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Letter

From the Chair

Jaime Baldner

South San Francisco, CA, USA – April 2017

2017 SCDM Board of Trustees
Jaime Baldner, CCDM

Dear colleagues,
Welcome to Spring!

Emma Banks
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Chair
Genentech

Jessie (Zhaohua) Chen

Shannon Labout, CCDM

Pfizer China R&D Center

Vice Chair
CDISC

Michael Goedde,
PAREXEL International

Demetris Zambas

Melissa Lamb

Past Chair
Novartis

AdvancedClinical

Jonathan R. Andrus, M.S.,
CQA, CCDM
Treasurer
Clinical Ink

Arshad Mohammed
QuintilesIMS
Jennifer Price
BioClinica

Linda King
Secretary
Eli Lilly And Company

Reza Rostami
Duke Clinical Research Institute

Earlier this month, we passed the 100-day milestone of the new year – which
is not so new anymore. As ever, events and developments continue to evolve
on the world stage that affect how we all live and work. Without trying to be
exhaustive nor ignore important happenings in the rest of the world, there is
much focus on both Britain and the United States. Last month, the British Prime
Minister triggered Article 50 which begins the formal countdown towards
Britain’s exit from the European Union; and in the US, the new President
continues to fill out his cabinet as well as make picks for other crucial
government positions – including FDA commissioner.
Many of the businesses that utilize data management personnel will be
affected by policy decisions made in the wake of these changes. One
of the first things to keep an eye on in the US is the sixth reauthorization of
PDUFA (Prescription Drug User Fee Act) which will keep the user fee act in
place through 2022.
Fortunately, one of the Society’s core commitments is to “increase worldwide
recognition through interactive relationships with regulatory agencies”. In other
words, you may depend on the Society to maintain a pulse on how the regulatory
landscape is adapting to pressures forced on it by changes within the political
landscape.

With respect to the Society, the first 100 days of 2017 has already produced a truly
exciting program for this year’s Annual Conference as well the announcement of the keynote
speaker, Dr. Kassa Ayalew. As an FDA representative, we are particularly thrilled with Dr.
Ayalew’s commitment to be this year’s keynote because 2017 also represents the 10th consecutive
year the annual conference has had participation and attendance by FDA. We are delighted to
reach this milestone of continuous engagement and relationship building with not just FDA, but health
authorities from other countries as well.
While preparations continue for this year’s Annual Conference in Orlando, FL, the call for abstracts for
speakers and presenters is open until early May. If you are considering submitting an abstract, you are in luck
as this edition of Data Basics contains a timely article all about crafting an attractive abstract for submission to
professional meetings
Happy reading!
Best regards,
									Jaime Baldner
									2017 Chair, SCDM
										Board of Trustees
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Letter From the Editors
Dear Readers,

Welcome to the first Data Basics of 2017 – for our colleagues in the northern
hemisphere it is Spring!
In this issue, we explore newer areas in the science of our
profession about artificial intelligence and next-generation
technologies. We also look into the world of electronic
source data, considerations in case report form (CRF) design
and post production changes.
We would be very interested to hear thoughts from you as
data managers, data scientists, decision makers, leadership
on the topics in this issue. Let’s start talking!
If you are interested to attend the 2017 SCDM Annual
Conference in Orlando, Florida, you can start planning.
An article ‘Preparing a Successful Scientific Abstract for
Profession Meetings in Data Sciences’ might help you
prepare for this exciting event in our SCDM calendar.

Sanet Olivier and Rey Wong,
Co-editors & Publications Committee Co-Chairs

Editorial Board
Sanet Olivier, CCDM

Publications Committee Co-Chair
QuintilesIMS
sanet.olivier@quintilesims.com

Rey Wong, MS, CCDM

Publications Committee Co-Chair
Celgene Corporation
rewong@celgene.com

Claudine Moore, CCDM

QuintilesIMS
claudine.moore@quintilesims.com

Michelle Nusser-Meany, CCDM
Novartis Oncology
michelle.nusser-meany@novartis.com

Janet Welsh

Boehringer-Ingelheim
janet.welsh@boehringer-ingelheim.com
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Preparing a Successful Scientific Abstract for Professional Meetings
in the Data Sciences
By Richard F. Ittenbach, PhD, PSTAT
Alexander C. Bragat, PMP
Susan K. Howard, MSN
Abstracts constitute an important part of the scientific process. They allow

•	Results 	Findings from the analytic phase. The findings

readers to assess important attributes of a given project or study in a

may take many forms, including quantitative or

quick and efficient manner. Each year the Society for Clinical Data

qualitative, descriptive or inferential. All findings

Management (SCDM), similar to other professional societies, issues

can be valuable if analyzed with rigor and

a ‘Call for Abstracts’ in which data professionals are encouraged to

within the context of the scientific method.

submit summaries of their work for possible presentation at the annual
meeting. If an abstract is accepted, authors will be asked to share their
work at the meeting through a podium, poster, panel, or round-table
presentation. The purpose of this article is to educate SCDM members
about the fundamentals of writing an abstract, including its overarching
purpose, key components, and potential for contributions to both the
profession and science, more generally. Recommendations for writing
abstracts are also provided.

