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Letter from
the Co-Editors
Derek Petersen

Stacie T. Grinnon

Editorial Board
Derek Petersen, CCDM
Co-Editor
Biogen
derek.petersen@biogen.com

Over the last 25 years, the realm of Clinical Data Management has seen enormous
advancements. Within this time, we have experienced industry-changing
developments such as the movement away from paper into electronic data
capture, redefinitions in terms of what it means to be a Clinical Data Manager,
and sizeable shifts in regulatory expectations – creating both clarity and confusion
at times. Throughout all of this, Data Basics has striven to remain an outlet to
the members of SCDM for both communication and conversation regarding
these topics, as the mile markers of advancement pass by each year. In this very
special 25th Anniversary Edition of Data Basics, we look back at 25 hand-picked
articles that help us reflect upon those conversations. The articles are published
in chronological order and highlight the evolution of our profession and its norms
over a quarter of a century.

As you read through the selections, we encourage you to consider:
• Which topics have stabilized to be reliably understood and addressed in your
professional practice?
• Which topics continue to resurface as we struggle to find enduring resolutions?
• Which topics proved to be more/less meaningful and/or challenging in
retrospect, when compared to our industry’s past collective mindset?
• What can we learn from these topics in order to theorize what topics will be the
focus of conversations over the next 25 years?
Your readership and contributions are what have made the past 25 years possible
for Data Basics. This publication exists only through the active engagement of
many dedicated and talented SCDM volunteers and we enthusiastically encourage
you to stay engaged, think critically about what’s happening within the world of
CDM, and be a part of the next 25 years of Data Basics!

Stacie T. Grinnon, MS, CCDM
Co-Editor
IQVIA
Stacie.grinnon@iqvia.com
Claudine Moore, CCDM
Publications Committee Chair
Ionis Pharmaceuticals
cmoore@ionisph.com
Debu Baruah, CDM
Covance India Pharmaceutical Services
Private Limited
Debu.Baruah@covance.com
Nidhin Jacob, MTech
Editor Summer Issue
CHDR
NJacob@chdr.nl
Elizabeth Kelchner
RHO
elizabeth.kelchner@rhoworld.com
Shannon Labout
Data Science Solutions LLC
shannon.labout@datasciencesolutionsllc.com
Nadia Matchum-Tchetchie
Abbott
nadia.matchum@abbott.com
Michelle Nusser-Meany, CCDM
Mutare Life Sciences
mmeany@mutarelifesciences.com
Sanet Olivier, CCDM
IQVIA
sanet.olivier@iqvia.com

Derek & Stacie

Margarita Strand, CCDM
Gilead Sciences, Inc.
margarita.strand@gilead.com

*NOTE: A
 s mentioned, this edition includes articles re-published from past Data Basics
issues. Given that some of the articles are several years old, not all the cited web
site URLs still work.

Janet Welsh, CCDM
Editor Summer Issue
Boehringer-Ingelheim
janet.welsh@boehringer-ingelheim.com
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From the Chair

Linda King

2019 SCDM Board of Trustees
Linda King
Chair
Asc. Data Management Director
Astellas Pharma Global Development
Shannon Labout
Past Chair
Data Science Solutions LLC
Owner and Principal
Michael Goedde
Vice Chair
Jennifer Price
Secretary
Senior Director, Clinical Data
Management
Paidion Research, Inc.
Jonathan R. Andrus
Treasurer
Chief Business Officer
Clinical Ink
Arshad Mohammed
Trustee
Senior Director,
Clinical Data Management
IQVIA
Peter Stokman
Trustee
Global Clinical Data Sciences Lead
Bayer
Reza Rostami
Trustee
Assistant Director, Quality Assurance
and Regulatory Compliance
Duke Clinical Research Institute
Sanjay Bhardwaj
Trustee
Global Head,
Data & Analytics Management
Biogen

Dear Readers,
Deepak Kallubundi
Trustee
Clinical Functional Service Provider and
Analytics – Associate Director
Chiltern

The 2019 SCDM Annual Conference is Here!
This year’s themes are: INSPIRE. INTERACT. INNOVATE. In this
25th anniversary, more than ever, those themes ring true. We are
inspired by our new vision and mission:
• SCDM Vision (our aspirational view of the Society): Leading
innovative clinical data science to advance global health
research and development

Mayank Anand
Trustee
Bristol-Myers Squibb
Director, Head, Global Data Management
Service Delivery

•S
 CDM Mission (what we do): Connect and inspire professionals
managing global health data with global education, certification
and advocacy

Maria Craze
Trustee
Merck & Co., Inc.
Executive Director- Global Data
Operations

….. and the many initiatives in play right now to bring them to life:
Innovation Committee’s white paper on the move from Clinical Data
Management to Clinical Data Science, the eSource Implementation
Consortium leading the way for practical application of receiving
data from Electronic Health Record systems, new GCDMP
revisions, an updated certification exam to name a few!

Richard F. Ittenbach
Trustee
Professor, Pediatrics
Associate Director For Planning And
Evaluation
Cincinnati Children’s
Meredith Zozus, PhD
Advisor
Associate Professor and Vice Chair
for Academic Programs
UAMS College of Medicine
Carrie Zhang
Advisor
CEO,
eClinwise, Panacea
Technology Co.

The Annual Conference over the past 25 years has grown in on
900 participants in Seattle 2018 and we are looking forward to growing
again this year for our 2019 Conference! You may have attended many
conferences over the years or this may be your first conference coming
up-, either way, you will enjoy interacting with colleagues from all over
the world and from different companies and groups in academia, pharma,
biotech, CROs, technology vendors and more.
INTERACT in a super-active Networking and top-notch educational sessions
that INSPIRE new perspectives on the profession comes out as one of the top
reasons attendees site as to what they enjoyed about the conference. Take some
time and visit with colleagues- there is always something new to learn!

Finally, INNOVATE! We will have many opportunities in the sessions to hear about how
data management and other fields are innovating in clinical research. There are sessions
across the board about our new remit in moving to clinical data science- from technology
to process to people perspectives, and adapt to the ever-changing clinical trial design and
technology for the next 25 years.

We hope you will leave this year 25th Annual Conference with a renewed passion for the profession
and excitement to join the journey to clinical data science!
See you in Baltimore!
Kind regards,
Linda King,
SCDM Board Chair, 2019
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2019 Online Course Schedule
Catch up with your learning in 2019! You might have missed some great opportunities.
Check out our course and webinar schedules, and their updates on the SCDM website.
For more information and to register, please see here webinar and online courses.

2019 Online Course Schedule
Date

Title

September 09-October 06, 2019

Data Quality in Clinical Research / FREE Information Session

September 23-October 20, 2019

Project Management for the Data Manager / FREE Information Session

October 14-November 03, 2019

Influence of the Statistical Analysis Plan (SAP) and
Randomization on Data Collection

February 10 – March 8, 2020

Project Management for the Data Manager

March 16 – April 12, 2020

Metrics & identifying Data trends

April 13 – May 10, 2020

Selecting and Implementing Electronic Data Capture (EDC1)

May 11 – June 7, 2020

Managing Clinical trials Electronic Data Capture (EDC2)

July 6 – August 2, 2020

Developing Data Management Plans

August 3 – August 30, 2020

Locking the Electronic Data Capture System (EDC3)

August 31 – September 27, 2020

CRF Design

September 28 – October 25, 2020

Processing Lab Data

October 26 – November 22, 2020

Influence of the Statistical Analysis Plan (SAP) and Randomization on Data Collection

November 23 – December 22, 2020

Data Quality in Clinical Research

2019 Webinar Schedule
Date

Webinars

October 22

CDM for Millennials

November 12

RBM & Transcelerate

December 4

Why and How to Use Global Data Standards When You Don’t Have To
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Electronic Data Capture: A Survey

Fall 1999

by Rebecca D.Kush

INTRODUCTION
The typical clinical trial for biopharmaceutical product development is conducted using paper case report forms for recording
the data. In fact, it is estimated that approximately 90-95% of clinical trials have a paper-based data collection process. A
number of new technologies have been introduced and tested in an attempt to streamline clinical trials and the product
approval cycle. Despite reports (1,2) of the benefits (decreased time for database lock, decreased error rates in data collected),
these new technologies have obviously not been widely adopted in the industry; concerns remain that must be addressed,
however, these are not insurmountable.
In an attempt to better understand the usage of electronic data capture (EDC) tools and the impressions of those who have
been involved in their implementation in clinical trials, members of the ACRP Technology Forum conducted a survey. This
survey was distributed at the Annual Meeting of the Association of Clinical Research Professionals (ACRP), April 1998, and
the Annual Fall Conference of the Society for Clinical Data Management (SCDM), September 1998. For review, analysis and
presentation, the objective results (Questions 1-3) were entered into a database, and subjective results (Questions 4-5) were
manually categorized. The questionnaire content and results are presented herein. The findings indicate that, although there
are valid concerns that must be addressed, EDC experiences have still been viewed by the overwhelming majority of those
surveyed (93%) in a positive or neutral way, i.e. not negatively. When compared to the existing paper process, collecting data
electronically provides clear advantages, which will only increase as the EDC solutions are improved.

SURVEY CONTENT
The questionnaire began with a definition of EDC, which was developed by the Glossary Group of CDISC (Clinical Data Interchange
Standards Committee) (3,4): Electronic Data Capture (EDC) — The process of collection of data into a persistent electronic form.
This includes data entry (e.g. keyboard EDC, pen-based systems, voice recognition) and automated (or direct) data acquisition
(e.g. bar code scanners, blood pressure cuff devices).
The questions on the survey were:
1) My company utilizes the following technology (mark all that apply): Internet, Intranet, Extranet, GroupWare, 			
Don’t Know
2) My company has used an EDC system/process to conduct a clinical trial: Yes, No
a) If yes, what was the origin of the EDC methodologies used?
b) If yes, what phase and therapeutic area was the trial (or majority of trials)?
c) If yes, what technology supported your use of the EDC system(s)?
d) If no, does your company have an interest in implementing an EDC system?
3) How would you rate your overall experience(s) working with EDC system(s)? Positive, Negative, Neutral
4) What did you like best about working with an EDC system?
What did you like least about working with an EDC system?
5) In your opinion, why hasn’t the pharmaceutical industry more actively embraced new technologies for collecting 		
and managing clinical trial data?
The Type of Company and Role/Title of the individual completing the survey were requested. The Company Name, Name
(of individual completing the survey), and E-mail Address were optional, hence a respondent could remain anonymous if so
desired.
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Electronic Data Capture: A Survey

SURVEY RESULTS – DESCRIPTION OF RESPONDENTS
There were a total of 203 completed surveys retrieved. The respondents numbered
83 from Sites (i.e. Investigator Sites, Academic Sites, Site Management Organizations,
and Trial Management Organizations), 57 from Pharmaceutical/Biotech Companies,
43 from Contract Research Organizations, and 18 from Other Sources (i.e. Hospitals,
Independents, Consulting, IRB).
The Roles/Titles of the survey participants fell in the general categories of Coordinator –
64; Management, Clinical/Operations/Business Development – 58 (i.e. Project Manager,
Program Manager, Director, Associate Director, President, VP of Business Development
(BD), Marketing Director, etc.); CRA, Manager of Monitors – 45; Data Management – 19;
and Other – 17 (i.e. Regulatory Affairs/QA, Consultant, Administrator, Process Advisor,
Nursing Supervisor, Secretary, Investigator Services Manager, SOP Specialist).

OBJECTIVE RESULTS – SURVEY QUESTIONS 1-3
With respect to technology utilized by the
participant’s companies, the Internet is used in
165 cases, Intranets in 68 cases, GroupWare in 66 cases, Extranets in 4 cases, and 3
respondents did not know what their respective companies use. Out of the 203 surveys
received, 121 respondents indicated that their company has used an EDC system/
process to conduct a clinical trial and 82 stated their company has not yet used an EDC
system/process.
For the 121 respondents who indicated that their company has employed EDC systems/
processes, 54 worked with Vendors on at least one of their clinical trials, while 20 worked
with Multiple Vendors. In 47 cases, the systems/processes were developed In-house.
Seventeen of the companies had Other Sources for their EDC methodologies (i.e. sponsor
provided system for a CRO or site). In some cases, there was experience with more than
one system of differing origin.
The clinical trials conducted using EDC systems/processes were primarily Phase
III trials (92 respondents), however, all phases
of trials were included in the EDC experiences
reported. There were 50 respondents who applied
EDC to Phase II trials, 33 to Phase IV trials and 17
to Phase I trials.

The principal EDC system employed was Modem Remote Data Entry (RDE), which
was used in 89 cases. Fax/Imaging was employed in 37 cases, Fax Only in 28 cases,
Automated Data Acquisition in 19 cases and Optical Imaging in 14 cases. Interactive
Voice Recognition was employed in 12 cases, an Intranet in 11 cases, Pen-based in 4
cases and Other in 7 cases.
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For the respondents who stated that their company had not used EDC systems, when
asked if there is interest in implementing such a system, their responses were Don’t
Know – 28, Yes – 24, and No – 5.
The third question on the survey was “How would you rate your overall experience(s)
working with EDC system(s)?” Experiences were rated as Positive by 63 respondents,
while a rating of Neutral was a close second with 60, and the respondents with Negative
experiences totalled 9.

SUBJECTIVE RESULTS – SURVEY QUESTIONS 4-5
To better understand the issues behind the implementation of EDC systems/processes, the subjective comments were
summarized from the responses to the last two survey questions regarding what was liked best and least about EDC and why
EDC has not been more actively embraced in this industry.
“What did you like best about working with an EDC system?”
These summarized comments were categorized
and tabulated, as totals and by respondent
affiliations. The fourth survey question produced
the results given in the next two bar charts and
corresponding text.
The primary reason provided in response to this
question was earlier and continuous data access.
This response was given by 28 respondents. Two
other reasons that were given almost as frequently
were the reduction in errors, typically as a result
of front-end edit checks (25 responses), and the
facilitation of query resolution when queries did
arise (23 responses). Less paper and savings in
cycle time, in particular when the database is
locked, were the responses in 18 and 17 cases,
respectively. Increased productivity (decreased monitoring costs, more productive site visits
and reduced data entry requirements) was the response in 7 cases, and increased
project management capability and reporting was the reason indicated by
5 respondents. Other * responses given (5 cases) were the availability of
images, real-time safety monitoring, standardization opportunities and a
recruitment database.
The response most frequently given by respondents from
biopharmaceutical companies was the savings in cycle time, whereas
CRO respondents most frequently responded with the facilitated data
access. Data managers also liked the earlier and continuous data access
the most, whereas site respondents most frequently cited facilitation of
query resolution.

RETURN TO COVER

▶

DATA BASICS

Fall Special Edition 25 Years

9

▶

Electronic Data Capture: A Survey

“What did you like least about working with an EDC system?”
The primary reason provided in response to this
question was the system was not user-friendly,
not flexible for data entry and difficult to learn (30
responses). The reason provided by 22 respondents
was the system did not improve a prior process (e.g.
paper still required, data were not clean, data were
collected unmonitored or there were inadequate
front-end edit checks, insufficient information
on project status). Twenty respondents cited
insufficient support and/or excessive downtime
for the system. Eighteen individuals indicated that
the applications/system had too many bugs and
were unreliable or difficult to validate. Increased
training costs/time for sites was a reason given by
14 respondents, and 9 individuals stated there was
inconsistency in the technologies, multiple systems for different trials and cumbersome technology. Other* reasons, given in
four cases were coding issues, integration issues with the back-end systems and security issues.
The respondents from biopharmaceutical companies and site representatives most frequently cited that the system was not
user-friendly or flexible as the primary issue. From CROs, the insufficient support and the fact that the system did not improve
a prior process were cited at equal frequencies.
The final question on the survey was:
“In your opinion, why hasn’t the pharmaceutical industry more actively
embraced new technologies for collecting and managing clinical trial data?”
The most frequent response given for this question was overwhelmingly the cost or perceived cost of these technologies
and their implementation and/or the lack of
commitment or allocation of the monies required
for this purpose; this response was given in 41
cases. In 26 cases, the response was that these
technologies are not consistent or reliable or
user-friendly and/or there are too many systems
from which to choose. Training issues or changing
current processes was cited as a reason in 21
cases. Sixteen respondents felt that the site
inexperience or aversion to such systems was a
major factor, whereas 14 felt that the cost/time
of training is an issue. In 13 cases, the response
had to do with concern over FDA acceptance of
data/validation. The need for additional/different
resources and personnel time required and resource management was cited in 10 cases, and an equal number of respondents
cited security, confidentiality, and privacy issues. Lack of standards was the reason given by 9 respondents and inadequate
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buy-in by others (management, clinical, medical or data management) was cited as an issue by 7 respondents. Five gave Other*
reasons (e.g. pilot failures, insufficient metrics showing benefits, and space requirements for the hardware).
Biopharmaceutical representatives most frequently cited the cost/perceived cost and that the technologies are not consistent
or reliable/excessive choices as reasons for the slow adoption of EDC by this industry. CRO representatives gave equal weight
to the cost/perceived cost, difficulty in changing current processes or training and the cost/time of training as their primary
reasons. The issue that most concerned site representatives was the cost/perceived costs, with the next most important being
divided equally between the lack of standards, technologies not consistent or reliable/excessive choices and site inexperience
with such systems.

CONCLUSIONS
As further experience with EDC is gained, it is quite clear that metrics on the costs, cycle times, error rates and other indicators
of performance need to be collected and shared. For EDC, as for the implementation of other new technologies, the maximum
benefit or return on investment is achieved when the way the work is done (e.g. process) is changed and the new technology is
then integrated/superimposed. (5) However, if the technology does not adequately enhance the process, if it is not user-friendly,
if it is adequately supported, if it has excessive application bugs, or if the system is not adequately validated, then process
changes do not stand a chance of allowing for a successful EDC experience.
Of interest in the overall results is that, despite the fact that respondents provided a number of solid issues that can detract
from a successful EDC experience, 48% of those surveyed did report a positive overall experience and the overwhelming
majority (93%) were either positive or neutral about their overall experience. Only 9 of the 132 (7%) individuals who responded
to this question reported a negative experience. By listening to those who are users of these systems, improvements can
be forthcoming. Already, the second and third generations of the EDC tools are becoming available and improvements are
noteworthy.
Through their goal of becoming paperless by the year 2002, the FDA is encouraging standardization and the move to electronic
data submission. There has been a recent concentration on related guidelines (6), including 21CFR Part 11 “Electronic Signature;
Electronic Records”, Guidance for Industry “Computerized Systems Used in Clinical Trials” and Guidance for Industry “Providing
Regulatory Submissions in Electronic Format — General Considerations”. An obvious place to begin when one wants to
streamline the electronic submission process is at the front end, with the collection of electronic data in a standard format that
is defined in concert with standards for electronic data submissions. (CDISC is currently working with FDA in the development
of these data submission standards.)
Kubick proposes, in his article “The Elegant Machine: Applying Technology to Optimize Clinical Trials”(7), seven principles
for the elegant machine to “dramatically improve clinical research”. These principles include advance study planning to
facilitate collection of essential, clean data; standardization of data (structures, names and codes) into an integrated data
repository; collecting data “as close to the point of patient contact as possible”; selecting the best data capture tool, depending
upon program characteristics; providing rapid access online to useful information; and letting “technology drive the process
wherever possible”.
Systems that require the data to be entered only once and never on paper, and systems that truly facilitate workflow and build
in efficiency and quality from the beginning should be our ultimate goal. Workshops and conferences where experiences are
shared and groups such as CDISC are providing opportunities for those of us interested in becoming involved in the future of
clinical trials, in particular the implementation of standards and the early capture of high quality electronic data.
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Clinical Data Management –
The “Other” Clinical Profession or SCDM: Why Bother?

Spring 2000

by Patricia Teden

On behalf of the current SCDM Board of Trustees, Patricia Teden, Chair of the SCDM Board of Trustees, 2000
Did you ever wonder why the SCDM exists or what the SCDM Board of
Trustees does? Let’s address the latter question first. The BOT (an
annoying acronym we’ve gotten in the habit of using) just concluded
a two-day strategy meeting so it is a good time to tell you a little about
how the BOT operates. With luck this might inspire you to respond to the
call for nominations for this year’s election of new BOT members (see
page 6 of this issue). At a minimum, we hope you will send comments and
suggestions to the BOT via the SCDM web site.

SCDM: Why bother? How are we doing?
Let the BOT know what you think by responding
to this article on the www.scdm.org site.
Responses will be summarized and posted on
the web site in the future.

The SCDM is young, growing, and dare-I-say dynamic organization dedicated to clinical data management. Its Board has twelve
members serving rotating terms of various lengths (typically three years). The heart of the SCDM is the committee structure
comprised of scores of members who define and execute the various SCDM initiatives. The SCDM Bylaws state that the BOT
will meet four times a year – an expectation exceeded by the occasional additional teleconference. Most meetings are one day
in length, and two of the four meetings are held in conjunction with SCDM conferences. For the past three years, BOT members
found the time to start the year’s work in a two-day strategy session.
The two-day meeting allows new BOT members the time to get comfortable with the scope of SCDM activities (there are at
least 3 new members each year due to the rotating term scheme of the BOT). It allows all BOT members to get to know each
other (teamwork, teamwork).
The BOT uses this meeting as an opportunity to try out locations for future SCDM conferences (nobody said being on the BOT
was hardship duty!). And it allows the BOT to ask existential questions such as “SCDM: Why bother?” and “How are we doing?”
to paraphrase former NYC mayor Ed Koch.
In early February, BOT members met for two days within the splendor of a conference center built on the site of a tobacco
baron’s mansion in North Carolina. And we did the following:
• Conducted the requisite BOT business meeting. Business items range from the mundane, such as reviewing the year
2000 contract for services from the PMA, to the far more interesting, such as reviewing the work accomplished by the
CDM Professional Certification Committee and the committee defining Good Clinical Data Management Practices. If you
read Data Basics cover-to-cover (which we all do!), you know the ever-increasing number of initiatives sponsored by our
professional organization.
• Discussed those pesky existential questions. So why does the SCDM exist? Why do twelve members of the pharmaceutical
industry spend their time supporting the SCDM Board of Trustees, and scores of SCDM members spend time, talent, and
energy participating at a variety of levels?
The current BOT members felt the SCDM was important because the profession of clinical data management needs an
organization that recognizes our profession in ways that the broader industry groups do not. It serves as a focal point for
data managers to get to know other CDM professionals outside of their own corporation, and for data managers to signal
the importance of the function to colleagues, especially “upper” management. The SCDM is a vehicle for data managers and
the FDA to interact. Opportunities for career development by contributing to the industry are plentiful. The SCDM has been
successful in clearly defining data management, and continues to design programs that advance the profession.
How is that for a raison d’être? Worth the mere $45 annually to support and to participate in the SCDM? Worth your own time
and talents spent as a member of the Board of Trustees? The BOT would love to know your views.
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Good Clinical Data Management Practices
(GCDMP): Electronic Data Capture

Summer 2001

by Anthony Costello, Nextrials, Inc.

Kaye Fendt, Independent Consultant

INTRODUCTION
The purpose of this session was to gather information from the attendees about how the GCDMP Committee on EDC should
proceed to best meet the industry needs.
Each session started with a check on agreement with the following assumptions:
• based on industry polls, conference agendas, and feedback on the GCDMP document, many companies are exploring
electronic data collection
• very few companies have adopted the technology in any comprehensive way
• one reason for this tentative adoption curve may be the inability of current standards and guidance documents to give
companies tools to evaluate and confidence to adopt this new technology
There were no disagreements with or questions of the validity of these assumptions.

SESSION QUESTIONS
Can electronic data capture enhance the clinical research process? How?
There was general agreement across all four groups that if electronic data capture could be effectively implemented it would
greatly enhance the clinical trial research process. The common accord was clouded by a great divergence of opinion as to
whether or not EDC could be effectively implemented.
There was evidence that many of the forum participants did not feel they had the authority, knowledge or tools to make this
happen. One group was unable to productively discuss the enhancements to the clinical trial research process beyond these
feelings of frustration.
The discussion of how EDC can enhance the clinical research process spanned the entire research operations spectrum from
easier training to more accurate final analysis data.
The participants felt that EDC would require and enhance better site training during trial initiation. Similarly, EDC will support
developing more realistic timelines because better communication between departments early in the clinical trial process
will be required to implement EDC. It was also felt that this implementation of EDC would facilitate sharing of operational
knowledge across the different disciplines on the research team and would generate more data management communication
with the sites. Through these changes, EDC can help integrate all CDM components.
Another benefit identified is that EDC has the potential to generate cleaner data sooner by consolidating validation activities and
moving the data cleaning process to the data source where the content knowledge actually exists. Discussants felt that many
sites are also happy to get rid of the paper.
In summary, EDC has the potential to increase accuracy of data collected and productivity. Ultimately with EDC, researchers
can have faster study start-ups, more accurate data, and greater returns on their resource investments.

What are the primary concerns preventing adoption of these new technologies?
Given the perceived potential benefits, there are concerns that are preventing adoption of the new EDC technologies. The first
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concern identified is that EDC forces up-front thinking about everything from data entry screens to statistical analysis plans.
Thus, initial start-up can be painful with EDC today. The discussants agreed that this is not a negative factor in conducting
quality clinical research.
However, a paradigm change will be needed for companies to accept additional activities as required prior to study launch. Query
management was identified as another concern limiting the adoption of EDC technologies. Data managers resist the workflow
changes indicated above. The role of data managers will be changed by EDC and the new roles are not yet clearly defined. In
addition, there is concern that the EDC systems can restrict site’s response with automated data edits during the data entry
process. The current quality of technology support and a general feeling that vendor software is immature and being oversold,
coupled with a perception that EDC systems need faster speed connections are also concerns limiting adoption of EDC.
Investigators and site personnel are also resisting EDC because they see it as an off-loading of data entry tasks onto the
investigator sites. It can be difficult to get clinical and statistical staff to accept EDC.
While upper management in the industry is pushing for the adoption of EDC, the infrastructure changes needed for successful
implementation and adoption of EDC are not yet completely understood. There is a perception that EDC is a thing, however,
discussants described EDC as a “toolbox” of technical products. Also limiting the adoption of EDC is the lack of a good cost/
benefit process allowing companies to choose the best tools for their needs.

Can accepted GCDMPs address the concerns that prevent companies from adopting the new technology?
Accepted GCDMPs can only address part of the concerns that prevent companies from early adoption of the new technology.
More general guidance outside the GCDMP document is also needed. Incentives to bring sites on board are needed as well as IT
infrastructure changes. Given the global implications of EDC adoption and the need for more interaction across the disciplines
involved in clinical research, additional initiatives beyond GCDMP are needed to address the concerns that prevent companies
from adopting the new technologies.
The GCDMP can help focus planning activities in clinical research. People would like additional sections or appendices in the
GCDMP to address:
• examples of EDC experiences/implementation
• changing roles in the EDC world and examples
• best trial sizes for EDC
• good practices around EDC and evaluation methods.

How can we best update the GCDMP document to address the most common concerns about this new technology?
To address the most common concerns about EDC, SCDM should provide a forward-looking visionary guidance in addition to
updating the GCDMP guidance. SCDM should also provide a document with suggested metrics for evaluating vendors. Links to
other information and organizations about EDC should be offered by the SCDM organization. SCDM can outline the procedures
for process/technology changes for EDC.

IN CONCLUSION
The general conclusion from the four sessions with senior data management personnel participating in the SCDM Spring
Forum of 2001 was agreement that the end product of EDC would be great, but getting there may be difficult. This will not
happen easily or overnight. There are additional issues that need to be included in the GCDMP to help industry in this transition.
However, additional initiatives and cooperative agreements may also be required before the adoption of EDC technologies
becomes widespread.
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Analysis of Current and Future Use of Technology

Fall 2001

By Jonathan Andrus, Ken Carlson, and Tom Mahler of Taratec Development Corporation, Pfizer, and Phoenix Data Systems

BACKGROUND
The Effective Use of Technology Committee undertook the initiative to survey SCDM members on the current and future uses of
technology within their respective organizations. These included all technologies commonly used to support the range of tasks
routinely performed by data management organizations. Thus, the survey provides information on a wide variety of tools including
the primary clinical data management system in use within an organization, web-based data collection, electronic patient diaries,
fax-based data collection, interactive voice response systems, and other types of data collection and cleaning tools.
The survey was provided to SCDM members during the Fall 2000 Annual Meeting in Virginia. In addition, a web site was
established to collect survey results from the SCDM membership, and a paper copy of the survey was sent in a mailing to all
SCDM members. The committee received 114 survey responses representing 65 unique companies. This represents about
9.3% of the SCDM membership. The data was collected and entered into an MS Access database, which was used as the tool
to support the analysis.

DEMOGRAPHICS OF RESPONDERS
Figure 1 shows the organization associated with the survey respondents. As the figure indicates, 1/2 of the respondents were
from pharmaceutical companies and most of the pharmaceutical respondents were from large companies. In total, 61%
of the respondents came from large organizations, 23% from medium and 16% from small organizations. Sixty-six unique
organizations were represented. Of these, 45 had one survey respondent from their organization, 11 had two respondents,
eight had three to five respondents, and two had eight to ten respondents. As indicated in Figure 2, a significant percentage
of the respondents came from some management role in Data Management, either at the Manager, Director, or VP level. The
“other” category included a mixture of people, including several data entry personnel, some programmers, and a variety of
other job functions.
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MAJOR CLINICAL DATA MANAGEMENT SYSTEM

Figure 3: Major Clinical Data Management Systems

The survey asked about the primary Clinical Data Management
system used at each organization. Seventy-seven percent of
the respondents indicated that their organization was utilizing
a commercial system, another 17% indicated that they
utilized an internally developed system, and the remaining
6% indicated that they had no system, as Data Management
was completely outsourced. As indicated by Figure 3, Oracle
Clinical was the most popular package. In fact, Oracle Clinical
was utilized by 43% of the respondents.

CURRENT AND FUTURE USE OF TECHNOLOGY SURVEY DATA RESULTS
WEB-BASED TOOLS CURRENT USAGE
Respondents were asked about their current use of web-based data entry tools. In addition, they were asked about their
organizations plans to pilot or implement web-based data entry tools in the next 12 months. Thirty percent of those surveyed
indicated that they used web-based tools to collect clinical trial data. When these tools are used, they are usually employed, in
the minority of trials. Of those organizations that did use web-based tools, the vast majority indicated that they were used in
1-25% of their studies.

