling patient data. This to me is completely outrageous — a
lawyer gives advice about perception, but this is the reality. Patient privacy is such a red flag
it is actually stopping things, and things are stopped in the name of patient privacy in a
situation where patient privacy is not really an issue, and what is being lost in translation
here is that patient privacy is actually a balance. On the one hand there is complete patient
privacy and on the other...complete patient privacy is linked with suffering and death.
Ultimate patient privacy is when you pick up a patient on the street and you cannot access

their patient record because it is locked to anybody other than their treating physician and
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they die because of an allergy. A lot of opportunities are missed because of patient privacy,
because for a patient to receive a treatment — information that a patient needs a treatment,
needs to be written down somewhere and it is not happening that patients are suffering. It is

very complex.

SK: | have looked at Sweden and other countries where they have looked at opt-out
situations. There data is already used for research and it's up to the patient to opt-out and
say no, | don’t want it to be used, and | think those sort of methods may overcome that issue

regarding privacy — because the patient starts to take control of their data.

TA: This is exactly right, because its fine when a patient makes a decision on how his or her
data is being is used. It is not fine when somebody hurts a patient in the name of patient

privacy without consulting a patient about it.

SK: That's one of the big disadvantages of trying to get this data out of hospitals and to use
it for research purposes or for feasibility purposes, so it is possible today to take this data out
but of course we have these standards issues and, institutions giving permission, but there
are advantages. If we could get this data out, what else could we use it for? What else —
what are the realms of possibility for which we could use this data (looking into the future),

beyond feasibility? Are there other use cases, do you think?

TA: There are plenty — imagination is the limit. We have been talking to a few parties, and a
few things we already do — feasibility and identification of patients, so we actually enable
healthcare institutions to identify patients that could be suitable for a trial. Now another use
case is real-world evidence. Usually this is aggregated, and the data is being used to answer
guestions and questions can be very diverse. What is the patient’s route, what kind of
treatments are being used for this specific disease, what is the prevalence, what is the load
on healthcare institutions to justify another drug that may decrease the workload of
healthcare institutions, and so on. And, then, in some cases we also work in making source
data available for analysis. This, of course, has to be approved on a project by project basis
but pharma companies could benefit a lot from hospital data in making themselves more
efficient, so one project we are discussing with pharma companies is payment-by-result. So,
a drug may cost a different amount of money whether it is used for indication 1 or indication
2. Now if things are left to hospital reporting, they are going to report in many places that the
drug has been used for the cheaper indication, so the pharma company needs some
objective data source to be able to justify or to provide data for the payment. In some cases,
it may be outcome based, so payments are going to made dependant on how many patients
recovered. Health insurance could benefit from having access to hospital data as they could
precisely quantify the probability or the cost that they need to associate with the patient, as
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they could have access to outcome data which is local to their specific geography. So, if the
health insurance company has access to on-demand real-time data they could make better
decisions and be more efficient. Then there are a lot of things that can be done already on
the treatment part of things. So, decisions support systems, systems which give doctors
hints on how the patient can be treated. Already, and it is happening in US, pharma
companies provide discounts. So, when there is information that a certain patient needs a
treatment, a voucher can immediately be issued by the system — a discount for this drug.
Some of these things are — let's say — ethically ambiguous, but nevertheless, if a pharma
company can issue a discount, and has the right to do this legally, and this decreases the
financial burden for a patient, why not, if they can do that in an efficient way? So, you can
persuade payers or decision-makers in the healthcare domain to make informed decisions
by providing data that is being used to provide emotionally moving pictures. Let’'s say if you
want to initiate a public campaign and you show a map that says 133 people have died
today because of this issue, and 3 people have died in the city where you are — this goes
against the cold logic of using data, but people are not rational beings and such data may
actually move people into action. And dynamics of diseases, and so you can investigate
things like epidemics of flu spreading pretty much in real time from one city to another, so
lots and lots of things that can be done if health data is published.

SK: That's very interesting. Just going back to a couple of things you raised there about
privacy and that being a barrier to having access to data. How do you propose to get access
to data in hospitals? | am aware of what EHR4CR is trying to do in terms of going into the
site and putting in some sort of warehouse or infrastructure that allows the data to be
aggregated and then they only take out the queried data. Is your model something similar or

how do you extract the data from the site?

TA: It is similar but there are some differences. The EHR4CR project relied on i2B2, i2B2 is
open source software developed in the US, and they essentially have to install the i2B2
software and build their warehouse on top of it. We built our technology from the ground
zero, completely by ourselves and we run an ETL process (extract transfer load) to get
hospital data into our server which is based in the hospital. And the data is heavily indexed,
and this allows us to make our searches very quickly. But the big issue with the i2B2 tool is
originally that it was not supposed to include mechanisms for actual data transfer. i2B2 in
itself has actually been built for manual data upload and this means that any process for
automatic data uploads from the hospital is subject to a patchwork of solutions and a lot of
cases there are no solutions and they are just manually uploaded from time to time. As a

result, you end up with a network of hospitals where the timing between data refreshes is
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very different and that makes the data ok to use for feasibility purposes but very hard to use

for patient identification in any kind of consistent way.
SK: So, your product opens up a real-time solution — is that correct?

TA: So as standard our refresh rate is 24 hours, and this kind of opens up some indications
like oncology where usual treatments are assigned within a week to 10 days. In specific
cases we are able to open up a one-minute refresh rate. We don’t do that by default as it
puts an additional load on the hospital systems but if there is a specific trial that requires that
we can enable that. And we are starting at our first hospital in France - 1 hour south of Paris,
where they are actually going to have true real time access to hospital records based on a
HL7 protocol, so there, there is no delay at all. Because we did not marry our system with an
obsolete product that is no longer being developed, we have much more freedom in
developing connectors to different data formats and eventually moving closer towards real
time. And another thing we have which is unique to us, which we have patented, is a new
technology for anonymised identification as we call it. One of the big problems in technology
such as ours is pseudonym use. Pseudonym is like a fake ID, you take a patient, you assign
them a fake ID, and you maintain the list that connects one to the other. So, in the US, a
pseudonym is one of eighteen identifiers which have to be removed in order to be
considered anonymous, or a statistician or a qualified individual has to certify the probability
of identification is law by intended recipient using conventional means. In Europe,
pseudonyms with the GDPR that's coming up are considered protected health information,
and the punishment for leaking pseudonymised data is the same as leaking patient data
which creates issues. So, we came up with a technology called anonymised identification
and the essence of the technology is that data we get from the hospital has no identifiers of
any type - none at all. And, then once we run our feasibility filter and have the record that we
are interested in, we push them back to the hospital and we give the hospital a process for
comparing this anonymised record with the source data. And you can imagine that a patient
record is very quickly becoming unique — because it has time stamps and even if you have
two identical people seeing two identical doctors, very quickly there's going to be some
divergence between the data in the lab test. And also, for clinical trials use, and even if
theoretically there is a negligible possibility that a comparison is going to use the same
result, it will not matter, because both patients will be eligible. So, by doing this we are very
able to increase our footprint quicker because hospitals are much more enthusiastic or
relaxed in sharing anonymised data that they are about sharing data with any identifier,
because a pseudonym is a one to one identifier — it is very dangerous. You can imagine a

situation, when somebody looks at a pseudonym and then calls somebody at the hospital
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and then says — do me a favour, look up, who is that, and all you need to do is have one
person with access to the list and that’s it. All the rest of the data points never identify a
patient uniquely. So, in the US, where the attitude towards pseudonyms is more relaxed, it
also is a major innovation because it makes the job of the person certifying data anonymised
much easier. Because out of the 18 identifiers, the only 2 that are relevant to clinical
research are time stamps and pseudonyms. So, removing a pseudonym as a factor already
removes half of the controlled data identifiers, and these are the more dangerous ones
because they depend on the size of the hospital. One of the parameters that this person will
be looking at is how big the hospital is. With a pseudonym is does not matter how big the

hospital is because they link to the patient on a one-on-one basis.

SK: That’s very interesting in terms of how you capture the data. | think from my three
guestions you have probably answered a lot and you have given me lots of fodder for my

dissertation. Thank you.
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Interview with Bill Byrom
23 February 2018
SK: Reads Q1

BB: | think she actually said the clinical trial process is broken, but you are absolutely right
she was talking about data, but she was talking more about we have very little real-world
evidence as part of a drug submission. So it's all highly controlled, randomised clinical trial
data, and I think her point there is that's great, and | don’t think anybody’s saying that we
don’t need that, but I think what they are saying is that needs to be supplemented with less
controlled, more real world evidence type data to really understand the effectiveness of the
drug as it would be used in the patient populations. So, | guess the controlled trials are very
good at figuring out, you know, what size of signal are we getting, what are is the effects
size, some aspects of the safety profile are and because we’re able to control for all of the
factors and randomise patients etc. we're able to study that in some detail. But that picture
isn't necessarily telling the regulators everything they need to know about how a drug is
used in practice. And, | think that they’re struggling with and it kind of ties in with 21°' Century
Cures Act — the need for more real-world evidence data. It is a little tricky for me to kind of
well how do we get that — because at the moment, we get real world evidence quite often
when a drug is already on the market because it is easier then to collect it, and you can look
at registries and you can go back and look at certain things. When it's not actually on the
market, you are still having to do it in a fairly controlled manner so it's not quite the same as
real world evidence, but | suppose she wants something getting a bit closer to that. Maybe
what we’ll see is that we’ll continue to do phase Il where we are learning about the effect
size in patients and figuring out the optimal dose and that sort of stuff, but as we get into
phase lll, perhaps what she is looking for is some randomised controlled trials or pivotal
trials to confirm things and perhaps some additional trials that look at less rigorously
controlled, more relaxed, more real world things in which we are trying to assess the

effectiveness of the drug.

SK: And do you think that some of that data might come from EHR or mobile health/mHealth

data or sensor data?

BB: Pre-market, I'm not sure that the data can come from EHR that easily — no easier than
we currently do in a clinical trial because we'd be putting someone into a study to receive a
drug they never had before, so there would be no historic data in there, so the question is
would it be — is it an advantage to use EHR or EDC, | personally think we should still
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continue to use the tools that have. Now we might be collecting less data and less frequent
data, but | don’t think the toolset that we is — we can still use that. | am pretty worried about
the quality of data we can pull from EHR. We hear some good case studies, but they are
usually using a particular hospital or a particular installation of a particular EHR system.
When we want to do something on a more global nature — we’re going to have multiple EHR
systems to try to pull data out, all of which have different ways of recording stuff, a lot of
unstructured data. | just feel we're a long way off from that being really useful. So, my
thinking is, if it is pre-market approval, we could still be using the portal solutions, the patient
reported outcomes solutions and very light-touch EDC systems that we currently use in late

phase — we could be using them here - | don’t see why not.
SK: Reads Q2

BB: The advantages are we have some really quite robust technology. Some really quite
highly robust products with a lot of functionality which enables us to do some quite
sophisticated things around the data cleaning process, etc. — with EDC, for example. But, |
think as we go into the more real-world evidence studies — these tend to be much bigger in
terms of sample sizes. They tend to require, perhaps, less intensive data collection, and so
the tools that we currently use are a little bit of a sledgehammer to crack a nut, when it
comes to operating to those types of trials. Because, again, with the real-world evidence,
because of the size and number of centres that you include, you are often pulling doctors
and researchers who are less familiar with the way we do phase Il & lll trials. They may be
absolutely research-naive in a sense, in that they haven’t done this sort of stuff before, so to
give them a full-blown instance of (named) EDC or something else to collect their data on,
would just be a huge barrier to them. It's just that they are so complex. If you are a
professional clinical trialist, you are kind of used to it. Some systems that are a lot simpler
and are specifically aimed at late phase or registry type studies, and | think that those are

the sorts of systems we would start to use for these larger RWD studies.

SK: And you think of the site burden today. If you have to log onto a number of portals or

you have a number of workflows — do you see any enhancements that could be made there?

BB: There are these initiatives where investigator IDs and stuff (Exostar) - | don’'t know
really. For the professional clinical trialist they would subscribe to that and that would be

straightforward. | don't know is the answer.

SK: That's fair enough. If there was a solution there it would have been implemented by
now, so | can understand where you are coming from. | guess if you look at the patient
collected data/ePRO data — that to me still seems like a cumbersome process - the patient
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having to break a cycle of care to in order to enter that data. Do you think there’s any room

for improvement there? What do you think is changing the way that is developing?
BB: So, when you say breaking the cycle of care, what do you mean?

SK: Well | just think that if I'm a patient taking medication for example for a condition where |
need to track going to the bathroom rather than me just living my day and going through
when I'm filling out an ePRO | actually have to record everything I’'m doing, so | have to sort

of stop my day, for moments at a time. | am wondering if there are easier ways to do that.

BB: Maybe, but | think patient reported data is seen to be so important, and increasingly
important not just so in the phase Il & IlI, but also in the real-world evidence piece —it's got a
huge component in there. So, the question is how do you do that the most convenient
manner. Obviously, bring your own device will make things a little more convenient, but the
point you are making is around is sometimes the frequency in which we are asking for stuff
is a little intrusive and it probably does interrupt their what would be considered routine care.
What we sometimes see in late phase, we might see asking the patient to complete things
on a much less frequent basis would be one approach. | personally think this is becoming

increasingly important, so | don’t think we’ll see any less of this. We'll only see more.

SK: And | think also on my experience looking at ePRO collection, sometimes the patient
doesn’t get any value from it. So, the patient is giving their data, it is sent to a central
repository somewhere and they never see that data again. They don't really understand the
value of what they are providing. Do you think there is room for enhancing that experience —
the patient getting some sort of metrics back or realising that their data is meaningful and for

a greater cause?

