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1. Getting Started with Regression
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B e WEFSESHT e ~ N(0,0?)

RE

HAY - VHHBGER, Y -V HAMNZE Y - ¥V HHaUMESE x $#HTRENER,

T2, B8 :
YY-Y=YY-Y+) V-7
SST= SSE + SSR
df =n—1 df=n-—2 df =1
HEHE :
MST = 2%
SSE
MSFE :E
R

2. Basics of Simple Linear Regression

FRIEMEFTERNE .

require(s20x)

» Show code cell output

IITRIEITRE

Skip to main content



IZENEIRETRTE , header=TRUE RRFE—I1TERL , sep="," RRDRHERES,

head(course.df) # BRIEAALI10ITHIAR
dim(course.df) # BEEZL17. 2207
course.df$Exam[1:20] # FERI20{THIEXam?!

A data.frame: 6 x 15

course.df <- read.table("../data/STATS20x.txt", header = TRUE, sep = "\t")

Grade Pass Exam Degree Gender Attend Assign Test B C MC Colc

<chr> <chr> <int> <chr> <chr> <chr> <dbl> <dbl> <int> <int> <int> <ct
1 C Yes 42 BSc Male Yes 17.2 9.1 5 13 12 Bl
2 B Yes 58 BCom Female Yes 172 13.6 12 12 17  Yell
3 A Yes 81 Other Female Yes 17.2 145 14 17 25 Bl
4 A Yes 86 Other Female Yes 19.6 19.1 15 17 27  Yell
5 D No 35 Other Male No 8.0 8.2 4 1 15 Bl
6 A Yes 72 BCom Female Yes 184  12.7 15 17 20 B!

146 - 15

42 -58-81-86-35-72-42-25-36-48-29-54-49-52-28-34-51-81-80-41

2.1.2. LB 28
WEGEHITLEDH , BEESH Exan F Test AT T EWER,

HEMNEBRSEMENLR , ML, TR #M% IRZ

library(s20x)
trendscatter(Exam ~ Test, data = course.df)
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Plot of Exam vs. Test (lowess+/-sd)
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2.1.3. #HITHIEHIE

A UBRBARBELM KSR , BARALMEETFRE,
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plot(Exam ~ Test, data = course.df)

# LHIEIRES%

examtest.fit <- 1Im(Exam ~ Test, data = course.df)
# 1ty = 2 RREL , col = "red" ®/RAE
abline(examtest.fit, 1ty = 2, col = "red")

points(
0,
predict(examtest.fit, newdata = data.frame(Test = 0)),
col = "blue",
pch = 19

)

points(10, predict(examtest.fit,
newdata = data.frame(Test = 10)
), col = "blue", pch = 19)
points(20, predict(examtest.fit,
newdata = data.frame(Test = 20)
), col = "blue", pch = 19)
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Call:
Im(formula = Exam ~ Test, data = course.df)

Residuals:
Min 1Q Median 3Q Max
-39.980 -6.471 0.826 8.575 33.242

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 9.0845 3.2204 2.821 0.00547 **
Test 3.7859 0.2647 14.301 < 2e-16 ***
Signif. codes: @ '"***' @.,001 '**' 0.01 '*' @.05 '.' 0.1 " ' 1

Residual standard error: 12.05 on 144 degrees of freedom
Multiple R-squared: 0.5868, Adjusted R-squared: 0.5839
F-statistic: 204.5 on 1 and 144 DF, p-value: < 2.2e-16

==l

\
/

e Call: RRMEFFHE , FERTEZENEESE

e Risiduals : %RZE , #EBRTREN D , MIRA, &/ PESE

o Coefficients : %% , LEALBN a; F1 b; BYE

« Residual standard error : FREREZE |, BIFRERIITEE

« Multiple R-squared : 25T R? {&

o Adjusted R-squared : BEEH R (&

o F-statistic : F it= , Bl F &itE. F ATENDFEMAEAFERLH , K BEEREFL K. FAITEN
BEA , HBAEAE A , ENEAEE ISR REL, F RitERVER)N , HBAEIIFE S
AN, BIEARBIFIIIE R EZE, p-value MK,

2.2. PR E G PI AR

2.2.1. BZIN
HIWIEET O NMERN R

data.frame(course.df$Test[1], course.df$Exam[1]) # [RE—1T
# ¥RBE tidyverse BIXAE , he]UAfER dplyr B/ select BRHBUIRIEET
# dplyr::select(course.df[1, ], Exam, Test)

Fittadlavambtact Fi+\XT11 4 INDSIH
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A data.frame: 1 x 2

course.df.Test.1. course.df.Exam.1.

