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Responder Analyses—A PhRMA Position
Paper

Tom URYNIAK, Ivan S.F. CHAN, Valerii V. FEDOROV, Qi JIANG, Leonard OPPENHEIMER,

Steven M. SNAPINN, Chi-Hse TENG, and John ZHANG

Ideally, a clinical trial should be able to demonstrate not
only a statistically significant improvement in the pri-
mary efficacy endpoint, but also that the magnitude of
the effect is clinically relevant. One approach to address
this question, often proposed by clinical societies and
regulatory guidance, is a responder analysis, in which
a continuous primary efficacy measure is dichotomized
into “responders” and “nonresponders.” This article rep-
resents a Pharmaceutical Research and Manufacturers of
America (PhRMA) position on responder analyses. With
respect to demonstration of the existence of a treatment
effect, we find that the well-known loss of statistical
power associated with a responder analysis outweighs
any real or perceived benefits of this approach. However,
between-group comparisons of the percentages of “re-
sponders” can play a role in the assessment and reporting
of the clinical meaningfulness of the treatment effect.

Key Words: Clinical endpoint; Clinical meaningfulness of results;

Dichotomization; Loss of power; Responders.

1. Introduction

This article represents the work of a Pharmaceutical
Research and Manufacturers of America Pharmaceutical
Innovation Steering Committee (PISC) team on inten-
tionally dichotomizing a continuous variable in clinical

trials. This is the practice of taking an endpoint measured
on either a continuous scale or an ordinal scale and con-
verting it into a dichotomous (yes/no) variable prior to
analysis. While this practice frequently occurs with re-
spect to both clinical endpoints (dependent variables) and
covariates (independent variables), this article focuses on
clinical endpoints only.

One common approach is to define a threshold for the
change from baseline in the continuous variable, and de-
fine a patient to be a “responder” if the patient’s change
value exceeds this threshold. In some cases this approach
is recommended or required by clinical societies or by
regulatory guidance. The rationale behind these recom-
mendations and requirements seems to be two-fold: to
simplify the analysis and interpretation and to help en-
sure that a reported statistically significant result repre-
sents a clinically meaningful benefit.

It is well known that dichotomization tends to result
in a loss of either the precision of estimators or statisti-
cal power relative to an analysis of the original continu-
ous variable, and therefore requires greater sample size
to achieve the same goals. In order to avoid unnecessar-
ily exposing subjects to an experimental treatment, the
advantages of dichotomization would have to outweigh
this important disadvantage. In this article we contend
that the advantages of dichotomization are minimal and
in most cases clearly outweighed by the loss of precision
and power.

In Section 2 we provide a review, covering both the
statistical literature on the topic as well as the clinical
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and regulatory guidance documents. Section 3 provides
a theoretical justification for the loss of power associated
with dichotomization. Section 4 discusses the key pur-
ported advantage of dichotomization, ensuring clinical
relevance, and argues that most of this apparent advan-
tage is nonexistent. Finally, in Section 5 we provide a dis-
cussion and conclusions. Essentially, our recommenda-
tion is to separate the question of statistical significance
from that of clinical meaningfulness, assess statistical
significance using the continuous variable, and assess
clinical meaningfulness using a variety of approaches
including evaluation of response rates generated via di-
chotomization based on the results of data analysis ac-
complished with original continuous or multicategory or-
dinal observations.

2. Literature Review

Dichotomizing a variable measured on a continuous
or ordinal scale into a binary variable is frequently seen
as a useful tool in the drug development. There can be
many aims, including to assess the treatment effect of an
experimental drug in a clinical trial for the approval of
an indication; to describe a population of patients who
either respond or do not respond to a study drug; to de-
fine a disease or categorize subjects with respect to tox-
icities, severity, intensity, and stage based on the thresh-
old for abnormality of laboratory measures; to describe
the disease progression; and to provide physicians sim-
ple guidelines to treat individual patients. Commonly di-
chotomized variables are outcome measures, established
surrogate markers, validated scores, biomarkers, labo-
ratory measurements, and exploratory variables which
are collected in a clinical trial. For example, the goal
of treatment of hypertensive patients is to reduce both
systolic and diastolic BP to below 140/ 90 mmHg, and
aim at values below 130/80 mmHg in diabetics (Practice
Guidelines for Primary Care Physicians 2003). For clini-
cal evaluation of treatments in weight control, the Euro-
pean Medicines Agency (2007) recommends: “Demon-
stration of a clinically significant degree of weight loss
of at least 10% of baseline weight, which is also at least
5% greater than that associated with placebo, is consid-
ered to be a valid primary efficacy criterion in clinical tri-
als evaluating new anti-obesity drugs.” A signal of drug-
induced liver injury (DILI) may be identified as three-
fold or greater elevations above the upper limit of the
normal range (ULN) of ALT or AST and elevation of
serum TBL to >2 × ULN (FDA Guidance for Industry
2007b).

