CHAPTER 12

Section 12.1

a. Stemand Leaf display of temp:
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180 appearsto be atypical valuefor thisdata. The distribution isreasonably symmetric
in appearance and somewhat bell-shaped. The variation in the dataisfairly small since
the range of values ( 188 — 170 = 18) isfairly small compared to the typical value of 180.
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For theratio data, atypical valueisaround 1.6 and the distribution appearsto be
positively skewed. The variation in the datais large since the range of the data (3.08 - .84
=2.24) isvery large compared to the typical value of 1.6. The two largest values could
be outliers.

b. Theefficiency ratio isnot uniquely determined by temperature since there are several
instances in the data of equal temperatures associated with different efficiency ratios. For
example, the five observations with temperatures of 180 each have different efficiency
ratios.
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Chapter 12: Simple Linear Regression and Correlation

c. A scatter plot of the data appears below. The points exhibit quite abit of variation and do
not appear to fall closeto any straight line or simple curve.
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Scatter plots for the emissions vs age:

Baseline
Reformul

With this data the relationship between the age of the lawn mower and its NO, emissions
seems somewhat dubious. One might have expected to see that as the age of the lawn mower
increased the emissions would also increase. We certainly do not see such a pattern. Age
does not seem to be a particularly useful predictor of NOy emission.

352



Chapter 12: Simple Linear Regression and Correlation

A scatter plot of the data appears below. The pointsfall very closeto astraight line with an
intercept of approximately 0 and a slope of about 1. This suggests that the two methods are
producing substantially the same concentration measurements.
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Box plots of both variables:
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On both the BOD mass |oading boxpl ot and the BOD mass removal boxplot there are 2

outliers. Both variables are positively skewed.



Chapter 12: Simple Linear Regression and Correlation

b. Scatter plot of the data:

BOD mass loading (X) vs BOD mass removal (y)
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Thereisastrong linear relationship between BOD mass loading and BOD mass removal.
Asthe loading increases, so doesthe removal. The two outliers seen on each of the
boxplots are seen to be correlated here. Thereis one observation that appears not to
match the liner pattern. Thisvalueis (37, 9). One might have expected alarger value for
BOD massremoval.

a. Thescatter plot with axesintersecting at (0,0) is shown below.

Temperature (x) vs Elongation (y)
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b. The scatter plot with axesintersecting at (55, 100) is shown below.

Temperature (X) vs Elongation (y)
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c. A parabolaappearsto provide agood fit to both graphs.

There appearsto be alinear relationship between racket resonance frequency and sum of
peak-to-peak acceleration. Asthe resonance frequency increases the sum of peak-to-peak
acceleration tends to decrease. However, thereis not a perfect relationship. Variation does
exist. One should also notice that there are two tennis rackets that appear to differ from the
other 21 rackets. Both have very high resonance frequency values. One might investigateif
these rackets differ in other ways aswell.

a My = 1800 +1.3(2500) = 5050
b. expected change=slope= b, =1.3

expected change = 100b, =130

o

e

expected change = - 100b, = - 130
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M50 = 1800 +1.3(2000) = 4400, and s =350, so P(Y > 5000)

- p& 5 2000° 4006 _ 15 1 71)= 0436
350
e (4]

Now E(Y) = 5050, so P(Y > 5000) = P(Z >.14) = .4443

E(Y, - Y,) = E(Y,) - E(Y,) =5050- 4400 = 650, and
V(Y, - Y,) =V(Y,) +V(Y,) = (350)" +(350)* = 245,000, so the s.d. of
Y, - Y, =494.97.
100- 650 &
ThusP(Y, - Y, >0) = P&z > — 2= p(z > 71) =.2389
e 49497 g
The standard deviation of Y, - Y; = 494.97 (fromc), and
E(Y, - Y,) =1800+1.3x, - (1800+1.3x,) =1.3(x, - x,). Thus
® - 1.3(x - x)é
P(Y, >Y,)=P(Y,- Y, >0) =P¢z>——2_"1%= 05 implies that
(Y, >Y) Y- Y, ) g 49497 g p
- 1'3(X2 B Xl)
494.97

- 1.645 so X, - X =626.33.

b1 = expected change in flow rate (y) associated with aone inch increase in pressure
drop (x) = .095.

We expect flow rate to decrease by 5b, =.475.
My = - .12 +.095(10) =.83, and M., = - .12 +.095(15) =1.305.

p(y > 835) = P& >-5°° 8300 _ o7 5 50) = 4207

e 025 g
P(y >.840) = p& > 340~ 8300
e

= P(z > .40) = .3446
025 g

Let Y1 and Y, denote pressure drops for flow rates of 10 and 11, respectively. Then
My, =.925, soY; - Y, has expected value .830 - .925 = -.095, and s.d.

J(025)% +(025)° =.035355. Thus

& +.095 ¢
P(CY, >Y,)=P(Y, - Y, >0) =Pcz>——==P|Z > 2.69) =.0036
Vy 2) M-Y, ) g 035355 5 ( )
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Y has expected value 14,000 when x = 1000 and 24,000 when x = 2000, so the two

- 85004 - 17,5006

probabilities become Pgaz > 9 .05 and PE% > =00 .10. Thus

e S (4] e S (4]
- 8500 - 17,500

=-1.645 and ————— = - 1.28. Thisgivestwo different valuesfor S ,a
S S

contradiction, so the answer to the question posed is no.
a b, = expected change for aone degreeincrease = -.01, and 10b, = - .1 isthe

expected change for a 10 degree increase.
b. My = 5.00- .01(200) = 3, and M., = 2.5.

c. The probability that the first observation isbetween 2.4 and 2.6 is

4-25 2.6- 2.5¢
P4£Y £26)= Pé?'—E 7z g2 220
e .07/5 075 g

= P(- 133£Z £ 1.33) =.8164 . The probability that any particular one of the other
four observationsis between 2.4 and 2.6 is also .8164, so the probability that all five are

between 2.4 and 2.6 is (.8164)° = .3627 .

d. LetY;and Y, denotethetimesat the higher and lower temperatures, respectively. Then
Y1- Y, has expected value 5.00- .01(x +1)- (5.00- .01x) = - .01. The standard

deviction of Y1 - Y, is y/ (075)° +(075)° =.10607. Thus

o - (- 01)s_ _
P(Y,- Y, >0) = sz > —oa07 o P(z >.09) = .4641.
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Section 12.2
12.
2
a S, =390095- M = 20,002.929,
S,, = 25825- M =13047.714; b, ==~ = 13047.714 _
14 S, 20,002.929
60 = Sy - b, = 346- ('652)(517) =.626, so the equation of the least squares

n 14
regressionlineis y = .626 +.652X .

b.  Yss) =.626+.652(35) = 23.456. Theresidual is
y- §=21- 23.456 = - 2.456.

2
c. S, =17,454- & =8902.857, so
W 14

SSE = 8902.857 - (.652)(13047.714) = 395.747.

oo [SE_ \/395.747
n- 2 12

=5.743.

d SST =S, =8902.857; r’=1- S =1- 395747 _ .956
SST 8902.857

e.  Without the two upper ext reme observations, the new summary values are

n =12,Sx = 272,Sx* =8322, Sy =181,Sy?* = 3729, Sxy =5320. Thenew
S, =2156.667,S,, =998.917,S,) =1217.333. New 61 =.56445 and

b, =2.2891, which yields the new equation y = 2.2891+ .56445x . Removing
the two values changes the position of the line considerably, and the slope slightly. The
311.79
2

newr<=1-
998.917

observations.

