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Upcoming Workshops

m July and August: Summer Break
m September 17: lrene Feurer
Fundamentals of Latent Variable/Factor
Analysis
m October 15: Steven Chen

Random Forests for High-Dimensional
Genomics Data
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Goals

Who is here?

Goals:
To understand why randomization is important
To recognize when randomization is needed

To know how to execute sophisticated
randomization techniques
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The treatment regimen per study observation is
assigned according to chance, and the probablilty of

being assigned to any arm is known or can be
determined.
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The treatment regimen per study observation is
assigned according to chance, and the probablilty of

being assigned to any arm is known or can be
determined.

m treatment regimen: the treatment given, the order

multiple treatments are assigned, placement in a 96-well
plate
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being assigned to any arm is known or can be
determined.

m treatment regimen: the treatment given, the order

multiple treatments are assigned, placement in a 96-well
plate
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The treatment regimen per study observation is
assigned according to chance, and the probablilty of
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The treatment regimen per study observation is
assigned according to chance, and the probablilty of

being assigned to any arm is known or can be
determined.

m treatment regimen: the treatment given, the order
multiple treatments are assigned, placement in a 96-well
plate

m study observation: person, well, clinic, etc.

m according to chance: uninfluenced by the study
personnel or the study observation

m probability is known: 40% assigned to treatment A
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The treatment regimen per study observation is
assigned according to chance, and the probablilty of
being assigned to any arm is known or can be
determined.

m treatment regimen: the treatment given, the order
multiple treatments are assigned, placement in a 96-well
plate

m study observation: person, well, clinic, etc.

m according to chance: uninfluenced by the study
personnel or the study observation

m probability is known: 40% assigned to treatment A

m or can be determined: patients assigned according to
birthmonth
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Definition

Blinding

m blind: study observation does not know which
treatment they are receiving

m double-blind: neither the study observation,
nor the study personnel knows which regimen
the participant is receiving.
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Purpose

Bias

A major goal of any statistical analysis is to
estimate some unknown quantity.

Truth (1)
Estimate (2)
Bias = Truth — Estimate (3)
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Causes of bias

statistical procedure is not appropriate
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Causes of Bias

Causes of bias

statistical procedure is not appropriate
m Example: Suppose | want to estimate the center of
some data and | use the mean. What happens
when | have count data?
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Causes of Bias

sample does not represent the population
m Example: Suppose | want to estimate the average
height of an incoming freshamn at Vandy. My
sample turns out to have 60% males while the
freshman class only contains 40% males.
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Causes of Bias

sample does not represent the population
m Example: Suppose | want to estimate the average

height of an incoming freshamn at Vandy. My
sample turns out to have 60% males while the
freshman class only contains 40% males.
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Causes of Bias

treatment arms do not have the same groups of
study observations (sometimes called balance)
m Example: Suppose | am testing two diets on mice.
The first ten mice are assigned the placebo and the
last 10 are assigned to the high fat diet. What if
the first 10 are the slower, sluggish mice?
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Causes of Bias

treatment arms do not have the same groups of
study observations (sometimes called balance)
m Example: Suppose | am testing two diets on mice.
The first ten mice are assigned the placebo and the
last 10 are assigned to the high fat diet. What if
the first 10 are the slower, sluggish mice?
m Example: Patients receiving the treatment are
healthier than those receiving the placebo.
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Causes of Bias

treatment arms do not have the same groups of
study observations (sometimes called balance)
m Example: Suppose | am testing two diets on mice.
The first ten mice are assigned the placebo and the
last 10 are assigned to the high fat diet. What if
the first 10 are the slower, sluggish mice?
m Example: Patients receiving the treatment are
healthier than those receiving the placebo.

\ Treatment A Treatment B
Age 56 (50 to 63) 72 (62 to 84)

Stage 1 50% 10%
Stage 2 30% 20%
Stage 3 20% 70%

LN+ 26% 62%
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time
m Example: Machine calibration drifting over time
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Causes of Bias

@ outcome measurement is not consistent over
time
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Causes of Bias

B patients are not consistent over time
m Example: Patients learn how to perform a task
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Causes of Bias

B patients are not consistent over time
m Example: Patients learn how to perform a task
m Example: Patient becomes less careful with
adherence as a trial progresses
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Causes of Bias