The most controversial dichotomy in clinical trials is
a “responder analysis” based on the proportion of sub-
jects exceeding or declining beyond a specified thresh-

old of either the original variable or change/ratio from
baseline. The main criticisms of the responder analysis
include: reduced efficiency relative to an analysis of the
original continuous variable that will lead to more than a
50% increase in sample size for a clinical study (Camp-
bell et al. 1995; Deyi et al. 1998; Altman and Royston
2006; Snapinn and Jiang 2007); the arbitrary nature of
the definition of a response, which may not achieve the
desired objective (Guyatt et al. 1998; Snapinn and Jiang
2007); and naı̈ve and inappropriate judgments of causal-
ity (Senn 2003). Defense of dichotomization comes from
precedent, simplicity of classification, robustness of sta-
tistical analysis and utility for illustration and estima-
tion purposes (Lewis 2004). Strong support for responder
analysis in clinical trials comes from regulatory agen-
cies. Both FDA and EMEA specifically endorse the re-
sponder analysis to assess clinical relevance in clinical
trials (International Conference on Harmonisation 1998;
European Medicines Agency 2005). The critical issue
in regulatory guidance documents is to distinguish be-
tween statistical significance and the interpretation of the
result with respect to clinical relevance. For this reason
the term “responder” (and “nonresponder”) is used to ex-
press the clinical benefit of treatment to individual pa-
tients. The European Medicines Agency (2005) describes
an informal two-stage procedure to be used for interpret-
ing superiority and noninferiority trials: first to demon-
strate a statistically significant advantage over placebo or
active control; and then to consider whether the differ-
ence from placebo is clinically relevant. “This is a not
primarily a statistical issue, but does require an intelli-
gent combination of clinical thinking and data compre-
hension.” Another issue is to provide guidance to classify
subjects into “responders” and “nonresponders” based on
achieved outcome. An FDA Draft Guidance for Industry
(2006) states: “There may be situations where it is more
reasonable to characterize the meaningfulness of an in-
dividual’s response to treatment than a group’s response,
and there may be interest in characterizing an individual
patient as a responder to treatment, based upon prespeci-
fied criteria backed by empirically derived evidence sup-
porting the responder definition as a measure of benefit.”

We are unaware of a clear statement of the precise
role of responder analysis to provide the most clinically
relevant and convincing evidence for the primary objec-
tive of a clinical trial. Depending on the relevant field of
clinical research, responder analyses are generally rec-
ommended by the FDA and EMEA in regulatory guid-
ance documents as either the primary and/or secondary
analyses to address the corresponding hypotheses to es-
tablish the treatment effect. Examples for responder anal-
ysis as the primary or co-primary analyses to address the
primary objective in the late stage registration study are
given below:
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• For new anti-obesity drugs, weight loss is the
primary endpoint (European Medicines Agency
2007). Proportions of responders in the various
treatment arms could be considered as an alter-
native primary efficacy criterion where response
is more than 10% weight loss at the end of a 12-
month period.

• For the treatment of acute stroke (European
Medicines Agency 2001), the primary endpoint is
the proportion of surviving patients who regain
functional independence after stroke (survival free
of disability or with only minor disability). This is
estimated on a functional outcome scale or a more
global scale of disability or handicap based on the
Barthel Index and/or the Modified Ranking scale
with a cut point for what is considered a favorable
outcome (which may include minor disability) to
be defined and justified in the study protocol.

• For the treatment of depression in short-term tri-
als (European Medicines Agency 2002a), the co-
primary endpoints are the mean difference be-
tween baseline and post-treatment symptom scores
and the proportion of responders. In major depres-
sion, a 50% improvement on the usual rating scales
is accepted as a clinically relevant response. The
result with statistical significance should be robust
and insensitive to the analysis used. The effect has
to be addressed in clinical terms-clinical relevance.

