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Introduction 

• This presentation represents the work of a 

Pharmaceutical Research and Manufacturers of 

America (PhRMA) Steering Committee 

– Uryniak et al. Statistics in Biopharmaceutical Research 

2011; 3:46-487 

 

• Responder analysis (as defined here) is 

intentionally dichotomizing a continuous variable in 

clinical trials 

– Take endpoint on continuous or ordinal scale 

– Then convert it to a dichotomy (yes, no) before analysis 

– Focus here is on clinical endpoints (not covariates) 
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Introduction 

• Define a threshold for the change from baseline in 
the continuous variable 

 

• Then define a patient to be a “responder” if the 
patient’s change value is on a particular side of this 
threshold 

 

• Two reasons for doing so 
– To simplify analysis and interpretation  

– To ensure that a reported statistically significant result 
represents a clinically meaningful benefit 
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Literature Research 
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Rationale 

• Useful in drug development 
– Assess treatment effect for drug approval 

– Describe population of patients who respond to a drug 

– Define a disease or categorize subjects (e.g., severity) 

– Describe disease progression 

– Provide physicians with guidelines to treat patients 

 

• Examples 
– Reduce both systolic and diastolic blood pressure to below 

140 / 90 mm Hg for hypertensive patients 

– Reduce weight loss to at least 10% of baseline weight, 
which is also at least 5% greater than placebo in the 
evaluation of treatments in weight control 
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Criticism 

• Reduced efficiency relative to an analysis of the 

original continuous variable 

– Could lead to more than 50% increase in sample size 

 

• Arbitrary nature of the definition of response 

 

• Naïve and inappropriate judgments of causality 
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Support 

• Strong support from regulatory agencies to 

assess clinical relevance in clinical trials 

– International Conference on Harmonisation 1998 

– European Medicines Agency 2005 

 

• Need to distinguish statistical significance from 

interpretation through clinical significance in 

regulatory document 

 

• Generally recommended as a primary or 

secondary endpoint by regulatory bodies 
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Responder Analyses as Primary or Co-Primary 

Analyses in Late Registration Studies: Examples 

• New obesity drugs, with response being more than 10% weight loss at the 

end of 12 months 

 

• Acute stroke, with response being functional independence based on a cut 

point on Barthel Index or the Modified Ranking Scale 

 

• Depression, with response being a 50% improvement on accepted rating 

scales 

 

• Parkinson’s disease, with response being the degree of symptom reduction 

from baseline 

 

• Rheumatoid arthritis, with response being 70% or greater improvement in a 

combination of signs and symptoms 
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Consequences of Dichotomization  

on Statistical Power 
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Dichotomization and Power 

• Dichotomization is the transformation of a 

continuous outcome (response) 

 

• Dichotomization generally leads to less statistical 

power  (relative to its continuous outcome) 

 

• How much less? 
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Impact of Dichotomization on Estimation 

of Population Parameters 

• Fedorov et al. (2009) considered two perspectives 

– Estimated parameters with two different types of data 

(dichotomous and continuous) 

– Cumulative distribution function (CDF) estimation 

 

• Estimate parameters with two different types of data 

– Derived maximum likelihood estimators (MLEs)  

– Normal, logistic, double exponential, and Cauchy 

distributions 

– Used Fisher Information to compute Relative efficiency = 

Percent information lost = 100 x (1 – relative efficiency)%   

– All distributions showed significant loss of information in 

making inferences on location parameters 12 



Percentage of information lost: (upper left) normal, (upper right) logistic, 

(lower left) double exponential, (lower right) Cauchy distribution 

Normal distribution with  

cut point optimally set at  

0: 

 

Then dichotomization at 0  

will lose about 37% of the 

Information     

 

About 1.6 [= 1 / (1-.37)] 

times as many subjects  

are needed    

  

 

If the cut point is set at 2 

(or -2), dichotomization  

will lose about 88% of the  

information  

 

About 8.3 times  

[= 1 / (1 - .88)] as many  

subjects are needed 13 



Impact of Dichotomization on Estimation 

of Population Parameters: Correct Model 

• Cumulative distribution estimation 

– Fedorov et al. (2009) second perspective 

 

• CDF estimates the probability p of an endpoint 

being less than a given cut point value c 

 

• Assumed correct model and analyzed in two ways 

– Model-based approach (assume  normal distribution on 

outcome, use data to estimate parameters, then use 

function to estimate desired probability) 

– Sample fraction of data values larger than c to estimate p 

14 



Effect of Dichotomization of Normal Distribution 

Model-based approach is  

more efficient, regardless 

of whether or not the  

standard deviation  

is known 
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• Consider data from a logistic distribution in one case and 

an exponential distribution in another 

 

