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Background: The randomized, controlled trial (RCT) is the “gold standard” for establishing the effect of any 
intervention. This approach, however, is often not feasible with rare diseases such as cutaneous T-cell lymphoma.
Methods: We review the principles of evidence-based medicine to see which are particularly pertinent to the
study of rare diseases.
Results: When an RCT is not feasible, attention is given to determining all the available prior data. Evaluation of
the new data and the historic base requires attention to biases, but can allow estimation of a “true” study result.
Conclusions: Even when an RCT cannot be performed because of insufficient cases, utilization of evidence-based
methodology can help minimize bias and maximize the truth of observed new data.

It is more difficult to establish 

a true treatment effect in a 

rare versus a common disease.
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Introduction

Physicians require reliable information to understand,
diagnose, treat, or establish the prognosis for any dis-
ease.1,2 However, the methods for acquiring and inter-
preting relevant evidence in clinical research is not uni-
versal and well defined. The methods that can be used
for assimilating relevant clinical information for rational
clinical decision making according to the principles of
evidence-based medicine are presented in this article.
Although the issues are relevant to all types of diseases,
we have focused on the application of these principles
in the study of rare diseases. In this paper, the treatment
aspects of rare diseases such as peripheralT- and NK-cell
lymphoma/leukemia are presented as examples.
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By their very nature, it is often difficult to design
clinical trials of any type for a rare disease due to the
infrequency of the incidence of the disease. A rare dis-
ease is defined as a condition or disease affecting fewer
than 200,000 individuals in the United States.3

About 6,000 such diseases have been identified,
affecting an estimated 25 million Americans. In con-
sideration of the issue related to treatment, it is impor-
tant to bear in mind that the question of therapeutics
is always an exercise in comparison. Therefore, the
efficacy of any intervention for a rare disease may be
difficult to establish due to an insufficient number of
patients. This is particularly true since a large majority
of the patients will not be eligible for the trials (dis-
cussed later). However, this does not preclude utilizing
all the associated information available from different
sources, which is the underlying principle of evidence-
based medicine.

Matching Clinical Trial Design With
Underlying Uncertainties

The purpose of science and clinical research is to address
the existing uncertainties (in our case, the effects of 
various treatments that we may wish to test).2,4-6 Clinical
uncertainties come in different shades and forms,and not
all clinical trials methods are equally suitable to address
all types of uncertainties.7,8 Figure shows taxonomy of
clinical uncertainties. As illustrated, the choice of scien-
tific method should match the underlying level of uncer-

tainty. The central question is determining if the effects
are real and reproducible. Therefore,before providing an
answer regarding which clinical trial design should be
used to address certain types of uncertainties, we briefly
review the factors that can affect the direction and
strength of treatment effects.

Interpretation of Research Findings
When a study is completed, there are three possible
explanations for the results of a study: (1) the findings
are true, (2) the results are due to a random variation
(the chance effect), or (3) the findings are due to the
effect of systematic error (bias).9,10 Bias is defined as sys-
tematic misrepresentation of the estimated treatment
effect due to inadequacies in the design, conduct, or
analysis of the trial.9,10 Random error is defined as the
effect of play of chance on the results of the study.9,10

The methodological quality of a trial should always
be considered when analyzing study results because
evidence has shown that results from poorly conduct-
ed research can lead to flawed decision making at all
levels (ie, at the level of patients, physicians, or policy
makers).11 Hence, in order to preserve the quality of
the trial and to make a clear-cut distinction if the results
obtained from the study are indeed true or not, bias
(systematic error) and random error should be mini-
mized. Table 1 illustrates the most important method-
ological features that should be taken into account in
generating and interpreting clinical research. This table
also lists the best known methods for control of bias
and random error.12-18

A clear-enough future (we can still be wrong but have a fairly clear picture what the future will look like)

 »  Treatment with dramatic side effects (“penicillin effect”).  Non-RCTs appear to be optimal design 
  to address this level of uncertainty.

?
True ambiguity (complete ignorance)

 »  A new chemical moiety. Further preclinical or phase I testing necessary to help shape our uncertainty 
  in more solid direction.