• For Parkinson’s disease (European Medicines
Agency 1998b), it is recommended to evaluate ef-
ficacy in terms of success and failure as measured
by the primary endpoint, the degree of symptom
reduction from baseline.

• For rheumatoid arthritis (RA) (FDA Guidance for
Industry 1999), the primary endpoint for major
clinical response is ACR70, corresponding to a
70% or greater improvement from baseline in a
combination of signs and symptoms, to define a
responder. For a remission claim, co-primary end-
points: ACR criteria (ACR20) and radiographic
arrest (no radiographic progression by Larsen or
modified Sharp method) over a continuous six-
month period while off all antirheumatic therapy
are recommended.

• The clinical course of Systemic Lupus Erythe-
matosus (FDA Guidance for Industry 2005) is gen-
erally characterized by periods of relatively sta-
ble disease followed by flares of disease activity.
A flare, as the primary endpoint, should reflect an
episode of increased disease activity and should
correlate with a need for increase in or change in

treatment on clinical grounds. Criteria for major
flare might include initiation of high-dose gluco-
corticoid therapy, a change in dose of immunosup-
pressive therapy, hospitalization, or death.

• For a new seasonal inactivated influenza vac-
cine (FDA Guidance for Industry 2007a), recom-
mended co-primary endpoints are: (1) geometric
mean titer (GMT), and (2) rates of seroconver-
sion, defined as the percentage of subjects with ei-
ther a prevaccination HI titer < 1:10 and a post-
vaccination HI titer ≥ 1:40 or a prevaccination HI
titer ≥ 1:10 and a minimum four-fold rise in post-
vaccination HI antibody titer.

A responder analysis is also recommended as the sec-
ondary analysis to either support the primary objective
or to be used as an assessment for the overall benefit
(response) in individual patients. The clinical areas in-
clude the treatment of hypertension (European Medicines
Agency 2004), nonantiarrhythmic disease (International
Conference on Harmonisation 2005), Alzheimer’s dis-
ease (European Medicines Agency 1997), schizophrenia
(European Medicines Agency 1998a), diabetes mellitus
(European Medicines Agency 2002b), and others. With
respect to analysis of the original variable, the European
Medicines Agency (2002c) recommends the responder
analysis as an alternative approach to assessing clinical
relevance:

• If the “responder” analysis is not the primary anal-
ysis, it may be used after statistical significance has
been established on the mean level of the required
primary variable(s), to establish the clinical rele-
vance of the observed differences in the proportion
of “responders.” When used in this manner, the test
of the null hypothesis of no treatment effect is bet-
ter carried out on the original primary variable than
on the proportion of responders.

• Once a statistically significant treatment effect on
the mean level of the primary variable(s) has been
established, the results of the “responder” analy-
sis need not be statistically significant but the dif-
ference in the proportions of responders should
support a statement that the investigated treatment
induces clinically relevant effects. A “responder”
analysis cannot rescue otherwise disappointing re-
sults on the primary variables.

The requirements for responder analysis are also
provided in many regulatory guidance documents, as
cited above, and include: (1) the criteria for “responder”
should be generally accepted, fully validated; (2) the re-
sponder analysis should be reliable, robust, sensitive to
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Figure 1. Percentage of information lost graph, (upper left) normal, (upper right) logistic, (lower left) double exponential and (lower right) Cauchy
distributions.

change of disease and also be able to discriminate an ex-
perimental treatment compared to a control in a clinical
trial; (3) the cut point for dichotomization should be pre-
specified in the study protocol and agreed up front with
regulatory agencies.

3. Consequences of Dichotomization on
Statistical Power

As previously noted, dichotomization is the transfor-
mation of a continuous outcome (response) to a binary
outcome. It is believed that dichotomization will lead to
less statistical power. Two perspectives of this issue have
been investigated and the results have confirmed that di-
chotomization indeed reduces statistical power in most
cases.

• The impact of using dichotomized data to estimate
the population parameters, either the mean or the
proportion of responders.

Fedorov et al. (2009) showed that using a di-

chotomized outcome to make inferences on the
location parameter in general leads to a substan-
tial loss of information. Since hypothesis testing is
linked to estimation this, therefore, leads to a re-
duction in statistical power. In the “normal case,”
to mitigate the loss one has to increase the sample
size by at least 50%. More details are provided in
section .

• The impact of using dichotomized data to make in-
ferences on the proportion of responders compared
to using continuous outcome variables to make in-
ferences on the mean.

