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Abstract

Background—Despite a pressing and well-documented need for better sharing of information
on clinical trials data quality assurance methods, many research organizations remain reluctant to
publish descriptions of and results from their internal auditing and quality assessment methods.

Purpose—We present findings from areview of a decade of internal data quality audits
performed at the Duke Clinical Research Ingtitute, alarge academic research organization that
conducts data management for a diverse array of clinical studies, both academic and industry-
sponsored. In so doing, we hope to stimulate discussions that could benefit the wider clinical
research enterprise by providing insight into methods of optimizing data collection and cleaning,
ultimately helping patients and furthering essential research.

Methods—We present our audit methodol ogies, including sampling methods, audit logistics,
sample sizes, counting rules used for error rate calculations, and characteristics of audited trials.
We also present database error rates as computed according to two analytical methods, which we
addressin detail, and discuss the advantages and drawbacks of two auditing methods used during
this ten-year period.

Results—Our review of the DCRI audit program indicates that higher data quality may be
achieved from a series of small audits throughout the trial rather than through asingle large
database audit at database lock. We found that error rates trended upward from year to year in the
period characterized by traditional audits performed at database lock (1997—2000), but
consistently trended downward after periodic statistical process control type audits were instituted
(2001-2006). These increases in data quality were also associated with cost savings in auditing,
estimated at 1000 hours per year, or the efforts of one-half of afull time equivalent (FTE).

Limitations—OQur findings are drawn from retrospective analyses and are not the result of
controlled experiments, and may therefore be subject to unanticipated confounding. In addition,
the scope and type of audits we examine here are specific to our institution, and our results may
not be broadly generalizable.

Conclusions—Use of statistical process control methodologies may afford advantages over
more traditional auditing methods, and further research will be necessary to confirm the reliability
and usability of such techniques. We believe that open and candid discussion of data quality
assurance issues among academic and clinical research organizations will ultimately benefit the
entire research community in the coming era of increased data sharing and re-use.

Correspondence to: Reza Rostami 5009 North Pavilion Duke Clinical Research Institute 2400 Pratt Street, Durham, NC 27705 Tel:
(919) 668-8192; FAX: (919) 668-7077 rosta001@notes.duke.edu.
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Introduction

A number of authors have commented on the relative dearth of publications evaluating
clinical trials data quality.1~13 Research organizations may be reluctant to publish such
information; many organizations regard audit information as highly confidential and may
withhold it even from sponsors. In addition, there is no universally-accepted method for
calculating an error rate by which an organization's performance can be judged both
internally and externally. Methodol ogical variations make comparison difficult,14 and what
constitutes “ acceptable” data quality for agiven clinical trial depends on multiple factors,
including the variables in which the errors occur, the type and extent of the errors, and the
robustness of the statistical analysis with respect to errors.

Despite these difficulties, it isincreasingly important that research organizations share data
quality information. Trials performed under federal government sponsorship receiving
“$500,000 or more in direct costsin any single year” are expected to include a plan for
public sharing of data (or ajustification for not doing so); such sharing can subject datato
many years of use unanticipated by the study's original designers.1® Rising costs are also
driving researchers in both academia and industry to seek more cost-effective approaches to
collecting and managing data, including strategies for using existing data resources.
Different data collection and management methods, such as the presence or absence of on-
screen checksin trials that use electronic data capture (EDC), or requirements for medical
record abstraction, can profoundly affect both data quality and the capacity to measureit. In
addition, ongoing projects by the U.S. Food and Drug Administration (FDA), such as the
Electronic ECG warehouse and JANUS, will allow the FDA to analyze data from multiple
clinical trials and detect safety signals within drug classes, device types, or within specific
population subsets. Such measures may at a minimum regquire improvements in information
about gata quality, and there have even been calls for independent auditing of research
data.l

In this review, we examine data audit methods and practices from 10 years of clinical trials
data collection conducted at the Duke Clinical Research Institute (DCRI), and discuss some
of the advantages and disadvantages encountered with two of the primary methods used to
audit clinical data.