=.6879, which ismuch worse than that of the original set of
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For thisdata, n=4, SX, =200, Sy, =5.37, Sx* =12.000, Sy” = 9.3501,

2
Sxy, =333. S, =12,000- @ = 2000,

2
S,, =9.3501- @ = 2.140875, and S, = 333- (200(537) _ g4 &
.S .
b, =—2= 43 _ 43925 and b, = EEI (.03225)@ = - .27000.
S, 2000 4 4

SE=S, - b,S, =214085- (03225)64.5) =.060750.

r’=1- E =1- 060750 =.972. Thisisavery highvalueof I ?, which confirms

SST 2.14085

the authors' claim that thereis astrong linear relationship between the two variables.

a n=24, Sx =4308, Sy, =40.09, Sx* = 773790, Sy’ =76.8823,
(4308)°

Sxy, =7,243.65. S_=773,790 - =504.0,
2

S,, = 76.8823- % =99153, and

S, =7,243.65- M =45.8246 . p, = Sy _45.8246 = 09092 and
24 S 504

60 = % - (09092)7 = - 14.6497 . The equation of the estimated regression

lineis y = - 14.6497 +.09092X .

b. Whenx=182, § = - 14.6497 +.09092(182) = 1.8997 . So when the tank
temperature is 182, we would predict an efficiency ratio of 1.8997.

c. Thefour observationsfor which temperatureis 182 are: (182, .90), (182, 1.81), (182,
1.94), and (182, 2.68). Their corresponding residuasare: .90 - 1.8997 = - 0.9977 ,
1.81- 1.8997 =-0.0877, 1.94- 1.8997 = 0.0423, 2.68- 1.8997 = 0.7823.
These residuals do not all have the same sign because in the cases of the first two pairs of
observations, the observed efficiency ratios were smaller than the predicted value of

1.8997. Whereas, in the cases of the last two pairs of observations, the observed
efficiency ratios were larger than the predicted val ue.

d. SE=S, - b,S, =9.9153- (09092)(45.8246) = 5.7489.

r2=1- SE =1- >.7489 =.4202 . (42.02% of the observed variation in

SST 9.9153
efficiency ratio can be attributed to the approximate linear relationship between the
efficiency ratio and the tank temperature.)
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Thefollowing stem and leaf display showsthat: atypical valuefor this dataisanumber
inthelow 40’s. there is some positive skew in the data. There are some potential outliers
(79.5 and 80.0), and thereis areasonably large amount of variation in the data (e.g., the
spread 80.0-29.8 = 50.2 islarge compared with the typical valuesinthelow 40’s).

9

33 stem = tens
5566677889 leaf = ones
1223

56689

1

N

9
0

O ~N~N OO oD D WWwN

No, the strength values are not uniquely determined by the MoE values. For example,
note that the two pairs of observations having strength values of 42.8 have different MoE
values.

The least squareslineis § = 3.2925 +.10748X . For abeam whose modulus of
elasticity isx = 40, the predicted strength would be
Yy =3.2925+ .10748(40) =7.59. Thevaluex =100 isfar beyond the range of the x

valuesin the data, so it would be dangerous (i.e., potentially misleading) to extrapol ated
thelinear relationship that far.

From the output, SSE = 18.736, SST = 71.605, and the coefficient of determinationisr? =
738 (or 73.8%). Ther? valueislarge, which suggests that the linear relationshipisa
useful approximation to the true rel ationship between these two variables.
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Rainfall volume (x) vs Runoff volume (y)

T T
0 50 100
X

Y es, the scatterplot shows a strong linear relationship between rainfall volume and runoff
volume, thusit supports the use of the simple linear regression model.

2
X =53.200, y = 42.867, S, = 63040- % =20,586.4,
2
S,, =41999- (68) 144357, ana
.S
S, =51232- (798)643) _ 17 0244, 5, = = 170244 _ 49697 and
1 S, 20586.4

b, = 42.867- (.82697)53.2 = - 1.1278.

Mg = - 11278 +.82697(50) = 40.2207 .

SE=S, - b,S, =14,435.7- (82697)17,324.4) = 357.07.

. SSE 357.07
s=s = :\/ =524 .
n- 2 13
rz=1- =1 357.07 = .9753. S0 97.53% of the observed variation in

SST 14,435.7
runoff volume can be attributed to the simple linear regression relationship between
runoff and rainfall.
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Note: n =23 inthisstudy.

a. Foraone(mg/cn?) increasein dissolved material, one would expect a.144 (g/l) increase
in calcium content. Secondly, 86% of the observed variation in cal cium content can be
attributed to the simple linear regression relationship between cal cium content and
dissolved material.

b. M, = 3.678+.144(50) =10.878

c. r?=.86=1- % so SSE = (SST)(1- .86) =(320.398)(.14) = 44.85572.

=1.46

SSE \/44.85572
Then S= =
n-2 21

LB _15(987.645)- (1425)(10.68) _ - 404.3250 _ 00736023
" 15(139,037.25)- (1425  54,933.7500
_ 10.68- (- .00736023)(1425)
15

=1.41122185, y =1.4112 - .007360x.

b,

A

b. b, =-.00736023

A

c.  Withx now denoting temperaturein 0OC, y = b, + t;l x+322

(%)

&%

= (60 + 3261)+ % b,x=1.175695- .0132484x, sothenew b, is-0132484 and

thenew b, =1.175695.

A

Using the equation of a, predicted Yy = b, + bl(ZOO) =-.0608, but the deflection
factor cannot be negative.

o
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N=14, Sx = 3300, Sy, =5010, Sx* = 913750, Sy” = 2,207,100,
Sx y, =1,413,500

a

o

5 = 3256,000
' 1,902,500
y = - 455519 +1.7114x.

=1.71143233, 60 = - 4555190543, so we use the equation

Mypps = - 45.5519 +1.7114(225) = 339.51

Estimated expected change = - 5061 =-85.57

No, the value 500 is outside the range of x values for which observations were available
(the danger of extrapolation).

b, =.3651, b, =.9668
.8485
$ =.1932

SST = 1.4533, 71.7% of this variation can be explained by the model. Note:
SSR _1.0427

SST 14533

= .717 which matches R-squared on output.

The summary statistics can easily be verified using Minitab or Excel, etc.