•	Conclusion 	Summary statements pertaining to each objective and
recommendations for practice or additional inquiry.
Within the biomedical sciences, two types of abstracts are most often
used: structured and unstructured. In the case of structured abstracts,
which are often considered to be more complete and easier to read1,
each of the aforementioned sections consists of a distinct 2 to 3 sentence
paragraph. In unstructured abstracts, the same elements are required, just
within a single uninterrupted paragraph. See Appendices A and B for a

Purpose

hypothetical example of each. Importantly, not all societies request the

The primary purpose of a scientific abstract is to succinctly describe
the objectives, methods used, and relevant findings of a given study.
In most but certainly not all cases, a given study has been completed
and all results are known at that the time an abstract is composed.
Most importantly, the study’s authors will know whether or not their

same information in the same way for a given abstract, and requirements
may vary from year to year. Word limits are generally strict and typically
do not exceed 250 words. For these reasons, care should be taken
to adhere to the guidelines closely when composing an abstract for a
particular meeting.

study objectives were achieved—findings that serve as the basis for an

Contributions to Science and the Profession

abstract submission.

Although abstracts are small in size, their contributions to science can be
far-reaching. Most importantly, abstracts provide a mechanism through

Key Components

which researchers can communicate with others—the components of

While there is no universally agreed upon criteria for the perfect abstract,

a given study and the rigor with which it was conducted. Most often

there is consistency as to the general types of information that should

abstracts serve as introductions to a publication. Less well known is that

be included 1. For purposes of SCDM abstracts, potential authors

abstracts are used by informationists when indexing a study for scientific

are encouraged to include the following five sections in their abstract

databases (e.g., PubMed, SCOPUS, ISI Web of Science). It is through

submissions.
•

these databases that others who may not have immediate access to

Background Summary statement of the science to date, including
key findings and gaps in the professional literature.
All information presented should be based upon the

•

•

a particular publication or presentation become aware of it. In short,
abstracts serve as both a communication and quality assurance tools
that researchers have conducted their studies in accord with established

scientific literature as opposed to

scientific principles.

speculation or personal perspectives or preferences.

When it comes to conference presentations, specifically, abstracts have

Objectives	
Organizing framework for the study. Acceptable

a heightened sense of importance. According to von Elm et al., as few

forms of objectives include hypotheses,

as one-third of abstracts submitted for presentation at biomedical science

research questions, or specific aims.

meetings may make it in a complete form to publication 2. For those

Methods	Description of subjects, clinical or operational
procedures, and analytical methods used.

studies that do not make it to publication, an abstract may be the only
written record of a team’s scientific work 2,3. A well-written abstract may
mean the difference between getting on the program or not. For others, it
may mean the difference between a podium and a poster or roundtable
presentation.

Continued on page 6
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Continued from page 5

To this extent, potential presenters who spend time composing their
abstracts in a rigorous and thoughtful manner are likely to produce better,
more meaningful and more informative abstracts than those who do not.
Presenters often believe that their study or project can only be presented
in a certain format—but that is rarely the case. While some material
may be more conducive to a certain type of presentation (e.g., podium
presentation or educational workshop), the reality is that most material
can be presented in many different ways with equal integrity. Practically
speaking, a meeting’s planning committee may have only so many
openings for a given type of presentation, so potential authors should
consider writing their abstract such that the material can be presented in
multiple ways. Willingness to have one’s work considered for different
types of presentations is an important but practical means of being able
to share one’s work professionally with others.
Conference abstracts often have a flexibility that other types of abstracts
do not, particularly when it comes to conceptual or process related
work. Many professional societies such as SCDM strive to introduce
their members to emerging lines of research and practice—to keep them
up-to-date on new methods, practices, and technologies. Very often that
includes innovative types of research for which the field has yet to reach
consensus. When this is the case, the new mechanisms (or methods)
should be clearly stated so they are not confused with completed or
previously validated findings. The reporting of these methods should be
no less rigorous even if the empirical work is still developing. Whatever
the lines of inquiry are, the limitations and criteria for evaluation need to
be clearly stated.
In the case of conceptual or more process related studies (e.g., quality
assurance methods, improved feedback cycles), care should be taken to
highlight characteristics of the specific processes used along with criteria
as to how these processes were judged to be successful. Without clear
and objective endpoints, it may be difficult for others to know with certainty
that the new method or process was indeed better than the standard.
Investigators should also include the perceived strengths and weaknesses
of the new processes along with any limitations to implementation.
Putting these methods in a scientific context, with objective standards
or thresholds shifts the discussion away from personal preferences and
testimonials toward objective and reproducible forms of evaluation.
Composing an abstract for a professional meeting must be premised on
science but rely on fundamentals of sound communication and potential
for widespread appeal. Conference planning committees may receive
hundreds or even thousands of abstracts to review in a short period
of time. Clearly articulated, informative, interesting studies and projects
go a long way toward getting reviewers’ attention and an invitation to
present at a professional meeting. Readers may wish to consult Cook
and Bordage’s “Twelve tips on writing abstracts and titles: How to get
people to use and cite your work” 4, (2016) for suggestions for ways in
which authors can get their abstracts noticed and thereby increase the
likelihood that their papers will be considered useful by others.

