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Invest in Your Professional Network!
One of the things I value most as an SCDM member is the extensive network
of colleagues and friendships that I’ve developed over the past 10 years. It
is incredibly gratifying when a former colleague reaches out to reconnect,
seek advice or to explore new job opportunities. The biggest piece of
advice I give to my team and to individuals just starting in their careers is
this: Build your network now, invest in it and nurture it. Think of it as the
401k plan for your career. You’ll only get out of it what you put into it.

Cmed Group Ltd.
Melissa Lamb
Advanced Clinical

Social media has given us all a multitude of ways to help build our personal and professional networks. Twitter, LinkedIn, Facebook, etc., may
offer us easy tools to reach out and connect with others, but that is only
the start. The real investment and nurturing of your network is in how you
“show up” to support a colleague seeking your counsel or support. It is
just as important to know how to work within your network to get needed
advice, to seek subject matter expertise or to build an industry connection.
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Secretary
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Vadim Tantsyura
Target Health, Inc.

Jonathan R. Andrus, M.S.,
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As you work to build your own professional network, think beyond your
own organizational and geographic boundaries and think big! Find ways to
make connections and learn from your growing list of contacts and colleagues
across industry. And investment in building your network is an investment in both
yourself and those with whom you build the connection. I cannot think of a better
win/win arrangement.
As an SCDM member, you’ve already got a head start. Your Society has many ways for
you to build industry-level connections, get involved and build your professional network. I
encourage each of you to consider joining an SCDM Task Force, contributing to a GCDMP
chapter, attending the SCDM 2015 Annual Conference and associated networking events or
getting involved in any other SCDM - associated activity that interests you. Many opportunities exist
for you to not only build your own professional network, but for you to become a valuable resource
and colleague to someone else seeking to build his or her network. Embrace the opportunity!
Best wishes for a great summer!

Derek C. Perrin
2015 Chair, SCDM
Board of Trustees
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Letter From the Editors
Dear Readers,
Just as today’s data management professionals are
continuously pushed to be open to new ideas while
maintaining a solid foundation of good data management practice, this summer issue of Data Basics
looks forward to the new, and touches in on some
grounding foundations. And just as we are more
and more globally connected in our work, the location of our authors is spread around the world, from
New York to Shanghai.
Our lead article on “Risk-Based Monitoring: A Closer
Statistical Look at Source Document Verification,
Queries, Study Size Effects, and Data Quality”, by
Vadim Tantsyura et al. explores the new risk-based
monitoring paradigm in both the literature and across
the industry. It makes the statistical case for dramatic
reductions in actual source data verification. This is followed by a short piece on “mHealth”, which scratches
the surface of this timely concept - integrating mobile
technology and health information - and shares some
interesting facts gathered from various sources.
Then to ground us in foundation principles and
best practices of data management, we offer both the reprint of Margarita Strand’s article
“Pharmacogenomics Overview and Impact on Data
Management in Clinical Research” and the article
“Protocol Deviations in Clinical Trials: What a Data
Manager Should Know”, from Joan Huang, Beibei
Han and Charles Yan.

And lastly, the discussion of best practices for working together productively with both internal and external partners in “The Cooperation of CDM with
Other Functions: Winning Markets through Alliances”
is timely in the context of the variety of business process collaborations and partnerships industry wide.
This issue is designed once again to get you thinking. Ideally, your curiosity about a new concept will
be sparked or a renewed interest in a familiar topic
will be stimulated. We hope this will energize you
to read on, to do more research on your own, to
start a discussion with colleagues, maybe even to
share your own knowledge, experience or research
with fellow SCDM members by writing an article of
your own.
We can’t move successfully into the future without
carrying along the strong foundations of the past
and present - our precious collective knowledge built
from the experience, energy, and teamwork of our
entire profession. At the same time, we must move
forward, continuing to challenge ourselves, learning,
thinking, discussing, and growing.

Editorial Board

(also known as Publications
Committee)

Elizabeth Kelchner

Co-Editor
Chapel Hill, NC
elizabeth_kelchner@rhoworld.com

Janet Welsh, CCDM

Co-Editor
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Sanet Olivier, CCDM

Quintiles
sanet.olivier@quintiles.com
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Publication Committee Co-Chair
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Rehana Blunt
With best wishes for your professional growth!
Elizabeth Kelchner and Janet Welsh
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Kit Howard

Kestrel Consultants, Inc.
khoward@cdisc.org

Lynda L. Hunter, CCDM

PRA International
hunterlynda@praintl.com

Nadia Matchum

St Jude Medical
nmatchum@sjm.com

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

Derek Petersen, CCDM

DM-STAT, Inc.
Derek.Petersen@dmstat.com

Vadim Tantsyura

Target Health, Inc.
Vadim.Tantsyura@gmail.com

Rey Wong, MS, CCDM

Eisai Inc.
Publication Committee Co-Chair
rey_wong@eisai.com

Chandra Wooten, CCDM

SDC
cwooten@sdcclinical.com

3

DATA BASICS

2015

Return to Cover

Risk-Based Monitoring: a Closer Statistical Look at Source Document
Verification, Queries, Study Size Effects, and Data Quality
By Vadim Tantsyura (MS, MA, DrPH), Imogene McCanless Dunn (PhD), Kaye Fendt (MSBS), Yong Joong Kim (MS),
Joel Waters (MSCR, MBA), Jules Mitchel (MBA, PhD).

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.

Table 1. Risk-based Monitoring Literature Review, 1998–2010.

Continued on page 5
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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
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 monitorgenerated 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 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 al23 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 SDVgenerated 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 al25 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 al26 concluded that
a “mixed approach” (i.e., characterized by minimal amount of SDV) appeared to be most efficient.

Continued on page 6
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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.

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. 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%)

Table 2. Estimated Effectiveness and Redundancy of SDV Relative to Central Data Validation

Continued on page 7
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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 al23)
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 data-cleaning 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 “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 al22 as a cross-validation step.
Finally, additional calculations were performed.

Figure 1. Study Size Effect on Hypothetical Data Quality Impact Factor

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
Continued on page 8
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Table 3. Probability of Occurrence of Data Errors and Corresponding Risk Hierarchy.

