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INTRODUCTION

To develop a drug is to undertake a journey, a long and 
costly one, full of twists, turns, and often unanticipated 
hazards. This long, costly, and complex journey starts 
with basic research and discovery, preclinical develop-
ment tests, increasingly complicated human clinical tri-
als, and ends, hopefully, with regulatory approval by the 
Food and Drug Administration (FDA).1,2 The better the 

drug development “vehicle,” the more likely it is to stay on 
track and to successfully navigate the almost always wind-
ing and rocky (as opposed to straight ahead and smooth) 
road to approval. Broadly, the components of this “vehi-
cle” include the “engine” and the “chassis”, that is, the 
drug development team, which undergirds, supports, and 
powers the vehicle, the wheels, or the clinical trial proto-
cols, which advance it forward, and the “fuel” or data. Just 
as gas fuels a car, so drug development runs on data— and 
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Abstract
In drug development a frequently used phrase is “data- driven”. Just as high- test 
gas fuels a car, so drug development “runs on” high- quality data; hence, good data 
management practices, which involve case report form design, data entry, data 
capture, data validation, medical coding, database closure, and database locking, 
are critically important. This review covers the essentials of clinical data man-
agement (CDM) for the United States. It is intended to demystify CDM, which 
means nothing more esoteric than the collection, organization, maintenance, and 
analysis of data for clinical trials. The review is written with those who are new to 
drug development in mind and assumes only a passing familiarity with the terms 
and concepts that are introduced. However, its relevance may also extend to ex-
perienced professionals that feel the need to brush up on the basics. For added 
color and context, the review includes real- world examples with RRx- 001, a new 
molecular entity in phase III and with fast- track status in head and neck can-
cer, and AdAPT- 001, an oncolytic adenovirus armed with a transforming growth 
factor- beta (TGF- β) trap in a phase I/II clinical trial with which the authors, as 
employees of the biopharmaceutical company, EpicentRx, are closely involved. 
An alphabetized glossary of key terms and acronyms used throughout this review 
is also included for easy reference.
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not just any data but high- quality or “high octane,” statis-
tically interpretable data that supports the sponsor's label-
ing claims.

This overview, which is intended as a starting point 
for neophytes with little or no actual experience and as an 
aide- mémoire or checklist for the experienced individual, 
covers the essentials of clinical data management (CDM) 
for the United States both before and after the COVID- 19 
epidemic. It is written from the perspective of nine indus-
try veterans with wide ranging drug development experi-
ence as healthcare providers (B.O., J.W., and T.R.R.), data 
managers (E.B. and J.B.), clinical research coordinators 
(M.S.), project managers and clinical research associates 
(CRAs) (S.C. and A.C.), and medical statisticians (N.A.). 
Surprisingly, given the pervasive nature of data and the 
critical importance of CDM to the success or failure of 
drug development, reviews or overviews on this topic are 
few and far between, and none are particularly recent or 
up to date, which was what motivated the writing of this 
review.

This term CDM is defined as the multistep process 
by which subject data are collected, protected, cleaned, 
and managed in compliance with a Code of Federal 
Regulations (CFR), 21 CFR Part 11, which applies to re-
cords in electronic form.3 Since poor data quality,4 of which 
error is a key determinant, undermines the confidence 
in and validity of clinical trial results and contributes to 
poor decision- making, all efforts must be undertaken to 
minimize error wherever and whenever possible. Real- 
world examples are provided with nibrozetone (RRx- 
001), a new molecular entity (NME) in phase III5 that has 
received FDA Fast Track designation for the treatment 
of severe oral mucositis,6 and AdAPT- 001, an oncolytic 
adenovirus armed with a transforming growth factor- 
beta (TGF- β) trap in phase II7,8 to add color and context 
since the authors are part of the drug development team 
that has successfully guided and shepherded these two 
entities from inception and preclinical testing to clinical 
trial evaluation in different indications from cancer to 
COVID- 19.9– 11 An alphabetized glossary of key terms and 
acronyms (Table  1) used throughout this review is also 
included for quick reference in case these are unfamiliar 
to the reader.

CLINICAL DATA MANAGEMENT 
SYSTEMS (CDMS)

This term refers to the use of 21 Code of Federal Regulations 
(CFR) Part 11- compliant software, which applies to re-
cords in electronic records, to electronically store, capture, 
protect, and query data. CDMS are preferable to paper- 
based data capture because of their accuracy, consistency, 

reliability, and auditability. However, universal adoption 
has not occurred largely because of cost, which is not eas-
ily borne by academic institutions or small biotechnol-
ogy companies. Commercial systems like Oracle Clinical, 
InForm, Medrio, Macro, and Rave are often prohibitively 
expensive, requiring an investment of hundreds of thou-
sands of dollars depending on the size of the trial and 
number of licenses needed. This is in comparison to open- 
source systems like DADOS Prospective, OpenClinica and 
TrialDB, which are more commonly used in an academic 
research setting.