BB: I'd love that to be the case and you are hitting on something quite important and that is
what sort of feedback can we provide to the patient that is useful to them so that we will
continue to engage them and it worth them using this app for six months or whatever it is
during the study, but it doesn't start to become part of the intervention itself though it's
getting the balance between giving them something that would be useful towards giving
them something that is actually helping them to manage their condition, perhaps more than
you want to as actually what you are looking for is what is the effect of the drug on their
condition. So, an example would be — you give people a smartphone, and it collects their
activity data as well as maybe asking them some questions from time to time, and as they
can go into that and look at a dashboard and see how many steps they are doing every day,
and they might start to set themselves targets to actually improve the number of steps just
because the fact that they are using this app and getting the feedback. And that’'s great for

them but how does that effect the results of the study where actually what we’re quite
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interested in, is knowing well the fact that you have now taken this drug is it helping you to
becoming more active. Well having the app and having the feedback every day is helping
them to be more active as well, so you see you can't always disentangle the effects. That's
the difficulty so it's finding something that does offer them value and is useful to them and
would be motivational to continue using but that doesn’t become part of the intervention, so it

doesn’t confound the drug affects you are trying to measure.

SK: And another aspect of that whole piece — what might be of value to the patient — their
data sends an alert, or somebody responds to their data in real time or close to real time, so
that if they have an exacerbation or there is some information entered in by the patient that
would point to them needing immediate care that there's someone at the receiving end that

can actually respond.

BB: Yes, that's really good. That’s the sort of thing that would be valuable for them. The sort
of things you probably don't want to be doing is reminding them to take their tablets and that
sort of stuff, as we're trying to do something that's a bit more real world, so if there are
reasons why they are not taking the tablets so that needs to continue to happen — you can
actually see what the true effectiveness of the drug is in the kind of real world conditions. But
| like that from a safety perspective. So, if you are hitting a threshold where you perhaps
need to come in for some kind of more care then that's a good idea.

Q3 — SK reads out.

BB: We'll still be talking about it, won’t we? Our industry moves so slow. When does the 21
Century Cures Act become implemented, well that's a few years away isn't it, but it's within
that time period. | don’t know — | kind of feel that there’s going to be so much debate here
about what you can practically do in phase Il & Ill, and why and whether randomised
controlled trials are still vitally important, which | believe they are. | don't believe we should
ever reduce them, it’s just how we collect this other data in that setting where we don’t have
a marketed drug, so we’re still having to do it properly in a controlled trial setting, in a sense.

| don’t know is the answer.

SK: But what about, people talk about the site-less trial — do you think that has any

credence?

BB: Probably not. | don'’t think it would be completely site less. | don't think that’s the point. |
think some of the models that we see like the Apple Research Kit studies, are kind of good
models to collect data from a very large group of people in a fairly controlled manner and
that’s kind of an attractive model. The fact that we’d still be doing this on non-marketed

drugs means that patients actually are going to have to come to site to consent and get into
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the study. They may have to come to site to receive their medication because it's not off the
shelf or prescribed. So, there is going to be restrictions like that. | suppose some of those
virtual trial tools will become useful to try to implement this on a bigger scale. And maybe the
way it might start to work is around — so you have like the Pfizer remote study, which was
like one single centralised site for the whole of America and that was how that was set to
work. | kind of feel there might be more regional oversights. If you've got a lot of research-
naive doctors that are part of this trial, collecting simple data on their patients, maybe within
a region you have kind of regional Pl who is the person who kind of is overseeing the safety
aspects and some of the wider aspects of the trial. Somebody who is an experienced
researcher, perhaps just a routine care physician and maybe it's more like a hub and spoke

model that a completely decentralised study.

SK: | was talking to someone the other day about the Apple Research Kit and their opinion
was that it wasn't really working and that there was very little uptake. So a lot of people had

downloaded it but very few were using it. Have you heard anything to that effect?

BB: Well | think that is the problem with apps in general in mHealth. People think they are
cool, they download them, they use them for a little bit and then they get disengaged with
them. And | think the drop-out rates are pretty high, but | don’t know if it matters. If you are
doing a huge study and you get a few thousand people who have entered enough data —
that’s probably enough for that piece of research, but maybe it's back to your point earlier in
terms of - it's all very well collecting the data but unless it's engaging in a different way for
the patient, they probably won't carry on using it. So, if it's not providing value or reward in
some way then perhaps people won't continue to use it.

SK: And what do you think about these personalised health records — do you think they have

any value in terms of people collating their own health record?

BB: It's an interesting one, isn’t it? | kind of wonder who would do that. | don’t seem to have
much inclination myself. How's the uptake of that going, and who are these people who are

really going to do it.
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Interview with Jeff Lee
CEO, mProve Health

22 February 2018

Q1: SK reads question

JL: In 2010 | was a newcomer to the clinical research field, so bring some fresh eyes to
these topics, and our focus has been at the intersection of mobile and clinical trials — so
that’'s meant patient recruitment, patient engagement, patient compliance and some patient
reported outcomes. | want to be really clear about who | am, and who | am not. Definitely, |
am an active follower of clinical trials but | would not consider myself a data management

specialist...not an EDC or CTMS company, nor are we in the EHR/EMR space.

My take on Janet's comments, clearly there seems like there is an open lie about the
effectiveness of the clinical trial model because the sample sizes are constrained by
economics and time, and yet the manifestation of symptoms and results, effect efficacy
measures doesn’t always occur within that timeframe. Pretty much we are not measuring
outcomes in big enough populations for long enough — that's why we are seeing so much
emphasis on real world evidence where that has been collected in a more formalised way.
What | see, is that your projects reach phase I, phase Il, phase Ill and then they’re approved,
or they are approved with a REMS program, where’s there’s additional attention post
approval. The formality of the data assessment after approval, other than in a case like
REMS, is really about AEs. And that’s, of course, important, but | don't think that’s the only
way to measure efficacy or safety, really, and the necessary level of detail to have the
optimal understanding of how these therapies work.

SK reads question 2

JL: What originally inspired my interest in clinical research and the opportunities here at the
intersection of mobile and clinical trials was what we called at the time “machine-to-machine”
communication, and now people think of it as the internet of things. Ultimately, it's connected
sensor-based devices. Back when | started my company, if | could have | would have started
on that, but that was so far ahead of the market in 2010 that we just thought it was bad
timing. Now there’s a lot of interest in this, so | would say that if you abstract the topic,
fundamentally, technology should be making it easier to collect more information from
patients with the same or less effort. And whether that's bring your own device or patients to
provide PRO surveys, data mining, whether that's wearables-based devices. So, staying at

the abstract level, we should be expecting more out of our studies. Yes, of course protocols
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are getting more complicated, there’s more burden on sites, burden on patients, so there’'s a
lot of healthy caution about further loading up our protocols, but what gets me excited about
the opportunity is that we should be able to learn more, more quickly and | think that mean in
terms of advantages, it can mean that programs get killed earlier. Whether it's because of
safety or efficacy signals or just simply because you recognise that you're doing market
research collection in phase Il and recognise that you may have safety, but you don't have
enough comparative effectiveness to have a good market access strategy. Wouldn't it be
better to learn that at phase Il rather than at phase IlI? Spending all that money and
redirecting those resources to other compounds that have promise. We are excited about
the prospect of doing better data collection having generated more insights. And then, of
course, the overall changing paradigm and decentralised studies, it is not so much a data
management topic, it is more of an access topic. There's a really interesting company who
you may be familiar with called Transparency Life sciences that have been, the concept of
crowdsourcing clinical research, almost like a kick-starter for clinical trials — getting people
who will join a study. You have got a pre-built audience of patients and bringing the study to
them using telehealth. And the premise of Transparency | find fascinating. Their idea is that
any given sponsor has some backlog of compounds that they think they have market value
and patient value, but they can't justify bringing them through a development process
because it costs too much money. If it costs $500m to bring a drug to market, maybe the
market potential for such a product is only $400m, and they just don’t bother, whereas, by
offering them a leaner more virtualised study model, maybe the cost of development goes
down to $250m, and now you're got a whole layer of therapies that hadn't been
commercially-viable to develop but are now. So, | think, that's another key advantage or

opportunity given how things are starting to change in phase II-lll.

SK: You talk about the protocol becoming more complicated and the issue you have is the
protocol varies from trial to trial, and each pharma company has their own standard. Do you

think technology will help to standardise that data collection?

JL: I think it's a mixed bag in the near term. | think that there some data collection methods
that are standardised that can just go away. Everyone points to the six-minute walk test as
just being a very outdated, coarse way of understanding in mobility and factors related to
mobility. That ought to just go away with an activity meter. That said, for every one of those
cases where there's a need for simplification, there’s a dozen or more where there’s new
novel endpoints — there’s new measurements. The way we are using wearables sensors is
absolutely not standardised today. There are efforts to standard the data structure of it, but

the types of measures, the types of data, how we are valuing it, how we think about the
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algorithms. All that stuff is new, so it's hard, it's a difficult time to harness this technology as

it does make life more complicating while developing new opportunities.

Question 3

SK: It's one thing collecting huge volumes of data, but if you are seeing any message or it's
not pointing to one particular problem, what’s the point in collecting it. So that touches on
longer term innovations. Can you think of any others and challenges that may be

forthcoming in terms of how we are looking at data today?

JL: One topic comes to mind. | am not sure if this is the best, most relevant topic, but it
comes to mind in our discussion which | would think of as a false start with research kit. And
the idea that research kit offered was very exciting. | almost think of it as democratising data
collection because the way it's done currently other than the very gorilla academic level
survey monkey kind of stuff, it's not validated; it's not particularly regulatory-grade. Your only
options start to be very expensive companies and stifles the ability to do a lot of research.
And so, the opportunity to create developer tools can make it easy to collect more
information from patients is very exciting, and yet it was a false start. Because it is only 10S.
It is only for smartphones owners, which we all knew, even if you added - if Google had
come up with some non-competitive mirrored ...offering, it still would have been smartphone
users only. It would have been a subset of the patient population. However, that gives us a
glimpse of the future, where that's how we’re going be getting real world evidence — is
collecting from information, whether it's passively or actively provided. Whether it's
subjective or objective from a population of individuals and | think that it's tools like research
kit — it's the first generation of tools that can make it easier to do that. Have the data

collection in a faster and less expensive way.
SK: All of this data we are collecting — where are we going to put it?

JL: I wish | had better insights as | have had that same question. The generation of EDC
providers is highly vulnerable to disruption because their data structure is organised around
data coming in, in batches. Like CRF-style batches. And that’s not how it works with sensor
devices. | have given (named) EDC provider a lot of credit for being at the forefront of this
new data collection model and paradigm because | think it is disruptive to their business, but
I'm not close enough to understand a lot of the facets. | hear people talk about it's just
terabytes of data — data that's so granular that you can't really understand it. How do you
understand exceptions to the data or are you just talking about patterns and averages —
that's stuff that I'm interested in, but not super-experienced in.
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SK: So, in the longer term what changes do you think are coming in the next 5-10 years?

JL: | do hope to see a few things happen — | hope to see a better grasp of how to leverage
sensor-based data collection — that's every part of it — developing novel endpoints and
accepting the concepts of ALCOA in software validity applied differently to wearable devices
— not applying outdated paradigms to new opportunities. | think that will allow things like

wearable devices, research kit, passive data collection to be more embraced.

Another thing we haven't talked about which | feel conversation would be remiss to exclude
is the role of EHR in our data collection. It is my understanding that the 21* Century Cures
Act — if you look at that as well as the Affordable Care Act here in the US, they had stages of
mandates. So, in the beginning, if you look at the Affordable Care Act — you've got to get on
electronic records — you have got to get off paper. And they subsidised doctors’ offices to be
fully electronic by a certain date. That's how they knew they would move everybody over to
electronic. And they called it meaningful use, and then there was next stages in meaningful
use, and it's evolving. There’s a latter stage — | don’t know when it's supposed to kick-in of
meaningful use, where the data is being collected in a manner it can be used for research —
not just as a record of patient care but more for research purposes. And then at some point
then the categories of EDC and EHR, theoretically they start to blend. In a five to 10 year

horizon, | would expect to see changes there.

SK: What about the patient in all this? We have all of this technology. We can take your data
every which way, but a lot of these technologies involve the patient doing something —
disrupting their day, especially if they have quite complicated diseases or conditions. What
do you think is going to be the solution there?

JL: It's a good question and | think it's very under studied. The ePRO consortium
commissioned a study to see how much research existed on the concept of patient burden
as it relate to data collection in research studies, and they came up virtually empty. That's a
sign that no-one has really has taken a careful look at this. And | think what we will see is
that there is burden. We'll have a truer picture of burden that we've ever had before.
Whatever we thought we were burdening the patient with on paper, we were all kidding
ourselves — all the backfilling/front filling — it was all just a big joke. So, at least we are getting
to the point now that we tell if they actually did it — we can ask them how burdensome it was.
We can get a benchmark that we either dial up or down. The ePRO consortium — their goal
of course is to figure out can we do more data collection — when does it become too
burdensome. | will give you one other example — | offer the premise that technology can
make data collection easier, so we should be able to collect more, and | will be working on
ways to make it simpler for the patients — more intuitive, convenient, quick, passive — where
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possible. But at some point, there’s no waving a magic wand — there’s going to be a burden
on the patient and | gave the example of the research kit example as something that’s
informed our thinking because all of these research kit apps were very exciting but they all
failed to have meaningful persistence. They grabbed headlines by having tens of thousands
of people download them and begin using them which suggests such a huge opportunity,
but | was at conference a couple of years ago and 4 out of the 5 launched research kit apps
providers (different academic institutions) were all present and they all confessed their usage
levels and they were down to dozens or hundreds out of tens of thousands. The mistake that
they made was they created and imbalanced proposition for the patient. It was simply
something that you had to put time into and it didn’t really give you any value back. It gave
you maybe some trends — that's helpful — you could see your scores over time, but it didn’t
really give you anything else. It's appealing to the quantified self — a sliver of patients, but |
think that’s a tiny, tiny sliver, so we've got to find ways to make this more appealing to
regular patients. So, one of the things we've done is, coming at this from a patient
engagement perspective — our diary offering is very balanced between the diary and the
survey, and only the features that are of value to the patient — helping the patient with their
visit schedules, what to bring, what to expect, downloadable reference materials. Everything
from a study id card to gamification to videos of how to do administer an injection — basically
communicating to them in a way that gives them a lot of value, support, encouragement,
clarity and empowerment in their program. And, also, that's the same app/vehicle that asks
for their diary information. And, we have never scientifically measured this, and I'd think to
that giving the patient something that's more valuable to them we’re making it more of a
balanced proposition — yes, we’re asking you to give us diary information, but we are going
to give a lot back as well. That notion of balance and engagement is pretty much all together
missed in clinical trials. In real world, insurers want to have you track your meds and
symptoms and all of that, and they are connecting with communities of people with whom
you can share information and there are opportunities to get more value out of being part of
data collection. Patients-like-me is a good example of that. But in clinical trials it's more
restricted for obvious reasons so we have to look for other ways to make it more balanced

and meaningful for the patient.
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Transcript of Interview with Marie McCarthy (9 Feb 2018)

1. Janet Woodcock, Director of FDA's Centre for Drug Evaluation and Research
recently remarked that the clinical trial data collection process is broken. Do you
agree with this statement, and what do you see as the barriers or issues that exist

today in how datais collected in phase Il-lll clinical trials?