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.

(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 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.
Acknowledgment
The authors thank Dr R. Ittenbach of Cincinnati Children’s Hospital Medical
Center and Dr A. Artyomenko of MedPace for their thoughtful comments. The
authors also thank V. Hays for editing the manuscript.

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

Continued on page 9
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mHealth: What Is it All About?
By Appalla V. Prabhakar

Background
As pharmaceutical companies look for ways to cut massive drug development costs, the exact amount of which is frequently debated, mobile
health tools are becoming an attractive option. Many inventions and
innovations have taken healthcare and its services to greater heights and
developments. One such innovation is mHealth.

The projected revenue for mHealth by 2017 is $26 billion, a 61% increase from 20131. This follows the trend that ideas and technology
related to mobile health, and specifically patient monitoring will grow
more and more as smart phones and related devices become ubiquitous
in our daily lives.

As mobile platforms become more user friendly, computationally powerful and readily available innovators have begun to develop mobile apps
of increasing complexity to leverage the portability mobile platforms can
offer. Some of these apps are specifically targeted to assist individuals
in their own health and wellness management while others are targeted
to healthcare providers as tools to improve and facilitate delivery of
patient care.

Definitions2

mHealth applications for smart phones and tablet computers are proliferating rapidly, ranging in complexity from products as simple as patient
scheduling and point-of-care electronic physician note apps to sophisticated remote patient monitoring devices.
There are more than 100,000 healthcare apps available in year 20143.
That sounds like a wealth of useful apps, but the fact is that only a handful
of them are functionally robust and actually being used.
More and more frequently, medical professionals and technology researchers are teaming up to deliver best practices in a mobile format
that can be there when the patient needs it and serves as a convenient
system for tracking data and receiving reminders for medications.
The U.S. Food and Drug Administration (FDA) released a guidance document on February 19, 2015, which supersedes the one already issued
on September 25, 2013, pertaining to mobile medical applications in
which it clearly states that the agency will continue to evaluate the potential impact these technologies might have on improving health care,
reducing potential medical mistakes and protecting patients.
An attempt has been made in this paper to give a perspective of mHealth
and how it can change the future of clinical trials and improve patient
safety and quality of care.

Mobile Platform: Commercial off-the-shelf (COTS) computing platform
with or without wireless connectivity that is handheld in nature (e.g., smart
phone, tablet or portable computers).
Mobile Application: Software application that can run on a mobile
platform, but is executed on a server.
Mobile Medical Application: Mobile application that meets the definition of device as per the Federal Food, Drug and Cosmetic Act (FD&C
Act)6 and:
• Is intended to be used as an accessory to a regulated medical
device or
• Transforms a mobile platform into a regulated medical device.
Regulated Medical Device: Product that meets the definition of device in
section 210(h) of the FD&C Act6 and that has been cleared or approved
by FDA review of a premarket submission or otherwise classified by the
FDA.
Mobile Medical App Manufacturer: Any person or entity that manufactures mobile medical apps in accordance with the definitions of manufacturer in 21 CFR Parts 803, 806, 807 and 8207.

Advantages of mHealth
• Real time access to patient data
• Promotes patient engagement
• Improves doctor – patient relationship
• Efficient transmission of data and information
• Zero transcription errors
• Reminder alerts to ensure compliance

What Is mHealth?

• Time-stamped data

In a layman’s language it is defined as:

• Dramatically reduces the cost of visiting a nurse or doctor with its
services

Doctor – Hospital Visit + mobile Technology = mHealth
mHealth encompasses any patient health information accessed using
mobile technology, such as a smart phone, tablet or other wireless device. These health applications provide diagnostic and treatment support,
remote monitoring, data collection, awareness, wellness, training and
education and tracking.
mHealth is changing the face of healthcare services by making healthcare better, faster and sometimes cheaper.
The real-time availability of results via mHealth creates latitude to examine and analyze a steady stream of data to catch safety concerns early
or adjust the trial based on early evidence of impact on patients.

Disadvantages of mHealth
• Not all smart phones or computers can be used for contact through
e-mail
• Privacy of patient’s health information could be compromised
• Security concerns are a big issue

Where mHealth Can Be Used in Clinical Trials
• Collecting biometric data in homes of trial subjects
• Conducting video visits with patients
• Monitoring treatment compliance
• Retention of trial participants
Continued on page 12
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mHealth: What Is it All About?
Continued from page 11

Some Developments
1. An app has been developed for monitoring asthma by having patients
simply breathe into the smart phone’s microphone rather than using a
spirometer.
2. Canadian researchers have developed a wireless shoe insole that
tracks foot pressure patterns to alert diabetic patients on their smart
phone when they are putting too much pressure on their heels, a behavior that can lead to foot ulcers.
3. eOpioid is an iPhone and iPad app that helps clinicians calculate
equivalent doses when transitioning patients from one opiate pain medication to another and manage doses for patients who are taking multiple
pain medications.

Interesting Facts
• 290,000 mothers’ infants could be saved in Bangladesh through
information campaign sent via SMS5.
• 50,000 cases of TB could be cured through SMS treatment compliance in Russia5.
• 40,000 nights in hospital could be saved by treating certain patients remotely in Hungary5.
• 2.4 billion euros could be saved by remotely monitoring elderly in
Sweden5.
• 52% of smart phone users gather health related information on their
phones4.
• Top 10 mobile apps generate up to 4 million free and 300 thousand paid downloads per day4.
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Conclusion
Without rigorous clinical trials, there is no way to know which, if any, of
these apps will actually improve health outcomes. Since only a few of
these apps have been tested in clinical trials, their efficacy and safety
are largely unknown.
mHealth is growing and changing along with health care needs. In the
near future we can see mHealth playing a greater role in improving data
quality in trials, patient trial adherence, patient engagement, and safety
and signal detection.
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Pharmacogenomics Overview and Impact on Data Management in
Clinical Research
by Margarita Strand