TOOLS CURRENTLY USED
The respondents, answering yes to use of web-based tools,
were also asked to provide information concerning the
names of the tools in use. Fifty percent indicated that they
use PhaseForward’s InForm system, followed by a 25% use
of a mix of products that included WebCollect, Oracle Clinical,
INET, Clinicaltrials.net, and eTrials. The next largest single
provider of web-based tools in use was Homegrown systems.
This accounted for 20% of organizational use. Finally, MetaTrial
accounted for 5% of organizational use.

WEB-BASED TOOLS PLANNING TO PILOT OR IMPLEMENT IN THE NEXT 12 MONTHS
The survey asked respondents to indicate if their organizations
had plans to pilot or implement web-based tools. Sixty-two
percent of those surveyed indicated plans NOT to pilot or
implement within the next 12 months. Of the 38% planning
to pilot over the next 12 months, 40% were still in the
determination stage of selection, 28% had selected Oracle
Clinical, and 12% were still choosing between multiple
vendors. The remaining 20% were evenly selecting between
WebSys, eResearch Technology, MetaTrial, eCase Link, and
Clintrial Connect.
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CURRENT FAX-BASED TOOLS IN USE
The survey also asked respondents to provide some insight into their current use of fax-based tools within clinical trials. The
survey revealed that 26% of those surveyed use fax-based tools within their organizations. The use of fax-based tools, as an
overall percentage, is similar to that of web-based tools and averaged between 1-25%. The types of fax-based tools used
included optical character recognition (OCR), optical mark recognition (OMR), and neither OCR or OMR. Vendors within this
space included TELEform (35%), and DataFax (30%), capturing 65% of the market share. Additional vendors included USI,
FaxCollect, CRFExpress, and internally built systems.

FAXED-BASED TOOLS TO BE PILOTED OR IMPLEMENTED
Of those surveyed, only 9% indicated plans to pilot or implement
fax-based tools in the next 12 months, with a large percentage
of those indicating plans coming from large pharmaceutical
companies. Thirty-five percent of those indicating plans to pilot
or implement indicated that they planned to use TELEform,
with an equal number of respondents still undecided. The
remaining 30% of respondents indicated plans for either CRM
or Documentum, with the differentiation between these two
products being equal.

CURRENT ELECTRONIC PATIENT DIARY USE
Twenty-one percent of those surveyed indicated use of electronic patient diary tools. Of those indicating use of electronic
diaries, their use was low, and averaged between 1 and 25%. Internal systems were indicated as the tool of choice for those
organizations using electronic patient diaries. Minidoc was the most frequently noted vendor, followed by Quintiles, and
ClinPhone. It should be noted, that the authors of this article believe that respondents may have been confused over the
exact nature of this question and indicated interactive voice response system providers as electronic patient diary vendors.
Respondents came from primarily large CROs, pharmaceutical, and biotechnology companies.

ELECTRONIC PATIENT DIARY TOOLS TO BE PILOTED OR IMPLEMENTED IN THE NEAR FUTURE
The overall percentage of respondents indicating plans to
pilot or implement over the next 12 months was 15%. The
survey revealed that only 40% of those planning to implement
or pilot electronic patient diary tools knew which vendor they
were most likely to select. The remaining 60% were still in
the determination stage. 20% had selected Personal Health
Technologies (PHT), 10% had selected InvivoData, and 10% had
selected HealthWatch. A fair amount of uncertainty in vendor selection was surprising to note in this portion of the survey.

CURRENT USE OF MANUAL DATA ENTRY SYSTEMS
The largest tool, as indicated earlier in the survey, is Oracle Clinical, followed by Clintrial, eDataManagement, Homegrown, and
a conglomeration of other tools. The overall use of these technologies within organizations was 76-100%, thus leaving large
room for growth among newer, more web-oriented tools.
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MANUAL DATA ENTRY SYSTEMS TO BE PILOTED OR IMPLEMENTED IN THE NEXT 12 MONTHS.
Only 14% of all respondents indicated plans to pilot or implement
some kind of manual data entry system over the coming 12
months. Fifty-six percent of respondents indicated plans to pilot or
implement Oracle Clinical in the coming year. The remaining 44%
were split between Clintrial, PhaseForward, Trialware, and “yet to
be determined.”

CURRENT ELECTRONIC CRF TRACKING TOOLS
This portion of the survey polled respondents to provide insight
into their current use of electronic CRF tracking tools. These
electronic tools are used within organizations to track paper case
report forms. In addition, these tools can be used in compiling
submissions to the Food & Drug Administration. Eighty three
percent of those surveyed indicated use of these tools, and the
percentage of use with clinical trials was 76-100%. What was interesting to note with this data was the high percentage of use
of internal systems. Forty-nine percent use internally built systems for tracking case report forms. Twenty five percent use
“other” tools that included over 12 different systems. Oracle Clinical and USI were the other two electronic CRF vendors noted,
with usage of 15% and 11% respectively

ELECTRONIC CRF TRACKING TOOLS TO BE PILOTED OR IMPLEMENTED
Seventeen percent of those surveyed indicated plans to pilot or implement new electronic CRF tracking tools in the next year.
No single tool stood out in the survey data. All responses identified 11 unique tools. Thirty-seven percent of those responding
indicated that they were still evaluating current tools available for implementation within their organization.

DATA BROWSERS IN USE
As the figure depicts below, the wide array of data browsers
in use is “colorful.” The largest vendor noted was Integrated
Clinical Systems, and their product Integrated Review with 21% of
responders indicating use of this data browser tool. SQL was the
next largest with 15%, followed by other tools, and a tie between
Brio Query and SAS. Internal systems and Oracle Discoverer were
also similar, with 10% of the respondents indicating use of these
tools. Finally, survey responders indicated a 6% use of Clintrial.
The “other” tools noted included: Business Objects, Q&E Data
Editor, MS Access, Clindex, Navigator, PH Clinical, DataFax, and
Info Reports. Sixty percent of those surveyed indicated using data browser tools within their organization, and used data
browser tools on 76-100% of their clinical trial data. Forty responses were received, with 10 responders indicating the use of
more than one browser. Due to the use of multiple browsers, the overall number of browsers noted was 52.
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DATA BROWSERS TO PILOT
Fifteen percent of survey responders indicated plans to pilot or implement data browsers in the next 12 months. Most of the
respondents (60%) are still evaluating various data browser technologies for implementation within their respective
organizations. The remaining 40% of the responses were evenly distributed among Kendle’s TrialWare, Clintrial Review,
Integrated Review, and PH Clinical.

SUMMARY AND CONCLUSIONS
In a number of areas, there are clear leaders in the tools that are currently used to support Clinical Data Management. In the
area of large data management systems, Oracle Clinical has the highest usage. In the area of Web-based tools, PhaseForward’s
tool has the highest usage, and TELEform is the leader in the area of fax-based data collection. However, companies are
experimenting outside the area of the “favorites.” For example, of those organizations indicating that they were planning to
pilot Web-based data collection tools, 40% indicated that they had not yet chosen a tool and another 28% indicated they planned
to pilot Oracle Clinical (which is not currently widely used for Web-based data collection). In other areas of technology, a wide
variety of tools are currently used. There seems to be no standard for CRF tracking systems. About 1/2 of the respondents
indicted they used internal systems for this function. No vendor-supplied system received more then 15% of the respondents
in this area. The situation is similar with data browsers, with a wide variety of tools being employed. Finally, there seems to
be plenty of room for expanding the use of technology in support of the field of Clinical Data Management. Less then 1/3 of the
respondents indicated that their organizations use web based data collection tools, fax-based tools, or electronic patient diary
tools. Further, when these tools are used by organizations, they usually used in a relatively small percentage of their trials,
routinely in less then 25%. The survey did not inquire the reasons as to why the use of these technologies was so small. That
may be a useful topic for follow-up by the SCDM.
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RUNNING RACES TO SUPPORT HER SISTER’S DIAGNOSIS
RUNNING STUDIES TO DEVELOP A NEW TREATMENT
Make a difference with a different company. We work hard at PRA so that our modern biometrics
and data management capabilities — coupled with our personal approach — make a difference in the
drug development industry, as well as in real people’s lives. With over 16,000 employees worldwide,
we enjoy a people-first culture of value, respect, and support — all committed to driving positive
change through both our work and philanthropy.
See our open job opportunities in Data Management at
https://prahs.com/careers/clinical-data-manager-jobs/

Using the Internet for Tracking Order Processing and
Shipment of Paper Case Report Forms in the Global
Pharmaceutical Clinical Trial Arena

Spring 2002

By Dave Mastro – Strata Companies

The tracking of Case Report Forms (CRFs) is the subject of this article. CRFs are one of the key documentation tools used
during the clinical trial process. The purpose of this article is to describe an Internet based system that enhances the order
processing, shipment and tracking of Case Reports Forms in the global arena.
A successful Case Report Form (CRF) Production and Quality Assurance Program can be summarized into 10 key workflow
steps. This article primarily addresses the last step in the process. However, all 10 steps are presented below for the reader’s
general information.
Presented below for the reader’s general information.
1. Case Report Form vendor receives electronic file from client.
2. The vendor creates a Job Specification Sheet. This identifies all aspects of the job needed to complete the CRF,
including a Job Specification Sheet for each investigator site.
3. The file is then converted to processing format, and the output of this file is proofed, using a plain paper copy.
4. A set-up page layout is created, and each page is reviewed for correctness in format and image quality.
5. After all images are set-up, a proof document is processed. If any adjustments need to be made, they are corrected 		
and resubmitted for an additional proof.
6. The production process, with ongoing proofing, is implemented.
7. Binding and finishing of the printed materials then takes place.
8. The finished product is boxed for shipment.
9. A final quality check to assure that packaging and labelling are in accordance with shipping Instructions is undertaken.
10. Shipment to each site, including confirmation of receipt, is tracked.
While a pharmaceutical, biotechnology or other public or private organization may be the sponsor of the clinical study; the
study itself typically takes place at multiple investigator sites. These sites can be widely dispersed geographically, and can be
domestic as well as international.
Given all of the above, it is important in today’s global clinical trial arena to be able to easily coordinate and track the entire Case
Report Form ordering and shipping process with an Internet based system. It can be extremely costly, for example, if a monitor
visits a new site and the Case Report Forms which were recently shipped cannot be located. In addition, being able to quickly
identify when there is a delay in the process, such as a normally routine shipment being unexpectedly held up in customs is
important. An Internet based tracking system is a tool, which can help minimize significant study downtime.
An Internet based system offers the potential for e-mail alerts when designated milestones such as order shipment and order
receipt are completed. It also offers the potential for the electronic archiving of CRF order processing and shipping data on a
dedicated web site. Being able to historically document the flow of these materials, from shipment through verification of receipt,
is a valuable tool for all of the parties involved.
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in the Global Pharmaceutical Clinical Trial Arena
Some examples of why these features are important are presented below.
• Before the clinical study begins, it is important to be able to document that the investigator and sponsor have received and
reviewed the final CRF.
• During the clinical study, it is important to be able to document when amended versions of the CRF were shipped, how many
copies were shipped, and to whom they were shipped.
• In same cases, it may also be important to document the number of CRFs shipped per investigator site relative to the
number of patients studied at that site
Examples of the type of data that could be included in this archival database are:
• Protocol number
• Site location
• Investigator name
• Content, number of boxes/CRFs
• Carrier and shipment ID Number
• Date shipped
• Arrival date
• Received by
A tracking system should include the following features:
• Internet based with a dedicated web site
• Tracking materials from shipment to delivery, with real-time e-mail alerts
• Locating any delays in delivery
• Providing fingertip access to the information about study materials and shipment details (both real time and historical data)
• Allowing for secure, global access to this information
• Providing automatic notification to the study coordinator, field management and others regarding order receipts, shipment
releases, and shipment arrivals
• A permanent archival database
• Flexibility to adapt the system for your particular needs
Some of the key benefits of this type of system include:
• Since each order can be tracked in real time, any shipment that is delayed or fails to make its destination can be flagged at
the earliest possible time, before it becomes a major problem
• If a question arises from the field, the user can easily locate accurate and up-to-date on-line information instantly.
• The archival database is a vital component of this system, since it provides a permanent register of all of the shipment
information collected on every trial. Authorized personnel should be able to review the complete history of the study, or to
limit the search by site, investigator, time frame, etc.
In summary, the process described in this article is intended to help make the coordination of clinical trials smoother and
easier. First, the order can be placed via e-mail or on a dedicated web site. Once the order is placed, a confirmation is sent
to the originator confirming both the order and the scheduled release date of the shipment. Next, if a change occurs for any
reason, a message reflecting this change would be sent to the originator. Upon completion and release to the carrier of the
shipment, an e-mail notification is sent. Finally, the system should also include an e-mail notification confirming that the
shipment has arrived at its final destination, along with a record of who signed for it. In addition, all of the above should be
permanently archived in a dedicated web site.
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MedDRA® Implementation:
An Informal Industry Poll

Sping 2003

By Marlo Ross, RPh - Safety Data Management - Genentech, Inc.

INTRODUCTION
The Medical Dictionary for Regulatory Activities (MedDRA®) is an international coding dictionary of medical terminology used
by both the regulatory authorities and the regulated biopharmaceutical industry.1 The European Medicines Evaluation Agency
(EMEA) currently requires the use of MedDRA for pharmacovigilance regulatory adverse drug reaction reporting2, and it is
expected that the Food and Drug Administration (FDA) will issue a similar mandate. Both agencies have hinted that MedDRA
will be used for all regulatory submissions, including clinical trial data, at some point in the future. With regulatory mandates
for the use of MedDRA looming, many companies are in the throes of planning or executing their MedDRA implementation
strategy.
The Informal US MedDRA User Group began in November of 2000 as an informal gathering of a few pharmaceutical companies
interested in sharing MedDRA experiences. The group currently meets twice a year with organizational responsibilities for
the meeting rotated among company hosts. The bi-annual meetings have grown to include companies of all sizes across
the United States. The Informal US MedDRA User Group provides a forum for industry-based MedDRA users to share nonproprietary experiences, identify common issues concerning MedDRA implementation, and propose common solutions to
identified challenges. Non-industry groups, such as the MedDRA Maintenance and Support Services Organization (MSSO), FDA,
Pharmaceutical Research and Manufacturers of America (PhRMA), contract research organizations, vendors, and consultants
are currently not included in the meetings, but may be invited for specific presentations.
In April of 2002, Genentech, Inc. hosted the 5th Informal US MedDRA User Group meeting. The meeting was attended by 64
user group members representing 29 biopharmaceutical companies. One of the meeting activities included a live electronic
poll, where each company was able to respond to 30 questions regarding MedDRA implementation. Where applicable, the
participants agreed to answer the poll questions based on how their company currently plans to utilize MedDRA. Some of the
key results of the informal MedDRA poll are summarized below.3

POLL RESULTS
One of the first steps in developing a MedDRA implementation plan is setting a goal for when a company will bring the new
terminology into production. The experiences of those who have already implemented MedDRA show that it is a challenging
task, requiring dedicated time and resources in a process that can take up to several years. While many companies have
already completed the MedDRA implementation process, others have been hesitant to begin such an expensive project without
clear regulatory guidance from the FDA.4 When company respondents were asked when they plan to implement MedDRA for
pharmacovigilance and clinical data, the majority have implemented or plan to begin implementation of the terminology before
the end of the year (2003). The results also suggest that clinical implementation lags behind pharmacovigilance implementation
for many companies.

1 MSSO Official Website: http//www.meddramsso.com.
2 Volume 9 - Pharmacovigilance Medical Products for Human and Veterinary Use. European Medicines Evaluation Agency
3 Informal US MedDRA User Group Meeting. April 19, 2002. South San Francisco, CA.
4 Federal Register Notice for Proposed Rulemaking Guidance for Industry Postmarketing Safety Reporting for Human Drug and
Biological Products Including Vaccines. March, 2001. Food and Drug Administration.

DATA BASICS

Fall Special Edition 25 Years

▶

24

RETURN TO COVER

▶

MedDRA® Implementation: An Informal Industry Poll

When will you implement MedDRA for pharmacovigilance data?

When will you implement MedDRA for clinical data?

(Results based on responses from 27 biopharmaceutical companies)

(Results based on responses from 29 biopharmaceutical
companies)

The poll also asked respondents to provide some insight on their
current coding environment. The MedDRA terminology is much
more complex and medically specific than its predecessors
and the International Conference on Harmonisation (ICH) has
recommended that companies use medically trained personnel
for MedDRA classification.5 Some companies are considering the
use of centralized MedDRA coding staff in order to help maintain
coding consistency between their pharmacovigilance and clinical
environments. Forty-eight percent of the poll respondents have a
centralized coding group that codes both pharmacovigilance and
clinical data

Do you have a centralized coding group that codes
both pharmacovigilance (PV) and clinical (CD) data?
(Results based on responses from 29 biopharmaceutical
companies

5 MedDRA® Term Selection: Points to Consider. Release 3.1. ICH-Endorsed Guide for MedDRA Users Based on MedDRA version 5.1.
Application to Adverse Drug Reactions / Adverse Events & Medical and Social History & Indications. September 12, 2002.
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MedDRA is predicated on single medical concepts. Verbatim
adverse event reports often contain multiple related medical
concepts. Although the ICH has provided some valuable
MedDRA coding guidance in their MedDRA Term Selection:
Points to Consider document, they remain neutral on the
lumping vs. splitting front.5 For example, if a diagnosis is
reported in combination with a sign or symptom, it is acceptable
to select MedDRA terms for both concepts, or the diagnosis
concept only. Of the 25 companies responding to the lumping vs.
splitting poll question, 72% have coding conventions that tend
towards splitting.

Will you code to the LLT or PT level of MedDRA?
(Results based on responses from 27 biopharmaceutical
companies)

(Results based on responses from 25 biopharmaceutical
companies)

One of the early controversies in MedDRA utilization was whether
companies would choose to classify their verbatim safety data
to the Lowest Level Term (LLT) or Preferred Term (PT) level of
MedDRA. However, now that the EMEA requires the use of MedDRA
LLTs in the submission of individual case safety reports6, the
choice of classification level seems less complicated. When asked
if they planned to code to the LLT or PT level of MedDRA, 26 out
of 27 companies responded that they will code to the LLT level of
MedDRA.

Brosch, S. EMEA Presentation at MedDRA™ MSSO User Group Meeting. June 20, 2002. Chicago, IL.
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Do you plan to use MedDRA secondary SOCs
and SSCs for supplemental analysis?
(Results based on responses from 25
biopharmaceutical companies)

Will you re-code data that is coded to LLTs
that become non-current in the subsequent
MedDRA version, or store the non-current LLT?
(Results based on responses from 23
biopharmaceutical companies)

MedDRA differs from previous terminologies in that it is multi-axial.
Preferred terms within the hierarchy can have multiple paths up to
more than one system organ class (SOC). Each PT has only one SOC
path flagged as primary for use in regulatory reporting. Additional
paths which lead to secondary SOCs can be used for supplemental topdown analysis within the hierarchy. Special search categories (SSCs)
are medically significant groupings of PTs which can also be used for
supplemental analysis.7Seventy-six percent of poll respondents plan
to incorporate MedDRA secondary SOCs and SSCs into supplemental
analysis of their data.

MedDRA also differs from other terminologies in that it is versioned,
with the MSSO releasing an updated version of MedDRA twice a year.
This is one of the terminology’s greatest benefits, but also one of its
biggest challenges. While terms are not removed from each subsequent
MedDRA version, terms may be demoted and/or flagged as non-current
at the lowest level of the hierarchy. At a recent MSSO user group meeting,
the EMEA suggested that they may begin checking LLTs for currency
before accepting regulatory submissions in the future.8 Companies must
decide if they will re-code legacy data that is coded to LLTs that become
noncurrent in subsequent MedDRA versions, or store the non-current
LLT. Of the 23 companies that responded to this poll question, 83% will
re-code data that is linked to non-current LLTs.

7
Recommendations for MedDRA Versioning for Summary Reporting. July 10, 2000. MedDRA Maintenance and Support Services
Organization
8 Brosch, S. EMEA Presentation at MedDRA™ MSSO User Group Meeting. June 20, 2002. Chicago, IL.
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Will you utilize supplemental terms prior to
their inclusion in an official MedDRA release?
(Results based on responses from 26
biopharmaceutical companies)

The MSSO allows companies to request enhancements to each MedDRA
version, such as adding additional terms or correcting inconsistencies.
Supplemental changes that are approved by the MSSO between official
version releases are posted on their website. However, the MSSO may
reverse its decision prior to release of the official version, and warns that
the terms are used at a company’s own risk.9The use of supplemental
terms prior to their inclusion in an official version release raises many
questions. If a company adds supplemental terms to their dictionary in
between MedDRA versions, what version of MedDRA are they using? If
companies are allowed to pick and choose which supplemental terms they
wish to add between versions, are they creating company-specific MedDRA
dictionaries? Will the regulators accept submission of supplemental
terms? Of the 26 companies responding to the MedDRA poll question, only
3 will use supplemental MedDRA terms.

When creating a MedDRA implementation plan, companies must also
determine how they will implement new MedDRA versions. The MSSO
has evaluated six possible versioning strategies and suggested that safety
reports utilize the most recent version of MedDRA.10

How do you plan to implement new MedDRA
versions for pharmacovigilance data?
(Results based on responses from 20
biopharmaceutical companies)

• Option 1 – “Freeze” at the initiation of a project and report with same
version of MedDRA.
• Option 2 – “Freeze” at the initiation of a project and report with most
recent version of the MedDRA hierarchy without re-coding data.
• Option 3 – “Freeze” at the initiation of each trial within a project and
report with the most recent version of the MedDRA hierarchy without
re-coding data.
• Option 4 – Hold all coding to the completion of each trial and utilize
the most recent version of MedDRA for reporting. At the completion of
all trials for a project, re-code all data to the latest version to produce
reports based on trial data sets utilizing different versions of MedDRA.
• Option 5 – “Freeze” at the beginning of the trial and optionally re-code
all project data with the latest version at the conclusion of the trial
based on criteria developed as part of the Clinical Data Management
Plan.
• Option 6 – Re-code the trial data for all trials in a project on an ongoing
basis with the most recent version of MedDRA.

9

MSSO Official Website: http//www.meddramsso.com.

10 Recommendations for MedDRA Versioning for Summary Reporting. July 10, 2000. MedDRA Maintenance and Support

Services Organization.
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How do you plan to implement new MedDRA versions for
clinical data?

How will you write an ISS if some trials were coded in
different MedDRA versions?

(Results based on responses from 21 biopharmaceutical companies)

(Results based on responses from 23 biopharmaceutical
companies)

The majority of companies responding to the MedDRA versioning poll questions will use the current version of MedDRA for
coding and reporting both pharmacovigilance and clinical data (MSSO Option 6).
A company’s MedDRA versioning plan should also address the use of MedDRA in aggregate safety reports (i.e. PSUR,
Integrated Safety Summary, etc.) since such reports often contain data from multiple regulatory submissions over time. Again,
the majority of respondents will use the current version of MedDRA for aggregate reports.

CONCLUSION
The implementation of MedDRA presents many challenges. Fortunately, there are several resources, including the Informal
US MedDRA User Group, that are available to companies struggling with MedDRA implementation decisions. The challenges
of MedDRA implementation are balanced by the many advantages of MedDRA. MedDRA will provide a common terminology
to share regulatory and safety information between industry and regulators worldwide. Improving the consistency and
understanding of clinical safety signals through MedDRA, will ultimately benefit patient safety.
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Ode to Clinical Data Management Certificate Program

Fall 2003

By Paul Joseph Erickson, CDM

From drug discovery, to development, oh…how many elements,
Through phases I…II…III… and IV, wow! What a metaphor.
From protocol design, to quality control,
Here we’ll see more than one pitfall.
Between database validation, through safety reconciliation,
My, what a revelation.
By using GCP and ICH guidelines, we will do just fine.
During CRF and database design, I thought I might resign.
Then along comes CDISC, which helps us to define,
Though paper data capture, brings us pure rapture
With 21 CFR 11, we thought we went to heaven.
We design our databases, like our family trees,
We use what’s called an entity relationship diagram, to help us see the leaves.
We annotate our CRFs to ease the data flow,
We validate our data schemes, and the code we load.
There will be queries down the road, this you surely know,
Why this is… with all the rules, I really just don’t know,
In any event we planned ahead, it’s called a CRF/DCF tracking tool,
Hey…this is cool!
With edit checks and data specs, there’s nothing to neglect,
We’ve done our job through and through this is what reflects.
Lab data plays a part; it’s where you go….to check your heart.
Reference Ranges are obscene, they can’t decide between two means,
Units are important too; it’s always fun when they’re askew.
Conversions help the process flow; it’s just what version that’s tough to show,
We have a choice of where to go, there’s always Central, don’t you know,
But if we take the local route, we may end up a mental bout.
We love to map our subject data
It’s all so very orchestrated
The preferred term for us is MedDra,
It’s like the many-headed Hydra.
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We strive to keep our subjects safe, alas; this is not always the case,
We have a place for SAEs; this is what we sometimes see.
Reconciliation is the key; it leads to safety summaries
We have to tell the FDA; after all, it is their way.
Auditing is a process too; it’s how we check to prove we’re true,
Un-blinding is what happens next, It’s the findings we might regret.
Locking is the last in line; we really hope our data’s fine,
Closure is all that’s left; it’s when we ship to the Medical reps.
Soft skills is the term, for which we’re all concerned
Team building is the goal, it brings us all into the shoal.
Communication is our way, for all to see a brighter day
And feedback is a funny game, which helps us to achieve…
The ultimate gain.
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Data Quality Survey Results

Summer 2004

by Meredith Nahm, Duke Clinical Research Institute; Greg Dziem, Amgen; Kaye Fendt, DQRI; Lisa Freeman, Corus Pharma, Inc.;
Joann Masi, Wyeth; Zoe Ponce, Wyeth

INTRODUCTION
In both industry and government funded research, there are different definitions of Data Quality, as well as different approaches
to measuring, reporting and acting on data quality information. There is little aggregate information available within the
industry on the data quality practices of organizations. Two surveys on data quality have been previously conducted. One was
conducted in 1994 by the Association for Clinical Data Management (ACDM) and the second survey was conducted in 1997 by
the Society for Clinical Data Management (SCDM). The 1994 ACDM survey was conducted in a European population. The results
were summarized in the Drug Information Association (DIA) Journal in a 1999 paper by McEntegart, et.al. 1 The 1997 SCDM
survey was conducted in a primarily US population, and was published in DataBasics.2 Both surveys showed that a majority of
organizations perform data quality audits.
Regulatory guidance in the area of Data Quality is sparse. ICH E6 section 5.1.3 states that quality control must be applied to
each stage of the data handling process to assure that data are processed accurately.3 The stated purpose of 21 CFR Part 11,
the electronic record and electronic signature rule is to assure that electronic data are as good as data recorded on paper.4
The associated FDA guidance, Computerized Systems Use in Clinical Trials provides more specificity, stating that data must be
Attributable, Legible, Contemporaneous, Original, and Accurate (ALCOA).5 The available regulations and guidance documents
seem to specify everything but an acceptable quality level and acceptable methods to measure it. Therefore, organizations have
turned to industry standards. The Good Clinical Data Management Practices (GCDMP) document7 includes an entire section
on best practices, minimum standards and methods for measuring data quality. In the absence of regulations, organizations
want not only information on suggested methods and evidence of their effectiveness, but also current information on industry
practices to aid in internal decision making.

THE SURVEY
In March 2004, the Society for Clinical Data Management conducted a data quality survey to gain insight into current industry
practices and approaches to quantifying Data Quality. Three main aspects of Data Quality were investigated, definition of data
quality, sample sizes used in data quality audits, and error rate calculation. The survey was validated in the following manner:
Content validity was achieved by developing and reviewing the survey with a group of subject matter experts. The survey was
then pre-tested by an individual with skills and background similar to the anticipated respondents. Quantitative validation
was approached through inclusion of internally redundant questions and questions where the information obtained could be
compared for consistency. Our inter-question consistency was >90% for all internally redundant questions. Benchmarks with
previous surveys are discussed throughout this paper.
The survey was sent to 1412 individuals selected as a convenience sample from the society mailing list. The response rate was
7% (93/ 1412 individuals) which is considered an artifact of the survey design. Respondents were asked to forward the survey to
the individual in their organization responsible for the Data Quality function. This was done to discourage multiple responses
from the same organization. Therefore, an organization with several SCDM members would have only 1 response. We realize
that some large organizations have practices that differ between locations due to mergers and acquisitions, or the different
locations performing different types of work.
Our design allowed for responses from separate locations while effectively discouraging multiple responses from the same
organization. Therefore, we counted two responses from large organizations as coming from different locations. Seven of
93 responses were in this category (two responses from the same organization). Two of 93 had three responses, which were
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from organizations with only one location. These are
counted as repeaters. One organization had more than
three repeats. Our rate of duplicate organizations
was 3%. The respondents were from the following
industry sectors: CRO, Academia, Biotechnology,
Pharmaceuticals, Medical Devices or Other (Table I).

