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IntroductionIntroduction

High throughHigh through--put studies commonput studies common
Can data be Can data be ‘‘harvestedharvested’’? ? 

Cons:  AdCons:  Ad--hoc, Posthoc, Post--hoc, Low Power, Bias, not hoc, Low Power, Bias, not 
significantsignificant
Pros:  Low cost, Common in Pros:  Low cost, Common in ‘‘observationalobservational’’ studies, studies, 
Can learn somethingCan learn something

Illustrate use to assess response at low dosesIllustrate use to assess response at low doses--
Focus:  Statistical Models and InterpretationFocus:  Statistical Models and Interpretation
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Example and Study DataExample and Study Data

NCI Yeast dataNCI Yeast data-- 2189 chemicals, 13 yeast strains2189 chemicals, 13 yeast strains
5 doses x 2 replications5 doses x 2 replications--

Focus on doses in Low Dose RegionFocus on doses in Low Dose Region
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NCI MethodsNCI Methods

2,189 Anti-tumor Agents                          
(1.2, 3.7, 11, 33 & 100 µM + Control)

13 Yeast Strains

28,457 Replicated Dose-Response Experiments

bub3   CLN2oe    mec2        mgt1       mlh1      rad14       rad18     rad50  rad50EPP+ rad52    sgs1

SPY50780                   wt
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Methods: Cell Line Methods: Cell Line 
Yeast cells in exponential growth Yeast cells in exponential growth 
inoculated onto inoculated onto microtitermicrotiter platesplates
10104 4 cells/well with 200cells/well with 200µµl of mediuml of medium
80 different anti80 different anti--tumor agents added tumor agents added 
per plateper plate
Each plate run at one concentration Each plate run at one concentration 
(1.2, 3.7, 10, 33, or 100 (1.2, 3.7, 10, 33, or 100 µµM)M)
Each (of 5) conc. incubated over the Each (of 5) conc. incubated over the 
same 12 hrs.same 12 hrs.
Cell number measured with Cell number measured with 
spectrophotometer (ODspectrophotometer (OD600600))
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Methods:  96Methods:  96--well Platewell Plate

80 different chemicals at same 
concentration 

8 wells solvent (DMSO) controls

4 wells cycloheximide controls

4 wells unexposed controls

Reported response is the growth 
of yeast in respective 
concentration relative to growth 
in solvent control
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Where is the Low Dose Region? Where is the Low Dose Region? 

Hormetic Dose-Response
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Figure 1. General Scheme Used for Figure 1. General Scheme Used for 
the Derivation of the BMD(5) the Derivation of the BMD(5) 

Boundary responses 
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28,457 dose-responses included in the database: 
2,189 anticancer agents x 13 yeast strains

21,977 (77%) have an inhibitory response ≤ 80 of the control

12,602 (44%) also have a dose below the BMD(5)

2,451 (9%) also have 3 doses below the BMD(5)

START

FINISH

6,480 removed (23%)

9,375 removed (43%)

10,151 removed

253 Wild Type (wt) 

Selection ProcessSelection Process
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Example Data  Example Data  
Wild TypeWild Type-- NSC#1928NSC#1928

DoseDose Ave Ave 
ResponseResponse

DifferenceDifference

1.21.2 9797 00

3.73.7 9898 1212

1111 9191 1515
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Example Data  Example Data  
Wild TypeWild Type-- NSC#1928NSC#1928

DoseDose RepRep Ave Ave 
ResponseResponse

DifferenceDifference Response Response 
(% Diff (% Diff 

from 100)from 100)
1.21.2 11 9797 00 --33

1.21.2 22 9797 00 --33

3.73.7 11 9898 1212 44

3.73.7 22 9898 1212 --88

1111 11 9191 1515 --1.51.5

1111 22 9191 1515 --16.516.5



How should we evaluate Response in 

Low Dose Region?
Data:  
Selected Set of chemicals (n=253)
b) For each chemical, 3 doses
c) For each dose, replicate responses
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Approach 1:  Test a HypothesisApproach 1:  Test a Hypothesis
Approach 2:  Estimate Approach 2:  Estimate ‘‘True ResponseTrue Response’’

Need a statistical Model:     ResponseNeed a statistical Model:     Response

Dose Dose 
(t)(t)

Rep Rep 
(k)(k)

11 11 --33

11 22 --33

22 11 44

22 22 --88

33 11 --1.51.5

33 22 --16.516.5

stkY

Chemical s isChemical s is

““NSC#1928NSC#1928””
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What is What is ‘‘True ResponseTrue Response’’??