Some of these statements try to provoke a response or generate discussion.

Clinical trials support a hypothesis — if you are not getting the right data or consistent — it
is difficult to prove that the drug works — in Alzheimer’s there has been no drug for 15

years.

| went to a conference recently, and in one panel discussion, they talked about the
patient’s participation in a trial, and typically they are on the trial for 12-18 months —

9,000 hours on the trial, but the study only collects about 50 hours of data.

The data collected is very subjective data - is based on patient recall or clinical
observation. It isn’t of sufficient quality. Parkinson’s depends on the patient’s symptoms
which are episodic. If you had a continuous stream of data... For pain, the FDA, for
analgesics, suggests that drugs may have been rejected because the methodology of

identifying the change was poor.

In Alzheimer’s’ — they can't identify a homogenous population. The trial data goes across

recruitment as well as the response (of the patient)

Using continuous data - the crossover from clinical research to healthcare

2. Inyour opinion, what factors are changing how health data is collected in phase II-
Il clinical trials? What are the advantages of such changes? What are the

disadvantages of such changes?

e Continuous data

e mHealth

Patient centricity — a lot of endpoints linked to clinical outcomes. One endpoint is for a 6

min walk, but patients don't care about this.
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For Duchene’s, change in gait is another clinical endpoint but for parents of patients the
loss of arm movement is of greater concern because children loose greater

independence
Pharma wrong — they need to talk to parents

mHealth is starting to identify what is important to the patient — objective data is not

enough. Combining objective and subjective data is critical.

Sensor suite combinations for COPD and asthma — there are so many pieces of tech for

the patient — pharma is losing insight that the patient must deal with this
Huge benefits in capturing data remotely — and isolating the patient

So, few trials — not 100% that it's going to work. Signals not yet worked out, and there are

privacy issues

In one paper, in a Parkinson’s app. 7,000 patients enrolled within 6 hours...which shows
the value of mobile solutions as the highest number of patients ever recruited using

traditional methods was 1,700 (I will send on the paper for your review)
There is a change in recruitment to engagement, but there are issues related to blinding
Gamification can be used to encourage patients to stay on the trial

In the longer term, what innovations may impact how data is collected for phase II-
Il clinical trials? What advantages will these innovations bring? What issues may

these innovations fail to address?
New endpoints will give pharma and trial designer’s new trial designs

Digitalised streams and more analytics platform will create more automated correlations

and adaptive designs

Trials will be prolonged. Real world data will become more important — it will be no longer
about the regulators, but the payer, and the cost of the drug will drive change and the

real move to use wearables to show quality of life against the existing drug.

| am beginning to see change already — pharma is trying to show trending rather than to

prove an endpoint and to show compliance with these devices.

Wearables will be more seamless — technology developments such as smart home,

voice recognition and other potentially could be used

For example, patients could show Fitbit data they've already collected
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In Radar CNS — depression studies — the patient’'s engagement in social platforms may
assess how well they are. Patients may be recruited into a study bringing your existing

digital signature...

In 2014, when | first started reviewing clinical trial protocols from pharma companies,
there was little interest in wearables. Suddenly wearables, in last 6 months, | am having
amazing conversations with sponsors who are looking to combine a significant mHealth
element into their trial design, and sensor suites that | may have been afraid to suggest,

because they were too outlandish, are now acceptable.

There are still privacy or ethical concerns. | attended a conference last year, and an
insurance company was able to track a person, where they were located, that they were
a smoker (because they left their building for 10 minutes regularly). This big brother

effect is frightening.

I met a man recently who has an RFID implanted in his arm — and there are a group of
20,000 in Sweden who have done this. Personally, this is a step too far, but future

generations may be more accepting.
It depends on the purpose to which you use this data...

The value of wearables...some companies are already offering discounts, if you wear a
Fitbit.

Change is evitable.
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Interview with Ross Rothmeier
Vice President, Technology Solutions & Innovation Labs (Medidata Solutions)

23 March 2018

SK: Reads Q1

RR: | have heard this phrase quite a bit both from both sponsors and from CROs. It is a
harsh statement to make, but | think it has its roots in the fact that no matter how well we
think we’ve planned our trial, we find that there are changes we need to make along the way;
they take longer than we had expected, and they cost more than we had hoped. So, in that
context, | can definitely see where one would say that the clinical trial process or the data
collection process is broken. Because if it were working perfectly it would be efficient,
lower cost and higher quality than it currently is. And if you measure that cost and quality
by how we planned it, then you can see why someone would say why it's broken. In my
opinion, the idea of collecting data to prove a hypothesis isn't necessarily what we’re
challenging here. | think it’s still important to prove that drugs are safe & effective and to do
so in a controlled and scientifically rigorous and responsible fashion. But we can certainly do
a lot to improve it. And those things include using historical data to help both forecast and
target more efficient ways of doing things; to plan our work in such a way that we have a
higher degree of probability of success in terms of recruiting subjects, collecting data as
expected and reviewing it for any anomalies that we have to respond to. So, in that regard |
agree with the statement and the barriers primarily are not really technological although
there certainly is an element of technology. | think a lot of it has to do with letting go of the
things we have done traditionally, and | can name a few of those, but for the most part | think
our process and our cultural adoption of new ways of doing things is probably the hardest

part of fixing or improving the clinical trial data collection process:

SK: And do you think that's driven by the regulators or is that just the data managers

themselves or perhaps the technology companies...?

RR: | would lay it as any one constituent’s feet. The regulators are certainly supporting this
by coming out with guidance and ways to do things and new opinions, but at the same
time, the regulators are a bit of an adversary, and that the reason the industry is so
conservative, in my opinion, is the consequence of doing something wrong is so severe.
You get a 483 at a CRO and you now have both weakened your competitive position and
potentially put a submission at risk. You get one as a sponsor and you definitely put your
submission at risk. So, without intending to, the industry has been conservative because

xXlvii



Key Informant Interview: Roth Rothmeier

they are afraid of the consequences of doing something wrong, but they don't know it's
wrong until you get an inspector saying so. And, of course, it's different by country, as we all
know, the EMEA, the PMDA, the CFDA, US FDA and so on and so forth - all have different
prioritisations and things that they are looking at. And | have been inspected by regulators in
five countries and | prepared as though | was going to the worst-case scenario in each case,
and they are very different experiences without judging or promoting one over another. You
just have to be prepared for any contingency, which, | think is what holds us back from being
really transformational. Though culturally, Data Managers, CRAs, Clinical Trial Scientists,
Statisticians all fall into that place at some point that say well | can't justify not doing
something that | have been doing for years because the possibility exists that we’'ll get an
inspection that will require that artefact or that proof point. Regulators themselves — if you
ask four regulators something, you'll get five different opinions...or something like that. They
are not obligated to be consistent even within a single organisation. So, again, it begs

conservative process management.
Q2: SK reads

RR: If | were put it into two words — data volume. We have so more access that we used to. |
have been talking to people throughout the industry and within my own company about the
extraordinary flood of data that we are going to have to contend with — in terms of sensor
data, in terms of newly generated data that we have easier access to such as genomic data,
for example, image data, data from various medical devices, let alone wearable health
devices, and their variability. Cisco Systems publishes a paper or a prediction online that
points this out very vividly. At the current rate, the amount of data generated on the internet
by wearable devices will exceed 335 petabytes of data by the year 2020 — two years from
now roughly. A petabyte is 1,000 gigabytes. So, if you think about 30035 hundred thousand
gigabytes of data in a single month being generated. The sum total of all of the clinical trials
that Medidata, arguably one of, if not the largest repositories of clinical data in the industry,
to date, over 15 years has accumulated in the neighbourhood of two to two and a half
petabytes of data in 15 years. So, the factors that is changing it is the amount of data and
then, of course, the impact that is using that data. You cannot expect a data manager or
CRA to do the processes that they are used to with the data volumes of yesterday with those
kinds of data volumes. So, it pushes us to look at the data more programmatically,
specifically using machine learning, artificial intelligence — you can't write an edit check that
covers 335 petabytes worth of data so you're going to have to have something looking
through the data to whether it's changing or in a way that requires or begs assertion. If the

data is digital to begin with, the concept of electronic source challenges the concept of — and

xIviii



Key Informant Interview: Roth Rothmeier

Transcelerate has been very clear about this — data review versus data verification —
different processes and with esource it becomes an even more obvious answer — you can'’t
review or verify digital data. It is in itself verified and reviewed. The advantage of all of this is
— imagine the value that we can derive if we actually do adopt and start looking at this data
more effectively. We'll have potentially fewer patients that have to be poked or in some other
way intervened with to figure out safety and efficacy of a compound. We'll also be able to
reflect back on the data we have collected to more effectively make decisions about which
molecules or what trial design or even which therapeutic areas make sense for us to pursue.
And using things like genomics data and historical data we can even target certain disease
types, and come up with solutions or treatments that have a higher probability and even a
demonstrated probability of success which we can even synthesise that and model it. And
that of course has downstream benefits to insurance companies or even individual payers. If
I'm going to pay a lot of money for this treatment | want to know that it's going to work, and |
have data to back that up. And while we used to do that back in the 1980s and 1990s with
the clinical trial data we were collecting, if you have 2 or 3,000 subjects on a clinical trial and
you go to market and you start selling it to many millions of people, you don’t have a high
probability or | should say you don't have a lot of assurance that all of those millions of
people are going to fall into the few thousand you did those clinical trials on. So, | would say
that there are so many opportunities and advantages. The disadvantages like | said are tied
largely to our own processes and our own willingness to change and our acceptance of (not

sure of wording).

SK: What about issues like data privacy or data protection issues — what's going to happen

in that arena do you think?

RR: Well the approach we have taken so far is the best that | can offer right now, but like
everybody else | don’'t want strangers looking at my genotypical data and then deciding
whether I'm a good insurance risk or not. So de-identification and responsible use of the
data is crucial, and | do think personally, that my willingness to offer that data and have
assurance it's only going to be used in ways that | have volunteered it is sensible. It's how
we’ve operated with patient recruitment in the past just on a larger scale. But it's not an easy
problem — | contradict myself in a way, because if we start using artificial intelligence and
machine learning to look at this data then it's not inconceivable that somewhere along the

way that a machine is going to figure out oh that data belongs to X.

SK: And regulations like HIPAA might be thrown out because all data is identifiable to a

certain extent — it will be interesting to see what comes down the line.

SK: Reads Q3
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RR: Well we are seeing it now with wearables and medical devices. China is investing
heavily in this space and given the volume of money and number of people that they
represent | think that will be the sneeze that catches cold in the world, but also, | am excited
about, even if a little cautiously, some of the work we are doing at my company, around
augmented reality and different ways of collecting data. A simple example — we do a lot of
blood pressure collection types to ensure that we are collecting a patient’s true blood
pressure whether they are supine, sitting, standing, walking — well you don't take it when
they are walking necessarily. There are lots of different ways to collect blood pressure, and
we always challenge the fact that in some protocols I've seen an average of three readings
or you do this or do that, to try the true essence of a patient’s blood pressure. And even with
wearables there are variability to calibration and so on that get in the way. What if all of
those modalities or ways of collecting blood pressure assume is a two-dimensional world.
So, in other words if I'm collecting my blood pressure — if you as a physician or nurse are
collecting my blood pressure, there may be other factors in the room that might be affecting
me. Maybe I’'m nervous being in front of a physician who is collecting my blood pressure to
see if I've got high blood pressure which makes me nervous and gives me high blood
pressure. Maybe it’s cold in the room or maybe it is hot in the room. Maybe | had a disturbing
event occur on my way into the doctor’s office. Maybe there’s a construction vehicle outside
or some other event. | was recently in a little micro project that we did using augmented
reality to actually collect all of the environmental data — sound, sight, even taste if you
wanted to into the context of collecting the clinical trial data, and | think that's an innovation
we have not seen, partly because it wasn’t easy, but now we can know more - not so much
the data — but the context it is collected through sensors that are collecting more information
that the two dimensional — | want the systolic and diastolic rates. And | think we can use that
— that's an innovation although it's definitely farther out there. My company has published on
this — not to pound our chest on it, but | think it makes logically sense. Synthetic control arms
are an innovation that | think it's time has come. We can simulate and synthesize patient
populations based on historical data again something that we haven't done a lot of in the
industry, but, | think is logically a path that we should follow. Artificial intelligence, machine
learning — whatever you want to call it, has its place in a world where there’s a lot more data
and that's precisely the first question. So, what’s changing — we just have a lot of data

coming and we have to cope with it, and | think we can take advantage of it.