General audit methodology

At asuperficial level, there appears to be a consistent process for conducting a CRF-to-
database audit for a study that uses paper CRFs. First, an appropriate sampling frameis
determined and a sampleis selected, usually by subjects, subject-forms, or subject-visits.
Data listings are then retrieved programmatically or obtained as screen prints. CRF data,
including any corrections, are compared to data listings, and any discrepancies not explained
by data correction forms (DCFs), queries, or study documentation (such as data processing
guidelines), are counted as errors. Error rates are then calculated by dividing the number of
errors by the number of data fields inspected.12-14

A more detailed examination, however, may reveal significant methodological variationsin
counting errors and in ascertaining the total number of data fields (used as the error rate
denominator).1417 For example, aword misspelled when typed into afree text field,
conversion of abbreviations or symbols, or failure to flag margina comments may be
counted as errors by some but not by others. Further, instances of a page entered under the
wrong patient identifier or visit number, or entry of an incorrect visit date that is propagated
to every page of the visit by the data collection system may be counted as single or multiple
errors. Similar issues arise with the calculation of the denominator. One organization may
count the propagated visit date as a single field; another may count it once for every record
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or tableto which it is propagated. These counting differences can cause calculated error
rates to vary by afactor of two or more. For this reason, we describe in detail our audit
methodology and counting rules. We also present error rates as we calculate them internally,
and as prescribed by Good Clinical Data Management Practices (GCDMP).

DCRI audit methodology, 1997-2006

Prior to 1997, data quality control activities at the DCRI were conducted by the study
statistician as part of data cleaning; there were no independent or formal data quality control
groups or processes in place. The advantage of this method was that, with direct
involvement of the statistician, methods for producing high-quality data were customized for
individua trials and activities were driven by analysis priorities. Disadvantages included
diversion of statisticians from analysis activities and the use of honsystematic or inconsistent
methodol ogies between trials.

In 1997, the DCRI created a data quality control group. The group was pseudo-independent,
in that it reported through management channels separate from those of data managers, but
was located in the same department. The advent of this group, combined with the
implementation of acommercia clinical data management system (CDMS) that provided
process standardization, resulted in more formal and structured data management and
auditing processes. From 1997-mid-2001, the quality control group performed pre—
database-lock audits on most DCRI trials. These were conducted at analysis points (e.g.,
interim and final analyses) and comprised both CRF-to-database and process audits of the
data entry and cleaning operation. The process audit included a review of study-specific data
management documentation to verify compliance with DCRI standard operating procedures
(SOPs), as well as interviews with data operators to ascertain their level of understanding of
trial-specific procedures and to inquire about process deviations identified in the CRF-to-
database audit. The process audit also included areview of training documentation.

During this period, 69 CRF-to-database audits were conducted, of which 33 were pre-lock
audits and 36 were interim audits. Audits were powered for decision-making at both the
overall and critical variable levels, with an average of 18,011 total fields and 8,295 critical
variable fields inspected per audit. These audits were expensive and time-consuming: a pair
of auditors typically required aweek to complete each audit. Small trials and government-
funded studies could not afford such audits; when they were performed, the DCRI often bore
the expense. In addition, acquiring audit results a few weeks prior to database lock did little
to improve quality or reduce costs.

In 2001, the DCRI implemented a statistical process control (SPC) approach to data quality
control, whereby a smaller, 1250-field sample (selected according to an International
Organization for Standardization [I SO] 2859-1-1999 sampling system at general inspection
level 111) isaudited throughout the trial, at a frequency commensurate with data volume. (As
of the end of 2006, DCRI has employed SPC in 260 audits performed in 89 clinical trials.)
As part of this approach, a chart like the one shown in Figure 1 is created for each study.
The project team then addresses any points that appear above the upper control limits. Such
outliers are most likely not due to random variation but instead arise from an identifiable,
correctable cause. In Fig. 1, the root cause of the outliers was determined to be ineffective
training regarding a data processing convention, which caused a page of datato be entered
under the wrong patient number—a single mistake that led to whole page of errors being
counted. Because of this finding, training material was updated and more intensive training
was provided. Interestingly, this scenario also illustrates that errors may not be independent,
although many methods assume this. Further work is needed to characterize the distribution
of data errors.
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Use of SPC for monitoring data quality has a number of advantages. It provides early and
ongoing information about data quality18; moreover, systematic problems are usually
identified in the first sample. Thisin turn helps prevent future errors (thus reducing
resources expended in correcting them), which is of particular benefit to small, low-budget
research efforts. Trials with limited budgets can elect to undergo a single audit to identify
systematic errors; the results can then be compared with the overall departmenta rate.