Responder analyses make inferences on the pro-
portion of responders and analyses of the continu-
ous outcome variable make inferences on the loca-
tion parameter. These two approaches test differ-
ent hypotheses. Here we describe how to identify
corresponding hypotheses of these two approaches
in order to make fair comparisons on statistical
power. More details are provided in Section 3.2.
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Figure 2. Effect of dichotomization of normal distribution.

Fedorov et al. (2009) found dichotomization leads
to inefficiency except in certain, relatively rare, specific
cases.

3.1 Impact of Dichotomization on Estimation of
Population Parameters

Fedorov et al. (2009) investigated the statistical prop-
erties of dichotomized outcomes from several perspec-
tives, including (1) estimating parameters with two dif-
ferent types of data and (2) CDF estimation. For CDF
estimation, they compared direct estimates versus model-
based estimates in cases in which either the correct dis-
tribution or the incorrect distribution was being modeled.

3.1.1 Estimating Parameters With Two Different Types
of Data

Fedorov et al. (2009) took a maximum likelihood ap-
proach to evaluate the impact of dichotomization. They
derived maximum likelihood estimators (MLEs) for dif-
ferent types of data, then used Fisher Information to cal-
culate relative efficiency (and equivalently percent in-
formation lost, that is, 100 ×(1− relative efficiency)%).
The results of normal, logistic, double exponential, and
Cauchy distributions with different cut points all showed
significant loss of information. Results are shown in Fig-
ure 1. Depending on the cut point, using dichotomized
data to make inference on location parameters is always
inefficient in these four cases and in some situations

could be considerably less efficient. For example in the
upper left graph of Figure 1, if the endpoint follows a
normal distribution and the cut point is optimally set at
0, then dichotomization will lose about 37% of the infor-
mation. If the cut point is set at 2 (or−2) dichotomization
will lose about 88% of the information.

On an intuitive level, the larger loss of information
for the larger absolute values of the cut point C can be un-
derstood by observing that in the continuous case Fisher
Information standardized by variance is proportional to
the sample size, n. For dichotomized observations it is
proportional to np(1− p), where p = F(C) and F stands
for the “normal” quintile. Obviously p(1− p) is maximal
for p = 1/2 and decreases rapidly as |C| increases.

3.1.2 CDF Estimation: Direct Estimate Versus Model-
Based Estimate

Correct Model. There are times when we wish to es-
timate the probability, p, of an endpoint being less than a
given cut point value c. Fedorov et al. (2009) pointed out
there are two approaches to estimate p. One approach as-
sumes a distribution function of the outcome Y , uses the
data to estimate the parameters, and then uses the func-
tion to estimate p. The second approach uses the sample
fraction of the data values larger than c to estimate p.
They found that under the situation that the normal dis-
tribution is correctly assumed, regardless of whether or
not the standard deviation is known, the model based ap-
proach is more efficient. Results are shown in Figure 2.
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Figure 3. CDF estimation comparison, true distribution is logistic, but normal distribution is used for the model.

The solid curve is for known standard deviation, and the
dotted curve is for unknown standard deviation.

Incorrect model. Furthermore, Fedorov et al. (2009
simulated patient observations under logistic and expo-
nential models (both with a standard deviation of 1) and
then estimated responder rates using dichotomized data
and using the normal distribution (i.e., wrongly assuming
a normal distribution). Mean squared errors were com-
pared. In Figure 3 and Figure 4 the solid curve is for the
continuous estimator and the dotted curve is for the di-
chotomized estimator. The left panel is with sample size
of 20, and the right is with 200.

Note that for any background distribution, after di-
chotomization the MLE of the rate p is just n1/n, where
n1 is the number of events (e.g., number of responders or
observations that are greater than c) after n observations
and it is unbiased. At the same time, if the assumed distri-
bution is different from the “actual” one, then the MLE
is biased and the role of this bias is more pronounced
for the larger sample sizes when the noise impact dimin-
ishes. That is why mean squared errors are smaller for
the dichotomized data for the larger sets of cut points for
n = 200 than for n = 20. However, for the larger |C|, the
dichotomization is still harmful.

Figure 4. CDF estimation comparison, true distribution is exponential, but normal distribution is used as the model.
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Figure 5. Lognormal versus lognormal, cut point at lower end.

3.2 Inference on Proportion of Responders Versus
Inference on the Mean

We have compared the statistical power of t-tests
with the statistical power of the z-score statistics for
tests of equality of proportions under many scenarios
and found under certain relatively rare situations di-
chotomized data could provide more statistical power.
This is assuming the analytic method is determined a pri-
ori and is not selected based on the characteristics of the
data.