SK: And do you think the method of data collection will change. EDC requires the patient to
go to the site and the site enters the data into the EDC system. Do you think there is going to

more direct-to-patient focus?
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RR: There’s no question — we have sponsors telling us now that 80% of the data in their
clinical trial does not come through a CRF. If I'd have asked that question even 10 years ago
or even 5 years ago, they would have said the other way around probably 80% of the data
does come on a CRF (laboratory data often being the outlier). But what that’s telling us is
that they are depending on patient reported outcomes, they are depending on image data,
and they are depending on genomic data or other types of data to contribute to trial design
and their submission. And while there might always be a place for collected data per CRF-
style collection - EDC gave us a lot but it didn't solve that issue of data transposition and
potential points of failure in that two-dimensional place. What it did was get us comfortable
using technology in the clinic. It got us comfortable with entering data correctly. It got us
comfortable with the attributability and the accountability, so it has served the industry well.
When | started though, | think our vision was a little different. We wanted clean patient data
within a day of a patient visit or in real-time, and it never accomplished that. We still collected
the data on paper and keyed it into an EDC solution. Or, at best, we sat in front of a patient
and we fumbled our way through an eCRF. And, | think, now with direct data capture, as you
suggested, through ePRO or through devices, we finally crossed that line where the data
can be relied on, and because we've got more of it, we've got a better chance of identifying
patterns and ensuring the patient quality experience is being held.

SK: Do you think EHR has a role to play here?

RR: | do. | don't know that | fall into a majority opinion here. The reason | do is because that
data — the argument that data’s not clear and so on and so forth...| go back to my EDC
comment — people are better at entering data into forms that they were 10 years ago, and
EHR data, while it may not fall into the same regulatory space as EDC data, we have the
mechanisms through things like statistical analysis of the data, machine learning to quantify
or qualify the cleanliness of that data, and the thing that is does offer is the elimination of
what we call swivel chair modality or interoperability — that's a convenience for the site.
Another thing that is offers, going back to your point about data privacy, you have a much
richer dataset now. You have a historical perspective on a subject — my late father who died
of brain cancer a few years ago kept in his briefcase. He had an actual suitcase filled with
documents, records and images of his tumour that he would bring from physician to
physician to try and get them to see what was going on and offer a solution. Had he had
access to an EHR solution — he could bring that data into a clinical trial or clinical space, they

would have been far more effective for him.

SK: You also wonder about who can really look at all of that data (paper) and come to a

conclusion.
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RR: My father was a neurophysiologist, so he had a pretty good grasp of it but did not know
where to go with it. So, | would agree. Even the brightest minds — highly trained people — you
look at a suitcase of stuff — you need some time and some concentrated time and that's the

last thing our patients have. They want solutions. They need solutions.
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Louis Smith, Associate Director, Data Analytics (UHG)
Wednesday, 7 February 2018

Transcript of Interview

Q1 SK reads question

LS: | don't it would be completely fair to say that it's absolutely broken. The system gets
there in the end. Trial drugs do get approved. | think the bigger problem would be that it is a
long way short of being as efficient as it could be, and, obviously | have never been directly
involved, at the coal face of collecting the data, but from a distance it would have seemed
quite crazy to me that the amount of people that travel to site in person as frequently as they
did, and that there was no targeting to that. It would likely that there are huge amounts of
sites that either don’t need it or maybe don’t even want someone turning up at their door,
having another meeting that isn’'t a patient meeting, whereas are probably some other sites
that would benefit from a little bit more handholding. So that kind of blanket

approach...seemed very inefficient.

And between the FDA and the drug company in terms of wanting to speed things up, versus
a slower, more cautious approach, there is a little bit of imbalance between where the risk
and reward lies. The FDA probably accepts a little more of the risk, or certainly less of the
reward, if they push through a drug, or speed things up or accept a newer or quicker
protocol, and this turns out to have horrible side effects...the FDA says it's ok, if it does all

work the FDA does not reap the benefit while the drug company does.

And the increased use towards electronic medical records or any kind of a digital data —it's a
difficult one to balance out between not wanting to bias your site selection but pen and paper

and things like that seem a little bit archaic at this stage.

SK: Basing site selection on whether or not they have an EHR or not — is that what you're
saying?

LS: Exactly. | know that gets into other problems about biasing your selection of sites, but

that would drive an efficiency in terms of the actual trial.

SK: That's right and some of the challenges you see in clinical research is that often the
drug companies want a particular doctor and a particular site. It may not necessarily be a
good site, but that doctor may have prowess in a particular therapeutic indication. There'’s

also factors that impact site selection...
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LS: Primarily, it's not that it's broken, but | would imagine that there’s a lot of fat there and

things could be optimised.

SK: ...based on your experience in looking at large datasets, and getting some meaning of

that data, what do you think are the issues there the way clinical data is gathered today?

LS: A little bit tricky for me. | never really got my hands on any the true clinical data. It was
always the operational data that | was working on....and, the key primary difficulty we had is
that there was never a long term, or there didn’t seem to be a long term view over gathering
data that might be zero value at the moment — but downstream could be potentially useful,
and so, for instance, when we choose a site, we make record or note of this investigator has
taken part in 20 previous clinic trials, and she’s written 10 previous papers etc. We obviously
look all of that up on clinical trials.gov or Citeline and look up what they’ve done in published
papers. That all gets noted somewhere and is part of the decision in choosing to go with that
investigator or not. It is not stored or captured anywhere, so we cannot go back and do a
retrospective analysis of saying | wonder how enrolment rates correlate to previous trials or
number of published papers or any of that kind of thing. People don’t capture it in a reusable
way as it's not going to be part of their ongoing business reporting, and there are numerous
other examples of that. And | am not sure if it ever got resolved - a primary problem was
having a unique key for investigators that would follow the investigator as they moved from
facility A to facility B. In a lot of cases, that wasn't the case. And trying to find where Dr
Smyth went when he left New York was a problem essentially.

SK: Or he could be operating out of two different hospitals. And | guess that's also an issue
for patients as well. If a patient enrols in trial A you don’t know if the same patient is in trial B
because the data has been de-identified, and you have no way of tracking the patient

journey through the clinical trial process.

LS: No, we don't have any way of tracking that and there are other things that | have never
seen data such as distance from patient to the clinic. These are things that are probably
known but we aren’t gathering in a meaningful way. If you are collecting them individually it
means nothing but being able to aggregate them up can drive meaningful insights. And

propensity to churn assumingly increases with distance to site, but we don't know this.
SK: And you would call this contextual data or is it more than that?

LS: It is largely contextual — it's a static piece of data. It's at a point in time of why we would
choose an investigator. One of the other things that | would have often been interested
about as well would have been looking at a network effect. | don’t think that’'s something we
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really consider. This would be what would be the effect or influence on a doctor’s social
network? We might look at investigator and say this lad hasn’t got much experience, haven't
done very many clinical trials, and discount him. But it could happen to be that they are in a
hospital where there’s a whole gang of very experienced investigators and they essentially
have a good support network, and there’s obviously a good flow of patients going in and out
of this facility. Considering that one degree of separation, that investigator could look very
different from another investigator who similarly has low experience but is off in a clinic — one

man and his dog kind of stuff.
SK: So, | see what you say. The criteria to select the investigator is perhaps too narrow.

LS: That data does exist in Citeline — you can see what doctors are at the same facility
published papers, co-authoring papers. Things like that to build out a much more fuller
picture. So, the data is there, it is whether is it actually being captured or just out of reach

when we don'’t have a unique key to say this Dr Smyth is that Dr Smyth.

Question 2: SK: That gives a nice Segway into thinking about what advances are being
made in technology that could help this process. Is it purely a technology solution that would
fix it or are we talking about processes? What is the route of this and how could changes be

made to help this along?

LS: Once the higgest changes in recent years is how cheap and easy it is to store vast
amounts of data, so there’s no reason not to store it. And improvements in user experience
in terms of apps that could be built into a doctor's workflow that all of this data could be
captured/is captured. At some stage all of these things are known they just the workflow
does not allow for them to be gathered up and sent somewhere for storage. And if they are
never looked at again, it doesn’t matter — it costs pennies to save. Even if it was only looked
at every once in a while, and it helped save one trial, the storage would probably pay for
itself. It's about building in and easing the burden for both the investigator and people
working in CROs who are storing this data that they are not so short-term focused on just
gathering things that they need just for Bl reporting. And these things do become
“metricable”. When | worked in a prior job, the call centre people for instance, they are meant
to log one of twenty different reasons why someone would have called. There’s a drop-down
menu and we make that an enforced field, so they cannot finish the call until they have
selected one, and we see what everyone appeared first in the alphabet order was massively
over-indexed. So, let’s rejig them and put them into a random order, and whatever one
appeared first — | think it was with a K — it was suddenly the one that was over-indexed. So,
people were only selecting the first one. They were finding that it was burdensome for them.
So, it was basically a conflicting KPI. Their KPI was they had to have so many calls done in
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an hour, and how can | spend five seconds at the end of each call looking at which field was
most applicable — that adds up over my hour and | don't get any credit for achieving that |
just get given out to for not making my target. So, | think building up those kinds of

processes.

SK: So, it's really like making the user have a vested interest in or engaging with the

technology.

LS: Yes. | can give another example. It's an app that we are using in here with our doctors.
It's called check my script, so if they are prescribing a script and they are using their iPad
and they type in their details, it will immediately the app in the background will check that the
patient is approved for that particular drug, otherwise it will pop back up within five seconds
and put a red X beside it or something. The doctor himself or herself does not actually have
to do anything different, but they have now by using data, by using iPads, by using EHRs,
they can now say Oh sorry, | was going to prescribe this but you are not actually covered or
you'd have a massive out of pocket payment — do you still want to go with that or maybe |
can prescribe you something different. As opposed to getting your paper script and going
down to the pharmacy and getting a huge bill — what a terrible user experience and you have
to go back to the doctor and get a different prescription.

SK: And you can see how that would expand to say, do you want the generic drug or the
market-leading drug so there could be — there are loads of use cases of applying something
like that.

LS: But the idea is that the doctor does not have to do anything. It all happens in the
background. You are not adding to the doctor’s burden in any way. They fill out the form as
they have to anyway

Q3: SK reads

In terms of collecting data, you would hope that things will be a lot more automated. There'd
be a lot more targeted response in terms of dealing with patients and sites. Wearables will
have a big part in this. The orders of magnitude increases in the level of data at a level of
granularity we don’t have in phase Il and Il clinical trials can only lead to increases in
insight. That's not to say it would be without difficulties — issues such as patient burden, data
privacy, risks around spotting something that you're not supposed to spot (but once it's
known it can't be unknown), potential risks around unblinding of the data or the trial, but
being able to spot those trends an awful lot sooner it's hard to picture a scenario that won't

be an important part of optimising data collection in clinical trials

Ivi



Key Informant Interview: Louis Smith

SK: As the data volumes increase, perhaps the trial lengths reduce, as you are getting to a

lot of patients earlier. What do think — will/may that happen?

LS: | would think so. With more data and other explanatory variables and the different
between subjective and quantitative responses in terms | slept pretty well last week versus
this is exactly how you slept, comparing one day versus the next. We're able to correlate that
with how much you actually slept; we are able to correlate that with the weather where you
were. We're able to correlate that with events. We're able to correlate that with your heart
rate. There are all sorts of measurements. | know people use them in fitness for tracking
their resting heart rate, and it's the variability in the resting heart rate that's a measure for
how over-trained they are. That's a massive level of insight that just wasn’t possible not that
long ago. The data is at such a fine level there really could be all sorts of known/unknown
patterns there at the moment and things that could be told. People measuring blood
pressure in the home, as opposed to weekly or monthly tracking by the investigator. The
trends will become more obvious, more quickly because there’s less fuzziness around it. It's
not, oh yeah, | slept well — here is exactly how well you slept — we can put a more accurate

trend, and it should become more obvious much quicker.

SK: And what do you think about that whole concept of — going back to that example you
gave about the patient’'s blood pressure being taken in a home and not having to go to a
clinic — maybe that data could be populating an EHR and the EDC or the clinical data
collection system simultaneously - or do you think they are going to become one?

LS: | think, ultimately, it will start tying in with the new Apple — your phone will contain your
EHR

SK: Your own personalised record that you can share

LS: Yes. This is your own EHR; you will be able to track all of that. And obviously the ones
that are done in a clinician’s office will be more heavily weighted. You could submit in —
here’s mine, and particularly in place in the US there might be some imperative to create
fraud on that. We all stick all of the measurements on our healthy best friend, but when you
go to your clinician’s office, that obviously not going to hold up very well and that there are
around wanting to dirty-up the EHR. You don’t want to make too much of a mess of it by
filling it with fraudulent information. And, | think, ultimately — storage is so cheap. Why not
aggregate that all up there? It will probably be quite a different world when patients start
having — and that's what | mean about the risk of unblinding. If a patient is tracking
themselves and they have these devices (which are so cheap) and they’ll start noticing a

change themselves, and say, oh, | guess I'm not on the placebo. Or they see no change and
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they say | guess I'm on the placebo. | was expecting the holograph field measure these
things. | can now say myself; maybe I'm less inclined to go through with this clinical trial as |

think | am on the placebo or the control.

SK: There’s also possibly a risk of the patient taking charge of their own treatment. If you
can read what’s wrong with you on your watch, your watch is telling you something, you may

act on that without consulting a physician or clinician.

LS: Definitely, but | was more thinking about the potential. It could potentially be a plus and a

minus for clinical trials.

SK: A demotivating factor to know that you have a condition, but you know that you are
getting the drug for that condition. It makes you think will people of the future use doctors at

all?

LS: Even now, it would be pretty much the first thing anyone would do is Google it.
...starting to bleed from my ears...| better Google that. That's everyone’s first port of a call

before they call a doctor.
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Richard Young, VP, Veeva Systems
Wednesday, 7 February 2018
Transcript of Interview

SK: Reads out Q1

RY: A very short answer — | 100% agree with what she says. | think it is totally broken
because there is a convergence of a number of different issues or challenges, | suppose you
should call them; and we are operating in a very outdated model, and if you think about what
those challenges are — they are driven by a very personalised or precision medicine
movement, and | think when you overlay that with the advances in technology on one side,
and overlay that with the changes that are about to hit us in terms of reimbursement, you

can see how everything needs to be revisited.