Recommendations
There are many routes to preparing a successful abstract for a scientific
meeting within the data sciences. The most important consideration is to
have a research product or process that is not only scientifically sound
and that you are proud of, but that you believe others would want to
know about. The second consideration then is to organize your findings
in a scientifically acceptable manner using the five steps noted above.
Scientific abstracts follow a conventional structure that has been adopted
across disciplines for decades. Deviating from the established structure
can be done, but is not without its risks. For purposes of submitting
to SCDM or other professional data science meetings, we offer the
following general recommendations that may prove helpful:
(1) Identify the most important points of your study within each of the five
aforementioned areas and state them clearly in your abstract. Strive
to be thorough but not excessive.
(2) Write the abstract in a clear and consistent form with proper spelling,
grammar and syntax. It is generally recommended that abstracts be
written in a passive voice; however, there are times when an active
voice is needed and/or preferred.
(3) Adhere closely to the guidelines for the particular scientific meeting.
Read, re-read and re-read again the guidelines for submission so that
your abstract meets both the technical and nontechnical requirements
of the conference planning committee.
(4) It should be immediately clear what the objectives of the study or
project are and whether or not they were supported by the data.
In the case of more process-oriented abstracts, articulating what
the novel processes are and offering evidence as to why they are
considered to be superior to the more traditional ones is crucial.
(5) Write the abstract in such a way that if it is not accepted for one type
of presentation (e.g., podium), it could be considered for another (e.g.,
poster). Planning committees appreciate abstracts that are flexible
enough that they can be positioned in different places in a program.
References
1.	James Hartley, “Current findings from research on structured abstracts:
An update,” Journal of the Medical Library Association 102, no. 3
(2014): 146-148.
2.	Chittaranjan Andrade, “How to write a good abstract for a scientific
paper or conference presentation,” Indian Journal of Psychiatry 53, no. 2
(2011): 172-175.
3.	
Erik von Elm, Michael C. Constanza, Bernhard Walder, and Martin
R. Tramer, “More insight into the fate of biomedical meeting abstracts:
A systematic review,” BMC Medical Research Methodology 3, no. 12
(2003): 12, accessed December 27, 2016, http://bmcmedresmethodol.
biomedcentral.com/articles/10.1186/1471-2288-3-12
4.	David A. Cook and George Bordage, “Twelve tips on writing abstracts
and titles: How to get people to use and cite your work,” Medical Teacher
38, no. 11 (2016): 1100-1104.

Continued on page 7
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Appendix A

Appendix B

Example of a Hypothetical Structured Abstract

Example of a Hypothetical Unstructured Abstract

Title: Biomarker Endpoints in Investigator-Initiated Trials are Associated with
Study Objective Success

Biomarker Endpoints in Investigator-Initiated Trials are Associated with Study
Objective Success

Background: Well-validated biomarker assays used in early Phase I and II
studies are often used as proof of concept studies when providing preliminary
safety and efficacy evidence for new therapeutic interventions. In Phase III
studies, biomarkers are often used as surrogate endpoints for other outcomes.
Investigator-initiated trials (IIT) offer an alternative but minimally used
mechanism for inclusion of biomarker assays in innovative oncology studies.

Well-validated biomarker assays used in early Phase I and II studies are often
used as proof of concept studies when providing preliminary safety and efficacy
evidence for new therapeutic interventions. In Phase III studies, biomarkers are
often used as surrogate endpoints for other outcomes. Investigator-initiated
trials (IIT) offer an alternative but minimally used mechanism for inclusion of
biomarker assays in innovative oncology studies. This report aims to assess
and compare the success rates of IITs using biomarkers as primary endpoints
with the success rates of IITs using biomarkers as secondary endpoints. IIT
studies reporting results in clinicaltrials.gov were compiled and categorized
according to their use of biomarker endpoints or other comparable measures.
Success rates were computed for IIT studies for which both primary and
secondary endpoints, individually, and compared using a two-sample test
of proportion. Results from 200 published studies (n = 100/group) with and
without biomarker endpoints were available for analyses. In the biomarker
group, 30% of studies met their objectives while 70% either did not meet their
objective or were inconclusive. In the non-biomarker group, 19% of studies
met their objectives while 81% either did not meet their objective or were
inclusive (p = 0.07). Despite the appearance of a 11% difference in success
rates favoring biomarker studies meeting their objectives, the difference was
not statistically significant (p = 0.07). More research is needed to estimate the
stability of this finding in subsequent trials.