Pharmacogenomics Definition
Pharmacogenomics (PGx) is the branch of pharmacology which deals
with the influence of genetic variation on drug response in patients by
correlating gene expression or single-nucleotide polymorphisms (SNPs)
with a drug’s efficacy or toxicity.1 Single nucleotide polymorphisms, or
SNPs (pronounced “snips”), are Deoxyribonucleic Acid (DNA) sequence
variations that occur when a single nucleotide (A, T, C, or G) in the
genome sequence is altered.5
Although pharmacogenomics is broader in scope and refers to the complex interactions of genes across the genome, the terms “pharmacogenomics” and “pharmacogenetics” are often used interchangeably in the
literature.2

History of Pharmacogenomics and Current Status
Rapid identification of tens of thousands of human genes and hundreds
of thousands of DNA variations that might influence disease susceptibility
has spawned a new field — pharmacogenomics.3 Pharmacogenomics
is an offspring of pharmacogenetics. The history of pharmacogenetics
dates back to the 1900s. 4
Over the past few decades, due to such major accomplishments as the
completion of the Human Genome Project in 2003, which has provided
a blueprint of the DNA present in each human cell, rapid progress has
been made by using genetics to identify the molecular cause of human
disease. Genomics research is now focusing on the study of DNA variations that occur between individuals, seeking to understand how these
variations infer susceptibility to common diseases such as diabetes or
cancer.7

complex diseases that must solely rely on genetic association studies.11
For example, patients with metastatic colorectal cancer (mCRC) whose
tumors carry wild-type version of KRAS gene respond to Panitumumab
(Vectibix) better than patients whose tumors carry a mutated form of
KRAS.
A commercial test – TheraScreen’s K-RAS Mutation test – was approved
in Europe to detect seven mutations found in many cancer types and
is now used to predict Vectibix efficacy.11 Patients with non-small-cell
lung cancer (NSCLC) respond favorably to Gefitinib (Iressa®)—if they
have particular mutations in the tyrosine kinase domain of the epidermal
growth factor receptor gene (EGFR) of their tumor. The findings suggest
there is no need to try this anti-cancer drug in patients not having this
tumor EGFR genotype.14

Stratification of Research Subjects
Figure 1 illustrates the current state of the drug development process
where only a limited number of patients are treated with a specific drug
for any given disease due to adverse events. Of those patients who are
receiving the drug, not all respond.10

Figure 1

Application of PGx in Clinical Research
The two major goals for clinical application of PGx are:
• Ability to predict patients who are at high risk of toxicity in an effort
to prevent serious adverse events (SAEs) and ensure safety
• Ability to predict patients who are most likely to obtain the desired
therapeutic effect from the drug in an effort to increase efficacy8
Both of these define possibilities for incorporating genotyping into each
phase of a clinical trial.
With recent advancements in the field of PGx, genetic factor can now be
considered an intrinsic or predictable factor affecting drug response and
can be added to the other intrinsic factors including age, gender, race/
ethnicity, disease state, organ dysfunction, etc.8

The future of drug development is based on genotype-induced subject
stratification and is presented in Figure 2 where each sub-group is represented as having a drug available that is tailored to their genotype with
the benefit of reduced adverse events.10

Figure 2

230 clinical trials involving pharmacogenomic testing have been registered with ClinicalTrials.gov website9 as of October 1, 2010 demonstrating widespread use of pharmacogenomics in clinical research.

PGx in Oncology Research
Tumor biopsy allows for direct analysis of abnormal tissue, which explains
why PGx analysis of efficacy in cancer research is well ahead of other
Continued on page 15
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Regulatory Perspective
With active support from regulatory agencies, PGx is also becoming
an important aspect of drug labeling so that groups of patients who are
most likely to respond, and less likely to suffer adverse events, can be
identified in practice.11
Increasing interest from regulatory authorities on potential applications of
PGx has raised the awareness of the use of PGx data in drug discovery
and development. The Food and Drug Administration (FDA) has published “Guidance for Industry Pharmacogenomic Data Submissions”. It
was generated specifically “to facilitate scientific progress in the field of
PGx and the use of PGx data in drug development”12 Not only does it
provide guidance on PGx data submission requirements, but also encourages voluntary submission of data for discussion with the agency’s newly
formed Interdisciplinary Pharmacogenomics Review Group (IPRG).12
ICH has also issued Guidance for Industry E15: “Definitions for Genomic
Biomarkers, Pharmacogenomics, Pharmacogenetics, Genomic Data and
Sample Coding Categories”.

Data Management Aspects of Clinical Trials With
PGx Data
Several aspects of a clinical trial involving PGx data should be
considered from the Clinical Data Management perspective
during study start-up phase (Table 1) and evaluated throughout the
course of the study with the implementation of quality assurance
and quality control measures to ensure high quality data.

Take your commitment to
Clinical Data Management
to the next level!
Benefit from the CCDM® program »

The willingness of regulatory agencies and pharmaceutical companies
to adopt a collaborative approach to PGx will be a key factor in moving
PGx forward, as well as the agency’s approval of validated pharmacogenomic tests.12
Table 1. Data Management Aspects of Clinical Trials With PGx Data

#

Aspect

Clinical Data Consideration From Data Manager’s (DM) Perspective

1

Study Protocol

Data manager should thoroughly review sections in the protocol related to
PGx, ensure understanding of the sample collection methodology for PGx
studies and analyses and evaluate impact on the case report form (CRF) and
clinical database design (see also CRF section below).

2

Data Management
Plan (DMP)

Data manager should incorporate genetic testing component and genetic
data handling into the DMP as well as define the flow of the genetic data and
its integration into the overall data management process.

3

Case Report
Form (CRF)

Study-specific CRF pages collecting genetic testing data need to be designed.
The use of the data for statistical analysis purposes needs to be evaluated,
discussed with the trial statistician and aligned with the Statistical Analysis
Plan (SAP).

4

Subject’s Eligibility
Criteria

Inclusion and exclusion criteria need to be carefully evaluated to account
for the subject’s genotype. Receipt of results of mutational/genetic analysis
from the analytical laboratory prior to the Baseline visit becomes essential
for evaluation of eligibility criteria. Potential impact on the speed of subject
recruitment needs to be evaluated and discussed with the clinical team.