SPC has disadvantages, however. The sample size for each audit isrelatively small, meaning
that low-incidence but possibly systematic errors are less likely to be detected. Thus,
information about error distribution is not obtained until several samples are performed.
Also, because audits are performed continuously, data processing discrepancies that might
have been corrected by the time of database lock will be counted as errors. Additionally, we
have found that most industry sponsors still prefer asingle large audit, performed at
database | ock.

The methods used for CRF-to-database comparisons have not changed substantially over the
years at the DCRI. When all fields are audited, we typically use screen prints listing the data
in the clinical database for each subject in the audit. When selected fields are audited, asin
cases where a sponsor requests a special audit focusing on critical variables, we program and
validate a data listing that contains only those fields.

Our error counting rules have also remained constant: any discrepancy not explained by
study documentation is counted as an error. Data-entry personnel are instructed to enter data
asit appears on the CRF unless otherwise directed by a data processing convention;
deviations from this process are counted as errors. Comment fields not processed according
to instructions are also counted as errors. Data processing aids such as notes or flagsthat are
part of our internal system and do not affect the data per seare not counted as errors, and
data entered into them are not likely to be included in programmed analyses. If arecord,
page, or visit is entered under the wrong patient identifier or visit number, all fields on that
page are counted as errors. Other errorsinclude: duplication of records; items appearing on
DCFs or queries but not entered into the database; deviations from spelling as it appears on
the CRF; and failure to enter marginal comments when directed to do so by data processing
conventions.

Our process for calculating the error rate denominator changed from 1997 to 1998. Prior to
1998, the DCRI used standard GCDMP methodology; after 1998, the DCRI established the
error rate denominator as a strict calculation of al non-null fields audited. If afield is blank
on the CRF and in the database, it is not counted in the denominator: only fields entered on
either the CRF or in the database are counted. This differs from the GCDMP method, which
includes both null and non-null CRF fields. For each audit, we calcul ate a response index
(the number of non-null fields divided by the total number of CRF fields).

Derived or calculated fields, such as age calculated from date of birth, are not included in
the error rate, nor are fields programmed and populated based on the value of another field,
such as header variables and sequence or line numbers. We a so do not include system
variablesin our field count, since including propagated fields and system variables greatly
increases the denominator and artificially decreases the error rate.

Figure 2 summarizes average yearly error rates for trials conducted in 1997—2006. Annual
error rates range from 0.1%-0.38%. These data show a steady increase in error rates from
1997-2000, an increase that overlaps a period when our processes and systems were
becoming more standardized and sophisticated, data managers were being trained much
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more intensively, and data were being processed more promptly than before. This period
was al so characterized by an increasing volume and diversity of work, a corresponding
growth in data management staff, and the lack of an independent assessment of data quality
before atrial's end.

It is also important to examine variability in error rates across studies. Figure 2 shows that
variability and the central tendency of the error rates for all database-lock audits performed
between 1997 and 2001 prior to start of SPC audits were trending upward. After SPC was
implemented in the third quarter of 2001, data variability declined and quality increased. An
analysis of cost information indicates that SPC appears to have saved about 1000 hours per
year, or half of afull-time equivalent (FTE) effort (Figure 3). In addition, more trials per
year were audited. Data displayed in Figure 4, summarizing the annual yearly error rate
from SPC tria audits, show a steady decrease in error rate (i.e., an increase in data quality).
From Figures 2 and 4, we see that annual error rates steadily decreased each year after the
implementation of SPC audits, the opposite of the trend observed with traditional database
lock audits.

We also analyzed annual error rates for critical variables. The critical variable error rateis
the number of errorsin critical fields divided by the number of critical fields inspected (as
opposed to divided by the total number of database fields, which indicates the portion of the
total error rate dueto errorsin critical fields). As shown in Figure 5, we observed a decrease
in critical variable error rates corresponding to decreases in the annual overall database error
rate, although in 2000, the critical variable error rate was higher than the overal error rate.
Clearly, with training and data cleaning focused on data critical to the analysis, we would
expect critical variable error rates to be lower on each study. However, critical variables did
not comprise a consistent percentage of the database fields (Table 1), due to wide variations
intrial aims and methodologies.

We also calculated error rates using GCDMP methodology for comparison with DCRI
methodology (Figure 6). As expected, GCDMP methods consistently yield alower error
rate, with differences ranging from afactor of 1.5 to afactor of 9.5; the variance being
driven by the degree of sparseness of data on CRFs.