<dbl> <int>

9.1 42

1: 43.5363712056028
1: -1.53637120560281

B E, — RIS EENERENSE

1 BREWERET O
2. RERRIES D
3. RBTHHIRTRER

2.21.1. BEWEIEEFO
PITHKRE , BERAFTSHESTO

r

# Hf which = 1 RREEEHE (histogram of residuals) ,

# which = 2 RRZZEQQE (qgplot , Bl normal quantile-quantile-plot) ,
# which = 3 RREENELE

plot(examtest.fit, which = 1)
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Residuals vs Fitted
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Fitted values
Im(Exam ~ Test)

2212 BREMEIESD

BREENH LAEFSESEST : iid — independence ( HAXEIRIBZEEZIPNIZET IR
M), REMZBARIEENE R, XELR Equality Of Variance (EOV , FZERE) RN,

MBREEERFHE D TROLAA -
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normcheck(examtest.fit)

Sample Quantiles

Theoretical Quantiles

Residuals from Im(Exam ~ Test)
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# QIE— M EERERNBREEHRIIRE WO ELEMN
n <- nrow(course.df)
# BEH—BEENRRE—1T

course2.df <- course.df[c(1:n, n), ]

# (ECUHTBIEENRE—1TR Test # Exam FIRNME , MELIE— N ERRARINME

course2.df[n + 1, c("Test", "Exam")] <- c(25, 5)
# B A=

plot(Exam ~ Test, data = course2.df)

## FEARCEACIZRIFRAIIN =

points(25, 5, pch = 19, col = "red")

# MMRBINNMERREE , BAOFELMRS R
examtest2.fit <- lm(Exam ~ Test, data = course2.df)
summary(examtest2.fit)

# HEBEEENIFZSEMNRN
abline(examtest.fit, 1ty = 2, 1lwd = 2, col = "blue")
abline(examtest2.fit, 1ty = 2, lwd = 2, col = "red")
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Call:
Im(formula = Exam ~ Test, data = course2.df)

Residuals:
Min 1Q Median 3Q Max
-90.251 -6.846 2.638 9.456 33.996

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 15.2374 3.7172 4.099 6.88e-05 ***
Test 3.2006 0.3023 10.588 < 2e-16 ***
Signif. codes: © '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 '

Residual standard error: 14.34 on 145 degrees of freedom
Multiple R-squared: 0.436, Adjusted R-squared: 0.4322
F-statistic: 112.1 on 1 and 145 DF, p-value: < 2.2e-16
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# BEHREENZW
cooks20x(examtest2.fit)
# WEEERREESZ D

cooks20x(examtest.fit)
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2.2.2. R 73 30L:m]

R Squared B R 75 , REAF A S ST HFOLE , B R? = S5 | grh SSR AEIAFE A, SST
JEEAH, R EHNERA , WAEETSRMA , BEMERNEMRNT, R TA0ME-) , 68
EAT SR , BEER N SR RE,

SSR HIEIATE A , EEGENTINESAEBMIEZENTAM , MSSR =7 (y;—3)*, &F
yi AE L AWIE |, y hEEENIIE, FTEFEZENA SSR MITERE,

# JHER—IRIN

examnull.fit <- 1m(Exam ~ 1, data = course.df)
summary(examnull.fit)

# YWEEZAIAY Summary

summary(examtest.fit)
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Call:
Im(formula = Exam ~ 1, data = course.df)