Continued on page 16
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#

Aspect

Clinical Data Consideration From Data Manager’s (DM) Perspective

5

Clinical Database
Design

Variable names, formats, codelists and dataset structure associated with
genetic data need to be defined. Appropriate annotations need to be created
by the programmer in the annotated CRF and database design specifications.

6

Data Validation
Checks

Edit checks intended to detect potential errors and discrepancies in genetic
data need to be developed, programmed, tested and implemented.

7

Randomization
Mechanism

Depending upon the system used to randomize the subjects into the study (e.g.,
Interactive Voice Response System (IVRS), Interactive Web Response System
(IWRS)) randomization scripts need to be written, programmed, thoroughly
reviewed and tested to ensure that, for example, subject with genotype A
is assigned to treatment arm A, and subject with genotype B is assigned to
treatment arm B (as defined in the Study Protocol).
Availability of mutational/genetic analysis results from the analytical lab
prior to the baseline visit becomes essential for subjects’ stratification and
assignment to the appropriate treatment arm.

8

External Data
Handling (non-CRF)

Data transfer specifications (DTS), frequency, timing and method of genotype
data transfer from the external vendor (analytical lab) need to be defined and
agreed upon. The test data transfer should be checked for compliance with
the database structure defined in the DTS.

9

Data Review
and Cleaning

Method and extent of PGx data review, cleaning and reconciliation as well
as query management should be defined in the DMP. Data listings/reports
necessary to review the PGx data from the DM perspective as well as layout
of the patient profiles/reports used by clinical and safety teams to review the
safety and efficacy data in correlation with the subject genotype variations
need to be defined and programmed.

10

Adverse Events /
Serious Adverse
Events (SAEs)

Correlation between safety signals and genotype should be evaluated
(particularly for SAEs) during safety monitoring and AE classification.

11

Clinical Database Lock

Data manager needs to incorporate items related to PGx data into the clinical
database lock checklist and ensure the checklist is followed.

12

Training

For in-house trials, the internal study team personnel should be trained on the
process of collecting and handling PGx data.
For outsourced trials where a contract research organization (CRO) is involved,
clear understanding of the roles & responsibilities by the CRO’s DM team with
respect to PGx data handling should be ensured.

Continued on page 17
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Conclusions
Pharmacogenomics can provide substantial efficiency in clinical research
by facilitating the conduct of smaller clinical trials while targeting groups
of patients with similar genetic backgrounds. The approach of determining the genotype/phenotype relationship in individual drug response will
provide physicians and researchers with the key information that allows
them to precisely prescribe or design the right drug, at the right dose, for
the right patient.13
Blending the components of genetics and pharmacology, PGx has created a new paradigm in the pharmaceutical landscape.15 With a widespread adoption in clinical research, PGx has a potential to become a
core component of conventional drug development in the near future.
Considering the important role of Clinical data management, data managers should be prepared to handle PGx data by means of acquiring
knowledge about this subject, welcoming opportunities to learn and
gain experience, leveraging technology, and developing and implementing good pharmacogenomics data management practices.
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Protocol Deviations in Clinical Trials: What a Data Manager Should Know
By Beibei Han (MS), Joan Huang (CCDM), Charles Yan (PH.D)

The primary objective of clinical data management is to ensure highquality data, which is necessary to satisfy both the requirements of good
clinical practice as well as statistical analysis and reporting. The quality
of the data validation process that the data manager performs has a
direct impact on the quality of data submitted to authority agencies.
Confirming or changing underlying data value(s) to ensure the database
is accurate and consistent is part of the data validation process. For example, during the conduct phase of a study, the data manager identifies
that a certain physical examination was not conducted as the protocol
defined during a visit. Through the query management system, the investigator site confirms that the missing physical exam page is correct. Thus,
as happens in almost all studies, a departure occurred from the procedures set forth in the institutional review board (IRB) approved protocol.
Various terms are used to describe these departures, including protocol
deviations, protocol variances, protocol violations, and non-compliance.
In this paper, such departures will be referred to as a protocol deviation
(PD), while a serious or significant deviation is called an important PD 1,2.
The purpose of this article is to introduce the PD in clinical trials with a
focus on its occurrence, tracking and reporting. It also describes where
the data manager can provide support for PD detection and reporting.

Protocol Deviation and Important Protocol Deviation
A PD is any intentional or unintentional failure to follow: (1) the requirements and procedures described in the study protocol and protocol
amendments, or (2) Good Clinical Practices (GCP) or other applicable
Good Practices (GXPs) required for the conduct of the trial, or (3) legal
and regulatory requirements applicable to the conduct of the trial.
By definition, important PDs are either major or critical deviations. They
are a subset of PDs that may significantly impact the completeness, accuracy, and/or reliability of the study data or a subject’s rights, safety, or
well-being. Since some important PDs can potentially influence the primary outcome measure(s) for the respective subjects, they can potentially
affect the main study results and conclusions.
According to GCP, it is the responsibility of the sponsor to communicate
such deviations to the investigator to prevent reoccurrence3. Furthermore,
International Conference on Harmonisation (ICH) E3 and E9 clarify that
certain serious protocol violations may impair the evaluability of subjects’
data and therefore need to be addressed in the pre-specification of the
analysis and to be described in the clinical trial report4,5.
GCP guidelines do not make a distinction between a PD and an important PD3,6. Both are breaches which must be avoided in clinical trials, but
important PDs are considered to be those which are serious.
The severity of PDs is normally classified as minor, major or critical deviations as described in Table 1.