Table I: Responding Organizations

DEFINITION OF DATA QUALITY
The Institute of Medicine, IOM, defines data quality as “data that support conclusions and interpretations equivalent to those
derived from error free data”.6 Although this definition is precise and accurate, it is difficult if not impossible to implement,
and requires simulations to do so.7 Most likely, for this reason, definitions of data quality across the industry differ. We asked
questions to identify whether or not organizations are quantifying data quality, using predefined acceptance criteria, and if so,
the different type of the criterion that organizations use.
Figure 1: Acceptance Criterion for Critical Data and Whole
Database

Most organizations, about 70% of the respondents,
perform CRFto-database comparison audits as an
indication of data quality. In addition, 65% of those who
routinely perform CRF-to-database inspections quantify
the results, for example, in an error rate. In many
organizations, acceptance criterion are set, and a decision
is made whether or not to lock a database based on the
error rate being below the acceptance criterion.
Sixty-nine percent of our respondents that perform
CRF-to-database comparison audits use some type of
pre-defined acceptance criterion. We asked questions
to identify the distributions of different criterion that
organizations used. The most popular acceptance
criterion for overall database error rate were 0.10% and
0.50%, or 10 and 50 errors per 10,000 fields respectively
(Figure 1). The acceptance criterion for critical data was
bi-modal with 33% of the respondents using zero errors in
critical fields, and 25% of the respondents using 0.10% or
10 errors per 10,000 fields

For our respondents, on average, a database would have sufficient data quality to lock if: (1) There were no errors in critical
fields and less than 10 errors in 10,000 fields overall or (2) There were less than 10 errors per 10,000 fields in critical variables
and less than 50 errors per 10,000 fields overall.
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Simulations in the scientific literature1 have shown that where edit check programs exist, error rates in critical variables (those
used in programming the analysis) of up to 0.5%, or 50 errors per 10,000 fields caused loss of statistical power less than 2%
in most cases examined, and less than 5% in all cases. Error rates of 0.1% or 10 errors in 10,000 fields resulted in less than
1% statistical power loss across all cases examined.1 In a second simulation, for error rates ranging from 2.4% to 9.8%, the
effective power loss ranged from 2%-6%.10 These are conservative estimates because in the simulations, all of the errors were
in the analysis field/s. A third simulation by Mullooly assessed effects of error rate on attenuation of the correlation coefficient,
finding for all cases covered by the simulation, an error rate of 0.5% resulted in attenuations less than 6%.11 The results
varied in all simulations according to aspects such as extent of “Range Checking”, study sample size and assumed size of the
treatment effect. Please see the actual papers for details of the situations for which the results are applicable.
Figure 2: Quality System, Process and Product Audits

AUDIT SCOPE
A quality system audit encompasses all of the systems and
procedures within an organization that assure a quality
product. These include everything from an organization’s
quality policy and evidence that the organization has
systems in place to implement the policy, to the quality
control procedures implemented on each product. Quality
system audits are often performed to certify vendors or
as pre-award assessments. Process audits usually are
an assessment that all of the procedures necessary for
producing a quality product were performed appropriately.
Process audits often include assessments of the quality of
the actual product. In our case, the product is the CRF-todatabase comparison audit.

Table II: Process Audit Component Usage Rate
In our industry, there appeared to be variability with respect
to the type of audit performed on trials, product audits,
process audits or some hybrid. To identify the industry
practices in this area, we examined the components of
a process audit, and asked respondents which of these
components their organization performed on each trial.
From the responses, about 70% of organizations responding
to the survey, perform a CRF-to-database comparison of
each trial.
Most (77%) organizations responding to this question, (51%
of survey respondents) also include an assessment of the
trial specific documentation including work instructions,
data handling guidelines, data management plans, etc.
to assure that the required documentation is present,
compliant with organizational SOPs, and current.
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To a lesser extent, organizations include other components of process audits like completeness of training documentation,
vendor audits and compliance of trial data or procedures to industry standards.
On a more detailed level, audit scope is also a question of what data handling processes are included in CRF-to-database
comparison audits. As discussed in the GCDMP7 and elsewhere, there are multiple steps in most data handling processes.
These include documenting a patient encounter in a medical record, transcription of the data onto a CRF or other trial specific
data collection tool, data entry, identification and resolution of data discrepancies, and programming of databases and analysis
datasets. These steps occur in paper-based clinical research. Each of these steps has the potential for error.9 Depending on the
scope of the CRF-to-database comparison, the errors associated with these steps may or may not be included in the error rate.
We hypothesized that industry practices here differ also. For example, organizations performing National Cancer Institute, NCI,
funded research compare the database to the source document for a representative sample of patients at that site, across
all trials. These comparisons cover the majority of the data handling steps, and therefore have the broadest scope of the CRF
comparison audits. Most industry funded research utilizes a CRF-to- database comparison with a narrower scope, omitting
CRF transcription, but performed on a representative sample of patients from each trial.
To identify practices, we again, examined components of the data handling process including: CRF transcription, data entry,
data cleaning, and programming. The respondents indicated the following data handling processes are performed during the
quality control audit of each trial: Database Entry (84%); Query (78%), Programming (66%) and CRF Transcription errors (51%).
The majority of the responders actively included data entry and cleaning processes in their audits. Sixty-six percent of the
respondents had procedures in place to identify programming errors during a data quality control audit. A surprisingly high,
51% of the respondents identified CRF transcription errors in their audits. It was not clear if these errors were “designed into
database audit procedures” or whether the organizations had other procedures in place to compare the database or CRF to
the source documents at clinical investigational sites. In addition, organizations may have considered the source document
verification step usually performed by monitors or Clinical Research Associates as the assessment of CRF transcription errors.
However, it is clear that the majority of respondents who perform CRF-to-database audits include data entry, cleaning, and
database programming in the scope of their audit.

SAMPLE SELECTION
Audit sample selection includes both what data is audited as well as the sample size considerations. A question often asked in
the industry is, “Do you audit entire patient datasets, selected variables or both?” This is an area where practices were unclear.
For example, was all data for selected patients audited, was a subset of a patient’s data selected, or did practices include
both methods, (e.g., all data on a certain percentage of patients followed by critical variables on an additional percentage). To
more clearly understand data selection practices, we asked,
“ What type of quality inspections does your company use?”. Figure 3: Data Selection Methods
There were four mutually exclusive choices, entire patients
only, selected variables, combination of selected variables
and entire patients, or none of the above.
From the responses, it is clear that a majority of the
organizations select data for audits as a combination of
patients where all of the data are audited, and a percentage
of patients where only selected variables, for example
critical variables, are audited.
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Table III: Method for Arriving at Sample Size

There are many ways sample sizes for data quality
audits are calculated.7 Some of the more popular
methods described in the GCDMP are a fixed percent,
fixed percent within a valid range, square root of n+1
patients, square root of n+1 fields, standard sampling
tables, and having a statistician calculate the sample
size for audits. When asked how they arrived at their
sample size, 79 % of the respondents use a fixed
percent sample size. Half of those qualify the fixed
percent sample size by citing a range of database sizes
over which the fixed percent sample size is applicable
(i.e., there is adequate power for decision- making
based on the audit results, and/or the sample size
does not require unnecessary audits in the cases of
large databases).

Reportedly, there are differences in industry practices regarding sample sizes by phase of study, and between regulated and
nonregulated research. To understand the practices, we asked respondents to indicate their sample size by phase of research.
In an effort to assess comparability of industry versus other funding sources, i.e. government, professional society research
not run under an IND or IDE, we added a government funded category and a Registry / not regulated category.
Figure 4: Sample Size by Phase

Figure 5: Critical/Non-critical

Less than 10% of the respondents use a sample size above 10%. In addition, the number of respondents auditing over 10% was
non existent for government funded studies. A higher number of respondents audited a larger percentage of the data for Phase
I and Phase II trials than for Phase III, Phase IV and non-regulated studies.
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Because many organizations audit selected variables on part or on their entire audit sample, we also assessed the sample
size for critical versus non-critical variables by phase. The responses showed that a majority of the organizations audited from
1-10% of their noncritical data and >81% of their critical variables for all phases and categories of studies.
Based on the responses, a common scenario for auditing data is to sample 1- 10% of the patients reviewing all of their data,
followed by a manual review of just the critical variables on 80 or more percent of the patients. Although a manual review of
“more than a sample” of any data point is more of a data cleaning activity, it is being performed by an audit group.

THE NUMERATOR, THE DENOMINATOR AND THE ERROR RATE:
Of the organizations that perform CRF-to-database audits, 65%, said that they quantified the results of their quality inspections.
There are several components to quantifying the data quality that vary across the industry. They are definition of an error,
method of arriving at the denominator and method
Table IV: Data Tables used for Error Rate Survey Question
of calculating the error rate. To assess the industry
variability in these components, we provided an
example data listing, with errors identified and
asked respondents to calculate their numerator,
denominator, and error rate. The example data
listing was from two “tables” VITALS and DEMOG.
The example and directions appear in Table IV.

- Protocol and RecID are system generated variables.
- PtID and Site ID are entered once for each patient and propagated throughout the database.
- Visit is saved in the database according to the visti that the entry operator selects.
- Age is calculated based on DOB and Enrollment date.
- Null fields or blanks are confirmed as being left blank by sites on the CRF.
- SYABP and DIABP are data entered from the CRF.
- The X is a field that was erroneously left blank during Data Entry.
- The green text fields are confirmed data entry errors.
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Table V: Number of Errors Counted

Calculation of the numerator depends on an organization’s
definition of an error. The results in Table V below show
the percent of respondents to the question who chose
each “numerator” from a mutually exclusive list of six
possibilities and confirm the variability in the methods.

The survey question was designed to identify variability
in the counting methods. The errors created in the tables
and the directions / additional information provided
scenarios of different counting methods. For example
the patient identifier was entered once per each patient,
and marked as a field confirmed as “in error”. Some
organizations count all the data entered under the patient
as “in error” if the data were entered under the wrong patient number or if the patient number itself was entered erroneously.
Other organizations count one error for this type of occurrence. The entered field “DOB” was “in error”. Some organizations
count this as one error, while others count it as two because the derived age would also not reflect the actual age of the patient.
The field, “DIABP” was described as erroneously left blank during data entry, some organizations count this as an error just
because it is missing. We did not design this question to definitively identify counting rules, and couldn’t because of the impact
of possible errors made in taking the survey itself, and because of the number of questions we would have to have asked.
We did, however confirm that different counting rules were used by the respondents and these results indicate that industry
practices for counting rules vary.
Figure 6: Variability in Field Counting Rules (error rate
denominator)

Likewise, we hypothesized that there is a large amount
of variability in the method of counting the fields in the
denominator for the error rate. Examples of the possible
differences in the survey question were, not counting
system derived variables like “PROTOCOL” and the
record identifier in the denominator at all, counting them
only once per database, once per patient, or once per
table. Another possibility was not counting null fields.
Differently counting fields entered once per visit, but
stored in all tables was also a possibility. This question
was not designed to differentiate between the specific
counting rules, but was designed to detect variability in
counting rules among the respondents, if present. There
was not a majority of respondents that chose any method.

Some of the variety in the industry originates in the
counting of system generated fields, fields that are
entered once for a patient or patient visit, and derived
variables. For example, PROTOCOL and RecID are
system generated variables. They can be counted once
per patient, once per visit, once per study, or not at all.
The patient identifier can be counted once for the study, once per visit, or not at all. The visit identifier, which for this question
was “saved in the database according to the visit the entry operator chose to enter the data under” could be counted once per
visit, once per record, or not at all since it was not an entered variable. Some of the methods do not significantly change the
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denominator, and thus the error rate. However, differences between whether or not to count the system generated variables or
nulls can alter the error rate by a factor of two or more.
If differences in the error counting rules and differences in the denominator calculation are present, error rates using the
different methods will not be comparable. Within this survey, the error rates calculated by different organization ranged from
1% to 7% and depending on the counting rules used, may or may not be comparable. In a worst case scenario combination of
numerator and denominator choices in the survey, the error rates for the data shown in the example would have differed by a
factor of seven.

REPORTING
There are many ways to report the results of a data quality audit. One way is to
note discrepancies and provide a listing of those to the process owner. Although
the listing facilitates correction of the errors, it provides no information on the
error rate, and does not facilitate decision-making regarding the database,
and fitness of data for analysis. A second level of reporting is to summarize the
discrepancies as an error rate and report that to the process owner. Ninetyfour
percent of the respondents produce a report of the audit results.

Figure 7: Communication of Error Rate in
Clinical Study Report

The highest level of reporting is to provide the database error rate in the
Clinical Study Report for those reviewing the data. Only 23% of the respondents
provided their database error rate in the Clinical Study Report (Figure 7).
In conclusion, this survey represents the current practices of the 93
respondents. Although survey results may not be generalizable to the Clinical
Trials industry, it is our hope that providing a sampling of industry practices is
helpful to our membership.
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Spring 2005

by Paul Wilds, Genentech

Many of us in data management view
our industry as a small, well-connected
community and often tend to think
of our work colleagues as “family.”
Personally, I have had the opportunity
to work with some of the same
people at different pharmaceutical
and biotech companies over the past
several years. Organizations like
SCDM have provided me the chance to
connect and network with colleagues
with whom I have established close
relationships. And I discovered just
how important it is to nurture these
relationships while attending the 2004
SCDM fall conference in Toronto.
Seated from left to right: Jose Dorotheo, Emily-Anne Santos,
Paulynn Dorotheo-Hein, Paul Wilds, Carla Dorotheo
Standing from left to right: Dorothy Dorotheo-Africa, Melinda Dorotheo

During the conference, I overheard
some fellow attendees describing a
particular table at lunch where many
of the people seated were all related. I
was surprised to learn that one of the
members at the table was a former work colleague of mine. Dorothy Dorotheo-Africa and I have worked together at two
companies over the past few years. I discovered that Dorothy has several family members who all work in the industry.
Currently, Dorothy is the Director of Data Management at Intermune, Inc. located in Brisbane, CA. Her sister, Emily-Anne
Santos, is a consultant with BioPharm Systems located in San Mateo, CA. Another sister, Paulynn Dorotheo-Hein, is the
Associate Director of Clinical Data Management at Clinimetrics, Inc. located in San Jose, CA. Dorothy’s sister-in-law, Melinda
Dorotheo, is a Manager of Clinical Data Management at Icon Clinical Research located in Redwood City, CA. Jose Dorotheo,
Dorothy’s brother, is a Data Entry Specialist II, also at Icon. Dorothy’s niece and Melinda’s daughter, Carla Dorotheo, is a
Clinical Data Associate II at Novacea Inc. in South San Francisco, CA.
So what’s it like to have so many members of the family working in the same industry? “The best part is that we can use each
other as resources,” explains Dorothy. In fact, everyone agrees that the most attractive aspect of pursuing a career in data
management was having other family members available as “sources of experience.” And the family members have a wealth
of experience to share with one another. Three members of the Dorotheo clan, Dorothy, EmilyAnne and Melinda, began their
Data Management careers at Syntex. Dorothy has over 23 years of experience in the industry and was the first family member
to pursue data management as a career. Emily began working in the industry in 1989. Melinda started her career in data
management in 1990. Paulynn has 6 years and Carla has 5 years of experience in the industry. And Jose just began working in
the industry in 2004.
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Outside of work everyone is very close. The family members often participate in brainstorming sessions regarding data
management issues at family gatherings interspersed with party games and karaoke marathons. Throughout all of their
discussions, they are very aware of the proprietary and confidential information that each family member has from their
respective companies. And I discovered that having “family” in the same industry can create efficiencies when attending
conferences, where generally there are options for multiple family members to attend different track sessions. However, there
are some disadvantages. “ We would never want to be accused of nepotism,” explains Emily. And no one has had a professional
reporting relationship with another family member. In fact, professional relationships can become quite complex. Emily’s
former boss is Paulynn’s current boss. “ There is definitely constant pressure to live up to the family’s reputation,” admits Carla.
In an industry in which reputation is critical, the family members have an extensive network of colleagues that they use to
assess potential candidates for industry job opportunities. If you believe in the notion of “six degrees of separation,” there’s a
very good chance that you may have worked with one of the members of the Dorotheo clan. Or you may know someone who
has. They’re a great example of why it is so important to establish and continually maintain high professional standards and
relationships within the industry. After all, you never know when your paths may cross with “family.”
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The Impact of Technology and Standards on CDM

Summer 2005

By Don Rosen, Principal, Don Rosen Consulting

“ The abdomen, the chest, and the brain will forever be shut from the intrusion of the wise and humane surgeon.” — Sir John Eric
Ericksen, British surgeon, appointed Surgeon-Extraordinary to Queen Victoria 1873.
“I have traveled the length and breadth of this country and talked with the best people, and I can assure you that data processing
is a fad that won’t last out the year.” — The editor in charge of business books for Prentice Hall, 1957
“ There is no reason anyone would want a computer in their home.” — Ken Olson, president, chairman and founder of Digital
Equipment Corp., 1977

On the other hand, in 1980, technological and economic experts predicted such things as microcomputer brain implants by
1992; artificial kidney implants by 1994; cancer cured by 2002; double digit inflation through 1999; controlled fusion by 1995; a
cure for aging developed by 2010; and telepathy used for some types of communication by 2005.
We are, individually, spectacularly bad at predicting the future – particularly where technology is concerned. However rather
than relying on individual opinions, brainstorming and collaboration by a group of experts (the Delphi approach) can usually do
better, especially if those involved are actually the people who will be impacted.
As Peter F. Drucker said: “ The best way to predict the future is to create it.”
With this in mind a group of 40 visonary practitioners of Clinical Data Management gathered in Atlanta on March 15 and 16 to
take a shot at predicting the future of CDM. One stream of effort was to predict the impact of new technology and standards in
the near and longer term on the practice of CDM. Four separate groups met to brainstorm on these likely changes and their
effect on the basic value chain of CDM.

METHODOLOGY
Each group’s participants were asked to list the basic processes – at a very abstract
level – involved in CDM and then to individually “BrainWrite” a set of predictions and
share them with the group by categorizing them according to whether they were
related to basic science, information technology, or data standardization. The group as
a whole then categorized the predictions based on the level of impact and the length of
time before the impact was felt. Happily, there was considerable agreement across the
groups on the highest impact changes, though with some differences in emphasis due
to group makeup and focus.

DATA BASICS

Fall Special Edition 25 Years

▶

42

RETURN TO COVER

▶

The Impact of Technology and Standards on CDM

SPECIFIC PREDICTIONS
There was consensus on the following observations and predictions:
Science – Short Term
• Data Managers will need a holistic understanding of the intent of studies to better manage the end-to-end process and the
definition of data points
• Computerized discovery will greatly increase the number of new compounds
• Changes in science continually produce new types of data points which will drive changes in standards and repository
structures
• New technologies and diagnostics will change the fundamental ways experiments are defined and what data are collected
• Combination therapies will change the way experiments are defined
Science – Future
• New approaches such as stem cell research will drive new ethical practices
• Adaptive clinical study design will require innovative DM processes and data aggregation from end-to-end
• Non-invasive medical devices will allow reduced rigor in trials
Standards – Short Term
• HL7 and CDISC standards will be mandated and drive internal database standards
• Standardized processes within a franchise across operating companies will be common
• Increased use of standards will:
• reduce data cleaning effort
• standardize analysis processes
• reduce data transformation/integration/validation
• reduce statistical programming, setup time, validation
• Protocol templates will speed and standardize startup processes
• Data manager skill requirements will be impacted by the increased use of CDISC:
• as CDISC standards drive the design of databases, data managers will need to become proficient in these standards
• data managers will need relational DB knowledge and skills
• data managers will need to learn HL7, and controlled terminologies
Standards – Future
• Conversion of legacy data to standards, while necessary, will require significant effort
• Data definitions for genomics, proteomics, etc., will be needed
• With standards, protocol development will lead directly to data collection and repository design
• Open data interchange standards will allow “plug and play” software
• Effective training will be based on standard training modules which are online, individualized, and adaptive to user needs
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IT – Short Term
• Data collection will increasingly trend to EDC
• EDC will:
• replace many present job functions in data entry and data management
• cause data managers to be more involved in the conception phase of the process
• reduce DM focus on data cleaning and allow focus on medical trends and data integration
• reduce the cost/time for data cleaning and time to database lock
• enhance the need for data security and validation of systems at investigator site
• Hybrid data collection optimized to site needs will enhance site participation and enrollment
• Imaging will link directly to the clinical DB, creating linked DB screens
• ePro will change the way data is collected and organized
• Internet-based studies will raise new “data” issues regarding integrity/quality
• Standard data repositories will reduce validation efforts
• Data warehousing:
• will provide the ability to mine data and report on NSAEs for all studies
• will drive data accessibility across development programs
• Data mining will help discovery of new indications for existing therapies
• Data managers will use cross-study repositories for data mining for study design
• Technology will increasingly expedite integration of data from multiple sources/formats
IT – Future
• EDC will allow for blinded views of data trends which can alter direction of analysis during a study
• Leveraging metadata and technology will automate processes from data point definition through analysis
• The National Health Info Network will revolutionize data collection and repository design
• The majority of data will be collected at source though EHR, ePRO, eSource, etc.
• Increased use of (spell out whatever EHR stands for here) (EHR) will increase amount of data integration required
• To leverage EHR data, DM will need skills to work with HL7 device vendors and hospital IT staff
• Data repositories will consist of all trials for all compounds. May provide direct access by FDA and possibly the public
• Open source systems will provide for enhanced interoperability

CONCLUSIONS
Considerable consensus was achieved on several broad issues related to the emerging trend for multiple collaborators
(investigators, patients, other physicians, EHR systems) to manage clinical data from the point of care, to regulatory submission,
and back to the clinic in an integrated fashion:
• Data standardization allows new mechanisms for expediting data collaboration along the research to healthcare continuum
• Evolving industry standards and tools allow the standardization and dis-aggregation of functionality across systems and
organizational boundaries
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• The trend to collecting data at the point of care, or directly from the patient will accelerate
• The availability of centralized aggregations of data opens the possibility of new kinds of cross-study and cross-sponsor data
analysis and mining for purposes beyond submission
• Clinical Data Managers will increasingly move from being creators of databases and cleaners of data to a holistic involvement
in the design and operation of the mechanisms for defining and aggregating data to support proving a hypothesis by collecting
data from multiple and ever-changing sources from both inside and, increasingly, outside the research community.
They will need new skills and training to effectively deal with this new job description.
“Two basic rules of life are: 1) Change is inevitable. 2) Everybody resists change.” (W. Edwards Deming)
It’s clear that there have already been many changes recently, but much remains to be done. The impact on the day-to-day
responsibilities of Clinical Data Managers and their required skills will be great over the next five years. This will be challenging
to a relatively conservative and highly regulated industry.

“Inventing the future requires giving up control. No one with a compelling purpose and a great vision knows how it will be
achieved. One has to be willing to follow an unknown path, allowing the road to take you where it will. Surprise, serendipity,
uncertainty and the unexpected are guaranteed on the way to the future.
For those who insist on clinging to traditional ways of looking at the world, change will continue to come so fast and in such
unexpected forms that the future will no longer be a desirable place. But for those who are willing to move ahead with conscious
awareness of the natural laws of change, the future offers unparalleled opportunity to reshape our lives, our organizations,
and our world, into what we want.”
(George Land, Breakpoint and Beyond, Mastering the Future – Today)

I believe the members of the SCDM count themselves amongst those who are eager to move ahead.
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Purpose-Driven Data Management

Fall 2006

By Jonathan R. Andrus, M.S., CQA, CCDM, VP, Quality Assurance and Clinical Data Management, Phoenix Data Systems, Inc. and
Jim Dorsey, Director, Marketing, Phoenix Data Systems, Inc.

A variety of external factors are redefining the traditional role of data management – some have even suggested that data
management is doomed as an occupation. To that I say, “Hold on a second.”
A thousand articles have been written about managing change in one’s career, but let’s narrow the focus to the specific issues
and options faced by today’s data managers.
The major factors causing this shift are off-shoring or remote data management, eClinical technologies, and cost and time
pressures (the weight of each varies by organization.) As a result, the new skills required to succeed in this environment are
solid communication (particularly electronic), people management, team-building and project management. More and more
frequently, trials are conducted with partners and service providers that are off-site, even halfway around the world. While
some of the old skills may disappear altogether, data managers need to adopt their existing skill set to eliminate that perilous
“sole reason for my existence” notion.
Let’s start with an easy hypothesis. Success is a function of planning. You wouldn’t suggest that good trials are run ad hoc. Take
the same approach for your career. A couple of fundamentals to ignite thinking:
• Join professional or trade associations (like SCDM)
• Subscribe to trade/industry publications (and read them!)
• Develop mentor relationships
• Continue to learn
So what’s at stake here? If you’re an SCDM member, probably a lot. And it’s difficult to be successful if you feel threatened, or
are unclear on what you’re supposed to be doing. Now is the time to re-establish the value proposition for data management
within your organization. You can choose to take an active role, or to let it happen to you. I suggest actively clarifying your goals
(either way) to reduce stress, focus energies, simplify decisions and prepare for success.
The next steps require an even more proactive approach. I’m partial to “managing one’s career with style and grace.” This
phrase is borrowed from Dr. Barbara Moses, author of What Next? The Complete Guide to Taking Control of Your Working Life.
In her book, she offers strategies for assessing one’s strengths, needs and values to make the right choices at the right time,
and figuring out what to focus on and what to give up (for good reasons). These strategies are:
1. Know yourself
2. Make appropriate decisions for your age and career stage
3. Recognize crossroads

KNOW YOURSELF
We each bring a unique combination of personality, preferences, talents, values and needs to the job. Be honest - what is most
important to you? What do you like or dislike about your work?
If disorganization is the bane of your existence, consider bulking up on project management (reading, training, opportunities
for growth). Many companies are moving toward a virtual world of Functional Service Providers (FSPs). These are specialized
partners that are plugged into projects as required, according to the phase of the project and necessary expertise. Data
managers can leverage their intimate understanding of the clinical trial process and attention to detail to become outstanding
project managers.
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If you’d rather look at a CRF than deal with people, master the technology for future opportunity – system validation, study
builds, edit check specs and audit skills will grow as eClinical expands—and many of these tasks are difficult to do remotely.
Adoption of new technology has the potential to change all aspects of clinical data management and how it is accomplished in
clinical research. These technologies offer new ways of organizing, new processes and more holistic ways of getting clinical
data ready for analysis. Getting to database lock faster means learning to utilize new tools.

MAKE APPROPRIATE DECISIONS FOR YOUR AGE AND CAREER STAGE
Moving forward successfully means acknowledging the special challenges of each stage and the time required to execute your
plan. If you’re in your 20s, formal education is a great investment, but may not be if you only plan to work for another 10 years.
Take the time to focus on internal considerations, on what you really want. That can often supply the drive necessary to do the
hard stuff. Make sure that you’ve chosen an appropriate mentor if you’re redirecting completely, make allowances if you decide
to refocus on emerging skills or mine dormant ones in your repertoire.

RECOGNIZE CROSSROADS
Are you bored? Happy? Scared? Dissatisfied? If you love what you do, make sure to practice the fine art of “managing up.” Make
sure that what you do is recognized and appreciated. And don’t forget the unique qualifications of the incumbent (you).
Conversely, does your work have a foreboding predictability to it? If so, it may be time for a change. The next question is, which
way you will choose to manage it.
To make the best possible choices, understand as much as you can about your organization’s plans and the industry. Train
constantly – not all training needs to be formal, but all training should not be OTJ (on the job). Chance favors the prepared.
Participate. The saying, “chance favors the prepared” is greatly enhanced if you see the opportunity first! With planning and
purpose, it will be easy to overhaul obsolete goals and get past inevitable reversals.
Forward-thinking data managers will continue to be invaluable contributors in the growth and success of clinical research. Be
one of them!
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A Risk Based Approach for Assessing
Data Quality

Winter 2007

by Kit Howard

INTRODUCTION
There is a long-standing mantra in the world of industry-sponsored clinical trials that data must be absolutely clean before a
database is locked and an analysis conducted. Tremendous time and resources are devoted to ensuring the quality of the data,
both at the site and after the data are entered into the database. Data are checked for accuracy, completeness, consistency
and so on, all in the pursuit of ensuring “quality data,” but few organizations have defined what they mean by “data quality.” Is
quality an absolute or relative attribute of the data? In other words, is it possible to achieve “clean enough” data, or is the quest
for quality destined to be open-ended?
In 1999, the Institutes of Medicine (IOM) conducted a round-table workshop on data quality that defined quality data as “data that
support the same interpretations and conclusions as those derived from error-free data.”(1) According to this definition, errorfree data is not required. It must only be “clean enough.” The FDA, in its Critical Path Initiative, is encouraging all participants
in clinical research to apply carefully considered risk models in order to speed the development and marketing of new drugs.(2)
This recommendation was confirmed at the May 2007 FDA/DIA meeting “Defining and Implementing Quality in Clinical
Investigations from Design to Completion,” where Janet Woodcock, the Deputy Commissioner for Operations at the FDA, stated
that she is strongly encouraging all parties conducting clinical research to recognize that quality is a “system” characteristic,
and that quality cannot be inspected into a trial but instead must be designed into the process.(3) She proposed that researchers
should prospectively define the required level of quality, measure the quality achieved, and present both the plan and the
results as part of the research report.(4) Thus far, little has been done to apply these principles to cleaning clinical research data
after site monitoring has occurred. Combining the IOM definition, the Critical Path Initiative’s perspective, and Dr. Woodcock’s
comments provides a good foundation for developing a risk-based approach to achieving data quality.
There is a signifi cant body of knowledge on cleaning individual data points. Site monitoring ensures that data have been
accurately transferred from source documentation to the data capture tool (e.g., CRF or EDC). Edit checks identify outlying
illogical and implausible values and check for consistency between data values (e.g., comparing systolic to diastolic blood
pressure values). These checks typically occur throughout the study, and are well-suited for identifying random and fairly
obvious errors in the data.
However, these random errors may have little or no aff ect on the results of the study. By defi nition, statistics is the art and
science of making reliable generalizations about variable data, and as random data errors are equally likely to occur in any
treatment group, the main eff ect of these errors is to increase the variability of the data. While such errors do decrease the
power of the study, they are unlikely, in moderation, to change the outcome of most studies.
The more serious threats to study data are less obvious, where individual data values appear plausible but contain systemic
patterns of errors. Systemic errors can be due, for example, to site personnel misunderstanding how to administer a measure,
misinterpretation of protocol requirements, or even to data falsification. In these cases, traditional data cleaning tools will not
identify the issues because each subject’s data is internally consistent and accurately reflects the source documents. While
some of these problems are identified by statisticians as they prepare the data for analysis, this review typically happens very
late in the study, or even after database lock. If these issues were identified earlier in the study, it might be possible to take
corrective action at problem sites or replace them. If the problem is occurring at multiple sites, corrective action can save the
entire study.