Analytic Results

Given the error rates presented here and the lack of an industry-wide standard error rate,
how do we answer the key question: “Are the data clean enough?’ Although others have
used simulation to explore this question,1%-21 we instead chose an analytical approach.
Errors affect planned analysesin aclinical trial by impacting reliability—the ratio of true
variance to observed variance. Reliability increases as variance due to error decreases,
further, the sample size needed to maintain statistical validity in the presence of variance due
to error isthe origina sample size divided by the reliability (a number between zero and
one). Because errors increase variance, their presence necessitates a corresponding increase
in sample size to maintain the desired statistical power. A common model for the primary
analysisis shown in Figure 7, where Y is the outcome of interest (e.g., blood pressure), X is
the predictor of interest (e.g., drug group in [placebo vs. active agent]), Z isaknown
covariate of interest (e.g., sex), and W is avariable collected as part of the study, but not
considered in the analysis or thought to moderate the impact X and Z on the outcome.

Without loss of generality, we consider the bivariate case: the relationship between X and Y.
Under classical test theory,2? the observed correlation between X and Y is defined as:

Pxy=Pru * Px * Py
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where pxy isthe observed correlation between X and Y, py is the correlation that would
have been observed if X and Y had been measured with perfect reliability, and py and py
are the square root of the reliabilities of X and Y, respectively. The reliability of X and Y
contain components of error not remediable by auditing, including measurement error,
transcription errors from source to CRF, subject variability, rater variation, and pure error.

To assess the effect of the error rate remediable by audit (auditable error), we must examine
the impact of auditable error on the reliability. The standard formulafor assessing reliability
is:

2

2 9y

Py=

T 2,2
Or+0g

In the presence of an additional source of error (auditable error), the formula expands to

2
g7

2

= 5 5
2 2
o toztos,

where 02,5 isthe variance of the error due to auditable error. To calculate this quantity, we
must know both the distribution of the error and the proportion of subjects with the error.

To demonstrate the effect of error on the analysis, we assume that systolic blood pressure is
normally distributed with a mean of 130 mm Hg and a standard deviation of 15 mm Hg. To
estimate the variance of auditing errors, we assume rates (probability of an error detectable

by auditing) of 5/10,000 (0.05%), 10/10,000 (0.1%), 50/10,000 (0.5%), 100/10,000 (1.0%),

and 500/10,000 (5%). We assume two distributions of errors: (1) uniform (0,999), assuming
no range checks and (2) uniform (0,300), assuming a modest range check. Under these error
assumptions, we show thereliabilities (Table 2).

Thus, the effect of auditing on errors depends both on their underlying distribution and their
relative frequency. From the analytic solution for continuous data at modest but realistic
error rates from 0-100 errors per 10,000 fieldsin the primary analysis variable, the sample
size required to maintain the original power increasesin linear fashion from 0%—33%.

From the reliability, we can then estimate the impact on the observed correlation:

PXY,p _PXr
pXY  pX

Thus, the ratio of observed correlations in the presence of errors detectable by audit will
vary between 8.86% and 94.6%, but always biased toward 0. The effect of audit-detectable
errorsin Z follows similarly.

If Z isthought to mediate relationship of interest (the effect of X on Y), thetota effect, B, is
B* inthe presence of X in the model. It has been shown in several placesthat p=p* +
a*y.23 Thus, errors (unreliability) will impact both a and -y paths, biasing both paths
(correlations) toward 0, and has the effect of positively biasing p*.

Two other types of errors are worth noting. First, errorsin W will have no effect on the
relationship of interest (effect of X on Y). Second, there may be errorsin Y. Errorsin Y will
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affect the relationship of X and Y by arguments similar to those above for X. Finaly, the
outcome, Y, is often computed from various audited sources, potentially leading to
compounding of errorsin variables.