Objective: To assess and compare the success rates of IITs using biomarkers
as primary endpoints with the success rates of IITs using biomarkers as
secondary endpoints.
Methods: IIT studies reporting results in clinicaltrials.gov were compiled
and categorized according to their use of biomarker endpoints or other
comparable measures. Success rates were computed for IIT studies for which
both primary and secondary endpoints, individually, and compared using a
two-sample test of proportion.
Results: Results from 200 published studies (n = 100/group) with and without
biomarker endpoints were available for analyses. In the biomarker group,
30% of studies met their objectives while 70% either did not meet their
objective or were inconclusive. In the non-biomarker group, 19% of studies
met their objectives while 81% either did not meet their objective or were
inclusive (p = 0.07).
Conclusion: Despite the appearance of a 11% difference in success rates
favoring biomarker studies meeting their objectives, the difference was not
statistically significant (p = 0.07). More research is needed to estimate the
stability of this finding in subsequent trials.
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What a man can think – Machine can do!
By Anant Avasthi, GCE Solutions

Machine learning1 and artificial intelligence are the next-generation technologies which will help us in evolving from conventional ways of exploring
data, especially in the field of clinical research. The research and development programs run by the giant pharma companies can be optimized and
the time taken for the screening of a blockbuster molecule can be considerably reduced with the adoption of such techniques.
The concept which I plan to present through this article will help us develop novel ways of designing and optimizing the clinical research.
The data- driven approach will govern us in strategizing the drug development and will be a stepping stone in driving research. The current research
focuses in reviewing and analyzing the data “In Silo”. The genomic scientist will look at the genomic data, the clinical data manager will mostly look
at the clinical data, and the toxicology expert will look at the preclinical data and so forth. With such rapid advancements in IT technologies and
our statistical ways of modelling the data, it gives us an opportunity to integrate data from different sources and identify key link which may not be
visible just by looking at a single source of data. The idea is to develop a data factory which will be a placeholder for data from multiple sources to
communicate with each other. This will provide a holistic view of the data across multiple sources. Once data communication occurs, data mining can
be performed to identify signals that can lead us to adaptive clinical trial design and identifying key elements in clinical research. The below figure (fig
1.0) depicts and summarizes the entire flow of data which has been conceptualized.

Wide array of
opportunities

Fig 1.0 Data Flow. Here is a summary of data flow from multiple sources and how the data resides in a single repository where it is
processed using specific algorithms and programming languages such as Python8, R8, and SAS. The processed data yield structured data
having enormous potentials to unlock mysteries which could never be identified looking at a single source of data.
We aim to incorporate both proteomic 2 and genomic 3 sources to add

The data standardization will be another key factor that needs to align

additional dimensions to our conventional ways of exploring and doing

so that the data from multiple sources can communicate and we can

research. This can lead us to path-breaking and interesting findings in

seek crucial information from the data factory. The data standards

drug discovery. The queries can be run on the data repository to identify

such as CDASH 4, SDTM 5 (for clinical) and SEND 6 (nonclinical) will all

key elements of the search. These elements can be grouped together

come under a single umbrella where there will be a uniform standard

and trials can de designed and simulated.

to understand integrated data from Data Factory 7. The next and the

When selecting the source of data between proteomic and genomic,

crucial stage will be developing key algorithms which can familiarize

preference should be given to proteomic data as proteomics is a study
of proteins which are functional molecules in the cell and represent actual
condition. Therefore, while stimulating clinical design, a higher statistical

themselves with the integrated data and help to simulate a critical clinical
research model. The future is exciting, the question is: how quickly can
we embrace this change?

score should be allotted to the proteomic source as compared to the
genomic database source.

Continued on page 9
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What a man can think – Machine can do!
Continued from page 8

Opportunities

References

1. Simulating and modelling the trial results before executing them.

1. CDASH: www.cdisc.org/standards/foundational/cdash
2. SDTM: www.cdisc.org/standards/foundational/sdtm

2. Increasing the probability of having positive outcome trials.

3. SEND: www.cdisc.org/standards/foundational/send

3.	Devising novel approach to design and identify drugs using genomic
and preclinical data.

4. DataFactory: https://msdn.microsoft.com/en-us/magazine/mt614253.aspx

4. Centralized and holistic strategy to perform clinical research.
5. New gateways to research.

5. Genomics: www.journals.elsevier.com/genomics/
6. Proteomics: https://www.proteomicsdb.org/
About the Author

6.	With huge chunk of data already available in the open source
(i.e. PubMed, social media, Non-Governmental Organization),
accessing data and performing quick analysis is a possibility.

