
www.ScienceTranslationalMedicine.org  9 February 2011  Vol 3 Issue 69 69cm3    1

C O M M E N TA R Y

“ ”
C

R
E

D
IT

: 
C

. 
B

IC
K

E
L
/S

C
IE

N
C

E
 T

R
A

N
S

L
A

T
IO

N
A

L
 M

E
D

IC
IN

E

             COMMONS CONCEPT IN THE CLINIC

“I think that many … academic research-

ers still are working in a hunter-gatherer 

society—not just hunter, but hunter-gath-

erer—and actually feel as if you pay them 

to generate data, that they have the right to 

mine it, they have the right to keep it. … You 

should think about why—and this is what 

patients come up to us and say—why can’t 

you guys share more?” (1)

� is question is one that should be re-
verberating throughout every community 
of patients, scientists, and policy-makers: 
Why can’t those who contribute data to clini-
cal studies—the participants—decide where 
the data will reside and who will be able to 
use it? What if the commons concept—that 
resources of various kinds are owned col-
lectively—was applied to clinical trial data, 
with participants leading the way in creating 
dynamic interfaces for data sharing (Fig. 1)? 
Would we wake up to a brave new world or to 
devastation wreaked by havoc? 

At the present time, clinical trial data 
reside with the sponsor of the trial, which 
is usually a company or an academic insti-
tution. A great deal has been written about 
the failure of the clinical trial system as it 
currently operates (2–4). However, conversa-
tions about changes in data ownership poli-
cies are occurring, and some experiments are 
actually under way in which data control has 
shi� ed to the person contributing the data. 
� e ability to move data—the liquidity—is 
increasing overall, in particular through the 
potential availability of electronic medical 
records (EMRs) and personal health records 
(PHRs). It stands to reason that clinical trial 
data will become liquid as well.

Data liquidity, coupled with standards 
and interoperability, is usually an uncontro-
versial goal. Hospitals, clinics, physicians, 
health insurers, and pharmaceutical and bio-
tech companies are all interested in simpler 
data � ow so that they can deliver more e�  -
cient services. However, an interesting set of 
challenges and opportunities emerges when 
clinical trial data are in the hands of the indi-
viduals who contribute the data. Participant 
ownership and sharing of clinical trial data 
raises conundrums throughout the entire 
system, including the fundamentals of trial 
design, intellectual property, protocol man-
agement, and regulatory oversight.

SHARING: 
MORE THAN GOOD MANNERS
Why would clinical trial participants share 
data? A trivial reason might be because the 
means exist to do so. Participants can con-
trol data with easy-to-access and easy-to-use 
tools. In the age of Facebook and Twitter, 
individuals share a great deal of information 

much more easily and willingly than in prior 
times; these same people might be inclined to 
share clinical trial data as well. However, this 
reason dismisses the impending possibility 
too trivially.

Many individuals who are engaged in 
clinical trials place a desperate hope in a very 
constrained and limited attempt to mitigate 
manifestations of a life-threatening, or at 
least poorly treated or untreatable, illness. 
� ey place themselves in a clinical trial with 
tremendous hope. If they come to the end of 
a trial without the result they sought (miti-
gation of disease, better quality of life, or the 
ever ellusive and improbable “cure”), they are 
easily motivated to share the data they con-
tributed to the trial. With one hope dashed, 
they seek another. � is is particularly true for 
conditions for which there is no e�  cacious 
treatment, such as Parkinson’s disease. One 
has to simply examine the phenomenon tak-
ing place in the various PatientsLikeMe (5) 
Web-based communities to gain a glimpse of 
what a world of shared patient data looks like. 
Daily entries by tens of thousands of individ-
uals indicate the drive some people possess 
for sharing data with others.

LIMITATIONS INCENTIVIZE SHARING
For any diagnostic test or therapy to be ap-
proved, human trials must be conducted. 
However, too few individuals engage in 
trials, and 50% of clinical trial sites enroll 
one or no patients in their trial (6). A ma-
jor blockade in the development of new 
tests and treatments is a lack of clinical trial 
participants. � e current system for recruit-
ing individuals relies on antiquated means 
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 Participation in clinical trials is dismally low. In this age of electronic sharing of infor-
mation of all sorts, trial participants can easily share clinical trial data. The bene� ts of 
participant ownership and sharing of trial data appear to outweigh the risks. Thus, the 
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Fig. 1. “What’s my data is mine and what’s your data is also mine.”—Sydney Brenner, on data-

mining (18). 
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of contacting and engaging individuals. It 
may be that these antiquated practices result 
from the lack of resources remaining a� er 
the many burdensome and costly aspects 
of designing and obtaining approval for the 
trial protocol are � nished.