The arguments above apply to the general linear model and are commonly discussed in the
Classical Test Theory literature.22 24-26 As might be expected, the impact of measurement
error in nonlinear systems (e.g., logistic regression and Proportional Hazards models?’)
remains important and can lead to biased point estimates as well as confidence intervals,28
but is more complicated to model, and closed-form solutions do not exist.2? There has been
intense work in this areafor nearly 2 decades, and various solutions have been proposed,
including use of latent variables, 2230 regression calibration methods, 3! and probit models.32

Discussion

Therange of error rates from 19972006 is consistent with results from the 2004 Society for
Clinical Data Management (SCDM) survey showing that the most popular database
acceptance criteriawere 0.1% (34% of respondents) and 0.5% (27% of respondents).1’
However, the same survey showed variation in methods used to calculate those error rates
that would result in variances as great as a factor of seven. The trends observed with the
DCRI method and GCDMP method are not always in the same direction, a variance driven
by differencesin data density on CRFs. For example, if a CRF has large numbers of
variables that are completed only for a small subset of subjects, we would expect to see a
larger difference between the two calculated error rates. This finding is important for
organi zations that outsource data management to multiple organizations and need to assure
consistent data quality, or that compare error rates across different databases. The current
version of the GCDM P recommends methods for managing cross-vendor variation in error
rate calculation.

Although the purpose of this analysis was not to compare the “audit at lock” approach to the
SPC approach, it is evident that since SPC was implemented, error rates have consistently
declined, as has error rate variability. We also note that error rates trended upward over
years using the “one audit at lock” approach. Potential confounding factors, however,
including differencesin data, auditors, work volume, data management staff, and training
methods must be borne in mind when interpreting this observation.

The average tenure of data managers remained steady (5.6 years) during the period of our
study, while our staff grew from eight data managersin 1997 to 45 in 2006, a degree of
growth that might be expected to cause a decrease in data quality. The size of the auditing
staff remained relatively constant, varying according to workload from 2—4 auditors, with a
tenure similar to that of data managers. Since 1997, nine persons have worked in the quality
control group. Also, over the period presented here, over 98% of the trials used the same
data management system and processes.

SPC is proven to reduce variation and increase quality in avariety of processes!®; we
believe this to be the case with regard to data processing. By employing severa small audits
over the course of the study, SPC detects systematic errors early, alowing the data manager
to take corrective action. In addition, early information on aspects of data handling processes
that may be more prone to error is available, as are signals when greater than random
variation has occurred. In fact, we see asimilar trend when examining “one audit at lock”
studies that also had interim audits. The second and subsequent audits in most cases had a
lower error rate than the initial audit (a pattern also present in SPC audits). We attribute this
to the identification and correction of systematic errors and processes, as well as staff
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receiving feedback. SPC audits, however, have the added advantage of earlier feedback and
intervention, higher frequency of feedback, and facilitation of management oversight.

The overall database error rates presented here, taking both cal culation methods into
account, range from 0.025%-0.375%, or 2.5-37.5 errors per 10,000 fields, averaging 0.25%
(25 errors per 10,000 fields). The critical variable error rates range from 0.06%—0.425%, or
6-42.5 errors per 10,000 fields, averaging 0.20% (20 errors per 10,000 fields).

We were initially concerned that the smaller sample size was sufficiently large to detect
problems, especialy in low-incidence fields (e.g., endpoints that occur only once per study
subject, or only in a percentage of patients), and we feared that several audits might be
required to detect problems, particularly systematic ones. We were, however, ableto
compare SPC audit results for several trials with results from atraditional full audit
conducted by our internal Quality Assurance group, who conduct database audits on high-
risk trials (Table 3). The error rates are comparable, indicating that the SPC approach is
likely adequate, and that the combination of sample size and audit frequency is appropriate.

The differencein critical variable error rates and overall error rates raises an important
question: Given limited resources, why collect and audit data that are not critical to the
analysis? Additional data are often collected to mitigate risk in areas of scientific
uncertainty. For example, if early-phase safety studies are still in progress, or if concerns
regarding a similar compound emerge, a sponsor may collect additional safety data, full
hematology and clinical chemistry panels, physical assessments, 12-lead ECGs, vita signs,
and detailed concomitant medication information. Additional data needed for safety and
efficacy endpoints are also collected to increase the scientific value of the research
endeavor; for example, genetic, metabolomic, or proteomic substudies or other testing to
provide information on the fundamental disease process, creating opportunities for
secondary analyses and additional knowledge generation. Further, other data, including
quality of life information and economic data are also collected to support marketing after
approval. Theissue of what constitutes “critical data’ may therefore be highly dependent on
the individual perspectives of researchers, both present and future, and could plausibly
embrace a// variables collected. Alternatively, in cases where a high percentage of the
variables collected on the form are not used in an analysis, cleaning all data may not be cost
effective.