• Used mean square error to quantify difference between 

estimator and true value  

 

• Estimated responder rate using dichotomized data 

– Does not make distributional assumption 

– MLE of rate p is number of responders (above c) divided by the 

number of subjects 

 

• Estimated proportion using continuous data 

– Incorrectly assumed normal model 

– Used normal CDF based on c and estimated mean and variance 

assuming (incorrectly) a normal distribution 

 

Impact of Dichotomization on Estimation of 

Population Parameters: Incorrect Model 

16 



CDF Estimation Comparison:  

True Distribution is Logistic but Normal Model Used 

Bias in MLE of mean and variance to 

estimate p for continuous data is more 

pronounced for n = 200 (when the noise 

gets diminished) than for n = 20  17 



CDF Estimation Comparison:  

True Distribution is Exponential but  

Normal Model Used 

18 

Bias in MLE of mean and variance to 

estimate p for continuous data is more 

pronounced for n = 200 (when the noise 

gets diminished) than for n = 20  



 Findings 

• Despite the wrong model being used in estimation, the 

continuous estimator is better than the dichotomized 

estimator over a large range of cut points 

 

• Dichotomization can be recommended as a robust 

approach in the CDF estimation for large (several hundred) 

sample sizes  

 

• For the true double exponential model, the dichotomized 

estimator often performs better here due to the larger 

difference between the true and assumed models 

– But double exponential is an extreme case 
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Inference on Proportion of Responders  

Versus Inference on the Mean 
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Hypothesis Testing and Statistical Power 

• Analysis of responders test the difference in proportion 

of responders (z-test) – on the equality of proportions 

 

• Analysis of continuous outcomes make inferences on the 

location parameter (t-test) – on the equality of means 

 

• Their hypotheses are generally different 

 

• But a change in means can be linked to a change in 

proportions of responders, becoming a pair of 

corresponding alternative hypotheses  

– Occurs when there is shift of population mean 

– Enables comparison of statistical power 
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Hypothesis Testing and Statistical Power: 

Normal Distribution 

• Assume outcomes from placebo group and treatment 

group have normal distributions with equal variance 

– Treatment effect of interest is location shift 

 

• Then dichotomization will not yield more statistical 

power 
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Hypothesis Testing and Statistical Power: 

Non-Normal Distributions 

• When the outcomes are not normally distributed, there 

is no guarantee that the t-test is the most powerful test 

 

• Consider the statistical power of t-tests and z-tests 

under several scenarios, including 

– Beta distribution and lognormal distribution 

– Different treatment effects, sample sizes, and cut points 

 

• Beta distribution (like the normal distribution) shows 

that the analysis of continuous variables was always 

more powerful than the analysis of dichotomous 

variables  
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Lognormal Distribution:  Cut Point at Lower End 

Left Panel: Power difference between t-tests 

 and chi-square (or z-) tests for 2-by-2 tables 

Right Panel: Power of t-tests versus 

chi-square tests 

• Only when the cut point is at the lower end does dichotomization have some 

 advantage (which diminishes when the sample size increases)  

• Occurs when there is a large mass around the cut point for dichotomization 

• In this rare case a small mean change in means (delta) translates into a huge change 

 in the proportion of responders 
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Lognormal Distribution:  Cut Point at Upper End 

Left Panel: Power difference between t-tests 

 and chi-square (or z-) tests for 2-by-2 tables 

Right Panel: Power of t-tests versus 

chi-square tests 

• When the cut point is at the higher end (and for most other cut points) the continuous 

analysis has an advantage  
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Responder Analyses and the Assessment 

of a Clinically Relevant Treatment Effect 
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Definition of Responder 

• A major consideration with responder analysis is the often 

arbitrary nature on the response definition 

 

• If the loss of 5% body weight is a response, there is very little 

difference between 4.9% and 5.1% 

 

• But a difference between a weight loss of 5.1% and 20%  

within a responder group is quite relevant 

– Moreover, a difference between weight changes within a 

non-responder group may also be relevant 

 

• It is the lost of information associated with this kind of lumping 

within a group that leads to the decreased efficiency and 

increased sample size 

– Clinical responses are not all or none but come in many grades 27 



Meaning of Responder 

• Consider a hypothetical result with 100% of the 

subjects in the control group experiencing a 4.9% 

reduction in body weight – a 0% response rate 

 

• Consider 100% of the subjects in the control 

group experiencing a 5.0% reduction in body 

weight – a 100% response rate 

 

