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Abstract— Reliance on paper research 

records slows the progress of clinical 
research. Clinical culture and expensive 
and/or complex software impede the adoption 
of electronic methods.  Institutions are 
addressing strategic issues like networks and 
knowledge bases for broad-based data 
sharing while ignoring the unmet need for 
flexible, affordable systems for basic data 
collection.  We are evolving a system to 
replace paper records with an agile, 
metadata-based system that we hope will be 
quickly configured and maintained, readily 
understood, and self-documenting.  We are 
currently testing the use of metadata-
generated web forms to replace a paper/fax 
front end. 

 
Index Terms—Clinical research, metadata, 

clinical trial, electronic data capture, 
informatics. 

 

1. INTRODUCTION 

Both medical care and medical research still 
rely heavily on paper documents [1,2,3].  
Compared to other professions there seems 
to be no concerted professional effort to 
change to electronic formats. Medicine, like 
any other profession, has its unique aspects, 
but the resistance to the use of computers 
may be rooted in its culture and the 
shortcomings of computer technology to 
accomodate this culture [4].  
 
A. Clinical Culture versus Data Quality 
 

Clinicians are trained to be data 
synthesizers. The differential diagnosis is a 
Gestalt resulting in extracting the correct 
patient problem from a myriad of details. 
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Details that don't agree with the developing 
pattern are frequently ignored. The 
important result is the physician's narrative 
note and not the data elements that support 
that note.  Data quality control is done on 
these notes and not on individual data items.   
Current hospital information systems were 
created to catalogue these narratives for 
census and billing purposes and not to 
capture the individual data elements that 
inform clinical research. 

Clinicians' notes and their associated data 
items are collected together into the medical 
record, which is a legal document. Despite 
its fragility paper is seen as the proper way 
to have these legal documents readily 
available.  Until recently clinicians have had 
little to no training in how to collect data 
beyond those items they gather about the 
subject's medical history and physical 
examination.  Other data is presented to the 
physicians, and they have very little 
understanding of its variability or error 
sources. 
Individual clinicians tend to believe that their 
way of collecting data is the best because it 
serves their unique way of synthesizing 
information.  It is therefore difficult to get a 
group of clinicians to agree on a standard 
way of collecting and dealing with data.  
Hospital administrat ors can get what they 
need for billing and census from current 
flawed but functional systems, so activities 
for clinical research data collection have 
been seriously under-funded.  Until recently 
government funding agencies have felt that 
data collection should be covered by 
institutional overhead costs.  Since no one in 
these institutions was a vigorous advocate 
for using these funds in this manner, 
medical informatics of this type has 
languished [5].  
   
 
 

Agile Systems for Clinical Research  

Ted D. Wade and J.R. Murphy 



 
 

 

 

75 

B. Insitutional Responses 
 

With recent advances in genetics and 
medical imaging brought about by the 
computer, clinicians, administrators and 
granting agencies are starting to think that 
computation is a necessary tool for medical 
science and that it could be used in non-
administrative areas to great effect.  Large, 
multi-center networks are being created to 
provide more subjects for clinical trials and 
disease consortia [6,7]. Federated 
databases and data mining [8,9] are being 
considered as a way to find out more about 
diseases.  Data sharing has become a 
standard feature of research grant 
announcements [10].  The sheer volume of 
correct, detailed information being required 
by government agencies [11] to meet the 
requirements of doing research on human 
subjects is moving medicine in the direction 
of electronic data capture and management 
[5]. A variety of efforts by government and 
standards bodies are underway to 
standardize research vocabularies, 
metadata, and ontologies [11,12,13].   

Much work on the above problems is 
organized around the computational grid 
concept [14].  We think that the grid work 
does not address the clinical research 
productivity issues described below.  These 
are mostly obstacles to basic data collection. 
They are small in data volume and not 
computationally intensive – the opposite of 
grid problems.  Grid database issues 
concern the integration of heterogenous, 
independent databases.  Multi-center clinical 
research tends to need central, standardized 
data collection. 

2. MEETING BASIC NEEDS WITH AGILE 
SOFTWARE 

The medical culture will have to make 
compromises with the increasing use of 
computers but computer technology should 
also harmonize with this culture whenever 
possible. The paper infrastructure needs to 
become electronic, in a way that is 
affordable, is secure, addresses regulatory  
requirements, and, perhaps above all, is 
flexible enough to fit into the clinical work 
environment. We think that the ideal clinical 
data collection system is agile. 