Clinical trial protocols su� er because an 
enormous part of the work in establishing 
the trial is whittling down the ideal protocol 
to a manageable number of elements that 
will satisfy regulatory authorities. � ere-
fore, the trial sponsors must discard a great 
deal of potential data � elds. If participants 
own their data, then they might be very 
interested in collecting a greater number 
of elements. Real-world conditions are not 
“allowed” in clinical trial design, and it is 
possible that the constrained data sets can 
constitute the proverbial “garbage in”: near-
ly perfect data that are so narrow in scope 
that they are uninformative. Trial condi-
tions necessarily create an arti� cial scenario 
within which data are managed in order to 
facilitate the observation of a statistically 
meaningful e� ect if one indeed exists. � e 
constrained scenario and statistical narrow-
ing are necessary for regulatory approval, 
but these conditions sacri� ce the heteroge-
neity necessary for personalized medicine.

� e advent of personalized medicine, 
e� ectively precision-strati� ed medicine, 
represents continuums that need biomark-
ers along the way to enable cluster analysis 
of patient populations. � ese requirements 
bend the usual clinical trial rules to the point 
of breaking. For example, if a clinical study 
doesn’t demonstrate the desired therapeutic 
response to a drug, then observational stud-
ies might be bene� cial to determine wheth-
er a selected subgroup of patients within the 
trial population exists for which the drug 
is e� ective. However, protocols usually are 
not � exible enough to allow for the adaptive 
clinical trials necessary to obtain a range of 
answers about the e� ectiveness or appropri-
ate use of a drug that is undergoing testing. 
Studies of agents that prevent disease suf-
fer even greater constraints, in part because 
commercial markets will not develop most 
preventative treatments. For example, com-
panies can’t bene� t as handsomely from 
commercializing a functional food or life-
style change.

Furthermore, as clinical trial partici-
pants report their experiences in virtual 
groups such as listservs and Facebook, these 
patients in� uence one another and the trial 
in real time. � ese modern trends and tech-
nology are making randomized trials more 

and more di�  cult to carry out. � us, these 
real-life limitations in the current clinical 
trial system are creating social and scienti� c 
pressures to aggregate data in novel ways.

POTENTIAL UNLEASHED

If many individuals could share their clini-
cal trial data themselves, either through 
biometric tracking mechanisms, EMRs and 
PHRs, or through questionnaires, the re-
search world would be a drastically di� erent 
place. � ese “citizen scientists” could radi-
cally overhaul an ine� ective system.

As stated above, the intensely controlled 
environment of clinical trials creates an ar-
ti� cial universe. It is clear that introducing 
the dynamics of the real world creates data 
integrity problems and that sharing these 
data and comparing them in numerous 
ways would do the same. However, because 
informatics is able to address the issues in-
herent in collecting and analyzing seem-
ingly limitless data points, it appears likely 
that great strides in clinical research will be 
made through enhanced data sharing. It is 
quite clear that environment, compliance 
with therapies, and even less-tangible pa-
rameters such as quality of life play a large 
role in health and the e� ectiveness of treat-
ments (7). Patient control of clinical data 
will introduce both chaos and richness into 
the system.

Models of participant control of clinical 
trial data that are currently being shaped 
and tested give us some sense of what the 
world of clinical data sharing can and will 
entail. � ere are many models that di� er 
from one another in how data are managed 
and shared, at which points they are shared, 
and what is embargoed.

In simple examples of data sharing by tri-
al participants, the Internet is rife with com-
mentary from individuals who report the 
various measures they can remember from 
their trial data. Although this is not clinical 
trial data ownership in the strictest sense, 
it formed an early entrée into the world of 
sharing parameters and experiences while 
involved in a clinical trial. In some instanc-
es, it is possible for participants to observe 
e� ects of drugs and placebos before the tri-
alists do, through these online comparisons.

