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Preliminaries

Conflicts of Interest / Disclaimers
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Conflicts of Interest

Commercially available software for sequential 
clinical trials

• S+SeqTrial (Emerson)

• PEST (Whitehead)

• EaSt (Mehta)

• SAS (I provided some limited advice)
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Personal Defects

Physical

Personality
• In the perjorative sense of the words

– Then:
• A bent twig

– Now:
• Old and male

• University professor
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A More Descriptive Title

All my talks

The Use of Statistics to Answer 

Scientific Questions
(Confessions of a Former Statistician)
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A More Descriptive Title

All my talks

The Use of Statistics to Answer 

Scientific Questions
(Confessions of a Former Statistician)

Clinical Trial Design talks

The Use of Statistics to Answer 

Scientific Questions Ethically and Efficiently
(Confessions of a Former Statistician)
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Overview of Clinical Trial Design

Science and Statistics

Where am I going?
In the real world, clinical trial design must consider

– scientific theory

– statistical theory

– logistical issues

– game theory

I make an argument (plea?) for clinical trial design to 
consider science first, then statistics

(Game theory is a necessary evil)
8

Clinical Trials

Experimentation in human volunteers
• Investigates a new treatment/preventive agent

– Safety: 
• Are there adverse effects that clearly outweigh any 

potential benefit?

– Efficacy: 
• Can the treatment alter the disease process in a beneficial 

way?

– Effectiveness: 
• Would adoption of the treatment as a standard affect 

morbidity / mortality in the population?
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Carrying Coals to Newcastle

Wiley Act (1906)
• Labeling

Food, Drug, and Cosmetics Act of 1938
• Safety

Kefauver – Harris Amendment (1962)
• Efficacy / effectiveness

– " [If] there is a lack of substantial evidence that the drug will have the 
effect ... shall issue an order refusing to approve the application. “

– “...The term 'substantial evidence' means evidence consisting of 
adequate and well-controlled investigations, including clinical 
investigations, by experts qualified by scientific training”

FDA Amendments Act (2007)
• Registration of RCTs, Pediatrics, Risk Evaluation and 

Mitigation Strategies (REMS)
10

Clinical Trial Design

Finding an approach that best addresses the often 
competing goals: Science, Ethics, Efficiency

• Basic scientists: focus on mechanisms

• Clinical scientists: focus on overall patient health

• Ethical: focus on patients on trial, future patients

• Economic: focus on profits and/or costs

• Governmental: focus on safety of public: treatment 
safety, efficacy, marketing claims

• Statistical: focus on questions answered precisely 

• Operational: focus on feasibility of mounting trial
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Statistical Planning

Satisfy collaborators as much as possible
• Discriminate between relevant scientific hypotheses

– Scientific and statistical credibility

• Protect economic interests of sponsor

– Efficient designs

– Economically important estimates

• Protect interests of patients on trial

– Stop if unsafe or unethical

– Stop when credible decision can be made

• Promote rapid discovery of new beneficial treatments

12

Statistics and Science

Statistics is about science
• Science in the broadest sense of the word

Science is about proving things to people
• Science is necessarily adversarial

– Competing hypotheses to explain the real world

• Proof relies on willingness of the audience to believe it

• Science is a process of successive studies

Game theory: Accounting for conflicts of interest
• Financial

• Academic / scientific
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Science vs Statistics

Recognizing the difference between

• The parameter space

– What is the true scientific relationship?

• The sample space

– What data will you / did you gather?
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“Parameter” vs “Sample” Relationships

The true scientific relationship (“parameter space”)
• Summary measures of the effect in population

– Means, medians, geometric means, proportions…

Scientific “sample space” scales: 
• Estimates attempting to assess scientific importance

– Point estimate is a statistic estimating a “parameter”

– Interval estimates
• CI describes the values in the “parameter space” that are 

consistent with the data observed (the “sample space”)

Purely statistical “sample space” scales
• The precision with which you know the true effect

– Power, P values, posterior probabilities

15

The Problem of Clinical Trial Design

Happy families are all alike; every unhappy family is 
unhappy in its own way.

Leo Tolstoy, Anna Karenina, 1873-77
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The Problem of Clinical Trial Design

Unbiased clinical trials are all alike; every biased 
clinical trial is biased in its own way. 

17

Statistical Sampling Plan

Ethical and efficiency concerns are addressed 
through sequential sampling

• During the conduct of the study, data are analyzed at 
periodic intervals and reviewed by the DMC

• Using interim estimates of treatment effect

– Decide whether to continue the trial

– If continuing, decide on any modifications to 
• scientific / statistical hypotheses and/or

• sampling scheme

18

Demystification

All we are doing is statistics
• Planning a study

• Gathering data

• Analyzing it
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Sequential Studies

All we are doing is statistics
• Planning a study

– Added dimension of considering time required

• Gathering data

– Sequential sampling allows early termination

• Analyzing it

– The same old inferential techniques

– The same old statistics

– But new sampling distribution

20

Major Issue

Frequentist operating characteristics are based on 
the sampling distribution

• Stopping rules do affect the sampling distribution of the 
usual statistics 

– MLEs are not normally distributed

– Z scores are not standard normal under the null
• (1.96 is irrelevant)

– The null distribution of fixed sample P values is not 
uniform

• (They are not true P values)

21

Sampling Distribution of MLE
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Sampling Distribution of MLE

23

Sampling Distributions

24

Familiarity and Contempt

For any known stopping rule, however, we can 
compute the correct sampling distribution with 
specialized software

• Standalone programs

– PEST (some integration with SAS)

– EaSt

• Within statistical packages

– S-Plus S+SeqTrial

– SAS PROC SEQDESIGN
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Familiarity and Contempt

From the computed sampling distributions we then 
compute

– Bias adjusted estimates

– Correct (adjusted) confidence intervals

– Correct (adjusted) P values

Candidate designs can then be compared with 
respect to their operating characteristics

26

Example: P Value

Null sampling density tail
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Distinctions without Differences

Sequential sampling plans
• Group sequential stopping rules

• Error spending functions

• Conditional / predictive power

Statistical treatment of hypotheses
• Superiority / Inferiority / Futility

• Two-sided tests / bioequivalence

28

Perpetual Motion Machines

Discerning the hyperbole in much of the recent 
statistical literature

• “Self-designing” clinical trials

• Other adaptive clinical trial designs

– (But in my criticisms, I do use a more restricted 
definition than some in my criticisms)

29

Bottom Line

You better think (think) 

about what you’re 

trying to do…

-Aretha Franklin

30

Experimentation Directed Toward 
Adopting New Treatments
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Overall Goal

“Drug discovery”
• More generally 

– a therapy or preventive strategy 

– for some disease

– in some population of patients

A series of experiments to establish
• Safety of investigations / dose

• Safety of therapy

• Measures of efficacy

– Treatment, population, and outcomes

• Confirmation of efficacy

• Confirmation of effectiveness
32

Phases of Investigation

Series of studies support adoption of new treatment
• Preclinical

– Epidemiology incl risk factors

– Basic science: Physiologic mechanisms

– Animal experiments: Toxicology

• Clinical

– Phase I: Initial safety / dose finding

– Phase II: Preliminary efficacy / further safety

– Phase III: Confirmatory efficacy / effectiveness

• Approval of indication

– (Phase IV:  Post-marketing surveillance, REMS)

33

The Enemy

“Let’s start at the very beginning, a very 
good place to start…”

- Maria von Trapp

(as quoted by Rodgers and Hammerstein)

34

First

Where do we want to be?
• Find a new treatment that improves health of 

individuals

• Find a new treatment that improves health of the 
population

35

Treatment “Indication”

• Disease

– Putative cause vs signs / symptoms
• May involve method of diagnosis, response to therapies

• Population

– Restrict by risk of AEs or actual prior experience

• Treatment or treatment strategy

– Formulation, administration, dose, frequency, 
duration, ancillary therapies

• Outcome

– Clinical vs surrogate; timeframe; method of 
measurement

36

Experimental Results

Start with the science
• No “experiment” is ethical if it cannot answer a relevant 

question

Hypotheses are the spectrum of possible results
• An “experiment” discriminates among the possible 

hypotheses

• The Scientist Game
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Scientific Method

Planned experiment includes protocol specified in 
advance, including

• Overall goal

• Specific aims

• Materials: Patients, treatments

• Methods: Administration, monitoring, outcomes

• Methods: Statistical analysis plan

– Sampling plan

– Statistical models for analysis

– Planned interpretation of spectrum of results

38

Specific Aim

One of a series of studies used to support adoption 
of a new standard of treatment

• Phase I: Initial safety / dose finding

• Phase II: Preliminary efficacy / further safety

• Phase III: 

– Therapeutics: Establish effectiveness 

– Prevention: Establish efficacy

• Phase IV:

– Therapeutics:  Post-marketing surveillance

– Prevention: Effectiveness

39

Phase III Clinical Trials

Establishment of efficacy / effectiveness
• Goals:

– Obtain measure of treatment’s efficacy on disease 
process

– Incidence of major adverse effects

– Therapeutic index

– Modify clinical practice (obtain regulatory approval)

• Methods

– Relatively large number of participants from true 
target population (almost)

– Clinically relevant outcome

40

Efficacy: A Moving Target

Definition of efficacy can vary widely according to 
choice of endpoint and magnitude of importance

• Basic science

– Does treatment have any effect on the pathway

• Clinical science

– Does treatment have a sufficiently large effect on a 
clinically relevant endpoint

41

Effectiveness: A Moving Target

A treatment is “effective” if its introduction improves 
health in the population

• A treatment can be both efficacious and ineffective 
depending on factors of clinical trials

– Target population

– Control treatment

– Intervention

– Measurement of outcome(s)

– Summary measure of outcome distribution

42

Target Population

Efficacy and effectiveness study populations may 
differ with respect to

• Properly diagnosed disease

• Subgroups with more (less) severe disease

• Ancillary treatments

• Different risk factors
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Ex: Desensitization in Allergy

Efficacy trial might consider
• Patients with proven allergy who have shown 

“response” in open label study (perhaps due to genetic 
profile?)

• Exclusion criteria for safety in trial

– Cannot tolerate oral food challenge

– Patients likely to be noncompliant

• Exclusion criteria to ensure adequate data

Effectiveness populations might include
• All patients with reported allergy

44

Control Treatment

Efficacy and effectiveness study populations may 
differ with respect to

• Use of existing alternative treatments

• Allowed ancillary treatments

45

Ex: Control Treatment in Allergy

Efficacy trial might consider
• Placebo

• Careful control of diet

Effectiveness populations should be best current 
standard of care

• Will patient’s behavior differ when they know their 
treatment assignment?