Another reason for cleaning all data equally is described in an Institute of Medicine (IOM)
Roundtable report: “...fear that any spurious data point during regulatory review will call
into question the credibility of the entire dataset.”4 As the FDA makes electronic data widely
available to reviewers with standards and tools to facilitate browsing and re-analysis, this
fear may grow. Making research data publicly available means that unanticipated uses of
such data are likely, which may create an impetus for cleaning al data equally. Thiscould in
turn cause resources to be divided among critical and non-critical data, decreasing emphasis
on essential items. The overall cost of data collection and cleaning could also increase.

In 2005, Eisenstein and colleagues modeled clinical trial costs for two large cardiovascular
trials.33 The model showed that data management and statistics activities represented 11%—
14% of trial costs, while site management, monitoring, and site payments (also partially
driven by number of CRF pages collected) represented 25%—-30% of the cost. In their
sensitivity analyses, the authors concluded that total costs could be reduced by 40% by
reducing the number of CRF pages, and by simultaneously reducing monitoring visits and
site-payment amounts corresponding to the decrease in data collected, while at the same
time maintaining the numbers of patients and sites.
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The findings of Eisenstein et a underline the key fact that the volume of data collected and
cleaned profoundly impacts the costs of clinical trials. We do not argue for reflexively
disregarding any data not deemed critical to the primary analysis of a study: there may be
valid reasons for collecting and cleaning additional data. Instead, we present this discussion
to elucidate the considerations that must inform cost-benefit decisions when designing
clinical trials.

Asthe IOM report states, “ There can be no “perfect' data set; instead, there may be a
decreasing marginal benefit from pursuing such agoal.”# A significant number of
respondents in the 2004 SCDM survey, however, indicated that their acceptance criterion for
critical variables was zero.1” The final commentsin the IOM report state:

“A reasonable number of minor errorsis acceptable, aslong as the errors do not
compromise the reliability of the overall data set or the inferences that are being
drawn from the data about the safety and effectiveness of the product. Although an
error rate of 1in 1,000 is considered good, actual error rates are often much
higher.”4

Errorsrarely occur solely in primary analysis variables, as was assumed by our analytical
approach, but there are nonethel ess significant reasons to strive for lower error rates. Data
discrepancies and outliers increase time needed to prepare the analysis. The effect of errors
depends on the variablesinvolved, or whether errors are located in major independent or
dependent variables. In addition, the type of errors (e.g., transposition of digitsin an
insignificant digit versus transposition causing undetected outliers) and the type of analysis
planned (and the robustness of the analysis to outliers and data errors) will further determine
the effect of errors. Because errors impact variability, they can interact with the very nature
of the statistical tests used to analyze the trial data.

Limitations

The data we present are taken from retrospective analysis of observational data and are not
the product of a controlled experiment. Data are limited to audits performed at the DCRI in
the course of clinical trial operations, and are subject to variationsin process and trial design
and specifications. The work processes, types of trials, and other methodology reported here
may not be applicable to other organizations. In addition, the scope of database audits
presented hereis limited to CRF-to-database audits, and thus represents data processing
error rates and do not provide a measure of the actual accuracy of the database, as CRF-to-
database audits cannot account for errors that occur during measurement, initial recording,
medical record abstraction, and transcription.

Conclusions

Although thereis a general reluctance to engage in public discussion about audit results and
methodol ogy, our own experience suggests that such dialogue could provide immense
benefit to the entire clinical research enterprise by optimizing data collection and cleaning,
ultimately helping patients and furthering essential research. Our observational data suggest
that ongoing independent assessment of data quality provides higher quality data, lower
variation, better process control, and lower cost. In the larger context of industry practice,
we believe that if error rates are to be used as a measure of data quality, consistent, industry-
wide definitions and counting methods are needed.

Our results, which are consistent with those of others,34 also suggest that independent and
routine data audits are effective in increasing data quality. In this context, we emphasize the
importance of identifying, applying, and evaluating cost-effective methods for quantifying
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data quality. We a'so believe our experience demonstrates that even well-controlled process
cannot be assumed to remain so, and may not even necessarily behave similarly under
varying circumstances:

“lronically, there is amajor difference between a process that is presumed through
inaction to be error-free and one that monitors mistakes. The so-called error-free
process will often fail to note mistakes when they occur.”3°

As methodol ogy and technol ogies continue to change, quantifying and monitoring data
quality will remain essentia to the clinical research enterprise.

