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One-Factor experiment with levels as doses
 
Factor: Number of passes (0, 25, 75, 200, 500)
 

Response: Height (cm)
 

To study how resistant different types of vegetation are to 'trampling', park researchers randomly assigned 
20 trails to one of five levels of 'trampling'. 'Trampling' was quantified based on the number of walking 
passes that were taken over the trail. Trails either received 0, 25, 75, 200, or 500 walking passes. One year 
later, the average height of the vegetation on the trail was measured as the response. This is a completely 
randomized design (CRD). 

(This is Problem 3.3 on p.62 in OLRT). 

SAS Part 1: 

proc import datafile="s165/exarnples/dose-response/passes_height.csv" out=passht dbms=CSV replace; 
run; 

proc print data=passht; 
run; 

Obs Passes Height 

1 0 20.7 
2 0 15.9 
3 0 17.8 
4 0 17.6 
5 25 12.9 
6 25 13.4 
7 25 12.7 
8 25 9 
9 75 11.8 

10 75 12.6 
11 75 11.4 
12 75 12.1 
13 200 7.6 
14 200 9.5 
15 200 9.9 
16 200 9 
17 500 7.8 
18 500 9 
19 500 8.5 
20 500 6.7 

proc gplot data=passht; 
plot Height*Passes; 

run; 
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Fit alway ANOVA, the most complex model (same results as a quartic polynomial): 

proc glm data=passht; 
class Passes; 
model Height=Passes; 
output out=anovaout p=predicted r=residual; 
lsmeans Passes; 

run; 

proc capability data=anovaout; 
var residual; 
qqplot; 

run; 

proc gplot data=anovaout; 
plot residual*predicted/vref=O; 

run; 

SAS output: 

The GLM	 Procedure 
Class Level Information 

Class Levels Values 
Passes 5 o 25 75 200 500 

The GLM Procedure 
Dependent Variable: Height 

Sum of 
Source DF Squares Mean Square F Value Pr > F 
Model 4 243.1620000 60.7905000 29.48 <.0001 
Error 15 30.9275000 2.0618333 
Corrected Total 19 274.0895000 
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The GLM Procedure 
Least Squares Means 

Height 
Passes LSMEAN 

o 18.0000000 
25 12.0000000 
75 11.9750000 
200 9.0000000 
500 8.0000000 
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SAS Part 2: Fit a quartic polynomial: 

data passht; set passht; 
Pass2=Passes*Passes; 
Pass3=Passes*Pass2; 
Pass4=Pass2*Pass2; 

run; 
proc print data=passht; 
run; 

Obs Passes Height Pass2 Pass3 Pass4 

1 0 20.7 0 0 0 
2 0 15.9 0 0 0 
3 0 17 .8 0 0 0 
4 0 17 .6 0 0 0 
5 25 12.9 625 15625 390625 
6 25 13.4 625 15625 390625 
7 25 12.7 625 15625 390625 
8 25 9 625 15625 390625 
9 75 11.8 5625 421875 31640625 

10 75 12.6 5625 421875 31640625 
11 75 11.4 5625 421875 31640625 
12 75 12.1 5625 421875 31640625 
13 200 7.6 40000 8000000 1600000000 
14 200 9.5 40000 8000000 1600000000 
15 200 9.9 40000 8000000 1600000000 
16 200 9 40000 8000000 1600000000 
17 500 7.8 250000 125000000 62500000000 
18 500 9 250000 125000000 62500000000 
19 500 8.5 250000 125000000 62500000000 
20 500 6.7 250000 125000000 62500000000 

proc glm data=passht; 
model Height=Passes Pass2 Pass3 Pass4; 
output out=quarticout p=predicted; 

run; 

The GLM Procedure 
Dependent Variable: Height 

Sum of 
Source DF Squares Mean Square F Value Pr > F 
Model 4 243.1620000 60.7905000 29.48 <.0001 
Error 15 30.9275000 2.0618333 
Corrected Total 19 274.0895000 
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Source DF Type I SS Mean Square F Value Pr > F 

Passes 1 141.2953228 141.2953228 68.53 <.0001 
Pass2 1 54.3022721 54.3022721 26.34 0.0001 
Pass3 1 16.0233017 16. C233017 7.77 0.0138 
Pass4 1 31.5411034 31.5411034 15.30 0.0014 

Standard 
Parameter Estimate Error t Value Pr > It I 

Intercept 18.00000000 0.71795427 25.07 <.0001 
Passes -0.36377960 0.06814183 -5.34 <.0001 
Pass2 0.00560094 0.00131285 4.27 0.0007 
Pass3 -0.00002684 0.00000671 -4.00 0.0012 
Pass4 0.00000003 0.00000001 3.91 0.0014 

The estimates of the 5 parameters used to fit the quartic are shown in the last part of the above output. 