� e small, privately held company Pri-
vate Access gives individuals the potential 
to enter data that could be useful for clinical 
trial recruitment purposes. Privacy controls 
on the data are set by individuals according 
to their preferences, allowing them to de-
termine whether all scientists can see all of 

their data, select scientists can see their data, 
or no scientists can see their data. In the fu-
ture, these controls would open access to 
an individual’s data held by medical profes-
sionals, labs, and other places in which these 
data exist. Several pharmaceutical � rms 
have taken heed of this foray into patient ac-
cess and control, and P� zer has entered into 
a collaboration to advance this functionality 
with Private Access (8).

Another initiative is Genomera. � is Sil-
icon Valley–based company not only gives 
individuals a platform through which to 
share genomic and phenotypic information 
but also provides them with the tools to cre-
ate and participate in their own clinical tri-
als. In these novel Genomera-hosted studies, 
participants decide to subject themselves to 
an observation or intervention protocol and 
report the results back to the group for joint 
analysis. Distributing the locus of control in 
this manner allows participants to opt in to 
studies as they desire and frees study orga-
nizers from the legal and regulatory burden 
of experimenting on others.

Providing information and technology 
to create trials will allow all sorts of ques-
tions to be asked, some to be answered, and 
even some to move on to application. � e 
last step is a tricky one, and Greg Biggers, 
Genomera’s founder, thinks that U.S. Food 
and Drug Administration oversight, if in-
formed, could eventually provide helpful 
guidance to trial participants and bene� cial 
protection to prospective users of the con-
clusions (9). In the absence of new regula-
tory models, Genomera captures expertise 
among scientists and participants, providing 
transparent access to opinions about risks, 
ethics, and e�  cacies of the hosted studies.

So� ware company 5AM Solutions re-
leased a third-party add-on for the Firefox 
browser called SNPTips, which, a� er being 
associated with your 23andMe genome se-
quence data, trolls the Web pages you are 
viewing for SNPs that are relevant to your 
genome. For example, when reading a news 
story or journal article online that discuss-
es the impact of various SNPs, those SNPs 
are highlighted. If you click on them, your 
genotype pops up attached to the SNP. � is 
saves the hardcore citizen scientist from 
manually searching for the SNP of interest 
in raw sequence data.

Sage Bionetworks and Genetic Alliance 
have worked together to create the Clinical 
Trial Comparator Arm Partnership (CT-
CAP). Still in its � rst year, the CTCAP in-
cludes seven large companies, a clinical 
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trial research organization, and a pharmacy 
bene� ts management company, which have 
all committed one or more data sets to the 
commons, including clinical and genomic 
data. In this case, the participants are releas-
ing their data through the agreements that 
they have made with the companies dur-
ing the consent process. All in all, clinical 
and genomic data from more than 20,000 
patients will be made available for build-
ing better maps of disease in an open-access 
system. Prospectively, if companies such as 
P� zer use the Private Access system for en-
rolling participants, then those participants 
can make speci� c decisions, such as the one 
to contribute to CTCAP.

Participants also contribute data to the 
nonresponders project at Sage Bionetworks 
led by Stephen Friend and Rich Schilsky. 
� is is a completely open project through 
which a cohort study, set to begin in 2011, 
will analyze samples from responders and 
nonresponders to approved cancer drugs. 
Its goal is to identify those patients who are 
so unlikely to respond to the approved � rst-
line drugs for speci� c tumor types that they 
could bypass those treatments and instead 
be given investigational drugs up front be-
fore prior therapy. All of the clinical and ge-
nomic data will be made available for build-
ing new disease maps (10).

Although these are all meaningful and 
exciting forays into the world of participant 
ownership of data, they entail fairly small 
numbers of individuals relative to the power 
that is needed for a revolution in clinical trial 
design. � ese e� orts are just the tip of the ice-
berg, and, much as we have seen in informat-
ics in other industries, there will be a surge 
in the availability of tools to participate in 
trial data sharing. Individuals will enter data 
into third-party so� ware solutions for com-
paring, contrasting, correlating, and analyz-
ing their data. With a critical mass, the tools 
themselves will improve, allowing a crowd-
sourcing e� ect, similar to the improvement 
in quality of Wikipedia as more individuals 
participate. Further, if success can be dem-
onstrated by the model initiatives described 
above, some of the criticism of lay participa-
tion in clinical research would abate. Most 
traditional scientists disparage this move-
ment, declaring that no useful � ndings will 
emerge from the e� orts of lay people who do 
not know how to analyze and interpret infor-
mation from clinical trials.