Residuals:
Min 1Q Median 3Q Max
-41.877 -12.877 -1.377 15.623 40.123

Coefficients:
Estimate Std. Error t value Pr(>]|t])
(Intercept) 52.877 1.546 34.21 <2e-16 ***
Signif. codes: @ '"***' @0.,001 '**' 0.01 '*' ©@.05 '.' 0.1 " ' 1

Residual standard error: 18.68 on 145 degrees of freedom

Call:
Im(formula = Exam ~ Test, data = course.df)
Residuals:

Min 1Q Median 3Q Max

-39.980 -6.471 0.826 8.575 33.242

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 9.0845 3.2204 2.821 0.00547 **
Test 3.7859 0.2647 14.301 < 2e-16 ***
Signif. codes: @ '"***' @.,001 '**' 0.01 '*' @.05 '.' 0.1 " ' 1

Residual standard error: 12.05 on 144 degrees of freedom
Multiple R-squared: 0.5868, Adjusted R-squared: 0.5839
F-statistic: 204.5 on 1 and 144 DF, p-value: < 2.2e-16

LERF A TRTLAS R SS (Null) H9{E 18.68 , LA SS ( Test ) HY1E 12.05,

R AH891EEN 1 - SS (Null) /SS ( Test ) #91& , Bl 0.5868,

BEXIE : [a; — 25E(a;),a; +25E(a;)] , B [a; — 24/ Var(a;),a; + 21/ Var(a;)] , £
Var(a;) 7 a; WHZE,

223. B— 1 IEEN TR
MBEHtL , H4BR, Eos
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summary(examtest.fit)

Call:
Im(formula = Exam ~ Test, data = course.df)
Residuals:

Min 1Q Median 3Q Max

-39.980 -6.471 0.826 8.575 33.242

Coefficients:
Estimate Std. Error t value Pr(>]|t])
(Intercept) 9.0845 3.2204 2.821 0.00547 **
Test 3.7859 0.2647 14.301 < 2e-16 ***
Signif. codes: 0 '***' 0.001 '**' 0.01 '*' @.65 '.' 0.1 ' ' 1

Residual standard error: 12.05 on 144 degrees of freedom
Multiple R-squared: 0.5868, Adjusted R-squared: 0.5839
F-statistic: 204.5 on 1 and 144 DF, p-value: < 2.2e-16

BJUAE H Test 1THY Pr ( P-value ) B9{E/NF 2.2x107-16 , 3&E/NF 0.05 , SU3ELFERIE , ENINSENR (=
BMEIBEtRREMEERGS , BNZFBENEEINS IR )

o FRIR Ho : Test #l Exam Z[EIMLLMEXRR RN 0 GRBLMXRZR) , BBl a; BIREA O
o EERIZ Hy : Test M Exam ZEIMLMEXRRRB AR 0 (B4MXER) , BBl a; WREARO

BONFRENBERE , BRREZEREN , 01 SE(a;) , 81 SE(a;) = 4/ 222 | Hh SSE hiE
EHM LB SSE =" (vi — v:)? , B g RE i AUMERITUE , B §; = a; + bz , ; RE
ANLMERETBE, MR se(a) 7 0.2647, FRBENES :

3.7859 — 0
0.2647

= 14.34

IEERRRRBILERNINEE , IMEFEX , ARBATHTFRENEFEELS.

2.3. MM LSRR FIN

2.3.1. UEENEEKXIE
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confint(examtest.fit)

# Intercept BI&IEE , Test BENRIZE

# tWE]AB BN ERKE
confint(examtest.fit, level = 0.99)

A matrix: 2 x 2 of type dbl

25 % 97.5%

(Intercept) 2.719020 15.449907

Test 3.262659 4.309189
A matrix: 2 x 2 of type dbl

0.5% 99.5 %

(Intercept) 0.6778171 17.491110

Test 3.0948635 4.476984

2.3.2. U

1. ERTUIME
2. FM ey EsEE
3. & — N MAREUESEE

Xialf& it Fl S AT RIX 5]

o XiEfhit : AH—1XE , RSV ERETE
o R BH—I =, RRSHHIFTEERE

# XiEflit

preds.df <- data.frame(Test = seq(0, 20, by = 10))
predict(examtest.fit, newdata = preds.df, interval = "confidence")
# mfait

predict(examtest.fit, newdata

preds.df, interval = "prediction")
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A matrix: 3 x 3 of type dbl

fit lwr upr

1 9.084463 2.71902 15.44991
2 46.943703 44.80912 49.07828
3 84.802942 79.97021 89.63568