A range of futures (a range of potential futures can be identified but no natural discrete 
scenario has emerged)

 »  Many new drugs. Few data on safety and efficacy. Phase II trials to address this level of uncertainty.

Alternate futures (a few discrete alternatives whose outcomes cannot be reliably predicted)

 »  Equipoise exists; an RCT the best method to resolve this level of uncertainty.

Figure. — Taxonomy of clinical uncertainties:  matching clinical trial design with underlying uncertainties about treatment effects.  Modified from Courtney
H, Kirkland J, Viguerie P.  Strategy under uncertainty.  Harv Bus Rev.  1997;75:66-79.  Reprinted with permission by Harvard Business School Publishing.
Please also see Reference 8.



April 2007, Vol. 14, No. 2162 Cancer Control

A large body of evidence exists showing that the
effect of the various biases or play of chance might
distort the direction of the interventions that were
studied.11,19-21 As a rule, these biases are typically more
pronounced in observational and nonrandomized
studies than in randomized, controlled trials (RCTs).22

Because randomization can effectively eliminate bias-
es in comparisons of treatments, RCTs are seen as a
more superior method of clinical inquiry.20

It is also useful to distinguish between internal valid-
ity, ie, the extent to which a trial provides valid informa-
tion about conditions and patients it studied, and exter-
nal validity, ie, the extent to which the study findings can
be applied (generalized) to other clinical setting that are
different from those in which the results were originally
generated. The studies with high internal and external
validity are called high-quality studies.23,24 These are
studies in which we have high confidence that an esti-
mate of the effect is correct.23,24 It is important to note
that if the study has poor internal validity, then the gen-

eralizability of such a study is worthless. Historical data
from clinical studies treating aggressive peripheral T-cell
non-Hodgkin’s lymphoma (NHL) serve as an example of
poor internal validity.25-27 Peripheral T-cell lymphoma is a
heterogeneous group of lymphoid disorders that include
entities with a poor prognosis (eg, peripheral T-cell NHL
with a 5-year overall survival rate of 25%) as well as enti-
ties with a good prognosis (eg, anaplastic lymphoma
kinase-1 positive (ALK-1+) anaplastic large T-cell NHL,
with a 5-year overall survival rate of 80%).28 A compari-
son of the entire group of aggressive T-cell lymphoma
with large B-cell NHL led to the erroneous conclusion
that there is no difference in the prognosis of aggressive
T- and B-cell lymphoma.25,26 Finally, we should note that
even if a given study is high quality, it rarely, in isolation,
provides sufficient credence for us to accept it. In fact,
the most credible method to generate reliable evidence
is by conducting a well-designed and adequately pow-
ered clinical trial informed by the systematic review of
the totality of existing research evidence.2,29

Table 1. — Factors That Affect the Strength and Direction of Treatment Effects*

Selection Bias
(Are we comparing 
like with like?)

Performance Bias
(Are we controlling
for co-interventions/
contaminations)

Attrition Bias
(Are we accounting
for drop-outs?)

Detection Bias
(Are we controlling
for observer bias?)

Publication Bias
(Are the results of the
study due to selective-
citation bias?)

Random Error 
(Are we controlling
play of chance?)

* This is not an exhaustive list of the potential causes that may provide false conclusions.  The biases can be introduced at the level of planning,
conduct, analysis, and dissemination.  

Use of historical controls

Improperly defined inclusion/exclusion criteria

Selection of treatment according to prognostic 
features, etc (overall can obscure up to 40%-70% 
of true treatment effect)10,12,13

Use of co-intervention(s) (apart from the main treatment
that is tested) administered in non-uniform way 
(eg, due to differences in center or physicians practices)
(can obscure up to 50% of true treatment effect)14

Due to missing data from losses to follow up or 
drop-outs.(depending on the extent of drop-outs, 
true treatment effects can be completely overridden)15

Inadequacies in outcome assessment 
(eg, those who assessed outcomes were potentially 
biased because they knew the results of the study at 
the time of outcome assessment, this can obscure up 
to 15% of true treatment effect)10,13

Published literature reporting the result of a trial is biased
in favor of positive or promising outcomes due to analysis
of selective set of the studies17

Statistical measurement variation; increased if the 
study is under-powered

Depending on trial size, true treatment effects 
dramatically vary in all directions18