Table 1. Severity - Classification for Protocol Deviations
Protocol
Derivation

Severity

Description

PD

Minor

Does not have a reasonable effect on the rights, safety or wellbeing of the subjects and/or the quality/integrity of data

Important PD

Major

May have adverse effect on the rights, safety or well-being of
the subjects and/or the quality/integrity of data
May include a pattern of deviations classified as minor, poor
quality of the data and/or absence of source documents

Critical

Has adverse effect on the rights, safety or well-being of the
subjects and/or the quality/integrity of data
Any fraudulent conduct at a site, irrespective of whether a
subject was harmed

Protocol Deviation
Strictly speaking, a PD is any change, divergence, or departure from the
study design, standards, agreements, plans, or procedures defined in
the IRB/Ethics Committee (EC) approved protocol. However, most PDs
do not impact the safety of the subject, compromise the integrity of study
data, and/or affect the subject’s willingness to participate in the study.
The following are examples of PDs:
• Inappropriate documentation of informed consent, or implementation of unapproved recruitment procedures:
1. Missing subject or investigator signature;
2. Missing original signed and dated consent form;
3. Someone other than the subject signed and/or dated the
consent form;
4. Use of invalid consent form (i.e., consent form without IRB/
EC approval; outdated/expired consent form).
• Failure to follow the approved study procedure, which, in the opinion of the PI, does not affect subject safety or data integrity:
5. Study procedure conducted out of sequence;
6. Study visit conducted outside of required timeframe;
7. Failure to perform a required visit test or examination (missing lab results, missed vital signs, laboratory specimen not
obtained), or late or missed visit by a participant.
• Enrollment of ineligible subject despite presence of safety exclusion criteria or enrolling a participant who does not meet the study
criteria for enrollment.
• Minor irregularities on treatment compliance and dosing
adaptations.

Continued on page 19
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Important Protocol Deviation
Examples of important PDs are:
• Omission or inadequate administration of informed consent form
• Performing a study procedure not approved by the IRB:
1. Modifying a study without prior IRB approval unless to remove an apparent immediate hazard to one or more study
participants;
2. A study visit conducted outside of the required time period
with a potentially adverse effect on the safety or welfare of
one or more study participants;
3. Severe violation of certain inclusion criteria (i.e., study drug
is not expected to show efficacy) or enrollment of a subject
who did not meet all inclusion/exclusion criteria;

Of note, a breach of GCP or the protocol leading to the death, hospitalization, or permanent disability of a trial participant would normally
be classified as an important PD. Fraud relating to clinical trial records
or data, especially where it is likely to have a significant impact on the
data integrity of trial subjects, would normally qualify as an important
PD as well.

Protocol Deviation Detection and Tracking by the Site
PDs are detected mainly during the process of data management, monitoring and audits, and/or inspections. The earlier they are detected, the
Figure 1. The Relationship Between the Cost of the Trial Quality and
PD Detection

4. Failure to perform a required procedure, assessment, or laboratory test that, in the opinion of the PI, may affect the safety
or welfare of one or more participants or the integrity of the
data collected;
5. Certain violations of time schedule or procedures used to
measure primary endpoint data.
• Drug/study medication dispensing or dosing errors:  
1. Mixing of trial medication;
2. Severe violation of treatment compliance;
3. Use of certain prohibited concomitant medications;
4. Error in study drug distribution.
• Failure to follow applicable authorized regulations or IRB policies
and procedures, including those for reporting unanticipated problems and adverse events.
• Failure to follow an IRB-approved safety monitoring plan.
• Error in study randomization, allocation-concealment, or blinding.
• Any activity that has the potential to or is affecting the participant’s
rights, safety or welfare.

less cost is incurred in terms of clinical trial quality (Figure 1).
Depending on operational practice and the system provided, the investigator or other site staff manually record PDs in a PD log (Example 1), or
electronically enter PDs either in the electronic data capture (EDC) system
as part of the CRF book (Example 2) or in a PD database. In general,
it is not recommended to collect PDs in the CRF with the clinical data,
since they can usually be determined from other sources or detected from
other data during monitoring, data review and programming assessment7.

Example 1. Protocol Deviation Log
Protocol Number: 		
Subject ID

Center Number: 		

Rand Number (if
applicable)

Visit

Description
of Protocol
Deviations

Investigator Name:
Date Deviation
Occurred
(yyyy/mm/dd)

Protocol
Deviation
Reported by

PD Category
Code

Action Taken

Date of the
Deviation Form
Completed
(yyyy/mm/dd)

Continued on page 20
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Example 2. Protocol Deviation Form

protocol deviation form

As part of the on-site and remote monitoring process, the monitor communicates with the investigator regarding identified deviations from the protocol, SOPs, GCP, or applicable regulatory requirements. Appropriate
action designed to prevent recurrence of the deviations should be taken.
The trial coordinator should record what corrective action was taken to
rectify any errors and this should be kept in the trial master file.
When PDs are identified during the course of the study, the site should:
•

Document the PD and corrective action taken in the participant’s medical record, if affecting a participant or participants, including the root
cause of the deviation and attempts to correct the problem and prevent a recurrence.

•

Complete the PD Log form or PD (CRF) as soon as the site is aware of
the deviation.

•

If applicable, send the PD Log/CRF to the sponsor and if required,
any local IRB/EC or regulatory agency. The investigator needs to
determine what and when it is required to report any important PD to
their local IRB based on local requirements.

Data Manager’s Role in Protocol
Deviation Detection and Reporting
During the discrepancy management process, most of the PDs are found
in data listings or in reports that support study data quality review.
Upon initial study set-up, based on the protocol requirement, DM will
design the CRFs and create edit check specifications or a data quality
review plan to ensure that the data collected in the CRF and its quality adhere to requirements specified in the protocol. Programmatic edit
checks are the main tool for data managers to identify data quality issues
including PDs. The built-in edit checks in EDC are beneficial for identifying PDs in a timely manner by providing real-time alerts to the investigator
and site monitor. For the checks that cannot be efficiently run in EDC or
data management systems, an external program may be developed.
The primary types of deviations that can be captured programmatically
are related to: protocol eligibility, planned visit schedules, missing values,
and mistakes of study drug administration. The study team should review
them to determine which findings are actual PDs. Data managers can
also provide listings and integrated reports for the team’s manual review
to detect PDs. These can be reviewed by the wider study team, including coordinators, principal investigator, statistician, and clinical monitors.

As previously mentioned, some organizations store the protocol
deviation data in a database other than the clinical data management system. In this case, the clinical team will review the information pulled from this PD database. These listings and reports
would be used by designated clinical team members to compare
against clinical monitoring reports to ensure that all deviations
have been properly documented. Additionally, data managers
should run reconciliations to ensure that deviations documented
in a PD database are consistent with those in the clinical data
management system.
Common types of PDs detected during data quality review are
further described in the following subsections.

