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REDUCE,
RECALIBRATE,
REDESIGN
Exposing inefficiencies in clinical trial
design to provide more information for
risk-based decisions.

T HE PR O B LE M
A remarkably high percentage of clinical trials fail every year leading to high attrition rates of
molecules from the treatment development system.

Approximately

60-70%
OF PHASE 2 TRIALS

&

30-40%
OF PHASE 3 TRIALS

ARE UNSUCCESSFUL.1
These rates depend greatly upon the therapeutic area, type of molecule, and lead/non-lead
indication status, but most stakeholders agree overall failure rates remain unacceptably high.
Due to the nature of the treatment development process, failure is both inevitable and costly
However, significant questions about clinical trial failure remain - can we identify failure early
and what factors driving failure could/should be modified?

W HY I S THI S I M PO R TAN T?

These questions are critical because
failure and attrition in the treatment
development system results in
substantial financial and human
costs that impact every American.
Clinical trial failure leads to both financial and
human cost. As a result, stakeholders search
constantly for the factors driving clinical trial
failure and strategies to address those factors.
Given these substantial costs, we set out to
identify the specific factors driving clinical
trial success and failure. The goal was to
create a model that could accurately predict
which trials are more likely to fail in order to
demonstrate that it is possible to detect when
failure is more likely earlier in the treatment
development process and to prevent costly
financial and human losses.

CLINICAL TRIAL FAILURE

FINANCIAL COST

HUMAN COST

Money lost and financial
burden on treatment
developers can result
in the termination of
entire programs and
their employees, losses
for investors, shifted
resources to other
treatment development
programs, and potentially
higher treatment prices
as R&D costs are passed
along to consumers.

Hundreds if not
thousands of people
participated
in those failed trials;
when the trial ends,
even if new scientific
knowledge is generated,
the treatment has still
failed for some who then
experience worsening
prognosis and emotional
wellbeing and is no
longer accessible to
those who experienced
clinical benefit.

P RE DI C T I N G SUCCE SS A ND F A I LURE

We developed a machine learning model using a
random forest model and three sources of data
(see box) to predict whether a treatment will
successfully transition from one phase to next
(e.g., from Phase 2 to 3, from Phase 3 to regulatory
approval)1. Machine learning models attempt to
“learn” the structure of large, complex data sets
and to find nonlinear patterns that are hard to
detect using traditional statistical techniques.

DA TA SO U RCES:

� Aggregated Analysis
of Clinical Trials
(AACT) (a publicallyavailable aggregation of
clinicaltrials.gov)
� BioMedTracker (proprietary
data from Informa
Business Intelligence),
� BioMedTracker Drug
Search Database.

MACH INE LEARNING MO D E L

More likely to fail
ALGORITHM

More likely to be approved
PROTOCOL

Our machine learning model identified which
protocol and operational characteristics
are important to the success and failure of
trials. First, an increase in eligibility criteria
complexity, within the section of the protocol
which describes what patients are eligible and
ineligible for a trial, reduces the likelihood of
regulatory approval. Second, an increase in the
number of endpoints, the events or outcomes
being measured to determine whether the
treatment being studied is beneficial, also

MODEL

reduces the likelihood of regulatory approval.
For example, the addition one endpoint to
a Phase II Oncology trial decreases the odds
of regulatory approval by 10%. Both of these
findings reflect many conversations we have
had with stakeholders and experts, that more
complex protocols often lead to failure.
EL IG IB IL IT Y CR ITER IA C O M PL EX IT Y

EN D PO IN TS
1 We recognize that this measure of “success” does not
get at the “value” of the drug (i.e., patient outcomes) after
regulatory approval; however, such measures are not yet
available for use in larger analyses such as ours.

D R U G A PPR OV A L

N E XT STE PS

There is a vicious cycle in treatment
development: when a disease or molecule is
less well-understood, the clinical trial protocol
grows in complexity. In other words when
there is more uncertainty, there are more
complex eligibility criteria and more endpoints
to manage that lack of understanding. But
our analysis, as well as the findings of other
researchers, indicates that this strategy leads
to failure.
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Due to limitations in our dataset, we can’t prove whether our
model predicts failure solely as a result of complex trial design,
or if there are a number of co-variates involved, i.e., molecule
characteristics, disease characteristics, or lack of scientific
understanding. However, our model predicts outcome with an
accuracy of 80%. So while we know trials fail for many reasons,
including reasons we were unable to train our model on; we
believe it is still possible to identify which trials are inherently
more prone to failure before they even open to enrollment.
Identifying these trials earlier in the treatment development
cycle by using models like ours during the facilitated review
process can provide more information to sponsors facing
difficult decisions about whether these higher risk trials
should be modified or halted.
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