4914
744.16

b, = 66034186, b, = - 2.18247148

predicted y = b, + b, (15)=7.72

s = b, +b,(15)=7.72
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b, = 204325 _ 44736003, b, =1.41122185,

' T5403375
SSE = 7.8518- (1.41122185)(10.68)- (- .00736023)(987.654) = .049245,
52 =949295 _ 133788 and § = s =.06155
13
2
b. SST =7.8518- (068) _ 24764 sor2 =1- 229245 _ 1 199 = 801
15 24764

a. Usingthe Y;'S givento onedecimal place accuracy isthe answer to Exercise 19,

SSE = (150 - 125.6)° +...+ (670 - 639.0)° =16,213.64. The computation

formula gives

SSE = 2,207,100 (- 45.55190543)(5010) - (1.71143233)(1,413,500)
= 16,205.45

16,205.45 _ 961

5010)*
414,235.71

b. SST =2,207,100 - (T =414,23571sor* =1-

1200 —

> 700 H

200 —
T T T
0 50 100

X

According to the scatter plot of the data, a simple linear regression model does appear to
be plausible.

b. Theregression equationisy = 138 + 9. 31 x

The desired valueis the coefficient of determination, I 2 =99.0% .

d. Thenew equationisy* = 190 + 7.55 x*.  Thisnew equation appearsto differ

significantly. If we wereto predict avalue of y” for X = 50, the value would be 567.9,
where using the original data, the predicted value for x = 50 would be 603.5.
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Sy, - 618>g
n

(SYi - 61SXi )

n
equations yields
n

Substitution of 60 = and 61 for by and by on the left hand side of the normal

+ 518Xi = Sy, from thefirst equation and
Sy, - b,5x ] - Sy, by{nsSx? - (sx)?
SXI (Sy| blsxl )+ b18X_2 - SX|Sy| + l(n Xi ( |) )
n ' n n
SXSY: |, NSXyY: S,
n n n

= SX Y, from the second equation.

We show that when X is substituted for x in b, + b, X, ¥ results, so that (Y, _) ison the

%’i - blsxi
n

liney=b,+b,x: b, +b,X = +b,X=V- b,X+b,X=7Y.

Wewish to find by tominimize S(y, - b, )* = f(b,). Equating f (b, ) to 0 yields

2S(y, - bx )(- x) =0 so Sx y, :b18Xi2 and b, = SX'? . Theleast squares
~ ~ Y.
estimator of b, isthus b, = % =
S

a.  Subtracting X fromeach X; shiftstheplotinarigid fashion X units to the left without

otherwise altering its character. Thelast squaresline for the new plot will thus have the
same slope as the one for the old plot. Sincethe new lineis X unitsto the left of the old

one, the new y intercept (height at x = 0) isthe height of theold lineat x = X , whichis
b, + b,X =¥ (sincefrom exercise 26, ()_(, Y)ison theold line). Thusthenewy
interceptis Y .

b. Wewish by and b; to minimizef(bo, by) = Sy, - (b, +b,(x - X))]*. Equating 1?—;
0

to % to Oyields nby, +b,S(x, - X) = Sy,, b,S(x - X)+b,S(x, - X)°

=5(x - X)* =[x - X)y,. since S(x - X)=0, b, =y, andsince )
S(x - X}y, =S{x - XNy, - ¥) [ because S(x - X)y =S(x - X)1, b, =b,.

~

Thus by =Y and b, = b,.
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For dataset #1, r* = 43 and S = s= 4.03; whereas these quantities are .99 and 4.03 for #2,
and .99 and 1.90 for #3. In general, one hopes for both large r? (large % of variation
explained) and small s (indicating that observations don’t deviate much from the estimated
line). Simplelinear regression would thus seem to be most effectivein the third situation.

Section 12.3

30.

31

2
) )— (35—0) =.0175 and the standard

S(x - x)* =7,000,000,soV|b, |=
2 S(x- %) V5, 7,000,000
deviation of 61 is+.0175 =.1323.

- 0-12 15-1.25;
b, PLOE B, £15)=pB 1B g 7 g 107 1259
& 1323 1323 g

= P(- .89 £ Z £1.89) =.9412.

c. Althoughn=11hereandn=7ina, S(Xi - )_()2 =1100,000 now, which issmaller

than ina. Because this appearsin the denominator of V(Bl) , thevarianceis smaller for
the choice of x values ina.

a b, =-.00736023, b, =1.41122185, so
SSE = 7.8518- (1.41122185)(10.68) - (- .00736023)(987.645) = .04925,

2
s* =.003788, s=.06155. S ¢ = > - 005768 _ .00000103,

b sx?- (Sx ) /n  3662.25
S, =S; =esimatedsd.of b, =+/00000103 =.001017.

b,

b. - .00736%(2.160)(.001017) = - .00736 +.00220 = (- .00956,- .00516)
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32. Let b1 denote the true average change in runoff for each 1 m® increasein rainfall. To test the
hypotheses H, : b, =0 vs. H, : b, * O, thecalculated t statistic is
_ b, _.82697

= 22.64 which (from the printout) has an associated p-value of P=

s. .03652

by
0.000. Therefore, sincethe p-valueisso small, H, isrejected and we conclude that thereisa
useful linear relationship between runoff and rainfall.

A confidenceinterval for b, isbased on n—2=15- 2 = 13 degrees of freedom.
t o513 = 2.160, sotheinterval estimateis

A

b, %t g5, %5, =.82697 + (2.160)(03652) = (.748,.906) . Therefore, we can be

confident that the true average change in runoff, for each 1 m? increase in rainfall, is
somewhere between .748 m?® and .906 nr'.

33.
a. Fromthe printout in Exercise 15, theerror d.f. = n—2=25, t ,c s = 2.060. The

confidence interval isthen
b, 1 gpn5 >5; =.10748+ (2.060)(.01280) = (.081,.134). Therefore, we

estimate with a high degree of confidence that the true average changein strength
associated with a1l Gpaincrease in modulus of elasticity is between .081 MPa and .134
MPa.

b. Wewishtotest H,: b, =.1vs H, :b, >.1. Thecalculatedt statisticis
_b,-.1_.10748- .1
S5, .01280

such as thiswould not lead to rejecting H,, so there is not enough evidence to contradict
the prior belief.

t = .58, whichyieldsap-value of .277. A large p-value

34.
a H,:b,=0;H_,:b,*0
RR: |t| >t , or |t| > 3.106

t =5.29: Rgect H,. The slopedifferssignificantly from 0, and the model appears to
be useful.

al/2,n-

b. Atthelevel @ = 0.01, rgject h, if the p-valueislessthan 0.01. In this case, the reported
p-value was 0.000, therefore reject H,. The conclusion is the same as that of part a.
c. H,:b,=15;H,:b,<15
RRt<-t, ,ort<-2718
0.9668- 1.5 , . . .
t=—— =-2.92: Rgect H,. Thedatacontradict the prior belief.
0.1829
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~ A

Wewanta95%Cl forby, by £t 5,5 XS, . First, weneed our point estimate, b, .
e 1

(222.1)?

Using the given summary statistics, S, = 3056.69 - =155.019,

S, = 2759.6- (2222)19) _ 535115 ang b, = Sy (2B12 ) e
S, 115019
Weneed b, = 103- (1.536)(222.) = - 8.715 to calculate the SSE:

17
SSE = 2975- (- 8.715)(193) - (1.536)(2759.6) = 418.2494 . Then

s= 1/% =528 and s; I% =.424. witht ;. =2.131, our

Clis 1.536 + 2.131.424) = (632, 2.440). With 95% confidence, we estimate that

the change in reported nausea percentage for every one-unit change in motion sickness
doseis between .632 and 2.440.

We test the hypotheses H, :b; =0 vs H, 1 b; * O, and thetest statistic is

t= % = 3.6226. With df=15, the two-tailed p-value = 2P( t > 3.6226) = 2( .001)

=.002. With ap-value of .002, we would reject the null hypothesis at most reasonable
significance levels. This suggeststhat thereisauseful linear relationship between
motion sickness dose and reported nausea.