In the first- in- man trial and for part of the first phase 
II trial called ROCKET for nibrozetone (RRx- 001),12– 14 
EpicentRx15 used paper- based data capture (PDC) mainly 
due to two factors. The first was inconsistent internet con-
nectivity, which is hugely ironic considering that the com-
pany was originally based in Silicon Valley, the birthplace 
of technology companies like Hewlett Packard, Intel, 
Apple, Cisco, and Google, and the second was the cost 
of around $150,000 for a commercial electronic database 
platform, which exceeded the allotted trial budget at the 
time. Ultimately, however, because of the impracticality 
and inefficiency of PDC, the company decided to make 
the switch first to Medrio, and then to Rave, despite the 
added expense involved.

Disadvantages of CDMS include the need for password 
assignment and regular password resets, high- speed net-
work connectivity, secure data entry consoles and a web 
server, 24/7 support from a database manager, study- 
specific validation of the system, training of sponsor and 
clinical site personnel, and the occurrence of regular soft-
ware upgrades, which may lead to data loss and consider-
able system downtime.16

CASE REPORT FORM (CRF)

The CRF is a customized and, hopefully, simple- to- use 
document, which is (or should be) designed to accurately 
capture relevant data and key variables and metrics of in-
terest specific to a clinical trial protocol.17 These data and 
metrics, which may include demographics, medical his-
tory, concomitant medications, dosing schedule of the test 
drug, clinical trial procedures, subject visits to the clinic, 
response rates, imaging scans such as CTs, MRIs, or X- 
rays, overall survival, and so on, vary from protocol to 
protocol depending on what indication and patient popu-
lation are under study. All data collected on the CRF is 
de- identified. Figure 1 is an actual paper- based CRF form 
from a brain metastasis trial called BRAINSTORM18 with 
RRx- 001 that is labeled with partially redacted patient- 
specific information and provides instructions on how to 
fill it out.
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T A B L E  1  Glossary of key terms and acronyms.

Data management term Definition

AdAPT- 001 An engineered variant of the common cold virus equipped with a transforming growth  
factor- beta (TGF- β) “trap”.

Adverse events (AEs) Undesired effects of a drug that can range from mild to severe and can be life- threatening.

Blinding Refers to the concealment or masking of group allocation from the subjects in a clinical trial, 
and possibly the investigators as well. In an open- label clinical trial no withholding of 
information from subjects or investigators occurs.

Case report form (CRF) A printed, optical, or electronic document, which records all the information that is required 
by the clinical trial protocol.

Clinical Data Interchange Standards 
Consortium (CDISC)

Data standards developing organization for regulatory submissions including Standard for 
Exchange of Nonclinical Data (SEND) for nonclinical data, Study Data Tabulation Model 
(SDTM) for clinical data, and Analysis Data Model (ADaM) for analysis- ready data.

Clinical data management systems 
(CDMS)

Software tools available for CDM. Examples include Oracle Clinical, Clintrial, Rave, eClinical 
suite, and Macro.

Clinical outcome events (COEs) These measure the result of a treatment or intervention. Typical examples of outcomes 
especially in cancer clinical trials are clinical worsening or progression, and mortality.

Clinical research associate (CRA) A person that monitors the conduct of clinical trials on behalf of pharmaceutical companies.

Clinical study report (CSR) An integrated report on a clinical trial presented in an easily searchable format in accordance 
with ICH E6 Section 1.13. CSRs are complete or abbreviated depending on whether the 
clinical trial is intended to support the efficacy claim for the dose, regimen, dose, regimen, 
population, or indication.

Clinical trial Tests the safety and efficacy of new drugs or other interventions in preparation for an 
application to introduce them.

Code of Federal Regulations (CFR) 
Part 11

Refers to the FDA's regulations on electronic records and electronic signatures for clinical 
trials. Since electronic documents are in use everywhere, compliance with Part 11 is very 
important.

Database A structured set of information, or data, typically stored and accessed electronically in a 
computer system.

Data capture A process by which information is extracted from paper or electronic documents and converted 
into data for computer systems.

Data cleaning The correction of errors and inconsistencies in a raw dataset in preparation for analysis.

Data entry The transcription and input of data into an electronic format.

Data management plan (DMP) A formal written document that describes how the data will be handled during and after a 
research project or a clinical trial.