46

Intervention

Efficacy and effectiveness populations may differ 
with respect to

• Dose

• Administration

• Duration

• Training

• Quality control

47

Ex: Insulin Dependent Diabetes

Efficacy trial might consider
• Glucose monitoring according to protocol

• Lengthy training

• Close monitoring and retraining when necessary

Effectiveness trial should strive for realistic setting
• What would instructions and training, monitoring be if 

treatment were efficacious

• What if treatment fails (use another)

48

Measurement of Outcome

Efficacy and effectiveness populations may differ 
with respect to

• Clinical measurement

• Timing of measurement
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Ex: Hypercholesterolemia

Efficacy trial might consider
• Lowering of serum cholesterol

• Means

Effectiveness trial should strive for relevant outcome
• Proportion exceeding acceptable thresholds

– Normal cholesterol levels 

• Time of survival

50

Which: Efficacy or Effectiveness

Factors leading to efficacy trials
• “Knowledge is good”

• As pilot studies before prevention studies 

Factors leading to effectiveness trials
• Serious conditions

– Patients generally want to get better

• Short therapeutic window for treatment

• Waiver of informed consent

– Do not withhold beneficial treatments in order to 
establish mechanisms

• High cost of clinical trials (time, people, $$)

51

Phase III Clinical Trials: Settings

Phase III: Common scenarios 
• Establish efficacy / effectiveness of new treatment

– superiority over no intervention

– superiority over existing treatment

• Establish equivalence with current treatment

– Two-sided equivalence: bioequivalence
• establish response not markedly higher or lower

– One-sided equivalence: noninferiority
• establish treatment not markedly worse

• perhaps superior on secondary endpoint

• Establish harm of existing treatment

52

Phase II Clinical Trials

Preliminary evidence of efficacy
• Goals:

– Screening for any evidence of treatment efficacy

– Incidence of major adverse effects

– Decide if worth studying in larger samples
• Gain information about best chance to establish efficacy

» Choose population, treatment, outcomes

• Methods

– Relatively small number of participants

– Participants closer to true target population

– Outcome often a surrogate

– Sometimes no comparison group (especially in 
cancer)

53

Screening Trials

Scenario 1: Only large trials
• Use 1,000,000 subjects

• Screen 1,000 new treatments

• Adopt 98 effective treatments

• Adopt 45 ineffective treatments

Scenario 2: Use of pilot studies
• Use 999,500 subjects

• Screen 12,500 new treatments

• Adopt 150 effective treatments

• Adopt 28 ineffective treatments

54

Screening Studies: Bottom Line

For the same number of patients
• Pilot studies increase the predictive value of a positive 

study.

• A greater number of effective treatments are identified 
due.

– Primarily due to the greater number of treatments 
screened.

(Different choices for statistical power in screening 
and confirmatory trials can be used to optimize 
strategy for a particular setting)
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Seamless Phase II / III Clinical Trials

Much recent interest in moving quickly from Phase II 
to Phase III studies

• Plan a Phase III study

• Incorporate early analysis of data to assess whether 
complete study

– Early analysis may be based on different endpoint

• Comments

– Major gain is related to timeline of accrual

– Only feasible if no changes based on early results
• Same eligibility, treatment, measurement of outcomes

– Blurs role of screening and confirmation
• Should early phase data be included in analysis?

» Valid only if no changes to protocol
56

Phase I Clinical Trials

Initial safety / dose finding in humans
• Goals:

– Pharmacokinetics / pharmacodynamics

– Incidence of major adverse effects

– Decide whether it is ethical to continue testing in 
humans

• Methods

– Relatively small number of participants

– Participants often not true target population

– Sometimes dose escalation

– Sometimes no comparison group
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Phase IV Clinical Trials

Therapeutic: Post-marketing surveillance 
• Goals:

– Monitor for rare serious events

– (Some “Phase IV” trials are of more interest for 
marketing than for science)

Prevention: Effectiveness 

58

Clinical Trial Design

Early Considerations

Where am I going?
Clinical trial design is an iterative process investigating a 
combination of

– disease

– (population)

– treatment

– outcome

59

Disease

A moving target heavily influenced by treatment
• Then: “fevers”

• Now: “MRSA-related pneumonia”

Trends over place and time in definition because
• Symptoms

– Cultural effects, earlier recognition, symptomatic 
treatments, comorbidities

• Signs

– New diagnostic modalities, other prevention 
strategies (e.g., TB vaccine) and treatments

• Unmet need

– Effective treatment discovered for subset of former 
definition of “disease”

60

Definition of Disease

Specify the disease targeted by the therapy
• Scientifically

– Putative cause, if known

• Clinically

– Diagnostic criteria
• Incident vs prevalent

• Symptoms

» Intensity, frequency, duration, response to treatment

• Signs

» Method of measurement

» Magnitude, reproducibility

• Ethically / Logistically / Statistically

– Restrictions according to phase of trial
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Definition of Therapy

Complete specification of therapy
• Dose

• Administration

• Frequency

• Duration

62

First Step: Thought Experiment

Decide the best measure of treatment outcome
• In a deterministic world where cost and logistics are not 

an issue, what are best measures of:

– Safety

– Efficacy

– Effectiveness

– Therapeutic index: Tradeoffs among the above

• Science should drive the decisions

– Clinically relevant endpoints most important

– Then consider what outcomes the treatment might 
plausibly affect

– (Logistics and statistical precision come later)

63

Scientific Basis

A clinical trial is planned to detect the effect of a 
treatment on some outcome

Statement of the outcome is a fundamental part of 
the scientific hypothesis

64

Ethical Basis

Generally, subjects participating in a clinical trial are 
hoping that they will benefit in some way from the 
trial

Clinical endpoints are therefore of more interest 
than purely biological endpoints

65

Multiple Comparison Problem

“When you go looking for something specific, 
your chances of finding it are very bad, 
because of all the things in the world, you’re 
only looking for one of them.

“When you go looking for anything at all, your 
chances of finding it are very good, because 
of all the things in the world, you’re sure to 
find some of them.”

- Darryl Zero in “The Zero Effect”
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Multiple Comparison Problem

“When you go looking for something specific, 
your chances of finding [a spurious 
association by chance] are very bad, because 
of all the things in the world, you’re only 
looking for one of them.

“When you go looking for anything at all, your 
chances of finding [a spurious association by 
chance] are very good, because of all the 
things in the world, you’re sure to find some 
of them.”
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Statistics and Game Theory

Multiple comparison issues
• Type I error for each endpoint

– In absence of treatment effect, will still decide a 
benefit exists with probability, say, .025

Multiple endpoints increase the chance of deciding 
an ineffective treatment should be adopted

• This problem exists with either frequentist or Bayesian 
criteria for evidence

• The actual inflation of the type I error depends

– the number of multiple comparisons, and

– the correlation between the endpoints 

68

Ex: Level 0.05 per Decision

Experiment-wise Error Rate

Number  Worst            Correlation

Compared  Case   0.00   0.30   0.50   0.75   0.90

1      .050   .050 .050 .050 .050 .050

2      .100   .098   .095   .090   .081   .070

3      .150   .143   .137   .126   .104   .084

5      .250   .226   .208   .184   .138   .101

10      .500   .401   .353   .284   .193   .127

20     1.000   .642   .540   .420   .258   .154

50     1.000   .923   .806   .624   .353   .193

69

Primary Endpoint: Clinical

Consider (in order)
• The most relevant clinical endpoint

– Survival, quality of life

• The endpoint the treatment is most likely to affect

• The endpoint that can be assessed most accurately 
and precisely

70

Additional Endpoints

Other outcomes are then relegated to a “secondary”
status

• Supportive and confirmatory

• Safety

Some outcomes are considered “exploratory”
• Subgroup effects

• Effect modification

71

Primary Endpoint: Clinical

Consider (in order of importance)
• The phase of study: What is current burden of proof?

• The most relevant clinical endpoint

– Survival, quality of life

– Proven surrogates for the above
• But how can we be sure?

• The endpoint the treatment is most likely to affect

– Therapies directed toward improving survival

– Therapies directed toward decreasing AEs

• The endpoint that can be assessed most accurately 
and precisely

– Avoid unnecessarily highly invasive measurements

– Avoid poorly reproducible endpoints
72

Multiple Endpoints

Sometimes we must consider multiple endpoints

We then control experimentwise error

Possible methods
• Composite endpoint 

– AND: Individual success must satisfy all

– OR: Individual success must only satisfy one

– AVERAGE: Sum of individual scores

– EARLIEST: e.g., event free survival

• Co-primary endpoints

– Must show improvement in treatment group on all 
endpoints

• No guarantee that the same subjects are experiencing the 
improvement
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Goal of Clinical Trial

Establish whether an experimental treatment will 
prevent a particular clinical outcome

• Incidence of disease

• Decreased quality of life

• Mortality

74

Problems

Relevant clinical outcomes are often relatively rare 
events that occur after a significant delay

• Believe that earlier interventions have greater chance 
of benefit

Difficulty in measuring clinical outcome
• Quality of life needs to be assessed over a sufficiently 

long period of time

75

Impact on Clinical Trial Design

Large sample size required to assess treatment 
effect on rare events

Long period of follow-up needed to assess 
endpoints

Isn’t there something else that we can do?