Adequate allocation concealment

Randomization

If randomization not possible, prospective 
enrollment of consecutive series of patients 
(with alteration of treatment assignment, eg, 
even vs odd days etc) is the next best method

Bias/Random Error Factors Methods to Control

Adequate allocation concealment

Adequate blinding or masking

Standardization of care among participating 
centers/physician

Intention-to-treat analysis (explicit account of all 
withdrawals and drop-outs (if it is >10%–20%, 
view the results of a study with extreme caution)

Prevent inadequacies in outcome assessment 
(eg, “blinding” of those who will assess the 
outcome from the result of the study)

Standardized assessment (eg, RECIST criteria in 
evaluation of tumor responses)16

Registration of clinical trials

Patient registry

Adequate sample size

Planning of realistic and clinically meaningful 
differences between treatments

Reporting needs to be accompanied with additional 
measures of precision, such as, standard error or 
confidence limits



April 2007, Vol. 14, No. 2 Cancer Control  163

Randomized Trials and Rare Diseases
Despite the unquestionable desire to obtain answers
related to any intervention from RCTs, it is sometimes
not feasible to conduct a sufficiently large RCT.30 For
instance, the availability of few patients across the
globe due to the rarity of a disease makes it logistically
difficult to conduct an RCT. The nonavailability of a
sufficient number of patients with rare diseases is illus-
trated by an RCT conducted by Gallin et al31 to test
itraconazole for the prevention of severe fungal infec-
tion in children and adults with chronic granulomatous
disease. This paper demonstrates the difficulties in
performing RCTs in rare diseases. The investigators
eventually succeeded in enrolling a specified number
of patients (n = 39) but required 10 years to do so.31

Hence, it is not surprising that clinical questions are
more easily answered when the disease is fairly com-
mon and the event of interest has a high probability of
occurring.30 The feasibility criterion is one of the prac-
tical barriers to undertaking RCTs in rare diseases.

Another example that can be cited here of rele-
vance to this issue of Cancer Control is T-cell and nat-
ural killer-cell lymphoma. These also belong to the
group of rare diseases,with only about 7,000 new cases
diagnosed in the United States annually.32 Table 2 pro-
vides an example of sample size calculations for testing
of treatments for several T-cell malignancies. Given the
fact that only about 3% to 5% of patients with cancer
actually enroll in clinical trials, it is logistically difficult
to conduct an RCT for this disease.33

When Are Randomized Trials Not Needed?
Many new treatments are introduced in medicine with-
out the need to be formally tested in RCTs. Examples
include the use of penicillin, insulin,blood transfusions,
and vitamin B12.34 In these circumstances, the effects
of these interventions were considered large enough to
override the combined effects of bias and random

errors on the study’s findings. When the effects of treat-
ments are dramatic and recognizable, an RCT might not
be needed to demonstrate the efficacy of an interven-
tion. However, questions remain: how large should the
treatment effect be before it can be considered to have
demonstrated self-evident efficacy that most observers
would agree about the truthfulness of the reported
findings?  Little work has been done on this question.
Some researchers have suggested a psychometric “10×
rule,” ie, when differences in the outcomes between
two competing interventions exceed a relative risk of
10, the treatment effect can be considered large
enough.35,36 Recent work by Glasziou et al36 aptly sum-
marizes this issue, suggesting that if the ratio of treat-
ment effects between two alternative therapies >10,
then the treatment effect is likely to be real. Table 3
summarizes scenarios when an RCT may not be needed.

Application of Principles of Evidence-
Based Medicine in Rare Diseases

Regardless of whether a disease is rare or common, it is
important to consider the totality of the research evi-
dence in order to determine true findings vs false find-
ings. This is one of the underlying principles of evi-
dence-based medicine.2 In other words, both clinical
trial design and interpretation of data should rely on
the methodology of systematic review.19,37 Systematic
review refers to the application of strategies that limit
bias in the assembly, critical appraisal, and synthesis of
all relevant studies on a specific topic.19,37 Meta-analysis
may be, but is not necessarily, used as a part of this
process. Meta-analysis represents the statistical synthesis
of the data from separate but similar (ie, comparable)
studies, leading to a quantitative summary of the pooled
results.19 The use of systematic review is an optimal
way to avoid selective citations as the basis for the best