A matrix: 3 x 3 of type dbl

fit lwr upr

1 9.084463 -15.56475 33.73368
2 46.943703 23.03510 70.85231
3 84.802942 60.50438 109.10151

Hrh .

o X[EMfETTRIBAY [2,2:3] RRFTEFHIZU105 , BIRBINAI D WAVIYEREE
o XEMfETTRIER [2,2:3] RIRFTEFHAZ X107 MAR 2 BAEVEE |, BEXMEEEALERE

BRI , EARE (ERTH/MAYBNRAMBIENKSR)

SHBRERREAEEZEEECESHATEZEHRMMIA (MREXR)  RFEEBEI AN
(LAIRESE—MASENSRAIMRES ) . REESHMHARAGN. ELANGFF , BATMRE
RAT SRR

y = Bo + Pz + €i,€i ~ N(0,0°)(whereBr > 0)

o fEA 1m RFHITIREIUS
o MEBRMNEHMERRAITEELNNEILE,
o Independence OK? (how were the data collected?)
o EOV Okay? Using plot(examtest.fit, which = 1).

o Normality Okay? Using normcheck .

L R e s T P o e A .
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o ZINERBREMNAEZNMREE (FESW) . WREMR , FREFRNHARS.
o MRMINBRAZFTELDIIAESNIZM , ASXMIFR/AIEEN]. Using cooks20x .
o LN , THEWR , FEIZBXEIF R,

EEELBS T, N SIS EAE LA , THERERIHTT 5.

3. The null model

KRR EFTERNE .

require(s20x)
require(bootstrap)

» Show code cell output

3.1. Revisiting the null model [E] i E & HY
ATEHELL Stats20x KIS EZIE S R :

Stats20x.df <- read.table("../data/STATS20x.txt", header = TRUE, sep = "\t")

TRAUGREEHEUTNNESE , INRETEY , NTHREENEMOREE, ATRESHLT
RAMBALER : T,
— RIS - A1

U3 (ttest) FFFLEHER (Student ttest) FTAFRATHEMTPIERE RN —FIgRIE , ATFS
THEBMESSH , EFERMOER,

ISR RERF SR ESDHBOEMIESS M , RARTARA—ET%R (BWH. ARS, &
HESF) WERHEECARMNESHHRRE  NEERNARESH T , REFNBIESHRIET
%, NTHBFEAREXTI0MIEHER , AICAA W BIRIEIUES S,

tREREE LU REIE

o HIEXRIAMEMLS ( One-camnle t-tect Y HAFICLEE “BIRKTFEFREN TFRIIESV I TFARRM" BFEXK
Skip to main content


https://zhuanlan.zhihu.com/p/138711532

o WIMNIHFAIYERTIE (Independent two-sample t-test) FAFIIGFIT “IMIIHY , IEASEIREGL
ERR #AMSEREGES , XBRRELKRAZEREEESLITIE,

o FENTHEAI(EIIE ( Dependent t-test for paired samples ) T8 —ITECITHARMIIENZE |
ERETFE—ME

o EARKIVEZEMFRIE (t-test for regression coefficient significance ) FATF1§58 B )& R 19 fRFF

TE  MHEERTERDREERTW

# EEII[0])3HERY
examtest.fit <- 1Im(Exam ~ Test, data = Stats20x.df)
examtest.fit2 <- Im(Exam ~ 1, data = Stats20x.df)

# 4LE

plot(Exam ~ Test, data = Stats20x.df, col = "grey")
abline(examtest.fit, col = "blue", 1lty = 2)
abline(examtest.fit2, col = "red", 1lty = 2)
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To save some typing we'll let y be the vector Stats20x.df$Exam of exam scores.

y <- Stats20x.df$Exam
hist(y, breaks = 20, main = "") # Use main to suppress plot title
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G ERFTRAUMLMET , FEEXETYENERFRR SpIE,

null.fit <- Im(y ~ 1)