Database lock The step in a clinical trial when the database is locked or frozen to further modifications which 
include additions, deletions, or alterations of data in preparation for analysis. Also referred 
to as a “final lock” or “hard lock.”

Electronic case report form (eCRF) An auditable electronic record document, which records all the information that is required by 
the clinical trial protocol.

Electronic health record (EHR) A digital record of health information.

Electronic source (eSource) Initial electronic data capture.

Fast Track designation An FDA program whose award expedites the review and development of drugs intended to 
address an unmet medical need.

Food and Drug Administration (FDA) A United States government agency within the Department of Health and Human Services 
that oversees public health and approves or rejects human and veterinary drugs, vaccines, 
biological products, and medical devices for marketing.

Good clinical practice (GCP) An international ethical and scientific quality standard that governs how to design, conduct, 
monitor, and report clinical trials.

HL7 Fast Healthcare Interoperability 
Resources (FHIR)

A set of rules and specifications for the exchange of electronic health care information.

(Continues)
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CRF development, which requires specific expertise 
and knowledge, is indispensable to the success of a clin-
ical trial as it represents the “output” of the text- based 
protocol in the form of data that statisticians can later 
restructure and summarize. A well- designed CRF should 
significantly reduce errors of commission and omission 
that might otherwise occur and, hence, the issuance of 

queries to correct those errors. Ideally, since the CRF de-
rives from the protocol, its development should only com-
mence after the protocol is finalized.

EpicentRx has followed suit with the current practice 
to replace traditional pen- and- paper collection forms19 
with electronic case report forms (e- CRFs), given that the 
latter is speedier, less onerous and cumbersome, more 

Data management term Definition

Interim database lock The process whereby part of a dataset is kept constant (i.e., frozen in time or locked) usually 
to perform an interim analysis of partial data for the purpose of making adjustments to the 
protocol or decisions about the clinical trial.

International Council for 
Harmonisation (ICH) E6

The guideline from the international non- profit organization called the ICH for good clinical 
practice (GCP).

Institutional Review Board (IRB) Under FDA regulations, the IRB is an administrative committee that oversees clinical trials.

Medical coding The categorization of medical terms and AEs for review and analysis.

Medical Dictionary for Regulatory 
Activities (MedDRA®)

A medical coding dictionary used by regulatory authorities and pharmaceutical companies to 
classify AEs.

Metadata Data that describe information or context about other data such as the text or the image.

Protocol A document colloquially referred to as “The Bible” that describes in depth exactly how the 
clinical trial will be conducted.

Randomization Assignment or allocation of subjects (or patients) by chance to groups that receive different 
treatments. Most frequently, the investigational group receives the new treatment, and the 
control group receives standard therapy.

Regulatory submission Any documentation or information submitted to a regulatory agency such as the FDA for 
review.

Remote monitoring Off- site evaluation of a clinical site where the clinical trial is conducted that is performed by the 
clinical research associate (CRA).

Nibrozetone (RRx- 001) An experimental drug in late- stage clinical trials that targets an inflammatory complex called 
NLRP3 and that has received FDA Fast Track designation for severe oral mucositis.

Source data verification (SDV) A process by which the information recorded in the CRF is compared with the original source 
records.

Sponsor A company, institution, or organization that pays for and conducts a clinical trial.

Targeted source data verification 
(tSDV)

A process of monitoring that focuses only on critical data elements such as key eligibility and 
end point data rather than all data. The latter is referred to as 100% SDV.

Query A request for information usually from a clinical site about data that are potentially 
inconsistent, incomplete, or missing.

Validation A process to check if a set of data is rational and acceptable before its use.

T A B L E  1  (Continued)

F I G U R E  1  Partially redacted study termination case report form from a brain metastasis clinical trial with RRx- 001.1,2
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environmentally friendly (because it largely eliminates 
paper), and less error- prone than the former. The adage 
“See one, (practice), do one, (practice), then teach one,” 
which is a basic tenet of medical education,20 applies also 
to CRF preparation.

DATA STANDARDIZATION

Central to data management is data standardization, the 
definition of which, as extracted from Richesson et al., re-
fers to “consensual specifications for the representation of 
data from different sources or settings.”21 The purpose of 
data standardization in drug development is to develop a 
common language and reporting format for reporting, re-
search, and analysis.

The US Food and Drug Administration (FDA) and the 
Japanese Pharmaceutical and Medical Devices Agency 
have adopted a set of global data standards for marketing 
authorization approval by a non- profit organization called 
the Clinical Data Interchange Standards Consortium 
(CDISC). The CDISC standards, which are globally rec-
ognized and widely used by the pharmaceutical industry, 
span the clinical research process to include the Standard 
for Exchange of Nonclinical Data (SEND), Protocol 
Representation Model (PRM), data collection for case 
report forms with Clinical Data Acquisition Standards 
Harmonization (CDASH), aggregation and tabulation 
with the Study Data Tabulation Model (SDTM), Analysis 
Data Model (ADaM), Questionnaires, Ratings, and Scales 
(QRS), and Operational Data Model (ODM) for exchange 
of data, as shown in Table 2.