A. Agile Characteristics 
 
Clinical research, although it emphasizes 

plans, protocols, and methodologic 
consistency, is also a very dynamic 
endeavor, especially in the early  stages of a 
research project.  Our experience in the data 
analysis stages of many studies 
underscores the need for a system to be 
self-documenting and historical in nature.  
We see many researchers who have limited 
resources and a strong need for efficient 
setup and execution of their work, but not at 
the expense of flexibility. 

 
Once initial planning is complete studies 

should be quick to set up.  Funding for 
research is subject to institutional and 
regulatory roadblocks, and so it often arrives 
late.  Researchers need to get underway 
fast. 

 
Data collection should be able to change 

as new research ideas occur, especially 
during the early or pilot study stage.  
Medical research exists in a very dynamic 
environment, where medical knowledge, 
instrumentation capabilities, patient 
populations, staff resources, and research 
objectives all change fast.  Additionally, 
biological phenomena are inherently hard to 
predict, so that the range of measures of 
biological responses can only be 
approximately known before a study starts.  
And amid all this, researchers, who are 
inherently creative people, generate many 
more ideas than they have time or resources 
to test.  Software should not add to this 
bottleneck.  

 
The subset of clinical research known as 

clinical trials is heavily regulated.  The 
planning stages of trials are longer, and 
once  underway a trial can be changed very 
little.  The dynamic tools that we advocate 
would facilitate the planning and setup 
stages of clinical trials as well as the more 
fluid networked data collection 
arrangements of other kinds of clinical 
research 

 
An agile clinical data system should 

facilitate cooperation both within and across 
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institutions.  Many studies are now 
conducted by scientists who are dispersed 
across multiple locations.  This is partly to 
share clinical or scientific skills, but mostly to 
draw from a larger pool of patients, so the 
study can be completed sooner. 

 
An agile data collection system needs 

short feedback loops for quality control.  
Clinical research needs to achieve near-
perfect accuracy of data collection in a 
chaotic environment.  Data must be verified 
using poorly structured, easily misplaced, 
"source documents".  One of the main 
expenses of clinical studies is dealing with 
the data exceptions, discrepancies, and 
corrections known, technically, as "queries" 
[15].  Deciding what the true value of a 
datum should be increases greatly with the 
time elapsed from its original generation.   

 
Once you have a data system that is 

easily modified, then that system should be 
mostly self-documenting -- including a 
complete record of historical changes to 
data definitions.   The record of such 
changes tend to fall by the wayside as 
research teams rush to adapt the data 
collection system to the above-mentioned 
dynamic circumstances.  Data that are  
collected earlier seem not to be comparable 
to those collected later, and no one 
remembers why.  

 
An agile system should quickly condition 

data for the analysis stage of a study.   
Studies often take longer to complete than 
planned.  Further progress, and especially 
further funding, is contingent upon 
completing analysis of data already in hand.  
Part of the process, traditionally, is 
"conditioning": transforming data from one 
format, or formats, to something suitable for 
standard statistical analysis tools.  Such 
transformations both generate errors and 
uncover previously un-noticed problems, 
such as referential integrity, format 
heterogeneity, and the like.  The ideal, agile, 
system would enforce formats, value 
ranges, and database integrity up front, and 
store data in a form close to that usable by 
analytic software.    

 

An agile system should, like any good 
software, minimize the training needed to 
master it.  Most people who staff medical 
research studies also have extensive clinical 
duties and responsibilities.  They resist 
learning new computer systems because 
they rightly suspect that another system will 
not help them get their work done. For these 
people, the best system should work in ways 
that are both obvious and self-teaching.  
There are many principles that can help in 
designing for ease of use [16].  It is also 
important to give software the minimum 
number of features needed to do a job, and 
to replace “feature creep” with inherent 
flexibility, which would be defined as the 
ratio of functional variety relative to the effort 
in configuring and managing those 
functions. 

 
B.  Existing Solutions 

 
Our Data Coordinating Center's job is to 

support dozens of research studies -- from 
large, multi-center trials to internally funded 
pilot studies -- in collecting data, assuring its 
quality, and analyzing the data.  Studies 
must cover our costs.  Small studies rarely 
have adequate funding, yet their data needs 
can be fairly complex.  To help them we 
must be efficient, especially at the low end.   