B patients are not consistent over time
m Example: Patients learn how to perform a task
m Example: Patient becomes less careful with

adherence as a trial progresses
m Example: Cells become less healthy the longer they

are stored
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Causes of Bias

B patients are not consistent over time

m Example: Patients learn how to perform a task

m Example: Patient becomes less careful with
adherence as a trial progresses

m Example: Cells become less healthy the longer they
are stored

m Example: As a trial becomes more well known a
broader group of patients are enrolled
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Causes of Bias

What can | do?

m Whenever there is a chance for systematic
errors, we need to be sure the groups we are
comparing are affected in the same way.

m We want to be able to contribute differences in
the groups to the aim of the project. When
these other differences in treatment groups
arise due to the procedure or other systematic
errors, they can effectively kill a study.
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Causes of Bias

What can | do?

m Whenever there is a chance for systematic
errors, we need to be sure the groups we are
comparing are affected in the same way.

m We want to be able to contribute differences in
the groups to the aim of the project. When
these other differences in treatment groups
arise due to the procedure or other systematic
errors, they can effectively kill a study.

RANDOMIZE
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Causes of Bias

m As a statistician, | can be sure to know and
understand the process of the experiment. This
way | can recognize potential bias and ‘head it
off at the pass’'.
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Causes of Bias

m As a statistician, | can be sure to know and
understand the process of the experiment. This
way | can recognize potential bias and ‘head it
off at the pass’'.

m As an investigator, | can seek out the help of a
statistician to determine an apropriate study
design and randomization scheme well before |
begin my experiment.
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History

Peirce and Jastrow

According to the Statistics historian Stigler...
‘The use of careful mathematically rigorous
randomization ...was introduced by C. S. Peirce in

his experiments with lifted weights with J. Jastrow’
in 1885."
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History

Peirce and Jastrow

According to the Statistics historian Stigler...
‘The use of careful mathematically rigorous
randomization ...was introduced by C. S. Peirce in

his experiments with lifted weights with J. Jastrow’
in 1885."

m determine the threshold for humans to detect a
difference in weights

m subject lifted a buckets and determined which
felt lighter
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How did they randomize?

m weight increments (heavier or lighter) were determined
with a deck of cards (red add, black subtract)

m data were recorded with the card as well, face up meant
correct, face down meant incorrect, holes punched to
indictate the lifter's confidence in their guess(cite Peirce
and Jastrow)

m Peirce and Jastrow recognized that there could be a long
run of decreases (and likewise increases)
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Schemes

Common Randomization Schemes

m simple randomization
m block randomization

m stratified block

m adaptive randomization
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Schemes

Simple Randomization

Use a random process to generate treatment
assignment.
m flip a coin
m H - placebo, T - drug
m roll a die
m 1,23 - placebo, 4,5,6 - drug
m generate a random number
m odds - placebo, evens - drug
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Schemes

Drawback to Simple Randomization

If you have a trial with 20 patients and use the coin
flipping method, there is a possilibity that all 20
patients get assigned to 1 treatment.
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Schemes

Block Randomization

To have a more equal number of patients on each
treatment, use block of size b. Within each block, %
patients are assigned to each of t treatments. After
every b patients, you will have equal numbers in
each group.
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Schemes

Block Randomization

To have a more equal number of patients on each
treatment, use block of size b. Within each block, %
patients are assigned to each of t treatments. After
every b patients, you will have equal numbers in
each group.
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Schemes

Drawback to Block Randomization

It is possible that the person administering the
study will be able to figure out the block size and
guess what the next treatment assignment will be.
This will ruin the blinding.
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Schemes

Drawback to Block Randomization

It is possible that the person administering the
study will be able to figure out the block size and
guess what the next treatment assignment will be.
This will ruin the blinding.

m vary the size of the blocks
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Schemes

Stratified Block Randomization

If there are specific factors that may confound the
results, this method can assure that within each
strata the treatment assignments are balanced.