Challenges
1.	Data from different sources need to communicate with each other
and should have a common language or standard.
2.	Emergence of new data standard to streamline and synchronize the
preclinical clinical and genomic data.

Clinical Data Services leader who believes in turning “negative” into
“positive” with delight. Driven by the passion of being a part of the industry
which contributes immensely in bringing drugs to the market to cure patients
and improve “quality of life”. FSP Head at GCE solutions, leading crosscultural team comprising of Project Manager, Technical Managers, in the
field of SAS, Bios, IT,CDM (Clinical Data Manager). Having 10 years of core
experience in the CRO operations and managing large diversified teams.
In my current capacity, I support senior leadership team by identifying new
avenues of growth by demonstrating operational excellence and developing
new capabilities for the organization.

3.	Development of algorithms which can breathe in such ecosystem
and educate themselves on clinical and preclinical data.
4.	Evolution of Data Manager roles from being a “Reviewer” to a “Data
Scientist”.

Appendices
1.	
Machine Learning is a type of artificial intelligence (AI) that
provides computers with the ability to learn without being explicitly
programmed. Machine learning focuses on the development of
computer programs that can change when exposed to new data.
The process of machine learning is like that of data mining.
2.	Proteomics: Large scale study of proteins which are vital part of living
organism with many functions
3.	
Genomics is an interdisciplinary field of science focusing on
genomes. A genome is a complete set of DNA within a single cell of
an organism, and as such genomics is a branch of molecular biology
concerned with the structure, function, evolution, and mapping of
genomes.
4. CDASH: Clinical Data Acquisition Standards
5. SDTM: Study Data Tabulation Model
6. SEND: Standard for Exchange of Nonclinical Data
7.	
Data Factory: A cloud service for processing structured and
unstructured data from any source.
8. Python/R: Programming languages used in AI (Artificial Intelligence).
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Electronic Health Records as a Mode of Source in Clinical Investigations:
Considerations for Clinical Data Management.
By Derek Petersen, Shire Plc

Introduction
The current assembly of source-data types and data-collection
modalities is incredibly diverse within the existing landscape of clinical
investigations. The form and function of electronic data capture (EDC),
for example, has seen tremendous advancements from the years of
paper case report forms (CRFs) to the current age of electronic case
report forms (eCRFs). Additionally, handheld devices that electronically
capture patient reported outcomes (ePRO) outside of the routine clinical
setting have also seen increased adoption during this time. While these
advancements have occurred more centrally within the realm of clinical
investigations, the digitization of health records within the traditional
clinical-practice environment has also gained momentum during this
time. This subsequently increases the potential to further bridge the gap
between the practice and investigational spaces.
In May of 2016, the United States Food and Drug Administration (FDA)
released a draft Guidance entitled “Use of Electronic Health Record
Data in Clinical Investigations”. The intent of the document is to: 1)
solicit comments from various stakeholders within the clinical landscape,
2) identify concepts and processes that need further discussion, and
perhaps 3) subsequently expedite a more interoperable future between
clinical investigations and clinical practice.
Herein, this report will focus on certain preliminary considerations
related to the Clinical Data Manager’s stake in a future where electronic
health records (EHR) are utilized as a mode of source data in clinical
investigations

Technical Considerations
There are many technical considerations that relate to the utilization of
EHR data for clinical investigations. Perhaps the most important point
to understand is the FDA’s declaration that current EHR systems do fall
under the application of Part 11 of Title 21 of the Code of Federal
Regulations (21 CFR, Part 11).1 The FDA’s assessment of 21 CFR, Part
11 compliance will begin with the systems specifically employed by
the sponsor to support the investigation (e.g., traditional EDC). The EHR
environment, however, will not go unattended in terms of oversight. The
FDA makes it clear that the ability to verify the quality and integrity of
data submitted to the agency must be preserved, regardless of the data’s
origin(s).2, 3 This means that data stored in an EHR system may be subject
to inspection, just as any other data source would be. At a minimum,
controls implemented within an EHR environment should include: 1) the
limitation of access to authorized users, 2) the enduring identification of
author(s) for all records, 3) the implementation of audit trails to track the
origin(s) and subsequent changes to the data, including the identification
of data originators and date/time stamps, and 4) the maintenance of
records for the requisite duration for inspection. Further, the attributes of
ALCOA (attributable, legible, contemporaneous, original and accurate)