DATA BASICS

Fall Special Edition 25 Years

▶

48

RETURN TO COVER

▶

A Risk Based Approach for Assessing Data Quality

Examples
Detecting these systemic errors requires a very different approach than traditional within-subject data checking. In this
approach, data are aggregated and compared across sites, time, geography, or even monitoring or data management
personnel (e.g., excessive queries being generated by one data manager). Unusual patterns can then be identified and further
investigated. Many types of data lend themselves to such analyses, including subject data such as adverse events (AEs) and
survey scores, and also administrative data such as visit dates, query rates and even system login times. Figures 1 through 4
illustrate some examples.
Figure 1: Unusually Few Events
Figure 1 char ts the mean number of adverse events
recorded per subject at each site. Sites 1 through 10 are
represented on the x axis and the means are on the y axis.
The shaded band represents the mean plus and minus 2
standard deviations; values outside this range are unlikely
to happen by chance. While a certain amount of variability
is expected, Site 8 has a suspiciously low incidence of AEs.
Perhaps the site has an unusually healthy population,
or it is not querying the subjects closely enough about
possible events, or it may misunderstand which events
are supposed to be recorded. Regardless of the reason, it
is a clue that Site 8 is different and should be investigated.
Figure 2 approaches variance from a different perspec
tive. Based on the date of Visit 1, it looks at the difference
between subsequent visit dates per protocol schedule and
actual visit dates. For example, if Visit 3 was supposed to
occur on Study Day 25, and the actual visit occurred on
Study Day 30, the difference is +5 days. Taking the mean
differences for all visits for all subjects at a site and
plotting them with their standard deviations gives a good
indication of how well the site adhered to the protocol
schedule. If there is too much variation, the site’s data may
not be comparable to other sites. Too little may indicate
that a site drew its subjects from an immobile population
such as a retirement community, or it may suggest that
the data are not reflective of what really occurred.

Figure 2: Unusually Low Variability

Figure 3: Unusually Regular Times of Data Entry

Figure 3 is a plot utilizing study “meta-data”, or data
about the data. In this case, it shows the times at which
diary data were entered into a handheld device. The
subjects are on the x axis, and the time of entry is on the
y axis. In Example 1, the entry times are fairly random,
whereas in Example 2, each subject’s data were entered
within a few minutes of the previous subject. If the
subjects were supposed to enter the diary data between
visits then this pattern would be suspicious, but if they
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completed paper diaries and the coordinator entered the
data it might be expected. This example illustrates why it
is important to investigate findings with an open mind and
not draw conclusions prematurely.
Figure 4 illustrates the range of Hamilton Depression
Scale scores at baseline at ten sites. The subjects at
Site 10 appear to vary widely in depression severity,
whereas those at Site 6 are clustered in a very tight
range. Depending on the eligibility requirements and
the structure of the study hypotheses, these anomalies
may or may not be an issue. Again, some variability is
expected, but too much affects the power of the study.
The low variability at Site 6 may suggest that the scale is
not being administered correctly, or perhaps subjects are
being selectively included based on their disease severity.
In cases like this, the decision to investigate further is a
judgment call and should be based on the importance of
the data to the study (e.g., primary endpoint vs. eligibility
criterion), the results of other data examinations, and any
other factors that shed light on the patterns.

Figure 4: Unusual Distributions of Rating Scores

Implementation
Analyzing every systemic aspect of the data could rapidly
become overwhelming. Each study has many data points,
each of which can be evaluated many ways. When combined with traditional data-point cleaning, the cost could become
prohibitive. If, instead, a risk-based approach is adopted, efforts can then be focused on detecting the issues that are potentially
the most damaging.
Risk can be thought of as the combination of the likelihood of an event and its impact if the event occurs. In the context of
clinical trials, the likelihood of data errors is largely dependent on the data collection methodology (e.g., paper, electronic or
automatic) and upon the complexity of the data. The impact of the errors depends on the role of the data in the study and how
common the errors are. The consequences can range from skewing the analyses and damaging the credibility of the study, site
or sponsor, to putting subjects at greater risk of harm, to jeopardizing a study, the NDA or even multiple NDAs.
Data in clinical trials can be categorized into domains, that is, groupings of interrelated information such as adverse events,
scored assessments, or lab results. Most studies require the collection of numerous domains, and not all are equally important.
Some domains are primary in that they provide direct evidence for the study’s central hypotheses and for subject safety.
Other domains are secondary, providing information that is analyzed but is not key to the central hypotheses. Examples might
include concomitant medications or secondary efficacy measures. Finally, there are tertiary domains that are collected for
administrative or other reasons, such as physical exam data, subject diaries, or non-pharmacological treatments.
It is important to note that a given domain can play different roles in different studies. For example, a depression scale may be
an eligibility criterion in one study, in which case it would be tertiary, but a key efficacy parameter in another, making it primary.
The same errors in the data would have very different implications in the different studies.
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Figure 5 suggests an approach for determining the risk of
different data types and determining how to handle them. The
columns represent the likelihood of errors. The rows represent
the domain types as defined above. The cells identify the risk of
not cleaning the data thoroughly, remembering that risk means
the chance of affecting study conclusions or subject safety.

Figure 5: Risk Levels by Event Likelihood and Impact

At the extremes, for primary data where there is a high likelihood
of error, the risk of not cleaning the data is high, whereas for
tertiary data where there is a low probability of error the risk of not cleaning is low. These are obviously the easier cases, with
the former demanding greater attention than the latter. The more difficult cases are where the likelihood of errors is low in
primary data and high in tertiary data. If errors occur in the primary data, they are likely to have a disproportionately large
effect. Conversely, the industry is generally very uncomfortable with presenting dirty data, including tertiary data, even if
there is no impact on study outcomes or subject safety. For this reason, utilizing a risk-based methodology and providing clear
documentation of the decisions is critical.
As is the case with most changes, there are some challenges to adopting these methods. While statisticians have used some
of the above techniques to identify problems in the study database, they are not typically involved in data review early in the
study. The data managers and monitors who review the data are not usually trained in statistics and are not familiar with
these methods, so implementation will require a degree of cross-functional cooperation that is awkward for many companies.
In addition, given that there are many data points in most studies, and many ways to examine them, implementing the above
approach could rapidly become overwhelming. A risk-based methodology will assist study teams in choosing the checks that
most effectively manage the risks.

CONCLUSION
Applying this type of risk-based approach to assessing the quality of study data has numerous benefits to both sponsors
and sites. Early detection of problems allows for timely interventions to retrain, change processes, or take other actions to
minimize the consequences. It permits monitors and data managers to focus their attention on quality assurance activities
that identify significant threats to subject safety or data integrity, rather than concentrating on reducing the “noise” in the data.
Finally, if no problems are detected, then it significantly increases confidence in the data, while streamlining processes and
reducing study costs, all of which serve to deliver more cost-effective treatments more quickly to the patients who need them.
AUTHOR’S NOTE
Thanks are due to Alec Vardy of CV Therapeutics for providing the examples in Figures 2 and 4.
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Securities and Exchange Versus the Pharmaceutical
Industry Methods of Data Warehousing

Spring 2008

By Arthur R. Shaw MS Pifzer, Inc.

The SCDM survey noted the request for additional perspectives from other industries steeped in the practices of data
managment. Well you asked for it, so you got it! As good fortune would have it, there are several major insurance companies
and investment firms in the New England area. Over the last few years, I have had the opportunity to meet and discuss the issue
of data quality with folks that either still work or did programming support for the insurance or investment industry. During
this time, I’ve noted bits and pieces of information regarding procedures and philosophies. Unfortunately, this framework does
not represent a complete picture of the market place, but may picque your interest in finding out more detailed information.
Technology
The technologies are generally the same as any other major global corporation dealing with large amounts of information.
There is generally a large data warehouse that is fed by supportive systems. In order for the data warehouse to function
effectively, it has a number of “lookup tables” that map the variety of internal sources to one normalized information repository.
Examples of information that require mapping/normalization are financial risk data, cash or stock transfers, and tax evaluation/
payment information. The central data warehouse then acts as a sophisticated reporting and browsing tool designed to forward
aggregate information back to the clients or assist senior management in decision making.
The types of systems supporting the central warehouse range from “old mainframes” to more modern web based data marts.
The major firms in these industries transfer financial information such that “every dollar never rests.” As fast as the cash
comes in, these funds are transferred out for further investment. This ensures a healthy return on investment for the client
financial companies.
Intercommunication Amongst Investment Firms
Most business systems in the investment industry are, at the most, only one day behind “real time” data collection. This is
possible because the firms have an extensive amount of standardization to communicate between financial institutions. The
messaging system used by the banking industry is called the S.W.I.F.T. messaging system. It is based on the International
Standard ISO 15022. If a financial institution wishes to be involved with international banking, then it must be compliant with this
standard. It must also commit to maintaining all revisions to the standard as well. Below I listed a bit of historical information
on the standard from its website.
“International Standard ISO 15022 was prepared by Technical Committee ISO/TC68, Banking, Securities and Related Financial
Services, Sub-Committee SC4, Securities and Related Financial Instruments. It replaces the previous standards for electronic
messages exchanged between securities industry players, ISO 7775 - Scheme for message types and ISO 11521 - Scheme for
interdepository message types.”
Reference Web site: http://www.iso15022.org/
The website also notes a variety of security international standards and other background information. In fact, it also notes that
United Nations endorsed the same messaging standard as well for its business transactions.
An important goal for this immediacy in the banking industry is to identify ‘preferred customers’ and offer them a rebate
for either volume or repeat business. The preference equates to rebates saving the investment firm thousands of dollars in
transaction fees. The consequence of a securities and exchange firm overlooking their commitments in rebates, may end
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up with payment of the rebate plus interest back to the client. This means that there is little tolerance for discrepancies in
transfers. As one anonymous source noted, “we only have a $50.00 tolerance for discrepancies in very large transfers. We are
also obligated to identify the aberrant transfer within 24 hours and reconcile within three days”.
How Information Management fits into such a “perfect picture”?
Obviously, things go wrong in the transfers and internal reporting within the banking industry. Some of the items noted below
represent some examples of difficulties in the industry. I also attempted to liken these issues to things that occur on a regular
basis in a clinical trial.
Signature to Cash Transfer (Serious Adverse Event reporting versus Adverse Events)
Certain financial agreements require a signed contract. The problem with the contracting process is that these agreements
must be reviewed by both parties’ legal divisions before the funds will be approved for transfer. In this circumstance, the
contract could be received on Monday and noted as “enacted” by the legal division’s business system, but the financial
transaction system receives the funds three days later. The remedy for this issue is the reconciliation of the raw data from both
systems in order to ensure quality.
This kind of issue most certainly reminded me of the asynchronous reporting of Serious Adverse Events into the SAE monitoring
systems versus it’s actual collection in the clinical database. Generally, the SAEs are forwarded to the SAE database prior to
its transcription to the AE page and entry into the clinical database. This is particularly true in paper studies where data entry
may be delayed until the pages are forwarded after a monitoring visit. When this occurs there is nothing more beneficial then
to review the raw data from the independent systems to ensure that they agree with each other.
Time Scale Issues (Laboratory Data)
Another issue that merits review is the issuance of fund transfers close to the end of the business day. For example, the
financial institution called “Little Bank” transfers 100 shares of common stock to “Big Bank” on July 3, 2007 at 4:59 pm. Big
Bank picks up the transfer and assumes it is completed on that day. Unfortunately, Little Bank only transfers 50 shares that
close to the end of the work day and 50 more shares on July 5, 2007 at 8:01 am. These types of issues need to be identified
within a very short amount of time and the discrepancy explained. If these issues are not surfaced and explained then interest
and penalties could accrue. This could undermine the profits between the security and exchange bank and the investment firm
or lending institution.
This example reminded me of laboratory data. It can be problematic when we receive the hematology results from a laboratory,
but they neglect to send the serum chemistry on the same day (or even the same month!). Teams can usually figure out the
data is missing, but the longer it is outstanding the more difficult coordinating the retrieval. In addition, it is not uncommon in
oncology to be closely monitoring a serum chemistry result per the FDA or at the request of a data safety monitoring board.
Failure to surface the information in a timely fashion could undermine the FDA or a monitoring board’s faith in the conduct of
the trial. As a result, more extensive reporting requests could come from the clinical customers to address the concerns of
the clients (in this case the FDA and/or DSMB).
Identifying Investment Firms in Aggregate versus Branch Locations (Investigators with sub investigator sites)
Commercial banks have many locations. For example, Morgan-Stanley has large commercial investment firms throughout the
world. Though senior management will want to know the total amount transferred by Morgan Stanley proper, other support
groups may want to know the details in a bit more granularity. For example, did Morgan-Stanley in Japan invest the most money
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in transactions with the securities and exchange firm or was it Morgan Stanley in New York? This information is essential for
middle managers charged with requesting and allocating resources locally and abroad.
For a clinical trial, the challenge for teams is appropriately paying for subjects recruited and enrolled in the trial. Occasionally,
there are complicated investigtor and subinvestigator relationships we must understand in order to allocate funds correctly to
the sites, especially, if an investigator treats patients across multiple sites.
Immediacy of Data
It is difficult to say if the data collection that occurs in clinical trials could become as immediate as it is in the financial industry.
We definitely have a long list of internal and external clients that really need the information to assist in decision making. The
more immediate the arrival of information the better chance of successfully completing the trial in a timely fashion. However,
this must always be balanced with ensuring its quality.
Clinical team decisions must be made on accurate, correct information. In addition, there are trial designs dependent upon
clear accurate information in order to keep a trial moving forward. As Dr. Eve Pickering, Ph.D., a statistician at Pfizer Global
Research Development, noted while assisting me in reviewing the article on adaptive trial designs, “Actually, an interesting
approach would be to discuss how IMPORTANT data quality and quick data turn around is when implementing an adaptive
design. If you are using study data real-time to influence the conduct of the trial, then it is essential that you have good, clean
data quickly – data errors found after the study design has been updated could have serious negative impacts on the trial.”
I am a huge advocate of eCRF tools and hope that they mature and function as efficiently and effectively as the data collection
and transfer processes within the banking industry. I also look forward to the day when the transfer of a PET scan evaluation,
questionnaire or even demographics information is based on a robust international healthcare standard. Regardless of the
method, there will always be the need to have skilled competent professionals managing the data and guaranteeing a clean
accurate database.
Traditional Trials
In the clinical world, a standard tradition is to run two sets of separate clinical trials between Phase I and Phase IV of the drug
development cycle.
Traditional trials are those in which the subjects are randomly allocated to either of the treatment groups per the pre-determined
sample size and generated randomization schedule. One needs to wait until its completion for the outcome of the study.
Since there is excessive administrative time delay between terminating Phase II and activating Phase III, in some situations, it
might be more efficient to run one integrated Phase II/III trial. Traditional trials thus fail to interpret\foresee the risks\ changes
that are likely during the course of the study. Looking into the above, a need for a change in the clinical development paradigm
is inevitable. Here are some objectives for this paradigm shift:
• Increase efficiency of the trials.
• Increase quality of the trials.
• Reduce costs of the trials.
• Reduce cycle times of the trials.
• Improve consistency in drug development until the marketing cycle.
• Increase success rates of clinical trials.
• Improve decision making during the trials.
• Eliminate the time between closure of one phase and the initiation of the next phase. This time is called “white space.”
Adaptive trials are about reducing this white space.
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A Brief overview of Adaptive Trial Design
An Adaptive Design (AD) is referred to as a clinical trial design that allows modification to some aspects of the study after
initiation, without undermining the validity and integrity of the trial. A clinical trial typically involves multiple endpoints such
as efficacy, safety and cost. A single measure called a utility index (u), a weighted average which summarizes the effects of
major efficacy and safety endpoints, is devised. This index is re-assessed continuously during the trial. Decisions regarding
adaptation rules are then done based on the utility/futility rates.
Some adaptation rules and decisions:
• Sample size re-estimation.
• Adaptive randomization or treatment allocation ratio re-estimation.
• Looking into the dose/treatment arms (i.e. dropping inferior or adding arms).
• Early stopping due to efficacy or futility.
• Adapting hypothesis (i.e. patient population characterization; entry criteria can be reviewed during the process).
• Observational scheme can be introduced.
• Stages of the experiment may be subject to analysis and change.
Current Areas of Application of Adaptive Trials in Various Indications
Oncology, Migraine, Lupus, Sepsis, Diabetes, Obesity, Stroke, Spinal Cord, HIV, Hep- C, Pre-term Labour, and Constipation
Example of Adaptive Trial- A Two stage Adaptive Design with dropping losers
The trial has 5 arms with 4 different doses of the new drug and a standard drug.
1. A
 ssume that 50 subjects/arm (fixed randomization rate) are enrolled at Stage I. One of the ways of setting a pre-specified
decision rule for the utility index is to decide that a group is inferior and worthy of dropping. If the maximum difference in
the utility index between the most effective group and the least effective group is larger than 0 with the lower bound of the
confidence interval being larger than or equal to 0, then the least effective group is dropped.
2. If we drop up to three doses (for futility) after applying the above rule, we estimate the sample size for doses continuing
to Stage 2. We base the sample size increase on conditional power (which is the probability given the interim results that
statistical significance will be achieved at the end of the trial), for the arm that is performing the best at the interim analyses.
3. W
 e enroll the required number of patients for Stage 2.
4. At end of Stage 2, we identify statistically significant doses using appropriate adjustments for adaptive changes in sample
size and multiple comparisons.
Advantage of Adaptive Trial over Traditional Design
One advantage of the adaptive versus traditional trial is that the adaptive design allows a scientifically predetermined outcome
to be measured and randomization to be allocated proportionally and specifically towards patient populations that are enriched
by the characteristics likely to predict a positive outcome for the study.
What would this mean for a patient with cancer? The benefits could be that fewer patients are exposed to the less effective
therapy. Presumably, more safety information can then be collected from the more effective therapy. It may also require that
fewer patients be studied overall before determining the statistical and clinical significance of a therapy.
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Goal of Adaptive Clinical Trial
According to proponents of the method, the goal of adaptive clinical trial designs is to learn from the accumulating data and
apply what is learned as quickly as possible. A clinical trial design which combines objectives which are traditionally addressed
in separate trials into a single trial is called a seamless design. A definition for Adaptive Seamless Design is: A seamless trial
in which the final analysis will use data from patients enrolled before and after the adaptation. This combines dose selection
and confirmation into one trial.
Seamless study design means there is no gap between studies or interim based revision of a single study or also the elimination
of white space. Companies are beginning to blend the concept of adaptive designs by combining the goals of Phase IIb (doseranging in patients) and Phase III confirmation trials to what is being called ‘seamless adaptive’ trial designs. This type of trial is
attempting to be even more time-efficient, but may have enhanced risk for drugs where less prior knowledge exists. Although
dose selection is the most common Phase II objective, other choices could be made (e.g. food-interaction, druginteraction).
All data from the chosen group and comparator are used in the final analyses. Appropriate statistical methods must be used.
Design and Analysis of Seamless Phase IIa/IIb Dose Finding Designs
The search for an adequate dose involves a complex series of decisions in developing a clinically viable product. There should
be a unified strategy for designing and analyzing such dose finding studies by using a combination of multiple comparison
procedures and modeling techniques such as the following:
• Establishing proof-of-concept (POC) and searching for the optimal dose using contrasts; the multiple comparisons approach
in Phase IIa.
• Dose-response modeling as an alternative approach.
• Combining multiple comparisons and modeling approaches into a unified framework.
• Evaluating and comparing the different dose finding approaches.
A seamless trial combines all of the above types of clinical trials, without pausing to recruit subjects from the same centers.
Benefits of Adaptive Trials (AD) include the following:
Comparison of adaptive trials with traditional designs will improve the latter if they are the most appropriate. Sample size
re-estimation is possible with AD. Independent experts can examine ongoing results and execute design changes. Another
benefit is that the product comes to market quicker. Part of the time savings comes with having a single protocol. Patients
can be saved from being exposed to inefficient drug. Most importantly, the white space between phase II and phase III trials is
eliminated and more molecules make it to FDA approval. However, the efficiency of AD v/s non AD has not yet been well studied.
The efficiency needs to be multi-dimensional. The current paradigm of applying statistical efficiency only to the efficacy domain
(getting best information for efficacy with least sample size), limits the ability to collect more safety data. This needs to be
changed. Perhaps AD is a possible way of improving it.
Drug Supplies in Adaptive Trials\Clinical Trial Material Forecasting Systems
For a classic design, the amount of material required is fixed and can be easily planned before the trial starts. However for an
adaptive trial, the exact amount of materials needed is not clear until a later stage. Also, the next dosage for a site may not be
fully determined until the time of randomization. Therefore, the vendors may need to develop a better drug distribution strategy
using “operation theory or simulations.” Systems used may include Electronic Data Capture and Interactive Voice Response.
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Reasons Why Adaptive Designs are not yet routinely used:
• Perception that there might be regulatory concerns.
• Additional time/upfront investment required to design/implement non-standard designs.
• Lack of internal or external buy-in to concept.
• Lack of infrastructure for timely data collection and data analysis.
• Lack of training and experience in best practices for adaptive design methods.
Driver for Change to Adaptive Trial

Views in a nutshell
Adaptive clinical trial design does not necessarily result in time savings. In fact, in as many as one third of trials, adaptive
clinical trial designs may increase the time needed to develop a drug.
“It is really about improving information value;” “It’s not about reducing the number of patients. It’s about putting the right
number of patients on the right treatment.” In other cases it can be set up to increase the information that a trial provides.
There are ways to set up adaptive trials in any phase so that, where advantageous, an early stop due to a demonstration of
efficacy- or an early stop for futility, when it has been determined that the trial has a very low chance of being positive, can be
built in. In early phase trials, it is possible to incorporate different types of adaptation within the same trial, however in Phase
III confirmatory trials, there are more limitations because all adaptations need to be pre-specified in the protocol, and if too
much adaptation is incorporated, the trial would not be viewed as confirmatory by the regulators.
The FDA is gathering examples of adaptive designs and shall develop a ‘concept paper’ likely followed by draft guidelines. FDA
is keen on the enthusiasm for these designs to run ahead and the ability to carry them out with integrity. The best starting point
for AD in global clinical trial program is Phase I or II trials.
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By Andrew MacGarvey, president, Quanticate Inc

I have always had a great interest in data and how they are collected and handled; my career has included roles in statistical
programming, database design, systems implementation and EDC. Anyone who works in the biometrics field knows that
as technology has advanced, more and more data has become available from increasingly diverse sources. The technical
component of the role of a clinical data manager has increased greatly over the last 10 years and will continue to do so. For
complex studies, the planning required to bring the data together in a reportable state is a big job, but in assessing the risks of
the overall study, teams spend much less time examining this area than say, for example, patient recruitment rates. That may
be absolutely correct in the current development model; after all, in terms of budget overrun, the biggest risk might well be
slow recruitment, and so much effort is devoted to protecting against it. The biometrics portion of the project is relegated down
the agenda, and there may be some talk of discussing the back end services further down the line.
Well here is the good news; that is going to change.
I was very lucky to see Steven Burrill present his view on the life sciences sector earlier this year. For those of you not familiar
with Burrill, he is the CEO of Burrill and Company.1 His company is heavily involved in the funding of life science companies
and corporate activities in the sector such as mergers and acquisitions; they also publish a great deal of research on the life
sciences sector. This background lends great credibility to Burrill and his vision for R&D, a vision which describes a significant
change in how things will be done.
His vision inspired me to do some further research on what is happening in the sector at a macroeconomic level. What are
governments looking to achieve? Where is money being spent in health care? How will the market collapse of 2008 affect the
industry? Burrill outlined his vision of the R&D environment over a 10-year horizon. His view: the development time for new
drugs will drop from a norm of around 10 years to a norm of around two years. Most of the audience probably felt such a change
was impossible until he went on to outline his thinking. I hope to share some of that thinking with you, supplemented by some
of my findings in asking the questions above.
All change needs a driver, the “burning platform.”2 In the case of the current healthcare model, this driver is an economic
imperative. The world cannot afford to treat everyone; the current system does not function now, and yet the number of new
drugs approved is slowing down year after year while the population is growing. Even if it was felt that things were OK now, the
model is not scalable in its current form. This problem is illustrated very well by the healthcare system in the United States,
and not surprisingly, reform is very high on President Obama’s agenda. Influential stakeholders are also crucial to successful
change. Obama is certainly influential and has the energy that comes with a new appointment to drive transformation. He
addresses the problem at a very good time. The 2008/2009 economic ‘correction’ has dramatically affected pharma/biotech
companies and changed the way this business is viewed. With diminishing pipelines and increasing R&D costs, pharma had
considered partnering with or acquiring biotechs as a way to boost product pipelines, and in fact, examples of this are seen
more frequently, including some high profile acquisitions this year.
The problem going forward is that with a tightening credit market, a very high proportion of biotech’s will fail over the coming
months. This is bound to have some effect on the pipeline and will undoubtedly affect the rate of joint ventures and acquisitions
over at least the next 12 months. As pharma companies (and the large biotech’s) seek to improve margins, the next option is
cost reduction. One way this can be achieved is through mergers (another way of boosting individual portfolios, but of course
not increasing the overall pipeline). The current activity in terms of mergers will continue. The problem is that much work has
already been done in terms of cost reduction; a lot of efficiency gains have already been taken. Current activities will not get
the sector to where it needs to be.
So, there is political will in a major market (other nations are facing the same problem, such as the United Kingdom) and
economic conditions are having a real effect on the sector and the model for R&D. These pressures on their own might be
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enough to force change, but probably not a reduction from 10 years to two years for approvals. Burrill thinks he can see a
third strand, and I think this might be the most important factor. His belief is that there will be a shift away from “sickness
management” to “wellness management”, and it is this that will reshape R&D.
What Burrill is saying is that the paradigm will move from doctors reacting to illness and fixing the problem to you spending
more money on preventing illness and maintaining your health (for all but the obvious acute and chronic illnesses). In this new
world, you go to the supermarket to do weekly shopping and have several diagnostic checks run as you enter the store. While
you are shopping, the results will be produced along with any necessary prescriptions. As you complete your shopping, you pick
up your medication (for both prevention and cure), and your electronic health record is updated. You may or may not be referred
for secondary care. The point is that blood pressure, cholesterol, insulin and others can be tested and managed in this way, and
as more sophisticated diagnostics become available, increasingly complex testing and treatment regimens can be deployed.
This future state is actually not very hard to imagine; we are seeing in-store treatment rooms appearing already and not just
in traditional pharmacies and healthcare stores. If you think the leap to seeing this in supermarkets is far-fetched, then take a
look at Walmart to see some of the conditions they can deal with. Walmart is also investing significantly in the electronic health
records market working with Dell to provide a cost-effective solution. In other words, the shift has started. The industry is
taking notice too; J&J was very close to establishing a wellness and disease-prevention business unit, but have now announced
it will be folded into their consumer business. Anticipated revenues?
Twenty billion dollars per year. This whole approach
requires patient centric systems and thinking. This
means a cultural shift, known to be one of the most
difficult transformations to affect. Again, much work
has already been done, and the emergence of social
networking sites has played a significant role. The age
of privacy may well be past. Social networking sites
have encouraged people from all over the world, from
every demographic, to disclose all types of information
(in many cases to anyone that cares to read it). There
is some way to go, but the evidence is that a shift from
withholding personal information to publicizing it is well under way with the associated ‘comfort level’ growing all the time. In
researching this article, I looked at Google Health for the first time. If you want to see one way to manage wellness (and indeed
sickness), visit www.google.com/ health.4
This online resource allowed me to log details related to my demographics, medical history and so on. I could also import
my electronic health records, prescription records and lab tests from participating sites. If I had had paper records, the site
would have linked me to service companies that can convert them to electronic records. I found the terms and conditions very
interesting, particularly the clause:

“I hereby authorize Google to share the health information contained in my Google Health profile(s) in its entirety, to
only those entities and individuals I designate, for the purpose of providing me with medical care and for the purpose of
sharing my information with others that I choose.”
Google will be using my information to provide me with medical care!
So, while our corporations are working away to make this new paradigm a reality; there are many other large retailers and
internet companies aiming for market share. All of this should be good for us, the patients. A wellness management approach
detects conditions early, and hence the level of reversibility is high; the current, reactive model has lower reversibility. It seems
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like everyone wins. Burrill notes that if you wonder if populations will be willing to pay for more expensive diagnostics and
for managing their wellness, you only have to look at what they will pay for nutraceuticals. A recent report in Nutraceuticals
World quoted Global Industry Analysts whose projections suggest that sales in the global nutraceutical industry will reach
$187 billion by 2010. I think this is a valid indicator. After all, the money spent here is spent to maintain or improve wellbeing.
So how does this all lead to an increasing focus on data? The answer is in what becomes of “sickness management” in the new
paradigm, once you are all dealing with your own “wellness management.” With the onset of an environment of prediction, preemption and personalization the clinical study process is set to fundamentally change. With drugs being targeted to specific
populations, the importance of complex computer modelling will increase and become more widely accepted. Programs will
then run more quickly, and the Food and Drug Administration and other regulators will approve drugs much earlier once a
response in the target population has been proven. It is because of this that Burrill sees the clinical phase reducing in time.
Given the economics, it is clear that this will be very acceptable to healthcare providers, as the cost of development will be
dramatically reduced, allowing for cheaper drugs. The win for pharma/ biotech (and he sees most of these treatments being
from biotech) is one of improved cash flow with revenues coming on stream far earlier than they do now. If patent protection
rulings are static, then the negative effect on those revenues by generics or biosimilars is reduced by virtue of prolonged
exclusivity. It is fairly easy to see how all of the stakeholders could be satisfied by this model. However, the key to all of this
working is the design of the shorter clinical development program; that is where the skill sets of biometricians come to the fore.
In the new model, the importance of intelligent design, conduct, and reporting of studies will be crucial. The regulators will
require increasing amounts of data, which in turn will be more complex and come from more sources. How biometricians collect
and use these data will be vital to a successful outcome, and expertise in the biometrics arena will become a focal point. Attention
will shift from patient recruitment issues to data issues. It is in biometrics (and pharmacovigilance) that the risks will be weighed.
Is it realistic to bring down the time to market of new drugs even allowing for targeted therapies? I wonder if a parallel can
be drawn with off-label use of drugs. With sophisticated computer modelling providing credible information with respect to
how the drug might act, and intelligently designed trials gathering extended volumes of useful data, the regulators may well be
comfortable approving drugs into targeted populations. In 2008, a report in Nature Biotechnology estimated that “off-label use
of cancer drugs run from 50%-70% of total usage, and perhaps higher.”3 In critical care, there is always additional pressure to
get new treatments to the patient. When sickness management is addressed in 10 years, if the technology in diagnostics has
advanced sufficiently and more is known about how the drug will affect its population, the pressure to get new treatment to the
patient will only increase. With the economic and demographic challenges ahead, the industry may have to rely on the benefit
from a new approach. They can focus on accelerating the delivery of targeted therapies to specific populations. The main concern
surrounding targeted medicine has been the cost; can a return on investment be made when the market is limited? Under a model
where sales begin at the two- or three-year point and where pre-clinical work has also been accelerated, it may be possible.
This article has touched on a few different areas, and each area does rely on certain critical success factors. I hope that what
it offers is some view of the potential for change in how we approach the development program when viewed against the
challenges our industry is facing at the time of writing. The data has always been important; my view is that more attention
will placed on mitigating the risk of bad data in our studies going forward, and this can only be a good thing, not just for the
biometrics profession, but for development programs as a whole.
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By A.V. Prabhakar, PhD, Senior Manager, Quintiles Technologies Limited

Few industries are considered to be as cutting-edge as the life sciences industries. The advancements in drug development
and biomedical devices are often astonishing and can sometimes seem like something straight out of a science fiction movie.
But the reality is that some of the underlying technologies and business processes are more like old silent motion pictures.
Optimizing the trial process has become an urgent priority for the clinical research industry. With pharmaceutical R&D budgets
falling and patent expiries looming, the imperative to streamline the drug development process has become increasingly
important. One report states that the cost of developing a new drug is over $1.1 billion, while another indicates declining
industry productivity is affecting the introduction of new drug compounds.1,2
The industry estimates that only one out of every 5,000- 10,000 drug candidates makes it to human trials. Eightynine percent of
drugs fail from Phase I to U.S. Food and Drug Administration submission. Even with 20-year patent protection, some companies
are unable to get their drug to market before the patent’s expiration date. The Wall Street Journal 11 reports that between
2007-2012, generic competition will cut $67 billion in annual sales from the top pharmaceutical companies as more than three
dozen drugs lose patent protection.
Clearly, time is not on the side of the drug industry. It’s no surprise that pharmaceutical companies and the CROs which serve
as their principal R&D outsourcing arm, are seeking to reduce costs and time-to-market without compromising the legal
requirements critical for developing safe drugs.
With these challenging bottom-line realities, the industry is examining alternative approaches for bringing new drug products
to market that rely on real-time technologies, such as EDC which has developed over the past 20 years. And while EDC is not
a new concept, it is taking a long time to become widely adopted in the pharmaceutical industry. However, organizations are
beginning to recognize the value in using EDC. A savings of 25% to 30% is realized by using EDC just from decreasing traditional
monitoring/ double data entry budgets. It was predicted by Banick3 that with EDC, time to database lock could be reduced by
43% and queries by 86%.
An attempt has been made in this paper to explain how last patient out to database lock (LPO-DBL) timelines can be reduced
for an EDC study.