\ Male Female

Age < 40 | ABBA, BAAB BABA, BAAB
Age 41-60 | BBAA, ABAB ABAB, AABB
Age >60 | AABB, ABBA BAAB, BABA
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Schemes

Adaptive Randomization

Either the number of patients already on each
treatment or the outcomes they have experienced
affect the future treatment assignment proportions.

m biased coin
m play the winner
m Bayesian adaptive designs
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Examples:
m basic science: 96-well plate experiment

m observational study: retrospecive chart (X-ray)
review

m prospective study: driving study

Elizabeth Koehler VICC Cancer Biostatistics Center

Randomization



Examples
©000000000

96-well Plate Scenario

Suppose we want to compare cell survival after
treatment with a variety of doses of a new
compound to cell survival after treatment with
already known compounds.
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treatment with a variety of doses of a new
compound to cell survival after treatment with
already known compounds.

m cell survival: measured as percent of the cells that die

Elizabeth Koehler VICC Cancer Biostatistics Center

Randomi



Examples
©000000000

96-well Plate Scenario

Suppose we want to compare cell survival after
treatment with a variety of doses of a new
compound to cell survival after treatment with
already known compounds.

m cell survival: measured as percent of the cells that die

m after treatment: cells are incubated for 24, 48, 72 and
96 hours
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96-well Plate Scenario

Suppose we want to compare cell survival after
treatment with a variety of doses of a new
compound to cell survival after treatment with
already known compounds.

m cell survival: measured as percent of the cells that die

m after treatment: cells are incubated for 24, 48, 72 and
96 hours

m variety of doses: 1, 5, 12.5, 25, 50 and 100 ug
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96-well Plate Scenario

Suppose we want to compare cell survival after
treatment with a variety of doses of a new
compound to cell survival after treatment with
already known compounds.

m cell survival: measured as percent of the cells that die

m after treatment: cells are incubated for 24, 48, 72 and
96 hours

m variety of doses: 1, 5, 12.5, 25, 50 and 100 ug

m known compounds: two compounds will act as controls
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96-well Plate Scenario

Suppose we want to compare cell survival after
treatment with a variety of doses of a new
compound to cell survival after treatment with
already known compounds.

m cell survival: measured as percent of the cells that die

m after treatment: cells are incubated for 24, 48, 72 and
96 hours

m variety of doses: 1, 5, 12.5, 25, 50 and 100 ug
m known compounds: two compounds will act as controls

m aditionally, some wells will be left completely untreated
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96-well Plate Scenario

First Plate Map: Plate 1
1 2 3 4 5 6 7 8 9 10
24 hr | media cells C1 C2 T1 T2 T3 T4 ThH T6
24 hr | media cells C1 C2 T1 T2 T3 T4 T5 T6
24 hr | media cells C1 C2 T1 T2 T3 T4 T5 T6
24 hr | media cells C1 C2 T1 T2 T3 T4 T5 T6
media
media
media
media
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96-well Plate Scenario

First Plate Map: Plate 2
1 2 3 4 5 6 7 8 9 10
media
media
media
media
96 hr | media «cells C1 C2 T1 T2 T3 T4 T5 T6
96 hr | media cells C1 C2 T1 T2 T3 T4 ThH T6
96 hr | media cells C1 C2 T1 T2 T3 T4 ThH T6
96 hr | media «cells C1 C2 T1 T2 T3 T4 T5 T6
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96-well Plate Scenario

Randomized Plate Map: Plate 1

1 2 3 4 5 6 7 8 9 10
T4 T6 T5 media
T6 T3 C2 cells T4
cC2 T3 T2 T5
Cl T5 T2 T5 T1

cells media T2 T2 C2

C1 T5 C2 T4
T1 C1 T4 C1 cells C2
T1 T3
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96-well Plate Scenario

Randomized Plate Map: Plate 2

1 2 3 4 5 6 7 8 9 10
T1 C1 C2 T6 T2
T4 cells T5 T3 T2 media media

media T3 T4 T3

T3 T6 T6 T4 C1
T6 T6 C2 T6 T5 cells
cells T3 T5 T4 T2 C2 T1 media

C1 cells T1 media
T1 Cl  media T1 T2 cells
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96-well Plate Scenario

Compromise Plate Map: Plate 1

1 2 3 4 5 6 7 8 9 10
96 hr | media cells C2 C1 T1 T2 T3 T4 T5 T6
24 hr | media cells C1 T1 T2 T3 T4 T5 T6 C(C2
media
media
24 hr | media cells C2 T1 T2 T3 T4 T5 T6 (1
media
96 hr | media cells C2 C1 T1 T2 T3 T4 T5 T6
media
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96-well Plate Scenario

Compromise Plate Map: Plate 2

1 2 3 4 5 6 7 8 9 10

24 hr | media cells C1 C2 T1 T2 T3 T4 T5 T6
media

96 hr | media cells T1 T2 T3 T4 T5 T6 Cl1 (C2
media
media

96 hr | media cells T1 T2 T3 T4 T5 T6 C1 C(C2
media

24 hr | media cells T1 T2 T3 T4 T5 T6 C1 C2
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96-well Plate Scenario