76

Motivation for Surrogate Endpoints

Hypothesized role of surrogate endpoints
• Find a biological endpoint which

– can be measured in a shorter timeframe,

– can be measured precisely, and

– is predictive of the clinical outcome

• Use of such an endpoint as the primary measure of 
treatment effect will result in more efficient trials

77

Identifying Potential Surrogates

Typically use observational data to find risk factors 
for clinical outcome

Treatments attempt to intervene on those risk 
factors

Surrogate endpoint for the treatment effect is then a 
change in the risk factor

78

Examples

Colon cancer prevention
• Two-fold increase in risk of colon cancer for patients 

with adenomatous colon polyps

• Prevention directed toward preventing colon polyps

• Treatment effect measured by decreased incidence of 
colon polyps

• True clinical outcome is preventing mortality
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Examples

AIDS
• HIV leads to suppression of CD4 cells

• Decreased CD4 levels correlates with development of 
AIDS

• Treatment effects measured by following CD4 counts

• True clinical outcome is prevention of morbidity and 
mortality

80

Examples

Coronary heart disease
• Poor prognosis in patients with arrhythmias following 

heart attack

• Therapies directed toward preventing arrhythmias

• Treatment effects measured by prevention of 
arrhythmias

• True clinical outcome is prevention of mortality

81

Examples

Liver failure
• Poor prognosis in patients who develop renal failure

• Therapies directed toward treating renal failure 
(dialysis)

• Treatment effects measured by creatinine, BUN

• True clinical outcome is prevention of mortality

82

Examples

Other surrogate endpoints used historically
• Cancer: tumor shrinkage

• Coronary heart disease: cholesterol, nonfatal MI, blood 
pressure

• Congestive heart failure: cardiac output

• Arrhythmia: atrial fibrillation

• Osteoporosis: bone mineral density

Future surrogates?
• Gene expression

• Proteomics

83

Problem

Establishing biologic activity does not always 
translate into effects on the clinical outcome

May be treating the symptom, not the disease
• Examples

– Concorde: ZDV improves CD4, not survival

– CAST: encainide, flecainide prevents arrhythmias, 
worsens survival

May be missing effect through other pathways
• Example

– Intl CGD group: Gamma-INF no affect on 
biomarkers, decreases serious infections

84

Scenario 1: The Ideal

Disease progresses to Clinical Outcome only 
through the Surrogate Endpoint

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time
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Scenario 1a: Ideal Surrogate Use

The intervention’s effect on the Surrogate Endpoint 
accurately reflects its effect on the Clinical Outcome

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention

86

Scenario 1b: Inefficient Surrogate

The intervention’s effect on the Surrogate Endpoint 
understates its effect on the Clinical Outcome

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention

87

Scenario 1d: Dangerous Surrogate

Effect on the Surrogate Endpoint may overstate its 
effect on the Clinical Outcome (which may actually 
be harmful)

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention

88

Scenario 2: Alternate Pathways

Disease progresses directly to Clinical Outcome as 
well as through Surrogate Endpoint

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

89

Scenario 2b: Inefficient Surrogate

Treatments’ effect on Clinical Outcome is greater 
than is reflected by Surrogate Endpoint

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention

90

Scenario 2d: Dangerous Surrogate

The effect on the Surrogate Endpoint may overstate 
its effect on the Clinical Outcome (which may 
actually be harmful)

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention
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Scenario 3: Marker

Disease causes Surrogate Endpoint and Clinical 
Outcome via different mechanisms

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

92

Scenario 3b: Inefficient Marker

Treatments’ effect on Clinical Outcome is greater 
than is reflected by Surrogate Endpoint

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention

93

Scenario 3c: Misleading Surrogate

Effect on Surrogate Endpoint does not reflect lack of 
effect on Clinical Outcome

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention

94

Scenario 3d: Dangerous Surrogate

Effect on the Surrogate Endpoint may overstate its 
effect on the Clinical Outcome (which may actually 
be harmful)

Disease

Surrogate
Endpoint

True Clinical
Outcome

Time

Intervention

95

Validation: What Doesn’t Work

It is not sufficient to establish that the surrogate 
endpoint predicts the clinical outcome in each 
treatment group separately

– Treatment can affect the distribution of the surrogate 
endpoint while increasing mortality in every level 

96

Hypothetical Example

Treatment           Control

Surrogate                       n        % die      n         % die

Low                               30        50%      10         30%

Medium                         40        60%      30         40%

High                              30        70%       60        50%

Total                             100        60%    100        45%
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Example: CARET

Beta-carotene supplementation for prevention of 
cancer in smokers

Treatment group had excess cancer incidence and 
death

Within each group, subjects having higher beta-
carotene levels in their diet had better survival

98

Prentice’s Criteria

A surrogate endpoint must be correlated with the 
clinical outcome

A surrogate endpoint must fully capture the net 
effect of treatment on the clinical outcome

• After adjustment for the surrogate endpoint, there must 
be no treatment effect on the clinical outcome

99

However…

The validity of a surrogate endpoint is dependent 
upon

• the disease

• the clinical outcome

• the treatment

Thus it is not possible to validate a surrogate 
endpoint for every combination of treatment and 
disease without doing a trial looking at the clinical 
outcome

100

Hence…

When considering a number of treatments that can 
be presumed to act in a similar manner, meta-
analyses of clinical trial results can sometimes be 
used to establish the suitability of a surrogate 
endpoint for other treatments in that class

• Even then, we must watch for outliers within such a 
meta-analysis

• Such outliers suggest that the presumption of similar 
action is violated

101

Bottom Line

Surrogate endpoints have a place in screening trials 
where the major interest is identifying treatments 
which have little chance of working

But for confirmatory trials meant to establish 
beneficial clinical effects of treatments, use of 
surrogate endpoints can (AND HAS) led to the 
introduction of harmful treatments

102

Clinical Trial Design

Refinement of Hypotheses

Where am I going?
The initial statements of the scientific aims typically need 
substantial refinement to obtain testable statistical 
hypotheses
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Clinical Trials: Limitations

Some medical questions cannot be answered by a 
clinical trial

• Difficulties in isolating specific causes

– E.g., isolating REM sleep from total sleep

– E.g., interactions between genetics and environment

• Difficulties in measuring potential effects

– E.g., measuring time to survival
• length of study

• competing risks

• Physiologic impossibility

– E.g., effect of sex on disease process

• Ethics

– E.g., establishing harm of a new substance
104

Can Statistics Help?

Litmus Test # 1:

• If the scientific question cannot be answered by an 
experiment when outcomes are entirely deterministic 
and cost/logistics are not an issue, there is NO chance 
that statistics can be of any help.

105

Typical Scientific Hypotheses

The treatment will cause an individual’s outcome to 
be

better than,

worse than, or

about the same as

an absolute standard, or

what it would have been 
with some other 
treatment

106

Counterfactual

The statement of the hypotheses assumed that it is 
possible to know what would have happened under 
some other treatment

• Generally we instead have to measure outcomes that 
are observed

– in another place (patient),

– at another time, and / or

– under different circumstances

107

Causation vs Association

Truly determining causation requires a suitable 
interventional study (experiment)

• Comparisons tell us about associations

• Associations in the presence of an appropriate 
experimental design allows us to infer causation

– But even then, we need to be circumspect in 
identifying the true mechanistic cause

• E.g., a treatment that causes headaches, and therefore 
aspirin use, may result in lower heart attack rates due 
entirely to the use of aspirin

108

First Statistical Refinement

The group that received the treatment will have 
outcome measurements that are

higher than,

lower than, or

about the same as

an absolute standard, or

measurements in an 
otherwise comparable 
group (that did not 
receive the treatment)
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Variation in Response

There is, of course, usually variation in outcome 
measurements across repetitions of an experiment

• Variation can be due to

– Unmeasured (hidden) variables
• In the process of scientific investigation, we investigate one 

“cause” in a setting where others are as yet undiscovered

• E.g., mix of etiologies, duration of disease, comorbid
conditions, genetics when studying new cancer therapies

– Inherent randomness
• (as dictated by quantum theory)

110

Second Statistical Refinement

The group receiving the treatment will tend to have 
outcome measurements that are

higher than,

lower than, or

about the same as

an absolute standard, or

measurements in an 
otherwise comparable 
group (that did not 
receive the treatment)

111

We Are Still Not Done

We have not yet refined our question into one that 
can be answered by a clinical trial.

In order to be able to answer the question we must
• Address scientific issues

• Address ethical issues

• Address statistical issues

112

Refine Scientific Hypotheses

• Target population

– Inclusion, exclusion, important subgroups

• Intervention

– Dose, administration (intention to treat)

• Measurement of outcome(s)

– Efficacy / effectiveness, toxicity

• Criteria for scientific credibility

– Superiority, approx equivalence, noninferiority, etc.

• Statistical hypotheses in terms of some summary 
measure of outcome distribution

– Mean, geometric mean, median, odds, hazard, etc.

113

Statistical Design

• Comparison groups

– Multiple treatments, doses, controls

• Randomization 

– Ratios, stratification, blocking

• Blinding

– Double, single, or only adjudicators

• Statistical analysis model

– Measure of treatment effect, covariate adjustment, 
(distributional assumptions?)

• Criteria for statistical evidence

– Frequentist, Bayesian

• Sampling scheme

– Sample size, stopping rules
114

We Are Still Not Done: Science

In order to be able to answer the question we must
• Address scientific issues

– Define what we mean by “otherwise comparable”
• Control group, randomization, blinding

– Define what we mean by “will tend to have”
• Probability model for response

» Nonparametric, semiparametric, parametric

• Summary measure of distribution

– Define scientific burden of proof
• Superiority, noninferiority, approximate equivalence, 

inferiority
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Scientific Issues

Controls

116

No Comparison Group

Appropriate when an absolute criterion for treatment 
effect exists

Single arm clinical trial
• Cohort design

• Includes “pre-post” designs

(Rarely do such absolute criteria exist. Instead, we 
are really invoking the use of results from previous 
investigations.)

117

Historical Controls

Single arm clinical trial

Compare results to
• Absolute criterion derived from historical trials

– Dishonest: Use only one-fourth the sample size

• Sample from historical clinical trial (better)

– More honest: Maybe only save half the sample size

118

Comment re Single Arm Trials

“There are only two types of researchers:
• those with a lot of enthusiasm and no controls, and

• those with a lot of controls and no enthusiasm.”

(unknown)

119

Disadvantages of Historical Controls

However, the validity of such methods is heavily 
dependent upon the historical trial being 
comparable in every way

• No changes in comparison treatment

• No changes in definition of study population

• No changes in ancillary treatments 

• No changes in measurement of treatment outcome

120

Conditions for Acceptability

Conditions for acceptability of historical control 
group (Pocock, J Chronic Disease, 1976)

• Such a group must have received a precisely defined 
standard treatment

• Group must have been a part of a recent clinical study 
containing the same requirements for patient eligibility

• Methods of treatment evaluation must be the same

• Distributions of important patient characteristics should 
be comparable

• Previous study must have been performed in the same 
organization with largely the same clinical investigators

• There must be no other indications leading one to 
expect differing results
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Attempted Statistical Solutions

Adjustment for confounders or propensity score 
analyses suffer from drawbacks noted by Byar
(Biometrics, 1980) and Simon (Ca Treat Rep, 1982):

• The variables that are measured and properly recorded 
typically explain only a small percentage in the 
variability in treatment group membership and 
treatment outcome.

– That is, the regression models used have a very low 
R2, thus our ability to have properly matched groups 
is rather low.