No. A regression model isonly useful for estimating values of nausea % when using
dosages between 6.0 and 17.6 — the range of values sampled.

Removing the point (6.0, 2.50), the new summary statsare: n=16,,Sx, = 216.1,
Sy, =1915, Sx* =3020.69, Sy’ = 2968.75, Sx Y, =2744.6, and then
b, =1.561, b, = - 9.118, S5 = 4305264, $=5.55, 5, = 551, and the new Cl

is1.561+ 2.145><(.551) ,or (.379,2.743). Theinterval isalittlewider. But

removing the one observation did not change it that much. The observation does not
seem to be exerting undue influence.
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a. A scatter plot, generated by Minitab, supports the decision to use linear regression
analysis.

10

09 —

0.8

0.7 —

06 — . L4

mist droplets

04 (]
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0 100 200 300 400 500 600 700 800 900 1000

fluid flow velocity

b. Weareasked for the coefficient of determination, r’. From the Minitab output, r? = .931
(whichiscloseto the hand calculated val ue, the difference being accounted for by
round-off error.)

c. Increasing x from 100 to 1000 means an increase of 900. If, asaresult, the averagey
.6
were to increase by .6, the slope would be % =.0006667 . We should test the

hypotheses H : b, =.0006667 vs. H, : b, <.0006667 . Thetest statisticis

.00062108 - .0006667 L _ :
t= =-.601, which is not significant. Thereisnot
.00007579

sufficient evidence that with an increase from 100 to 1000, the true average increase in y
islessthan .6.

d. Weare asked for aconfidenceinterval for D, . Using the values from the Minitab
output, we have .00062108 + 2.776(.00007579) = (.00041069,.00083147)
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a n=10, Sx = 2615, Sy, =39.20, SX* =860,675, Sy* = 161.94,

Sxy, =114535,s0 b, = 12027 _ o6g00s8, b, = 2.14164770  from
1,768,525
which SSE = .09696713, s=.11009492 S=.11009492 £.110=5S ,
S . = & =.000262

S5, J176,852

b. Wewishtotest H, : b, =.0060 vs H, : b; 1 .0060. Atlevel .10, H, isrejected if
either t3 t, o =1.860 or t £-t;, =-1.860. Since
[ = .0068- .0060

=3.06 3 1.1860, H, isrejected.
.000262

a. From Exercise 23, which aso refersto Exercise 19, SSE = 16.205.45, so

s* =1350.454, $=36.75, and s;, = .75~ 0997, Thus
1 368.636
1.711
= _0997 =17.2>4.318 =t 334514, S0 p-value < .001. Becausethe p-value< .01,

H, : b, =0 isrejected at level .01 in favor of the conclusion that the model is useful

(b, * 0).

b. TheCl.for b, is1.711 (2.179)(.0997) =1.711+.217 =(1.494,1.928). Thus
theCll.for 10b, is (14.9419.28).

SSE = 124,030.58— (72.958547)(1574.8) — (.04103377)(222657.88) = 7.9679, and SST =
30.828

Source af SS MS f
Regr 1 31.860 31.860 180
Error 18 7.968 177
Total 19 30.828

Let'susea =.001. Then F,,,4 =15.38<18.0,s0 H, : b, =0 isrejected and the

model isjudged useful. S=+/1.77 =1.33041347, S, =18,921.8295, so

(= .04103377
1.33041347/4/18,921.8295

= 4.2426, and t? = (4.2426)° =18.0= f .
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AR Elsy, - 6,5x)

We use the fact that b, isunbiased for b,. E(b0
n
_ E(?Ji)_ el )k = E(iYi)_ b.x

=M_ b,Xx=b,+b,X- b,Xx=b,
n

a Letc=nSx?- (Sx)°. Then E(Al) :%E[nSxiYi...Yi - (sx)..(sx)(sY)]
= 28 XE(Y)- =& E(Y) =28 (b, +bux)- =4 (b, +bix)
s - (sxF=b,

b. with c =S(x - X)*, b, :%S(x - )Y, - V):%S(x - X)Y. (since
S(x - X)¥ = YS(x, - i)=\7>0=0),sov(61)=c—128(xi - x)Var(Y,)
=S T s e e

t= bl . The numerator of 61 will be changed by the factor cd (since

SX; )(Syi ) appear) while the denominator of 61 will change by the factor

—

both Sx; Yy, and
¢? (since both SXI-2 and (SXi )2 appear). Thus 61 will change by the factor % Because

SE=S(y, - ¥, )2, SSE will change by the factor d2, so swill change by the factor d.

. . : _ d_c
Since «/— int changes by the factor c, t itself will change by —Xa =1, or not at all.
C

| o a14
The numerator of dis|1—2| = 1, and the denominator is —— =.831, so
A/324.40
1
d= e =1.20. The approximate power curveisfor n—2df =13, and b isread from

Table A.17 as approximately .1.
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12.4

The mean of the x datain Exercise 12.15is X = 45.11. Sincex =40iscloser to 45.11
than isx = 60, the quantity (40 - X)2 must be smaller than (60 - X)z. Therefore,

since these quantities are the only onesthat are different inthetwo S; values, the S;
valuefor x = 40 must necessarily be smaller than the S; for x =60. Said briefly, the

closer x isto X , the smaller the value of Sg,.

From the printout in Exercise 12.15, the error degrees of freedom isdf = 25.
t 02505 = 2.060, sotheinterval estimatewhen x =40is: 7.592 £ (2.060)(. 179)

7.592 +.369 = (7.223,7.961). We estimate, with a high degree of confidence, that

the true average strength for all beams whose MoE is 40 GPais between 7.223 MPaand
7.961 MPa.

From the printout in Exercise 12.15, s= .8657, so the 95% prediction interval is

§ £t e oo [S° +S2 = 7.592+ (2.060)/(.8657)7 + (.179)?

= 7.592 +1.821= (5.771,9.413). Note that the prediction interval is almost 5 times
aswide asthe confidenceinterval.

For two 95% intervals, the simultaneous confidence level isat least 100(1 — 2(.05)) =
9%

Wewishto find a90% Cl for Mq,: Y, = 78.088 , t g3 =1.734, and

2
Sy :5\/ 1 + (125' 140'895) =.3349 .Putting it together, we get

20 18,921.8295
78.088 +1.734(.3349) = (77.5073,78.6687)

Wewant a90% PI: Only the standard error changes:
2
Sy = s\/1+i + (125- 140.895) =1.3719,s0thePl is

20  18921.8295
78.088 +1.734(1.3719) = (75.7091,80.4669 )

Becausethex of 115 isfarther away from X than the previous value, the term

* p— 2
(X - X) will be larger, making the standard error larger, and thus the width of the
interval iswider.
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We would betesting to seeif the filtration rate were 125 kg-DS/m/h, would the average
moisture content of the compressed pellets be less than 80%. The test statisticis
.= 78.088- 80 _

-5.709, and with 18 df the p-valueis P(t<-5.709) ~ 0.00. We
.3349

would reject H,. Thereissignificant evidence to prove that the true average moisture
content when filtration rateis 125 is less than 80%.

46.