If you take those three pillars for a second, you know it used to be that pharma companies
got paid for selling pills; now you are going to get reimbursed for outcomes and that leads to
a whole host of questions for me. For example, the simple scenario, for me, is if you get
100% of the reimbursement you are owed based on 100% of outcome, you need the patient
to be 100% compliant with the way you administer that treatment. But we know globally that
patients are only about 65% compliant. So, the question is can you survive on only 65% of
the revenue you are projecting? So, | think, the reality of that is that you are going to see a
lot more of what we call pragmatic trials. This idea of instilling a real-world element. Now, for
me, the ultimate pragmatic trial is you gather a group of patients and say here is the study
drug. We recommend you this with it, and off you go.

Now, that’s going to blow the mind of most people. So, we’ll come back to that.

The other thing | said is — personalised/precision medicine — that really is the way you're
going to prove what the reimbursement level should be. It's how you're going to prove how
the drug actually works, and, | think, with that you are just getting to expose the idea. You
don’'t get to know patients on every possible level, you know. And, now, | think, with
movements like the 1,000-genome project(s), we're starting to really explore what that can

really mean, not just for the patient in front of you, but for the patient yet to come.

And | think if you look at some of the stats from Tufts. Medidata & Tufts in 2015 talked about
just under 1m data points for a phase Il study. | question the exact accuracy of that number.

It's indicative.

SK: It's a large number.
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RY: But, it's not a large number when you look at what we are doing today. So, we’re doing
our first mHealth study with Autograph, and all we're doing is sleep and step data for 9
months — that's 1 billion records per patient. I've got 12 patients and that's a small study, but
now I'm talking about 12 billion records. There is no technology in the world that deals with
that right now. There are technologies that could deal with it, but they haven't built out the
functionality — I'm one of them. There’s progress to be made there. But the volume and
variety — | talk about the five Vs of clinical research. Volume, variety, velocity, veracity and
value — that should be your calculation. You look at the volume of data you are collecting
and if it is appropriate. But understand, regardless of what you think, the volume of data
available is going through the roof. ePRO and eCOA will be used in 80% of studies. mHealth
is — frankly, we’re not even scraping the surface of what mHealth will do for us in the future.
You probably saw the recent Apple announcement about the electronic health records, and

things like that...so that's volume.

Variety comes in two ways. What | call dry data and wet data. So, there’s the mHealth,
there’'s the ePRO - the patient reported outcomes — they're dry measures. The wet
measures — are we going to take more PK samples, more genomic samples — we’re going to

do more analyses that way.
So that’s going to stretch us in terms of the volume of data.

The other key phrase for me is — you got to turn data into actual usable knowledge. So how
are you bringing all that data together in real-time. So, variety, for me is all of that data — not
just in terms of the variety of the data itself. It's the variety of formats, the variety of
availability; the variety of level, of scrutiny required.

Of course, from a velocity perspective, everyone wants it here and now. We're part of the
iPad generation — everyone wants it here and now and it works instantly, doesn't it. So,

that's exactly how we’ve set the benchmark for everything we do.

Veracity — that's an amazing word. As a data manager, veracity — there’'s a word | never
thought that I'd embrace! Because this goes directly to Janet Woodcock’s quote. When | was
brought up as a data manager (aging myself!), data unlocked was a career ending event.
You didn't open the database without the approval of about 500 people. The only available
standard was perfection. Now we're saying good enough could be good enough. We're
talking about not SDV’ing everything. And people still talk about it with a sense of this is
risky. My whole point is — it's not, it's common sense. If | give you a billion data points or a
billion records of mHealth data, what are you going to do with it? So, | think, veracity is a
huge option.
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And the way | pitch it is. If you take those four Vs — the fifth is value, and that is the absolute
overriding factor for everything. Take those four Vs — add them together and what do you get
— the value of the data should be exactly where you need it to be and if it isn’t then you know
what you've ??? too much or too little, the wrong endpoint or the wrong dataset or you are
missing an opportunity, whatever it might be. | think that's where | encourage people to look
at. And, | think, when you add all of that together, that's where | think Janet Woodcock’s
quite right, because too many people are ploughing the traditional path and it takes too long.
We're exposing patients to treatments that probably are going to lead to futility. We're not

using the data in the right way.

Another phase, I've used, is | want to succeed quickly, but | want to fail early. Too many
people still think failure is a negative. We're experimenting here — 97% of what we do is
going to be a failure at some point. Rather than turn from that fact, the sooner | fail, the
sooner | move on. So, | think, those are the kind of main challenges, as | think to her quote,
and obviously there’s a lot of subtext (SK note - not sure if this is the correct word) but given

the time you may want me to pause there.

SK: No, that's perfect. | think that's a nice Segway into the 2" piece. If you look at the
second question — it's about what's changing health data and how it's collected, and what
are the advantages/disadvantages of such changes. And you've talked there about mHealth,
which obviously is a palpable change which is happening in the industry. Probably...we're
certainly seeing it on a day-to-day basis, but | guess you touched on some of the
advantages, because you are getting the data directly from the patient, you are getting
“veracity” of data there, but you've also got this problem about the volume of data, and
maybe you're not collecting the right data, who knows? We still have yet to explore that. |
guess, the industry’s slow to change. What's your view on that? In terms of why is the

industry so slow to change?

RY: Part of it is fear. But, it's also...it's the way we've structured our technological
agreements. The way we have become wedded to a process. | think, also, we still live in an
environment where people are building empires. | said this at last year's PCMG. There was
a bit of a shameless rip-off of a bank TV advert, which said, if you're not prepared to change

your business model every 12 months as a technology company, you shouldn't be here.

The world is moving so fast, you have to think through what you're doing, and customers —
sponsors and CROs, should reap the benefit of that. As a tech company, my job is to
overcome complexity, is to overcome barriers to make you better, faster, cheaper —

whatever the goal is. And, if | don't hit those goals, you should be able to walk away.
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Historically, what have we done, and you know this from your past life, we've sought to block
vendors into longer term agreements for some financial benefit but, the second you do that,
consciously or subconsciously your whole organisation is now we're using this tool for the
next five years, and when the new shiny object or opportunity comes up, there’'s an instant
barrier to that adoption. There are pros to that as well as negatives. We can’t just change
every two minutes for the sake of it, but, | think, that is, definitely, a barrier. People are stuck
with old technology, and that gets worse every day. Look at the rate of technology — it's
incredible — and, | know there are stats around it which | don't recall off the top of my head.

We double the volume of data we generate every year of every two years — | don’t know.
SK: Every time | look at it, it changes. It gets quicker and quicker.

RY: That's probably the perfect example. Every time | look at the number it changes. We
hamstring ourselves with the technology we pick, but we also, | think, as an organisation, as
a global organisation — too many people buy technology very rarely. And, what happens then
is that they take that technology and they try to apply it somewhat largely to the world they
currently run in, and now we have a discrepancy. So, | think, this rings true of big systems,
but, increasingly, going back to mHealth, | can't even tell you how many mobile devices
there are now, and how many home testers there are — there are 100s if not 1000s. And, you
know, as a technology company, the second | even think about being a portal for those, |
probably shoot myself in the foot (with both barrels). For me, there’s that dichotomy between
innovation and validation, as soon as | stop innovating and validate something, | slow down,
but you need someone to validate. But, | think, creating very open infrastructure, a network,
if you like for that free exchange of data where you take advantage of those companies.
They know what they need to do, so that they can join your clinical trial ecosystem far more

easily.

SK: it's a bit like, you know, international phone chargers. | often think of it that way. |
remember every mobile phone had a different adaptor, and at some point, someone said this
is ridiculous — we need one adaptor for every device. There are still some differences. But,
you know yourself, at least there’s some model there — that there’s open APIs (or whatever

they are) that people can plug into

RY: the other thing that people have got to get their head over is that word veracity. It
amazes me, even today — | have been talking about this for five or six years, and | don't
understand why I'm still talking about it. The 6-minute stress test — it there a least useful test
in the world? | can give you an example I'm working on, at the moment. We're doing a
validation piece to develop a ? marker using these wearables and talking to the sites about
how we want to set a few things up. They have given us examples, and said, “look, when we
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do the six-minute stress test, these are very sick cardiovascular patients”. What we're
realising is a. there are patients who stay in bed for three days beforehand (literally), build
themselves up to do the best performance they can, then there are patients who will not
spend the time upfront, but after the stress test they are so exhausted, they spend the next
three days in bed. Either way, you get an absolute fake result. And then there are patients
who treat it as their normal day, who do terribly, and you up saying, “we’ve done terribly”
that’s my average day, but you compare them say, but this patient has doubled what they’'ve
done since we first spoke, but that's a totally fake comparison, because that patient you are
comparing to has spent three days in bed preparing for it. But that's not only a clinical
assessment, but the problem is that is how the FDA and the authorities, will say, well, look
you've got a big separation, we can't trust this, and, | think, mHealth data gives you that
option to say, not necessarily on a purely quantitative basis level, but on a qualitative level |

can now see a pattern...

SK: It omits the patient from the process. If you are a sick patient do you really care how you
perform on the six-minute stress test? You are more concerned about your day-to-day living

standard, | guess, quality of life.

One other thing | wanted to ask you about was the regulators. They always get a bad rap,
and they are also told that they are not dynamic enough and they are forcing the clinical trial
industry, you know, to comply with unwieldy regulation. What do you think? Do you think it's
changing or are they still stuck in the mud?

RY: I think, it's changing very much. | think it's a two or three step process. For me, the first
step. | think three or four years ago | would labelled that criticism or directed that criticism to
them for sure. And then you see in the last three or four years these white papers get
launched, what does RBM mean, what is mHealth...and | see these papers as invitations for
you to go to the authorities and say | want to do something different. And, that is a big first
step. But | think that the second step that is required is a change in the way | see the
regulators engage. Because what I'm still hearing is...you hear the regulators say, come to
us with ideas, no-one gets in trouble for coming to us with an idea. We want to hear, we
want to talk...but | still hear is, that we go to them with an idea, and what we hear is, if that's
what you want to do, that's your decision. That’s not an answer. And the fact that there’s not

an answer, and generally leads to people saying we shouldn’t do this, it's too risky.
SK: And based on past experience, | guess, you know, changes haven't been made.

RY: Yes
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SK: You touched on it there, just looking at Q3, about innovation and how there’s going to
be future changes. Certainly, we talked about ? and that being a change. Do you think
there’'s anything else that's going to come down the line? You know, people talk about
artificial intelligence, RPA or other things, even blockchain. Do you think that's really going to

impact clinical trials in the next 10-15 years or sooner?

RY: I think it is, | think the patients themselves are going to change things most, and part of
that is privacy and part of that is demand. You see this in the rare disease where | think it's
Scott Dan and Dr Fashenbaum, they've said look my risk profile in a rare disease is very
different to that in any other areas, so, | think, you're going to see that mentality creep
forward into everyday trials. But, | think, what's really going to come forward is the patient’s
demand for knowledge and | think patients are frustrated that they donate their time, they
donate whatever fluids that you need, and at the end of the day, maybe they get lucky and
get on a treatment that helps them, maybe they don’t. What we’'ve got to do is to instil
education and better practice, and kind of reinvent the pharma industry into a trustworthy
position, where patients, they know they are part of a trial, but they know what the outcome,
and they are being educated all the time.

SK: So transparent really to them what's happening.

RY: Yes, again, | come back to mHealth because one of the big opportunities is... consider
a diabetes patient. A patient pricks their finger, does a blood glucose reading, pricks their
figure once a day, twice a day, three times-a-day. That data is collected, that’'s great. But
what if on their phone while they were doing that, they also had their step count, what if they
also had their HbalC result from the lab, what if had a comment from a central nurse saying,
you take your step count, your hbalc is under control, what a good job or look something’s
not quite right, I want to you titrate your insulin or do this, or do this or come and see...that’s
you pragmatic trial right there — but that is buying the patient’s confidence, time and belief in
a process in a way that we've never achieved before. And then patient’s say | know that if it's
not working, | know that you’re going to put me on something that is. You'll help. Right now,
you've got patients believing | know now that it's not working and that’'s my only judge, and |
don’t think you drive compliance when you have people who are questioning the value of
what they are doing (SK: and not getting feedback...) And, | think, lack of compliance is a
huge issue for us. Remember the old ePRO argument about the car park syndrome. | don't
think that’s really gone away. Maybe in the ePRO case it had, but in other parts of the
clinical trial process, | think, it's still valid. Patients don't lie because they are trying to fool
anyone, | think, they just say oh, | forgot to do that, or | should have done that...| don’t want

to be shouted at, | don’t want to let someone down, so I'll say yes, or | won't report that. And
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the problem is you can't play that guessing game with clinical data. That's something we've

got to get much, much transparent at.

SK: And what the patient burden then? So, say we give them all of these devices and you've
got chronic COPD (or something like that), and we've given them seven devices around the
house. Some of them (as you say) may not need intervention from the patient, but | can just
imagine from my own family that would pose issues. | could see my parents saying...| don'’t
want to use this stuff...and getting frustrated. What do you think are the ways going to be to

help the patient along, you know, to...?