The HL7 Fast Healthcare Interoperability Resources 
(FHIR) specification, which has emerged as the lead-
ing standard for the exchange of healthcare data, has 

the potential to complement the CDISC ODM standard, 
although to date no alignment of ODM and HL7 has 
occurred.22

STORAGE

Data are currency and, as such, they can be bought and 
sold, or even stolen. Hence, all records and documents, 
and any data or information generated as part of a clini-
cal trial, need to be securely stored and de- identified or 
anonymized for privacy. To de- identify data means to re-
dact or to modify personal characteristics such as name, 
medical record number (MRN), date of birth/death, and 
so on.23

Hard copy information must be maintained in locked 
file cabinets in limited access, Institutional Review Board 
(IRB)- approved areas and electronic data must be pro-
tected from manipulation through unique access codes 
such as individual user ID and password combinations 
that are assigned only to those personnel with job respon-
sibilities that require such access.24 It is not safe to store or 
transport electronic data on unencrypted mobile devices 
such as laptops, tablets, smart phones, unencrypted ex-
ternal hard drives, or removable media like thumb drives, 
CDs, and DVDs.25

DATA MANAGEMENT PLAN (DMP)

As defined by the Society for Clinical Data Management 
(SCDM), a data management plan (DMP), which is 
protocol- specific, comprehensively documents data from 
their definition, collection, and processing to their final 
archival or disposal.26 A DMP, which is usually reserved 

T A B L E  2  The Clinical Data Interchange Standards Consortium (CDISC) includes a collection of end- to- end standards that span the 
different stages in the clinical research process.

Preclinical Clinical data standards

Organize Plan Collect Organize Analyze Submit

Mandatory submission 
tabulation format for 
nonclinical animal data to 
the US FDA. It is the non- 
clinical version of SDTM

Conceptual 
model 
used to 
organize 
a 
protocol

Model for CRF data 
collection

An electronic standard used 
when patient data listings 
for clinical studies are 
submitted to regulatory 
authorities

(QRS)

SDTM files are 
processed 
to extract 
analysis 
datasets 
(ADaM)

Abbreviations: ADaM, Analysis Data Model; CDASH, Clinical Data Acquisition Standards Harmonization; CRF, case report form; FDA, Food and Drug 
Administration; ODM, Operational Data Model for data exchange; PRM, Protocol Representation Model; QRS, Questions, Ratings, and Scales; SDM, Study 
Design Model; SDTM, Study Data Tabulation Model; SEND, Standard for Exchange of Nonclinical Data.
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for larger clinical trials, covers source data verification, 
CRF design and completion guidelines, database de-
sign, procedures for data flow and data entry, data stor-
age and protection, medical coding, data validation and 
query management, and database lock. It is an ongoing 
iterative document to be constantly refined and updated 
as necessary. The need to update the document is practi-
cally a given since clinical trial protocols frequently un-
dergo amendments. The redacted table of contents from 
the DMP for the ongoing phase III trial, REPLATINUM, 
with RRx- 001, which serves as a checklist for the required 
elements of a DMP, is shown in Figure 2.

SOURCE DATA VERIFICATION 
(SDV)

Data collection from clinical trials was and still is mainly a 
manual process. Back when EpicentRx used paper- based 
CRFs, clinical research coordinators (CRCs) at the clinical 
sites manually transcribed source data from patient charts 
to the CRFs.

EpicentRx clinical trial monitors (referred to as clinical 
research associates [CRAs]) regularly visited these sites; 

however, many there were for a given trial, and undertook 
either partial or 100% Source Data Verification (SDV). The 
purpose of SDV was to check that the data transcribed/re-
ported recorded in the CRF matched the primary source 
data (e.g., patient medical records). In case of discrepancies, 
the CRAs queried the site staff and, if necessary, the site staff 
updated or amended the CRF. At this point, the paper CRFs 
were handed off to the CDM team. The CDM directly en-
tered the CRFs into the database and issued further queries 
to address erroneous, missing, “out- of- range”/impossible, or 
inconsistent data (e.g., hysterectomy for a male patient).27

The nature and extent of the SDV was (and is) largely 
at the discretion of the sponsor since the FDA only rec-
ommends a review of a “representative” number of 
source documents rather than all of them.28 Similarly, 
International Conference on Harmonisation (ICH) E6 
recommendations state that “statistically controlled 
sampling may be an acceptable method for selecting the 
data to be verified,” which suggests that 100% SDV is not 
necessary.29,30