# Only give coefficients from summary GRHKMRRBEIMIBENHBRER
coef(summary(null.fit))

# RIFEFRENN N ESX (8]

confint(null.fit)

Skip to main content
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A matrix: 1 x 4 of type dbl

Estimate Std. Error t value Pr(>|t])

(Intercept) 52.87671 1.545802 34.20666 2.632011e-71
A matrix: 1 x 2 of type dbl

25% 97.5%

(Intercept) 49.8215 55.93193
Conclusion:

e The near zero Pr(> |t|) p-value totally rejects(384%) the null hypothesis(Z{Rig) that
HO:p=p0=0.
« The 95% confidence interval(E{5[X&]) for p is 49.82 to 55.93.

3.2. Reuvisiting the t-test

HR y BFERIE , s IERIREE,

I

S:\J — Z(Xi—)_(y

n <- length(y) # 146 students
tstat <- (mean(y) - 0) / (sd(y) / sqrt(n))
tstat

34.2066579217089
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## t-multiplier

tmult <- qt(1 - .05 / 2, df = n - 1)

## We want the upper 97.5% (or 1-.05/2) bound of the CI

## NOTE: mean = sample mean; sd = standard deviation; sqrt = square root
mean(y) - tmult * sd(y) / sqrt(n)

## Upper bound of CI ESX|a] LR

mean(y) + tmult * sd(y) / sqrt(n)

## Or if we want both the lower and upper bounds of the CI in one statement
## BIEX[E TR

mean(y) + c(-1, 1) * tmult * sd(y) / sqrt(n)

49.8214976403875
55.9319270171467
49.8214976403875 - 55.9319270171467

FTREMERFATRIE,

FEIREV R IR FATRIER

## Resampling the exam marks, N times with replacement:

N <- 10000 # The number of bootstrap resamples we want

# The new sample means are stored in ybar

ybar <- rep(NA, N) ## A vector of length N to store our resampled means

## A loop - allows us to do something N (10,000) times

for (i in 1:N) {
## Take the average of this sample (below) from a sample of size n = 146 fromy - w
ybar[i] <- mean(sample(y, n, replace = T))

}

mean (ybar)

52.8874787671233

library(bootstrap)
ybar <- bootstrap(Stats20x.df$Exam, 10000, mean)$thetastar
mean (ybar)

52.8795863013699

## Histogram of these 10,000 bootstrap means
hist(ybar, xlab = "Bootstrapped sample means'")
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Histogram of ybar
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3.3. The paired t-test

For a meaningful comparison, We will need to make them have the same scale, so we multiply the test
mark by 5 so that it is also out of 100.
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Stats20x.df$Test2 <- 5 * Stats20x.df$Test
## Check that it worked
Stats20x.df[1:3, c("Exam", "Test", "Test2")]

A data.frame: 3 x 3

Exam Test Test2

<int> <dbl> <dbl>

1 42 9.1 455
2 58 13.6 68.0
3 81 145 725

Stats20x.df$Diff <- Stats20x.df$Test2 - Stats20x.dfSExam
## Check the first 5 measurements
Stats20x.df[1:5, c("Test2", "Exam", "Diff")]

A data.frame: 5 x 3

Test2 Exam Diff

<dbl> <int> <dbl>

1 455 42 3.5
2 68.0 58 10.0
3 725 81 -8.5
4 955 86 9.5
5 410 35 6.0

hist(Stats20x.df$Diff)
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Histogram of Stats20x.df$Diff
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4. Fitting curves with the linear model

ANBENE :

I realrire(s?20x)
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l » Show code cell output

4.1. Identifying a curved relationship ¥] TR R %K %

r

## Load the s20x library into our R session

library(s20x)

## Importing data into R

Stats20x.df <- read.table("../data/STATS20x.txt", header = T)
## Examine the data

plot(Exam ~ Assign, data = Stats20x.df)
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Hmmm, not quite a straight line — could be some curvature. Maybe will paint a clearer picture. A& — &1