Individuals already participate in rich 
data collection e� orts. Some examples in-
clude global positioning device applications 

on smartphones such as MapMyRide, or 
Nike sensors in running shoes that measure 
activity, or a barcode reader on the iPhone 
that scans food items and logs in nutrients. 
One such scanner is coupled with the Dai-
lyBurn Web site to log an individual’s food 
intake, activity, and sleep. One could imag-
ine that some of the emerging models might 
eventually tie into these systems and, with 
the participants’ permission, acquire envi-
ronmental and life-style data (a� er all, our 
smartphones can track where we are at all 
times). � is might give individuals an expe-
rience of active engagement in clinical tri-
als. � e results coming from the analysis of 
these data, particularly if it is done in real 
time, might make individuals feel more em-
powered when it comes to participating in 
clinical trials. 

One could even imagine that compli-
ance studies that use data from scanning 
a prescription bottle—or even better, an 
electronic pill container—and then pro-
vide simple mechanisms for post-approval 
studies and adverse-event reporting could 
be far more e� ective than today’s typical 
studies. Young people might be enticed 
to participate in data collection through 
games—more than 80 million people play 
Farmville on Facebook, which, at 600 
million participants, is the third-largest 
“country” on the planet, a� er China and 
India. � ere are some e� orts under way to 
make type 1 diabetes management fun and 
relevant to young people through gaming. 
� ese interactive engagements are here to 
stay, and if clinical trials were interactive, 
there would undoubtedly be a much higher 
level of engagement than the currently es-
timated less than 3 to 5% (2, 6).

WHAT TO DO WITH ALL THE DATA?

Hypothesis-generating studies. If participants 
controlled clinical trial data, then the strict 
de� nition of data as linked observations 
that are gathered to test a hypothesis (11) 
would be di�  cult to control. Hypothesis-
generating trials would arise in abundance. 
� e usual criticism of such data sets is that 
they are not useful for generating hypoth-
eses because the data compared were col-
lected for di� erent purposes and thus are 
not informative. However, Web sites such as 
PatientsLikeMe and 23andMe have shown 
through research performed in their com-
munities that there is power enough to rep-
licate much more expensive studies (12, 13).

As examples of translational results ob-
tained from mining multiple clinical data 

sets, three recent papers by members of Sage 
Bionetworks report the identi� cation of key 
network modules that drive disease (14–16).

Another argument against citizen sci-
entist data assembly declares that the costs 
of collecting such data will be prohibitively 
high (17). � is argument has become less 
and less plausible with the phenomenal 
decrease in the costs of data collection and 
even more automated data cleaning and 
winnowing so� ware.

Although the data that an individual 
contributes to clinical trials can be consid-
ered theirs without much of a stretch, there 
is concern that data that are generated are 
proprietary to the sponsor given the e� ort 
and expense they invested to collect it. � is 
is similar to the argument of scienti� c jour-
nals at the dawn of the public access move-
ment, when they determined that it was one 
thing to consider the article the property of 
the author and quite another to determine 
the same about the article once it was edited. 
� ere are varying opinions about this mat-
ter; however, at this time all NIH-funded 
peer-reviewed articles must be deposited in 
PubMed Central within 12 months of the 
o�  cial date of publication. It follows then 
that clinical data that are generated with 
public funding also should be shared for the 
good of the public health.

Concerns about privacy are always a 
consideration when sharing clinical data. If 
participants control the distribution of their 
data, then there are fewer concerns because 
the major privacy law in the United States, 
the Health Insurance Portability and Ac-
countability Act (HIPAA), does not apply; 
individuals are free to share their own clini-
cal information under HIPAA. However, 
privacy systems with granular controls are 
desirable because individuals will want to 
share information selectively, as is their right. 
Further, the various options will undoubted-
ly be complex, and guides such as those used 
by Private Access will be essential.

SOMEDAY HAS ARRIVED

Fantastic tools exist for adaptive clinical 
trial designs, crossover studies (ones in 
which patients receive a series of sequential 
treatments), behavior monitoring, patient-
centric risk-bene� t threshold measurements, 
and post-approval data collection. Like 
sausage-making and legislation-passing, it 
would be disturbing for healthy controls to 
see the mechanisms and bureaucracies as-
sociated with the internal workings of the 
clinical trial processes. � e time is ripe for 
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individuals to become active participants in 
clinical trials, to create a movement to build 
the commons with such data, and to actively 
share them.
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