To prevent any ambiguity relating to different inter-
pretations of the term “source documents,” the ICH Good 
Clinical Practice (GCP) requirements (“ICH E6 1.52”) 
definition is included as follows: “All information in 

F I G U R E  2  REPLATINUM clinical trial data management plan table of contents.
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original records and certified copies of original records of 
clinical findings, observations, or other activities in a clini-
cal trial necessary for the reconstruction and evaluation of 
the trial. Source data are contained in source documents 
(original records or certified copies).”31 The ICH E6 1.51 
defines the term “source data” identically.

A prerequisite of SDV is to prove that the data in the 
CRFs are original, accurate, and verifiable through a trace-
able audit trail, as mandated by cGMP record- keeping 
practices; this audit trail, which documents the “who, 
what, when, where, why, and how” of any changes that 
were made to the data, applies to all records, irrespective 
of whether they are analog or digital.

The onset of COVID- 19 lockdowns and suspension 
of in- person clinical site visits occasioned EpicentRx to 
permanently implement remote SDV via monitoring of 
electronic medical records. Here was a COVID silver lin-
ing and the very definition of a win– win, as it turned out; 
aside from the obvious convenience factor, remote moni-
toring hugely benefited the clinical sites, many of which 
were (and still are) too short- staffed and overburdened to 
support disruptive in- person visits, and the lack (or, more 
accurately, dearth) of travel saved EpicentRx a lot of time, 
money, and paperwork.

EpicentRx has since also moved away from 100% SDV, 
which was probably an example of overkill/ information 
overload, to targeted SDV (tSDV). With tSDV, the most im-
portant data such as inclusion/exclusion criteria, date of 
randomization, adverse events (AEs), concomitant medi-
cations, date of informed consent, protocol deviations, and 
so on are verified at random or “for cause” (i.e., only when 
a problem with one or more sites is identified). EpicentRx 
also remotely reviews investigator site files, site delegation 
logs, staff qualifications and training, and pharmacy doc-
umentation during tSDV.

In place of face- to- face meetings, which, admittedly, 
are the gold standard for establishing rapport and cama-
raderie,32 EpicentRx has engaged with the clinical sites 
through alternative forms of communication in the form 
of telephone calls, text messaging, emailed training tips, 
short write- ups, and fun quizzes, as illustrated in Figure 3. 
The effect of this proactive information outreach strategy 
has been to encourage increased involvement and buy- in 
from the clinical sites, which, in turn, cuts down on the 
need for 100% SDV and nips (or, hopefully, nips) problems 
in the bud before they escalate.

DATA ENTRY

Data entry from paper- based forms is double or sin-
gle. Double data entry is the definitive gold standard 
to identify and correct errors. Usually this involves 

two operators, each of whom enter the data separately 
and the datasets are compared for discrepancies. The 
resolution of these discrepancies is referred to as “veri-
fication.” Single manual data entry, in which data are 
manually entered once, is also possible. Electronic CRFs 
(eCRFs) often eliminate one transcription step because 
CRCs fill them out, usually in real time, at the clini-
cal sites.3 Some eCRFs may also autopopulate from the 
electronic health record (EHR).

Sufficient time for data entry training of key person-
nel at the clinical site must be allocated, and logs should 
be kept as evidence of training. Immediate data entry is 
to be encouraged so that the most current, near real- time 
data are available for the sponsor to review and query. This 
makes possible immediate feedback to the clinical site for 
any issues in need of improvement. It is much more dif-
ficult to resolve data discrepancies and errors identified 
months after subjects have discontinued from the trial or 
clinical staff have moved on.

DATABASES AND EXTERNAL DATA

A clinical trial database incorporates all the data col-
lected from the CRFs. A statistical database rearranges 
the data from the clinical trial database into a format for 
it to be statistically analyzed. The three major categories 
of statistical data are microdata or individual data, mi-
crodata or collective data, and metadata or data about 
data.

Not all the collected data come directly from the clin-
ical trial itself. Some external data are imported from 
existing databases such as the electronic medical record 
(EMR), for example. However, the data extraction pro-
cess from EMR systems, which occurs through manual 
abstraction, automated extraction, or a combination of 
both, is fraught with potential data errors, including mis-
labeling, subject identifier inconsistency, out- of- range 
values, duplications, and so on, which makes it import-
ant to conduct quality checks. Typically, this involves 
manual comparison between the manually or electroni-
cally extracted data and data direct from the source.