NUMBER FACTS ABOUT EDC ADVANTAGES OVER PAPER
• Forrester Research estimates that EDC can deliver operational savings of more than $300,000 for a Phase II trial and more
than $6 million for a Phase III trial.4
• Novartis, for example, claims that it has saved roughly $100 million a year using EDC; while Pfizer revealed that over a fiveyear period it saved $85 million.5
• According to Pricewaterhouse Coopers (PWC), the shift from paper-based to Internet-enabled clinical trials will bring a 30%
to 50% reduction in development time and cost.6
• On-site monitoring costs are significantly reduced (up to 75%) by reduction in frequency and duration of monitoring.
• EDC and electronic trials management systems could save life sciences and pharmaceutical firms up to $15 million a year
in mailing and protocol distribution costs alone.7
• Around 43% of time to lock database could be reduced by EDC as compared to paper.9
• Cost savings alone with EDC vs. paper methodologies was calculated to be greater than $60 million per drug.10
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• Novartis Pharmaceuticals has documented actual savings of $65 million in 2002 by substituting EDC for outsourced paper
methodologies.10
• Overall EDC provides better data accuracy, data standardization, centralized workflow and management, realtime study
results and lower operational costs.

EDC ADVANTAGE
Figure 1: Process Flow for Early DBL

Testing new drug candidates is an increasingly complex,
lengthy and expensive process. Clinical testing alone
currently costs more than $100 million, with large-scale
Phase III studies typically costing $2 million to $30 million
each. Each day’s delay in getting to market is estimated to
cost $1 million in lost revenue12.
In paper-based studies, the time to DBL from LPLV is
typically eight to 10 weeks. This milestone is dependent on
three processes: retrieval of the last CRF from sites; entry
of the final data; and resolution of the last outstanding
query. EDC technology improves the efficiency of each
these processes, thus significantly reducing this critical
time period.12
It is the combination of three elements (i.e. People, Process
& Technology) which help achieve an earlier DBL from LPO.
(Figure-1)

ADVANTAGES OF EARLY DATABASE LOCK
Database lock is considered as one of the most important and significant milestones in the entire CDM cycle. Adequate efforts
are made from the beginning of the project in planning and execution ensure that there is no delay in database lock date, since
the cost associated with the delayed DBL is enormous. Some advantages/benefits of an early database lock are highlighted
below:
• Significant revenue savings for a customer due to early DBL.
• The expedited database lock in the short-term can influence both the submission of NDAs and in long-term can maximize
the patent life of a new drug.8
• Creating competitive market position.
• Significant impact on revenue earnings from early market launch.

FACTORS AFFECTING DATABASE LOCK IN AN EDC STUDY
• SDV (source data verification): Delay in SDV of eCRFs during the study can result in creating a huge backlog for site monitors,
which going forward can cause potential bottlenecks for any upcoming milestones/deliverables.
• Response to queries (clinical and DM): It is very important to have a quick TAT (turn around time) for resolution of queries by
both clinical and DM to avoid a backlog.
• PI (principal investigator) signatures: Not obtaining PI signatures on the case record books as the data are cleaned, SDV’d,
frozen and locked will result in a backlog for investigator signatures.
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• Data issues identified by biostatistics after the final transfer: Failing to have any interim data transfers done by biostatistics
during the course of study will lead to high risk of issues being found near the DBL milestone
• Resolution of pending issues sent for clarification to respective stakeholders: Delay in resolution of pending issues sent for
clarification will have a significant impact on critical milestones such as DBL.

STRATEGY FOR ACHIEVING EARLY DATABASE LOCK
One of the strategies for early DBL for an EDC studies can be achieved by implementing the “lock as you go” principle. The core
activities that support this principle are:
Operations
• Good understanding about the study protocol and CRF.
• Being current on all activities from the start-up phase.
• Data cleaning, SDV (source data verification), freezing and locking of patients on an ongoing activity rather than done at the
end of study.
• Escalation of issues in a timely manner.
Project Management
• Detailed project plan for all phases of study. (i.e. startup, ongoing and closeout).
• Regular transfers to biostatistics to check for any datarelated issues and early feedback to data management.
• Identification/Anticipation of risks and having a mitigation plan in place.
Communication
• Effective communication with respective stakeholders both internal and external.
• The above-mentioned points discussed in this strategy are demonstrated in a case study discussed below:

CASE STUDY
The DBL for a Phase II EDC study was achieved within five days
from LPO. Some of the facts about the study are as follows:

Figure 2: Snapshot of Study

The achievement of early DBL was attributed to some of the best
practices that were adopted by the project team during the entire
cycle of study (i.e. start-up, ongoing and closeout).
Operations
• Excellent coordination and regular followups with concerned stakeholders.
• Weekly teleconferences with project manager, sponsor,
programming and data management team members.
• Being current with all data management activities.
• Regular transfers to biostatistics to check for any
data-related issues and early feedback to data management.
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• Closely monitoring the timelines for milestones and deliverables.
• Passion: From the very beginning of the study, the project team had the passion to set benchmarks.
• Positive Attitude: Despite numerous challenges faced during the study, the team was very positive in taking challenges head
on.
Communications
Free flow of communication: We created a project mailing ID to which all team members had access. All project-related
e-mails were copied to this e-mail ID so the team was aware of the developments/communications happening on the project.
People Management
• Regular team meetings to discuss the progress of the project and to discuss issues and appropriate action plans.
• Involvement of all functional groups (i.e., programming, biostatistics and data management) during decision making.
• Team was open for suggestions to perform the task in a better/faster way.
• Efficient planning and execution at startup, ongoing and closeout phase.
• Identifying risks in the project and putting risk mitigation plan in place.
Metrics/Turn Around Time
• Quick TAT for resolution of the queries / issues.
• Weekly status reports to respective stakeholders.
• Daily monitoring of key metrics which could become potential bottlenecks for the DBL.
• Cycle time for actioning of queries (i.e., auto and manual) by the clinical sites and data management was very short. This
short cycle time for actioning of queries was achieved by sharing the metrics to respective stakeholders (i.e., sites) and
following up regularly with those sites until those were in line with the agreed-upon metrics set at the start of the study.

ADVANTAGES OF BEST PRACTICE
Some of the advantages of above-mentioned best practices are:
• Minimal post-production changes
• No risk when nearing any critical milestone
• Delivery of all milestones without any delay
• Early database lock against the expected /target date

CONCLUSION
Implementation of EDC technology in a study helps us in many ways such as real-time data access, clean data at any given
point of time, immediate resolution to queries, locking patient data when clean. Additionally, the LPLV-DBL timelines can be
significantly reduced (i.e.) from conventional eight to 10 weeks for paper studies to three to four weeks for an EDC.
These three to four weeks can further be reduced to a week or even less than that by adopting one of the strategies, such as
“Lock As You Go” as has been discussed in this paper.
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By Patrick Stern, CCDM, Director, Clinical Data Management, Agensys Inc,
an affiliate of Astellas, Inc

It was early in my career in Clinical Research -working as a SAS programmer at the time - when a recruiter called me about a
position in Clinical Data Management (CDM). As he was describing the job, I asked him about the job title. “Don’t worry about the
job title,” he replied. His response gave me a moment to reflect about what my career plan was and how I was approaching it.
I don’t think I need a survey to ask how many of us while in college had a plan to become a “clinical data manager”. If it’s not a
degree, what led us here? What did we do that had others select us for this role? Now that we’re in it, what moves us through
a career in, out, and through CDM? I will share my perspective on our dynamic industry, including the skills and experience
important to career growth, as well as how your approach to the field can make the biggest difference.

CHANGE REALLY IS CONSTANT
Careers in, out and through CDM will not follow a nice straight path. It is the nature of today’s business environment and our
clinical research industry to be in continuous re-organization. The mixture of in-house versus outsourced models, changing
technology, and the sizing of CDM departments are among the many factors defining CDM jobs. There are many external
influences, so it is especially important to balance your expectations as far as constant promotions or linear job title changes
are concerned A career, by definition, is a long-term occupation in life. When we look over 10, 20, 30, and yes maybe even 40
years, seeking a promotion every few years is unrealistic. Your growth into new roles and leadership positions will develop
naturally as you develop a breadth of experience in the work you do. Despite the ever-changing organizational charts, job titles,
and various roles and responsibilities, it will be your skills, experience, and attitude that will drive your career. What seem like
lateral shifts or title changes are actually what adds depth to your resume.

SOLID FOUNDATIONS
Careers in CDM begin with the same skills expected of any clinical research job. Skills such as attention to detail, understanding
requirements, ability to follow defined processes, and performing good documentation are essential. These may sound like
cliché attributes, but a successful data manager should be able to dive into the detail and be able to follow/create logical
process flow documents so that others can understand what was done. So, if you don’t shy away having “yet another form to
complete,” you are on the right track. Having technical skills in CDM is the next requirement.
Most jobs in CDM will require working with databases and electronic systems. This doesn’t mean, however, that you have
to have a computer programming background. Yes, some jobs may require specific programming skills such as PL/SQL to
program edit checks or create reports, but don’t let that scare you off just yet. Many software applications are designed to
be used by those without a programming background. Much of the programming needed for edits or reports can be learned
quickly on the job. What matters with these technical requirements isn’t always the specific system (remember, they are
constantly changing anyway). It’s really about your ability to have the previously mentioned solid foundations.
Working with CDM systems comes down to a willingness to dive into a process flow and see the requirement details while
learning the steps that then build upon and support the next steps. Thus with changing EDC systems, expertise is really built
from a commitment of time to fully understand the workflow. This, combined with a willingness to do the sometimes tedious
QC checks between protocol, specification documents, and text or data output, will have you performing the steps required to
ensure data integrity before you know it. The skills you use and the general workflow you learn can be applied to any system.
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EMBRACE THE NEW
Growth in any career comes as a result of learning new things. CDM is no different. Every organization will have special
projects or different job roles with specific functions. Embrace the opportunities to take on an unfamiliar project or try a new
role. It may start with a process improvement, general SOP work, or an area like medical dictionaries. Opportunities may even
go beyond the scope of CDM into working with clinical, safety or other departments. A supportive and positive attitude toward
any project can be considered as much a measure of your success as the actual skills you’ll develop while performing them.
It is also important to set aside time each week, even if it’s just 15 minutes, to read something from a professional resource.
This can be an industry journal or SCDM’s Good Clinical Data Management Practices (GCDMP). Even as job titles change
around you and combine different elements of CDM, this will help prepare you to meet the challenges that come. Taking time
to research industry trends in order to develop expertise about your current or new roles and functions will help you achieve
career growth.

BUILD YOURSELF AND THEY WILL COME
Getting into CDM is about having a basic set of skills that apply to the job you want. The overall and specific system experience
you have may be considered a plus, but the best measures of your ability and success are your attitude and approach to
representing your skills. Any time you spend in developing new skills will help lead to career growth. Having real-world
examples of applying your skills in multiple capacities will also help differentiate you from the competition. It won’t be your
current job title that gets you the next promotion or new position. It will be the skills you have and the experience you acquire
along the way. These same skills will help propel your growth in any organization, including moving beyond CDM if that is your
desire. Having developed yourself, the job titles and growth will follow your lead.

ABOUT THE AUTHOR:
Patrick Stern has 15 years of experience working in CROs, medical device, and biotech companies. Patrick is currently Director
of Clinical Data Management with Agensys, Inc. It’s been a long and winding road getting here: Starting with service in the
U.S. Air Force as a firefighter, getting a B.S. in Psychology, and beginning a career in clinical research working as a SAS
Programmer. He is currently enrolled in an Executive MBA program with UCLA Anderson School of Management.
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By Deborah M. Anderson, M.S, Senior Biostatistician, Pharmaceutical Research Associates International (PRA)

Ms. Anderson is a senior biostatistician at PRA International in Victoria, B.C., Canada, where she has worked since 2007. She
has over 13 years of drug development experience, including biostatistics, statistical programming, technical writing, and
project management. Ms. Anderson earned two masters degrees, Stanford University in Biology and University of Colorado in
Biometrics. One of her strengths is explaining statistics nontechnically. Ms. Anderson has extensive therapeutic experience
that includes oncology, neurology, arthritis/pain, infectious disease, cardiovascular indications, diagnostic tests, and medical
devices.

ABSTRACT
The role of the clinical trial biostatistician is to lend scientific expertise to the goal of demonstrating safety and efficacy of
investigative treatments. Their success, and the outcome of the clinical trial, is predicated on adequate data quality, among
other factors. Consequently, the clinical data manager plays a critical role in the statistical analysis of clinical trial data. In
order to better fulfill this role, data managers must work together with the biostatisticians and be aligned in their understanding
of data quality. This article proposes ten specific recommendations for data managers in order to facilitate more effective
collaboration with biostatisticians

WHAT IS DATA QUALITY?
Poor data quality is an obvious limitation in analysis of clinical trial data. Data of poor quality might comprise data items with
a high proportion of missing values, multiple choice data containing frequent “other” or “unknown” values, or numeric data
with outof-range results, to name a few examples. However, a lower quality standard may be acceptable for data items less
central to the statistical analysis. On the other hand, collection of a data item important to the statistical analysis as a free text
field may be unacceptable. The key consideration is how a given data item will be used in the statistical analysis. Does a clinical
database that is relatively complete and free of errors (e.g., below a threshold error rate) represent quality data? Quality is
dependent on the extent to which the case report form (CRF) and database are designed in order to accurately collect the
requisite data for the statistical analysis.
For instance, a suboptimal CRF design may lead to data errors that may or may not be corrected during data cleaning. A flaw in
conditional logic in database structure may result in inappropriate data present in the database (e.g., a non-applicable question
being answered). Missed opportunities for teamwork between data management and biostatistics often cause inefficiencies
that result in extra programming time to during statistical analysis. Even a database that contains all data items necessary for
the statistical analysis may be improved upon by partnering the expertise of data managers and biostatisticians.
Both poor quality data, and non-optimally designed or structured data have the potential to increase the variability in results,
reduce power, increase the likelihood of drawing incorrect conclusions, waste time and resources, and even jeopardize the
ethical framework underpinning clinical research. The following ten specific recommendations highlight, for data managers,
areas of particularly high risk from a biostatistical perspective
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TEN RECOMMENDATIONS FOR DATA MANAGERS
• R
 ecommendation #1: Communicate early and often with the biostatistician and provide frequent data extracts for
review.
Start off on the right foot by obtaining biostatistician input on CRF design, database structure, and edit check specifications.
Discuss the intended statistical analysis and together identify which data items are of crucial importance. Review the types and
versions of coding dictionaries that will be used. Clinical trials today have more data vendors than ever before, so ensure that
agreement is reached on the number of vendors, types of data they will be providing, and necessary data integrations. Reach
out to each of these vendors to arrange data transfer agreements and test data transfers as soon as possible. As soon as data
are available, start providing data extracts for review and soliciting feedback from the biostatistician. Familiarize yourself with
the timelines for biostatistics deliverables, realizing that data extracts are likely to be required to support each analysis. For
each biostatistics deliverable, ask about due dates for data entry and cleaning, including up-todate coding, reconciliation, and
integration activities, if needed.
• R
 ecommendation #2: Employ caution when advising sites or interactive voice/ web recognition (IVR/IVW) vendors on
handling of randomization errors.
Along with blinding, randomization makes clinical trials the gold standard of evidence for efficacy of an investigational
treatment. Randomization reduces bias by balancing treatment groups with respect to known and unknown risk factors.
Blocked randomization further ensures treatment group balance over time by allocating treatment group assignments to a
small group of consecutive subjects at a time. Stratified randomization is applied to subject subgroups separately based on one
or more subject characteristics related to outcome, such as baseline disease severity or age. Because the statistical analysis
must account for stratification factors, these data items are always essential for data cleaning.
The best practice is to randomize subjects as closely in time to the investigative treatment as possible. This convention
minimizes the number of subjects who are randomized but not treated, who by definition are included in the intention-to-treat
(ITT) population in the randomized treatment group even if they did not receive the investigational treatment! For this reason,
subjects who are randomized in error (e.g., the subject did not meet entry criteria or withdrew consent, or the site did not
have adequate drug available to dispense to the subject at that visit) or randomized incorrectly (e.g., in the wrong stratum)
cannot be “unrandomized.” It is important to consult the biostatistician before advising sites or IVR/IVW vendors on handling
of randomization errors of any kind.
• Recommendation #3: Collect the actual investigational treatment and dose group for each subject.
Ideally, the treatment and dose group to which a subject is randomized are identical to those of the investigational product
(IP) actually dispensed to the subject. In the real world, errors may, and do occur. The CRF typically collects a randomization
number for each randomized subject, linking the subject identifier to the randomized treatment and dose group assignment
on the blinded randomization list. It is equally imperative to collect a blinded IP kit number, lot number, or similar identifier
that may be linked after unblinding to the IP dispensed. Then the type (e.g., placebo versus active treatment) and dose of
investigational treatment may be compared programmatically to those specified in the randomization to determine whether
the randomization was followed for each subject in actual practice. In case of a discrepancy, efficacy analyses typically use the
randomized treatment group, while safety analyses use the actual treatment group. Incidentally, the Clinical Data Interchange
Standards Consortium (CDISC) Standard Data Tabulation Model (SDTM) variable for planned (i.e., randomized) treatment is
DM.ARM; the variable for actual treatment is EX.EXTRT.
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• R
 ecommendation #4: Think carefully and consult the biostatistician about the best way to structure investigational
treatment exposure and accountability data
Perhaps because different investigational treatments are administered on different schedules, exposure and accountability
data are two of the most problematic types of data for which to design study-specific CRF and database structures. The most
significant variable from a biostatistical analysis point of view is the dosing start date (and time, optionally) for the investigational
treatment; the dosing end date (and time, optionally) is relatively important, as well. In between, dose modifications, delays, or
interruptions of various durations may also occur. The best practice is to collect, at a minimum, the start date and the end date
of each time interval during which a constant dose level was maintained by the subject.
Investigational treatment accountability data typically consist of amount dispensed at one visit and amount returned at the
next visit. This seemingly simple structure becomes more complex when two or more dosage strengths or dosage forms (e.g.,
capsules and tablets) are used in the same study. The implicit assumption is that subtracting amount returned from amount
dispensed produces the amount taken by the subject. Since this may not be a valid assumption, it is a good idea to include a data
item for “number of capsules lost” or something similar. More importantly, verify with the biostatistician early in the design
stage that investigational treatment compliance is a focus of the statistical analysis. If it is not, then investigational treatment
accountability data may not need to be collected at all! Of course, it will still be present in the source data.
• R
 ecommendation #5: Clarify in electronic data capture (EDC) specifications whether a question is only a “prompt”
screen or whether the answer to the question will be collected explicitly in the database.
When the biostatistician sees a question such as is “Did the subject complete the study?” (yes/no) in the EDC specifications, she
may assume that this data item will be included explicitly in the clinical database for all subjects. It is best to spell out during
review of the EDC specifications which questions are prompts only and not actual data items. The same point applies to data
entry screens with conditional triggers.
• R
 ecommendation #6: Recognize the most critical data items from a statistical analysis perspective and apply the
highest quality standards to them.
The primary endpoint variable is the most essential data item in the database. Other crucial variables include basic
demographic data (i.e., age, gender, race, and ethnicity), informed consent date, stratification factors used in the randomization,
randomization number for unblinding, IP kit or lot number for verifying actual investigational treatment and dose received,
investigational treatment dosing start date (and time, optionally), adverse event data including start date (and time, optionally),
early termination or study completion date, and reason for early termination.
Visit dates and/or cycle start dates for oncology may be important, too. These are the data items that require the highest quality
standards. If a crucial data item is numeric, then range edit checks may be applied and unit conversions checked. If it is a date,
then each part of the date (i.e., month, day, and year) may be checked, and dates in sequence may be compared for logical order.
If a crucial data item is categorical, then multiple choice checkboxes or drop-down lists may be utilized. If a crucial data item
is a time to event variable, then a yes/no variable is required indicating whether or not the event occurred, along with a date of
occurrence (if yes) or a date censored (if no), meaning a date after which the subject is no longer at risk of the event. If a crucial
data item is subject-reported data, then data managers may help by spotting problems early on so that clinical staff may work
with sites to correct the problems.
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• R
 ecommendation #7: Be alert to protocol deviations/violations (PDVs).
Many types of PDVs may be identified programmatically using routine data edit checks. Again, this topic is best discussed with
the biostatistician during the planning stages of the study. Typical PDV categories include deviations/violations of informed
consent, entry criteria, missed visit or assessment, out of window visit or assessment, prohibited concomitant medication,
randomization, study medication dosing, laboratory data, or others. Minor PDVs are typically defined as those that do not affect
subject safety or the results of the study, while major PDVs potentially affect subject safety or the integrity of study results.
In most cases, subjects with major PDVs should be discontinued immediately from the study. Note that a PDV pre-approved
by the medical monitor via a waiver is still a PDV! Waivers are strongly discouraged by biostatisticians, as the original study
population defined by the entry criteria is weakened. A per protocol population, from which major protocol deviators/violators
have been excluded, is often analyzed as an adjunct to the primary analysis population.
• R
 ecommendation #8: Plan for a database freeze and final review before database lock.
It is a best practice to schedule a database freeze approximately one to two weeks before database lock. That way, the frozen
data may undergo final statistical review before database lock.
• R
 ecommendation #9: Archive a snapshot of the clinical database at key analysis milestones and at the end of the study.
It is given in the clinical trial industry that clinical database security and back-up are absolute necessities. A point that is less
emphasized is the critical importance of archiving a snapshot of the database at key analysis milestones and at the end of
the study in case the statistical analysis needs to be reproduced or validated. These milestones may include Data Monitoring
Committee (DMC) analyses, annual Development Safety Update Report (DSUR) updates, endpoint adjudication committee
reports, interim analyses, and other analysis time points like the end of randomized investigational treatment dosing period.
• R
 ecommendation #10: Educate yourself about fundamental statistical principles whenever the opportunity arises.
It is helpful for data managers to have a working knowledge of basic statistical concepts in order to communicate effectively
with biostatisticians. The best way to learn is to ask questions and keep asking until you understand the response! Reciprocally,
educate biostatisticians about data management processes to increase their awareness of your needs.

CONCLUSION
The concept of data quality in clinical trials may not mean the same thing to clinical data managers and biostatisticians. This
article challenges data managers to consider data quality issues from a biostatistician’s point of view. In other words, data
managers are encouraged to evaluate data quality relative to the goals of the statistical analysis. Further, it is suggested that
even clean data whose collection or structure is non-optimally designed may lead to inefficiencies in statistical analysis. There
is always room for improvement by combining the respective expertise of data managers and biostatisticians. Ten specific
recommendations are presented to assist data managers in collaborating more effectively with biostatisticians. If all else fails,
the author suggests using the plural of “data” to impress biostatistician colleagues: “The data are perfectly clean!”
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By Mrunalini Jagtap, PMP (Manager Clinical Data Management, Wockhardt, India)

As is said in Sanskrit, “pinde pinde matirbhinna” or in Marathi, “vyakti titkya prakruti” or in English, “Each one his own”!
Each individual is unique and varies from one another in many ways — life style, the types and amount of stress one experiences,
exposure to environmental factors and most importantly basic entity DNA sequence. Many of the variations in DNA sequences
play a role in health and disease. For example, the variations found in our genes could influence our risk of developing a certain
disease, and the degree to which it progresses.
The completion of the Human Genome Project in 2003 and advances in automated DNA sequencing and analysis have set the
stage to answer a number of questions like: What makes us similar and what makes us different both in physical appearance
and in predisposition to a disease and mechanism of action to a particular drug medication? This forms the rationale and
foundation for a new science of personalized medicine! This article discusses what personalized medicine is, how it is different
from traditional medicine, challenges in its way and the efforts to make this concept a success.

PERSONALIZED MEDICINE- A NEW SCIENCE
“Personalized medicine” refers to the tailoring of medical treatment to the individual characteristics of each patient. It does not
literally mean the creation of drugs or medical devices that are unique to a patient but rather the ability to classify individuals
into subpopulations that differ in their susceptibility to a particular disease or their response to a specific treatment. Preventive
or therapeutic interventions can then be concentrated on those who will benefit, sparing expense and side effects for those
who will not.1
Treatments may include administration of drug therapy as well as recommendations for lifestyle changes that can delay onset
of a disease or reduce its impact.
Knowledge of an individual’s genetic and molecular profile can predict predisposition to certain diseases, and it can guide
disease prevention strategies and facilitate the smarter use of therapies—that is, selecting treatments that are more likely
to be effective and less likely to be dangerous based on someone’s genetic characteristics. (https://www.regonline.com/
custImages/250000/253701/CER%20and%20PM%20Issue%20Brief.pdf)

HOW THE PERSONALIZED MEDICINES ARE DIFFERENT FROM TRADITIONAL MEDICINE
Personalized medicine is different from the traditional
medicine in its approach that is characterized by its four
attributes:

Figure 1: Traditional Medicine Vs Personalized Medicine
Approach

1. Personalized-taking into account genetic variation
2. Predictive/Prognostic-anticipating health
problems and drug reactions
3. Preventive-focusing on wellness, not illness
4. Participatory-empowering patients to take
more responsibility for healthcare
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This difference in approach is clear from figure 1 and the table below:

Past and Present

Example

Present and Future

Example

Diagnosis-Disease
by Symptoms

High Blood Pressure
- Many Causes

Diagnosis and
Prognosis - Disease
by Mechanisms

Breast Cancer HER2 Gene and
Oncotype Dx

Treatment
Guidelines Disease Uniformity

Non-Hodgkin’s
Lymphoma - Many
Cancers of Immune
System

Customized
Guidelines - Disease
Heterogeneity

Subclass of B-cell
and T-Cell - Use of Rituximab if
CD-20 Positive

Patient Uniformity
- One Size Fits All
Dosing

Oral Warfarin
Anticoagulation 5mg per day

Patient Variability Genetic-Guided Dosing

Genotypes Defined
by 2C9 and VKORC 0.5 to 6 mg/day

Industry
Blockbuster Model

Few with Sales
Between $5 - $10
Billion

Mixed Blockbuster
and Mini-Buster
Model

Many with Sales
Between $1 - $5
billion

Lack of Physician
and Patient
Awareness

Absence of Formal
Education-Access to
Information

Patient
Empowerment and
Societal Expectations

deCode SNP
Analysis, Paternity
Testing Kits, Safe

Ultimately, the success of personalized medicine will rise or fall on its ability to demonstrate its value—to the healthcare
system, to the industries that develop its products, and to patients. The promise of personalized medicine, for which tangible
evidence already exists, includes the ability to: 2
• Shift emphasis in medicine from reaction to prevention
• Enable the selection of optimal therapy and reduce trial-and-error prescribing
• Make the use of drugs safer by avoiding adverse drug reactions
• Increase patient compliance with treatment
• Reduce the time and cost of clinical trials
• Revive drugs that are failing in clinical trials or were withdrawn from the market
• Reduce the overall cost of healthcare

CHALLENGES TO ENABLE PERSONALIZED MEDICINE
There are a number of policy and operational challenges that interfere with the public’s ability to gain the benefits of personalized
medicine through health information technology. These include issues such as interoperability, inconsistent coding and
language standards, problems in data sharing, weak feedback loops, privacy concerns, and ineffective reimbursement policies.
Interoperability represents a major challenge because of the difficulty of integrating data from different sources. If researchers
and healthcare providers are not able to exchange information, it raises the cost of health care and makes it difficult to learn
in real-time. A considerable amount of medical information is collected, but too little of it is integrated or put into data bases
that are usable for research or public health purposes.3
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Despite approval of a handful of personalized medicine diagnostic tests, the FDA has yet to clearly define a regulatory approval
pathway for this new class of products and to issue useful guidance on the subject. The process is time-consuming, labourintensive, and costly. The success of personalized medicine is contingent upon the ability of scientists and healthcare providers
to capture, manage, store, and provide access to large amounts of data and medical information. This will require the use of
high-speed computer networks and large databases composed of electronic health records (EHRs).
Finally, and perhaps most importantly, there are many privacy, confidentiality, and fair-use concerns about personalized
medicine. Mark Rothstein, J.D., at the University of Louisville Centre for Health Policy and Bioethics, believes that the advent
of personalized medicine coupled with the federal initiative to digitize healthcare records will invariably raise privacy issues.
Surprisingly, at present, it isn’t clear who owns or ultimately controls a person’s genetic information and DNA sequence data
after it is generated.4

WAY FORWARD TO A SUCCESS OF PERSONALIZED MEDICINE
To make the concept of personalized medicine a success, we need to drive the following changes:
• Creating “meaningful use” rules from the Office of National Coordinator of the Department of Health and Human Services
that facilitates more effective use of health information technology for personalized medicine.
• Reducing the isolation of health research from clinical practice, and creating mechanisms that connect information from
multiple sources into databases for secondary usage.
• Developing privacy rules that strike the right balance between privacy and innovation.
• Having differentiated codes for various molecular or genetic tests so that researchers can link genomic information to
disease diagnosis and treatment.
• Building data systems and language semantics that help researchers compare, evaluate, and frequently update information.
• Enabling feedback loops so that new discoveries get incorporate into treatment. Faster knowledge management would
enable “rapid learning” models and evidence-based decision-making on the part of physicians and public health officials.
• Deploying predict models in physician practices to help them handle the flow of information from medical history, vital signs,
genetic background, and lab testing into diagnosis and treatment.
• Funding health care projects demonstrating the value of innovation in health care.
Personalized medicine has the latent to change the way the healthcare is practiced. While there is much work to be done,
personalized medicine promises to deliver the right drug to the right person at the right time.
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ABSTRACT
Data managers are primarily responsible for the data quality in the clinical trial process1. Randomization refers to the process
of randomly allocating subjects into one of the treatment arms of a controlled trial. Treatment allocations should be concealed
until the time of randomization, sometimes called blinded randomization. In controlled clinical trials, blinding is another
cardinal feature. Blinding itself preserves the benefits of randomization by preventing the biased assessment of outcomes (i.e.
measurement bias). Due to the controlled study requirement, the randomization and blind breaking process are handled by
an independent team located in a different functional group, i.e. technical support team or randomization team, depending on
the company setting. Therefore randomization becomes, to a certain degree, mysterious to the data manager. Furthermore,
randomization is easily confused with the blinding of treatments. In this article, we will help the data manger understand the
randomization in clinical trials with a focus on the process; the creation, maintenance, and release of randomization schedules.