Table 2. — Feasibility of Conducting RCTs in Rare Diseases:  Sample Size Calculations

Disease Baseline Survival on 
the Current-Standard 
Treatments

Hypothesized (expected) 
Improvement on a New Treatment 
(realistic scenario, decrease in
relative risk of death by 20%; 
hazard ratio = 0.8) (sample size)
(assumed 3-yr accrual + 2-yr 
follow-up; 10% lost to follow-up)

Hypothesized (expected) 
Improvement on a New Treatment 
(overoptimistic scenario, 
decrease in relative risk of death
by 50%; hazard ratio = 0.5) 
(sample size)
(assumed 3-yr accrual + 2-yr 
follow-up; 10% lost to follow-up)

Prevalence 
(total number 
of patients 
available in the 
United States)

Indolent T-cell 
LGL leukemia

Median survival 
>10 yrs

3,380 439 160 patients/yr

Anaplastic large 
T-cell non-Hodgkin’s 
lymphoma (ALCL)

80% (5 year survival, 
ALK+)

5,050 662 1,800 patients/yr

Peripheral T-cell 
lymphoma, 
unspecified 

25% (5-yr survival) 1,143 140 4,000 patients/yr
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possible clinical trial design. Designing trials based on
selective citations can lead to detrimental outcomes for
the patients.38 Similarly, systematic evaluation of the
totality of evidence on benefits and harms forms the
basis for rational medical decision making.2,39

The importance of systematic review cannot be bet-
ter summarized and explained than in the title of a re-
search paper by Clarke40: “Doing New Research?  Don’t
Forget the Old.” This means that conducting a systematic
review before undertaking a new research provides all
the evidence in its entirety regarding what is known
and also what is not known. Therefore, a well-done sys-
tematic review provides the totality of the knowledge
on any topic, which in turn will guide the allotment (or
not) of vital resources to the research needs. Addition-
ally, it answers the question of whether research is
indeed required (or not) and ensures ethical conduct of
the trial via the fact that the patients will be offered
enrollment based on the best information available.

It is also important to acknowledge the existing
uncertainty related to competing treatments before
designing and conducting a clinical trial and to articu-
late those uncertainties2,4,8,41 that are credibly linked to
our estimates of the treatment effect. The taxonomy of
uncertainties adopted after Courtney et al42 effectively
demonstrates the four possible scenarios in clinical
research (Figure).8,42

In the first scenario, when the treatment effect is
large and clear-cut, proverbially visible even to a blind

eye, then an RCT is not required and clearly would be
unethical to demonstrate its efficacy. The introduction
of penicillin and insulin serve as examples for situa-
tions when an RCT is not needed due to large treat-
ment effects.34,36 For researchers of rare diseases, this
means they would focus only on discoveries of break-
through interventions, which is not likely to occur dur-
ing most researchers’ lifetimes.

In the second scenario, when an alternative treat-
ment is clearly formulated and it is predicted that there
is about equal probability of one regimen being superior
to the other, an RCT is the optimal method to establish
the superiority of one treatment over another. RCTs are
considered ethically and scientifically justified if we are
substantially uncertain which of the competing treat-
ment alternatives is more beneficial to the patients.2,4,43,44

This requirement is known in the literature as equipoise,
uncertainty or indifference principle.2,4,8,41,43,44 For rare-
disease researchers, this means that they need to clearly
articulate uncertainties related to competing treatment
alternatives. For example, if they believe that there are
two treatments, A and B, about whose relative effects
they are equally uncertain, then a serious thought to
pooling resources to organize an RCT would be the
best design to address this question. However, if an
RCT is clearly not feasible, then a quasi-RCT with alter-
native assignment of prospectively enrolled patients,
with clear-cut predefined eligibility criteria, might still
be acceptable. In other words, the intervention should

Data from Djulbegovic B.  Non-randomized trials that changed medical practice.  
Available at:  http://www.hsc.usf.edu/~bdjulbeg/oncology/NON-RCT-practice-change.htm.

Scenario Is RCT Necessary?