Examples

0000000800

Simplified Compromise Plate Map: Plate 1

1 2

96 hr | media cells C2 C1 T

24 hr | media cells C1 T (2
media
media

24 hr | media cells C2 T (1
media

96 hr | media cells C2 C1 T
media
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96-well Plate Scenario

Simplified Compromise Plate Map: Plate 2

1 2

24 hr | media cells C1 C2 T
media

96 hr | media cells T C1 C2
media
media

96 hr | media cells T C1 C2
media

24 hr | media cells T C1 (C2
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96-well Plate Scenario

What other laboratory studies may be subject to
bias?
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Examples

[ Jelelele}

Image Review Scenario

Suppose | want to compare the how well two types
of procedures repair a broken arm in 100 patients;
50 underwent procedure A and 50 procedure B.
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Examples

[ Jelelele}

Image Review Scenario

Suppose | want to compare the how well two types
of procedures repair a broken arm in 100 patients;
50 underwent procedure A and 50 procedure B.

B repair: repair is measured by several gaps and
angles measured from an X-ray by a reviewer

m In fact, there are so many measurements per
X-ray that is takes an experienced reviwer 15
min with each X-ray.

m You recruit 2 colleagues to be the reviewers.
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Examples

0O@000

Image Review Scenario

Order | Reviewer 1  Reviewer 2
1 A A
2 A A
3 A A
4 A A
25 A A
26 B B
27 B B
28 B B
50 B B
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Examples
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Image Review Scenario

Order | Reviewer 1 Reviewer 2

©O~NoOOAWN
WI>>W>>>WT
WWW>>0W > >
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Examples
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Image Review Scenario

Week 1 Week 2 Week ... Week 5
Revl Rev?2|Revl Rev?2 Rev1l Rev?2
B A B B A B
A A A A A A
A B B A A A
B B A A B B
A A B B B A
A A B B B B
B B A A B B
B B A A A A
B B A B A A
A A B B B B
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Image Review Scenario

How else might randomization be used in
observational studies?

Elizabeth Koehler VICC Cancer Biostatistics Center

Randomi



Examples

©0000000000000000
Driving Example

Driving Example

Drs. Paul Chong and Don Lee were interested in
whether wearing a cast on one's arm affects driving
ability.
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Driving Example

Driving Example

Drs. Paul Chong and Don Lee were interested in
whether wearing a cast on one's arm affects driving
ability.

m cast: 4 casts, right and left, long and short
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Driving Example

Driving Example

Drs. Paul Chong and Don Lee were interested in
whether wearing a cast on one's arm affects driving
ability.
m cast: 4 casts, right and left, long and short
m one’s: 45 police academy cadets at the end of
their training
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Examples

©0000000000000000
Driving Example

Driving Example

Drs. Paul Chong and Don Lee were interested in
whether wearing a cast on one's arm affects driving
ability.
m cast: 4 casts, right and left, long and short
m one’s: 45 police academy cadets at the end of
their training
m driving ability: standardized scoring system
for the familiar training course
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Examples

©0000000000000000
Driving Example

Driving Example

Drs. Paul Chong and Don Lee were interested in
whether wearing a cast on one's arm affects driving
ability.
m cast: 4 casts, right and left, long and short
m one’s: 45 police academy cadets at the end of
their training
m driving ability: standardized scoring system
for the familiar training course

m Additionally, the data collection could only last
8 hrs.
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Driving Example

Examples
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Simple randomization of 4 treatments:

Order Cast | Order Cast | Order Cast | Order Cast | Order Cast
1 LS 10 RL 19 RL 28 LS 37 RL
2 RL 11 RS 20 LS 29 RL 38 RL
3 RS 12 LS 21 LL 30 RL 39 LL
4 RL 13 RS 22 RS 31 RL 40 LL
5 RL 14 LL 23 RL 32 LS 41 LL
6 LS 15 LL 24 RS 33 RS 42 LL
7 LL 16 LL 25 RL 34 LL 43 LL
8 LS 17 RS 26 LS 35 LL 44 LL
9 LS 18 LS 27 RS 36 LL 45 LS
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Examples
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Driving Example

Problem with Simple randomization of 4 treatments:

