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Process of Study

1. Formulation of specific research questions
2. Study design:

– Subjects (criteria, how many) and treatments
– Assignment:  Who gets which treatment?
– Determines how much information data can yield

3. Procedures, outcome measurement, database
– Determines data types and data quality

4. Data analysis
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Relation with Data Analysis

• Inappropriate analysis can eliminate all the 
benefits of a good design

• Analysis cannot make up for poor design or 
measurements
– Regardless of sophistication or sample size

• A good design won’t guarantee positive 
analysis results, but will ensure a good chance 
of having positive results, if any
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Constraints of Design

• Constraints:
– Money
– Personnel
– Logistics
– Subject availability

• Within the range of these constraints, there is a 
lot of room for improvement of design
– Consult with a statistician before you start
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Double-Blinded Studies

• Double blindness:
– Patients are blinded:  To avoid placebo effect
– Researchers who evaluate the outcome are blinded:  

To avoid (unconsciously) favoring a treatment

• In situations where one or both parties cannot 
be blinded, try to be objective and to be aware 
of these potential effects
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Comparative Experiments

• Treatments are allocated to the experimental 
units by the investigator

• Goal of design:  Allocate treatments to
– Get unbiased estimates of treatment effects, i.e., 

estimates that don’t deviate systematically from 
the “true” treatment effect

– Obtain, for a fixed amount of experimental 
material, the most information about the treatments
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Example

Maughan et al. (1996) Effects of ingested fluids on 
exercise capacity and on cardiovascular and 
metabolic responses to prolonged exercise in man.   
Experimental Physiology, 81, 847-859.

From paper summary
– “The present study examined the effects of 

ingestion of water and two dilute glucose-
electrolyte drinks on exercise performance and …”

Experimental Design 9

Example (Continued)

• 4 treatments
– No water (N)
– Water (W)
– Isotonic glucose-electrolyte (I)
– Hypotonic glucose-electrolyte (H)

• Outcome:  Time to exhaustion on bike
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Design 1: Subjects Select Treatment

• This may induce biases in comparisons of treatments
– Would “naturally” better athletes choose electrolytes?
– Would more competitive athletes choose electrolytes?

• If so, then differences between treatments would mix 
up with differences between riders (confounding 
effect)
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Design 2: Investigators Assign Treatments

• “Systematically”
– Everyone on Monday gets assigned no water
– Tuesday subjects get water only …

• “Nonsystematically”
– Whatever I grab out of the cooler …

• This also may induce biases in comparisons of 
treatments
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Source of Biases

• Groups receiving different treatments are not 
comparable in factors that may have effect on 
the outcome

• Solution:  Randomization
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Randomization

• Assign treatments at random
– Random ≠ “non-systematic”

• Randomization is key to having comparable 
groups, thus removing bias

• In principle, it creates comparable groups even 
on factors not considered by the investigator
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Completely Randomized Designs

• Randomly assign treatments to subjects
– Generally assign treatments to equal numbers of 

subjects

• Can we do an experiment with the same 
number of subjects and get more information 
on treatments?
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Randomized Block Designs

• Group subjects into subgroups (blocks) such 
that subjects within blocks are more 
homogeneous than in the whole sample

• Randomly assign treatments to subjects within 
subgroups (blocks)

• Example:  Males and females are two blocks
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Randomized Block Design in 
Exercise Example

• Do an initial “fitness screening”
• Arrange subjects in order of increasing fitness

F1, F2, F3, F4 F5, F6, F7, F8 F9, F10, F11, F12

Block 1 Block 2 Block 3

Experimental Design 17

Randomized Block Design in 
Exercise Example (Continued)

• Randomly assign treatments to subjects within

F1, F2, F3, F4 F5, F6, F7, F8 F9, F10, F11, F12

I    H   N   W         W   N   I     H         H    W      I  N

Block 3Block 2Block 1
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Advantages of 
Randomized Block Designs

• More information than completely randomized 
design about treatment effects
– If variable used to create blocks is highly related to 

outcome

• Guarantees balance
– Treatments will be compared on groups of subjects 

that are comparable on initial level of fitness 
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Can Take Idea Further

• Could group by more than one variable
• Each blocking variable

– Adds complexity
– Might not increase precision if the variable 

is not sufficiently related to outcome
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Cross-over Designs

• Idea:  Want to compare treatments on subjects 
that are as similar as possible:  
– Each subject receives all treatments
– Not always possible

• Most common is “two-period, two-treatment”: 
Subjects are randomly assigned to receive
– A in period 1, B in period 2, or
– B in period 1, A in period 2
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Carry-over Effect

• Carry-over effect:  Effect of treatment received 
in a period may be affected by treatments 
received in previous periods

• To minimize possibility of carry-over effects
– Need “wash-out” time between the periods 

in which treatments are received
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Cross-over Design in 
Exercise Example

• Cross-over was done in actual experiment

• Each of 12 subjects observed under each 
condition
– Randomize order of conditions
– One week wash-out time between observations
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Which Design Should I Choose?
• No definitive statistical answer to the question

• Answer depends on knowledge of 
– Experimental material
– The treatments to be studied
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Serial Measurements
• Observations taken repeatedly on the same subject 

over time
– Common in both basic and clinical studies
– Also called repeated measurement, longitudinal data, etc.

• Can be done with any of the designs we’ve discussed

• Introductory overview:
– Matthews et al. (1990) Analysis of serial measurements in 

medical research. British Medical Journal, 300, 230-235.
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Analyzing Serial Measurements

• Important to consider within-subject profiles 
as well as trends across subjects

• Otherwise, can be mislead as to
– Amount of variation, or
– Direction of effects
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Ignoring individual patients 
can misrepresent variation

Modified data from Crowder and Hand. Analysis of Repeated Measures
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Ignoring individual patients 
can misrepresent variation

Modified data from Crowder and Hand. Analysis of Repeated Measures
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Example: # Clinic visits by age, 
ignoring within patient effects.
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Same data, plot within-patient 
profile
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Disadvantages of “Mean Curve”
• The curve joining the means may not be a good 

descriptor of a typical curve for an individual
– Important variation in the shapes and locations of curves 

for different subjects may be hidden
• No account in the analysis is taken of the fact that 

measurements at different time points are from the 
same subjects

• Successive observations on a given subjects are likely 
to be correlated

• Dividing results into “S” and “NS” introduces an 
artificial dichotomy into serial data



11

Analyzing Serial Measurements 31

Analysis of Serial Measurements

• Simple analysis methods (Matthews et al.)
– Obtain summary measure for each subjects:

• Peaked data:  Peak time, peak amount, area under curve
• Growth data:  Growth rate (slope)

– Analyze summary measures as if they are observations
– Good for some situations, but have issues

• Formal analysis methods:
– Generalized least squares method
– Mixed-effect models
– Generalized estimating equations (GEE)
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Dropouts in Longitudinal Studies

DO NOT
• Analyze only those who complete study

– May bias results, especially if reason for dropout is related 
to outcome

• Last observation carried forward
– After patient has withdrawn, use the last observation.
– Could bias results; last observation may not reflect true 

state of subject
– Does not provide reasonable assessment of uncertainty
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Handling Dropouts in 
Longitudinal Studies

• Model the dropout process
– Requires assumptions and sophisticated modeling 

methods
– No generally accepted method for handling 

dropouts

• General rule:  Effort best spent in preventing 
dropouts than trying to fix up by analysis