Missing Values and Invalid Data Value
Some missing data occurs because the data points are not available
in the CRF. In certain EDC systems, some data is extracted as “missing”
because of incorrect data type or length. However, these kind of invalid
data values are not really missing. A typical example of this is where the
date is entered partially (i.e., unknown year, month, and/or day – for example 2013-AUG-00) into the full date format. Building a well-designed
or standardized CRF may prevent missing or invalid values, ensuring all
the data points defined in the protocol are collected and enterable. The
CRF data entry completion guidelines and the investigator meeting are
good places for the data manger to instruct the sites on correct data
entry. Later, the statistical programmer should support the mapping of
invalid data values into the dataset that will be used for further reporting
and listing. It is important that the program notes are well documented
and maintained.
The clinical monitor should make every attempt to rectify minor deviations,
such as locating missing data or invalid data from the relevant source
documents or briefing trial staff on the correct application of the standard
operating procedures. The data manager should also look into missing
values or invalid values and notify the team if a database amendment
is required.
In the clinical study report, a summary statistics table should list the number of missing values per variable respectively, either directly as the number of missing values or indirectly via comparison of the number with
non-missing observations versus the number of subjects in the respective
analysis set 4.
In general, missing values are only recorded or documented as important
PDs if the analysis set definition refers to missing values as a primary
endpoint.

Eligibility Deviations
Discrepancies generated by the programmed edit checks are sent as
queries to the investigator for clarification or resolution. To distinguish
the data cleaning process and PD data review process, two edit checks
against the same data point could be created; one for investigator clarification, the other for PD review. For example, the protocol states subjects
must have screening blood hemoglobin greater than 8.0 g/dL to be
Continued on page 21
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included in trial. If the subject’s blood hemoglobin value from the screening visit is 7.1 g/dL but he was still randomized and treated, then during data cleaning, a discrepancy error message might be: “Implausible
hemoglobin value (7.1 g/dL) is less than 8 g/dL. Please confirm or correct
hemoglobin value”. And for the PD review process, the PD error message might be: “Inclusion criteria #5 violated. Blood hemoglobin value
(7.1 g/dL) is less than 8 g/dL per protocol defined.” If the site found
the hemoglobin value 7.1 g/dL was entered incorrectly, and the correct
value is 9.1, then both discrepancies would be closed. However, if the
site confirmed that 7.1 g/dL was correct, the two discrepancies could be
closed but the 2nd discrepancy would be flagged as a categorized PD
and included in further listings for PD review.

ability and the severity of the deviations. The following questions need to
be taken into consideration during the impact analysis:
•

As a result of the deviation which has occurred, is the safety of a particular subject or any other subject (or all subjects) in the trial affected?

•

Does the deviation call into question the suitability of a site to recruit
subjects into the trial or the suitability of an individual member of the
site staff involved in the trial?

•

Does the deviation mean that the data gathered for a particular subject or for all subjects in the trial is incorrect or unreliable?

It is essential to include any important PD in the clinical study report (CSR),
with specifics of the time of occurrence, cause, and influence on the trial
result. The frequency and type of PD, missing values, and other problems,
and their potential influence on the trial results, should be documented
and described to establish the appropriateness of excluding subjects
from a specific analysis, for instance, a modified intention to treat analysis or an efficacy subset (per-protocol) analysis.

Another approach is to build one single procedure to satisfy both data
review and PD review. In the same example above, the discrepancy error message: “Implausible hemoglobin value (7.1 g/dL) is less than 8 g/
dL. Please confirm or correct hemoglobin value. If the blood hemoglobin
value (7.1 g/dL) is correct, this indicates violation of Inclusion criteria #5”.
If the site confirms that the data (7.1 g/dL) is correct, the discrepancy can
be closed by flagging this value as a categorized PD.

The E3 guideline provides examples of the types of deviations that are
generally considered important PDs and that should be described in
section 10.2 and included in the listing in Appendix 16.2.24 of the CSR.

Time Windows Violations
Time window violations are not important PDs unless they affect assignment to analysis sets. If a subject value for a primary endpoint is so far
outside the time window that it is rendered no longer valid for primary
endpoint analysis then this becomes an important PD. Study teams determine which time window violations are not important enough to exclude
patients. For all non-primary endpoint data, the data manager can provide data listings from trial quality checks defined by the trial team to
summarize time window violations.

Important Protocol Deviation Assessment
and the Clinical Study Report
Every PD should be reported and analyzed upon discovery in order
to determine the root cause of the deviation, whether or not such a
deviation(s) constitutes an unanticipated problem involving risks to subjects or others and/or constitutes serious or continuing non-compliance.
The sponsor should do a risk assessment based on the frequency, detect-

Since the definition of important PDs for a particular trial is determined in
part by study design, the critical procedures, study data, subject protections described in the protocol, and the planned analyses of study data,
the specification of important PDs with their category code and descriptions are normally defined in study analysis plan.
In the body of the CSR text, PDs which occurred should be appropriately summarized and grouped into different categories, such as subjects
who entered the study even though they did not satisfy the entry criteria;
those who developed withdrawal criteria during the study but were not
withdrawn; those who received the wrong treatment or incorrect dose;
or those who received an excluded concomitant treatment. In Appendix
16.2.2 4, individual subjects with these PDs should be listed and broken
down by site for multi-site studies (Example 3).

Example 3. Important Protocol Deviations Listed by Treatment, Investigator and Subject
Treatment group

Center

Investigator name

Subject

Visit Number

PD Category

IPD description

IPD comment

Placebo

3

John

213

10

PD 1.3

Missing primary endpoint

Visit 5 bronchoscope not performed

4

Smith

601

10

PD 5.3

Compliance less than 50%

Compliance below 50% will be listed

15mg bid
Tdrug 5mg bid

as a important protocol deviation
Tdrug 30mg

5

Owen

401

10

PD 6.2

Prohibited Medication Use

bid

Subject took XXXXXXX within
30 days of screening visit

Tdrug 30mg

5

Owen

404

bid

12

PD 2.3

Incorrect timing of

Trial drug not administrated

trial medication

between 8:00-10:00 with + 15
mins (actual time 7:44 am).