BMS- TR R — LR, hiFSAH—IRE NS,

trendscatter(Exam ~ Assign, data = Stats20x.df)
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Plot of Exam vs. Assign (lowess+/-sd)
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Assign

Let’s fit a simple linear model to these data and see if it works out or not.

examassign.fit <- lm(Exam ~ Assign, data = Stats20x.df)
plot(examassign.fit, which = 1)
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Residuals vs Fitted

40

143

Residuals

| | | | | | |
10 20 30 40 50 60 70

Fitted values
Im(Exam ~ Assign)

The assumption of identical distribution with expected value of 0 looks to be questionable here. There
tend to be more negative residuals in the middle, but more positive residuals at the extremes of the fitted
values. Potential solution — add a quadratic (squared term) for.

RigERIMNS M STREAE 0 BERAIERN, AR S NENAEERIE EERRMAENIRIRE, BER
FRRARNZZ | RI—DZXRIA(ER ),

Skip to main content



4.2. Fitting a quadratic model I\ & Z/XR1&HY

The standard notation for a quadratic curve is:

y=ax’+ bz +c

Here we will use different notation: 8y = ¢, 81 = b and B2 = a and use the quadratic curve to describe
the expected value of our dependent variable y. That is, we will use the following notation:

EY|z] = Bo + 1z + Boz?

If B3 > 0, then the quadratic has slope that increases with increasing x(f1Z[E& x {EAMMIEX). If
B2 < 0, then the quadratic has slope that decreases with increasing x. If 85 = 0, then the
quadratic(iZ“ Z )X B1£%") has a constant slope(ifl B £ I 0N).

IERANEE ZFIMNFERIEE. BINBER—IMFNEE o° RIS — AN TIRIEE

examassign.fit2 <- 1m(Exam ~ Assign + I(Assign”2), data = Stats20x.df)
plot(examassign.fit2, which = 1)
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Residuals vs Fitted
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Fitted values
Im(Exam ~ Assign + [(Assign*2))

That is looking much better.

BIRBANSET =LEFERD

normcheck(examassign.fit2)
cooks20x(examassign.fit2)
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Sample Quantiles

) -

Theoretical Quantiles

Cook's Distance plot

Residuals from ImiExam ~ Assign + [{Assign™2))

T
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Cook's distance
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| I
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NEIESHM, HEFTHE, BRI UE0NT B — T RRARBFNFHA IR FIEE .

plot(Exam ~ Assign, data = Stats20x.df)
X <- 0:20 # Assignment values at which to predict exam mark
## Plot model 1

lines(x, predict(examassign.fit, data.frame(Assign = x)), col = "red")
## Plot model 2
lines(x, predict(examassign.fit2, data.frame(Assign = x)), col = "blue")
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Call:
Im(formula = Exam ~ Assign + I(Assignn2), data = Stats20x.df)

Residuals:
Min 1Q Median 3Q Max
-32.541 -9.149 1.273 9.087 41.116

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 28.41396 5.99081 4.743 5.05e-06 ***

Assign -0.68172 1.07242 -0.636 0.525999
I(Assignnr2) 0.16102 0.04545 3.542 0.000536 ***

Signif. codes: 0 '***' 0.001 '**' 0.01 '*' @.05 '.' 0.2 ' ' 1

Residual standard error: 12.65 on 143 degrees of freedom
Multiple R-squared: 0.5477, Adjusted R-squared: 0.5414
F-statistic: 86.59 on 2 and 143 DF, p-value: < 2.2e-16

Note that the coefficient B3 > 0 associated with the term I(Assig'n)2 indicates an increase that starts
slowly and ‘accelerates’(lliE) as Assign increases.