The responder analyses test the difference in the pro-
portion of responders, while analyses of a continuous
outcome variable make inferences on the location param-
eter. Therefore, the hypotheses themselves are different
for tests of equality of proportions and t-tests. In order
to compare these two approaches, “statistical power” is
defined as the probability of letting the right candidate
compounds move forward.

It is possible to link a change of mean, δ , to a change
of responder rate, d, under the alternative. They become a
pair of “corresponding alternative hypotheses,” and thus
enable the comparison of statistical power. This approach
can be used to translate a change of the means, δ , into the
change of proportion of responders, d, if the treatment ef-
fect is a shift of population mean. For given distributions
in the placebo group and treatment group, the change of
population mean and the change of responder rate can be
calculated accordingly.

Since the t-test is the uniformly most powerful test if
both placebo group and treatment group have normal dis-
tributions with equal variance, and the treatment effect of
interest is a location shift, dichotomization will not yield
more statistical power. However, when the outcomes are

not normally distributed, then there is no guarantee that
the t-test is the most powerful test. We compared the sta-
tistical power of t-tests and z-scores (for tests of equality
of proportions) under several scenarios including: vari-
ous cases of truncated normal versus truncated normal,
lognormal versus lognormal, normal versus mixed nor-
mal, Beta versus Beta, and compound normal distribution
versus compound normal distribution. Searching grids,
which consisted of different combinations of various cut
points for dichotomization, treatment effects, distribution
parameters, and sample sizes, were looped through to
calculate the statistical power of t-tests and z-score tests.

For the Beta versus Beta cases and normal versus
normal cases that were studied, the analysis of contin-
uous variables was always more powerful than the anal-
ysis of dichotomized variables. For the other cases, di-
chotomization could be more powerful in relatively rare
cases for some cut points in some limited range, but in
most of the cases the analysis of continuous variables
is more powerful. The cases in which dichotomization
can be more powerful occurs when there is a large mass
around the cut point for dichotomization. In this rare case
when a small change of δ translates into a huge change of
d, the z-score may have more statistical power. However,
it seems when sample size increases, the advantage to-
ward dichotomization even in this case is diminished. For
example, comparing lognormal versus lognormal distri-
butions on the original scale, when the cut point is at
the lower end dichotomization has some advantage, as
shown in Figure 5, and when the cut point is at the higher
end the continuous analysis has an advantage, as shown
in Figure 6. Another example studied was the normal dis-
tribution versus mixture normal. As shown in Figure 7,
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Figure 6. Lognormal versus lognormal, cut point at higher end.

dichotomization might provide more power for some cut
points and some δ ’s, but not uniformly. When the pro-
portion of individuals improved is higher than 30%, di-
chotomization does not show any benefit even in this rel-
atively rare case. In Figure 5, 6, and 7, left panel is the
power difference between T -tests and chi-square test for
2× 2 tables versus δ the difference of means between
two groups. The right panel is the power of T -tests ver-
sus chi-square test. For both panels, the cut-off point is
specified at the bottom.

4. Responder Analyses and the Assessment
of a Clinically Relevant Treatment Effect

Perhaps the main problem with the responder anal-
ysis is the often arbitrary nature of the definition of a
response. Clearly, there are some situations where the
achievement of a certain value on a continuous scale has
enormous clinical implications, such as when a test value
is used as the basis for a decision on hospital admission
or surgical intervention. In these cases, the clinical event
itself (i.e., the hospitalization or the surgery) would make
an appropriate endpoint for determining the treatment ef-
fect. However, in most cases the cut-point used to de-
termine a responder is an arbitrary point on a continu-
ous scale. For example, suppose that the loss of 5% body
weight has been defined as a response in an obesity trial;
in this case there is probably very little clinical difference
between a weight loss of 4.9% and 5.1%. However, there
may be great differences in clinical relevance within the
responder and nonresponder groups; for example, the dif-
ferences between a weight loss of 5.1% and 20%, and be-
tween a loss of 4.9% and a weight gain of 10%, are prob-

ably quite relevant. In fact, it is the loss of information
associated with lumping these groups together that leads
to the decreased efficiency and increased sample size re-
quirements described above. Closely related to this issue
is the notion that responses come in only two types, all
or none, when in fact clinical responses typically come
in many grades.