122

Internal Controls

Each subject serves as his/her own control
• Different treatments at different times

– washout period necessary

• Different treatments for different parts of body

– eye diseases, skin diseases

– need to avoid cross-contamination

In a “cross-over design”, order of treatments should 
be randomized

• Contrast with “before-after” single arm trial

123

Concurrent control group

Two or more treatment arms
• Placebo or standard therapy

• Active treatments

– Sometimes consider equivalence

• Multiple levels of same treatment

– Stronger evidence sometimes obtained from dose-
response

• Koch’s postulates

– Identifying optimal dose

124

Scientific Issues

Randomization

125

Cause and Effect

Necessary conditions for establishing cause and 
effect of a treatment

• The treatment should precede the effect

– Beware protopathic signs
• Marijuana and risk of MI within 3 hours

• When comparing groups differing in their treatment, the 
groups should be comparable in every other way

126

Major Scientific Tool

Randomization is the major way in which cause and 
effect is established

• Ensures comparability of populations

– Each treatment group drawn from same population

– Differences in other prognostic factors will only differ 
by random sampling

• Provides balance on the total effect of all other prognostic 
factors

• May not provide balance on each individual factor
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Analytic Randomization Models

Randomization model
• Conditions on the sample obtained

– E.g., permutation tests

– Pretends that all outcomes were pre-ordained 
absent a treatment effect

• Tests strong null hypothesis of no treatment effect 
whatsoever

– Under the null hypothesis, any difference in outcome 
must have been randomization imbalance

128

Analytic Randomization Models

Population model
• Ensures treatment arms drawn from same population 

initially

• Test weak null hypothesis of no treatment effect on 
summary measure of interest

– Can allow for treatment differences between arms 
on other aspects of outcome distribution

129

Analytic Randomization Models

Comments
• Randomization model does not typically allow testing of 

nonzero null hypotheses (e.g, noninferiority)

• Randomization model does not allow distribution-free 
estimation of confidence intervals

– For CI, we must know distribution under alternatives

• Assumption of strong null not in keeping with scientific 
method

– Assumptions are more detailed than primary 
question

• Primary question usually about first moment

• Semiparametric assumptions are about all moments

– Consider bone marrow transplantation

130

Randomization Ratio

Most efficient
• When test statistics involve a sum, choose ratio equal 

to ratio of standard deviations

Most ethical for patients on study
• Assign more patients to best treatment

– Many sponsors / patients presume new treatment

– Adaptive randomization: Play the winner

Most ethical for general patient population
• Whatever is most efficient (generally not adaptive)

Other goals
• Attaining sufficient patients exposed to new treatment

• Maintaining DSMB blind

131

Randomization Strategies

Complete randomization

Blocked randomization
• Ensure balance after every k patients

• Ensure closer adherence to randomization ratio

• Undisclosed block sizes to prevent bias

Stratified randomization
• Separately within strata defined by strong risk factors

– Lessens chance of randomization imbalance

• Need to consider how many variables can be used

Dynamic randomization
• Adaptive randomization to achieve best balance on 

marginal distribution of covariates
132

Points Meriting Repeated Emphasis

Clinical trials are primarily concerned with two 
variables

• Indicator of treatment

• Measurement of outcome

Additional variables might be of interest
• Effect modification

– Treatment effect differs within subgroups

• Confounding

– Variable associated with outcome and treatment

• Precision

– Less variability of response within strata
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Points Meriting Repeated Emphasis

Randomization is our friend…
• If we randomize, we do not (on average) need to worry 

about differences between the treatment groups with 
respect to factors present at time of randomization

– Any difference in outcomes can be attributed to 
treatment

• Again, recognize that treatment can lead to differential use 
of other ancillary treatments, however

But like all friends, we must treat it with respect.
• We must analyze our data in groups defined at the time 

of randomization

– Discarding or missing data on randomized subjects 
may lead to bias

• It certainly leads to diminished scientific credibility
134

Impact on Data Analysis

In presence of randomized treatment assignment
• Intent to treat analysis (ITT)

– Based on randomization

– “Modified ITT” acceptable for efficacy?
• Efficacy within strata identified pre-randomization

• Safety in all subjects

• Science: Population model (not randomization model)

– My view: “Permutation Tests Considered Harmful”

• Confounding not an issue (on average)

– P value measures probability of observed effects 
occurring due only to randomization imbalance

• Gain precision only if adjust for stratification variables

• If effect modification is concern  subgroup analyses

135

Scientific Issues

Blinding

136

Blinding

In studies with concurrent comparison groups, 
blinding of treatment assignment can minimize bias

• Single blind experiments:

– Participant is unaware of treatment assignment

• Double blind experiments:

– Neither participant nor provider know treatment 
assignment

• Triple blind experiments:

– Monitoring committee also semi-blinded

137

Advantages

Blinding can serve to
• Minimize “placebo effect”: A participant being treated 

does better than one not being treated, irrespective of 
the actual treatment

• Minimize investigator bias in assessing

– adverse events

– treatment outcomes

138

Logistical Issues

Blinding is not always possible
• Placebo not always possible to be identical in 

appearance

– weight of fiber, hardness of calcium, 

• Side effects of treatment may be noticeable

– skin discoloration with beta-carotene

• Burden of treatment may not be ethical

– surgery, hospitalizations
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Blinding Evaluation

When blinding of participants and investigators is 
not possible, blinded evaluation may be

• Must still ensure similar schedule of assessment

– side effects might lead to more frequent monitoring

• Competing risks (e.g., death from other causes) still a 
problem

140

Issues

Issues that must be addressed with blinded 
experiments

• Appearance of treatments

• Dosage, administration schedules

• Coding and dispensing treatments

• When and how to unblind

– Emergent situations

– Only unblind when treatment of toxicities differs 
between therapies

• Assessing how well the blind was maintained

141

Not Always Necessary

Blinding less of an issue with “harder” endpoints

• The more objective the measurement of outcome, the 
less important blinding is to the scientific credibility of a 
clinical trial.

• (Of course, the ideal is a blinded experiment with solidly 
objective endpoints.)

142

Blinding of DSMB

Options:
• Totally blinded

– Completely counter to the mission of the DSMB

• Semi-unblinded

– Initially data aggregated by “Arm A”, “Arm B”

– Officially unblinded when any member thinks he/she 
is unblinded or when any action would differ

• Any action includes heightened scrutiny

• Formal unblinding very important—there have been errors

– My personal preference at the first meeting (at least) 
to facilitate exchange of unbiased information

• Totally unblinded

– Recommended by Ellensberg, Fleming, DeMets

143

Scientific Issues

Definition of “Tends To”

144

Where Am I Going?

I have claimed that
• We usually address scientific questions using summary 

measures of probability distributions

I now claim that
• Selection of a summary measure is best based on 

scientific criteria



Design of Randomized Clinical Trials October 15, 2009

Scott S. Emerson, M.D., Ph.D. Part 1:25

145

For Each Outcome Define “Tends To”

In general, the space of all probability distributions is 
not totally ordered

• There are an infinite number of ways we can define a 
tendency toward a “larger” outcome

• This can be difficult to decide even when we have data 
on the entire population

– Ex: Is the highest paid occupation in the US the one 
with

• the higher mean?

• the higher median?

• the higher maximum?

• the higher proportion making $1M per year?

146

Statistical Issues

Need to choose a primary summary measure or 
multiple comparison issues result

Example: Type I error with normal data
• Any single test:                                             0.050

• Mean, geometric mean                                 0.057

• Mean, Wilcoxon 0.061

• Mean, geom mean, Wilcoxon 0.066

• Above plus median                                       0.085

• Above plus Pr (Y > 1 sd)                              0.127

• Above plus Pr (Y > 1.645 sd)                       0.169
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Primary Endpoint: Statistical

For a specific clinical endpoint, we still have to 
summarize its distribution

Consider (in order or importance)
• The most relevant summary measure of the distribution 

of the primary endpoint

– Based on a loss function?

– Mean, median, geometric mean, …

• The summary measurement the treatment is most likely 
to affect

• The summary measure that can be  that can be 
assessed most accurately and precisely
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Summary Measures

Typically we order probability distributions on the 
basis of some summary measure

• Statistical hypotheses are then stated in terms of the 
summary measure

– Primary analysis based on detecting an effect on 
(most often) one summary measure

• Avoids pitfalls of multiple comparisons

» Especially important in a regulatory environment
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Purposeful Vagueness

What I call “summary measures”, others might call 
“parameters”

• “Parameters” suggests use of parametric and 
semiparametric statistical models

– I am generally against such analysis methods

“Functionals” is probably the best word
• “Functional”= anything computed from a probability 

distribution function

• But too much of a feeling of “statistical jargon”
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Marginal Summary Measures

Many times, statistical hypotheses are stated in 
terms of summary measures for univariate
(marginal) distributions

• Means (arithmetic, geometric, harmonic, …)

• Medians (or other quantiles)

• Proportion exceeding some threshold

• Odds of exceeding some threshold

• Time averaged hazard function (instantaneous risk)

• …
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Comparisons Across Groups

Comparisons across groups then use differences or 
ratios

• Difference / ratio of means (arithmetic, geometric, …)

• Difference / ratio of proportion exceeding some 
threshold

• Difference / ratio of medians (or other quantiles)

• Ratio of odds of exceeding some threshold

• Ratio of hazard (averaged across time?)

• …

152

Joint Summary Measures

Other times groups are compared using a summary 
measure for the joint distribution

• Median difference / ratio of paired observations

• Probability that a randomly chosen measurement from 
one population might exceed that from the other

• …
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Transitivity

Distinction between marginal versus joint summary 
measures impacts comparisons across studies

• Comparison across studies important in

– Phases of drug development

– Meta-analyses

– Active controls

• Most often (always?) transitivity is not guaranteed 
unless comparisons can be defined using marginal 
distributions

– Intransitivity: Pairwise comparisons might suggest
• A > B, and

• B > C, but

• C > A

154

Can Statistics Help?

Litmus Test # 2:

• If the scientific researcher cannot decide on an ordering 
of probability distributions that would be appropriate 
when measurements are available on the entire 
population, there is NO chance that statistics can be of 
any help.

155

Can Statisticians Help?

While I claim that the choice of the definition for 
“tends to be larger” is primarily a scientific issue, 
statisticians do usually play an important role

• Quantifying how different summary measures capture 
key features of a probability distribution

• Ensuring that the statistical analysis model truly 
addresses the scientific goal

156

Criteria for Summary Measure

We choose some summary measure of the 
probability distribution according to the following 
criteria (in order of importance)

• Scientifically (clinically) relevant

– Also reflects current state of knowledge

• Is likely to vary across levels of the factor of interest

– Ability to detect variety of changes

• Statistical precision

– Only relevant if all other things are equal
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Example of Scientific Issues

E.g., Is the arithmetic mean’s sensitivity to outliers 
desirable or undesirable?