for electronic source data must also persist, regardless of the system(s)
or process(es) used to handle the data.4 Beyond these basic controls for
EHR systems utilized as a mode of source in clinical investigations, EHR
administrators may strive to obtain certification for their system(s) through
the Office of the National Coordinator (ONC) for Health Information
Technology (IT). ONC Health IT certification demonstrates an elevated
level of rigor to which an EHR system is held as it pertains to data sharing,
confidentiality, reliability and security - thus giving the FDA additional
reassurances during an investigation.4
Perhaps the greatest technical hurdle that lies ahead for the utilization of
EHR as a mode of source will be the challenge to design a database
paradigm that permits EHR and more traditional investigational systems
to interoperate. The degree to which these systems interact will vary. For
example, in a less integrated relationship between the systems, a direct
transfer of data may occur between the still separate databases. This
would not be unlike the existing functionality available between various
EDC platforms and ePRO vendors where data collected via handheld
devices is automatically synced and populated within the eCRF
database. Conversely, full interoperability between clinical-practice
and research databases could eventually translate into a blended EHR/
investigational platform where all data is managed as a single, cohesive
dataset. On the largest technical scales, this would require the functional
compatibility between the primary data standards for the healthcare
and research industries, Health Level 7 (HL7) and the Clinical Data
Interchange Standards Consortium (CDISC), respectively. The CDISC
Biomedical Research Integrated Domain Group (BRIDG) model has
already begun the process to assimilate these two archetypes.5 To build
on that momentum, where and when possible, sponsors and clinical
investigators may engage and encourage healthcare organizations and
EDC vendors to explore the development of electronic systems that are
enabled to interoperate more extensively.
Regarding the implications for fully-blended EHR/investigational platforms,
what still remains to be seen is the stance the FDA will take with respect
to 21 CFR, Part 11 compliance. The design and use of such a system
may not contain an innately obvious distinction between the clinicalpractice and investigational domains. Thus, questions remain in terms of
the scope of regulatory oversight that will be enforced, as compared to
contemporary investigational systems, such as EDC.
Regardless of the degree to which various data sources interact within
a given clinical investigation, an overview of the utilized sources and
processes should be outlined within the data management plan whenever
an EHR system is employed as a form of source. A detailed diagram,
including an explanation of the checks and balances utilized to protect
the integrity of the data, may sometimes be the most elegant format to
express the characteristics of that data-flow process.
Continued on page 12
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Continued from page 11

Administrative Considerations
The distinct separation of EHR and investigational data in terms of purpose
and ownership has historically been addressed through the informedconsent process where trial subjects are educated on and agree to
the scope and intent of the data collected regarding their participation
in a trial. New opportunities within the blended EHR/investigational
landscape will also mean new consequences for that consent process.
For example, an interoperable system where medical providers other
than the principal investigator could have access to investigational data
would require full disclosure and agreement by the subject through
informed consent.
Both sponsors and health care institutions should proactively seek to
understand and prepare for the complex set of new implications related
to data sharing and governance. In particular, sponsors should tailor
the informed-consent process as necessary to ensure the protection of
subjects’ privacy.

Benefits
While certain benefits may seem self-evident within a future where data
collected directly from clinical practice is squarely juxtaposed to, if not
commingled with, the clinical investigation setting, change of any degree
within this highly regulated environment must be approached with caution
and due diligence. That said, the advantages are tangible.

administrative. All stakeholders, including healthcare organizations,
individual investigators, CROs and sponsors, should actively contribute
to and surveil the process to ensure that future is formed in a way where
the desired outcomes are achieved while simultaneously protecting the
rights and safety of trial subjects.
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The latency of data entry from the EHR to the clinical investigation
environment (e.g., EDC) could be drastically reduced, if not eliminated
entirely, depending on the extent to which interoperability is achieved
between the systems. Further, in a fully interoperable setting, transcription
errors would cease to occur when transcription is no longer necessary.
In addition, the combination of data from different clinical sources
(e.g., physician notes, laboratory results, pharmacy records, etc.) could
more quickly coalesce into meaningful and actionable reports resulting
in a more agile monitoring process. A more agile monitoring process
could then translate into a more efficient evaluation of safety signals,
thereby increasing the protections for subject safety. This near real-time
information could then also further expedite the decisions of go/no-go.
Finally, if we take an extended view of this interoperable future and
overlay the principles of big-data, the convergence and pooling of
information from clinical practice and clinical investigations could
accelerate the surfacing of hard-to-spot medical trends, especially those
within under-served and/or specialty populations where data may be
sparse. The implications of this prospective future from a public-health
perspective are immense. The possibilities in this regard are perhaps the
most significant and exciting of all.