Type I SS and tests are computed based on 'sequential sums'. In Type I SS, the order in which terms are 
entered into the model affects the SS and tests. Above, Passes is entered first, and the test for significance 
is done using ONLY Passes in the model (and an intercept). Next, Pass2 is entered into the model, and 
the Type I SS test is done given Passes is accounted for, but none of the other terms. For most of our 
models, these SS and tests are not of interest, but in the case of a polynomial, they do provide some useful 
information. For instance, given that we've fit a cubic to the data, should we fit a more complex model and 
include a quartic term? The final p-value tests for sufficiency of the cubic model in this case. 

Based on the Type I SS output, it looks like we need the complexity of a quartic to describe the data. 

NOTE: The I-way ANOVA model and quartic polynomial provide the same fitted values: 

data apreds; set anovaout; 
anovapred=predicted; 
keep anovapred; 

data qpreds; set quarticout; 
quarticpreds=predicted; 
keep quarticpreds; 

data bothpreds; merge apreds qpreds;
 
proc print data=bothpreds;
 
run;
 

Obs anovapred quarticpreds
 

1 18.000 18.000 
2 18.000 18.000 
3 18.000 18.000 
4 18.000 18.000 
5 12.000 12.000 
6 12.000 12.000 
7 12.000 12.000 
8 12.000 12.000 
9 11.975 11.975 

10 11.975 11.975 
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11 11.975 11 .975 
12 11.975 11 .975 
13 9.000 9.000 

14 9.000 9.000 
15 9.000 9.000 
16 9.000 9.000 
17 8.000 8.000 
18 8.000 8.000 
19 8.000 8.000 
20 8.000 8.000 

Can we transform the dosages In order to create a linear trend? 

'We will first try a square root transformation, then a quarter power transformation. 

SAS Part 3: 

data passht; set passht; 
sqrtPass=sqrt(Passes) ; 

run; 

proc gplot data=passht; 
plot Height*sqrtPass; 

run; 
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Looks like we need to bring the right tail in further. 

data passht; set passht; 
qrootPass=Passes**(1!4) ; 

run; 
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proc gplot data=passht; 
plot Height*qrootPass; 

run; 
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data passht; set passht; 
qrootPass2=qrootPass*qrootPass; 
qrootPass3=qrootPass*qrootPass2; 
qrootPass4=qrootPass2*qrootPass2; 

run; 

A quartic polynomial fit to the transormed data: 

proc glm data=passht; 
model Height=qrootPass qrootPass2 qrootPass3 qrootPass4; 

run; 

The GLM Procedure 
Dependent Variable: Height 

Sum of 
Source DF Squares Mean Square F Value Pr > F 
Model 4 243.1620000 60.7905000 29.48 <.0001 
Error 15 30.9275000 2.0618333 
Corrected Total 19 274.0895000 

Source DF Type I SS Mean Square F Value Pr > F 

qrootPass 1 235.7993988 235.7993988 114.36 <.0001 
qrootPass2 1 1.7977902 1.7977902 0.87 0.3652 
qrootPass3 1 0.0546985 0.0546985 0.03 0.8728 
qrootPass4 1 5.5101125 5.5101125 2.67 0.1229 

Looks like a simple linear regression on the transformed data is sufficient. Fit that model: 
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The GLM Procedure 
Dependent Variable: Height 

Sum of 

Source DF Squares Mean Square F Value Pr > F 
Model 1 235.7993988 235.7993988 110.85 <.0001 
Error 18 38.2901012 2.1272278 
Corrected Total 19 274.0895000 

The GLM Procedure 
Dependent Variable: Height 

Standard 
Parameter Estimate Error t Value Pr > It I 

Intercept 17.66169730 0.64564642 27.36 <.0001 
qrootPass -2.14611031 0.20383920 -10.53 <.0001 

Using transformed data always makes interpretation a little more difficult, but if it simplies the relationship 
between the dose and response, it may be worth it. 
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