• Do we want to detect better infant mortality?

• Does making one person immortal make up for killing 
others prematurely?

E.g., Is the scientific importance of a difference in 
distribution best measured by the proportion 
exceeding some threshold?

• Is an increase in survival time only important if the 
patient eventually makes it out of intensive care?
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Common Practice

The overwhelming majority of statistical inference is 
based on means

• Means of continuous random variables

– t test, linear regression

• Proportions (means of binary random variables)

– chi square test (t test)

• Rates (means) for count data

– Poisson analyses
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Use of the Mean

Rationale
• Scientific relevance

– Measure of “central tendency” or “location”

– Related to totals, e.g. total health care costs

• Plausibility that it would differ across groups

– Sensitive to many patterns of differences in 
distributions (especially in tails of distributions)

• Statistical properties

– Distributional theory known

– Optimal (most precise) for many distributions

– (Ease of interpretation?)

160

When Not to Use the Mean

Lack of scientific relevance
• The mean is not defined for nominal data

• The mean is sensitive to differences that occur only in 
the tail of the distribution

– E.g., increasing the jackpot in Lotto makes one 
person richer, but most people still lose

• Small differences may not be of scientific interest

– Extend life expectancy by 24 hours

– Decrease average cholesterol in patients with 
familial hypercholesterolemia by 20 mg/dl
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When Not to Use the Mean

Intervention unlikely to affect the mean
• Sometimes we are interested in controlling variability

– E.g., thermostats are designed to maintain house 
temperature within a certain range

– E.g., control of blood glucose in diabetics?

• (This is not typically a major criterion for avoiding the 
mean: It is rare that the mean is not affected by an 
intervention.)
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When Not to Use the Mean

Statistical criteria
• In the presence of heavy tails (outliers)

– the mean is not estimated with high precision

– asymptotic distributional theory may not yet hold

• When adjusting for covariates, it may be unreasonable 
to expect the mean to show constant differences across 
subgroups

– Especially invoked with binary data
• (we most often use the odds instead) 
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Comments on Statistical Criteria

Many of the reasons used to justify other tests are 
based on misconceptions

• The validity of t tests does NOT depend heavily upon 
normally distributed data

– We use it all the time with binary data
• Handling mean-variance relationship is important in small 

samples

– Modern computation allows exact small sample 
inference for means in same manner as used for 
other tests

• The statistical theory used to demonstrate inefficiency 
of the mean is most often based on unreasonable (and 
sometimes untestable) assumptions

164

Example: Wilcoxon Rank Sum Test

Common teaching:
• A nonparametric alternative to the t test

• Not too bad against normal data

• Better than t test when data have heavy tails

• (Some texts refer to it as a test of medians)

165

More Accurate Guidelines

In general, the t test and the Wilcoxon are not 
testing the same summary measure

• Wilcoxon test statistic based on Pr(X > Y)

• Null distribution is a permutation test

– Wrong size as a test of Pr(X > Y) = ½
• (unless a semi-parametric model holds on some scale)

• (this can be fixed by modifying the null variance)

– Inconsistent test of F(t) = G(t)
• An infinite sample size may not detect the alternative

• And the Wilcoxon is not transitive

– It can allow decisions that A > B > C > A

166

More Accurate Guidelines

Efficiency theory derived when a shift model holds 
for some monotonic transformation

• If propensity to outliers is different between groups, the 
t test may be better even with heavy tails

167

Special Case: Censored Data

With right censored data, there is often a knee-jerk 
reaction to use the proportional hazards model

• There are some arguments I can make for robustness 
of this model in some cases:

– To the extent that the log hazard function is linear in 
log time over the support of the uncensored data, 
then Weibull may be a good approximation, and the 
Weibull does satisfy proportional hazards

However, censoring is a technical, not scientific 
problem, and the censoring distribution can 
influence the estimates from a PH analysis
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Hypothetical Example: Setting

(NOTE: This example does not pertain to RCT, but 
does illustrate an important point)

Consider survival with a particular treatment used in 
renal dialysis patients

• Extract data from registry of dialysis patients

– To ensure quality, only use data after 1995
• Incident cases in 1995: Follow-up 1995 – 2002 (8 years)

• Prevalent cases in 1995: Data from 1995 - 2002

» Incident in 1994: Information about 2nd – 9th year

» Incident in 1993: Information about 3rd – 10th year

» …

» Incident in 1988: Information about 8th – 15th year
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Hypothetical Example: Analysis

Methods to account for censoring/truncation
• Descriptive statistics using Kaplan-Meier

• Options for inference

– Parametric models
• Weibull, lognormal, etc.

– Semiparametric models
• Proportional hazards, etc.

– Nonparametric
• Weighted rank tests: logrank, Wilcoxon, etc.

• Comparison of Kaplan-Meier estimates
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Hypothetical Example: KM Curves
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171

Who Wants To Be A Millionaire?

Proportional hazards analysis estimates a 
Treatment : Control hazard ratio of

A:      2.07   (logrank P = .0018)

B:      1.13   (logrank P = .0018)

C:      0.87   (logrank P = .0018)

D:      0.48   (logrank P = .0018)

– Lifelines: 
• 50-50? Ask the audience? Call a friend?
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Who Wants To Be A Millionaire?

Proportional hazards analysis estimates a 
Treatment : Control hazard ratio of

B:      1.13   (logrank P = .0018)

C:      0.87   (logrank P = .0018)

– Lifelines: 
• 50-50? Ask the audience? Call a friend?
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Who Wants To Be A Millionaire?

How could you have known this?
• In PH, the standard error of log hazard ratio estimates 

is approximately 2 divided by the square root of the 
number of events.

– A P value of .0018 corresponds to | Z | = 3.13

– log(2.07) = -log(0.48) is approximately 0.7

– 3 x 2 / .7 is about 8.4

– Number of deaths would be about 72

– We had 5000+ subjects with survival estimated 
down to 30%
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Hypothetical Example: KM Curves

Time (years)

S
ur

vi
va

l P
ro

ba
bi

lit
y

0 5 10 15

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

Control

Treatment

Kaplan-Meier Curves for Simulated Data (n=5623)

At Risk
1000  903 1672 2234 2654 2843 3271 3451 3412 2806 2249 1766 1340  940  590  273

Hzd Rat
0.07 0.50 1.00 1.00 1.33 1.90 2.00 1.33 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00



Design of Randomized Clinical Trials October 15, 2009

Scott S. Emerson, M.D., Ph.D. Part 1:30

175

Who Wants To Be A Millionaire?

Proportional hazards analysis estimates a 
Treatment : Control hazard ratio of

B:      1.13   (logrank P = .0018)

The weighting using the risk sets made no scientific 
sense in this non-RCT, non-PH setting

• Statistical precision to estimate a meaningless quantity 
is meaningless

• Also: In the setting of non proportional hazards, all 
weighted logrank tests can be intransitive

176

Alternatives to Hazard Ratio

More scientifically useful summary measures
• Proportion surviving to a fixed point in time

– Distribution free estimates from Kaplan Meier

• Quantiles of the distribution

– Distribution free estimates from Kaplan Meier

• Restricted mean to a fixed point in time

– “Months of life saved during the first 3 years”

– Distribution free estimates from area under Kaplan 
Meier curve

In all cases need to consider precision, because KM 
curve extremely variable on right hand side

177

Comments

In any case, the decision regarding which parameter 
to use as the basis for inference sould be made 
prior to performing any analysis directly related to 
the question of interest

• Basing decisions regarding choice of analysis method 
on the observed data will tend to inflate the type I error

– Decrease our confidence in our statistical 
conclusions

178

Scientific Issues

Scientific Burden of Evidence

179

Common Goals of Clinical Trials

Establish evidence for
• Superiority

• Noninferiority

• Equivalence

• Nonsuperiority

• Inferiority
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Criteria for Selection

Fundamental criteria for choosing among these 
types of trials

• Under what conditions will we change our current 
practice by

– Adopting a new treatment

– Discarding an existing treatment
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Conditions for Change

Adopting a new treatment
• Better than using no treatment (efficacious)

• Equal to some existing efficacious treatment

• Better than some existing efficacious treatment

Discarding an existing treatment
• Worse than using no treatment (harmful)

• (? Equivalent to using no treatment)

• Not as efficacious as another treatment

182

Ethical Issues

When is it ethical to establish efficacy by comparing 
a treatment to no treatment?

When is it ethical to establish harm by comparing a 
treatment to no treatment?

183

Scientific Issues

How to define scientific hypotheses when trying to 
establish

• efficacy by comparing a new treatment to no treatment 

• efficacy by comparing a new treatment to an existing 
efficacious treatment

• superiority of one treatment over another

How to choose the comparison group when trying to 
establish efficacy by comparing a new treatment to 
an existing efficacious treatment
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Statistical Issues

How to choose sample size to discriminate between 
scientific hypotheses

• To establish difference between treatments

• To establish equivalence between treatments

185

Goals of Equivalence Studies

Interplay of ethical, scientific, and statistical issues
• Ethics often demands establishing efficacy by 

comparing new treatment to an active therapy

• Scientifically the relevant hypothesis is then one of 
equivalence

• Statistically it takes an infinite sample size to prove 
exact equivalence

186

Superiority over No Treatment

Desire to establish that a new treatment is better 
than nothing (efficacious)

• New treatment will be added to some standard therapy 
if shown to be efficacious

• Placebo controlled if possible

– “If it is ethical to use a placebo, it is not ethical not 
to” (Lloyd Fisher)
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Superiority over Existing Treatment

Desire to establish that a new treatment is better 
than some existing treatment

• An efficacious treatment already in use

• New treatment will replace that efficacious treatment if 
shown to be superior

• Not ethical or of interest to merely prove efficacy

• Active control group

188

Common to Both

In either case, the goal of superiority trials is to rule 
out equality between two treatments 

• And thus also rule out inferiority of the new treatment

189

Noninferiority Trials

Desire to establish that a new treatment is not so 
much worse than some other treatment as to be 
nonefficacious

• Show new treatment is efficacious

– New treatment will be made available if it provides 
benefit

– An efficacious treatment already in use

– Not ethical to compare new treatment to no 
treatment

– Active control group
• But, we need not be superior to the active group, nor 

ostensibly even at the same level of efficacy

190

Use of Noninferiority Trials

Noninferiority trials of use when
• Trying to adopt a new treatment without the expense of 

proving superiority

– Often the sponsor actually believes it is superior

• Trying to improve secondary endpoints without 
removing efficacy on primary endpoint

– E.g., in cancer chemotherapy, adverse events often 
correlated with efficacy

191

Two-sided Equivalence Studies

Desire to rule out all differences of clinical relevance
• Show new treatment is approximately equivalent to 

existing treatment

– New treatment will be made available if it provides 
approximately same level of benefit as existing 
treatment

– Goal can be establishing efficacy or just establishing 
no harm

– Key is in definition of “approximately equivalent” in a 
way to rule out the minimal clinically important 
differences

192

Nonsuperiority Trials

Desire to establish that a new treatment is not so 
much better than some other treatment as to be of 
further interest

• Nonsuperiority trials analogous to noninferiority trials

– Goal to rule out modest levels of benefit

• More an issue of futility of continuing to investigate a 
new treatment
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Inferiority Trials: Placebo

Show  treatment worse than nothing (harmful)
• Existing treatment will be discarded if shown to be 

harmful

• Usually not ethical with new treatments

• Proved to be valuable with

– beta-carotene in cancer prevention

– hormone replacement therapy in cardiovascular 
disease

194

Inferiority Trials: Active Control

Show one treatment worse than another treatment
• Inferior treatment will be discarded

• Usually only ethical with two efficacious treatments

• Distinction between “treatment” and “control” groups 
blurred

195

Unifying Principle

Type of clinical trial defined by types of hypotheses 
rejected

• The hypothesis “accepted” is one of exclusion.