ResponseResponse

Dose Dose 
(t)(t)

Rep Rep 
(k)(k)

11 11 --33

--33

44

--88

--1.51.5

--16.516.5

11 22

22 11

22 22

33 11

33 22

stkY stμ

1sμ

2sμ

2sμ

3sμ

3sμ

1sμ

( )R stk stE Y μ=

1

1 m

s st
tm

μ μ
=

= ∑

True Response:True Response:

stk st stkY Eμ= +

Expected ResponseExpected Response
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Model of Response for Chemical Model of Response for Chemical ““ss””
1,...,s n=
1,...,t m=
1,..., ( 2)k r= =

      + stk st stk

s st stk

Y E
E

μ
μ δ

=

= + +

1

1 m

s st
tm

μ μ
=

= ∑

ChemicalChemical
DoseDose
ReplicationReplication

where where 
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Hypothesis TestingHypothesis Testing

Test the Null Hypothesis:         Test the Null Hypothesis:         

stk s st stkY Eμ δ= + +

0 : 0sH μ =

0.241p value− =

Model:Model:

: 0A sH μ ≠

““NSC#1928NSC#1928””

1.46t = −

( )ˆ 3.20sse μ =

ˆ 4.67sμ = −

Decision: Fail to 
reject 0H
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Histogram of PHistogram of P--values for 249 Chemicals: values for 249 Chemicals: 

0.67p value− = 0.67p value− =

P-value < 0.05
127 Chemicals 

(50.8%)
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Interpretation of Tests Interpretation of Tests 
All 249 ChemicalsAll 249 Chemicals

P-value < 0.05
146 Chemicals 

(58.6%)

Expected # Significant by Chance:    12 to 13

Observed 127 Significant:   Mean Response 

3 Negative

124 Positive

If 1 Sided test: 0 : 0sH μ ≤
: 0A sH μ >
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Multiple Comparisons?Multiple Comparisons?

P-value < 0.0002
11 Chemicals (4.4%)

Mean response: 
0   Negative
11  Positive  

Preserve Type I Error: 

Prob(False Rejection of        )

Change the critical value to 
0.05 0.0002
249

α = =

0H
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Conclusions:Conclusions:

•Studies are not designed for low-dose range

•Low power to evaluate response

•If controlling for multiple comparisons,  
few chemicals reject null hypothesis (4.4%)

•Data are not suitable to learn about 
response at low doses
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Approach 2:  Estimate Response at Low DosesApproach 2:  Estimate Response at Low Doses

Estimate a 95% Confidence Interval  forEstimate a 95% Confidence Interval  for

stk s st stkY Eμ δ= + +

sμ

Fit the model to chemical Fit the model to chemical ““ss””::

sμEstimateEstimate
1 1

1 1m r

s stk
t k

Y Y
m r= =

⎛ ⎞
= ⎜ ⎟

⎝ ⎠
∑ ∑EstimatorEstimator
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Example:  Wild Type Example:  Wild Type 
ResponseResponse

Dose Dose 
(t)(t)

Rep Rep 
(k)(k)

11 11 --33
11 22 --33
22 11 44
22 22 --88
33 11 --1.51.5
33 22 --16.516.5

stkY

““NSC#1928NSC#1928””
4.67sY = −

( ) 3.20sse Y =

( ) ( )
, 1 , 1

2 2

,s s s s
df df

Y t se Y Y t se Yα α⎛ ⎞ ⎛ ⎞− −⎜ ⎟ ⎜ ⎟
⎝ ⎠ ⎝ ⎠

⎛ ⎞
− +⎜ ⎟⎜ ⎟

⎝ ⎠
( )14.9,5.5−
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Histogram of Estimates Histogram of Estimates 
(n=253 chemicals)(n=253 chemicals)
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Cumulative Distribution  of EstimatesCumulative Distribution  of Estimates
(n=253 chemicals)(n=253 chemicals)
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What about Control for Multiple What about Control for Multiple 
Chemicals?Chemicals?

Should we use Should we use 

( ) ( )
, 1 , 1

2 2

,s s s s
df df

Y t se Y Y t se Yα α⎛ ⎞ ⎛ ⎞− −⎜ ⎟ ⎜ ⎟
⎝ ⎠ ⎝ ⎠

⎛ ⎞
− +⎜ ⎟⎜ ⎟

⎝ ⎠

0.05 0.0002
253

α = =

( )3, 0.0001 22.2t = −

( )14.9  ,   5.5−

( )75.8  ,   66.4−UsingUsing

Conclusion:  CI is so large,  the estimate seems useless.
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Review:Review: What is a Confidence Interval?What is a Confidence Interval?