A 95%Cl for Myep0t Yiso) = - -311+(.00143)(500) = .40 and

2
ST A3 1—13+ (5(121 ;Z;S:j) =.03775 , sotheinterval is

Yiso0) £ tozsas Sy, =40+ 2.210(.03775) = .40+.08 =(.32,.48)

Thewidth at x = 400 will be wider than that of x = 500 because x = 400 is farther away
from the mean (X = 471.54).

c. A9%Clfor by:

A

b, %t gy, >5; =.00143+ 2.201(0003602) = (.000637,.002223)

Wewishtotest Hg : Yiso0) =25 vs. H 1 Y(o0) * -25. Thetest statisticis
t = 9(400) - .25

, and we reject H, if |t| 3 tgpsy = 2.201.
S)7(400)
Yiaoo) = - -311+.00143(400) = .2614 and

2
S5,y =13 1, (400- 47154F _ .0445 , so the calculated
(409 13 131,519.23
t= %‘4}525 =.2561, whichisnot 3 2.201, sowedo not reject Ho. Thissample
data does not contradict the prior belief.
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Yiao) = - 1.128+.82697(40) = 31.95, t e, = 2.160; a95% P! for runoff is

31,95+ 2.160,/(5.24)? + (1.44)? = 31.95+11.74 = (20.21,43.69). No, the

resulting interval isvery wide, therefore the available information is not very precise.

Sx = 798, Sx* = 63,040 which gives S, =20,586.4, whichinturn gives

Y= 15 20,586.4

40.22+ 2.160,/(5.24) + (L.358)? = 40.22+11.69 = (28.5351.92). The
simultaneous prediction level for thetwo intervalsis at least 100(1- 2a )% =90%.

2
S, = 5.24\/i +M =1.358, so the Pl for runoff when x =50is

2
S, =18.24 - (26) _ 60, S,, =40.968- (12:6)(27.68) _ 2.216;
2
S,, =93.3448 - (27.68)° =8213b, ==~ =2210 _ 3603
9 . .60
b, = Sy- b,SX_ 27.68- (3'9693)(12'6) = - 2.095, so the point estimate is
n
Yus) = - 2.095+3.693(1.5) = 3.445. SSE = 8.213- 3.693(2.216) =.0293,
SE _ [.0293
which yields S = = \/ =.0647. Thus
n- 2 7
1. (15-14)f
39(15) =.0647 5 +T =.0231. The95% ClI for n'l,,l_s is

3.445 + 2.365(.0231) = 3.445 + .055 = (3.390,3.50).

A 95% PI for y when x = 1.5 issimilar:
3.445+ 2.365,/(0647) +(0231)° = 3.445+.162 = (3.2833.607). The

prediction interval for afuturey value iswider than the confidence interval for an
average value of y when x is 1.5.

A new PI for y when x = 1.2 will bewider since x = 1.2 isfarther away from the mean
X=14.
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9B5%Cl: (462.1,597.7);  midpoint =529.9; t ,c s = 2.306;
529.9 +(2.306)(8; =597.7

b0+61(15))

626,05 = 29402
99% Cl: 529.9 + (3.355)(29.402) = (431.3,628.5)

A

S

=18.87349841, b, = - 8.77862227 , SSE = 2486.209, s = 16,6206

1, 11(18- 20.2909)°
11 3834.26
topse = 2.262, sothe Cl is 330.94 + (2.262)(16.6206)(.3255)

= 330.94+12.24 = (318.70,343.18)

(@Y
=

=.3255,

a b, +b,(18) =330.94, X = 20.2909, \/

1+ —+
11 3834.26

330.94 + (2.262)(16.6206)(1.0516) = 330.94 + 39.54 = (291.40,370.48).

=1.0516, sotheP..is

\/ 1 11(18- 20.2909)

c. Toobtain simultaneous confidence of at least 97% for the three intervals, we compute
each one using confidence level 99%, (with t o,z o = 3.250). For x = 15, theinterval is

274.32 + 22.35 =(251.97,296.67) . Forx=18,

330.94+17.58 = (313.36,348.52). Forx =20,
368.69+ 0.84 = (367.85,369.53).

a. 0.40iscloserto X .

b, +b,(0.40)t, ., , {3

0 or 0.8104 + (2.101)(0.0311)
= (0.745,0.876)

60+Bl(o.4o))

C. k;0 + t’)\1 (120) ita/2,n- 2 x\/Sz + 8260+61(]—20) or

0.2912 + (2.101)/(0.1049)? +(0.0352)? = (059,.523)
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a Wewishtotest H  :b, =0 vs H_:b; 1 0. Thetest statistic
{ = 10.6026

.9985
table A.8), and H, isrejected since the p-valueis smaller than any reasonable @ . The
data suggests that this model does specify a useful relationship between chlorine flow and
etch rate.

=10.62 leadsto ap-value of < .006 (2P(t > 4.0) from the 7 df row of

b. A 95% confidenceinterval for b, : 10.6026 + (2.365)(.9985) = (8.24,12.96). we

can be highly confident that when the flow rateisincreased by 1 SCCM, the associated
expected change in etch rate will be between 824 and 1296 A/min.

5 1 9(3.0- 2.667)*9
c. A95%CIfor My,: 38.256+ 2.36592.546\/§+ ( 550 ) N

%]
= 38.256 + 2.365(2.546)(.35805) = 38.256 + 2.156 = (36.100,40.412), or
3610.0t0 4041.2 A/min.

& 1 0- 266779
d. The95% Pl is 38.256 + 2.36592.546\/1+—+9(30 667) ;
9 5850 +

(%]
= 38.256 + 2.365(2.546)(1.06) = 38.256 + 6.398 = (31.859,44.655), or

3185.9t0 4465.5 A/min.

e. Theintervalsfor x* = 2.5 will be narrower than those above because 2.5 is closer to the
mean than is 3.0.

f.  No. avaueof 6.0isnot in the range of observed x values, therefore predicting at that
point is meaningless.

Choice awill be the smallest, with d being largest. aislessthanb and c (obviously), andb
and c are both smaller thand. Nothing can be said about the relationship betweenb and c.
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Thereisalinear pattern in the scatter plot, although the pot also shows areasonable
amount of variation about any straight line fit to the data. The simple linear regression
model provides a sensible starting point for aformal analysis.

n=141, Sx = 1185,Sx> =151825, Sy, =5960, Sy’ = 2,631,200, and

Sx Y, = 449,850, from which
b, = - 1.060132, b, = 515.446887, SSE = 36,036.93,

r2 =.616,s? =3003.08,s = 54.80,s. = 54.80

b [51523.21

H_ b, 0, t="LL . RejectH, atlevel 05if either t3 tgy,, = 2.179 or
S.
b,

=241 H,:b,=0vs

1

t£-2179. Wecaculate t = 221?0 =-4.39. Since - 439£-2179 H, is

rejected. The simple linear regression model does appear to specify auseful relationship.

A confidenceinterval for b, + b 1(75) isrequested. Theinterval is centered at

A 1. n(75- x)? _

b, +b,(75)=4359. s. . . =s|=+ """/ __=1483 -
ot l( ) Sbo+b1(75) S\/n + nSXiZ - (le )2 (using s

54.803). Thusa95% Cl is 435.9 +(2.179)(14.83) = (403.6,559.7).