• Basic statistical principle

– A distinction must be made between
• Clinical trial results that are consistent with a hypothesis

• Clinical trial results that establish a hypothesis

– We regard a hypothesis as “established” by a clinical 
trial only if the other hypotheses of interest have 
been eliminated

196

Statistical Implications

Looking Ahead:

When confidence intervals are used as the criteria 
for statistical evidence

• Superiority, noninferiority, equivalence, nonsuperiority, 
and inferiority trials are distinguished only by

– defining the hypotheses which you desire to 
discriminate

– choosing sample sizes to ensure that confidence 
intervals will discriminate between those hypotheses

197

Issues with Active Control Groups

Choice of hypotheses
• minimal difference that it is scientifically important to 

detect

• maximal difference that it is ethical to allow

Choice of controls
• there is an element of historical controls being used

198

Choice of Hypotheses

The existing treatment has (hopefully) been shown 
to be efficacious previously

• Treatment effect was estimated from a sample

• How should we choose a difference that would still 
establish that the new treatment is efficacious?

– Consider the lower bound confidence interval for the 
treatment effect of the control treatment?

– Perform an analysis using the estimates and 
standard errors from the historical studies?

• Ethical constraints

– How much of a decrease in efficacy is ethical

– A treatment that is efficacious may still be proven 
inferior to another therapy
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Choice of Patient Eligibility

In using an existing treatment, we are relying on 
prior experience to tell us it is efficacious

• However:

– Few treatments are truly equally efficacious in all 
patients

– Must avoid selecting a subpopulation of patients 
where the existing treatment is ineffective

200

Guiding Principles

Historically, could active control be relied upon to 
have worked in current setting

– Could trial be relied upon to truly declare an inferior 
treatment inferior?

• Issues

– Definitions of disease, outcomes

– Nonresponders

– Compliance

– Ancillary treatments, time trends

201

Superiority over Active Control

When testing for superiority of a new treatment over 
active control

• There is an issue that we might not accrue patients for 
whom the active control is known to work well

– The “active control” may in fact be harmful in the 
subset of patients actually accrued

• All of the toxicity, none of the benefit

• Nevertheless, if the active control would be the de facto
standard, superiority of a new treatment is still of 
population benefit

– Even if worse than placebo, use of the new 
treatment is better than the current standard

202

Noninferiority with Active Control

When testing for noninferiority of a new treatment 
over active control

• We must worry that we are allowing adoption of a new 
treatment that is only proven to be not markedly worse 
than a possibly ineffective or harmful standard in the 
accrued patients

• In choosing the margin, do we formally attenuate the 
estimated effect to account for this possibility?

• In testing for noninferiority we must account for 
variability in prior studies

– Game theory: We must not allow the sponsor to 
choose the lowest threshold
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We Are Still Not Done: Ethics

In order to be able to answer the question we must
• Address ethical issues

– Ensure no subjects unnecessarily exposed to 
inferior therapy

• Refine what we mean by “population”

• Define an efficient sampling scheme

– Acknowledge need for / right of subjects to withdraw
• Refine what we mean by “therapy”

» A complete therapeutic strategy accounting for 
“noncompliance”

• Refine what we mean by “outcome”

» Account for “stopping drug” vs “study drop-out”

204

Ethical Issues

Intervention
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Treatment Strategies

In human experimentation, we never test a 
treatment

• We may not ethically force people to continue a therapy

• It may not be medically advisable to even want a 
patient to continue

– Patients may discontinue a therapy due to headache

– If forced to continue, those patients may have CVA

Instead we test a treatment strategy
• We prescribe an initial treatment

• Patients may also receive ancillary treatments

– These may be precipitated by experimental therapy

• Patients may progress to other therapies
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Definition of Treatments

Full description
• Formulation of treatment

• Dose, administration, frequency, duration

– Rules for responsive dosing (e.g., insulin)

– Include plans for
• Treatment of adverse events

• Dose reduction

• Dose discontinuation

• Ancillary treatments

– Prescribed vs allowed vs prohibited
• (Distinguish safety issues from efficacy issues)
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Special Issues

Ultimately, the scientific credibility of the clinical trial 
stems from our ability to assign a treatment to the 
participants

• Ideally we do this in a random fashion

• At a given point in time, we can only assign a strategy

– Competing risks may make treatment impossible

– Intervening events may change indications

– Informed consent can be withdrawn

• We must avoid ruining the comparisons of strategies

– Naïve attempts to compare “treatment” may ruin our 
ability to assess what really can be tested
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Ramifications

Possible actions on progression
• Stay the course

– “Progression” dichotomizes a continuous process

– Treatment may be delaying that process

• Advance to other therapies

– Ideally the same for both treatment arms

• Cross-over to other arm

– Sometimes motivated to increase sample treated

– A huge scientific mistake but
• Ethics sometimes demands it

» PA catheterization vs central line

» Pemetrexed vs docetaxel
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Comments

Can there be a noncompliant subject?
• Experimentally: NO

– By definition, all patients are following our strategy of 
having been told what treatment to take

• Clearly addresses effectiveness questions

• If efficacy had been our goal:

» Exclude noncompliant patients as much as possible

» Increase sample size to deal with attenuation

• Safety: MAYBE

– We do have to worry that adherence to treatment 
strategy may change after reporting efficacy

• We will only have tested safety under the compliance 
actually achieved

– Measuring compliance is important for interpretation 
210

Ramifications

An important distinction needs to be made between
• “Stopping study drug”

– This may happen due to
• Adverse events

• Progression

• Study burden

– While we hope for high compliance
• Badgering patients to remain on therapy can lead to worse 

adverse events or the quitting the study

– In the event of stopping study drug, all follow-up of 
primary outcomes should proceed as planned

• “Withdrawing consent”

– No further data will be available
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Missing Data

Ideal: 

“Just say no.”
(Nancy Reagan)

Real life: 

“Missing data happens”
(Bumper Sticker-

rough translation)

212

Types of Missing Data

Ignorable
• We can safely throw out the cases with missing data 

without biasing our results

Nonignorable
• Omitting cases with missing data leads to erroneous 

conclusions

213

Solutions?

“If certain girls don't look at you
It means that they like you a lot
If other girls don't look at you
It just means they're ignoring you
How can you know, how can you know?
Which is which, who's doing what?
I guess that you can ask 'em
Which one are you baby?
Do you like me or are you ignoring me?”

Dan Bern, “Tiger Woods”
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Sad Facts of Life

“Bloodsuckers hide beneath my bed”
“Eyepennies”, Mark Linkous (Sparklehorse)

Typically, nothing in your data can tell you whether 
missing data is ignorable or nonignorable

• You just have to deal with what you worry about

• At the time of study design, plans should be made

– Sensitivity analyses?
• Worst case for new treatment, best for control; vice versa

– Imputation?

– Ignore?

215

Ethical Issues

Defining the Target Population

216

Scientific Basis

A patient population for whom
• An improved treatment is desired

• There is no contraindication to the use of the 
investigational treatment

• The investigational treatment might reasonably be 
expected to work

– Furthermore: the degree of benefit is expected to be 
nearly the same for all subgroups of patients that 
can be identified beforehand
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Clinical basis

For clinical utility, the definition of the target 
population must be based on information commonly 
available prior to start of treatment

• Definitions based on diagnostic criteria available only 
after some delay should be avoided

– e.g., bacterial culture is often only available 24 hours 
after start of therapy

• Definitions based on diagnostic tests that are not 
routinely available should be avoided

– genetic profile?

– clinical utility versus basic science

218

Target Population

Patient population should generally reflect clinical 
basis as closely as possible

• Exception: when it is ethical to conduct a clinical trial to 
answer a basic science question

Additional concerns in clinical trial setting
• Clinical equipoise among choice of all possible 

treatment assignments

• Conservatism in using untested treatments

• Patients’ compliance with heightened surveillance in a 
clinical study

219

Documentation

Precise definition of target patient population is 
crucial

• Scientific: 

– Materials and methods of scientific experiment

• Clincal:

– Generalization of safety outcomes

– Generalization of efficacy outcomes

220

Inclusion / Exclusion Criteria

Inclusion / exclusion criteria define target population

Source of patients also of great interest for 
generalizability

• Primary care versus tertiary care centers’ patient 
populations

• Regional differences in possible effect modifiers

– environmental exposures

– genetic factors
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Conceptual Framework

Population of patients with disease
• Definition of disease by cause vs signs / symptoms

Subpopulation with disease targeted by intervention
• I argue “disease” is really defined by treatment

Subpopulation eligible for study accrual
• Restricted due to general clinical trial setting

Eligible patients from which sampled
• Restricted due to specific clinical trial (location, time)

Study sample 
• Restricted due to willingness to participate

222

Ideal

The study sample should look like a random sample 
from the subpopulation of all diseased patients who 
would ultimately be judged suitable for the 
intervention.