5.0sμ = −Assume
( ) 8.0sse Y =

Suppose we repeat the study 
many times and summarize 
the Estimator sY
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Distribution of EstimatorDistribution of Estimator
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Distribution of CI EstimatorDistribution of CI Estimator

-5 10 25 40-20-65 -50 -35
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Observed Confidence IntervalObserved Confidence Interval

-5 10 25 40-20-65 -50 -35
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Observed Confidence IntervalObserved Confidence Interval

-5 10 25 40-20-65 -50 -35
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Conclusion:Conclusion:

Confidence Intervals indicate the Confidence Intervals indicate the ‘‘centralcentral’’ width width 
of the distribution of the Estimatorof the distribution of the Estimator
The The ‘‘widthwidth’’ doesndoesn’’t change when Estimating t change when Estimating 
different chemicalsdifferent chemicals
No adjustment for the length of confidence No adjustment for the length of confidence 
intervals is needed.intervals is needed.
Different from Hypothesis testing.Different from Hypothesis testing.
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Cumulative Distribution  of EstimatesCumulative Distribution  of Estimates
(n=253 chemicals)(n=253 chemicals)
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What would we expect if Threshold What would we expect if Threshold 
Model was the True Model?Model was the True Model?

Pool Estimates of the Response Error Variance Pool Estimates of the Response Error Variance 
across Chemicalsacross Chemicals

ˆ 10.49eσ =

Use the estimate to estimate the 
standard error of the estimator

( ) ˆ
4.28ese Y

n
σ

= =
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hmes09p07. sas 4/ 26/ 2009 by  EJS
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Can we improve the estimates?Can we improve the estimates?

Account for higher Response Error at extremes.Account for higher Response Error at extremes.
Improve Accuracy of estimatesImprove Accuracy of estimates--

YES:  YES:  
Motivate Estimator by Considering Study Motivate Estimator by Considering Study 
Chemicals to have arisen from a sampleChemicals to have arisen from a sample

Mixed modelMixed model
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Model of Response for Chemical Model of Response for Chemical ““ss””
1,...,s n=
1,...,t m=
1,..., ( 2)k r= =

      + stk st stk

s st stk

Y E
E

μ
μ δ

=

= + +

ChemicalChemical
DoseDose
ReplicationReplication

Define a Population of Define a Population of 
ChemicalsChemicals

Define Mean Define Mean 
for Populationfor Population

1,...,s N=

1

N

s
s

μ μ
=

= ∑

( )stk s st stkY Eμ β δ= + + +

Mean forMean for
Chemical Chemical ““ss””
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Consider Study Chemicals as a sampleConsider Study Chemicals as a sample

1,...,i n=Sample of ChemicalsSample of Chemicals

( )stk s st stkY Eμ β δ= + + +

Population of ChemicalsPopulation of Chemicals 1,...,s N=

For Chemical For Chemical ““ss””

For the      Selected For the      Selected 
ChemicalChemical

thi ( )itk i it itkY B D Eμ= + + +

Fixed EffectsFixed Effects Random Random 
EffectsEffects



( )ijk i ijkY B Eμ= + +

i = chemical

J = dose

k = replication

Fixed
Random

Summary  of 
Mixed Model
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Best Linear Unbiased Predictor (BLUP) Best Linear Unbiased Predictor (BLUP) 
from Mixed Modelfrom Mixed Model

Latent Response of ith Selected 
ChemicaliBμ +

( )ˆ ˆ ˆi iP k Yμ μ= + −
2

2 2 /e

k
m

σ
σ σ

=
+

Predictor                                             Shrinkage Constant
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Cumulative Distribution  of Simple Cumulative Distribution  of Simple 
Mean (n=253 chemicals)Mean (n=253 chemicals)
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hmes07p41. sas 9/ 13/ 2007 by  EJS
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ConclusionsConclusions

We can learn from dataWe can learn from data-- even if it isneven if it isn’’t an t an 
experiment.experiment.
Estimation is the keyEstimation is the key-- Hypothesis testing may Hypothesis testing may 
lead us astray.lead us astray.
More accurate estimates are possible with Mixed More accurate estimates are possible with Mixed 
modelsmodels

Require minimal additional assumptionsRequire minimal additional assumptions
Dampen some of the response errorDampen some of the response error

Predictors are related to Bayesian methodsPredictors are related to Bayesian methods
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ThanksThanks

Questions?Questions?
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