 
A few years ago we began by trying to 

improve on the ad hoc methods that are still 
widely used in academic health centers 
(AHC's) and Clinical Research 
Organizations (CRO's) the world over:   

• Write data down on more or less 
refined paper forms.   

• Have clerical staff type the data into 
whatever word processor, spreadsheet 
or database program is easiest to 
learn. 

• Use batch programming with statistical 
software to condition data 

• Perform statistical analysis 
 
We saw no suitable informatics solution 

available for our adoption.  It is well known 
among data centers that capital costs of 
fairly complete commercial systems are too 
expensive for self-supporting organizations 
such as ours. There is commercial 
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competition for supplying the software 
infrastructure for clinical research, yet 
adoption is slow and satisfaction is low [3], 
with most complaints about flexibility, startup 
time, and service. This situation may reflect 
the effects of feature creep instead of 
inherent flexilbility.  Non-commercial efforts, 
with rare exceptions [17,18] have been 
aimed at sharing data [19] across 
institutional boundaries. 

 
Lacking an outside solution, we started to  

evolve our own clinical research 
infrastructure, embodied in software. The 
work proceeded in several stages, and is 
still underway.   

3. EVOLUTION OF OUR STUDY DESIGNER / 
MANAGER 

A.  Stage 1 - Paper/Fax Front End 
  
We first tried to improve the use of paper 

forms by adapting a commercial forms-
processing system with software 
interpretation of hand-written data.  Forms 
are designed for each study, printed, and 
then filled out by researchers.  The filled 
forms are scanned or faxed to a central 
facility, the Data Coordinating Center, where 
staff verifiers oversee the software 
interpretation of data and correct errors in 
that interpretation.  The software then 
transfers the data to a database.  
Investigators get to retain paper, a familiar 
medium that fits into their workflow, while 
the study database is managed centrally.   
Other stages of data conditioning and 
analysis follow in the traditional way.   

 
This is a usable hybrid of paper and 

electronic approaches, with a number of 
problems.  One is that the data acquisition 
path is one-way: the forms-processing 
system does not allow direct feedback to the 
researchers, even though data is acquired 
fairly quickly.  The second problem is that 
the commercial forms system is essentially 
closed to metadata.  It can neither import 
nor export information about how data are 
defined.   

 
 
 

 It is thus a laborious, manual process to 
keep congruence between the conditioning 
and analysis programs, on the one hand, 
and the forms design and data collection on 
the other hand.   Thirdly, the forms system’s 
data type and range checking are poorly 
suited for scientific data. 

 
Another set of problems arises in 

connection with the faxing process - poor 
images, missing or misplaced pages, and 
repeated submissions.  Even though the 
software tries to manage these issues, they 
still cause a lot of work.  The problems seem 
to be inherent in this kind of paper-to-
electronic transition 

 
B. Stage 2: Custom-coded Web Front End 
 

For a small clinical trial study we tried 
replacing some paper forms with hand-
crafted web forms that feed the same 
database.   This worked well, but the 
programming was expensive and hard to 
change.    The web forms were complex 
because the researchers wanted them to 
replace "worksheet"-type features of paper 
documents, such as data accumulation over 
time and computational aids. 

 
C. Stage 3: Hybrid Paper/Fax Front End with 
Electronic Management 

 
Our next opportunity to improve our 

system was when we contracted to 
coordinate data management in a large five-
year study with ten different locations 
around the United States and England.  
Instead of using custom-coded web forms 
we kept the commercial forms package as 
the data input subsystem.   We married this 
to a database of metadata, with 
programming to automatically generate 
system screens and procedures. We wanted 
quicker feedback to researchers with less 
programming costs, easier data conditioning 
and analysis, better documentation of 
procedures, and improved setup costs.  Our 
approach got us all but the last objective, as 
we shall explain. 

Our system was driven by a metadata 
database, which we called the data 
dictionary. 
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We made web-based software for 
maintaining the data dictionary, naming the 
resultant system Study Designer because it 
had the potential to record nearly every 
detail of study design and execution.  Data 
dictionary objects included clinical studies, 
case report forms for those studies, and the 
data attributes which appeared on those 
forms.    
 