INTRODUCTION
The objective of the clinical trial is to evaluate the efficacy of a drug or a procedure in the treatment or prevention of disease.
Commonly, we compare a new drug with the one currently in use or, if no such drug exits, to a placebo (inert substance).
In the simplest trial design, one group receives a new treatment as the investigation group and the other group receives
standard therapy or placebo as the control group. The subjects are followed over the same time period to determine if there
are differences in the outcome of interest between the treatment and control groups. The investigator has direct control over
the assignment of subjects to study groups, which is the main difference from observational studies. When a clinical trial’s
results are affected by human choices or other factors not related to the treatment being tested, then bias has occurred.
For non-randomized trials, investigators can choose which subjects to assign to which groups. There is a chance that some
investigators might assign healthier subjects to the treatment group and sicker subjects to the control group, which might
affect trial results. The different outcomes between the different treatment groups can be explained as either the real effect
of a drug or chance or bias due to factors other than the drug. If the characteristics of two different groups (treatment or
placebo) are as similar as possible to each other (for instance, age group, gender ratio, along with the other characteristics
– like the severity or progress of the disease), the statistical results can conclude that the observed differences between the
two groups were most likely due to the real effect of the treatment. The random assignment of the subject into one of the
treatment groups helps prevent selection bias. Thus, randomization eliminates the source of bias in treatment assignments;
facilitates blinding the type of treatments to the investigator, subjects, and evaluators; and permits the use of probability theory
to guarantee the validity of statistical tests. There are two components to randomization: the generation of a random sequence
or randomization schedule and its implementation.

BASIC REQUIREMENT FOR RANDOMIZATION
As an official process, randomization must be validated and well tested before it is implemented. Randomization requires nonpredictability, balance, simplicity and reproducibility. Non-predictability assures that each subject has the same chance of receiving
any one of the treatments and to ensure that allocation is carried out using a chance mechanism so that neither the subject nor
the investigator will know in advance which group will be assigned. This concealment process is critical in preventing selection
bias, the potential for investigators to manipulate who gets what treatment. Balance means that the treatment groups are of a
similar size and constitution, alike in all important risk factors with the only difference being the intervention each group receives.
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In addition, randomization requires generating the randomization schedules which should be reproducible and easy to implement
for investigator/staff.

RANDOMIZATION METHODS
Generation of the randomization code can be achieved
using one of a variety of procedures. Here we will briefly
describe the common types of randomization methods.

SIMPLE RANDOMIZATION
Simple randomization is the most basic method to
assign a subject to a treatment group, like tossing a coin,
each side with probability of 50%, either ‘head’ or ‘tail’
would allocate the subject to group A or group B. This
is easy to implement and unpredictable2. However, for a
small group size, such as 10 subjects, this method can
cause an unbalanced allocation. For example, for two
treatments (A and B) with allocation on a 1:1 basis, it may
actually result in 4 subjects being randomized to A and
6 subjects to B with an allocation ratio of 2:3 (Table 1).
Considering the issue of concealment, validation and
reproducibility, simple randomization is not usually
performed in clinical trials with small sample size.

Table 1. Example Simple Randomization
Randomization number

Treatment Scheduled

1001

A

1002

A

1003

B

1004

B

1005

B

1006

B

1007

A

1008

A

1009

B

1010

B

PERMUTED BLOCK RANDOMIZATION
Block randomization is used to improve the disadvantages of the simple randomization method as described above. When
using block randomization, each block will have the same numbers of treatment (i.e. A and B) but the treatment orders will be
randomly permuted3. The number in each block is the block size, and the ratio between treatment A and treatment B ensures
the allocation is well balanced within each block. For example, if block size is 4 and the ratio is 2:2, then there will be a total of
6 different combinations for each block which can be assigned for 24 subjects (Table 2).
Block size depends on the number of treatments (should be at least 2x number of treatments). Block size should be short
enough to prevent imbalance, but long enough to prevent guessing allocation in trials 3.
To better prevent selection bias, block size should be blind to the clinical team running the trial and to the investigators. If
blocking is not masked in open-label trials, the sequence becomes somewhat predictable (e.g. 2n= 4):
ABA_: must be B.
AA_ _ must be BB.
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Table 2. Permuted Block Randomization with block size of 4

Table 3. Stratification randomization with block size of 4

Block

Permutation

Randomization
number

Treatment
Scheduled

Stratum

Block

Randomization
number

Treatment
Scheduled

1

6

1001

A

1

1

1001

A

1002

A

1

1002

A

1003

B

1

1003

B

1004

B

1

1004

B

1005

B

2

1005

B

1006

B

2

1006

B

1007

A

2

1007

A

1008

A

2

1008

A

1009

A

1

2001

A

1010

B

1

2002

B

1011

A

1

2003

A

1012

B

1

2004

B

1013

A

2

2005

A

1014

B

2

2006

B

1015

B

2

2007

B

1016

A

2

2008

A

1017

B

1

3001

B

1018

A

1

3002

A

1019

A

1

3003

A

1020

B

1

3004

B

1021

B

2

3005

B

1022

A

2

3006

A

1023

B

2

3007

B

1024

A

2

3008

A

1

4001

B

3

4

5

6

78

4

1

3

2

5
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4

1

4002

B

1

4003

A

1

4004

A

2

4005

A

2

4006

B

2

4007

A

2

4008

B
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STRATIFIED RANDOMIZATION
Imbalanced randomization in numbers of subjects reduces statistical power, but an imbalance in prognostic factors is
also problematic when estimating treatment effect. A trial may not be valid if the treatment is not well balanced across
prognostic factors. Stratified randomization is a method in which the prognostic factors are considered in the permuted block
randomization. The subjects can be divided into several subgroups based on the prognostic factors so each subgroup will be
alike. The strata used for dividing should be mutually exclusive so every subject can be assigned to only one stratum. After
stratification, a set of permuted blocks is generated for each stratum. Thus, permuted block randomization method is applied
within each stratum.For example: in a lung cancer trial, stratification factors might be smoking status and age group. Thus
the stratum can be set as:
‘1’ for smoking, age between 20-40
‘2’ for smoking, age > 40
‘3’ for non-smoking, age between 20-40
‘4’ for non-smoking, age > 40
Within each stratum, a set of permuted blocks is generated with block size as 4 and ratio as 2:2 (Table 3). In this example,
stratification will add to the credibility of the outcome by ensuring a treatment balance over these known prognostic factors.
Otherwise, it would be very difficult to conclude whether the outcome is due to smoking status, age or the treatment itself.

RANDOMIZATION PROCESS

Figure 1: Randomization Schedule Process
In practice, randomization
requires generating the
Testing failed
randomization schedule and
implementing it for eligible
Request the
Creation of test
Test rand file
subjects, ideally in a way so
Testing the file
randomization
randomization file
approval
schedule
that the people entering the
subjects into the study are not
aware of the sequence4. The
randomization schedule is a
Generation of
Rand file
Rand file for
Rand file storage
Indepedent QC
for production
list or a file to show the order
production
in which subjects will be
assigned to the treatments
based on the study design.
Implementation
Rand file release
A formal request for the
randomization
schedule
cannot be sent unless the
study protocol has been
Sealed envelop
IVRS/IWRS
finalized and approved by
all necessary IRBs5. It is
required to use a validated software/application, in which various factors and randomization types (as described above) can be
realized to meet the study randomization needs. In addition, a set of standard operating procedures (SOPs) for the generation,
implementation, and administration of the randomization is required to ensure the integrity of a clinical trial (Figure 1).
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RANDOMIZATION SCHEDULE: CREATION AND IMPLEMENTATION
Generation of a randomization schedule usually includes obtaining random numbers and assigning random numbers
to subjects or treatment conditions. Random numbers can be generated by software or can come from a random
number table found in most statistics textbooks. For most randomized controlled trials, randomization must be
processed by a validated application. In general, clinician(s) and biostatistician(s) need to discuss the selection of the
randomization method and necessary information needed to generate the randomization schedule. The randomization
method employed for the study should be described in detail in the study protocol without disclosure of the block size, if
permuted block randomization is used. The other study design related information, such as blind or open, stratification
or not, block numbers, and ratios, should be provided to support the randomization schedule creation. After approval of
the protocol where the stratification factors are considered and the randomization method is decided, the randomization
schedule can be requested. Before a production instance of the randomization file is created, a file should be generated
to the study team for testing and approval. This is to ensure all the study level requirements on the randomization are
fully satisfied. The final randomization schedule should be independently verified before it is applied in production
(Figure 1). The final randomization schedule can be distributed in a sealed envelope to the study site or loaded into Interactive
Voice & Web Response Service (IVRS or IWRS). Sealed envelopes are commonly used in open-label studies or single blind
studies, and occasionally for double blind studies. When using envelopes to distribute randomization, all the envelopes should
be identical. Each one will have the study ID and a sequential number on it. Inside each envelope should be the randomization
number and treatment allocation for the subject. For eligible subjects, the envelopes will be opened in sequence. Care needs
to be taken that the envelopes are well sealed. Additionally, the sequence of envelope opening should be monitored.6 Recently,
IVRS (and IWRS) systems have been widely used in randomized clinical trials. Prior to subject enrollment, the randomization
schedule is loaded into the IVRS so that the investigator can dial in when an eligible subject is available. After answering
questions about the subject’s information, such as gender, age, race, inclusion or exclusion criteria, the randomization number
is provided. The difference between IVRS and IWRS is that IWRS provides access to the system for the investigator through the
internet. It is obvious that IVRS/IWRS can provide better protection for the blinding throughout the study.

RANDOMIZATION SCHEDULE: ADMINISTRATION
All the randomization schedules including test files and the final file must be stored in a secured repository or location with
access limited to only the responsible randomization specialist. Sometimes, prior to study initiation or after commencement of
subject enrollment, modification of the final randomization schedule is requested. In this case, a new randomization schedule
based on the request is generated and tested, using the same process as the initial request. However, a notice should be sent
out to inform all individuals who received the original files that the ‘old’ schedule is no longer valid and must be destroyed. For
an interim analysis, the randomization schedule can only be released to an independent statistician, who is not a member of
the study team. In this way the blinded status of the randomization will be maintained. After database lock, the randomization
schedule can be released following a very strict procedure after proper approval. When a safety issue or a potentially lifethreatening drug interaction is identified, an urgent breaking of the blind for this individual subject occurs. A document must
describe this process. Once in the un-blind status, the subject should exit from this study.

RESPONSIBILITIES OF THE DATA MANAGER IN RANDOMIZATION
During the clinical trial, the randomization schedule is hidden from the data managers. However, the data manager is
responsible for various tasks related to randomization.
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DESIGNING THE RANDOMIZATION MODULE IN THE CRF
In the study start-up phase, the data manager will design the CRF, including the page with the randomization module.
Randomization modules should be developed according to the protocol design on treatment. In general, the randomization
module includes randomization date and randomization number. Sometimes, the randomization page also includes the
treatment information, such as dosing volume, dosing unit, treatment start date/time and stop date/time. The other items
to be considered in the CRF page may include the route and frequency of the drug administration, and the total daily dose
calculation. When placing the randomization page into the CRF casebook, the data manager should determine the position of
the page in the sequence of clinical events. In general, the randomization page should be after the screening visit where the
inclusion and exclusion pages have been entered and the eligibility of the subject is obtained. To avoid the situation where death
or withdrawal of the randomized subject occurs before treatment start, the randomization page should be placed as close as
possible to the time of actual treatment.

CLEANING DATA FROM RANDOMIZATION PAGE
During the clinical trial conduct phase, the data manager
is fully responsible for cleaning data. However, before
cleaning randomization data, the data manager should
make sure the subject is eligible for the randomization,
for example, all the inclusion criteria are met and all
the exclusion criteria are not met. It requires a query if
the subject was randomized (with randomization date
and number assigned) but an inclusion criteria was
not met or an exclusion was met, or vice versa. Table 4
lists some other commonly used data cleaning checks
associated with the randomization page.

DATABASE LOCK
Before database lock, all the data, including
randomization data, must be entered and cleaned,
leaving no open discrepancies. After database lock with
a blind break, the data manager will provide the CRF
data, including subject dosing data and randomization
data (randomization number) from the database and
regimen data from the study protocol. Using these
data, together with the randomization schedule
(randomization number and treatment pattern), the
reporting team can do further programming and
analysis in support of a submission.
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Table 4. Data Cleaning Checks for Randomization Page
Check
Number

Check Logics

1

The randomization form is not
present for the eligible subject.

2

Subject has more than one randomization
page record where study does not define.

3

The same randomization number is
assigned to two or more subjects.

4

Randomization date exists but the
randomization number is missing.

5

Randomization number exists but the
randomization date is missing.

6

Randomized date is not between demographic
visit date and the end of the study visit date.

7

Randomization date is later
than first dosing date.

8

Date of randomization collection is a future
date relative to when it was entered.

9

Randomization number value is not in the
range of the study randomization schedule.

10

Leading zeros are present in
randomization number.

11

Length for the randomization number is
not in the length defined in the study.
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CONCLUSION
By introducing randomization in its basic requirements and process, we have shed light on the in-depth information of
randomization for the data manager. A well-defined process or SOP should be in place for the creation, implementation,
storage, maintenance and release of the randomization schedule. Furthermore, the roles the data manager plays in cleaning
the randomization data are also discussed.
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By Kit Howard, CCDM

A case report form (CRF), according to the ICH E6 Good Clinical Practices guidance, is “a printed, optical, or electronic
document designed to record all of the protocol required information to be reported to the sponsor on each trial subject.”
CRFs guide the capture of the trial’s key product, namely the data, and lie at the heart of Clinical Data Management. With few
exceptions, all organizations involved in clinical research directly or indirectly produce CRFs, and a body of knowledge has
accumulated around their design and use. As with most disciplines in clinical research, forms design has looked primarily
within its own ranks for that knowledge, but forms are used in almost every walk of life, and the internet has both fueled a burst
of research into what makes a good form (think e-commerce) and also made previous research on paper-based forms more
widely available. This article looks at some of that research and suggests ways it can enhance current CRF design practices. It
also challenges some long-standing “rules” that appear in virtually every CRF design presentation.

CURRENT RULES
Clinical Data Management has developed a set of rules about good CRF design that are documented in conference presentations,
industry courses and data management references, including Data Basics. These practices are largely supported by forms
design research conducted in the last 10 years, but there are some exceptions. Examples are presented in Table 1.
Table 1 - Commonly cited rules or sources of good forms design that should be reconsidered
Rule or reference

Reason

Put the fields on the CRF in the same order as
the source document.

Every site creates its own source documents, so this is effectively
impossible in multi-site trials.

2

Put the CRFs in the order that follows the flow
of data capture at the site.

Most data managers have never been to a site, nor observed a site
capturing data, so it is difficult for them to know how to do this. Site
practices vary, making it impossible to have one set of forms to
satisfy multiple sites.

3

Design the forms to facilitate source data
verification.

Data comes from multiple sources that will vary from site to site.

4

Bert Spilker’s book “Data Collection Forms in There are some good pointers in the text. From a layout perspective,
Clinical Trials”.
the sample CRF quality is poor.

1

There is, in the author’s experience, enormous variability in the application of these rules. Additionally, some of the rules are
inherently contradictory, such as the mandate to create standard CRFs and the first 3 rules in the table, which would require
that the forms vary for each site.
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NEW OPPORTUNITIES
With the advent of the web, this is an excellent time to look outside
our industry silo and see what others have to offer, and there is a
lot. Because forms have the ability to make or break an e-commerce
site, there has been an emphasis on testing layout and content
assumptions, especially as doing such testing is relatively easy and
inexpensive in the web environment. This testing has consisted both
of preference testing, where users say what options they like, and
eye tracking studies, where sensors track the users’ eyes and record
where they land, for how long and how frequently (Figure 1). This eye
tracking has been particularly revealing, as it shows that people’s
perceptions of where they look does not always match the test results.
Although these tests are on web forms, many of the findings can be
applied to the paper world.

Figure 1 - Combination eye tracking study and heat
map showing where, on average, users looked most
and the paths their eyes took

Of those involved in web-related research, Caroline Jarrett, the
Formulate Information Design group and the Australian Government
are three whose findings are particularly robust and well presented. Jarrett’s work can be found online primarily in slide
decks on www.slideshare.com and in her forms design books. Formulate Information Design’s observations (including what
constitutes valid research) cover a 4 part model for structuring forms design and a wide array of individual design aspects
clarifying reasons why some practices are better than others. Some more information about this is presented later in this
article. The third worthwhile source is the Australian government, which embarked a few years ago on a major overhaul of
its processes and particularly its forms with the goal of making every form perfectly suited to its purpose. They published a
number of checklists and guides on “better practices” in forms design that can be found on their website. Their material covers
both electronic and print forms.
With respect to paper-based forms, there are two sources in particular that are worth investigating. Robert Barrett, a process
expert from Australia, was driven by the need to improve the usability of forms, and spent four decades studying, refining
and using forms in the course of improving processes at a variety of large corporate and government organizations. His book,
Forms for People is a comprehensive text that compiles much of what he knew. The second source is The Form Book, by
Borries Schwesinger, which is an English version of a German book and approaches forms design from a graphic design point
of view. It is beautifully laid out and contains numerous examples that provide useful insights.

ADDITIONS TO THE CRF BODY OF KNOWLEDGE
There isn’t space in this article to cover all the applicable forms-related information and research, so the remainder of this
article will focus on some highlights that may be particularly useful in CRF design.

WHY DO WE HAVE CRFS?
As is discussed below, before ever creating the first draft of a form, one must answer the questions “Is this form really
necessary?” and “What need is this form serving?”. The first is answered by the second in the case of CRFs, in that they
are a tool for capturing protocol-defined data that can’t be acquired in any other way. CRFs are also part of the data quality
continuum. Most obviously, they help to ensure that all required data are captured, that they are captured similarly at all sites,
and to document the absence of data when none were generated. CRFs contain code lists, otherwise known as controlled
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terminology, that ensure that data to be analyzed contain values that the computer recognizes as the same. In the case of
electronic data capture (EDC), there can be edit checks that help to control the variability of the data.

SOME OVERVIEW OBSERVATIONS
Caroline Jarrett thinks of forms as an asynchronous dialogue between form designer & form filler, where questions and potential
answers are predefined, and where no clarification is possible. As a result, the form designer must think about how that dialogue
would happen and try to anticipate potential problems. In clinical research, the process is complicated further by the fact that
there is often a third party, namely the site coordinator who acts as the form filler but is acquiring the information from the subject
and is usually completing the form when the subject is no longer present. Understanding this can help us think about the kinds
of instructions that may be needed, and especially about what may not be useful, such as directing sites to initiate the expedited
reporting process for serious AEs.
The Formulate Information Design group’s four-stage model for designing forms provides a good reminder that forms are a
means to an end, and not an end in themselves. Although it may seem obvious, it is worth thinking explicitly through each step,
otherwise there is a greater risk of omitting something important or structuring the form such that the data are not usable.
The four stages are:
• Process: this must be the first step because forms exist to serve a process, not the other way around. Defining the process
includes items such as:
• What is the form intended to accomplish?
• Who owns the form?
• Who has input into its design?
• How do people access the form?
• In what ways can the form be submitted?
• How will the data be entered?
• What business rules govern what “clean data” look like?
• Distribution of resulting data
• Uses of the resulting data
• Questions and Answers: only after the process has been defined are the questions and answers addressed. This is because
the content and format of the questions are affected by the process decisions. While the protocol does dictate what data are
needed, it is usually the CRF design process that results in the specific questions to be asked.
• Flow: this consists of the relationships between questions in the form, e.g., what forms are collected together and how
does the user progress through the form, especially when skip boxes are used (questions that direct users to skip some
questions based on the answers to others). The flow usually falls naturally out of the question and answer design.
• Layout: this is the physical layout of the form, whether paper or electronic. This is the aspect that most affects the accuracy
and completeness of the collected data. Relevant factors include:
• Margins and spacing
• Typography
• Logos, headers, footers etc.
• Hierarchy and cues
• Progress indicators and page numbers
• Multi-domain form with parts labeled
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SOME DETAILED FINDINGS
A few specific recommendations that arose from recent forms research are discussed below. Some apply primarily to webbased forms, and some are more general. As one forms researcher noted, form fillers will suffer through a lot, but the more
they suffer, the less enthusiastic they are about completing the forms and the lower the quality is likely to be.
• Object Shapes
• Longer boxes imply longer answers, short boxes imply short ones – even if the user can continue typing.
• Make things that are the same, look the same. Format questions and answer boxes the same if they are capturing the
same kind of information. Balance this with the need to differentiate between, for example, submit and cancel buttons.
These could be varied by shading or texture while still appearing largely the same.
•	Conform to current norms around object shapes, or error rates may increase:
- Radio buttons – pick one
- Check boxes – pick all that apply
- Rounded rectangles – action buttons
• Radio Buttons, Checkboxes or Dropdowns: this decision depends upon how many answers are provided and how many are
expected (Figure 2). Web convention has settled on radio buttons for ‘pick one’ questions and check boxes for ‘pick all that
apply.’ The only exception is that where there is only one
Figure 2 - Decision tree for selecting the better format for
choice provided, a check box should be used to allow for
presenting answers on a web form
deselection.
The choice of check boxes or dropdown menus is a bit
trickier. Humans can only keep between 7 and 9 items of
information in mind at a time (think phone numbers or
social security numbers). If there are more than 8 or 9
choices in the code list and a single answer is required,
then either a dropdown menu or checkboxes can be
used. If more than one answer is required, then it is
better to use checkboxes grouped by some parameter,
because people have to remember not only what the
choices on the list are but also what they previously
chose. The greater the cognitive load on the form filler
the greater the chances that errors will occur.

• Order of Answers:
•	For categorical questions, meaning answers that are code lists, it is generally best to choose a consistent order, but
there are exceptions.
- W hen answers control the flow of the form, put them as close together as possible. For example, if answering ‘yes’
requires completing a series of additional questions and ‘no’ requires jumping to another question, it is best to list
the ‘no’ first so that the answers are together, even if the usual practice is to list ‘yes’ and then ‘no.’ Especially in paper
forms, this reduces the chances of missing the ‘hanging’ answer.
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- Put the most common responses first, as the form filler will see the applicable answer at the top of the list and move on.
• For ordinal (i.e., ordered) lists, put the answers in the implied order, for example, absent, mild, moderate, severe. When
the anchoring answers are assumed to be the top and bottom of a scale, the center is assumed to be a progression and
form fillers tend to choose the answer based on position rather than paying attention to the text (Figure 3).
• Layout and Spacing:
•	The human eye tends to move vertically, so list questions and answers in columns except where users are very used to
providing data together, e.g., date and time.
•	If there are too many questions for one page, split them into two columns with a strong separator such as a bold line
•	Line up answer boxes and text precisely. The fewer “break” lines there are, the more pleasing it is, and therefore the
easier it is to navigate. Break lines are invisible lines the eye draws that connect objects on a page, and are the eye’s way
of trying to organize the visual information.
•	Place labels above and very close to the list of answers or the text field. If that is not possible, place them to the left and
right justify them. It should be very easy to associate the label with the correct field. The labels in Figure 3 are too far
from the answer boxes.
•	In check lists, place the box or radio button to the left, and the text response to the right, minimizing the space between
them.
- There is an interesting split in the research on this. Some studies found that users preferred labels to the left of the
radio buttons/check boxes, and this is common on web, but not on CRFs. Perhaps CRFs will change as more of the
internet generation work with clinical research.
• Leave white space - Do NOT pack information onto the form – longer and simpler forms are far better than short and dense.
• Make answer boxes easy to find.
• Use color minimally and carefully:
- Color implies meaning, even where there isn’t any.

Figure 3 - Example of a poorly designed form, presented by
Dr. Leslie Ball, FDA

- It can be very effective, for example when used for
reverse shading of form, or for identifying action
buttons, but do not overdo it.
- Be careful with the choice of colors. About 7 to 10% of
the males and a tiny fraction of the females in the US
are color blind, including red/green, blue/yellow and
complete color blindness.
- Be aware of differences in visual acuity. Avoid the
current fashion of grey on grey!
- Don’t use tiny fonts. This is especially common on
paper AE log forms where the code lists are printed
at the bottom of the form in type too small to see. If
it’s important enough to be on form, it’s important
enough to be visible.

TESTING THE FORMS
The typical approach to CRF development is to design the forms and send them to the study team for review. At sponsors and
CROs, this often involves only the in-house team, and doesn’t include the site. The CRAs are expected to speak for them. This
is a good process for ensuring that the forms capture the data in the protocol, conform to internal CRF standards, and don’t
contain typos and the like. It is completely inadequate for testing the usability of the forms. Research has repeatedly shown
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user (that is, form filler) testing to be critical to successful form design. Designs can have flaws that only appear during use,
and the more complex the form the more likely this becomes. It is far better to find these issues prior to study start.
Testing involves more than just sending the forms to a site coordinator and asking for comments. This is valuable, but it is a
cognitive review, much like that of the study team. The forms should be tested in a realistic situation, with an observer watching
the site coordinator completing the form, whether it is with a study subject or in the process of transcribing information from
source data. Pay attention to the body language, where and when the site coordinator looks for guidance, what questions the
study subject asks, whether there are any signs of puzzlement or lack of comprehension, and where the site coordinator is
unable to answer the study subject’s questions. Subject testing can be accomplished by using patients who are ineligible for
the study, and indeed in many cases they don’t necessarily have to have the condition under study. Only by doing this can forms
designers be sure that the forms will really work.
To illustrate the point, the author participated in a study recently and was asked how many people live in the house. As it
happens, I am divorced and I live there full time. My son spends half his time with me and half with his dad on an every-otherweek basis. I have a home office with a colleague who works here on weekdays. How do I answer the question? A whole number
was expected. I didn’t know how the information would be used. I suspect it was a proxy for how much social contact I have, but
the strictly correct answer would give a very different result from reality. Robust form testing could have revealed this.

CHALLENGES
There are certainly many challenges to incorporating the research findings into CRF and EDC design and production. EDC
software often imposes limitations on how fields can be defined and laid out on the screen. This is perhaps surprising, since
the vast majority of vendors come from the web world, not clinical, and their world invented web forms, but many don’t seem to
have incorporated these findings. With respect to testing, it can be difficult to get the cross-functional collaboration necessary
to allow forms designer and sites to work together, sites may need payment for the time this takes, and CRF design is often on
the critical path to study start, so anything that delays the process is discouraged. In addition, sponsors tend to believe their
forms are fine because there may be no reliable way for usability problems to be communicated.