It is also interesting to consider the meaning of the
term “responder” in the context of a controlled clinical
trial. In many clinical settings the outcome measurement
may improve over time for reasons unrelated to the study
treatment. Some causes might include regression to the
mean (which occurs when the variable is measured with
error and the enrollment criteria require an extreme value
of that variable), natural history of the disease, or thera-
pies taken by the subject outside the control of the trial.
Of course, this is the primary reason for the inclusion of
a control group. However, the term “responder” seems
to imply a belief that the subject’s outcome, or the im-
provement in the outcome measurement on a particular
subject, was due to the experimental treatment. Consider
a hypothetical result in which 100% of the subjects in
the control group experienced a 4.9% reduction in body
weight (for a 0% response rate), while 100% of the sub-
jects in the treated group experienced a 5.0% reduction
in body weight (for a 100% response rate). Belief in the
responder analysis requires the conclusion that the treat-
ment could not possibly be any more effective than it
is, while common sense requires the conclusion that the
treatment has a trivial effect.

Note one of the key drivers for the use of a respon-
der analysis from the FDA draft guidance on patient-
reported outcome measures (2006): trials may have the
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Figure 7. Normal versus mixed normal, 10% moving out.

ability to detect small mean changes that are not clini-
cally relevant. However, the responder analysis actually
suffers from exactly the same problem. The hypotheses
µ ≤ 0 and pX ≤ pC are both null hypotheses of no dif-
ference between groups; therefore, in both cases, reject-
ing the null hypothesis simply rules out a zero difference
between groups. Just as in a test for mean differences be-
tween treatment groups, with a large enough sample size
any arbitrarily small difference between treatment groups
in response rates can result in statistical significance, re-
gardless of the rigor or lack of rigor in the definition of a
responder.

There are two key factors to consider when determin-
ing clinical relevance on the basis of the analysis of a
continuous variable: The relative shapes of the distribu-
tions of response in the two treatment groups, and the re-
lationship between values of the continuous variable and
clinical importance. We first consider the shapes of the
distributions.

It is interesting to contrast the analysis of the con-
tinuous variable with the responder analysis with respect
to the cumulative distribution functions. First, consider
the case of two homoscedastic normal distributions with
different means. The left panel of Figure 8 illustrates
the density functions for the experimental treatment (the
dashed line) and the control (the solid line), and the right
panel of Figure 8 illustrates their cumulative distribution
functions. (In both panels the x-axis is the continuous re-
sponse variable, with greater values indicating greater ef-
ficacy, and the vertical line in the right panel represents a
threshold.) Let µ be the mean difference between the dis-
tributions, and let pX and pC be the response rates in the
two groups. In this case, the two null hypotheses (µ ≤ 0

and pX ≤ pC) are identical, and the existence of a mean
difference implies the existence of difference in response
rates, and vice versa; therefore, the same test, such as a
t-test, could be used to test either hypothesis.

The responder analysis corresponds to an evaluation
of the vertical separation between the two curves at one
specific point on the x-axis. Note that, except for the
trivial case of identical CDFs, this separation must vary
along the x-axis since it is constrained at zero at either
end. The continuous analysis corresponds to an evalu-
ation of the average horizontal separation between the
two curves. In this homoscedastic case the separation is
a constant. Although it is impossible to know the magni-
tude of the treatment benefit for any individual subject,
the consistent horizontal separation between the distribu-
tion functions suggests that the benefit on the continu-
ous scale was consistent among subjects. In such a case,
therefore, the mean difference between groups seems to
be an appropriate summary of the treatment benefit, and
its magnitude should be used to help determine clinical
relevance.

Contrast this with Figure 9, in which the distribu-
tions are heteroscedastic, resulting in an inconsistency
between the mean difference and the difference in re-
sponse rates. In this case, the means of the two distribu-
tions are identical, while the experimental treatment has
a higher response rate. This is obviously a case where
an analysis based on response rates would have greater
power than an analysis based on the mean difference.
However, the analysis and interpretation in this case are
considerably more complicated than in the case of ho-
moscedastic normal distributions. First, the assessment
of statistical significance based on the continuous vari-
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Figure 8. Density functions (left panel) and cumulative distribution functions (right panel) when outcomes in the experimental group (dashed
line) and the control group (solid line) differ in mean but not variance; vertical line represents responder definition.

able must take into account the heteroscedastic nature of
the distributions. In addition, the observed mean differ-
ence between groups does not appear to be a satisfactory
summary statistic in this case since examination of the
right panel of Figure 9 suggests that the treatment effect
is inconsistent from subject to subject. In fact, it appears
as though some subjects benefit from the treatment while
others are harmed. Assessment of clinical significance
based on response rates in this case is similarly difficult.
While examination of response rates can be helpful, is
should be emphasized that, due to the arbitrary nature
of any specific cut point, various definitions of response
should be used.

