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L ‘Ma( M odL\ g - bo + b‘ ‘x i Results of simple linear regression
A A

> ml<-Im(gainauthority~group)
> summary(ml)

S \ e’ b Coefficients:
O 1 Estimate Std. Error t value Pr(>t)
(Intercept) -2.2535 0.5510 -4.090 4.58e-05 ***
T group 1.5071 0.6733 2238 0.0254 *
S 5 Signif. codes: 0 “****0.001 “***0.01 “**0.05 " 0.1 1
X
b 2 —2— - r 5 —a— Residual standard error: 11.55 on 1327 degrees of freedom
1 Y X S (136 observations deleted due to missingness)
Sx x Multiple R-squared: 0.003761,  Adjusted R-squared: 0.00301
F-statistic: 5.01 on 1 and 1327 DF, p-value: 0.02537

-0.093
b: ry,é:—: Sy N SR 5\"6.—51:’0'0'“
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% " T-test of pearson correlation using R
I'L. P 20 Some > cor-testwritingreading)
Pearson's product-moment correlation

Ho for banae  Gonvreladon

. data: writing and reading

u‘_ : 0 Poste  “ * (= 10465, df = 198, p-value < 2.2¢-16
alterative hypothesis: true correlation is not equal to 0
95 percent confidence interval:
04993831 06792753

|.L_'- P 0 u::A\w . sample estimates:

cor
0.5967765

We reject the null hypothesis that the coefficient of correlation between writing and
reading scores in the population is zero. The coefficient of correlation between reading and
math s almost 0.6 and it is statistically significant; p =0.000
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Plot of residuals vs. Y~ (vhat) shows that...

> library(gplots)

The assumption of equality of the variance of residuals holds. As the value of Y* increases, > attach(campusclimate)

the residuals stay the same. In other words, there is no correlation between Y* and residuals. > gpa <-factor(gpa)

Plot thirteen. Plot of residuals vs. YA related to the prediction of writing from reading > plotmeans(academicenvp~gpa, main=""Plot of the means and 95% confidence interval for,
+the UCLA students’ perception of sati: ion with,

+academics at UCLA by GPA")

Plot of the means and 95% confidence interval for,

the UCLA sty per 1 O T with,
academics at UCLA by GPA
2
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> library(car)

> nevTest((ml))

Non-constant Variance Score Test
Variance formula: ~ fitted values

Chisquare =7.122395 Df=1 p=0.007612696

Residuals vs Fitted

Based on the ncv Test we reject the null or |

0.0076<0.05), and conclude that the we are not meeting the assumption of

equality of the variance of residuals.

We will now use the Breush Pagan Test to test this assumption.

> Imtest::bptest(ml)
studentized Breusch-Pagan test

data: ml
BP =6.3865, df = 1, p-value = 0.0115

Trang Lor-mations

& o o Plot Shows & pattn
2 % . o..geTaog88go | XSS S0 e Suspect
o o o o k<3
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S ° 7 o oo
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Fitted values
Im(math ~ science)

$mcm appled-  to Seueds datee fo  male  Norwal /ngudm_
Tk - “Leddo of porees”

Value of 1

Type of transformation

I% Leb+/ ey Shew, Mo wp

A=-1

inverse transformation

whr 40 dchieve !amnivy

A=0

Log transformation

A=1/2

Square root transformation

T% Rgus/ pes shaw, mowe doom

A=1

No transformation

Ledder 4o dchieve say—-m-y

A=2

square transformation

A=3

Cubic transformation

We are going to use the “car” package to find out the most appropriate transformation for the
GDP (growth domestic product) data.

> library(car)

> symbox(~GDPperCapita, data =

indata)
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R statements for creation of standardized coefficients
» install.packages("QuantPsyc")
» library(QuantPsyc)
» Im.beta(ml)

betag ienceread
0.3784138

betascience.math
0.3801172
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One- Way ANOUA

Two-Sample fsh & mean

bests equilty ob mems  bhw  two  Tndepewdink  Populavions
ex: Sa\owlé bhw mMen + women  (ekvas perabus

Results of two-sample test of the mean

( i - Y ) > t.test(gainauthority~group)
] T data: gainauthority by group
—— t=-2.1718, df = 806.64, p-value = 0.03016
t = 1 1 alternative hypothesis: true difference in means is not equal to 0
S| Sl 95 percent confidence interval:
—_— — -2.8692372 -0.1449823
'\ n sample estimates:
| S mean in group control mean in group experimental
-2.2534982 -0.7463884

Results of ANOVA

> ml=aov(gainauthority~group)
> summary(m1)
u W\ ck i Uav'e 5 'kl/ee“ SS & Df Sum Sq Mean Sq F value Pr(>F)
group 1 668 667.8 5.01 0.0254 *
N Residuals 1327 176879 1333
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equa(ﬂa b variance bekueen Jroups
Ossuwphion  for AWOUA + Legression

Jeurn's test Bariletts fest, Baxplots

Assumption of equality of variance can be tested with Leven’s test.