However, manual chart reviews are resource- intensive 
and difficult to scale with large clinical trials even if only 
a subset of the data is audited. Error prevention strategies 
with automated extraction include the mandatory comple-
tion of select data fields, dropdown data fields and auto- 
fill options, which leave little room for error, logic rules 
to constrain values and variables within certain ranges, 
accuracy rules (e.g., enrollment options for an adult can-
cer clinical trial do not include patients under the age of 
18 years), and time- based rules (e.g., date of death cannot 
precede date of enrollment).33



1504 |   ORONSKY et al.

Also, efforts to accelerate the adoption of electronic 
source (eSource) are underway, so that all source data, re-
gardless of in what context they are acquired (e.g., office 
visit) and by whom (e.g., healthcare professional, patient, 
family member), are completely electronic, and fully ac-
ceptable for use in clinical trials and clinical trial submis-
sions worldwide.34

DISCREPANCY MANAGEMENT

Discrepancy management refers to cleaning of data on the 
CRFs prior to its entry into the database, as defined earlier. 
The term is synonymous with query resolution.3 A discrep-
ancy is a query, or question, that flags any data in a CRF, 
which deviates from what is expected. Discrepancies in-
clude missing, “out- of- range,” or inconsistent data (e.g., 
prostate cancer in a female or cervical cancer in a male). 
When discrepancies are flagged or identified, either from 

automatic, built- in point- of- entry validation checks on the 
eCRFs or from manual validation checks of the eCRFs or 
paper CRFs, the clinical sites are asked for information or 
“clarification” (as shown in Figure 4) to resolve them and 
to sign and date the resolved documents, which provides an 
audit trail (i.e., reason for change, date change made, who 
made the change_. The faster the turnaround time on these 
queries, the sooner it is possible to start cleaning the data.

DATA CLEANING

The term “data cleaning” refers specifically to the identi-
fication and correction of errors in the data prior to analy-
sis.35 This straightforward definition aside, data cleaning 
often carries a negative connotation, as if it were a euphe-
mism for post hoc data manipulation.35 In fact, the whiff 
of stigma, which (unfairly) surrounds the neutral term, 
is so pervasive even statisticians as distinguished as Peter 

F I G U R E  3  An example of 
information outreach to replace in- person 
communication with clinical sites in the 
form of a quiz on AdAPT- 001.
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Armitage and Geoffrey Berry felt the need to semi- apologize 
for their inclusion of a chapter on data cleaning in their 
standard textbook on statistics in medical research.36

Nevertheless, data cleaning is essential to remove un-
wanted noise in the database.37 As stated, this is a neutral 
term that refers to the detection and correction of dupli-
cate, inconsistent, inaccurate, improperly formatted, or ir-
relevant data, all of which may reduce the reliability and 
robustness of the conclusions drawn. Its intent, therefore, 
is to put the data in the best possible shape for analysis, 
removing the “noise” but not the “signal,” should one exist. 
To what degree cleaning is successful (i.e., to what degree it 
improves the signal- to- information ratio) depends on sev-
eral factors including the formal, practical experience of 
the data managers and how well (or poorly) they work with 
big datasets, the data elements to be cleaned, the methods 
used to impute missing data points, and the robustness of 
the data management processes that are in place.

MEDICAL CODING

CRFs record unstructured information on adverse events 
(AEs), and concomitant medications (CMs). This infor-
mation lacks uniformity as the non- standardized “ver-
batim” terms and descriptors for AEs and CMs are often 
replete with:

• Misspellings (e.g., “galebladder,” “luopus,” “acetomeno-
phen,” and “aspin”)26

• Non- specific drug terms (e.g., “antibiotic”)
• Medication brand names (e.g., Advil, Lipitor, and 

Vicoden)
• Truncations like “med” or “doc”
• Abbreviations like MI (myocardial infarction) and SOB 

(shortness of breath)27

• Idiomatically vague, imprecise, or incomplete expres-
sions like “patient is circling the drain,” “on the spec-
trum,” “water in the lungs,” or “hole in the heart.”

Above average familiarity with clinical trials, indus-
try acronyms, abbreviations, initialisms, informal jargon, 

and technical names of procedures and equipment is 
highly recommended for coders to convert the unstruc-
tured verbatim text in the CRF to standard, uniform med-
ical terms so that healthcare providers, data managers, 
statisticians, and regulators will all be on the same page 
when it comes to review and analysis.38– 40 These uniform 
terms are associated with numeric/alphanumeric codes 
as identifiers.

The World Health Organization- Drug Dictionary 
Enhanced (WHO- DDE) is generally used to code med-
ications.41 The current standard for coding adverse drug 
reactions for the FDA, and other international regula-
tory entities per the ICH, is the Medical Dictionary for 
Regulatory Activities (MedDRA®). Under the oversight 
of the ICH, MedDRA is strictly maintained and regu-
larly updated by the Maintenance and Support Services 
Organization (MSSO), which distributes licensed copies 
to users in industry and regulatory agencies.