Next consider the relationship between values of the
continuous variable and clinical importance. We assume
here that this relationship is monotonic, although we will
have some comments later on nonmonotonic relation-
ships. The simplest such relationship would be a linear
one; for example, this would be the case if each mmHg
decrease in DBP decreased cardiovascular risk equally,
whether the decrease is from 101 to 100, or from 71 to
70. In such a case, the mean difference between treatment
groups would seem to be a perfectly adequate summary
of the clinical benefit of the treatment, whether the distri-

butions were homoscedastic or heteroscedastic, and so a
responder analysis would seem to be completely unnec-
essary.

However, linear relationships are probably uncom-
mon. For example, a DBP of 80 mmHg is generally con-
sidered normal, and so a decrease in DBP from 101 to
100 is probably much more important to patients than
from 71 to 70. For purposes of illustration, let’s assume
here that the relationship is linear as DBP decreases to 80
mmHg, but that there is no further clinical benefit asso-
ciated with further decreases. This is possibly a situation
behind most recommendations for responder analyses.

As described above, even in situations like this,
when the distributions of the continuous variable are ho-
moscedastic the analysis of the continuous variable is
perfectly adequate, since the hypotheses tested by the
continuous analysis and the responder analysis are iden-
tical.

The situation in which the relationship between the
continuous variable and clinical benefit is nonlinear and
the distributions of the continuous variable are het-
eroscedastic is the most worrisome. In situations like this,
the treatment may have an impact on the response vari-
able that is confined to the part of the distribution that

Figure 9. Density functions (left panel) and cumulative distribution functions (right panel) when outcomes in the experimental group (dashed
line) and the control group (solid line) differ in variance but not mean; vertical line represents responder definition.
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is associated with no clinical benefit. In this case, while
it would be correct to conclude that the treatment has
some effect on the response variable, the simple conclu-
sion that the treatment has on average an effect on this
variable of a certain magnitude would not be meaningful
with respect to clinical relevance. Although this situation
may not be common (we are not aware of any such cases)
it is reasonable to be concerned with it.

5. Summary and Recommendations

This article describes the concept of dichotomization,
its rationale and its weaknesses. This practice is very
prevalent, as indicated by the number of different clin-
ical situations where it’s in use.

As shown here, dichotomization comes at a steep cost
in terms of statistical power. This cost in power might be
worthwhile if dichotomization had advantages that out-
weigh this important disadvantage. As we’ve shown in
this article, this is not the case. Dichotomization is meant
to help ensure that a statistically significant difference
between treatment groups is also clinically meaningful.
However, on close examination this advantage does not
seem to hold up. First, dichotomization seems to imply
that clinical meaningfulness can be classified into all-or-
none categories, when in most situations it seems more
likely that treatments can have many gradations of re-
sponse. In addition, the dichotomized variable suffers
from exactly the same problem it was meant to avoid:
with a large enough sample size, any trivial treatment ef-
fect can be statistically significant.

Our recommendation is consistent with that of the
European Medicines Agency (2002c), and involves sepa-
rating the question of statistical significance from clinical
relevance. Assessment of statistical significance should
be based on a valid and efficient statistical approach. In
most cases this will involve an analysis of the original
continuous variable. The method should be chosen so
that its assumptions, such as distributional assumptions,
are met. If the treatment effect is found to be statistically
significant, then its clinical meaningfulness should also
be assessed. This assessment should be informal, and
should include an evaluation of the “typical” effect on the
continuous scale (mean, median), as well as a compari-
son of the response rates between groups using a variety
of response definitions.

We feel that this approach provides the right com-
bination of optimal statistical efficiency with rigorous
assessment of both statistical significance and clinical
meaningfulness. We consider this approach to be a rea-
sonable one even in the most unusual and problematic
situation in which the relationship between the continu-
ous variable and clinical benefit is nonlinear and the dis-

tributions of the continuous variable are heteroscedastic.

[Received December 2010. Revised February 2011.]
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