X, =X, =12, yet y, 1 y,

100 —|
90 —
80 —
70 —
60 —| -
50 —
40 — L4

% damage

30 L u
20 —
10 —

Based on a scatterpl ot of the data, a simple linear regression model does seem a
reasonable way to describe the relationship between the two variables.
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2296

¢. b, =552=3284692, b, - 19.669528, y = - 19.67 + 3.285x

99

d. SSE=35634- (- 19.669528)(572)- (3.284692)(14,022) = 827.0188,

2
s? =82.70188,s=9.094.s. ., . =9.094 1, M =2.6308,
bo+b3(20) 12 8388

b, +b,(20) = 46.03, t 4y, = 2.228. ThePl is 46.03+ 2.228 [s? + s§0+61(20)

b
= 46.03+ 21.09 = (24.94,67.12).

(x- %08 (% - 3, _

A oA e 1
56. b, +bx=Y- b,X+b,x=Y+(x-X)o, ==Y + - L=sdy,
n nSXi - (Sxi)
X- X)X - X ~ ~
where d, = +%. ThusVal‘(b0 + blx): a d2Var(Y)=s 2Sd2,
N nSx - (Sxi)
which, after some algebra, yields the desired expression.
Section 12.5
57. Most people acquire alicense as soon as they become eligible. If, for example, the minimum
age for obtaining alicenseis 16, then the time since acquiring alicense, y, isusually related to
age by the equation y » X - 16, which isthe equation of astraight line. In other words, the
majority of peoplein asamplewill havey valuesthat closely follow theline y = X - 16.
58.

a  Summary values. SX = 44,615, Sx? = 170,355,425, Sy =3860,
Sy2 =1,284,450, Sxy =14,755,500, n =12. Usingthese values we calculate
S, =4,480,572.92, S, =42816.67,and S,, = 404,391.67. So

S
r=——>2_ = 9233

b. Thevalue of r does not depend on which of the two variablesislabeled asthe x variable.
Thus, had we let x = RBOT timeand y = TOST time, the value of r would have remained

the same.

c. Thevalue of r does no depend on the unit of measure for either variable. Thus, had we
expressed RBOT timein hoursinstead of minutes, the value of r would have remained
the same.
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Normal Probability Plot
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.01 4
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TOST:
Average: 3717 92 Anderson-Darling Normality Test
StDev: 638.220 ASquared: 0.197
N: 12 P-value: 0.856
Normal Probability Plot
.999
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| 50
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2 20 1
o
.05 -
.01
.001
T T T
200 300 400
RBOT:
Average: 321.667 Anders on-Darling Normality Test
StDev: 62.3893 A-Squared: 0.446
N: 12 P-value: 0.232

Both TOST time and ROBT time appear to have come from normally distributed
populations.

H : Reject H, at level .05 if either

r
r;=0vsH_ :rt0.t=—
' V1-r?

t3 1,600 =2228 or t £-2.228. r=.923,t=758, 50 H, should be rejected. The
model is useful.

(o]
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2 2
a S, ,=251970- % =40,720, S, =130.6074 - M = 3.033711,
and S, =5530.92- %{?792) = 339.586667, so
339.586667

=.9662 . Thereisavery strong positive correlation

r =
\/40,720~/3.033711
between the two variables.

b. Because the association between the variablesis positive, the specimen with the larger
shear force will tend to have alarger percent dry fiber weight.

c. Changing the units of measurement on either (or both) variables will have no effect on
the calculated value of r, because any change in units will affect both the numerator and
denominator of r by exactly the same multiplicative constant.

d. r2=(966) =.933

rvn- 2

1-r?

.966./16
\/1- .9662

The dataindicates a positive linear relationship between the two variables.

e H,:r =0vsH_:r >0.t= ; Reject H, at level .01 if

t3t,,,=2583. t= =14.943 2.583, so H, should berejected .

rvyn- 2
N1-r?

t3 tops,, =2.819 or t £ - 2.819. r=.5778,t =3.32, so H, should be rejected. There
appears to be anon-zero correlation in the population.

Ho:r =0OvsH, :rt0.t= ; Reject H, at level .01 if either

a  Wearetesting H, :r =0vsH_:r >0.
7377.704 7482412

r= =.7482,and t =
/36.9839./2,628,930.359 \1- 74822
reject Ho since t = 3.9066 3 t ,;,, =1.782. Thereisevidencethat apositive

=3.9066. we

correl ation exists between maximum lactate level and muscular endurance.

b. Wearelooking for r?, the coefficient of determination. r* = (.7482)* = .5598. Itisthe
same no matter which variable isthe predictor.
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a H,:r;,=0vsH,:r ! 0,ReectH, if; Reect H, at level .05if either
rvn-2 _ (4491/12
V1- 17 1- (449)°

reject Ho, the data does not suggest that the population correlation coefficient differs
from 0.

t3 top, =2.179 or t £-2.179 t = =1.74. Fail to

b. (.449)2 =.20 s0 20 percent of the observed variation in gas porosity can be accounted
for by variation in hydrogen content.

n=6 Sx =111.71 Sx? = 2,724.7643,Sy, = 2.9,Sy? =1.6572, and
Sx y, =63.915.

. (6)(63.915)- (111.71)(2.9) = 7720 H. i1, =0

J(6)(2,724.7943) - (111.73) /(6)(1.6572)- (2.9)°
vs H, : 1 1 O; Reject Ho at level .05if [t| 3 t 5, = 2.776.

772914
t= # = 2.436. Fail torgect H,. The data does not indicate that the
1- (.7729)
population correlation coefficient differsfrom 0. Thisresult may seem surprising due to the
relatively large size of r (.77), however, it can be attributed to a small sample size (6).

___ 7578423 | o
\/(3756.96)(465.34)
a v=5nE2 0. 650+ L645) _ =(- .976,- .3290),
1.573g
and the desired interval for is(- 751~ .318).
b. z= ( .652 + 549)«/2_3 = - .49, so H, cannot be rejected at any reasonable level.
c. r?=.328
d. Agan, r? =.328
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Although the normal probability plot of the X’ s appears somewhat curved, such a pattern
isnot terribly unusual when nissmall; the test of normality presented in section 14.2 (p.
625) does not reject the hypothesis of population normality. The normal probability plot
of they’s ismuch straighter.

H, :r, =0 will bergjectedinfavorof H_ : 1 1 O atlevel .01if
[t|® tooss =3.355. Sx =864, Sx = 78,142,Sy, =138.0, Sy} =1959.1 and

3992 _
=.91
(186.8796)(23.3880)

Sxy, =123224,s0r =

3 and

. .913(2.8284)

4080
relationship.

=6.332 3.355, sorgject Hy. There does appear to be alinear

We used Minitab to calculatether;’s: r; =0.192,r, =0.382, and r3 = 0.183. It appears
that thelag 2 correlation is best, but all of them are weak, based on the definitions given
in the text.

2 _ _ . .
—— =.2. Wergject H, if |ri | 3 2. Foral lags, r; does not fall in the rejection

/100

region, so we cannot reject H,. Thereis not evidence of theoretical autocorrelation at the
first 3lags.

If we want an approximate .05 significance level for the simultaneous hypotheses, we
would haveto use smaller individual significance level. If theindividual confidence
levels were .95, then the simultaneous confidence levels would be approximately
(.95)(.95)(.95) = .857.

Because p-value = .00032 < a =.001, H, should be rejected at this significance level.