RY: | think your example’s a good one. | think the problem is and the opportunity is you have
such diverse populations. For some patients, maybe it's a generational thing to a degree, but
it's also a therapeutic or conditionally thing. Some patients, being at home and not having to
see someone every week is brilliant. You gamify...gamification will be absolutely what they
want. For other patients, you know what...either a. it's not feasible or b. it's not safe (perhaps
we don’t want to do that). It's about finding the right balance what do you need that
investigator or nurse to do that’'s actually critical? If you're bringing a patient all the way to a
site just to read a chart that, to me, is a waste of everyone’s time. If you're bringing him to a
caregiver to x-ray or something that requires that skilled intervention, that’'s high value. If
you're seeing poor results for? the patient, the high value requirement is to speak to them
and motivate them - see them, check them, whatever. But, | think, the beauty of technology
is that we’ll soon be able to do that patient by patient. In the short term, | still think we can do
it study by study. | did a mHealth study in China. And everyone said that wouldn’t work, and
you know it did. The only problem was internet connectivity in parts, but it did work. You can
overcome these challenges, if you think it through. But, | think, the key thing for me, going
back to the patients and doctors is, if you're medical appointments are anything like mine,
and even in a clinical trial, what do you get 20 minutes with an investigator if you're really
lucky. Or give them 19 minutes of those 20 minutes dedicated to their condition. If some of
time is being spent transcribing or fighting with technology or doing something other than
focusing on me as the patient, you know, you are damaging our relationship. So, you know, |
think it is vital we give them that visit back. That's my number one goal. Give the patient their
visit back and their time back? to do what's important not just to check in on something that

could have been done remotely or over the phone.
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	There have been some successful deployments of EHR data for clinical research.  The EHR system is often used as a data source in post-marketing trials, but EHR data is not yet commonly used in phase II-III trials as the primary research data.
	In one example, in England there are several EHR systems in use, but different coding dictionaries are used by general practitioners and hospitals. A subset of this data is gathered in static datasets for clinical research, but they generally they are...
	In Europe, faced with challenges such as differing regional languages, health care practices and legislation; the EHR4CR consortium embarked on querying EHR data across 11 providers. With the primary aim of assessing protocol feasibility and patient r...
	Other initiatives by PCORnet, the NIH and the Farr Institute of Health Informatics Research have shown how EHR data may be used for “comparative effectiveness”, but Cowie et al highlight this was because of the engagement of committed and knowledgeabl...
	Challenges remain in widening the use case of EHR data for use in clinical trials, such as data quality, completeness, as patient’s records may be across different systems and providers, and in many cases EHR systems are not integrated or interoperabl...
	De Moor et al, identifies the main barriers that must be overcome before EHR data is accepted within clinical research, include data privacy; regulatory requirements; institutional requirements and policies, and data quality (De Moor, et al., 2015). W...
	In the US alone, there are over 250 EHR system providers. A lack of EHR standardisation and the inability to share EHR data across platforms has raised both security and safety concerns. Initiatives such as the US government’s attempt to build a clini...
	3.3.8 Data Privacy
	The intent of the General Data Protection Regulation (GDPR) is to harmonise regulations for the processing of personal data for residents of the European Union, and this legislation impacts on how data is managed for research purposes.
	Data controllers and processors must ensure that sufficient safeguards are in place to control and protect personal data from misuse and the regulation strengthens the level of “explicit” consent that must be provided by individuals for their data to ...

	3.4 Enablers in the Collection of Health Data for use In Phase II-III Clinical Trials
	There is shift in how clinicians and legislators view the secondary use of patient data for clinical research. The informed patient is driving change, and US legislation has mandated how patient data should be collected and a greater number of institu...
	3.4.1 Growing Recognition of the Value of Secondary Use
	The Declaration of Helsinki outlines the principle of combining patient treatment with clinical research while ensuring that the wellbeing of the patient safety is of primary concern (WMA, 1964; amd 1975, 1983 & 1989).
	Key trends across published health informatics research papers include the secondary use of patient data for clinical research; a growing awareness of data management and standards; and greater researcher support. In the US, the Hitech Act (2009) mand...
	3.4.2 Increasing data availability
	As the EU Commission plans to increase the availability and sharing of health data (EC, 2018), there has been an increase in the number of public and private initiatives to explore the better use of health data for primary and secondary use (Auffray, ...
	Murphy et al identified a growth in the use of clinical data repositories for research purposes (Danciu, et al., 2014). The increase in the use of EHR data and the application of data standards, will improve the delivery of care. (Embi & Payne, 2014).
	3.4.3 EDC Systems
	Defining EDC systems “as computerised systems designed to collect clinical and laboratory data in an electronic format”, but noting that they may also include patient reported outcomes systems and voice-activated systems, Shah et al identifies several...
	Commercially-available EDC systems are designed to prevent against unauthorised access by defining user roles and access rights. They offer a secure, industry-recognised workflow, which is intuitive to the user and allow for quick access to reports an...
	Within clinical trials today only a subset of patient data is captured in EDC systems, although in a more structured way (Richesson & Nadkarni, 2011)
	3.4.4 Developing Common Standards
	Johnson et al’s survey of clinical research professionals recommends that ideally clinical trial data should be interoperable across systems and that technology should enable this process while enhancing data quality (Johnson, et al., 2016)
	It is recommended that a narrowed focus on a defined set of variables that are common to EHRs and clinical data collection systems should be conducted. Focusing on EHR variables such as mortality is seen as the first step in the re-use of EHR data for...
	For EHR data to be useful in clinical research there needs to be an understanding of what the data means. In addition, data variables or attributes need to be defined across the two domains of patient care and clinical research for the data to have re...
	Richesson and Nadkarni emphasise that a “move from a mode of primarily reacting to clinical researchers' needs through service provision, to one of active leadership by suggesting directions for standardisation,” is required by clinicians at clinical ...
	Sinaci and Erturkmen propose an ISO-conformant framework where common data elements (CDEs) can be linked and re-used across domains using “federated semantically enabled metadata registries (MDR)”, and where there is a unique definition of each data a...
	3.4.5 New Data Sources
	Several data sources for use in phase II-III trials have emerged in recent years to complement the eCRF data, such EHR, electronic patient reported outcomes (ePRO) and data from wearables. The FDA actively encourages the use of real world data (FDA, 2...
	3.4.5.1 EHR

	New et al identifies several benefits of EHR data. Notably, EHR data is captured contemporaneously removing “recall bias” and the potential to link data captured in primary care to data for clinical research may provide a useful longitudinal patient r...
	3.4.6 ePRO
	ePROs have been successfully deployed in research with good patient compliance rates (Atherton, et al., 2016). Both EUPATI and the OECD’s PARIS initiative (OECD, 2016) recommend the use of electronic patient-reported outcomes (ePRO), as they result in...
	The FDA in its guidance document for the collection of patient-reported outcomes has highlighted that electronic outcomes measurements data can improve “data quality, reliability, integrity, and traceability” (Watson, et al., 2015)
	The growth of mobile technology and Bring Your Own Device has allowed for the collection of real-time, time-stamped, and personalised data directly from a diverse group of patients, in a secure way. Patients can use their own devices and access questi...
	3.4.6.1 Wearables

	The growth in the use of wearable devices is estimated to drive over $30bn in revenue by 2018, and this market is already providing data in real-time and helping to standardise data collection. By 2025, it is predicted that data flows will improve, bu...
	3.4.7 Successful Deployment of EHR for Clinical Research - Case Studies
	Driven by the 21st Century Cures Act (2016) in the US, which aims to reduce the time for drug and medical device approvals, the FDA is collecting EHR data from several sources to drive post-marketing surveillance (Cowie, et al., 2017).
	The Sentinel Common Data Model is based on a distributed data model, where data is maintained locally by the hospital or institution (Centre for Drug Evaluation & Research (FDA), 2017). In Europe, EHRs have been successfully been used for post-marketi...
	There have been many successful implementations of EHR data use in clinical research. In the case of Patel and Kaelber, they implemented this process in a post-marketing surveillance study, while the Vanderbilt Institute built an extraction process to...
	3.4.7.1 Patel and Kaelber Case Study

	In a post-marketing surveillance of hospital data using a commercially available platform, Patel and Kaelber retrospectively reviewed data for over 10 million patients with anti-rheumatologic prescriptions from EHR, billing and laboratory systems. The...
	3.4.7.2 Vanderbilt Institute Case Study

	In the early 90s, the Vanderbilt University Medical Centre (VUMC) implemented new systems to move away from paper medical records and build a large data repository for 2 million patients. Their central Office of Research Informatics (ORI) now provides...
	The Vanderbilt case study of building “a dedicated research infrastructure” has outlined the need to understand the clinical significance of data beyond its fundamental role in the direct treatment of patients. The onus is on the institution to collec...
	3.4.8 New Technologies
	Advances in technology can transform the clinical trial data collection process by giving researchers direct access to pertinent data and potentially reduce timelines and costs (Bhavnani, et al., 2017). The introduction of new technologies such as art...
	3.4.9 The Patient is Driving Change
	The voice of the patient as an educated and informed stakeholder is an important step in developing hospital data for use in clinical research. Change will be driven by the patient as a consumer, who is willing to participate in research, and the grow...
	Adequate processes should be in place to protect patients and keep them adequately informed (Cowie, et al., 2017). Emphasising the benefits of an opt-in approach and providing guidance for a successful model, it is recommended that patients have full ...
	3.4.10 Ensuring Patient Privacy
	Cowie et al recommends that distributed analyses where data remains at source may combat privacy issues, which he outlines as complex, particularly across different geographies. If EHR systems are to be used for clinical research, the patient must pro...

	3.5 Conclusion
	This chapter explored the relevant literature with a focus on the challenges and enablers in the collection of health data for secondary use in phase II-III clinical trials.  Several themes emerged which were used to as a framework for the research me...


	4  Research Methodology
	4.1 Introduction
	This chapter covers the research methodologies employed, the identification of key informants, the ethics approval process, the key informants’ selection process, why these methods were chosen, and the approach to data collection and data analysis. A ...

	4.2 Research Methods Employed
	Two core methods of research are presented:
	4.2.1 Literature Review
	Sackett refers to using an “evidence-based” approach in clinical practice, and that best judgment is made by combining a continual review of literature (Sackett, 1981). In line with this approach, a review of the literature related to health data coll...
	4.2.2 Qualitative Research
	Qualitative research was used to develop a greater understanding of the research question, and to understand how the issues raised by the research are being addressed (Creswell, 2007).
	Using non-probability, convenience sampling, semi-structured interviews with key informants in the clinical research industry were conducted.  The key informants were known to the researcher and were available for interview (Dudovskiy, 2017).
	Using a phenomenological approach (Waters, 2017), participants were interviewed in their “natural setting” (Creswell, 2007), and were invited to provide answers based on their own experience or opinion, with the intent of providing a personalised view...

	4.3 Interview Questions
	Three interview questions were developed based on the researcher’s direct experience of the challenges faced in the collection of health data for clinical research while working in the provision of data management services to the pharmaceutical indust...
	Identification of Key Informants
	Key informants were identified using non-probability, convenience sampling (CIRT, n.d.), through the researcher’s prior interactions with these individuals and/or based on their experience in the industry. Candidates such as senior managers of key cli...

	4.4 Ethics Approval
	Ethics approval was obtained from the School of Computer Science and Statistics, Trinity College Dublin (TCD) in January 2018, using their guidelines. Participants were provided with a key informants’ information sheet that outlined the purpose of the...

	4.5 Key Informants Selection Process
	Eleven key informants were approached on LinkedIn, and asked if they would consider participating in the research. Seven key informants agreed to proceed by return email, and the key informants’ information sheet and consent form was sent to them by e...
	Six interviews were conducted by phone during the month of February 2018. Marie McCarthy was interviewed face-to-face as she is located in the same office as the researcher. A full list of key informants who participated in the research is outlined Ta...

	4.6 Why these methods were chosen
	Considerable quantitative research exists today on the current and predicted state of the collection of health data for use in phase II-III clinical trials. The decision to use qualitative research was based on the researcher’s interest in gathering t...
	From a review of the literature many opportunities and obstacles are identified to improve the collection of health data for secondary use in clinical trials. Differing views about how data collection should be improved or changed for the purpose of c...

	4.7 Data Collection Approach
	Once the participants signed the consent form, a meeting was set-up and the interviews conducted.  A semi-structured interview format (Longhurst, 2016) was used to obtain the participant’s personal view of the challenges and enablers in the collection...
	All conversations were recorded (with the exception of Marie McCarthy where the recording method deployed did not work), and all recordings were transcribed.  For Maire McCarthy, the interviewer’s notes were used. Participants were given an opportunit...

	4.8 Approach to Data Analysis
	The answers provided by key informants have been used to form the basis of a data analysis section of this dissertation (chapter 5). Using an emergent strategy to check for trends in the key informant responses, the themes of each respondent’s answers...
	Using content analysis, transcripts were reviewed line-by-line, and themes were identified using codes created by the researcher. Where a theme was identified in answers from one key informant, this theme was sought out in the other key informants’ an...

	4.9 Limitations of the research
	There are several limitations to this research. Dudovskiy highlights that qualitative studies may lack credibility due to the presence of bias in how key informants are selected, and the key informants may be offering a biased view (Dudovskiy, 2017).
	In terms of the research design, the questions used as part of the interview process and the codes use to identify themes were not peer reviewed (Spier, 2002). No software, with the exception of MS Excel, was used to identify codes or themes (Richards...
	All informants were selected at the same time and their selection was not as a result of any trends emerging in the data. “Snowball” sampling, where additional participants may have been included based on recommendations by the key informants, was not...

	4.10 Conclusion
	The use of key informants is a tried and tested method in qualitative research (Marshall, 1996), and this method was useful for the researcher to identify challenges and opportunities for the secondary use of health data in phase II-III trials.
	Transcribing the interviews took a considerable amount of time but offered the researcher the opportunity to listen to the recordings many times and to be very familiar with each of the key informants’ responses and points of view.
	Although the key informants have different roles and areas of focus in the clinical research industry, several common themes emerged. These themes are presented in detail in Chapter 5.


	5 Qualitative Research Results
	5.1 Introduction
	This chapter outlines the qualitative research findings from a series of interviews with key informants conducted in February 2018.  Details of the key informants’ individual responses, and the integrated research findings, are presented in the follow...

	5.2 Interview Process
	A total of seven key informants were interviewed. The key informants were selected based on their standing in the clinical research industry, and their areas of expertise ranging from patient reported outcomes to technology and mHealth. Further detail...
	Six key informants were interviewed by phone and one was interviewed face-to-face. Interviews were recorded, but in the case of Marie McCarthy’s interview, the recording did not work. Transcripts of each recording were produced, and each transcript to...

	5.3 Overview of Responses
	All key informants were asked to respond to Janet Woodcock’s comments that the “clinical trial data collection process is broken” (Woodcock, 2017), and to identify the barriers and/or issues that exist today in how data is collected in phase II-III tr...
	Of the seven key informants, two agreed, one disagreed, one partially disagreed, while the remaining three partially agreed with Woodcock’s statement (Table 5.1: Key Informants’ Question 1 - Overview of Responses).