The MedDRA taxonomy arranges codes like an upside- 
down ladder with five tiers or “rungs” from low to high 
specificity. At the top are 27 top- level hierarchies called 
System Organ Classes (SOCs). Below SOCs are high level 
group terms (HLGTs), high level terms (HLTs), preferred 
terms (PTs) and, finally, lower level terms (LLTs), as 
shown in Figure 5.

Coding is cognitively difficult since it depends on the 
translation of written, and not always easily decipherable, 
even with expert clinical knowledge, abbreviations and 
descriptions of diseases, diagnoses, and procedures. This 
is illustrated below with a real- life example taken from the 
phase II PREVLAR clinical trial in head and neck cancer,6 
where RRx- 001 was administered as an anti- mucositis 
agent in combination with cisplatin and radiotherapy. A 
verbatim AE at one clinical site was “patient has blisters,” 
an incomplete and misleading description, as it turned 
out, since the data management team sleuthed out that 
the blisters, in this case, were present not on the epidermis 
but in the oral mucosa. This was a key contextual piece of 
information that might have gone unnoticed and unques-
tioned, if not for the detective work of the data manage-
ment team, whose intuition led them to dig deeper and to 
query the clinical site, since the incidence of severe oral 

F I G U R E  4  Partially redacted query request for an RRx- 001 clinical trial.
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mucositis was a primary end point of the PREVLAR clin-
ical trial.

A longstanding debate in coding is that between “lump-
ers” and “splitters.” The former group “lump” together 
several AEs as manifestations of one condition, the latter 
separate seemingly related AEs into different categories. 
An actual example is an RRx- 001- treated patient on the 
QUADRUPLE THREAT trial42 with the following list of 
AEs, which occurred together: “influenza,” “cough,” “sore 
throat,” “fever,” “body aches,” “fatigue,” “coryza.” A split-
ter codes each AE separately; a lumper subsumes them all 
under one entity, in this case influenza.

As a company, EpicentRx tends to err on the side of 
caution, which, on balance, probably leads it to split more 
than to lump. However, specific cases— and context— take 
precedence over general caution. When multiple symp-
toms, for example, coughing, sneezing, body aches, runny 
nose, and fever are present and these are clearly related 
to, and subsumed by, a single pathophysiologic entity, 
influenza, then from the authors' perspective it makes 
sense to lump them together and not to split them apart. 
Conversely, when the presence of signs and/or symptoms 
is simply suggestive, rather than definitive, of a syndromic 
etiology, then the authors prefer to split them up instead 
of grouping them together. In short, EpicentRx makes de-
cisions not in a vacuum but on a case- by- case basis, con-
sidering the specifics and the context of the clinical data, 
the patients, and the information source.

DATABASE LOCK

The culmination of the preceding steps to collect, verify, 
validate, and clean the data is a final or “hard” database 
lock. A “hard locked” database is ready for analysis, and 
no further changes are expected or permitted. The time 

window between availability of the data and database lock 
varies from clinical trial to clinical trial and may take up 
to several months.43

A “soft” lock during which a final comprehensive re-
view of the data is undertaken usually precedes a hard 
lock. An interim database lock is also performed in some 
clinical trials. Its purpose is to take a static “snapshot in 
time” of current data at a prospectively determined date 
(e.g., 52 weeks) or on a milestone basis (e.g., when 25% 
or 75% of patients are enrolled), at which point the blind 
is broken, if one is in place, usually for assessment and 
reporting purposes. However, an interim lock does not 
imply that data are in their final state and multiple interim 
locks are possible. During an interim lock, unblinding 
usually occurs for the sponsor, but not for the investigator, 
participants, and study- site personnel. Note that the data 
from an interim lock may lead to early termination of the 
trial if the experimental treatment is substantially more 
effective, or substantially less effective than the level the 
trial was designed to detect. The term “unblinding” refers 
to the disclosure of treatment group assignment during 
the trial, which was put in place to minimize conscious 
or unconscious biases that might come from knowledge 
of treatment.