Continued on page 22
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Conclusion
In summary, although PDs cannot be avoided completely, their impact
can be minimized and managed with adequate training, careful oversight and controls, use of appropriate technology and the implementation
of a good corrective and preventative action (CAPA) program.
From the perspective of the data manager, prior to the first subject being
enrolled into the study, a PD handling plan should be created. Real-time
remote or on-site monitoring is required to support the site processes.
Appropriate technology, such as EDC or integrated reports, should be
utilized by the data manager to routinely review the clinical database,
monitoring reports, and the other source data. Prior to database lock and
un-blinding, important PDs need to be classified in order for the statistician to properly handle the statistical analyses in the CSR. Timely reporting of PDs to IRBs/IECs, and regulatory authorities are also required.

4.	ICH E3: Structure and Content of Clinical Study Reports. Available at: http://
www.ich.org/fileadmin/Public_Web_Site/ICH_ProductsGuidelines/
Efficacy/E3/E3_Guideline.pdf
5.	
ICH E9: Statistical Principles for Clinical Trials. Available at: http://
www.ich.org/fileadmin/Public_Web_Site/ICH_Products/Guidelines/
Efficacy/E9/Step4/E9_Guideline.pdf
6.	
Sue-Jane Wang, Protocol Deviations on Study Design, Statistical
Evaluation and Efficiency in Drug Development: Some Improvements.
Presented at “DIA Statistical Forum, 2009”, Nice, France. October 1922, 2009.
7.	CDISC CDASH. Clinical Data Acquisition Standards Harmonization
(CDASH) User Guide. Available at: http://www.cdisc.org/system/files/
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The Cooperation of CDM With Other Functions: Winning Markets Through Alliances
By Manjusha Gupta & Sejal Dhuri

Introduction
The clinical trials industry is highly regulated and warrants reliable and
effective data not only for new drug application (NDA) submissions, but
also for corporate clinical planning, decision-making, process improvement, and operational optimization. Within clinical trials, Clinical Data
Management (CDM) is a vital cross-functional specialty that acts as a
catalyst which ensures integrity and quality of the data flow from acquisition through submission.
“In order to work as strategists and information specialists, data managers
design and implement quality strategies and tactics for acquiring, managing, and securing prospective or retrospective clinical data to arrive at
a database that is reliable. With human and financial resources for conducting a trial being finite, it is imperative for everybody to look towards
technology advancements and innovations to achieve this. With the advent of technology, the complexities for data managers are multiplied.
As Charles Darwin very rightfully puts it, “It is not the strongest of the
species that survive, nor the most intelligent, but rather the one most
responsive to change.” The teams of data managers in our Clinical
Data Management organization have used this as our mantra and have
reached out to all the concerned teams or alliances, as we call them,
and made this the order of the day.
In these subsequent sections, we will present some of our mantras (alliances) on partnering strategies and tactics to work with all key functions
both within and outside the organization that help in providing the critical
evidence of a medicine’s efficacy and safety:
• All work towards one goal
• Look beyond the balance sheet
• Link remuneration to outcomes

• Defined resources to achieve the objectives
• A set time scale
• Task completion as per specified standards

Mantra 2: Look Beyond the Balance Sheet
When selecting a vendor to partner with the Clinical Data Management
organization, attention should be given not only to the financial track
record of the vendor organization, but also to the following key attributes:
• The vendor’s health authority experience and the outcomes of
these health authority inspections in the work that the Clinical Data
Management organization plans to outsource
• How the vendor organization can complement the existing strength
of the Clinical Data Management organization
• The vendor’s clientele and credentials in the industry
• In-house mechanisms for quality assurance and compliance
• Areas where the vendor organization would need support to successfully deliver the work that is sub-contracted to them 1

Mantra 3: Link Remunerations to Outcomes
Decide on the remunerations for the outcomes of the services that are
going to be supported by the vendor organization in the following ways:
• Document the deliverables and responsibilities of the vendor
• Arrive at key performance indicators (KPI) for the services outsourced
to the vendor
• Define how these indicators would be captured and tracked on an
ongoing basis

Mantra 4: Ink the Agreement

• Ink the agreement

In addition to the basic clauses that are part of most contracts, the Clinical
Data Management organization should ensure the following clauses are
built into any contract:

• Assess the progress
• Nurture talent
• Continuous improvements

• The provision of the Quality Assurance department from the Clinical
Data Management organization to audit the vendor organization at
any given point of time

• Exhibit ethical practices
• Maintenance

Mantra 1: All Work Towards One Goal
It is recognized that well-designed trials are the basis for addressing important clinical questions, but science alone isn’t sufficient to successfully
deliver a trial. Once the science is determined and the trial accepted
through the review process, the challenges can be quite different. The
key challenge is then to establish and implement management systems
and techniques that are effective and responsive to the needs of the trial
and the sponsor.
In order to overcome this challenge, all the entities, whether internal or
external to an organization, working to ensure the data can be analyzed
and database is viable should work towards the same goal. This goal
should be clearly articulated and circulated as part of the trial management document(s). This goal should be accompanied by:

• The details on the KPI along with the targets
• Any additional regulatory and statutory requirements that the vendor needs to abide by. This could include requirements around data
privacy, security, identity theft, business continuity planning, disaster
recovery, to name a few
Even within the organization, the Clinical Data Management organization should sign a memorandum of understanding between the key
support functions like Quality Control, Quality Assurance, Information
Technology and Infrastructure, Information Security, Administration,
Human Resources. This memorandum of understanding clearly articulates
the goal, communication pathways, KPI, and process hand-offs between
these departments.

• A clear objective aimed to bring about success in the trial
Continued on page 24
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Mantra 5: Assess the Progress
The measurement of performance and productivity is pivotal to drive
the successful achievement of trial goals, each minor milestone forging
the path to the next on the road to drug approval. The Clinical Data
Management organization as part of the Trial Documentation Plan
should include details of developing and monitoring all such aspects of
managing the trial on a day-to-day basis.
These details should then be used on an ongoing basis to assess the
progress of all entities to ensure sufficient skill and discipline to make the
alliance a success. The Quality Assurance department plays a pivotal
role in identifying the potential risks of missing quality parameters and
deadlines based on these plans and checking whether Good Clinical
Practices have been followed by all entities. This department is empowered to highlight these to the senior management on an ongoing basis,
so that if the situation demands appropriate course correction can be
done at the right time during the trial life cycle.