• Negligible impact of restrictions due to clinical trial 
procedures

• Negligible impact of restrictions due to locale of clinical 
trial

• High participation rate by eligible patients
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Safety Considerations

In conduct of clinical trial may want to exclude some 
patients

• Need to consider whether at-risk patients should be 
exposed to unproven therapy

– Pregnancy

– Children

– Liver, renal, heart disease

– Elderly

224

Safety Considerations

Generalizing study results: Efficacy vs effectiveness
• Treatment may have to be delivered to a population 

larger than studied

– Diagnostic procedures after approval may be less 
rigorous

• Time requirements: Definition of gram negative sepsis

• “Diagnostic creep”

– If some disease has no treatment, then there may 
be tendency to diagnose a disease that does

• Gram negative sepsis, non VT/VT cardiac arrest

• Off-label use 
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Inclusion / Exclusion Criteria

Inclusion criteria: 
• Definition of ultimate target population

Exclusion criteria: 
• Exceptions required for clinical trial setting

Above definitions based on my ideal. 
• In fact, the safety and efficacy of the investigation 

treatment will only have been established in patients 
meeting both inclusion and exclusion criteria

226

Inclusion Criteria

Objective criteria of disease
• Strive for common clinical definitions

• Minimize subjective criteria

Measures of severity of disease that might preclude 
inclusion in target population

• mild disease might not be of interest

• severe disease might not be ethical
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Inclusion Criteria

Subgroups of interest
• E.g., age: adult vs children (though avoid unnecessary 

restriction)

• E.g., not candidate for surgery or having failed other 
treatments

• E.g., genetic subtype

Contraindications to treatment
• Ideally, only if ultimate labeling of treatment would 

include such contraindications

• E.g., liver disease, renal disease, diabetes
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Exclusion Criteria

Contraindications to treatments in clinical trial 
setting

• E.g., safety concerns with new drug that might lead to 
compliance issues with unproven efficacy

• E.g., contraindication to comparison treatment

• E.g., language barriers

Requirements for evaluation of treatment outcome
• E.g., lack of measurable disease

• E.g., inability to make clinic visits

• E.g., simultaneous participation in other clinical trials
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Exclusion Criteria

Requirements for compliance to protocol
• E.g., not passing a run-in period

• (but need to avoid lessening generalizability)

Requirements for ethical investigation
• unwillingness or inability to provide informed consent

230

Comments re Specification

Criteria for inclusion / exclusion should consider
• Methods of measurement

• Need for  and impact of multiple measurements

– effect of more frequent surveillance

– possible contradictory measurements

• Time frames for all criteria

– usually stated relative to randomization
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We Are Still Not Done: Statistics

In order to be able to answer the question we must
• Address statistical issues

– Criteria for statistical evidence
• Frequentist vs Bayes

– Statistical models for analysis

– Sample size 

– Sampling plan

232

Statistical Issues

Statistical Criteria for Evidence

Frequentist vs Bayesian

233

Hallmark of Frequentist Inference

Frequentist inference considers the distribution of 
the data under a presumed (fixed) treatment effect

• Point estimates that are unbiased across (conceptual) 
replications of the experiment

• Confidence intervals that indicate the hypotheses that 
might be expected to generate data like that obtained

• P values that measure the probability of obtaining the 
observed data under the null

• Power is the probability of obtaining a low P value

Analogy to medical diagnosis
• P value = 1 – specificity

• Power = sensitivity

234

Hallmark of Frequentist Inference

Frequentist inference considers the distribution of 
the data conditional on a presumed (fixed) treatment 
effect
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Bayesian Paradigm

In the Bayesian paradigm, the parameter measuring 
treatment effect is regarded as a random variable

• A prior distribution for     reflects

– Knowledge gleaned from previous trials, or

– Frequentist probability of investigators’ behavior, or

– Subjective probability of treatment effect

Analogy to medical diagnosis
• Prior distribution = prior prevalence
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Posterior Distribution

Bayes’ rule is used to update beliefs about 
parameter distribution conditional on the observed 
data
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Bayesian Inference

Bayesian inference based on posterior distribution 
• Point estimates:

– A summary measure of the posterior probability 
distribution (mean, median, mode)

• Interval estimates: 

– Set of hypotheses having highest posterior density

• Decisions (tests):

– Reject a hypothesis if its posterior probability is low

– Quantify the posterior probability of the hypothesis

Analogy to medical diagnosis
• Predictive value of positive, negative

238

Information Required for Inference

Information required for inference
• Frequentist

– Tests: need the sampling distribution under the null

– Estimates: need the sampling distribution under all 
hypotheses

• Bayesian

– Tests and estimates: need the sampling distribution 
under all hypotheses and a prior distribution

239

Frequentist vs Bayesian

Frequentist
• A precise (objective) answer to not quite the right 

question

• Well developed nonparametric and moment based 
analyses (e.g., GEE)

• Conciseness of presentation

Bayesian
• A vague (subjective) answer to the right question

• Adherence to likelihood principle in parametric settings 
(and coarsened approach)

240

Example: 4 Full Houses in Poker

Bayesian:
• Knows the probability that I might be a cheater based 

on information derived prior to observing me play

• Knows the probability that I would get 4 full houses for 
every level of cheating that I might engage in

• Computes the posterior probability that I was not 
cheating (probability after observing me play)

• If that probability is low, calls me a cheater
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Example: 4 Full Houses in Poker

Frequentist:
• Hypothetically assumes I am not a cheater

• Knows the probability that I would get 4 full houses if I 
were not a cheater

• If that probability is sufficiently low, calls me a cheater

– Even if the frequentist dealt the cards!
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Frequentist AND Bayesian

I take the view that both approaches need to be 
accomodated in every analysis

• Goal of the experiment is to convince the scientific 
community, which likely includes believers in both 
standards for evidence

• Bayesian priors should be chosen to reflect the 
population of priors in the scientific community

243

Statistical Issues

Statistical Analysis Models

244

History

In the development and (especially) teaching of 
statistical models, parametric models have received 
undue emphasis

• Examples:

– t test is typically presented in the context of the 
normal probability model

– theory of linear models stresses small sample 
properties

– random effects specified parametrically

– Bayesian (and especially hierarchical Bayes) models 
are replete with parametric distributions

245

The Problem

Incorrect parametric assumptions can lead to 
incorrect statistical inference

• Precision of estimators can be over- or understated

– Hypothesis tests do not attain the nominal size

• Hypothesis tests can be inconsistent

– Even an infinite sample size may not detect the 
alternative

• Interpretation of estimators can be wrong
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Inflammatory Assertion

(Semi)parametric models are not typically in 
keeping with the state of knowledge as an 
experiment is being conducted

• The assumptions are more detailed than the hypothesis 
being tested, e.g.,

– Question: How does the intervention affect the first 
moment of the probability distribution?

– Assumption: We know how the intervention affects 
the 2nd, 3rd, …, ∞ central moments of the 
probability distribution.
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Foundational Issues: Null

Which null hypothesis should we test?
• The intervention has no effect whatsoever

• The intervention has no effect on some summary 
measure of the distribution

ttGtF  ),()(:H 0

00 :H  
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Foundational Issues: Alternative

What should the distribution of the data under the 
alternative represent?

• Counterfactual

– An imagined form for F(t), G(t) if something else 
were true

• Empirical

– The most likely distribution of the data if the 
alternative hypothesis about      were true 
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My Views

The null hypothesis of greatest interest is rarely that 
a treatment has no effect

• Bone marrow transplantation

• Women’s Health Initiative

• National Lung Screening Trial

The empirical alternative is most in keeping with 
inference about a summary measure

250

Statistical Models

How are (semi)parametric assumptions really used 
in statistical models?

• Choice of functional for comparisons

– (Should use scientific loss function)

• Formula for computing the estimate of the functional

– (Should be distribution-free)

• Distributional family for the estimate

– (CLT: Typically asymptotically normal – like it or not)

• Mean-variance relationship across alternatives

– (This is what matters)

• Shape of distribution for data

– (Only matters for prediction)
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(Semi)parametric Example

Survival cure model (Ibrahim, 1999, 2000)
• Probability model 

– Proportion πi is cured (survival probability 1 at ∞) in 
the i-th treatment group

– Noncured group has survival distribution modeled 
parametrically (e.g., Weibull) or semiparametrically
(e.g., proportional hazards)

– Treatment effect is measured by θ = π1 – π0

• The problem as I see it: Incorrect assumptions about 
the nuisance parameter can bias the estimation of the 
treatment effect
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Unified Approach

Joint distribution for data and parameter

Frequentist considers

Bayesian considers
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Issues to be Addressed

Choice of probability model for data
• For unified approach to make sense, the frequentist

and Bayesian should use the same conditional 
distribution of the data

– Science
• Ensure that inference is about important summary measure 

– “Law of the Unconscious Frequentist”:
• Gravitate toward models with good distribution free 

behavior

Choice of prior distributions
• Conjugate Normal, or

• Everyone brings his/her own
254

Distribution-Free Approach

Joint distribution for data and parameter

Frequentist considers

Bayesian considers
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Statistical Issues

Sample Size Specification

Fixed Sample Tests

256

The Enemy

“Let’s start at the very beginning, a very 
good place to start…”

- Maria von Trapp

(as quoted by Rodgers and Hammerstein)

257

Scientific Experimentation

At the end of the experiment, we want to present 
results that are convincing to the scientific 
community

• The limitations of the experiment must be kept in mind

“Statistics means never having to say you are certain.”

-ASA T-shirt

• This also holds more generally for science

– Distinguish results from conclusions
• Dirac’s sheep

258

Reporting Inference

At the end of the study analyze the data

Report three measures (four numbers)
• Point estimate

• Interval estimate

• Quantification of confidence / belief in hypotheses
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Reporting Frequentist Inference

Three measures (four numbers)
• Consider whether the observed data might reasonably 

be expected to be obtained under particular hypotheses

– Point estimate: minimal bias? MSE?

– Confidence interval: all hypotheses for which the 
data might reasonably be observed

– P value: probability such extreme data would have 
been obtained under the null hypothesis

• Binary decision: Reject or do not reject the null according 
to whether the P value is low

260

Reporting Bayesian Inference

Three measures (four numbers)
• Consider the probability distribution of the parameter 

conditional on the observed data

– Point estimate: Posterior mean, median, mode

– Credible interval: The “central” 95% of the posterior 
distribution 

– Posterior probability: probability of a particular 
hypothesis conditional on the data

• Binary decision: Reject or do not reject the null according 
to whether the posterior probability is low
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Parallels Between Tests, CIs

If the null hypothesis not in CI, reject null
– (Using same level of confidence)

Relative advantages
• Test only requires sampling distn under null

• CI requires sampling distn under alternatives

• CI provides interpretation when null is not rejected

262

Scientific Information

“Rejection” uses a single level of significance
• Different settings might demand different criteria

P value communicates statistical evidence, not 
scientific importance

Only confidence interval allows you to interpret 
failure to reject the null: 

• Distinguish between

– Inadequate precision (sample size)

– Strong evidence for null

263

Hypothetical Example

Clinical trials of treatments for hypertension
• Screening trials for four candidate drugs 

– Measure of treatment effect is the difference in 
average SBP at the end of six months treatment

– Drugs may differ in
• Treatment effect (goal is to find best)

• Variability of blood pressure

– Clinical trials may differ in conditions
• Sample size, etc.