Not necessarily. For thisn, thetest statistic t has approximately a standard normal
distributionwhen H_ 11, = 0O istrue, and ap-value of .00032 corresponds to

I/498
J1

suggests only aweak linear relationship between x and y, one that would typically have
little practical import.

z=3.60 (or-3.60). Solving 3.60 = - 1? forryieldsr = .159. Thisr

t=2.203 t 59905 =1.96, 0 H, isrejected in favor of Ha. Thevaluet=2.20is
statistically significant -- it cannot be attributed just to sampling variability in the case
r =0. Butwiththisn,r=.022impliesr =.022,whichin turn shows an
extremely weak linear relationship.
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Supplementary Exercises

68.
a N=8, Sx =207,S% = 6799, Sy, = 621.8, Sy? = 48,363.76 and
SXy, =15896.8, whichgives b, = 2202 = _ 133258
11,543

b, =81.173051, and y =81.173- .1333x asthe equation of the estimated line.

b. Wewishtotest Hy: b, =0 vs H,: b, 1 0. Atlevel .01, H, will be rejected (and
the model judged useful) if either t 3 t ., =3.707 or t £-3.707. SSE=
-.1333 _-.1333 _

= =-4.2,whichis
1.206/37.985 .03175
£ - 3.707, so we do reject H, and find the model useful.

8.732664,s=1.206, and t =

[0} — ~
c. Thelarger thevalueof g (Xi - X)2 , thesmaller will be S - and the more accurate the
1

estimatewill tend tobe. For the given X 'S, é ()(i - )_()2 =1442.88, whereasthe

o -
proposed x values X, =... =X, =0, X; =... =X, =50, A (Xi - X)2 =5000.
Thusthe second set of x valuesis preferable to thefirst set. With just 3 observations at x
=0and3at x =50, é (Xi - )_()2 = 3750, which isagain preferableto the first set of

X'S.

o ) _ 1. n(25-x)
d. b, +b,(25)=77.84, and S5, +6, (25) ~ S\/H-FW

2
= 1.206\/1 + §(25- 25.875) = 426, sothe 95% Cl is

8 11.543
77.84+(2.447)(.426) = 77.84+1.04 = (76.80,78.88). Theinterval isquite

narrow, only 2%. Thisisthe case because the predictive value of 25% isvery close to
the mean of our predictor sample.
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A

b,-1
Thetest statistic valueist = —= , and H, will berejected if either
S-

b,
t3 toy,, =2.2010rt £-2201. with
Sx, =243,Sx’ = 5965,Sy, = 241,Sy? = 5731 and Sx y, =5805,
b, =.913819, 60 =1457072,SE=75.126,5=2.613, and 5; =.0693,

t= % =-1.24. Because—1.24 isneither £ - 2.201 nor 3 2.201, H, cannot

berejected. Itisplausiblethat b, =1.

oo 18902 _
(136)(128.15)

samplesize=8
§ =326.976038 - (8.403964)x . Whenx =355, § = 28.64.

Y es, the model utility test is statistically significant at the level .01.

=/r? =./0.9134 = 0.9557

First check to seeif the value x = 40 falls within the range of x values used to generate
the least-squares regression equation. If it does not, this equation should not be used.
Furthermore, for this particular model an x value of 40 yields ag value of —9.18, which is
an impossible valuefory.

r? =.5073

r= +«/r_2 =+/.5073 =.7122 (positive because 61 is positive.)

Wetesttest Hy: b, =0 vs Hy : b, 1 0. Thetest statistict = 3.93 gives p-value =

.0013, which is< .01, the given level of significance, therefore we reject H, and conclude
that the model is useful.
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d. Weusea95%Cl for Myg,. Vs = -787218 +.007570(50) =1.165718,

t o515 = 2.131, s=“Root MSE" = .020308, s0

1 17(50- 42.33)°

.., =.20308 |-=+
R J 17 17(41,575)- (719.60)°

1.165718+ 2.131(.051422) =1.165718 +.109581 = (1.056137,1.275299).

=.051422 . Theinterval is, then,

Y(s) = - 787218+ .007570(30) =1.0143. The residual is
y- §=.80-1.0143 = - .2143.

Regression Plot

Noy:

T T T T T T T T
0 100 200 300 400 500 600 700

CO:

The above analysiswas created in Minitab. A simple linear regression model seemsto fit
the datawell. The least squares regression equationis § = - .220 +.0436X. The

model utility test obtained from Minitab produces at test statistic equal to 12.72. The
corresponding p-valueis extremely small. So we have sufficient evidence to claim that

BCO isagood predictor of DNO, .

y=-.220+ .0436(400) =17.228. A 95% prediction interval produced by Minitab

is(11.953, 22.503). Sincethisinterval issowide, it does not appear that DNO,, is
accurately predicted.

Whilethelarge DCO value appearsto be “near” the least squares regression line, the
value has extremely high leverage. Theleast squares line that is obtained when

excluding the valueis § =1.00 +.0346X . Ther? valuewith the valueincluded is 96%
and is reduced to 75% when the value is excluded. The value of swith the value

included is 2.024, and with the value excluded is 1.96. So the large DCO value does
appear to effect our analysisin a substantial way.



73.

74.

Chapter 12: Simple Linear Regression and Correlation

n=9, Sx = 228,Sx’ =5958, Sy, =93.76,Sy? = 982.2932 and
243.93

Sxy, =234815, giving b, _W = - 148919, b, = 14.190392, and

the equation § =14.19- (.1489)x.

b1 isthe expected increase in |oad associated with a one-day age increase (so a negative
valueof D, correspondsto adecrease). Wewishtotest H, : b, =-.10 vs.

H, : b, <-.10 (thealternative contradicts prior belief). H, will be rejected at level

b, - (- .10)

561

05if t = £-1,, =-1.895. With SSE = 1.4862, 5= 4608, and

N
fod)
o
oo

S; = =.0342. Thust = % =-1.43. Because—1.43isnot
1 182 .0342

£-18

(o]

5, do not reject Ho,.

(308)°

Sx =306,5x? =7946, so § (x - X)* = 7946- =143 here, as

contrasted with 182 for thegiven 9 X 'S. Even though the sample size for the proposed
x valuesislarger, the original set of valuesis preferable.
1 , 9(28- 25.33)°

s 1638
by 6 (28) 10.02, sothe 95% Cl is 10.02 + .42 = (9.60,10.44).

v

= (2.365)(.4608)(.3877) = .42, and

35979
44.713

b, =.0805, b, =1.6939, § =1.69+(.0805)x.

61=325§4739—122254 b, =-20.4046, § = - 20.40 + (12.2254)x .

r=.992, sor? = .984 for either regression.
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a.  Theplot suggests astrong linear relationship between x and y.

b. n=9, Sx =1797,Sx’ = 4334.41, Sy, = 7.28,Sy? = 7.4028 and
_299.931

6717.6
equation of the estimated lineis § = - .08259 - (.044649)x.

Sxy, =178.683, so b, =.04464854 , b, = - 08259353, and the

c. SSE=7.4028- (- 601281) - 7.977935 = .026146,

2
SST =7.4028- @ =.026146,=1.5141,and r > =1- % =.983, so

93.8% of the observed variation is “explained.”

d. §,=-.08259- (.044649)(19.1)=.7702, and
Y, -y, =.68-.7702 = - .0902.

e s=.06112,and S, = 07641;'2 =.002237, so the value of t for testing H, : b, =0
vs Hy:b, 1 Oist= 044649 _ 19.96. From Table A5, t 1p05, =5.408, so
.002237 T

p - value< 2(.0005) =.001. Thereisstrong evidence for auseful relationship.

f. A95%Clfor b, is.044649 +(2.365)(.002237) = .044649 + .005291
= (.0394,.0499).