5. Linear models with a categorical (factor) explanatory
variable

require(s20x)

» Show code cell output

5.1. Using categorical variables as explanatory variables by using
indicator variables

ERBEREERNREERFREEE
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library(s20x)

## Importing data into R

Stats20x.df <- read.table("../data/STATS20x.txt", header = T)
## Change Attend from a character variable to a factor variable
Stats20x.df$Attend <- as.factor(Stats20x.df$Attend)

## Examine the data

Stats20x.df$Attend[1:20]

Yes:-Yes-Yes-Yes-No-Yes:-Yes-No-Yes-Yes-No-Yes-No-No-No-Yes-Yes:-No- Yes- Yes

» Levels:

BENTIES , MERBIREZMATENXA !

summaryStats(Stats20x.df$Exam, Stats20x.df$Attend)
plot(Exam ~ Attend, data = Stats20x.df)
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Sample Size Mean Median Std Dev Midspread

No 46 42.21739 40.5 16.34206 20.50
Yes 100 57.78000 58.0 17.67757 28.25
:
o i
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REWMSILFEMSGDR , ERESIH LR E—ENXR,

AT EREHRITEFHION , BAVGIREIR Yes F No 45#%A 1 0
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# Make a new variable Attend2 which is 1 if Attend = "Yes" and © otherwise

# Note how we use two equal signs, ==, to test equality
Stats20x.df$Attend2 <- as.numeric(Stats20x.df$Attend == "Yes")
with(Stats20x.df, table(Attend, Attend2))

Attend2
Attend 0] 1
No 46 0]
Yes 0 100

trendscatter(Exam ~ Attend2, data = Stats20x.df)
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Plot of Exam vs. Attend2 (lowess+/-sd)
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Attend2

The linear model for the expected value of is

E|Exam|Attend2| = By + B1Attend2

Heh By B&E , BATEREIGE ; 81 BEHAMSFRENKRR , ARSI HERIMS KRR EFRE,
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examattend2.fit <- 1lm(Exam ~ Attend2, data = Stats20x.df)
summary(examattend2.fit)

Call:
Im(formula = Exam ~ Attend2, data = Stats20x.df)
Residuals:

Min 1Q Median 3Q Max

-46.780 -13.108 -0.217 12.642 46.783

Coefficients:

Estimate Std. Error t value Pr(>]|t])
(Intercept) 42.217 2.547 16.578 < 2e-16 ***
Attend2 15.563 3.077 5.058 1.27e-06 ***

Signif. codes: © ‘***’ 0.001 ‘**’ 0.01 ‘*" ©.05 ‘.7 0.1 ' " 1
Residual standard error: 17.27 on 144 degrees of freedom

Multiple R-squared: 0.1508, Adjusted R-squared: ©0.145
F-statistic: 25.58 on 1 and 144 DF, p-value: 1.271e-06

BINEER x 0 Attend2 (0 A0 1) BY, y BYEAEE(E , EDE XA STHYHAEE(E,

BEFESE L, BEEFER Im() RBHITING , HEESHIEMMNER |, BR Im() BERSENE N LT =it
FIEREE (AttendYes )

examattend.fit <- 1Im(Exam ~ Attend, data = Stats20x.df)
summary(examattend.fit)

Call:
Im(formula = Exam ~ Attend, data = Stats20x.df)
Residuals:

Min 1Q Median 3Q Max

-46.780 -13.108 -0.217 12.642 46.783

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 42,217 2.547 16.578 < 2e-16 ***
AttendYes 15.563 3.077 5.058 1.27e-06 ***

Signif. codes: © ‘***’ ©0.001 ‘**’ 0.01 ‘*" ©.05 ‘.” 0.1 ‘ " 1

Residual standard error: 17.27 on 144 degrees of freedom
Multiple R-squared: ©0.1508, Adjusted R-squared: 0.145
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IEHAR IS RE R, EAXE B EAENEENSIITINREFIN RE T ELLH LR,

plot(Exam ~ Attend2, data = Stats20x.df)
## Add the 1m estimated line to this plot where a=intercept, b=slope
abline(coef(examattend.fit), 1ty = 2, col = "blue")
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plot(examattend.fit, which = 1)
normcheck(examattend.fit)
cooks20x(examattend.fit)
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Residuals vs Fitted

026

40

71 o118

20
|

AR TR W T ORI 0

Residuals
0
l

=
=i
-
-
L
-
=
0
-
=
O
-
A
-
=
-
=

O OO0 0O (EDIFARIEIRIEI NI

-
o
O

I I I
45 50 55

—a

Skip to main content



Sample Quantiles
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Cook's Distance plot
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## Create data frame of values of interest: Attend=="Yes" and "No"