Glossary
CDMS Clinical data management system
CRF Case report form
DCF Data correction (or clarification) form
DCRI Duke Clinical Research Institute
ECG Electrocardiogram
EDC Electronic data capture
FDA U.S. Food and Drug Administration
FTE Full time equivalent
GCDMP Good Clinical Data Management Practices
IOM Ingtitute of Medicine
SO International Organization for Standardization
SCDM Society for Clinical Data Management
SOP Standard operating procedure(s)
SPC Statistical process control
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Figure 1.
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P Chart

UCL=0.0052

Phist=0.0025

Sample Number

Chart created as part of DCRI statistical process control methodology. The DCRI project
team typically addresses any outliers that appear above the upper control limit (UCL). In the
caseillustrated here, the outlier above the UCL was deemed to be due to inadequate training

in a data processing convention.
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Figure2.

Year

Database error rates by year, 1997-2006. From 1997—2001, variability and the central
tendency of the error rates for all database-lock audits performed prior to start of SPC audits
trend upward. After SPC implementation in third quarter 2001, data variability declined and

quality increased.
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Hours Spent on Auditing per Year

1998 1999 2000 2001 2002 2003 2004 2005 2006 2007

Year

Hours spent on auditing per year, 1999-2006. Cost analysis suggests that SPC saved about
1000 hours per year, or half of afull-time equivalent (FTE) effort.
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Figure4.

DCRI overall error rate for SPC audits, 2001-2006. Data show a downward trend in error
rates following the initiation of SPC audits (and therefore an increase in data quality).
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Annual Critical Variable Error Rates
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Annual critical variable error rates, 1999-2006. Critical variable error rates generally
declined in tandem with total database error rates. The exception observed for 2000 (in
which critical variable rate exceeded overall error rate) may be attributable to variation in

trial methodologies and aims.

Clin Trials Author manuscript; available in PMC 2012 November 10.



Xal-Y el eeMS Xa)-YewereMS

a1 rewRerMS

Rostami et al.

Page 18

DCRI Error Rate vs. GCDMP Error Rate
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Figure®6.

DCRI error rates compared with GCDMP error rates, 1997-2006. GCDMP methods
consistently yield lower error rates. Differences range from afactor of 1.5 to afactor of 9.5;
the variance is afunction of degree of sparseness of data on CRFs.
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Figure?.

Model of interaction of errors and analyses, direct and mediated. Y is the outcome of interest
(e.g., blood pressure), X isthe predictor of interest (e.g., drug group in placebo vs. active
agent), Z isaknown covariate of interest (e.g., gender), and W isavariable collected as part
of the study, but not considered in the analysis. Observed correlation between X and Y is
defined as pxy=pru* px* py, Wherep xy isthe observed correlation between X and Y,

p ruisthe correlation that would have been observed if X and Y had been measured with
perfect reliability, and p xy and p y are the square root of the reliabilitiesof X and Y,
respectively.
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Critical variable error rate volatility. Critical variables did not comprise a consistent percentage of the database
fields due to wide variationsin trial aims and methodol ogies.

Year

Critical variables (%) Critical variableerror rate (per 10,000 fields) Overall error rate (per 10,000 fields)

1997
1998
1999
2000
2001
2002
2003
2004
2005
2006

20.0%
8.8%
44.7%
45.3%
16.3%
15.5%
30.8%
31.8%
20.8%

8.4
6.0
427
229
25.7
24.3
7.6
9.6
10.8

10.67
171
23.8
38.1
373
335
30.7
20.4
193
17.9
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Table 3

Comparison of SPC error rates vs. traditional audit error rates on trials audited independently by DCRI
internal Quality Assurance group. Comparable error rates suggest that the SPC approach is likely adequate, as
is the combination of sample size and audit frequency.

SPC error rate (per 10,000fields)  Fieldsaudited oA audit error rate (per 10,000 fields)* ~ Fieldsaudited

Study 1 25 4048 0 **
Study 2 122 93,677 145 4398
Study 3 46 2414 248 4475

values have been scaled by the response index for the corresponding CRF;error rates are therefore cal culated using the same method.

*

*
QA did not count the number fields since they did not find any errors. They audited 4% of the patientsin database at the time.

* ok Kk
Sponsor requested a larger sample size for each SPC audit.
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