264

Reporting P values

Study                                P value

A                                   0.1974

B                                   0.1974

C                                   0.0099

D                                   0.0099
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Point Estimates

Study       SBP Diff                 

A          27.16                   

B           0.27                   

C          27.16                   

D           0.27                   

266

Point Estimates

Study       SBP Diff                 P value

A          27.16                    0.1974

B           0.27                    0.1974

C          27.16                    0.0099

D           0.27                    0.0099
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Confidence Intervals

Study       SBP Diff      95% CI     P value

A          27.16    -14.14, 68.46   0.1974

B           0.27     -0.14,  0.68   0.1974

C          27.16      6.51, 47.81   0.0099

D           0.27      0.06,  0.47   0.0099
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Interpreting Nonsignificance

Studies A and B are both “nonsignificant”
• Only study B ruled out clinically important differences

• The results of study A might reasonably have been 
obtained if the treatment truly lowered SBP by as much 
as 68 mm Hg

269

Interpreting Significance

Studies C and D are both statistically significant 
results

• Only study C demonstrated clinically important 
differences

• The results of study D are only frequently obtained if 
the treatment truly lowered SBP by 0.47 mm Hg or less

270

Bottom Line

If ink is not in short supply, there is no reason not to 
give point estimates, CI, and P value

If ink is in short supply, the confidence interval 
provides most information

• (but sometimes a confidence interval cannot be easily 
obtained, because the sampling distribution is unknown 
under the null)
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But: Impact of “Three over n”

The sample size is also important
• The pure statistical fantasy

– The P value and CI account for the sample size

• The scientific reality

– We need to be able to judge what proportion of the 
population might have been missed in our sample

• There might be “outliers” in the population

• If they are not in our sample, we will not have correctly  
estimated the variability of our estimates

– The “Three over n” rule provides some guidance
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Real World Example

Consider the following data:

0, 0, 0, 0, 0, 0, 0, 0, 0,

0, 0, 0, 0, 0, 0, 0, 0, 0,

0, 0, 0, 0, 0, 0, 7

Do we throw out the outlier?
• What would we have said after the first 24 

observations?
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Elevator Stats: 0 events in n trials

Two-sided confidence intervals fail in the case 
where there are either 0 or n events observed in n 
Bernoulli trials

– If Y=0, there is no lower confidence bound

– If Y=n, there is no upper confidence bound

• We can, however, derive one-sided confidence bounds 
in that case
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Upper Conf Bnd for 0 Events

Exact upper confidence bound when all 
observations are 0
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Large Sample Approximation
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Elevator Stats: 0 Events in n trials

“Three over n rule”
• log (.05) = -2.9957

• In large samples, when 0 events observed, the 95% 
upper confidence bound for p is approximately 3 / n

99% upper confidence bound
• log (.01) = -4.605

• Use 4.6 / n as 99% upper confidence bound
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Elevator Stats vs Exact

When X=0 events observed in n Bernoulli trials

95% bound         99% bound

n     Exact   3/n       Exact   4.6/n

2    .7764   1.50      .9000  2.3000

5    .4507    .60      .6019   .9200

10    .2589    .30      .3690   .4600

20    .1391    .15      .2057   .2300

30    .0950    .10      .1423   .1533

50    .0582    .06      .0880   .0920

100    .0295    .03      .0450   .0460
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Real World Example

How many people die on a space shuttle launch:

Data as of January 28, 1986:

0, 0, 0, 0, 0, 0, 0, 0, 0,

0, 0, 0, 0, 0, 0, 0, 0, 0,

0, 0, 0, 0, 0, 0, 7

Do we throw out the outlier?
• What would we have said after the first 24 

observations?

– 95% upper bound on failure rate  3/24 = 12.5%
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Full Report of Analysis

Study    n  SBP Diff      95% CI     P value

A     20   27.16    -14.14, 68.46   0.1974

B     20    0.27     -0.14,  0.68   0.1974

C     80   27.16      6.51, 47.81   0.0099

D     80    0.27      0.06,  0.47   0.0099
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Interpreting a “Negative Study”

This then highlights issues related to the 
interpretation of a study in which no statistically 
significant difference between groups was found

• We have to consider the “differential diagnosis” of 
possible situations in which we might observe 
nonsignificance
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General approach

Refined scientific question
• We compare the distribution of some response variable 

differs across groups

– E.g., looking for an association between smoking 
and blood pressure by comparing distribution of SBP 
between smokers and nonsmokers

• We base our decisions on a scientifically appropriate 
summary measure 

– E.g., difference of means, ratio of medians, …
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Interpreting a “Negative Study”

Possible explanations for no statistically significant 
difference in estimate of 

• There is no true difference in the distribution of 
response across groups

• There is a difference in the distribution of response 
across groups, but the value of  is the same for both 
groups 

– (i.e., the distributions differ in some other way)

• There is a difference in the value of  between the 
groups, but our study was not precise enough 

– A “type II error” from low “statistical power”
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Interpreting a “Positive Study”

Analogous interpretations when we do find a 
statistically significant difference in estimate of 

• There is a true difference in the value of 
• There is no true difference in , but we were unlucky 

and observed spuriously high or low results

– Random chance leading to a “type I error”
• The p value tells us how unlucky we would have had to 

have been 

– (Used a statistic that allows other differences in the 
distn to be misinterpreted as a difference in 

• E.g., different variances causing significant t test)
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Bottom Line

I place greatest emphasis on estimation rather than 
hypothesis testing

When doing testing, I take more of a decision 
theoretic view

• I argue this is more in keeping with the scientific 
method

All these principles carry over to sequential testing
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Refining Scientific Hypotheses

Scientific hypotheses are typically refined into 
statistical hypotheses by identifying some parameter 
 measuring difference in distribution of response

• Difference/ratio of means

• Ratio of geometric means

• Difference/ratio of medians

• Difference/ratio of proportions

• Odds ratio

• Hazard ratio
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Inference

Generalizations from sample to population
• Estimation 

– Point estimates

– Interval estimates

• Decision analysis (testing)

– Quantifying strength of evidence
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Measures of Precision

Estimators are less variable across studies
• Standard errors are smaller

Estimators typical of fewer hypotheses
• Confidence intervals are narrower

Able to statistically reject false hypotheses
• Z statistic is higher under alternatives
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Criteria for Precision

Standard error

Width of confidence interval

Statistical power
• Probability of rejecting the null hypothesis

– Select “design alternative”

– Select desired power
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Statistics to Address Variability

At the end of the study:
• Frequentist and/or Bayesian data analysis to assess 

the credibility of clinical trial results

– Estimate of the treatment effect
• Single best estimate

• Precision of estimates

– Decision for or against hypotheses
• Binary decision

• Quantification of strength of evidence
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Sample Size Determination

Based on sampling plan, statistical analysis plan, 
and estimates of variability, compute

• Sample size that discriminates hypotheses with desired 
power, or

• Hypothesis that is discriminated from null with desired 
power when sample size is as specified, or

• Power to detect the specific alternative when sample 
size is as specified
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Sample Size Computation
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When Sample Size Constrained

Often (usually?) logistical constraints impose a 
maximal sample size

• Compute power to detect specified alternative

• Compute alternative detected with high power

n

V
  01

 01such that  Find   
V

n

293

General Comments

What alternative to use?
• Minimal clinically important difference (MCID)

– To detect? (use in sample size formula)

– To declare significant? (look at critical value)

What level of significance?
• “Standard”: one-sided 0.025, two-sided 0.05

• “Pivotal”: one-sided 0.005?

– Do we want to be extremely confident of an effect, or 
confident of an extreme effect

What power?
• Science: 97.5% (unless MCID for significance ~50%)

• Subterfuge: 80% or 90%
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Role of Secondary Analyses

We choose a primary outcome to avoid multiple 
comparison problems

• That primary outcome may be a composite of several 
clinical outcomes, but there will only be one CI, test

We select a few secondary outcomes to provide 
supporting evidence or confirmation of mechanisms

• Those secondary outcomes may be 

– alternative clinical measures and/or 

– different summary measures of the primary clinical 
endpoint
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Secondary Analysis Models

Selection of statistical models for secondary 
analyses should generally adhere to same 
principles as for primary outcome, including intent to 
treat

Some exceptions:
• Exploratory analyses based on dose actually taken may 

be undertaken to generate hypotheses about dose 
response

• Exploratory cause specific time to event analyses may 
be used to investigate hypothesized mechanisms
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Safety Outcomes

During the conduct of the trial, patients are 
monitored for adverse events (AEs) and serious 
adverse events (SAEs)

• We do not typically demand statistical significance 
before we worry about the safety profile

– We must consider the severity of the AE / SAE

• If we perform statistical tests, it is imperative that we 
not use overly conservative procedures

– When looking for rare events, Fisher’s Exact Test is 
far too conservative

• Safety criteria based on nonsignificance of FET is a license 
to kill

– Unconditional exact tests provide much better power
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Sample Size Considerations

We can only choose one sample size
• Secondary and safety outcomes may be under- or 

over-powered

With safety outcomes in particular, we should 
consider our information about rare, devastating 
outcomes (e.g., fulminant liver failure in a generally 
healthy population)

• The “three over N” rule pertains here

• A minimal number of treated individuals should be 
assured

– Control groups are not as important here, if the 
event is truly rare
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Scientific Review of Design
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Important Aspects to Consider

Background
• Scientific rationale

• Preclinical studies

• Prior clinical studies

Specific Aims
• Safety vs Efficacy vs Effectiveness

• Relevance of primary outcome

Study Structure
• Controls, randomization, blinding

Materials and Methods
• Eligibility, method of measurements, timing of follow-up

• Monitoring of known safety issues
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Statistical Aspects to Consider

Statistical aspects that should especially be driven 
by science and ethics

Summary of outcome distribution
• Mean, geometric mean, median, proportion, hazard

Precision afforded by study
• Precision of estimates at each potential stopping time

Protection to patients on study
• Data monitoring committee

• Is formal stopping rule necessary for primary outcome?

• Is formal stopping rule necessary for safety outcomes?