Mantra 6: Nurture Talent
As the saying goes: “people make an organization.” This applies to the
success of clinical trials, too. A lot of importance should be given to
the skill enhancement of individuals on the team. The Human Resource
department along with other relevant departments works hand in hand
to enhance the skill of people working on the trial. The training hours
should be clocked and made part of the personnel’s yearly goals. This
time spent for training is woven into the trial plan so that work pressures
don’t become a hindrance for training completion.
Within the vendor organization, the Clinical Data Management team
works together to get some of the mandatory trainings done so that the
data quality is maintained at all times.

Mantra 7: Continuous Improvements
Competitive pressure in today’s marketplace is forcing the pharmaceutical industry to seek better ways of reducing drug development times
and increasing productivity. Market acceptance of EDC technology has
fueled new demands for improvement, configurability, and intelligent features. Importance should be given to ensure all tools and systems are in
a validated state at all times.
Additionally, Six Sigma and Lean methodologies can be used to continuously improve the efficiency and effectiveness of data managers.

Mantra 8: Exhibit Ethical Practices
In the present scenario, there is an increased demand to improve the
Clinical Data Management standards to meet the regulatory requirements
and stay ahead of the competition by means of faster commercialization
of product. So that patient safety is maintained at all times, the Clinical
Data Management organizations should strive to work with teams that
value honesty and practice good personal and business ethics.
To ensure an error-free, valid, and statistically sound database, Case
Report Form Guidelines need to be created and provided to study investigators to reduce errors in data acquisition. Edit check documents are
prepared to ensure that the data is captured as per Protocol requirements.
data managers and quality assurance personnel should conduct thorough reviews to ensure auto-query criteria and field thresholds applied
during data entry are not encouraging any bias, and that the edit checks
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allow data within an acceptable range of values so as not to over-clean
the data.

Mantra 9: Maintenance
The CDM or Quality Assurance team should continually assess and verify the data collection and database for completeness and consistency.
Lessons learned sessions (introspections) and subsequent remediation
plan and actions should be carried out with all key functions both within
and outside the organization.
Emphasis should be given on how some of the gaps can be identified
early in the life cycle so discrepancies or issues can be prevented. This
should be an ongoing exercise in any organization. The outcome of such
exercise should feed into the SOP(s), guidelines and training materials.

Conclusion
Despite the fact that quality principles for clinical trials have not become
different over the years, conformance to these principles has become
more difficult to attain due to the changing processes in the conduct
of clinical trials. With many players from across continents playing a
pivotal role, the challenges to provide critical evidence of a medicine’s
efficacy and safety at any given point in time becomes an ever increasing challenge.
Hence, upholding these mantras is the key to success of the alliance with
key functions both within and outside the organization. This will help in
creating a win-win situation for all entities in the clinical trial so that in the
true spirit, we are winning markets through alliances!
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Ask SASsy

By Kelly (SASsy) Olano
Dear SASsy,
I have a time series data set with a month variable. The problem is, there are gaps in the data and I would like to fill in the gaps with the
previous month’s value. Is there an easy way to do this?
Gapper in Galveston

Dear Gapper,
In addition to using the DATA step with a RETAIN statement, there is a procedure in SAS/ETS called PROC EXPAND that can accomplish
this task very simply. Since you want to fill in the gap with the most recent value, the appropriate option is METHOD=STEP. There are other
METHOD options available for filling in the gaps. Consider the data set below:
DATA one;
INPUT month mmddyy10. ave;
DATALINES;
01/01/2014

133.6

02/01/2014

140.3

04/01/2014

152.8

05/01/2014

161.6

08/01/2014

184.5

RUN

The following PROC EXPAND code will fill in the gaps with the previous value of ave. The FROM option specifies the time interval in the input
data set, month in this case. The CONVERT statement identifies the variables to be processed, ave in this case. Only numeric variables are
permitted for this statement. After the equal sign, the name of the new variable is identified, monthly_ave. The ID statement identifies the name
of the variable that will be expanded. The data must be sorted by this variable prior to running PROC EXPAND.
PROC EXPAND DATA=one OUT=two FROM=month METHOD=STEP;
CONVERT ave = monthly_ave;
ID month;
RUN;
PROC PRINT DATA= two;
VAR month monthly_ave;
FORMAT month mmddyy10.;
RUN;
The output from the PROC PRINT of data set two is below. The observations in red were added to the data set.
Obs

month		

monthly_ave

1

01/01/2014

133.6

2

02/01/2014

140.3

3

03/01/2014

140.3

4

04/01/2014

152.8

5

05/01/2014

161.6

6

06/01/2014

161.6

7

07/01/2014

161.6

8

08/01/2014

184.5
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software, presentation software or websites. Files should be saved in the native application/file format
in which they were created at a resolution of 300 dpi or higher. Acceptable file formats include AI, EPS
and high resolution PSD, JPEG, TIF and PDF.

PAYMENT: Payment must be received with advertisement. Space reservations cannot be made by
telephone. There is NO agency discount. All ads must be paid in full.

CANCELLATIONS:

Cancellations or changes in advertising requests by the advertiser or its

agency five days or later after the submission deadline will not be accepted.

GENERAL INFORMATION: All ads must be pre-paid. Publisher is not liable for advertisement
printed from faulty ad materials. Advertiser agrees to hold SCDM harmless from any and all claims or
suits arising out of publication on any advertising. SCDM assumes no liability, including but not limited to
compensatory or consequential damages, for any errors or omissions in connection with any ad. SCDM
does not guarantee placement in specific locations or in a given issue. SCDM reserves the right to refuse
or pull ads for space or content.

Authors:
For each article published, authors receive 0.2 CEUs.
Disclaimer:
The opinions expressed in this publication are those of the authors. They do not reflect the opinions of SCDM
or its members. SCDM does not endorse any products, authors or procedures mentioned in this publication.
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