When the treatment effect is dramatically large (eg, meeting  Sackett’s
“all or none” criterion, which is met when for example all patients died
before the [intervention] became available, but some now survive on it;
or when some patients died before the [intervention] became available,
but none now die on it)
or 
High control event rate (bad outcome of disease if untreated) with dra-
matic benefit of treatment (high relative risk reduction), and acceptable
side effects of treatment (high/very high number need to harm), and
convincing physiopathological basis

No

When the outcome is rare
When the outcome happens far in the future and long follow-ups 
are required 
When randomization could reduce effectiveness

Logistically not feasible or Inappropriate

Lack of equipoise No or ethically impossible/inappropriate

No alternative treatment No

Large treatment effect (“10× rule”) Data from non-RCTs can be trusted if the ratio of treatment effects
between two alternative therapies >10;  under these circumstances,
large treatment effects most likely override any effects from bias 
and random error that’s obviating need for RCTs

Table 3. — Scenarios in Which RCTs May Be Unnecessary 
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be assigned in the trial by means of quasi-random man-
ner — for example, allocation by date of birth. However,
compared to an RCT, results from a quasi-RCT are more
prone to selection bias. Ideally, outcomes of interest
should be patient-related (ie, survival, disease-free sur-
vival, quality of life). However, if credible basic science
has proven an excellent correlation between surrogate
markers and patient-related outcomes, then surrogate
outcomes may become equally acceptable.

Since none of these solutions is ideal, a rationale for
the trial design should be transparent and explicitly laid
out. As discussed above, the trial design should always
be guided by a preceding systematic review. Another
alternative method suggested in the literature to study
treatment comparisons in rare diseases is to employ
Bayesian statistical design.30 According to this method,
if data from prior smaller studies are available, they may
be gainfully quantified in forming a prior probability dis-
tribution and combined with the current trial data to
provide the posterior distribution based on which con-
clusions may be drawn.30,45,46 The key to this design is
credible data on priors. This can best be accomplished
by creating a registry of prospectively enrolled consecu-
tive patients with clear inclusion criteria. Of utmost
importance for creating a registry of rare diseases is the
need to capture most, if not all, patients who meet clear-
cut eligibility criteria. Registries that enroll a minority of
patients will be plagued by selection bias (Table 1). In
addition to informing the design of a particular trial by
creating a registry, investigators can also establish the
annual incidence (the number of new cases per year in
a defined population) and prevalence (the total number
of cases in a defined population) and obtain real-world
data on outcomes (eg, mortality, and event-free survival).
If there is a relative homogeneity in treatment and pop-
ulation, the pattern changes over time can lead the inves-
tigators to postulate if disease outcomes are affected
with a particular treatment. This information could
result in the development of testable hypotheses regard-
ing disease treatments.

In the third scenario, when a range of potentially
effective treatments are identified but no clear picture
about a single treatment has materialized,phase II trials
are typically conducted to better delineate safety and
efficacy of available treatment alternatives. Researchers
of rare diseases typically use this type of design to study
new treatment alternatives as described in reports
dealing with management of mycosis fungoides and
diseases of large granular lymphocytes in this issue of
Cancer Control.

The fourth and last scenario of uncertainty is asso-
ciated with lack of knowledge about the treatment
effects. This might arise when the efficacy or safety of
an intervention is unknown, as typically happens when
new chemical molecules are brought from animal to
human studies. Although we can be uncertain about

the value of a particular intervention, the state of exist-
ing knowledge does not allow commitment to any of
the potential treatment options. Therefore, in the con-
text of human clinical research, uncertainty (about the
specific treatment choice) virtually does not exist. Fur-
ther research such as preclinical or phase I testing is
necessary to help shape our uncertainty in a more solid
direction prior to undertaking additional investigations
in humans.2,8

Conclusions

The goal of research remains unchanged for common
and rare diseases: deciphering if our interventions are
truly effective. RCTs are always desirable to answer the
uncertainties related to a treatment’s efficacy. Howev-
er, when it is not logistically possible to conduct an
RCT, other sources of obtaining reliable evidence
should not be ruled out. The principles and alternative
strategies outlined in this work can help to effectively
ascertain the efficacy of an intervention in the case of
rare diseases.
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