POTENTIAL SOLUTIONS
While there are no quick fixes, there are some potential solutions. Many sponsors and CROs have standard CRF libraries.
Starting with these, run a process improvement review to evaluate them against the research results discussed above and
available elsewhere. Develop style guides that codify the rules and processes to ensure that future CRFs reflect the same
practices. Build a testing phase into the design process that involves sites, and vary the sites chosen so that responses remain
fresh. Use multiple sites, because there will be individual variations and it’s important to identify what is a personal quirk vs.
a real issue. Finally, document the design decisions along with the rationale so that when future forms are developed that
knowledge is available.
This may seem like a lot of effort, and it is, but the time to discover design flaws is not during the study, the time is before
the study starts. Standard CRF libraries allow the knowledge to be captured and used for future studies, so the results are
cumulative. Most importantly, this makes the clinical trials data higher quality, and more efficient to collect, which allows an
increased focus on improving the science and getting treatments to patients more quickly. Surely that’s worth the effort.
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INTRODUCTION
The recent US Food and Drug Administration (FDA) risk-based guidance1 and the European Medicines Agency quality
management reflection paper2 have opened the door for a risk-based monitoring (RBM) paradigm for clinical research.
However, RBM adoption by the research community is still low, as there is a general resistance to change “tried and true”
procedures and, for many, there is the perception that risk-based methodologies are difficult to standardize. As a result, no
satisfactory answers have been offered to the following questions: (1) What is the best way to manage those data points that
are critical to quality? and (2) What percentage of data points need to be “verified”? Difficulties in incorporating solutions to
these issues have been one of the main impediments to RBM adoption. As a result, RBM is still viewed by many as a theoretical
construct rather than an operational reality.
Nevertheless, centralized monitoring has been gaining popularity, and the Clinical Trials Transformation Initiative reported
that 33% of the industry now “uses centralized monitoring methods.”3 Many contract research organizations also offer clients
alternative monitoring solutions, and some have conducted dozens of studies using a number of RBM implementations.4
However, none of these approaches have gained broad adoption. Furthermore, the initiative reported that 80% of the industry
still uses “frequent visits with 100% SDV [source document verification]”3 and “33% of sponsor companies have never applied
RBM to outsourced clinical trials.”5 The average proportion of SDV in the industry is decreasing but is still very high (85% in
2013),6 and “sponsors’ resistance” is reported as the main reason for slow adoption of reduced SDV.7
A summary of the RBM discussions reflected in the literature in the first wave of publications from 1998 to 2010 is presented
in Table 1.
2011-2014 Evidence on the Effect of Errors
Mitchel et al16 analyzed study data before and after data cleaning and observed (1) nearly identical means and (2) a slight
reduction in standard deviation such that only a 1% increase in the sample size would be needed to address this change. The
authors also concluded that “the impact on detectable differences between the ‘original’ and the ‘clean’ data, is a direct function
of the sample size.” In 2012, a Cancer Research UK Liverpool Cancer Trials Unit study assessed SDV value for oncology clinical
trials.17 In this study, data obtained following 100% SDV were compared to data without SDV, specifically addressing data
discrepancies and comparative treatment effects. In a sample of 533 subjects, baseline data discrepancies identified via SDV
varied, as follows: 0.6% (sex), 0.8% (eligibility criteria), 1.3% (ethnicity), 2.3% (date of birth), 3.0% (World Health Organization
performance status), 3.2% (disease stage), and 9.9% (date of diagnosis). Discrepancies were equally distributed across
treatment groups and sites. The authors concluded that “in this empirical comparison, SDV was expensive and identified
random errors that made little impact on results and clinical conclusions of the trial. Central monitoring using an external
data source was a more efficient approach for the primary outcome of overall survival.… For the subjective outcome objective
response, an independent blinded review committee and tracking system to monitor missing scan data could be more efficient
than SDV.”17 Furthermore, like Mitchel et al,16 Smith and colleagues suggested (as an alternative to SDV) “to safeguard against
the effect of random errors might be to inflate the target sample size.”17
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Table 1. Risk-based Monitoring Literature Review, 1998–2010

Mitchel et al18 analyzed the impact of SDV and queries in a study utilizing direct data entry at the time of the clinic visit. In this
study “a total of 5581 paper source records were reviewed at the site and compared with the clinical trial database [SDV].”
Results showed that only 3.9% of forms were queried by clinical research associates and only 1.4% of forms had database
changes as a result of queries (38% query effectiveness rate). The “error rate” associated with SDV alone was 0.86%. Dillon
and Zhao19 presented query effectiveness statistics from 4 studies, which demonstrated a query effectiveness rate from 14% to
46% for queries generated by data management and a rate of 37% to 82% for monitor-generated queries. The derived pooled
mean for query effectiveness for these 4 studies was 44.5%—similar to the 38% reported by Mitchel et al18.
In another publication, the magnitude of data modifications was analyzed across 10,000+ clinical trials.20 Results showed that
the proportion of data modified from the original data entry was <3%. On the basis of a sample of 1234 patient visits from 24
studies, Grieve21 provided error rate estimates that were consistent with the previous reports. The pooled error rate estimate
across all studies was approximately 3%, with an associated 95% confidence interval ranging from 2% to 4%. The most recent
retrospective multistudy data analysis by TransCelerate22 “revealed that only 3.7% of eCRF [electronic case report form] data
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are corrected following initial entry by site personnel.” The difference between reported rates 3%20 to 3.7%22 is primarily
attributed to the fact that the later estimates included cases of initially missing data that were discovered and added later,
usually as a result of monitoring activities by clinical research associates, which were not included as a separate category in
the previous analysis.
Detailed analysis of monitoring reports by Bakobaki et al 23 revealed that centralized monitoring activities could have identified
95% of the findings from on-site monitoring visits. However, if only standard edit checks are programmed and no other more
sophisticated centralized procedures are involved, then the proportion of these centrally identifiable findings drops to 42.5%.
Examples of such sophisticated central/remote procedures listed by Bakobaki et al include:

Central receipt and review of participant information
including translations and back-translations, Central
receipt and review of specimen testing logs, Central
receipt and review of screening and enrollment logs,
informed consent forms and delegation of responsibility
logs, Ongoing central receipt and review of regulatory
documentation—FDA1572 forms, ethical approvals,
communications with ethics committees and regulatory

authorities, Central receipt and review of source data on
notifiable and serious adverse events, Central receipt
and review of any translated CRFs [case report forms],
Central receipt and review of pharmacy accountability
documentation, Fax back confirmation of document being
filed when sent from a coordinating centre, Review of delay
between visit date and date data entered onto database,
Including all written text/comments on CRFs on database.

Also, Bakobaki et al observed that <1% (2 of 268 monitoring findings in the reviewed sample) were critical or major.
TransCelerate24 presented evidence on the effectiveness of SDV as it pertains to query generation. Specifically, data
discrepancies from completed studies were evaluated to determine the rate of queries identified via SDV as compared to
all queries for a study. The authors then assessed the queries to determine the percentage of SDV-generated queries in
critical data. Despite variability in the way that companies performed data management, all companies were similar in the
low rate of SDV-generated queries. The average percentage of queries generated as a result of SDV was 7.8% of the total
number of queries generated. The average percentage of SDV queries that were generated in critical data as represented as
a part of the total number of queries was 2.4%. The rate of SDV-only discrepancies in critical data (2.4%) suggests that SDV
has negligible effect on data quality.24 As a result, TransCelerate BioPharma has now developed a methodology that shifts
monitoring processes from an excessive concentration on SDV to a more comprehensive risk-driven approach.24 Lindblad
et al 25 concluded that systematic central monitoring of clinical trial data can identify problems at the same trials and sites
identified during FDA site inspections, and Nielsen et al 26 concluded that a “mixed approach” (i.e., characterized by minimal
amount of SDV) appeared to be most efficient.
Thus, the evidence has consistently demonstrated that data errors and data cleaning have a limited impact on study results
(with exception of fraud, which is “rare and isolated in scope”3), thereby underlining the limited effectiveness and utility of SDV.
In April 2011, the FDA withdrew its 1988 guidance27 on the monitoring of clinical trials, which had a strong emphasis on on-site
monitoring activities. Subsequently, the FDA issued a new clinical monitoring guidance1 indicating that on-site monitoring is
no longer an essential part of the process to ensure data quality, while encouraging sponsors to use a variety of approaches to
meet their trial oversight responsibilities.
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METHODS
The challenge now is how to achieve the goals of quality assurance (i.e., the absence of errors that matter) and make sure
that the data are fit for purpose.28 Clearly, it is not necessary to design a quality system to check for every possible error or to
perform a 100% manual review of all data. As Good Clinical Data Management Practices points out, “there will always be errors
that are not addressed by quality checks or reviews, and errors will slip through the quality check process undetected.”10 Thus,
the core question is how to minimize the impact of data error on the study conclusion.
The American Society for Quality and the Society for Clinical Data Management10 have suggested viewing data error risk as a
product of 3 factors: the probability of an error occurrence, the probability that the error will not be detected and corrected
during the process, and the severity of the error or damage. Minimizing these factors is necessary and should be sufficient for
optimizing data quality-related risks and data-cleaning resources.
The following are operational considerations to mitigate these factors:

Risk of error occurrence: What portion of the data is risky, and what level of risk is associated with each category of data? The
following 5 categories are used in our calculations: (1) data never queried / never changed, (2) queries leading to no change, (3)
changes (non–key data), (4) changes (key data points), and (5) initially missing data that are added later without query (usually
as a result of monitoring activities). These 5 categories have distinctly different associated risks and could be measured by
probability of occurrence. Note that the fifth category is often overlooked. As N. Sheetz and TransCelerate colleagues correctly
pointed out, “some source document verification–driven findings … are never documented as an electronic data capture (EDC)
query by the site monitor. Instead, a common practice is for site monitors to document questions on handwritten notes outside
the EDC system. In such cases, the site may perform the necessary corrections directly on the [electronic case report forms]
without any EDC queries being generated by the site monitor.”22 This is why the importance of the fifth category cannot be
underestimated.
Probability that the error will not be detected and corrected: How can we increase the probability of catching potential critical
to quality errors with acceptable resources? Some discrepancies are easy to identify via computer algorithms, and others may
require manual review. The answer to this question comes from 2 perspectives: (1) relative effectiveness of manual SDV versus
computerized data validation and (2) the unnecessary redundancy between these 2 activities.
Error severity: Data error impact on study results is 2-dimensional: the hierarchical nature of data point value and the
neutralizing effect of the large sample size.

RESULTS
SDV Effectiveness
We estimated that manual SDV is approximately 15 times less effective than computerized data validation. This conclusion was
derived from data from Mitchel et al18 and TransCelerate,24 respectively, by dividing a typical ratio of data changes prompted by
data validation (37%) by the rate of data changes prompted by SDV (2.4%).
SDV Redundancy
The overlap between (1) SDV and (2) data validation and central monitoring activities needs to be minimized to improve efficiency
and reduce waste. How much of SDV work is redundant? The answer can be derived from publications by TransCelerate24 and
Bakobaki et al.23 The estimates presented in Table 2 are based on TransCelerate24 query estimates that 7.8% of data points
affected by queries generated as a result of SDV and only 2.4% of all data points (30.8% of the queries) affect critical data.
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Table 2. Estimated Effectiveness and Redundancy of SDV Relative to Central Data Validation

Historically, manual and computerized components of data cleaning can overlap by as much as 42% to 95%.23 In other words,
42% to 95% of discrepancies that clinical research associates catch during SDV would otherwise be caught by centralized
data validation (column A). The remaining 5% to 58% of data discrepancies are not captured by edit checks/data validation/
central monitoring (column B) depending on how extensive and robust the central monitoring and computerized data-cleaning
activities are. Thus, only these 5% to 58% of all discrepancies uncovered by SDV actually add value, and the rest (42%-95%)
are wasted efforts. In terms of critical data, only 0.1% to 1.4% are not captured by data validation. (This observation alone—that
the centralized data cleaning and monitoring error identification could be relatively inexpensively increased from 42% to up
to 95%—makes a strong case for additional investment in expansion of centralized reviews and remote data cleaning.) Finally,
the distinction between “critical data” and “critical finding” needs to be clear. While an estimated 2.4%24 of monitoring findings
relate to critical data, <1% (as documented by Bakobaki et al 23) can be considered critical or major.
The questions then become, Is 0.1%-1.4% an acceptable error rate? and What is the benchmark to base our judgment? We
suggest looking at value or impact of these 0.1%-1.4% erroneous data fixed by SDV relative to acceptable level of type 1 error
alpha (5%) used by regulators. In other words, P ≤ .05 tells us that probability of a nonefficacious drug being approved by the
FDA can be as high as 5%. Furthermore, the type 2 error (the probability of an efficacious drug not being approved) can be even
higher (10%-20%). Thus, the current level of SDV (which typically produces 0.1%-1.4% improvement in error rate for key data)
cannot be rationally justified.
Study Size Effect
The diminishing impact of study size on the value of data cleaning has been observed. Mitchel et al16 demonstrated that datacleaning effectiveness is inversely related to study size and had an inferior impact on study results. Tantsyura et al13 determined
that SDV efficiency is inversely related to study size. Therefore, data-cleaning resourcing should follow the same inverse
pattern.
Could a probabilistic/composite score “data quality impact factor” estimate the study size effect on the study results? This
question was answered with a simulation considering 3 scenarios assuming 2 distributions of data errors and the presence/
absence of out-of-range edit checks.
Figure 1 demonstrates that (1) optimal data cleaning follows the law of diminishing returns, (2) parameters affect magnitude
but not the trend, and (3) the data-cleaning cutoff points can be determined on the basis of data quality impact factor tolerance
limits. If, for example, the study team establishes a tolerance level for the data quality impact factor at 2% (i.e., 0.02 is considered
to be acceptable), then the data-cleaning activities for studies with ≈1000 subjects or more become unnecessary. Thus, (1) the
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Figure 1. Study Size Effect on Hypothetical Data Quality Impact Factor

“optimal” SDV should be commensurate
with the number of data points that are
likely to change from an “erroneous” to a
“true” value as a result of the data-cleaning
process (the few exceptions include
data that are difficult to review/validate
remotely, such as informed consent
forms, some eligibility criteria, etc.), and
(2) it must be further reduced in case of
a large sample size. It should be noted
that this argument is sufficient to avoid
excessive SDV of key variables, key time
points, early visits, or first subject at a site
unless subject to query (with the exception
of ultrasmall studies, when even a small
data error is magnified).

Error Hierarchy by Severity
Table 3 presents probability estimates by risk category for a hypothetical clinical trial using previously reported rates from 3
original publications.20,22,24 The overall risk (not shown in Table 3) is a product of 3 probabilities (A × B × C):

Risk of occurrence x probability of error not being detected x risk severity = overall risk.
Specifically,
• 7.8% of study data being queried and 30.8% of queries are critical, as reported by TransCelerate24;
• 3% of the data change after original entry, as reported by Yong20; and
• 3.7% “of eCRF data [are] corrected by any data cleaning method,” as cited by Sheetz et al 22 as a cross-validation step.

Table 3. Probability of Occurrence of Data Errors and Corresponding Risk Hierarchy.
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Finally, additional calculations were performed.
The query effectiveness rate (i.e., X% of queries led to data change) was derived from Table 3 (38%) and found to be consistent
with the 37% query effectiveness reported by Mitchel18 and 44.5% derived from Dillon and Zhao.19 It was reasonable to conclude
that these 7.5% of data points are usually discrepant (the “riskiest”) among all in a study; as such, a comparable amount of SDV
(7.5%) would be justifiable and sufficient for manual SDV.
Thus, based on the calculations above, ≈3.7% of data that typically change after original entry22 (3 bottom rows in Table 3)
constitute some data quality–related risk, while the remaining 96.3% of data (including key safety or efficacy variables)
collected with no errors bear no risk regardless of their “critical variable” status. Focusing data-cleaning efforts on these
“discrepant” 3.7% yields the highest efficiency. Furthermore, since the majority of data changes ([2.1% + 0.9%] / [2.1% + 0.9%
+ 0.7%] ≈ 80%) are captured via data validation23 and manual data reviews and are documented as queries, focusing SDV on
queried data points is the most practical approach. At the same time, only a small share [0.7% × 30%) / (91.5% + 0.7%) ≈ 23%] of
all nonqueried data (or ≈0.22% of all data) bears any risk and might affect the study results. Thus, accepting nonqueried data
as is (without SDV) seems to be reasonable and efficient.

DISCUSSION
The model described in this paper relies heavily on 3 assumptions: (1) that the query generation process, including data validation and centralized monitoring, is comprehensive and focused on key data points; (2) that errors are distributed randomly
across subjects and variables; and (3) that the majority (≈80%) of prospective data changes are identified and captured as “queries.” If either of these assumptions is not valid for a study, some conclusions might not be valid, and alternative SDV models
might need to be considered. Also, data errors that are >±4 standard deviations are considered “outliers,” which are typically
easier to identify and eliminate via data validation and manual review. In addition, we considered SDV a “quality control” step,
as opposed to SDV by statistical sampling or a “quality assurance” step, as described in some literature (Grieve21). Further
research might be needed to assess applicability of SDV by statistical sampling as a quality assurance step, especially for the
large studies. While the discussion focuses on typical scenarios as they pertain to data quality, error rates, and query rates,
variability between superiority and noninferiority studies have not been subject of discussion. As a result, further research is
needed to determine the limits of the proposed model.

CONCLUSIONS
The value of SDV is currently hugely overestimated, and for large studies, SDV produces no detectable return on investment.
The current analysis demonstrates that the true effectiveness value of SDV (measured as a proportion of key data points modified as a result of SDV) is minimal (0.1%-1.4%), especially relative to the industry standard acceptable 5% alpha error.
Overall, 97% of data in a typical study never change. Only discrepant data for key variables of analysis bear data quality risk.
In the spirit of achieving the “absence of errors that matter,” we conclude that 0.9% of key data that are typically modified after
original entry, via the query management process, deserve the highest level of attention, possibly including SDV. Only a small
share of nonqueried data (estimated as 0.22%) bears any risk and therefore usually does not deserve additional manual efforts,
such as SDV. This is in contrast with the prevailing belief that all critical data require SDV.
The present analysis demonstrates diminishing effects of errors and error corrections on study conclusions. It also suggests
that an average of <8% SDV is sufficient, with higher SDV rates for smaller studies and virtually 0% SDV for large studies. The
study size effect must be considered in designing a monitoring plan since the law of diminishing returns dictates focusing
SDV on “high-value” data points. The data-cleaning cutoff point can be based on the tolerance limits of the data quality impact
factor. Finally, in the old 100% SDV method, based on paper CRFs and paper source records, the SDV component was essential
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in identifying issues and addressing them; now, however, with the use of computerized technology coupled with “intelligent
monitoring,” SDV is largely a wasted effort to detect data issues.
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Winter 2016

By Isabelle Abousahl

ABSTRACT
Patient centricity is a new paradigm that has developed over the past years. It ultimately aims at delivering personalized
medicine to patients. The volume and availability of clinical data in electronic form, which represents personal data obtained
from participants in clinical research studies or from patients, has concomitantly been growing. This trend is expected to
continue exponentially, thus increasing significantly the potential of innovation in the various forms of personalized medicine,
but also the risk of data privacy breaches. Therefore, the protection of personal data cannot be dissociated from the value of
the data and represents another facet of patient centricity.
If not already the case, clinical data management professionals should know that they have an important role to play in this
matter, not only as safeguards of the purposefulness and quality of clinical data, but also as key contributors to solutions which
may help unlock innovation, such as de-identification techniques.
This article gives a glimpse of the body of knowledge that data managers need to acquire and maintain in order to undertake
this ethical role more effectively. We present some specifics of the implementation of data protection principles by clinical
data management professionals in the context of clinical studies, as well as public disclosure of clinical trial data. We
finally have an outlook as to the evolution of the role in relation to the new paradigms being implemented as part of the data
privacy frameworks around the world (e.g., privacy by design and data governance principles). We conclude that clinical data
management professionals are cornerstones to the implementation of a data privacy framework in the clinical research and
development area and thus should proactively promote this role within their organizations.

INTRODUCTION
Applying data privacy to the context of clinical research may be highly complex, especially when studies are conducted on a
global scale, where the specificities of each country’s legislation have to be taken into account. Furthermore, the sensitive
nature of the data collected increases the potential harm in case of data privacy breaches and, therefore, necessitates more
restrictions in its handling and processing. These constraints must be operationalized into the conduct of the study by the
various functions involved with the support of corporate legal counsels.
Data privacy, on the other hand, contributes to the trust of the public in clinical research and is particularly paramount in order
to get active participation from persons when it comes to:
• Recruiting patients into clinical trials;
• Recruiting donors for bio-banking projects;
• Making secondary use of clinical data for research purposes and
• Delivering digital health applications to patients1, 2, 3.
In parallel, the demand from the public for disclosure of clinical trial data is growing, calling for safeguards to data privacy
before making the data available. Even if the disclosure may also come from the demand of a regulator, the protection of
personal data remains under the liability of the sponsors of clinical research projects, and constitutes an ethical commitment
that they must endorse in any case.
Therefore, clinical development leaders should realize that their ability to understand the constraints as well as the stakes of
data privacy is important in their role.

DATA BASICS

Fall Special Edition 25 Years

▶

100

RETURN TO COVER

▶

Data Privacy: An Important Contribution of Clinical Data Management to Patient Centricity

What is the value added from clinical data management professionals in this area? How much should they know about data
privacy? What role should they play? Will this role need to change in the near future? The following sections are meant to
propose some answers to these questions.

VALUE ADDED
The value added to data privacy is found in the essence of the clinical data management’s role, when it comes:
•	to guarantee that the data collected as part of a clinical study is at a level of quality and integrity that preserves the potential
scientific value of the study and
•	to make sure that the key codes assigned to patients by the sites respect the conventions defined for the study and that no
data allowing direct identification of study subjects is reported by the sites to the study sponsor.
These roles are derived from the Good Clinical Practices (GCP) and specifically addressed in the Good Clinical Data Management
Practices (GCDMP©) set forth by the Society of Clinical Data Management (SCDM)4, 5.
Therefore, clinical data managers should acquire a minimum body of knowledge and ensure it remains current with the
evolution of laws, regulations and techniques.

BODY OF KNOWLEDGE
a.	General culture regarding data privacy/
protection principles
The social origin of privacy should be understood as
well as the historical reasons that made it emerge as
a human right in 1948, as reflected in Article 12 of the
Universal Declaration of the Human Rights6.
The principles defined by the Organization for Economic
Development and Cooperation (OECD) in 1980 in the
“Guidelines governing the protection of privacy and
transborder flows of personal data”, meant to serve
as a harmonized foundation for the establishment
of further data privacy legislations around the world,
should be known7.
Table 1 summarizes the eight basic principles from the
OECD data protection guidelines.
The drivers that have led, since the emergence of the
OECD guidelines in 1980, to the revision of existing data
privacy legislations as well as to the implementation
of new rules and guidelines, should be understood,
among which include:
•	the need to address the rapid evolution of information
technologies and the exponential growth of the
volume of personal data being collected;
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Table 1: The eight basic principles from “The OECD Privacy
Framework - OECD 2013” 7
KEY OECD
PRINCIPLE

KEY CRITERIA

Collection
Limitation

• Limits to collection
• Lawfull and fair means
• Consent

Data Quality

• Relevant to purposes
• Accurate, complete and kept up-to-date

Purpose
Specification

• No later than time of collection
• Subsequent use limited
• Specified on each change

Use Limitation

Not disclosed, made available or used for
purposes other than those specified, except:
• With consent of data subject
• By the authority of law

Security
Safeguards

Protected by reasonable security safeguards
against risks of loss, unauthorised access,
destruction, use, modification or disclosure

Openness

• General policy of openness about
developments, practices and policies
• Means of establishing data and purposes of its
use should be readily available

Individual
Participation

• Individual right to obtain confirmation of
whether data controller has data related to
him/her
• Individual right to have data communicated

Accountability
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•	the increased societal and economic value of
responsible uses of personal data and
•	the concomitant increase of threats to privacy, such
as identity theft7.
In addition, a minimum set of concepts should be
understood as well as their importance in the specific
context of clinical research studies. Table 2 describes
some of the key data privacy concepts.
b.	Understanding different privacy models
implemented across the world:

Table 2: Some key data privacy concepts7 ,8
KEY CONCEPT

Personal
Data

Sensitive
Personal Data

Since the protection of personal data is not regulated
the same way across geographies, it is helpful to
understand the main differences between the types of
laws adopted throughout the world:

or identifiable individual (data subject)
This definition is generally the one used across
jurisdictions
Synonyms: Personally Identifiable Information
(PII / USA); Personal Information (Canada); etc…
The definition varies across jurisdictions, e.g.:
USA:
• Medical records
• Social security number
• Driver’s licence number
• Financial information
EUROPE:
• Racial or ethnic origin
• Political opinions
• Religious or philosophical beliefs
• Trade union membership
• Genetic and biometric data
• Health
• Sex life or sexual orientation

•	The comprehensive model, such as the one
implemented in Europe or in Canada, uses omnibus
laws to cover nearly all types of data and processing
of data;
•	The sectorial model, such as the one implemented
in the United States or in Japan, uses laws that are
enacted for specific sectors, such as the financial
and health sectors and

DEFINITION
• OECD: any information relating to an identified

Data
Controller

•	The co-regulatory model, such as the one
implemented in Australia or in New Zealand, uses
a combination of a general state legislation and
of binding codes of conduct set by each specific
industry sector 8.
The comprehensive model implemented in Europe
being the most restrictive, it is important to understand
Data
it when implementing clinical research studies
Processor
involving sites or contributing organizations located in
the European Union member states, whether they are
investigational sites, sponsors, third party data providers or CROs.

Generally: an organisation that has authority to
decide how and why personal information is to
be processed
EUROPE (EU 2016/679 – General Data Protection
Regulation):
• A natural or legal person, public authority,
agency or other body;
• Alone or jointly with others;
• W hich determines the purposes and means of
processing of personal data
Generally: an organisation that processes data
on behalf of the data controller

A KEY ROLE IN CONTEXT OF CLINICAL STUDIES
Key data privacy principles, such as consent, data quality and integrity, data security and confidentiality, and purposefulness of
data processing, are explicitly embedded into GCP. Thus, the safeguards are generally well in place to ensure they are properly
fulfilled.
There is one aspect though which has become more and more tricky, for global studies covered by the European legislation: the
transborder data flows. The European Data Protection Directive 95/46/EC as well as the General Data Protection Regulation
EU/2016/679 which will supersede the former as of May 25th, 2018, prohibits the transfer of personal data to third countries if
their level of adequacy has not been established by the European Commission9, 10.
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Clinical data managers are in a central place to map the flow of clinical study data across geographies, data providers and
data processors, irrespective of the fact that records are paper based or electronic. A data privacy officer conducting a privacy
impact assessment could easily leverage from this mapping in order to ensure that the transfer of data to third countries is
established on the ground of the appropriate adequacy level. Figure 1 offers an example of an interactive web site that helps
one understand data protection around the world.
The most frequent situations encountered in the case of clinical studies are:
•	Transfer of clinical study data to the United States: due to the sectorial approach and lack of a centralized data protection
authority, the adequacy level is recognized by the EU only for U.S. companies who have self-registered to the Privacy
Shield11.
•	Processing of clinical study data by off-shore CROs located in countries where data protection laws have an insufficient
level of adequacy (e.g., India): the transfer can be authorized on the ground of the use of standard model contracts published
by the European Commission12.

A KEY ROLE IN CONTEXT OF RESPONSIBLE CLINICAL DATA SHARING
With the commitment made by the pharmaceutical industry in the United States and Europe through the “Principles for
Responsible Clinical Data Sharing”, published jointly by the PhRMA and the EFPIA, as well as the requirements from regulatory
bodies such as those from the EMA Policy 0070 on “Publication of Clinical Data for Medicinal Products for Human Use”, the
protection of personal data becomes an even more critical topic13, 14.
De-identified (or anonymized) data is not considered as personal data and, therefore, is not the subject of data protection laws.
In the absence of a specific consent, collected from patients, regarding the potential future repurposing of their data originally
collected in the context of a clinical study, data de-identification techniques are needed as a tool for the lawful processing of
this data for secondary scientific research purposes.

Figure 1: Data protection
around the world. An
interactive world map
available from the web
site of CNIL (Commission
Nationale de l’Informatique
et des Libertés – French Data
Protection Authority)
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Clinical data professionals have a thorough knowledge of the content and of the context of the data they deal with almost on
a daily basis. They are, therefore, in a good place to help locate direct and quasi (or indirect) identifiers from the database or
datasets. They can then work to strip them out or get them transformed in such a way that the probability of re-identification
of individuals is reduced to an acceptable residual level.
Standards are being established in relation to the Clinical Data Interchange Consortium (CDISC) data models, such as SDTM
and ADaM, to help enable de-identification. However, the clinical data manager will need to play a role in order to support the
process for de-identification according to the specifics of each clinical study15.

AN EMERGING ROLE WHICH CAN BE FORESEEN FROM THE EVOLUTION OF DATA PRIVACY PRINCIPLES
The protection of personal data is more and more envisaged by regulators according to three pillars: the Data Life Cycle
Management (DLM), the Information Security Practices and the Privacy by Design principle16.
The meaning of “Privacy by Design” for clinical data professionals can easily be understood from the above issue on data
de-identification: instead of approaching the data de-identification in a reactive manner, it should become an integral part
of the study setup process, in order to enable a proactive, and thus more robust, approach to clinical data sharing. Various
de-identification scenarios may have to be executed against each particular dataset, depending on three factors: the risk of
re-identification, the utility of the data for the secondary scientific research purpose and the code of conduct to which the
researcher has committed. If data de-identification attributes are defined as part of the study metadata, these could be used
to generate automatically de-identified datasets and data reports in a consistent manner.
In addition, clinical data management professionals definitely have an active role to play in the support of the DLM pillar, due to
their unique skill set which combines the management of the clinical data flow, the compliance to data traceability principles
and the proper documentation of each data processing activity.

CONCLUSION
Clinical data management professionals are a cornerstone in the life cycle management of personal data in clinical research
studies. Their role is therefore key in ensuring that the ethics of data privacy is preserved, for the sake of creating and
consolidating the trust from the public in clinical research. Clinical data management leaders, while developing the vision for
the future of their organizations, may consider strengthening the knowledge and skills of their teams in data privacy, for the
benefit of the inter-disciplinary approach required from companies to implement their data privacy program.
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ABSTRACT
It is a general tendency of human beings to act quickly on something that can be easily visualized. A picture is worth a thousand
words [1] – especially when there is an urge to discover insights from data. Visuals are especially helpful when one is trying to
find relationships among hundreds or thousands of variables to determine their relative importance. Are we there yet? Are
we ready to accept changes to establish a visual insight culture? Evolving from reports and dashboards and adding analytics
into data from disparate sources were the primary challenges. The burning question is, when periodic reports (e.g., study
status reports – query status, reconciliation status, missing pages status, etc.) are serving the purpose, then why should we
be putting efforts into analytics or visualization? In this case study, an attempt was made to enhance the Clean Patient Tracker
concept with visuals (charts and infographics) and additional attributes, such as resource utilization, productivity and quality
score coupled with it.