Conclusion
The eventual merging of clinical-practice and investigational data
collecting and archiving systems offers the potential to bring about
the next vanguard movement in healthcare. The way forward into that
future is, however, paved with many challenges, both technical and
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Introduction
At a recent Risk-based Monitoring (RBM) conference at University
of Tokyo, the authors were asked “Do the various RBM approaches
lead to double-standards in processes and quality?”. This question has
popped up frequently starting in 2011, especially in the academic data
management circles, after the first draft RBM guidance¹ was issued by
FDA, the time has come to have a consensus on the issue once and for
all. If the “Absence of errors that matter” definition of data quality (DQ)
(CTTI, 2012) contradicts the best practices, which road do we take, safe
and secure, or intelligent and efficient? For example, if the best Good
Clinical Data Management Practices (GCDMP©) suggest performing
certain QC steps, but the common sense (in spirit of “errors that matter”)
dictate otherwise, what should we do? 2,3,4 This report provides several
examples when clinical data management (CDM) standard and a
so-called best practices can, and perhaps should be deviated from –
including such rarely questioned decisions involving database unlock,
hard-coding or local laboratory ranges.
Example #1. Cleaning data for screen-failed subjects
The data managers are trained to clean all the data that are collected.
Thus, it is still not uncommon, especially for large pharmaceutical

companies, to clean all data from patient who are deemed screen failures,
irrespective of assessing the value of doing so. The authors are familiar
with a recent example of a large (phase 3) study with approximately
50% screen fail rate, when the sponsor required full-scale data cleaning
for all these subject that were not used in the analysis. Because of this
requirement, much data management, clinical operations and the site
resources went down the drain in name of “existing policy.” Deviating
from such a policy would be a better alternative in the authors’ view.
Example #2. Issuing queries
Issuing queries is often perceived by DM as a mechanical task. If a
computer flags a discrepancy or a CRA or data manager does likewise,
just send a query, no question asked. However, if this task is approached
from the perspective of “catching errors that matter” perhaps half of the
discrepancies do not deserve wasting everyone’s time. Such a waste
could be eliminated via adding steps in the query generation process
as shown in Figure 1 below 5 – highlighted by yellow steps represent the
important additional decision points. Of course, some will say, “how do
you know what matters?”. We prefer not to answer that question with the
premise that “smart people” can make that decision. For the extensive
discussion on the topic, please see our earlier publication 5

Figure 1: Flow Diagram of a Query-Decision-Tree with Associated Costs
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Continued on page 14
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Continued from page 13
Example #3. Outstanding queries and the possible need for database changes at the time of the database lock
It is could happen that there are outstanding queries and unresolved data issues at the time of database lock. In some cases (in the long oncology
trials, for example), the site might be closed by the time of the query, and in other cases, erroneous (for example, inconsistent with life) value is recorded
on the source and the “true value” of a data point is not known to the site. What can the study teams do in these cases? The solution is to do a risk
assessment for each issue, and if the issue cannot be resolved, document the issue and its resolution in a “permanent issue log,” (shown in Table 1
below) and include this in the statistical report, and if necessary, in the clinical study report (CSR).
Table 1. Permanent issue log example.
Subject ID / Visit ID/ Form ID

Issue description

Risk assessment

Risk mitigation / Action (if any)

…

…

…

…

…

…

…

…

Referencing the “permanent issue log” in the data management plan (DMP) is advised for it is the main (umbrella) document that can potentially be
reviewed by the auditors and inspectors. Documenting the permanent issues in the DMP demonstrates the study team’s diligence as well as makes this
important information completely transparent.
Example #4. Local lab ranges vs. text-book reference ranges
Majority of the sponsor companies still rely local lab ranges, even when
a single set of “text-book” ranges produces equally scientific results. As
we stated in our earlier paper “the complexities associated with multiple
sites, multiple laboratories, and multiple age and sex groups can lead to
logistical nightmares across clinical trials and make handling laboratory
data one of the most challenging, labor-intensive, and time-consuming
tasks for clinical data managers, especially where different laboratories
are used for the same patient.” 6 This suboptimal practice, especially
common in oncology trials, leads to overspending that is estimated
at US$144–$540 million per year in the United States.6 Should we
continue this practice or focus on errors that matter?
Example #5. Lab reconciliation
Lab and external data reconciliation is another example, where
resources can and should be saved when appropriate. Modern
clinical trials often involve multiple sources of data, including safety
labs, electrocardiograms, Interactive Web-response Systems (IWRS),
drug compliance apps, electronic patient reported outcomes, wearable
devices, blood pressure meters, etc., and question is whether all these
sources are equally important for interpretation of the study results. Often,
some sources are extremely critical and some are less so. The obvious
conclusion is that the amount of reconciliation efforts should vary from
source to source.
Example #6. Hardcoding
Everyone knows that hardcoding is bad and hated by regulators, right?
But is it ALWAYS the case? Once a database is locked, biostatistics has
the option, with full documentation, to make small numbers of changes
to the analysis datasets. However, data quality, will and should be
challenged, if this occurs more than a few times and if it occurs with key
efficacy and safety variables.