 

 
 
 
 
 
 
 
We have said that clinical researchers 

tend to take an individualistic approach to 
each study design.  However, research 
funding agencies want standardization so 
that studies can be compared [11,20].  Also, 
different studies within an institution can be 
less expensive (as well as more easily 
compared)  if they can re-use data and form 
definitions already developed.  Therefore the 
Study Designer included logic to allow 
studies to share metadata by copying, so 
that they can build on previous work without 
being constrained by it.  
We created a second web-based subsystem 
called Study Manager.  This system uses 

the data dictionary and generic web 
programming to allow researchers and data 
management staff to retrieve, review, and 
edit study data that have been collected via 
the forms input subsystem.  Requests to 
change data must be reviewed before being 
committed to the database, and this process 
automatically generates an audit trail. Other 
generic programming generates quality 
assurance reports, downloadable data 
snapshots, and email alerts of significant  

 
 
 
 
 
 
 
events (such as "adverse events" in the 
health of study subjects) to study staff.   

Having about 1.5 year's experience with 
Study Designer / Manager we have found 
the following positive aspects. 

 
 

• Researchers are familiar with paper 
and its advantages.  Faxing allows 
them to keep their paper as primary 
"source documents".    

• ·Having most screens and logic 
automatically generated from the data 
dictionary makes it easier to scale to 
more types of case report forms.   
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Figure 1:  Data flow for Stage 3 Study Manager subsystem.  The data dictionary, maintained via the Study Designer 
interface, is used for all system functions except primary data collection, which occurs through the TeleForms ™ 
paper/fax front end. 
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• Electronic source (pdf) for the paper 
forms can be distributed over the web, 
helping clinical centers to keep up with 
changes. 

• The data feedback loop is shortened 
because data are available to 
researchers on the web just as soon 
as they have passed through our 
human-supervised automatic 
recognition process.  If our staff 
verifiers can not  determine from the 
handwritten data what a value is 
intended to be, they post a question 
that is automatically passed back to 
the researchers via the web.  

• Reports on the data are relatively easy 
to design because of the data 
dictionary.  Many types of reports and 
data snapshots are generated 
automatically.  

• Automatic email alerts about data 
mean that study oversight staff can go 
check those data immediately and 
address any anomalies quickly.  This 
is one of our system’s most popular 
features.   

• The automatic audit trail and double-
checking of data edits is valuable.   

• We use the Secure Socket Layer 
protocols built into web servers and 
browsers to meet standards for 
internet data privacy. 

•  We also address privacy by 
minimizing personal identifying 
information in the research database, 
while maintaining accuracy by using 
identifier codes with built-in integrity 
checks. 

• Studies can copy each others' data 
attribute and form definitions.  This 
looks as if it will become more 
effective as more studies use the 
system. 

• Our screen designs minimize the 
number of different types of objects on 
a display, and explanations of all items 
are available either next to the object 
or via a pop-up window. 

We viewed the Stage 3 system as part of 
transitioning from dependence on paper, but 
we found its hybrid nature was the source of 
nearly all its problems: 

• Researchers found it hard to focus on 

abstract data definitions, so they gave 
primacy to the visual appearance of a 
form.  They usually iterated through 
form designs.   With each iteration we 
had to laboriously make the data 
dictionary agree with the forms-
processing package data.   

• There was no way to programmatically 
make the web data-editing forms 
resemble the paper input forms, so 
investigators could not easily visually 
compare their paper copy to the 
contents of the central database.   This 
made more work for the clinic data 
coordinators, who must review data 
quality by comparing data in the 
database with the data on their paper 
forms. 

• Study coordinators, who were still 
focused on the paper forms, wanted to 
re-fax forms to correct errors instead 
of going to the web.  They also found it 
hard to track of what had been faxed, 
and were sometimes not sure if the 
faxing process had worked.  If they did 
fax the same form again, it was 
tedious to determine which data 
values to retain. 

• Given the last two problems, some 
researchers began to ask for primary 
data collection by web forms, which 
they realized would have the 
advantages of a 2-way pipe. 

 
D. Stage 4:  Metadata-centered, Agile 
System 
 

In subsequent stages we shall try to 
achieve our goals for an agile system with 
emphasis on the following new features.  

 
Forms generated from data dictionary.   

We now have 2-way data forms that are 
generated directly from metadata To keep 
software implementation and form 
maintenance simple, form design is not 
graphic or layout-centric.  Instead it is 
parameter-based.  To change the form you 
change properties in the data dictionary -- 
layout parameters, grouping, labeling, 
explanatory text, field order, and so forth.   
Our current implementation uses standard 
html/javascript.  A future version might use 
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the XML-based Xforms [21] standard, but 
currently Xforms needs special client 
software.  The system generates a working 
Case Report Form from the barest minimum 
metadata, but you can supply more 
parameters to customize form appearance 
and functional behavior, like required fields, 
range checking and conditional skipping.   