BACKGROUND
Are we in clinical data management using data analytics as effectively as our peers in marketing or commercial operations? [2]
Is it true that during the conduct of a study, decision making in clinical data management is not as fast as it could be and often
opportunity for a collaborative approach is missed? Why our visions are myopic and restricted to reports and dashboards only?
These aspects are highly debatable. At the same time, it is undeniable that even at the dawn of technology boom, proliferation
of artificial intelligence (AI), machine learning, data virtualization and many more technological advancements reducing man
hours, clinical data management at grassroots level is still done manually at a larger extent. The truth is – we are still using
spreadsheets to export data for review; sometimes row by row.

VALUE OF DM REPORTING GRANULARITY
Periodic reports and dashboards are associated with a smaller slice of time and can only answer the “what” in a study for that
particular time point which is only a piece of relevant information [3]. If reports are created periodically, then each report for that
time point acts as a separate version of truth. Let us call this “the multiple versions of truth”. To draw meaningful insight, the
reports need to be aggregated to compare and sometimes reconciled. Not only does involvement of different people, different
tools to create status reports, and ad-hoc data extraction lead to time consuming data reconciliation process, but also cause
deviation from the actual truth (e.g. overlapping or missing information).
A clear understanding of the “why” and “how” helps Clinical Data Managers focus on processes that need optimization and
timely, ongoing monitoring to improve future outcomes. To find relationship in data to answer – “how” and “why”, a broader
step is required encompassing the reports together into one because insight cannot be drawn from “multiple versions of
truth”. An example is provided in Figure 1 and Figure 2 below. If an open query status report is generated on the 1st and 29th of
every month, then the sudden increase in query count from 02-JUL-2017 to 06-JUL-2017 may not be visible to the stakeholders
(Figure 1). Unlike Figure 2, Figure 1 fails to provide information to further drill down to derive actionable insights such as –
underlying reason of increase in query count, an important lesson learned that should have been recorded, plan of mitigation, etc.
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Figure 1. Query status reports at two different time points
Query count
46

Date
01JUL2017

Open query report 2

Query count
28

Date
29JUL2017

Figure 2. Cumulative daily query count report vs. periodic (monthly/weekly) query count report.

VISUALIZATION METHOD
At a small scale, data visualization concepts pertaining to clinical data management were engaged. The process was initiated
with some elementary questions:
In clinical data management from start up to database lock 1. What to visualize?
2. How to visualize?
3. Should we standardize visualization?
50 clinical data managers of different experience levels (0-15 years) were randomly interviewed asking what they would like to
visualize [4]. https://www.privacyshield.gov/welcome
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Some common items (reports) [5] used on daily basis by Clinical Data Managers are listed in Table 1.
Table 1
Serial
number

What to visualize

1

Total open queries

2

Site open queries

3

Data management open queries

4

Other open queries (system, Clinical Research Associate)

5

Query frequency

6

Coding status

7

Missing visits

8

Missing pages

9

Data listing review (programmed, data dump)

10

Reconciliation status

11

Investigator Signature status

12

Lock status

13

Source Data Verification (SDV) status

14

Resource productivity – defined in this study as unit time required to complete one unit of task by an individual
(e.g., time required to close a query).

15

Resource utilization – defined in this study as the non-idle hours an individual spends to complete tasks in a
work day.

16

Quality score of study (measured per guidelines of GCDMP) [6]

17

Overall study status (per description provided under the “implementation” section).

Using the responses listed in Table 1, a prototype was developed as depicted in the wireframe in Figure 3 and description
provided below. Cumulative datasets pertaining to the items in Table 1 were programmatically integrated at study, site and
subject level (as applicable). Some additional parameters and derivations were added to draw better insights.
Input data from Table 1 were broken into the following categories:
1. Study status data
a. Query:
		 i. Total open queries
		 ii. Site open queries
		 iii. Data management open queries
		 iv. Other open queries
			 1. System queries
			 2. CRA queries
b. Coding status = Coded or not
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Figure 3. Wireframe of data visualization plan

c. Missing visits
d. Missing pages
e. Data listing review = Clean or not
		 i. Programmed listings for data review
		 ii. Data dumps
f. Reconciliation = Reconciled or not
g. Investigator Signature status = Signed or not
h. Locked status = Locked or not
i. SDV status = SDVed or not
j. Derived clean/not clean status at patient level
2. Upcoming monitoring visit date
3. Productivity and utilization of resources
a. Calculated based on individual study and time spent on
associated data cleaning activities
4. Quality score

a. Evaluated based on random sample review of data cleaning activities following guidelines of GCDMP [6]

IMPLEMENTATION
For the decision makers who are only interested to know if a study needs attention or not, an overall study status symbol with
colour codes was added.
1. red depicting – “study needs attention”
2. green depicting – “No attention required”
Overall study status was determined based on three parameters:
1. Study status
2. Productivity and utilization
3. Quality score
Clean Patient Dashboard elements were derived programmatically. The program turns the overall study status symbol “red”
if any one of the three parameters is not within the acceptable range. The rest of the components of Clean Patient Dashboard
allow users to drill down to various data issues and “clean status” up to patient level (Figure 4). The major Clean Patient
Tracker Dashboard Elements are described in Table 2.
This approach crafted the informed, data driven decision-making process that is several folds precise and propitious. Rapid
cleaning of patient data was observed as study team could precisely pin point the dirty data points. As the program could
identify altered clean patient status due to post review data change, no aggregated review was required to be done to confirm
clean status again and again till database lock.
Another success story of this data visualization approach pertains to the identification of pain points and their optimization. An
example is as follows: the items that were frequently preventing patients from being declared clean were also identified to be
the most time-consuming ones. These items could not be reviewed programmatically due to the lack of unique identifiers in
between the associated CRFs. The study team could identify these data points and optimised the CRF design. A unique identifier
was added in the CRFs so that data review could be done programmatically (e.g., in the concomitant medication CRF, drop down
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CONCLUSION
The success of clinical data visualization
is largely dependent on standardization.
There are numerous unanswered questions
pertaining to what to visualize, what tool should
be used, what types of graphs and charts to be
used and many other aspects which are yet to
be explored in detail. Forecasting, predictive
analysis, determination of achievability of
milestones, etc. need refined methodologies
that work efficiently in different therapeutic
area. For example, forecasting and prediction
are ideal options for vaccine studies as
it has a defined end of study pattern, but
the same may not be very efficient for an
oncology study without historical data for
comparative analysis. Recent technologies
(e.g., Clean Patient Optics) provide hassle free
clean patient status and many other useful
information and helps accelerating database
lock. However, a collaborative approach
is much needed to set data visualization
standards for different therapeutic areas
and to create a data driven “visualized insight
culture” with a view to generate a paradigm
shift towards informed data driven decision
making.
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Table 2 : Clean Patient Tracker Dashboard Elements
Element

Description

Clean Patient Status

A patient was considered “clean” if all the study
status parameters were confirmed as clean
(e.g. no open queries, all items were reconciled,
all data listing issues were resolved, etc.).

Achievability of
milestone (e.g.
database lock)

This parameter was assessed based on clean
patient velocity which was the count of patients
that were historically cleaned in a day.

Clean Patient
Velocity

Forecasting was done to predict the required
clean patient velocity to achieve database lock
on due date (how many patients need to be
cleaned per day to achieve database lock).

Quality Score

Quality score was evaluated based on
random sample review of data cleaning
activities and visualized as a parameter
linked with overall study status.

Tracking Resource
Requirement

Average time taken to complete a unit of a
data cleaning task (Query, Serious Adverse
Event (SAE) reconciliation, Data listing review,
etc.) was tracked and compared against
clean patient velocity to determine resource
requirement for a study. As the number of
clean patients progress it will generally require
less resources coming up to database lock.

List of pending
activities/tasks
preventing a
patient from being
declared clean

The program was designed to identify the
pending activities that were preventing a patient
from being declared clean. It could also provide
answers to the question how much more was
required to clean and what specific activities
were needed to pronounce a patient as clean.

Monitoring visit
dates at site level

Linking the monitoring visit dates at Site level
allowed Data Managers to target the Sites
before monitoring visit, so that the CRA could
address the residual issues for specific Site,
hence making the data cleaning process faster.
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options were added to link the corresponding
adverse events. It was observed that selecting
the adverse event takes less time for site than
typing the adverse event term.) Introduction
of key data elements to link the forms have
added the leverage of programmatic review
of such data points. Time taken to review the
same volume of data with and without the
“link” was tracked. During an internal analysis,
it was observed that 63% [4] of review time
could be saved when the forms were linked.
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Figure 4. Dummy Model Dashboard to Depict the Data Visualization Concept
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BACKGROUND
Query management is a standard process utilized by Data Management (DM) and Clinical Operations (ClinOps) for data
cleaning. The resources and costs associated with query management are not trivial because querying is a long, multi-step
process that involves many individuals at the sponsor company, Contract Research Organization (CRO) and investigational sites.
Unfortunately, people in the trenches are only aware of the portion of the cost that comes from their individual contribution and
are not trained to recognize the total cost associated with a query. This typically results in issuing multitudes of queries that
have no impact on the study performance or conclusion, which then inflates the overall cost of studies. In order to reduce costs,
can an “effective” query be differentiated from a “non-effective” query?
The Query Effectiveness Ratio (QER ) is defined as the ratio of the number of queries leading to change divided by the total
number of queries issued. This ratio is a viable metric for assessing the productivity of query management by highlighting the
high-value queries that lead to data corrections, as a proportion of the total number of issued queries.

		
Query Effectiveness Ratio (QER)=
			

# of data corrections
Total # of queries

In an earlier paper, we argued that reduced query effectiveness consumes many resources without notable returns on
investment. Thus, we proposed more “intelligent” data management that requires judgement when issuing queries.(1) The
suggested process is presented in Figure 1.
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Figure 1. Query Management Process
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In this paper, we take the previous discussion a step forward and propose industry-wide targets for query effectiveness metrics
that will impact DM and ClinOps.

EMPIRICAL EVIDENCE
QERs under 50% were observed in EDC studies and published in literature(2, 3, 4). More specifically, 37% query effectiveness was
reported by Mitchel(1), 44.5% was derived from Dillon and Zhao (3) and 38% was estimated by Tantsyura et al.(4). This indicates
that only 40% of queries across the industry lead to data corrections and 60% of queries result in no data changes. In a recent
registrational Phase 3 Direct Data Entry study, we observed a slightly higher average QER 56%. The table below presents
the detailed summary (by Form) of the Forms Entered, Queries Issued, Queries/Form (Ratio), Data Modifications and Query
Effectiveness Ratio (queries leading to change %), per Form for the referenced study.
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Table 1. Query Effectiveness Ratio (QER) (Color-coding: High QER, >75-100% QER are color coded green, medium QER, >2075%, are color coded yellow and low QER, <=20% are color-coded orange; NOTE: 5 forms had no queries associated with
them; they are listed at the bottom the table and greyed out)

QER

Forms
Entered

Queries
Issued

Queries /
Form

# Resulted
in Data
Modification

(% of queries Leading
to Change)

774

15

1.9%

15

100.0%

Adverse Event Changes

97

1

1.0%

1

100.0%

Tobacco Use

903

4

0.4%

4

100.0%

Phone Contact

1259

5

0.4%

5

100.0%

HIT-6

774

2

0.3%

2

100.0%

CRF
Migraine-Specific Quality of Life Questionnaire

Migraine Medical History

757

1

0.1%

1

100.0%

Self-Harm Supplement

4121

60

1.5%

57

95.0%

C-SSRS – Baseline/Screening Version & Since
Last Visit

4128

54

1.3%

51

94.4%

Caffeine Use

900

9

1.0%

8

88.9%

Alcohol Use

903

12

1.3%

10

83.3%

Concomitant Medication

6930

365

5.3%

294

80.5%

Adverse Event

857

46

5.4%

31

67.4%

Screen Failure

500

15

3.0%

10

66.7%

Demographics

934

34

3.6%

22

64.7%

Subject Status

4248

60

1.4%

36

60.0%

Sitting Vital Signs

10122

99

1.0%

55

55.6%

Other Medical History

5397

128

2.4%

65

50.8%

Drug Administration

1192

40

3.4%

12

30.0%

Body Measurements

1384

45

3.3%

12

26.7%

Date of Visit

4298

372

8.7%

85

22.8%

Prior Migraine Prevention Therapy (Prophylaxis)

1016

27

2.7%

6

22.2%

Subject Summary Study Period III & Study
Period IV

462

1

0.2%

0

0.0%

Subject Registration

936

2

0.2%

0

0.0%

6

0

0.0%

0

N/A

Follow-Up - Study Treatment Administration

410

0

0.0%

0

N/A

Nicotine Use

900

0

0.0%

0

N/A

Post-Study Follow-Up

63

0

0.0%

0

N/A

Self-Harm Follow-Up

25

0

0.0%

0

N/A

38207

1397

3.7%

782

56.0%

TOTAL or Average
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DISCUSSION
As Table 1 illustrates, some case report forms (color coded green) are characterized by above average QERs. For example,
the Tobacco Use form had 4 queries issued and all 4 forms were subsequently modified (QER = 100%). Some other forms (color
coded yellow) however are characterized by below “study average” QERs. As an example, the Body Measurements form was
queried 45 times, which led to only 12 forms being modified and resulted in a QER of 26.7%. It can be hypothesized that the
observed variability is partially due to the lack of monitoring of such a metric and absence of any reference or ”target” QER that
would prompt the study team towards a more intelligent and mindful approach to query issuance 1.
Question 1 - What should such a metric be? Should one expect that every query leads to a data correction, so QER = 100%?
Such an idealistic expectation would mean that a query would not be issued unless a study team member was sure of the
positive outcome of the query (necessary data correction) regardless of any doubt, suspicion and uncertainty surrounding
each data discrepancy. Obviously, the QER = 100% ideal is unattainable given the amount of available information for the
query issuer. These uncertainties cannot be completely removed from consideration, but can be handled via a risk-based or
“probabilistic” approach.
Figure 2: QER Determining Considerations
Study size (N)

Target Query
Effectiveness Ratio
(QER, %)

Cost considerations
($)

0%

Target QER Scale

Scientific value of
the data point

100%

Question 2 - Can a standard be established in the presence of so many moving parts? Is establishing such a standard even
feasible with different scenarios, study types and so much uncertainty in general? We would like to propose leveraging a riskbased approach in establishing a Target QER. Since the scientific value of each data point is determined by its contribution to
the primary or secondary study objectives, we suggest using a 3-tiered approach which is represented by the “Tier” column
in Table 2 below. Study size is the second most important consideration in determining the Target QER since the diminishing
impact of a study’s size has been observed and reported. Our earlier works “demonstrated that data cleaning effectiveness is
inversely related to study size and had an inferior impact on study results.”(4, 5, 6) That is why we suggest considering the risks
and QERs for small and large studies separately (as shown in Table 2). The increasing value and higher data quality (DQ) risk
of each data point is associated with the higher “Tier” and smaller study size as demonstrated by the blue arrows. A higher DQ
risk will justify the larger number of queries, lower QER and the higher cost associated with them as summarized in the Table 2.
1
The other contributing factor may include the lack of clear understanding of the case report form (CRF) that could be caused by unclear
protocol, confusing CRF completion instructions or by insufficient training.
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Higher Data Point Value / Higher DQ

Table 2. Target Query Effectiveness

Target QER
Small Study
(N=20-50)

Large Study
(N =200+)

Data points supporting primary study objectives

20%

50%

Data points supporting secondary study objectives

50%

80-90%

>90%

>95%

Tier

Description

Tier #1.
Critical data
Tier #2.
Secondary data
Tier #3.
Auxiliary data

Not included in the analysis

Higher Data Point Value / Higher DQ

Low Data Quality Risk

Process Implications and Training
The final question - How can such an ideal state be achieved? The process change will come from first empowering DM and
ClinOps to assess the impact of each (newly identified) discrepancy prior to issuing a query. In many cases, such a “stop-andthink” approach will lead to the decision to ignore the discrepancy and close it without issuing a query as demonstrated by the
following process diagram in Figure 3.
Figure 3. Query Process: Not Every Discrepancy Deserves a Query

Clinical (Study)
Database

Query or not
query?

YES

NO
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Second, incentives and corporate policies should be adjusted so that the CROs or individual contributors are not paid (or
otherwise rewarded) on a “per-query” basis. Mindless extra work is often perceived as pre-condition for “job security” and
this mentality requires change too. Third, this evolutionary reduction in the number of queries is unlikely to occur on its own
without a formal “change management” initiative coming from upper management supported by significant training. To take
true advantage of the cost savings, training materials (that use real-life detailed scenarios and examples) should be developed
and utilized. “Not Every Discrepancy Deserves a Query” is a seemingly simple concept, however, due to the conservative nature
of our industry, training and implementation of this new approach will require time and effort.

CONCLUDING REMARKS
1. The current broad-brush approach to query management leads to unnecessary costs and operational delays. Thus, the
elimination of low-value queries will inevitably lead to significant resource savings across the industry. An intelligent
approach to query management requires a closer look at and monitoring of high-value queries (that lead to data corrections)
versus low-value queries (that do not lead to data corrections). The Query Effectiveness Ratio (QER) is the best metric to
achieve this goal. Consistent monitoring of the QER and, subsequently, establishing standards and benchmarks for the
QER is the most practical and powerful path forward.
2. Currently reported QERs of 40% are clearly suboptimal. To reduce waste, the industry should strive to increase this ratio
to 75-80%. If done properly this effort will not have a negative impact on data quality. These target levels of QER might
be easier to achieve via direct data entry (DDE) or at the time of the subject encounter because a larger proportion of
queries are addressed at the entry point via edit checks, which then results in a smaller proportion of discrepancies being
unresolved and needing to be handled via manual queries.
3. This 75-80% target does not imply uniformity across all forms. The more critical the data point is and how large the study
is are two main considerations. The QER for the “Critical data” (Tier 1) is expected to be lower than the overall target of 7580%. The QER for the “Auxiliary data” (Tier 3) is expected to be higher close to 100%. DQ risk is higher for smaller studies
and that is why a lower QER is more appropriate for them.
4. DM and ClinOps need to be empowered and trained to perform a “risk assessment” first, prior to issuing a query to save
significant trial resources. This training needs to include knowledge of the protocol at the individual variable level, and the
fundamental understanding that smaller study sizes result in a diminishing impact on the value of data cleaning.
5. In a few years, many of the queries that are routinely issued by study teams today will be widely recognized as unnecessary.
With a new risk-based approach, risk assessments need to be performed during EVERY step of the data processing chain
including during query management. The inevitable evolution of modern processes will lead to the reduction of waste in
the system and produce larger numbers of new medicinal products with fewer resources.
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Doing More with Less for Faster DBL:
A Data Visualization Case Study
(How not to fail in data visualization)

Spring 2019

By Debu Moni Baruah

ABSTRACT
One of the basic tenets underpinning visualization is that it does more with less. With the increasing complexity of clinical trials
and the ever-increasing data burden, efficient decision making without analytics and visualization appears to be unrealistic.
But, with the myriad of visualization strategies and solutions available, it is easy to expose the end users to visual burden
which retards decision making. Many factors such as level of visual literacy of end user, complexity of visualization, relevance,
approach of setting visual hierarchy etc., may impact the success and acceptability of visualization. In this paper, some simple
and doable concepts such as a design thinking model of visualization, a visual communication method, a new model of visual
hierarchy, and end user’s visual preference are discussed.

DOING MORE WITH LESS
When any timeline approaches, especially database lock (DBL), there is generally an intense pressure to speed data cleaning
while restraining costs and/or staying within the budget. Given the burden of this duality, clinical data managers (CDM) are
expected to make smarter decisions on intelligence derived from data - at a faster pace. A successful data visualization
case study was discussed in the Fall Edition of 2017[1] in which the scope of analytics and data visualization in clinical data
management via a clean patient tracker was discussed at length. The main emphasis of the case study was a guided data
cleaning approach with a clean patient tracker in which clinical data managers could visualize the volume and type of dirty data
sliced at site, patient or form level, and anticipate the required velocity of data cleaning and achievability of milestones. The
approach proved to have potential to expedite data cleaning and positively impacted DBLs of two large studies[1].
Along with study health review, leadership teams also invest a considerable amount of time to keep track of “how things are
going” mostly via meetings in which operational and project management metrics are also discussed. Use of visualization does
expedite decision making during these meetings but with the disparate data load, it is very easy to expose the end users or
decision makers to visual burden. In this article an evolved, easy to follow and sustainable strategy of developing user-friendly
visualizations are discussed.

VISUAL BURDEN
Quantitative visualization (e.g. open queries per month) of periodic reports pulled at different time points can be woefully
inadequate at helping stakeholders to spot risk factors and bottlenecks that can disrupt cycle times and budgets. This is mainly
because of the inefficient ways in which data is captured, stored, analysed and visualized. Reliance on conservative methods
such as paper, shared file in different drives, which lacks much-needed project and risk management functionality, adds
more burden to the end user and most of the time it is up to the level of experience of the reviewing individual to distil insights
while reconciling the information visualized. On top of that, identified issues demand further analysis to figure out the “why”
and “how” questions. This generally requires time-consuming meetings and many email exchanges between stakeholders.
These shortcomings are particularly acute during DBL, a phase that is widely regarded as demanding, stressful, sometimes

DATA BASICS

Fall Special Edition 25 Years

▶

120

RETURN TO COVER

▶

Doing More with Less for Faster DBL: A Data Visualization Case Study (How not to fail in data visualization)

resource intensive and in need of better operational approaches. To improve operations, stakeholders can embrace solutions
with automated workflows that guide team members at various levels through the many steps involved and provide alerts for
tasks needing attention. Complexity and volume of the visual representations, relevance (target audience) and arrangement of
visual hierarchy are a few more important factors that contribute to visual burden.

ROADMAP TO VISUALIZATION THAT WORKS
Before hunting for insights, clinical data managers must have a clear idea of what is actionable. Approaches that travel down
the rabbit hole of data exploration will lose time and waste resources unless they can set parameters on what, why and how
they want to visualize.
To develop visualizations that are accepted and appreciated by end users one
should • explore data visualization solutions through Human Centred Design (HCD2,3),
• establish a time saving Visual Communication Plan,
• e nsure to consider the Pre-Attentive Attributes of Visualizations[4],[5]
• follow an appropriate design of Visual Hierarchy – F pattern6, Arrow Head Model

DEVELOPING USER-FRIENDLY DATA VISUALIZATION USING HUMAN CENTRED DESIGN (HCD):
HCD starts with empathy, a deep human focus, in order to gain insights which may reveal new and unexplored course of actions
to develop preferred visualization suitable for different stakeholders. Visualizations developed based on general assumptions
and common sense are prone to fall into the trap of visualization knowledge gap (e.g. how to read a chart) between developers
and end users which contributes to unacceptability of visualization. The six phases of HCD help in sealing such gaps and
developing user-friendly visualizations.
Table 1: Phases of HCD2,3
Phases

Description

Observation

Observing the end-user, finding opportunities - identifying patterns of behaviour,
pain points, and steps where users have a difficult time doing something.

Ideation

Come up with as many ideas as possible (stay focused on the requirements of the end users).

Rapid prototyping Develop simple prototypes, test them with the end-users.
User feedback

Get input from your end-users on the prototypes.

Iteration

Use the feedback received to fuel the changes to the design.

Implementation

Implement.

Adoption of HCD has several other perks which include improved user experience, reduced training and support cost due to
early connect and familiarization during rapid prototyping phase, reduced discomfort and stress (especially applicable for new
or less experienced end users) and most importantly it’s contribution towards sustainability.
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SAVE TIME WITH A VISUAL COMMUNICATION PLAN
When it comes to visualization, there is no one size fits all approach that works. Merely converting data from tables into charts
does not solve the purpose and seldom assists in speeding up decision making. Also, randomly arranging different charts into
one place does not make an efficient dashboard. However, it is possible to save time and resources by following few simple tips.
A doable framework is listed in table 2.
Table 2: Visual Communication
Phases

Description

Points to consider

· List questions to get visual answers.
· L
 ist Key Performance
Indicators (KPIs) to use

Set
questionnaires

· H
 ave brainstorming sessions with
experts and stakeholders
· F
 ind visual answers (types of charts,
graphs or infographics, etc.)

Visual Discovery

· P
 lan and design visualization and hierarchy.
· P
 rogramming, business intelligence
tools, testing, analysis.

No programming or visualization planning
should be done. The goal here is to
list what needs to be visualized.
No programming, visualization applications should
be used. Use pen, paper, whiteboards, etc. It takes
a lot lesser time to draft the visualization design
on a whiteboard or paper than in any application.
Consider Pre-Attentive Attributes of Visualizations

· Final version
Daily data
visualization

· Suitable for formal presentations

Simple, low volume, should speak for itself.

· Should be able to update easily
To understand overall project health, a data manager may have to track and analyse over hundreds of project parameters
within the scope of CDM. In such situations one can either visualize only the key performance indicators or develop an indicator
type visualization system where project health is displayed using RAG status (Green = project is on track. Amber = some
issues, being managed, needs to be closely monitored. Red = serious issues, milestones/timelines being missed, recovery
plan required) or develop a hybrid using both approaches. For periodic project health review meetings, such approaches tend
to help more as it is less labour intensive to programmatically derive RAG status from standard sources. A very economic
approach of achieving a hybrid model is displayed in image 1. To programmatically derive overall RAG, all source (input)
reports are added with a status column, with a standard “yes/no” type of answer. Anything completely manual should be
pushed to the Sandwich Model7 bucket so that the same can be used as an input
for RAG. This design is extremely easy to adopt and can even be executed using
simple spreadsheet functions. While RAG tells “how” things are going on, one
can further drill down exploring “why” something is happening using charts and
graphs linked to the RAGs.

Image 1: Whiteboard draft of a hybrid RAG enabled project health tracking
system
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VISUALIZATIONS TEND TO FAIL WITHOUT THE PRE-ATTENTIVE ATTRIBUTES
For failsafe visualizations it’s essential that all the visuals (charts, graphs, infographics, etc.) in Daily Data Visualization phase
pass the “Pre-Attentive Test”.
Image 2: Examples of Pre-Attentive Attributes of visualization

Visual attributes such as colour, form, spatial positioning and movement are immediately taken in and processed by the
perceptual ability of vision, even before the complex cognitive process of the human mind come into play. In simple words one should be able to comprehend the visualization effortlessly. For example, when it comes to colour, lesser is always better.
Adding more colours (especially more than 7 colours) makes the visualization difficult to understand. Dashboard designers
follow the 5 seconds rule – this is the amount of time it should take to find the relevant information as one scans the dashboard8.
It’s true that different types of data demand different types of visualization. However, understanding the visual preference of
end users always helps the developer select the best possible type of visualization or add sufficient amount of information
about how to read them.

VISUAL PREFERENCE OF END-USERS
The author conducted an online survey in November 2018 to understand the visual preferences of data managers. 77 clinical
data management individual contributors and 11 senior leaders responded to the survey and expressed their visual preference.
Most of the leaders (67%) expressed their preference towards only RAG whereas few (33%) wanted to see the parameters
constituting RAG along with it. Majority (78%) of them were inclined towards filtering and drill - down options where it is
possible to see all, and be able to filter to a sponsor, or a therapeutic area or a specific study. 100% of them voted to visualize
the study, operational and project management metrics together. When asked to rank their favourite charts, Column Charts
received highest rank, followed by Pie Chart, Bar Chart and Line Chart. Area Charts and Scatter Charts have received lowest
ranking. Similar trend of visual preference was observed from the individual contributors as well. However, few of them were
not sure about RAG and the concept of viewing study, operational and project management metrics together.
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VISUAL HIERARCHY – F - PATTERN6, ARROW HEAD MODEL
Arranging visual information effectively is highly essential to pass the 5 second test. F - pattern is a popular choice where the
most important visualizations are positioned in the upper left corner. From there a hierarchy of support data related to the
main visualization is created. The supporting charts on the bottom usually provide context and background data. These can
be positioned in a logical sequence to scan quickly. However, F- pattern is applicable for end users who are habituated to read
from left to right. In a global business environment, data managers interact with stakeholders of different cultures. Arrow head
model enriches the concept of F - pattern of visual hierarchy by adding direction and modulating the volume of information
displayed. For example, if a hybrid model of visualization needs to be adopted to track project health, then RAG (minimal
information that denotes how things are going on) should be positioned in the left top corner of the page. The charts displaying
the key KPIs (provides information on why something is happening) may find their place towards the bottom of the F. If the page
is a web based one and login is required, then right top portion is generally ideal for the same.
Image 3: F - pattern
1

2

3

4

AN END USER’S REACTION TO VISUALIZATION
Sneha Cheriyanath is a young clinical data manager who is responsible for query management, reconciliations, listing reviews
and the like. She was never a fan of charts and graphs. However, when she was introduced to visualizations that provided
valuable insights into her assigned study (e.g., pending items requiring priority attention, the number of data points needing
cleaning to achieve timelines), she felt empowered. She was able to overcome the typical “work allocation and delivery” model
and start supporting the study independently. Sneha knew that she should look at the dashboard, locate what’s holding the
clean status back for the patients and prioritize on the sites with upcoming scheduled monitoring visits.
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CONCLUSION
Visualizations should present a quick and easy way to get the answers the user needs to make the right decisions. More data
doesn’t mean more insights. We have more data than we know what to do with, which means that opportunities to create charts
are endless. While developing a visualization, it is tempting to include a lot of data points, make it very fancy, and ignore the
requirements of the end users. Visualizations should be developed as tools to support decision-making, not just as a laundry list
of KPIs. HCD, an easy to follow visual communication plan and efficient way to establish visual hierarchy helps data managers
to develop simple yet effective visualizations with minimal efforts that helps the entire team (from individual contributor to
leadership) to make quick and independent decisions required at their level and be ever ready for difficult milestones such as
database locks.
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