	5.4 Individual Responses to Question 1
	All respondents sought to qualify and add context to their responses.
	Tigran Arzumanov does not believe that the process is broken, but refers to it as being “fractured”. He believes that the industry is conservative and slow to change, specifically with regard to source data verification where the original patient reco...
	Bill Byrom offers partial agreement to Janet Woodcock’s statement and qualifies his response by stating that it is necessary to continue to collect “controlled, randomised clinical trial data”.
	Jeff Lee agrees with Janet Woodcock’s statement and refers to an “open lie” in how data is collected today for clinical trials. He states that because of economics, the patient sample size is restricted to defined time windows and the impact of a trea...
	Marie McCarthy offers partial acceptance of Woodcock’s statement and states that the design of a clinical trial is to “support a hypothesis”, but if insufficient data is collected it may be impossible to prove a treatment’s efficacy.
	Ross Rothmeier partially agrees with Janet Woodcock’s statement, and argues that greater efficiency, cost reduction and quality improvement are needed to improve the clinical trial data collection process.
	Richard Young agrees unequivocally with Janet Woodcock’s statement that the clinical trial data collection processed is broken, and refers to the outmoded data collection model that is in use today in clinical research.
	Louis Smith does not believe that the clinical trial data collection process is broken, but identifies inefficiencies in how data is monitored today and suggests that onsite data monitoring should be targeted towards poor performing sites that may nee...

	5.5 Question 2 – Individual Responses
	Question 2 (Table 5.2: Key Informants’ Question 2) was posed to all key informants to provide their opinion on what is changing in how health data is collected today for phase II-III clinical trials, and to outline the advantages and disadvantages of ...
	Tigran Arzumanov outlines that there are already links to EHR systems in near or real-time through HL7, which is allowing for new data collection methods for clinical research. He states that issues related to patient privacy have been solved by techn...
	Bill Byrom refers to current EDC technologies as being robust, but that they may be too complex to gather other data types such as the growing trend to gather more real world data across all clinical trial phases.
	Despite the increased complexity of clinical trial protocols, Jeff Lee believes that the growth of machine-to-machine learning and the prevalence of sensor devices may change how data is collected for phase II-III clinical trials. The use of the patie...
	Marie McCarthy believes that combining objective and subjective data is now possible through the use of mHealth. The use of apps in clinical trials has already made in-roads in how patients are recruited, and she cites one example with a Parkinson’s d...
	Ross Rothmeier refers to the increase in data volumes and the challenges that new types of data from sensors, genomic testing, images, medical devices and wearable devices will pose. The old data management methods of verifying and validating clinical...
	Louis Smith says the propensity of new apps, and the low cost to store data should assist in the more efficient collection of clinical research data. He proposes that data should be gathered with a longer term view in mind and not just for a particula...
	Richard Young refers to the vast increases in the volume of data created from new mHealth technologies, and the need for tech companies to adapt to change. Traditionally, in clinical research, commercial agreements sought to lock-in sponsors and data ...

	5.6 Question 3 – Individual Responses
	All key informants were asked to outline future innovations and to comment on the advantages and disadvantages of the collection of health data for use in phase II-III clinical trials. Question 3 is outlined in Table 5.3: Key Informants’ Question 3
	Tigran Arzumanov refers to how technology has overcome data currency issues by offering data in real-time directly from hospital EHR systems. “Anonymised identification” already removes unique identifiers from patient’s data received from EHR systems ...
	Bill Byrom emphasises the conservative nature of the clinical research industry and believes it is hard to say how the data collection process will change as data will still need to be collected in a controlled way for pre-marketed drugs (in phase II-...
	Jeff Lee refers to new technologies such as the Apple Research Kit, which he says shows such promise by “democratising data collection”, and gives an insight into future data collection practices. The use of sensors will pose data volume challenges an...
	Marie McCarthy believes that change is inevitable through the collection of “digitalised streams” of data which will allow for greater analytics and adaptive trial designs. She believes the use of wearables in trials is already becoming more common pl...
	Ross Rothmeier points to the growing use of wearables and sensors in clinical trials to collect patient reported outcomes data directly from patients. This data offers benefits as it provides a truer picture of the patient’s overall health, and provid...
	Louis Smith sees the future bringing greater automation in how data is collected. Data volumes will grow, and the insight into the data will increase due to its granularity and the ability to correlate objective data collected in-clinic and subjective...
	Richard Young believes that the patient will emerge as the force of change in how data is collected for clinical trials. The informed patient will demand more feedback that may be met through patient education programs and access to patient outcomes d...

	5.7 Overview of the Themes Identified in the Responses
	Seven key themes have emerged in the answers provided by the key informants.
	These themes were identified by pasting all responses into an Excel table and labeling each paragraph of text in accordance with the main theme identified.
	For each of the three questions posed, if a key informant’s answer included a reference to a particular theme, this was counted as 1, and the total number of references to that theme was tracked.  For example, the theme, “Issues with Current Clinical ...
	The seven themes were then categorised into sub-themes, and a count performed to assess how many times a key informant referenced each sub-theme. In the case of theme 1, Issues with Current Clinical Trial Data Collection Processes, there are four sub-...
	These themes are presented in further detail in the sections below.

	5.8 Issues with Current Clinical Research Data Collection Processes
	Several key informants present issues with the current data collection processes and systems used in clinical research today, and opposing views are presented on whether these practices will change.
	5.8.1 Current Data Collection Practices in Clinical Research
	Richard Young believes that current data collection practices must change. While Ross Rothmeier, on the one hand, says the clinical research must be willing to change, he emphasises that the current practice of collecting data to prove a hypothesis us...
	Bill Byrom lauds the current randomised controlled trial approach. He believes that this approach does not need to change as it is the most effective way of controlling how patients are enrolled and randomised. Managing the data in a rigorous and cont...
	5.8.2 Current Clinical Research Data Collection Systems
	Jeff Lee believes that “disruption” is inevitable as current data collection systems are designed to receive data in batches while new technology provides a continuous stream of data in large volumes. On the opposing side, Bill Byrom suggests that cur...
	Ross Rothmeier believes that there is a growing recognition that solely measuring the impact of treatment on a patient in-clinic is insufficient, and he suggests that current EDC systems will need to evolve to accept other data sources data for phase ...
	5.8.3 Not Using Data in the Right Way
	Richard Young states that the clinical research industry is “not using data in the right way”, and that traditional data collection methods are leading to futility. He identifies several challenges under the headings of “volume, variety, velocity, ver...
	Citing the 6-minute stress test, Young states this is the “least useful test in the world”, as it only tests the patient’s fitness at a point in time. If the patient is having a bad day, their result (and the data) might be poor, but if they have rest...
	Louis Smith states that data captured today is not done so with the longer term value of the data in mind. In particular, he refers to operational data that is used to assess a hospital site for suitability for a trial. This data is used in the decisi...
	Citing an example in the case of pain studies, Marie McCarthy refers to the FDA’s statement that certain analgesic compounds may not have been approved, as the methodology, including the data collection process, used in identifying their effectiveness...
	Ross Rothmeier suggests that if thousands of patients are recruited for a clinical trial and the drug proves to be effective, there is nothing to say that when that drug is released onto the market and used by millions of patients that there will not ...
	5.8.4 Insufficient Data
	Both Marie McCarthy and Jeff Lee believe that we are collecting insufficient data.
	Marie McCarthy puts forward the argument that the patient is typically enrolled in a trial for 12-18 months and spends an average of 9,000 hours on a trial, but only 50 hours’ worth of data is collected.
	Jeff Lee states that often because of cost, the patient sample size is restricted, and the data collection timeframe is kept to a minimum in clinical research trials. So, the efficacy of a treatment may not be measured over long enough timescales or i...

	5.9 Clinical Research Regulation
	Three key informants refer to regulation in the clinical research industry. Ross Rothmeier highlights how it is often difficult to navigate or interpret the regulators’ requirements and this stifles change, while Louis Smith believes that the greater ...
	5.9.1 Clinical Research Regulation is Stifling Change
	Ross Rothmeier states that anyone working with clinical data cannot justify changing the current data collection processes. On one hand, the regulators are supportive by publishing new guidance documents, but simultaneously they are still deemed to be...
	5.9.2 Managing Risk in Clinical Research Regulation
	The regulators are hesitant to speed up drug trials for fear that this may result in shortcuts in how a drug is approved. Louis Smith argues that if the regulator reduces clinical research cycle times, the drug companies may benefit, but the regulator...
	In the last few years, the regulators have published a series of white papers on new trends such as mHealth. Richard Young sees this as an opportunity to engage with the regulators, but he is disappointed that the regulator’s responses are often isola...
	5.9.3 Difficultly in Navigating Clinical Research Regulation
	In many cases it is not clear what the regulators want or expect. Rothmeier highlights the disparity in the regulators’ area of focus in different regions.  He refers to his experience of being inspected by regulators from five different countries and...

	5.10 New Clinical Research Data Types and Sources
	Six key informants refer to new data types and sources as impacting how data is collected for phase II-III clinical trials. Real world data, such as EHR data and patient reported outcomes and data from wearables and sensors are presented as supplement...
	5.10.1 Real World Data
	Currently real-world data is collected in phase IV clinical research, when the drug has already been approved for market. Bill Byrom refers to the 21st Century Act that mandates the need for more real-world data in clinical trials in the US. He believ...
	5.10.2 EHR Data
	There are opposing views on how hospitals’ EHR systems will shape clinical trials.  Bill Byrom recognises that there are some successes with capturing EHR for clinical research, but believes that this is restricted to particular hospitals using a sing...
	Tigran Arzumanov sees EHR data as the future, and already is working on providing a continuous stream of EHR data from a site in France in near real-time. He states that the concept of recording patient data in two systems has “outlived its usefulness...
	Louis Smith argues that limiting trial enrolment to recruiting sites that are willing to submit data electronically through EHR may drive efficiency.
	5.10.3 Patient Reported Outcomes Data
	Bill Byrom sees the advantages that the collection of more patient reported outcomes will bring. He foresees that patients will use their own mobile devices to download a questionnaire or diary app, and this data will automatically populate the clinic...
	Richard Young states that it is expected that 80% of trials will use electronic patient reported outcomes, and this data will come in different formats, at different frequencies and will require different levels of processing and verification. There i...
	Jeff Lee believes that use of the patient’s own device and the growth in the collection of patient reported outcomes data will lead to more relevant data more quickly.
	5.10.4 Apps, Sensors and Wearables
	Jeff Lee predicts that future trials will collect objective and subjective data using both active and passive measures, such as sensors, and, as a result, data collection will be much faster and cost effective.  The collection of passive data through ...
	Marie McCarthy believes that a continuous stream of data from wearables would provide a greater insight into a patient’s condition, especially for conditions such as Parkinson’s, where symptoms tend to be episodic.
	Louis Smith believes that apps will lead to more efficient data collection directly from patients.

	5.11 Patient Engagement in Clinical Research
	Several key informants recognise that alleviating patient burden and providing solutions to engage the patient in the clinical trial process are necessary to ensure the successful deployment of mHealth technologies in clinical research.
	5.11.1 Patient Burden in Clinical Research
	Marie McCarthy says that the patient must not be over-burdened with a myriad of devices and sensors. She suggests that the pharmaceutical industry is losing sight of the burden to the patient that mHealth poses, but burden can be alleviated through ga...
	The burden of having to take time to master the use of wearables and devices and to record and enter data remotely, is what Jeff Lee refers to as an “imbalanced proposition” with little benefit to the patient. Lee refers to the ePRO Consortium’s commi...
	Bill Byrom believes that engaging the patient is necessary through formal feedback, but patient burden may still remain.  He refers to the collection of data directly from older patients or those with more debilitating illnesses, and suggests that thi...
	Louis Smith points out that technology must be useful and must not place additional burden on the patient or the clinician.
	Referring to paper diaries, Jeff Lee recalls the “big joke” of patients completing paper diaries in the car park before their doctor’s visit; and at least mHealth is able to capture the time point for when the data is entered or picked up by the senso...
	5.11.2 New Clinical Research Technologies to Engage the Patient
	Bill Byrom believes that we need to consider how we can make apps useful to the patient, but without compromising the results of a trial. On the one hand we want to offer the patient assistance in managing their condition, but the app cannot “become p...
	Byrom points out that apps have a limited appeal. In the beginning users are excited to download and use them but over time, users disengage, and the drop-out rates are high. Unless the patients are engaged, and the app is providing value to the patie...
	Jeff Lee states that alleviating patient burden will be a factor in determining the successful deployment of new data collection technologies. Citing the example of the Apple Research Kit where patients can enter their own health records, Lee states t...
	Lee emphasises the need to ensure “balance and engagement” when designing technologies to engage the patient. We need to broaden the availability of features that are of value to the patient. Techniques like gamification, and providing education and u...
	Richard Young believes that the pharmaceutical industry should be viewed as a patient ally by engaging patients on trials through education programs and the tracking of outcomes beyond the clinical trial. He believes this level of engagement will driv...