Order Cast | Order Cast | Order Cast | Order Cast | Order Cast
LS 10 RL 19 RL 28 LS 37 RL
RL 11 RS 20 LS 29 RL 38 RL
LL 12 LS 21 LL 30 RL 39 LL
RL 13 RS 22 RS 31 RL 40 LL
RL 14 LL 23 RL 32 LS 41 LL
LS 15 LL 24 RS 33 RS 42 LL
LL 16 LL 25 RL 34 LL 43 LL
LS 17 RS 26 LS 35 LL 44 LL
LS 18 LS 27 RS 36 LL 45 LS

[y

O 00O ~NOOC1T A WN
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Driving Example

Problem with Simple randomization of 4 treatments:

Cast

Count

LS
LL
RS
RL

11
15
7
12
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Driving Example

Balanced randomization of 4 treatments:

Order Cast | Order Cast | Order Cast | Order Cast | Order Cast
LS 10 RL 19 RL 28 LS 37 RL
RL 11 RS 20 LS 29 RL 38 RL
RS 12 LS 21 LL 30 RL 39 LL
RL 13 RS 22 RS 31 RL 40 LL
RL 14 LL 23 RL 32 LS 41 LL
LS 15 RS 24 RS 33 RS 42 LL
RS 16 LL 25 RL 34 LL 43 LL
LS 17 RS 26 LS 35 RS 44 LL
LS 18 LS 27 RS 36 RS 45 LL

[y

O 00O ~NOOC1T A WN
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Driving Example

Examples

0000080000000 0000

Cast

Count

LS
LL
RS
RL

11
11
11
12
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Driving Example

Examples

000000 e@0000000000

Balanced Block randomization of 4 treatments in
Blocks of size 8:

Order Cast | Order Cast | Order Cast | Order Cast | Order Cast
1 LS 9 RL 17 LL 25 RL 33 RS
2 RS 10 RS 18 LS 26 RS 34 RL
3 RL 11 LL 19 LS 27 LL 35 LL
4 RS 12 LS 20 RS 28 LS 36 RL
5 LL 13 RL 21 LL 29 LS 37 LL
6 LS 14 LL 22 RL 30 RL 38 LS
7 RS 15 RS 23 RS 31 RS 39 RS
8 LL 16 LS 24 RL 32 LL 40 LS
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Examples
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Driving Example

Is this balanced block design sufficient?
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0000000800000 0000

Driving Example

Is this balanced block design sufficient?

m Even though we randomized, what if we get all
the best drivers with the Long Left casts?
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Examples

0000000800000 0000

Driving Example

Is this balanced block design sufficient?

m Even though we randomized, what if we get all
the best drivers with the Long Left casts?

m What if | told you we could complete all 45
drivers in 2hr 15 min? Would you change this
design?
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Driving Example

Our plan:

m each cadet should have a run with each cast
type and with none
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Our plan:

m each cadet should have a run with each cast
type and with none

m break the day into 5 pieces, two before lunch
and three after
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Driving Example

Our plan:

m each cadet should have a run with each cast
type and with none

m break the day into 5 pieces, two before lunch
and three after

m each cadet would perform one run in each time
period
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00000000 e00000000

Driving Example

Our plan:

m each cadet should have a run with each cast
type and with none

m break the day into 5 pieces, two before lunch
and three after

m each cadet would perform one run in each time
period

m randomize the order each cadet does the cast
types (Long Rt, Control, Long Lft, Short Lft,
Short Rt)
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Driving Example

Our plan:

m each cadet should have a run with each cast
type and with none

m break the day into 5 pieces, two before lunch
and three after

m each cadet would perform one run in each time
period

m randomize the order each cadet does the cast
types (Long Rt, Control, Long Lft, Short Lft,
Short Rt)
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Driving Example

Crossover Design with 5 Treatments:

Cadet | Run1l Run2 Run3 Run4 Runb
1 control RL LS RS LL
2 LL RS RL control LS
3 control LL RL LS RS
4 control LS RS RL LL
5 LS control RS RL LL
6 control LS RL RS LL
7 LS control RL RS LL
38 RS RL control LS LL
9 control RS LS RL LL
10 LS RL RS control LL
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Driving Example

Crossover Design with 5 Treatments:

Cadet | Run1l Run2 Run3 Run4 Runb
1 control RL LS RS LL
2 LL RS RL control LS
3 control LL RL LS RS
4 control LS RS RL LL
5 LS control RS RL LL
6 control LS RL RS LL
7 LS control RL RS LL
8 RS RL control LS LL
9 control RS LS RL LL
10 LS RL RS control LL
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Driving Example