Example #7. Double-programming
Independent double programming is considered a gold standard in the
SAS programming departments. However, as suggested in an earlier
publication] “…very often, SAS programming is utilized for less risky
“products” for DM or Clinical Operation use that are not published outside
of the company (such as off-line edit checks, ad-hoc reports, and data
review listings, for example). That is why errors in SAS programming that
support DM and Clinical Operations often do not require the same level of
scrutiny as TFL and other externally publishable materials. The investment
of resources in SAS programming and QC must be commensurate with
the foreseen risks. That is why we suggest following a model in which
we perceive SAS programming QC steps as a continuum from no QC
activities at one extreme (for low risk SAS deliverables) to some QC
activities (for moderately risky SAS deliverables) and finally to full-scale
independent double-programming on the other end of the scale (for high
risk SAS deliverables).” 5
Example #8. Handling multi-studies in a single database
The old approach when each research question requires a separate
database is slowly losing popularity. Some innovative companies
don’t overlook the potential savings associated with an alternative
method. More and more, we see multiple research questions (and trials)
squeezed into a single database. Examples include adaptive trials or
open label safety extensions to the efficacy trials that are “housed” in
a single database. Such methodology will require extra work on the
DM side, including running PROC COMPAREs to identify the list of
changes between interim and a final lock, for example. Also, this new
methodology also requires proper support by the EDC systems – most
importantly multi-lock functionality, which is not offered by all vendors.

Continued on page 15
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Example #9. Scaling down the activities in academic DM
The risks associated with study conduct for different projects vary dramatically, especially in the academic environment. Some studies are at lower risk,
for example those that are conducted by residents and designed for educational purposes. Some other academic studies do carry higher risks and
they can impact on healthcare policies. Similarly, the pharmaceutical industry trials carry different levels of risk with a proof of concept trial, typically
having less of a concern relative to a registrational study. Of course, tracking safety issues, no matter how small a study, is always to be treated as high
risk. Thus, the authors recommend by putting clinical trials in different categories – high-risk / moderate risk / low risk / no risk treating different trials
accordingly. Low risk studies may tolerate (and should involve) less rigor in data management and cleaning. The Table 2 below provides additional
examples of relatively fixed and variable DM. taskst.
Table 2. Division of DM tasks into fixed and variable: example
Mostly Fixed, Non-Scalable DM tasks:

Scalable DM tasks

• DMP Development

• Edit checks specifications and programming

• CRF & CRF Completion Guidelines
• Database Development

• Data cleaning efforts including discrepancy
management and query management

• Database Lock & Archive

• Quality Control Process

• Data Export / Analysis Prep

• Management / reconciliation of External Data

Discussion and Recommendation
The questions going forward is how to reduce the DM efforts (and cost!) for the low or no risk studies? Some DM activities are reducible (edit
checks or queries, for example) and some are relatively fixed (data transfer specification document, for example is either written down or not), and
there is not much room for effort reduction. Table 3 below provides an example of how the scaling down of DM activities can be implemented:
Table 3. Proposed DM task reduction model
DM tasks / deliverables

High-risk projects

Low-risk projects

No-risk projects

Is Training and Knowledge Sharing Required

Follow best practices

Follow best practices

Follow best practices

Are the Following DM Tasked Fixed:

Follow best practices

Follow best practices

Do not perform or
reduce effort

Follow best practices

Potentially could be scaled
down

Do not perform

• DMP Development
• CRF Development
• CRF Completion Guidelines
• Database Development
• Data Entry Guidelines
• Database Lock & Archive
• Data Export / Analysis Prep
Can the Following Tasks Be Reduced:
• Data Cleaning & Edit Checks
• Discrepancy Management
• Quality Control Process
• Management of External Data

Continued on page 16
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Epilogue
Thus, the question (especially among less experienced DM groups)
remains – should we stick to our guns and follow so-called “best practices,”
or use our intelligence when designing study specific data management
plans? As was said Patrick Lencioni “If everything is important, than
nothing is important.”
The history of science is full of examples when of “sticking to our guns”
was a road to nowhere (and in some cases, such as blood-letting, led to
bleeding patients to death in middle ages for many centuries) . Modern
scientists and clinical researchers are not immune to inertia either. DM
and clinical operations are equally guilty of relying on decades long
practices when paper records were king without properly challenging
them in the new world of technology and science .
In the end, economic efficiencies prevail. So, it is time for Clinical Data
Management community to change old habits and develop the new
ones.
[1] Bloodletting (or blood-letting) is the withdrawal of blood from a patient to
cure or prevent illness and disease. Bloodletting was based on an ancient
system of medicine in which blood and other bodily fluids were regarded
as “humors” that had to remain in proper balance to maintain health. It is
claimed to have been the most common medical practice performed by
surgeons from antiquity until the late 19th century, a span of almost 2,000
years. (Wikipedia)
[2] The most striking example, which is a contemporary version of bloodletting in modern clinical research is spending $9 bln every year on SDV
or $90 bln of dollars per last decade without much evidence of return
on that investment. Saving of such amount would be an equivalent of
developing and putting on the market of 45-90 of new drugs
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