CONCLUSIONS

The aim of this review was to present a holistic overview 
of clinical data management based on the perspective 
and reflections of an experienced team of drug develop-
ment professionals with seven drug and device approvals 
between them. These several approvals aside, which are 
beyond rare, drug development is an expensive, lottery- 
like endeavor that most often comes to naught, given a 
failure/attrition rate of over 90%.44 In other words, like a 
high stakes poker game, the entry fees are high, and the 
probability of a win/payout is low.45 Even if a successful 
outcome is deemed to be probable, it is never guaranteed, 
given all the organizational, financial, regulatory, and 
clinical obstacles to overcome, and their associated mov-
ing parts, which stack the deck firmly against, rather than 
in favor of, and this is especially the case for new chemical 
and biological entities like nibrozetone (RRx- 001)46– 49 and 
AdAPT- 00150 where the road ahead is invariably rocky. 
To beat these formidable odds in pursuit of an approval 
requires the proper generation, acquisition, maintenance, 
and use of high- quality data, which underpins not only 
drug approval, but also decision- making, labeling, and 
marketing.

The objective of data management is to catch errors 
at the earliest possible point or, ideally, to prevent them 
entirely. In the authors' experience, all it takes is some 

F I G U R E  5  An actual example of Medical Dictionary for 
Regulatory Activities (MedDRA®) coding for “Patient Has Blisters,” 
which referred to severe oral mucositis. HLGT, high level group 
term; HLT, high level term; LLT, lower level term; PT, preferred 
term; SOC, System Organ Class.
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missing or erroneous data (i.e., “garbage in”) to impact 
the validity of the trial (i.e., “garbage out”). Nevertheless, 
because to err is human, datasets, which may contain bil-
lions of bytes of information, are never entirely error free 
or “clean”, and no matter the data management processes 
and safeguards that are put in place to prevent errors, 
they still manage to creep in and, even worse, to propa-
gate. Ultimately, the effectiveness of these processes and 
safeguards is only as good as their implementation. The 
more that personnel understand the specifics of the clin-
ical trial protocol, and not only what errors to look for, 
but also which ones are the most relevant and important 
(because of their relationship to the primary and second-
ary end points of the trial, for example), the more likely 
these errors are to be discovered and corrected. Clearly, 
not all errors are created equal— some, like misspellings, 
typos, and out- of- range dates, are minor, and some like 
randomization of ineligible patients or noncompliance 
with important protocol procedures, for example, are 
major because they drastically impact the conduct and the 
interpretation of the clinical trial.

This perhaps goes without saying, but practice— and 
practical experience— in data management, as elsewhere, 
makes (almost) perfect. From the personal perspective of 
the authors, it is only with repeated exposure that “common 
sense” knowledge and skilled pattern recognition develop 
sufficiently to “diagnose” potentially harmful errors, ambi-
guities, and inconsistencies in the data, which may need to be 
flagged for further review. This “sixth sense” or “gut instinct” 
led the data management team to flag the term “blisters” 
(mentioned in the previous Medical coding section) for 
query, since in first- line head and neck cancer blisters may 
develop in the mouth. The point is that it takes time to hone 
instinct and intuition, the better to sort the wheat from the 
chaff, especially when the volume of data is large.

For clarity, the difference between a data management 
review and a medical review of the data is that the former 
concerns itself with the consistency and accuracy of the 
information that has been collected across all participants 
and sites, while the latter generally involves close attention 
to (1) predefined clinical outcome events (COEs), for exam-
ple, all- cause mortality; (2) AEs, which represent untoward 
medical occurrences that are causally related or not with 
the investigational product; and (3) laboratory values, clini-
cal events, and patient- reported outcome measures.

It seems fitting to penultimately conclude with the fol-
lowing prescriptive phrase in data management, which 
one of the reviewers of this article suggested that we in-
clude, namely, “begin with the end in mind.” This phrase 
from Stephen Covey51 refers to the backward design 
of protocols, CRFs, and the database in anticipation of 
the content and format of the final clinical study report 
(CSR); the CSR integrates the full efficacy and safety data 

complete with tables and figures for an individual study 
with a therapeutic or diagnostic agent. Depending on sev-
eral factors including whether the study is uncontrolled 
or controlled, or whether it evaluates conditions related 
or unrelated to those for which a claim is/will be made, 
determines whether the CSR is to be written in full or ab-
breviated with summarized data and with some sections 
deleted.52

However, to “begin with the end in mind,” while useful 
as a rule of thumb, comes with a caveat: clinical research 
is unpredictable and ever- changing. A priori premises and 
rationales are not static or absolute but remain fluid, po-
tentially rendering them less valid or even invalid as time 
goes on. In this case, it is important to remain flexible 
enough to rework or scrap the original plan in accordance 
with the data obtained and to potentially restart with an-
other end in mind.

As a final comment, a well- worn maxim, which has 
been modified herein, states that “behind every successful 
(wo)man there is a supportive spouse.” This also applies to 
all FDA- approved drugs, which are inextricably married, 
usually for better and not for worse, to the quality and the 
integrity of the clinical trial data that support them.
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