Our revised plan:

m each time period have an equal number of
cadets with each cast type
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Our revised plan:

m each time period have an equal number of
cadets with each cast type

m create blocks of size 5 in order adjust timing
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Our revised plan:

m each time period have an equal number of
cadets with each cast type

m create blocks of size 5 in order adjust timing

m at 3 min per run, each cadets should take 15
min to finish
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Driving Example

Our revised plan:

m each time period have an equal number of
cadets with each cast type

m create blocks of size 5 in order adjust timing

m at 3 min per run, each cadets should take 15
min to finish

m 8 hrs total means only 32 cadets will finish all
5, and each run has to be 96 minutes or less
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Driving Example

Our revised plan:

m each time period have an equal number of
cadets with each cast type

m create blocks of size 5 in order adjust timing

m at 3 min per run, each cadets should take 15
min to finish

m 8 hrs total means only 32 cadets will finish all
5, and each run has to be 96 minutes or less

m start with 36 doing the first run to see how the
time estimate plays out
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Driving Example

Block Crossover Design with 5 Treatments:

Cadet | Runl Run2 Run3 Run4 Runb
1 control RL LS RS LL
2 LL RS RL control LS
3 RL LL control LS RS
4 RS LS LL RL control
5 LS control RS LL RL
6 RL LS control LL RS
7 LL control RL RS LS
8 RS RL LL LS control
9 control RS LS RL LL
10 LS LL RS control RL
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Driving Example

What Happened?

Everything we didn’t want...
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Driving Example

What Happened?

Everything we didn’t want...
m first run took more than 100 min
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Driving Example

What Happened?

Everything we didn’t want...
m first run took more than 100 min
m the morning was rainy
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Driving Example

What Happened?

Everything we didn’t want...
m first run took more than 100 min
m the morning was rainy

m learning effect, control that day was faster than
previous days
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Rain Effect Learning Effect
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Experiment Day — Previous Day

Examples
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What if?

What if we hadn’'t randomized and blocked?

Examples

0000000000000 000e

Cadet | Runl Run2 Run3 Run4 Runb
1 LL RS control LS RL
2 LL RS control LS RL
3 LL RS control LS RL
4 LL RS control LS RL
5 LL RS control LS RL
6 LL RS control LS RL
7 LL RS control LS RL
8 LL RS control LS RL
9 LL RS control LS RL
10 LL RS control LS RL
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http://data.vanderbilt.edu/ graywh /brew/crossoverdesign.html
http://randomization.com/
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The Blevins Tool
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Summary

To understand why randomization is important
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To understand why randomization is important
m systematic errors can render your results useless
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To understand why randomization is important
m systematic errors can render your results useless

To recognize when randomization is needed
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Summary

To understand why randomization is important
m systematic errors can render your results useless

To recognize when randomization is needed

m laboratory studies has lot of steps with lots of
unmeasured spatial and temporal effects

m retrospective chart reviewers may become tired, or
better trained

m prospective studies can also have strong
unmeasured effects that you can't always plan for
(ie. rain)

To know how to execute sophisticated
randomization techniques
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Summary

To understand why randomization is important
m systematic errors can render your results useless

To recognize when randomization is needed
m laboratory studies has lot of steps with lots of
unmeasured spatial and temporal effects
m retrospective chart reviewers may become tired, or
better trained
m prospective studies can also have strong
unmeasured effects that you can't always plan for
(ie. rain)
To know how to execute sophisticated
randomization techniques
m statisticians are happy to help you with study

)
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Stigler S M. The history of statistics: The measurement of
uncertainty before 1900. 1986 Belknap Press.

Blume J and Piepert J. Randomization in Controlled Clinical
Trials: Why the Flip of a Coin Is So Important. The Journal of
the American Association of Gynecologic Laparoscopists 11(3)
2004, 320-325.

Elizabeth Koehler VICC Cancer Biostatistics Center

Randomization



Summary

Thanks especially to...
m Will Grey who helped create the cross-over
randomization tool.
m Paul Chong whose data created the examples
for this presentation.
m Jeffrey Blume and Yu Shyr both provided
valuable information.

m Meridith Blevins who shared a clever example
of randomization tools.
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Contact Info:

Elizabeth Koehler
elizabeth.koehler@vanderbilt.edu
322-7193
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