	5.12 mHealth in Clinical Research – Challenges & Opportunity
	mHealth technologies pose opportunities as well as challenges.  The use of sensors and wearables for the collection of data remotely directly from patients offers efficiency and a greater level of data accuracy. Regulation may hinder the widespread de...
	5.12.1 Remote Data Collection in Clinical Research
	Bill Byrom does not see a future where all data will be collected remotely for phase II and III trials. Remote data collection will be restricted by the regulations that require patients to travel to a hospital site to consent to their participation i...
	Referring to Pfizer’s virtual trial (Pfizer, 2011) which created one super-site to enroll all patients in the US, Byrom sees what he calls a “hub and spoke” model as more likely. In this model there would be one super site managed by an experienced in...
	Jeff Lee cites an example of what he calls a “kick-starter for clinical trials” using crowd-sourcing (Transparency Life Sciences, 2018), to build a patient audience online. Pharmaceutical companies may use this data to assess their backlog of compound...
	mHealth provides many opportunities for pragmatic trial models. Richard Young provides an example of a diabetes patient who could be treated at home, where their activity would be tracked on their phone and their laboratory result would be available t...
	5.12.2 New Clinical Trial Data and Endpoints
	Jeff Lee points out that wearables and sensors are not yet used in a standard way. New measurements and endpoints will need to be developed using these technologies which will take considerable effort, although there is the possibility for great oppor...
	Richard Young refers to the six-minute stress test in patients with cardiovascular disease. Results have shown that some patients build themselves up to perform well in the test at the doctor’s site, while others (after the test) will spend days recov...
	5.12.3 Large Datasets and Increased Data Volumes in Clinical Research
	Ross Rothmeier highlights the growth in data volumes using new technologies, while Jeff Lee says that the data from sensors is “so granular” that the current data cleaning processes will not apply, and the emphasis will be on identifying data patterns...
	Citing Tufts (Getz, 2018), Richard Young states that approximately 1 million data points are collected in the average phase II-III clinical trial today. Young recently conducted a pilot study using an Actigraph to gather sleep and step activity from 1...

	5.13 Data Privacy & Clinical Research
	Four key informants outline data privacy challenges with the sharing of patient data. They refer to hospitals’ reluctance to share EHR data, coupled with the need for the data to be used ethically and anonymously for clinical research.
	5.13.1 New Technologies and the Risk of Patient Unblinding
	Ross Rothmeier, Marie McCarthy and Louis Smith point out potential issues with technologies such as artificial intelligence, machine learning and sensors that collect data at a granular level and that may unintentionally identify the patient based on ...
	5.13.2 Data Sharing for Clinical Research Purposes
	Tigran Arzumanov states that certain institutions are still reluctant to share data. Both hospitals and pharmaceutical companies do not want to breach the patient’s privacy, but this is at the expense of research. Some parties are very conservative an...
	5.13.3 Responsible Use of Data in Clinical Research
	Ross Rothmeier highlights the need to de-identify data, and to give patients an assurance that data will be used responsibility. He highlights his uncertainty about the patient sharing genomic data as it may be used for other purposes such as to judge...

	5.14 The New Clinical Trial Landscape
	All key informants point to several key themes emerging in the new clinical trial landscape including the crossover between healthcare and clinical research, the growth of personalised or precision medicine, and the drive to make the patient’s visit t...
	5.14.1 The Crossover from Healthcare to Clinical Research
	Marie McCarthy refers to the crossover from clinical research to healthcare and how these two worlds are colliding in terms of data collection.
	Referring to the 21st Century Cures and Affordable Cares Acts which mandated and subsidised doctors’ surgeries to use electronic data collection methods for patient records, Jeff Lee, states that “meaningful use” (ONC, 2017) will move to the next stag...
	5.14.2 EHR Data Standards
	Tigran Arzumanov refers to the requirement for data standards in EHR systems. He highlights that hospital data collection systems are different to systems used in clinical research. They use different coding conventions which he views as a greater cha...
	5.14.3 Changing Processes in Clinical Research
	Ross Rothmeier believes that the clinical trial data cleaning processes in use today will not work with future technology. The current method of programming edit checks to verify the parameters of a particular variable or across multiple variables wil...
	mHealth will challenge current data processing practices, as the large data volumes will make them defunct. Richard Young suggests that the concept of “good enough could be good enough” needs to be applied to clinical trial data, and there is a need t...
	5.14.4 Personalised Medicine and Pragmatic Trials
	Richard Young believes that personalised or precision medicine will evolve to prove that a particular drug is an effective treatment. Programs such as the 1,000 genomes project (IGSR, 2018) will drive change in how reimbursement levels are decided, “n...
	Young recognises that a patient must be 100% compliant with the treatment process for it to work, and he states that patients, on average are only 65% compliant. The risk of reducing hospital payments may drive a change in how trials are conducted and...
	5.14.5 The Voice of the Patient in Clinical Research
	Richard Young refers to “the patient’s demand for knowledge” and their frustration that trials today do not necessarily offer them a solution as the drug may not prove to be effective. He believes that future trials will be tailored to the individual ...
	5.14.6 Better Data Analytics for Clinical Research
	Referring to the “network effect”, Louis Smith is interested in exploring the connection between a doctor’s social network and their performance on a clinical trial. Often investigators may be dismissed because they lack clinical trial experience, but...
	Ross Rothmeier highlights that historical data is useful for predictive analysis to build a more targeted approach to data capture, in what he calls “collecting data, as expected”.
	Jeff Lee believes that the growth of machine-to-machine learning will change data collection practices over time.
	5.14.7 New Trial Designs
	Ross Rothmeier proposes that the development of synthesised models using genomics and historical data could be used to assess what treatments are likely to be more effective and have a higher probability of success. Payers and insurance companies will...
	Bill Byrom suggests that phase II trials will continue to focus on assessing efficacy and dosage rates using the data collection methods we use today. In phase II-III studies, there will still be a need for randomised controlled trials but there may b...

	5.15 Conclusion
	Seven core themes have emerged from the key informants interviews. These themes include the need to address the challenges with current clinical trial practices, systems and data; challenges with compliance with clinical regulation; new data sources a...


	6 Discussion
	6.1 Introduction
	The purpose of this study was to explore the challenges and enablers in the collection of health data for use in Phase II-III clinical trials by identifying process gaps and new developments through a review of the current literature and through inter...

	6.2 Common Themes
	Several common themes have emerged through the review of the literature and the key informants’ interview process, which are outlined in Table 6.2: Common Themes.
	6.2.1 Issues with the Current Clinical Trial Data Collection Processes
	Current data collection practices in clinical research are facing many challenges. Danciu et al refer to data quality, data standards, finance, and availability of data as the main barriers for the secondary use of data in clinical research (Danciu, e...
	Of the key informants, Young believes that current data collection practices must change in their entirety, while, on the opposing side, Rothmeier and Byrom recognise that the current practice of collecting data to prove a hypothesis using rigorous an...
	6.2.2 Current Data Collection Systems
	The literature refers to the myriad of different EDC systems in use today for the collection of health data for secondary use in clinical research. Both Shah et al (Shah, et al., 2010), and Lu & Su (Lu & Su, 2010) refer to the multitude of EDC systems...
	The key informants do not mention the cost or the extensive offering of EDC systems on the market, but accept that these systems must change to accommodate new data sources and formats (Lee and Rothmeier). Only Byrom mentions the extensive functionali...
	6.2.3 Not Using Data in the Right Way/Current Clinical Trial Data May Not be Optimal
	In the literature, Moore et all points out that there is a concern that the data collected today in clinical trials today is not “generalisable” to larger populations (Moore, et al., 2000).
	Of the key informants, Ross Rothmeier supports the concern related to generalisablility of trial data. McCarthy adds that data clinical trial data collection methodologies are poorly designed. Young identifies several challenges under the headings of ...
	6.2.4 Insufficient Data
	In the literature, Frieden states that insufficient data is gathered to ensure the long term safety and effectiveness of a drug (Frieden, 2017),
	Two key informants (McCarthy and Lee) believe that we are collecting insufficient data in clinical trials. On average, only 50 hours of patient data is gathered on a typical trial over a period of 12-18 months (McCarthy), and restrictions on study dur...
	6.2.5 Clinical Research Regulation
	The literature emphasises the increasing demands from the regulators in how to  harness and display clinical data (ICH, 2015). While the key informants emphasise that regulation is stifling change and difficult to navigate (Rothmeier), There is a risk...
	6.2.6 New Clinical Research Data Types and Sources
	The literature outlines several initiatives that are underway to increase the use of real world data, such as EUPATI’s and the OECD’s drive to increase the use of electronic patient patient-reported outcomes (ePRO).  While the value of these initiativ...
	Referring to the 21st Century Act that mandates the need for more real-world data in clinical trials, Byrom recognises that there are some successes with capturing EHR for clinical research. He adds that for phase II-III studies, data will continue to...
	The faster availability of ePRO data, and wearables, sensors and technologies such as the Apple Research Kit will have a role to play in the discovery of new trial endpoints, and may replace certain assessments such as the six-minute walk test (Lee an...
	6.2.7 Large Datasets and Increased Data Volumes in Clinical Research
	The literature refers to the increase in the volume of clinical research data (Bhadani & Jothimani, 2016), and that it is presenting technical and workload challenges such as the timelines to lock a clinical trial database have increased by approximat...
	The key informants (Rothmeier and Young) highlight the growth in data volumes, and agree that current processes and systems will be replaced or need to adapt to process new data sources from wearables and sensors data, while recognising the need to id...
	6.2.8 Data Privacy
	The literature refers to the General Data Protection Regulation (GDPR) which stipulates that personal data must not be used without consent and restricts the movement of data without pre-defined levels of protection (although anonymous data is exclude...
	It is recommended that the use of distributed analyses where data remains within the hospital may combat privacy issues, but if EHR systems are used for clinical research, the patient must provide informed consent and the data must be accessed by regu...
	The key informants have concerns related to data privacy and point out potential issues with technologies such as artificial intelligence, machine learning and sensors that may unintentionally identify the patient based on unique data points (Rothmeie...
	6.2.9 Data Sharing for Clinical Research Purposes/Growing Recognition of the Value of the Secondary Use/Increased Data Availability add to table
	The use of EHR as the primary data source for clinical research will accelerate clinical research (Embi & Payne, 2014). There is an increase in the number of public and private initiatives, such as EOSC (EOSC, 2018) and the 1m Genomes Project (Regalad...
	6.2.10 The Crossover from Healthcare to Clinical Research
	Both the literature and the key informants outline the crossover from healthcare to clinical research. The literature highlights the growing recognition of the value of secondary use of health data which has been driven by the Hitech Act in the US (Da...
	6.2.11  EHR Data Standards
	In the literature, many authors converge on the lack of standards and interoperability across health data standards and systems. Johnson et al recognizes that health systems and data should be interoperable (Johnson, et al., 2016). While De Moor et al...
	Projects to extract EHR data have had limited success as there are too many EHR systems and a lack of standardisation (Siemens, 2016), so EHR data has yet to be used for key trial decisions (Getz, 2017).
	Cowie et al proposes focusing on a small number of variables to develop common health and clinical research standards (Cowie, et al., 2017), while Richesson & Nadkami recommend that a common data definitions should be in place across  EHR and EDC syst...
	Two key informants refer to issues with health data standards. Tigran Arzumanov highlights that hospital data collection systems are different to systems used in clinical research, which he views as a greater challenge than the technology itself, whil...
	6.2.12 The Voice of the Patient in Clinical Research
	The voice of the patient as an educated and informed stakeholder is an important step in developing hospital data for use in clinical research (Cowie, et al., 2017). Change will be driven by the patient as a consumer, who is willing to participate in ...
	One key informant states that, overtime, trials will be tailored to the individual patient, specifically in rare diseases, and technology will be used more effectively to remove the time spent on transcribing or entering data, thus giving the patient ...
	6.2.13 Better Data Analytics for Clinical Research/New Technologies
	Advances in technology may transform the clinical trial data collection process (Bhavnani, et al., 2017). New technologies such as artificial intelligence (Bookbinder, 2017), and blockchain can make data sharing more efficiency (Anisingaraju, 2017) an...
	Louis Smith is interested in exploring links between data across trials. He refers to Citeline (PI, 2018), which contains vast quantities of site-related data, but this data is not aggregated nor compared during the trial feasibility process. Ross Rot...

	6.3 Interview-only Themes
	Several themes emerged in the key informants’ interviews but not in the literature review, and are outlined in Table 6.3: Interview-Only Themes.
	6.3.1 Patient Burden & New Technology to Engage the Patient
	Several key informants refer to patient burden when participating in a trial and that there must be a drive to engage the patient, particularly as mHealth involves greater patient involvement (Byrom, McCarthy Smith and Lee)
	The pharmaceutical industry is losing sight of the burden to the patient that mHealth poses. Alleviating patient burden will be a factor in determining the successful deployment of new data collection technologies and technology must be useful for the...
	6.3.2 mHealth
	mHealth will challenge current data processing practices. The change in the types of clinical research data is placing the emphasis on the use of machine learning and artificial intelligence, as current clinical trial data cleaning processes will not ...
	6.3.2.1 Remote Data Collection in Clinical Research

	Remote data collection will be restricted by the regulations that require patients to travel to a hospital site to consent to their participation in a trial or for them to receive trial medications.  A “leaner more virtualised study model” will evolve...
	6.3.2.2 New Clinical Trial Data and Endpoints

	New standard measurements and endpoints will need to be developed for wearables and sensors (Lee, McCarthy and Young)
	6.3.2.3 Personalised Medicine and Pragmatic Trials

	Personalised or precision medicine will evolve as result of programs such as the 1,000 genomes project (IGSR, 2018), and it is predicated that there will be a rise in the number of pragmatic trials using a real-world data (Young).
	6.3.3 The New Clinical Trial Landscape - New Trial Designs
	Historical and genomic data may be re-used to develop data models resulting in the need for data from fewer patients (Rothmeier).
	The randomised controlled trial model will prevail to ensure rigorous research, while the 21st Century Cures Act will drive the collection of increased volumes of supplementary real-world data. There may be a need to deploy apps to larger patient popu...

	6.4 Conclusion
	This chapter presented a comparison of the results of the literature review and the key informants’ interviews. Thirteen themes were represented in the literature and the key informants’ interviews, while a further three themes was raised by the key i...
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	7.1.3 Common Standards
	There are many successful examples of how EHR data can be used for research. Under closer scrutiny, EHR data is largely being used for in-house hospital research or to assist with the administration of clinical trials. Admittedly, EHRs are a valuable ...
	7.1.4 How will mHealth Work?
	Although there is a proliferation of new technologies to capture health data for secondary use, there is no clear path to mHealth use in clinical research. Trials are already using wearable devices and sensors to capture data directly from patients bu...
	7.1.5 Conclusion
	In 1969, Greenes et al stated that “increasing activity in the use of computers for acquisition, storage, and retrieval of medical information has been stimulated by the growing complexity of medical care, and the need for standardisation, quality con...
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