• Belief in a responder analysis requires the 

conclusion that the treatment is maximally 

effective – but commons sense suggests 

otherwise 

 
28 



Statistical Significance 

• Responder analysis suffers from the same problem 

as mean differences between groups with respect to 

rejecting the null hypothesis of no treatment 

difference 

 

• A large enough sample size of any arbitrarily small 

difference in response rates between treatment 

groups can result in statistical significance 

– Regardless of rigor or lack of rigor in the definition of a 

responder  
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Cumulative Distribution Functions 

• One key factor for clinical relevance of a 

continuous variable is the relative shapes in the 

distributions of response  

 

• This leads into cumulative distribution functions 

 

• Consider the case of two homoscedastic normal 

distributions 

 

• Here the existence of a mean difference is 

expected to imply the existence in response 

rates, and vice versa 
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Difference in Means But Not Variances 

               Density functions              Cumulative Distribution Functions 

• Experimental treatment is the dashed line, control treatment is the solid line 

• Horizontal axis represents values of continuous variable  

• Greater values indicate greater efficacy  

• Vertical line in the left panel is the response threshold 
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Difference in Variances But Not Means 

               Density functions              Cumulative Distribution Functions 

• Experimental treatment is the dashed line, control treatment is the solid line 

• Means of two distributions are identical  

• Experimental responses has more spread than control responses 

• Vertical line in the left panel is the response threshold 

• Experimental treatment has higher response rate 

• Here differences response rates has more power than difference of means 

• But CDF suggest that the treatment effects is inconsistent across subjects 
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Difference in Means But Not Variances 

• Analysis of mean difference 

– In this illustration the analysis of the continuous variable should take 

into account the heteroscedastic nature of the distributions 

– It appears, from the CDF, that some subjects benefit from treatment 

(those with higher values) while others are harmed  

 

• Analysis of response rates 

– Assessment of clinical significance is as similarly difficult as analysis 

of mean difference 

– Examination of response rates can be helpful 

– But, because of the arbitrary nature of any specific cut point, various 

definition of response should be used 
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Clinical Importance:  

Linear Relationship with Continuous Outcome 

• Assume a linear relationship between values of a 

continuous variable and clinical importance 

 

• Suppose each mmHg decrease in diastolic blood pressure 

decreased cardiovascular risk equally 

– Whether the decrease is from 101 to 100 or from 71 to 70 

 

• Here the mean difference between treatment groups would 

provide an adequate summary of the clinical benefit 

– Whether distributions are homoscedastic or heteroscedastic 

– Response analysis on diastolic blood pressure would not be 

necessary 
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Clinical Importance:  

Non-linear Relationship with Continuous Outcome 

• Now assume a nonlinear relationship between values of a 

continuous variable and clinical importance 

 

• Diastolic blood pressure of 80 mmHg is generally considered 

normal  

– A decrease from 101 to 100 is probably more important in 

patients than from 71 to 70 

 

• Suppose the relationship is linear as diastolic blood pressure 

decreases to 80 but then no further clinical benefit ensues 

 

 

35 



• If distributions of the continuous variable are homoscedastic, 

the analysis of the continuous variable is adequate  

– Its null hypothesis reflects the null hypothesis of the responder analysis   

 

• If the relationship remains nonlinear and the distributions are 

now heteroscedastic, the treatment may have an impact on 

the response variable that is confined to a part of the 

distribution with no clinical benefit  

 

• It would be correct that the treatment has some effect on the 

response variable 

 

• But the average treatment effect of a certain magnitude would 

not be meaningful in terms of clinical relevance 

Clinical Importance:  

Non-linear Relationship with Continuous Outcome 
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Summary and Recommendations 
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Summary 

• Presentation covered the concept of dichotomization, its 

rationale, and its weaknesses 

– Based on published PhRMA position paper 

 

• Dichotomization comes at a steep cost in terms of statistical 

power 

 

• Dichotomization puts clinical meaningful of an outcome into 

all-or-one categories 

– Treatments tend to have many gradations of response 

 

• Dichotomization suffers from the problem it was meant to 

avoid 

– With a large enough sample size, any trivial effect can be statistically 

significant 
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Recommendations 

• Separating statistical significance from clinical relevance 

– Consistent with the European Medicines Agency position 

 

• Assessment of statistical significance should be based on a 

valid and efficient approach 

– In most cases that involves analysis of the original continuous variable 

 

• If statistical significance is found, then clinical significance can 

also be assessed 

– Evaluation of the “typical” effect on the continuous scale (mean, median) 

– Comparison of the response rates groups using a variety of respond 

definitions 

– Cumulative distribution functions 
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