> leveneTest(ml)

I+ L s we Mmanoup

> bartlett.test(discrimination~edu)

Levene's Test for Homogeneity of Variance (center = median)

Dff Fyale Fr>F) Bartlett test of homogeneity of variances
group 3 66235 0.0001893 *+*
1869 data: discrimination by edu

Signif. codes: 0 “****0.001 *** 0.01 ***0.05°.”0.1°" 1

Post MoC

Bartlett's Chi-squared = 23.248, df = 3, p-value = 3.585e-05

fest all possible combmatens 0f outeome Usroble  fewels

Only neded it fels > 2

Takey HSD | Bonfervoui desis Plot ot

Means

> TukeyHSD(m1)

Tukey multiple comparisons of means

> ml=aov(discrimination~edu)
>library(car)
95% family-wise confidence level >library(effects)

>edu<-factor(edu)
Fit: aov(formula = discrimination ~ edu)

+ women as a function of education")

Sedu

diff Iwr upr
some college-no college -4.172143 -6.927233  -1.4170531 m’::'am,!"a“?" agfalnst,
college-no college -5.287388 -8.281651  -2.2931248 . . . X
graduate-no college 7023901 -10.295780  -3.7520223 £ Sl
college-some college -1.115245 -4.207901 1.9774112 E :2 ]
graduate-some college -2.851758 -6.213915  0.5103992 ‘%) 42 . ; ; 1
graduate-college -1.736513  -5.297298 1.8242722 nojcoksge’some college  coflege araduste

edu

> plot(allEffects(m1),ask=FALSE, main="Discrimination against,

‘Table five. Comparison of the two-sample test of the mean, simple linear regression, and one-

binary predictor.

way anova in conducting regression analysis for the prediction of a numerical variable from a

“Two sample test of the mean

Simple linear regression

One-way ANOVA

COmparmy Two Sawple mean, 0. One-way ANOUA

i s = o = 0:81 = Hoipty = o = 0
Ho: pty = 2 #0 Ho:B, #0 Ho:py = pz#0
1 Assumptions: Assumptions Assumptions:
. 3 ou w w\c US lor~ © Normality o Normality jormality

« Equality of variance
in two populations

d. Dftenece & Hwo mems =Sige

o Equality of error
variance

« Equality of variance in two

8. Conwol /base quaup ket
4. SSterveen am%aaous to SSWJWW (j:)
5. S8 intarn M\dadus o S pesiduat I
b. F=¢" iff pedibor has 2 Leuls

1 F’{;ﬁl & R* Oua\oJou.s o F-lul & AWOUA

We assume Ho:f = 0
by

e

t=

populations
o L bhh - SSscweend] =1
Kz X) - Gu ) [Se SSienin/N —j =1
55X
7 s? Fe MSpetween
T Ms,

within
F=1¢
= number of groups

SSpetween = Lj-r 1y * (¥ = V)2
¥, = mean of each group
7. = overall mean
MSuin = ((s,-mrn;s, Wpm1)
MS,yien is like a weighted sum of
variances

compare the F formula for ANOVA
with the t- formula for two-sample
‘mean and you will see why

F=1¢*
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1111 Scatterplot matrix (see page 125)

by > library(scatterplot3d)
ix( ialscie span=0.7, data =hsb2, main = scatterplot > attach (h sb. 2)
+matrix for math, science, and social science) . . . . "
> scatterplot3d(math,socialscience,science, main="3D Scatterplot of,
‘We will create the scatterplot matrix for the outcome and predictors to ascertain that the = F 3. "
relationship between the outcome and predictors as well as predictors themselves is linear. + math,science, and social science")
scatter plot matrix for math, science, and social science " 3D Scano‘;plot of,
math,sci , an ial
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I; U‘F » S, 3 mul*\bd\“‘”‘; I- EJ > library(car)

> vif(m2)

th socialsci i itil
o e o e el e e
dur prdictors (wubicdues) R21 o R 1
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- ICA
- Facer Am(us(s
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~when He et o one preditor  Depends on antlus  Predictor
Additive Non- Addtive
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Plot of the means for additive model

Plot of the interaction effect for the non-
additive model
lot(allEffects(nonadditive),ask=FALSE)

Plot(allEffects(additive),ask=FALSE)
FIRSTGEN effect plotleaveUCLA effect plot

FIRSTGEN*leaveUCLA effect plot

ves
FIRSTGEN




* Two- Way ANOUVA 15 best whtn  mbtvested. m Tuivachions

ml=aov(prejudiceenvp~FIRSTGEN+leaveUCLA+FIRSTGEN*leaveUCLA)

Dusovdwval - Lacle  pavrakehom

S gr\ﬂ veant  Tnlevackion

> summary(m])

Df  SumSq Mean SqF value
FIRSTGEN 1 6804 6804 26.920
leaveUCLA 1 51071 51071 202.054
FIRSTGEN:leaveUCLA 1 1800 1800  7.122
Residuals 5358 1354269 253