9. A95%Clfor by + b, (20) is.810 + (2.365)(.002237)(.3333356)
=.810+.048=(.762,.858)

2
Substituting x* =0 givestheCl b, £t,,,,., XS 1 +L2 . From Example
’ N nSx?- (qu)
128, 60 = 3.621, SSE = .262453,n =14, Sx = 890, X = 63.5714, Sx? = 67,182, so

Withs= 1479, oy, = 2179, theCl is 3.621.+ 2.179( 1479), | = + 2027852
| 12 148448

= 3,621+ 2.179(.1479)(.6815) = 3.62 +.22 = (3.40,3.84).
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A

77. SSE =Sy’ - 60531 - BlSXy. Substituting 60 = M SSE becomes
n

A no
SSE=Sy*- SYSEURS Bioy=gyt- I SISV g
n n

n
é , (sy)u -¢ SxSy ~ .
=aSy” - a- blgSX% 1= S,, - b,S,,, asdesired.
& n g n H
78. The value of the sample correlation coefficient using the squared y values would not

necessarily be approximately 1. If they values are greater than 1, then the squared y values
would differ from each other by more than the y values differ from one another. Hence, the
relationship between x and y? would be less like astraight line, and the resulting val ue of the
correlation coefficient would decrease.

79.
S

fs

o — o —

a withs, =a (x - %), s, =a (y - ¥)° notethat =~ =_ [ (sincethe
s Se

X

factor n-1 appears in both the numerator and denominator, so cancels). Thus

. . s S s
b.+b,x=y+b,(x- X)=2y+—2(x- X)=y+_ |2 x——(x- X
o +byx=V+b,( )ysxx( )y‘/smm( )

= 37+i><r (X - X), as desired.
s

<
I

X

b. By .573s.d.’sabove, (above, sincer < 0) or (since sy = 4.3143) an amount 2.4721 above.
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. . . _ Sxy _ L =\2
80. With Sy giveninthetext, = ———— (whereeg. S, = A (Xi - X) ), and

Sy Sy

n

Thusthet statistic for H : b1 =0is

b (syrsanf
S/é(--‘)z 5, - 55 /5. )/(n- 2)

a SXy (5 I\s xxsyy)\/— ran- 2

> asdesired.
\/( Xy) Jl S5, 15,8, 1-r?
81. Using the notation of the exerciseabove, SST =S, and SSE=s, - b;S,,
2
5 - v
s, SE Y s, _ S,
=5, - 2,501 —=1- X =2 =r? asdesired.
S, SST Sy SuSy

82.
a. A Scatter Plot suggests the linear model is appropriate.

99.0 -
[ )
o *
°
[ )
. o .
=] e
S 985 o .
g e® °
o ] (14 4
:JC_, ° [ 4 °
) »
98.0 — °
e
¢« O
T T T
5 10 15
temp
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. SE -
b, :S—Xy. Also, szﬁln_ 5 and SSE = Sy?- b,Sy, - b,Sx . =s, - b,
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Minitab Output:

The regression equation is
removal % = 97.5 + 0.0757 tenp

Pr edi ct or Coef St Dev T P
Const ant 97. 4986 0. 0889 1096. 17 0. 000
tenp 0.075691 0. 007046 10.74 0. 000
S = 0.1552 R-Sq = 79. 4% R-Sq(adj) = 78.7%

Anal ysi s of Variance

Sour ce DF SS MS F P
Regr essi on 1 2.7786 2.7786 115. 40 0. 000
Resi dual Error 30 0.7224 0. 0241

Tot al 31 3.5010

Minitab will output all the residual information if the option is chosen, from which you
can find the point prediction value Y,,s = 98.2933, the observed valuey = 98.41, so
the residual =.0294.

Roughly .1

R =794

A 95%Cl for by, using to,s 5, = 2.042:
075691+ 2.042(.007046) = (.061303,.090079)

The slope of theregression line is steeper. The value of sisamost doubled, and the
value of R? drops to 61.6%.
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Using Minitab, we create a scatterplot to seeif alinear regression model is appropriate.

blood glucose level

time

A linear model isreasonable; although it appearsthat the variance iny getslarger asx

increases. The Minitab output follows:
The regression equation is
bl ood gl ucose level = 3.70 + 0.0379 tinme

Pr edi ct or Coef St Dev T P
Const ant 3. 6965 0.2159 17.12 0. 000
tinme 0. 037895 0. 006137 6.17 0. 000
S = 0.5525 R-Sq = 63.4% R-Sq(adj) = 61.7%

Anal ysi s of Variance

Sour ce DF SS MS F P
Regr essi on 1 11. 638 11.638 38.12 0. 000
Resi dual Error 22 6.716 0. 305

Tot al 23 18. 353

The coefficient of determination of 63.4% indicates that only a moderate percentage of the
variation iny can be explained by the changein x. A test of model utility indicates that time
isasignificant predictor of blood glucose level. (t = 6.17, p=0.0). A point estimate for blood
glucose level when time = 30 minutesis 4.833%. We would expect the average blood
glucose level at 30 minutes to be between 4.599 and 5.067, with 95% confidence.

a.  Using the techniques from a previous chapter, we can do at test for the difference of two
means based on paired data. Minitab’spaired t test for equality of meansgives t = 3.54,
with ap value of .002, which suggests that the average bf% reading for the two methods
isnot the same.
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b. Using linear regression to predict HW from BOD POD seems reasonabl e after |ooking at
the scatterplot, below.

20 —

15 — . *s

HW

10 —

The least squares linear regression equation, aswell asthetest statistic and p value for a
model utility test, can be found in the Minitab output below. We see that we do have
significance, and the coefficient of determination shows that about 75% of the variation
in HW can be explained by the variationin BOD.

The regression equation is
HW= 4.79 + 0.743 BOD

Pr edi ct or Coef St Dev T P
Const ant 4,788 1.215 3.94 0. 001
BOD 0.7432 0.1003 7.41 0. 000
S = 2.146 R-Sq = 75.3% R-Sq(adj) = 73.9%

Anal ysi s of Variance

Sour ce DF SS MS F P
Regr essi on 1 252. 98 252.98 54.94 0. 000
Resi dual Error 18 82. 89 4.60

Tot al 19 335. 87

For the second boiler, N =19, Sx, =125, Sy, =472.0, Sx* = 3625,

Sy? =37140.82 , and Sx y, =9749.5, giving §, = estimated slope

= -6%2: =-.0821224, g, =80.377551, SSE, = 3.26827, S, =1020.833.
For boiler #1,n=8, b, = -.1333, SSE, =8.733, and S =1442.875. Thus

$2 - 8.733+3.286 - .1333+.0821

10

=- '05:;2 =-114. t,,, = 2.228 and-1.14isneither 3 2.228 nor £ - 2.228, so

=12,s =1.095,andt=

1 1
1' 09 1442875 + 1020.833

Ho isnot rejected. Itisplausiblethat b, =@, .
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