 
We do not yet know how readily 

researchers will accept 2-way web forms 
over 1-way paper forms.  We did have 
numerous requests for electronic forms.  A 
similar, relatively mature system [20] with 
web forms is used at several institutions for 
hundreds of studies.  We also offer other 
online services -- such as discussions, file 
sharing,  and voting on questions -- that add 
value to using the system. 

 
One “advantage” of paper forms is that 

they retain their state – you can leave off 
filling them and return later.  Our web forms 
attempt to mimic this by allowing you to save 
a form with an “incomplete” status.  You can 
return to an incomplete form repeatedly and 
edit it without restriction.  However, once 
you save it as being “complete”, further 
changes are audited and are subject to 
approval, as described previously for our 
Stage 3 system. 

 
Allow standard data vocabulary while 

accomodating specialization by context.  
Much work has been done in medicine to 
create standard vocabularies [22], including 
lists of standard data items for clinical 
research [12].  But in the clinical research 
environment we need items in context: we 
have to collect, not just the blood pressure, 
but the blood pressure taken before the 
procedure and after the procedure.  We thus 
will implement a way for data items to inherit 
the meaning of a term from a standard 
vocabulary, but specialize it to fit a particular 
data collection context.  Being able to relate 
any data to a standard research vocabulary 
will help support federation of databases, 
within or across institutions, or across time. 
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Figure 2:  Schematic for Study Designer data 
dictionary. Polygonal objects are relational tables, and 
underlined names are their keys. An attribute is a data 
item collected on a form.  Giving each attribute a 
version (attVersion) supports logic that allows study B 
to adopt study A’s forms and data and modify them 
without affecting study A.  An attribute can also be a 
child of another attribute that is part of a standard 
vocabulary.  An attribute can have a standard coding 
scale, or other data types.  Most parameters for form 
layout are in the Form_contains_Attribute table. 

 
Make studies self-documenting.   Studies 

overlap in time and place.   One patient may 
be in more than one study.  Many 
investigators have multiple concurrent 
studies, while research groups, 
departments, and institutions deal with 100's 
or 1000's of studies over the course of a 
year.  These facts make it harder to maintain 
adequate documentation, yet it is both an 
operational and a regulatory  necessity.  
One aspect of being “agile” is to avoid the 
work of havi ng to gather metadata and study 
documents together when transitioning from 
one stage of a study to another -- ie, from 
design to data collection, to analysis, to 
manuscript preparation, to archiving,  to pilot 
work for a new study.   

How should a study's database 
encapsulate its own history?  At one 
extreme, every time a data item goes into 
the database it could carry with it all its 
metadata, but this is too redundant.  A more 
efficient way would be to store with the study 
data one copy of the metadata and 
associated documents.   
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This is becoming more or less a standard 
when a study is archived for its sponsor [11].  
But this approach makes it hard to search 
for something across studies.  In our data 
dictionary we keep, for all studies ever 
defined in it, all the metadata plus pointers 
to regulatory documents, analysis programs, 
and results files.  This approach is subject to 
pointer error when things get moved, but it 
allows searching and sharing data across 
studies. 

 
The next step will be to have the data 

system be fine-grained enough to reflect 
metadata change during the course of a 
study.  Most change will either be in the 
storage formats of data items that appear on 
a case report form, or in the changing 
definitions of individual data items.  
Relational databases do not deal with either 
of these situations.  If you change the 
definition of data in a relational table, the 
previous state of affairs - different data and 
different formats - is replaced and thus lost.   

 
A better way would be to include pointers to 
metadata with the data.  With data stored in 
XML format you could include the name and 
version number of each data item along with 
the value of the item.  The name and version 
would point back to the data dictionary 
where metadata details are kept.  Any 
analytic program would then be able to know 
exactly how each data value was defined 
when it was captured.  This should allow 
more powerful procedures for data 
conditioning and analysis, with better-
informed choices about what measurements 
are comparable in what situations. 

4. CONCLUSION 

We have argued that very many clinical 
studies are still going without basic data 
processing support, mostly for lack of 
understanding their complex and changing 
needs.  We have developed a core toolset 
that has promise in meeting those needs.  
We hope to speed the evolution of an 
affordable, flexible system by harnessing a 
cooperative development mode, using open 
source licensing [23] of our Study Designer / 
Manager software.  
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