Signif. codes: 0 “****0.001 “**0.01 “** 0.05 > 0.1 1

Separate Fits for Lactoss Tolerance

Pi(>F)
22-07 **+
<2e-16 ***
0.00764 **

Separate Fits for Gender

Lactose tlecant

Happiness

1oo Croam Scoops

Model<-

Im(acad; p~prejudi p+LowFamilyl
e¢UCLA+LowFamilyIncomeIndicator*leaveUCLA)
> summary(model)

ndi

Coefficients:

Estimate Std. Error t value
(Intercept) 82.66664 0.90514 91.330
prejudiceenvp -0.43851 0.01781 -24.628
LowFamilyIncomelndicatorNot Low Income -1.35325 0.59174 -2.287
leaveUCLAyes -13.84895 2.33874 -5.922
prejudiceenvp:leaveUCLAyes 0.11017 003894 2.829
L i i Not Low :1 JCLAyes 0.57981 1.40869 0.412

Signif. codes: 0 “****0.001 “*** 0.01 ***0.05°.° 0.1 *" 1

Multiple R-squared: 0.2574, Adjusted R-squared: 0.2561
F-statistic: 199.8 on 5 and 2882 DF, p-value: < 2.2e-1

Trdevackion Plok

>interaction.plot(FIRSTGEN, leaveUCLA ,prejudiceenvp,main="Interaction plot showing the

+ combined effect of being first generation and planning

[

7 3 3
Ice Cream Scoops

+leaveUCLA-prejudiceenvp*leav

Pi()
<2e-16 ***
<2e-16 ***
0.02227 *
3.57e-09 ***
0.00469 **
0.68067

‘We will now draw the interaction plot.

Ordwmal - hlgh(y povralll  Liwves

ThSlgnﬂ\cw\k Talwackion

plot of the combined effect of total fertity rate
and GDP on the economic activity of the males

: : " Library(car)
+ ; Y
to leave UCLA on perception of prejudce on our campus") Library(effects)
Plot(Alleffects(m1), ask=FALSE)
Plot three
Interaction plot showing the
combined effect of being first g and pl a

to leave UCLA on p. of prejud on our

=1 / leaveUCLA

o / —— vyes )
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gdpcat = below median
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‘We will also check for leverage and influential points

> influencePlot(m5,id.n=3)
StudRes Hat CookD

1 -0.05171023 0.19519482 0.0001632252
27 -2.01266414 0.04698761 0.0489288427
87 -1.36603806 0.08485239 0.0430052557
124 -2.43280424 0.02598420 0.0382114025
142 -0.76090949 0.22066653 0.0411005873
148 -3.84310683 0.01533075 0.0526249088
163 -0.94289557 0.12231012 0.0309964549
194 2.22546069 0.02208641 0.0272416692
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> model<-lm(academicenvp~prejudiceenvp+FIRSTGEN+leaveUCLA)
> library(car)
> outlierTest((model))

No Studentized residuals with Bonferonni p < 0.05
Largest [rstudent|:

rstudent unadjusted  p-value Bonferonni p
722 -3.946057 8.129¢-05  0.24168

The Bonferroni adjusted p-value is not statistically significant. The largest studentized
residual is as large as -3.95. This means we do not have any significant outliers.
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> oml <- Im(log(Time)~log(Dwgs))

> om2 <- Im(log(Time)~log(Dwgs)+log(Spans))
> #Subset size=1

> n <- length(om18residuals)

> npar <- length(om13$coefficients) +1

> #Calculate AIC

> extractAIC(om1,k=2)

/1] 2.00000 -94.89754

> #Calculate AICc

> extractAIC(om1,k=2)+2*npar*(npar+1)/(n-npar-1)
[1] 2.585366 -94.312171

> #Calculate BIC

> extractAIC(om1,k=log(n))

/1] 2.00000-91.28421

> #Subset size=2

> npar <- length(om2$coefficients) +1

> #Calculate AIC

> extractAIC(om2,k=2)

[1]  3.0000-102.3703

> #Calculate AICc

> extractAIC(om2,k=2)+2*npar*(npar+1)/(n-npar-1)
[1] 4.0000-101.3703

> #Calculate BIC

> extractAIC(om2,k=log(n))

[1] 3.00000-96.95036

e lecton Procedunce

lation of AIC. AIC corrected, and BIC for subset size one and

We will now use backward selection based on AIC to build a model

> ml <- Im(log(Time)~log(DArea)+log(CCost)+log(Dwgs)+log(Length)+log(Spans))

> backAIC <- step(ml,direction="backward", data=bridge)

Df  SumofSq RSS AIC
- log(Length) 1 0.00607 3.8497 -100.640
- log(DArea) 1 0.01278 3.8564-100.562
<none> 3.8436 -98.711
-log(CCost) 1 0.18162 4.0252 -98.634
-log(Spans) 1 0.26616  4.1098 -97.698

-log(Dwgs) 1 1.45358
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