## Make sure that the names of vars are exactly the same as in the data frame
preds.df <- data.frame(Attend = c("No", "Yes"))

predict(examattend.fit, preds.df, interval "confidence")
predict(examattend.fit, preds.df, interval "prediction")
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A matrix: 2 x 3 of type dbl

fit lwr upr

1 4221739 37.18401 47.25077

2 57.78000 54.36619 61.19381
A matrix: 2 x 3 of type dbl

fit lwr upr

1 4221739 7.710259 76.72452

2 57.78000 23.471673 92.08833

BX5a1E : “confidence” @ RIIEFLNSEE , M“prediction”2RRAMAFUNEE,
6. Multiplicative linear models
ANEENS :

require(s20x)

» Show code cell output

6.1. Mean versus median — which to use?

BETIRBANNZBE MR TEMOBIRES | BEREZ =WXEM.

library(s20x)

Houses.df <- read.table("../data/AkldHousePrices.txt", header = T)
hist(Houses.df$price, breaks = 20, main = "", xlab = "Price ($1000)")
abline(

v = c(mean(Houses.df$price), median(Houses.df$price)),
col = c("blue", "green"), lwd = 2

)
# PAERNGE  1YEREE
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XA IEMRHBNGAR | PAEYERE) , BAARRNDHEESHEBE HKE , BENERRET
IME

summary (Houses.df$price)
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Min. 1st Qu. Median Mean 3rd Qu. Max.
450.0 832.5 1130.0 1310.1 1597.5 3710.0

This type of right-skew distribution is very common when it comes to things involving money ($$$),
resources, growth, salary, age, advantage and energy, to name but a few. X#HERMERLHBIEETENR
MARAESRES (¥ ¥ ¥ )N, FR, &5F8K , TH , FRRMERIE , FF , F—ME.

Here is the bootstrap 95% ClI for the expected price, along with output from the null model. M #3E S EY
7 1000 X , AIGEMENBVEETE 5% 1 95% ZEMIBUERI D HER , MEXA 95% HNEEXIE.,

r

bootstrappedMeanPrices <- replicate(
1000,
mean(sample(Houses.df$price, size = nrow(Houses.df), replace = T))

)

# 95% BEXI8
quantile(bootstrappedMeanPrices, c(.025, .975))

HousesNull.fit <- 1lm(price ~ 1, data = Houses.df)
summary (HousesNull.fit)
confint(HousesNull.fit)

2.5%: 1184.07180851064 97.5%: 1448.93882978723

Call:
Im(formula = price ~ 1, data = Houses.df)
Residuals:

Min 1Q Median 3Q Max

-860.1 -477.6 -180.1 287.4 2399.9
Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 1310.1 70.1 18.69 <2e-16 ***

Signif. codes: © ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 ‘." 0.1 " 1

Residual standard error: 679.7 on 93 degrees of freedom

A matrix: 1 x 2 of type dbl

25 % 97.5%

(Intercept) 1170.899 1449.313
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AR E IR BRELSOX AN SR =B 2 B DR PR E SR /Y,
To estimate the median sale price of the entire suburb the natural estimate is the median of our sample 1&
THEANBXFEIYHENTE B A G RIS RAUL

median(Houses.df$price)

1130

and we can use a bootstrap to get a 95% ClI for the suburb median FATFT LAER —1 5| SEFX Y 95%
{ErFEX(E)E :

bootstrappedMedianPrices <- replicate(
1000, median(sample(Houses.df$price, size = nrow(Houses.df), replace = T))

)
quantile(bootstrappedMedianPrices, c(.025, .975))

2.5%: 1045 97.5%: 1320

BME LEIEIFH,FBAN1EES iid ( Independent and Identically Distributed Data , 83770543 %5 543E )
R FTARBANEAROMERMGTALDE, BT —THRBAEEER] , SMEARIESIL ] CAARHITHIE
FTIRMRE , IERRNEEANESH T, EMAENMSRERERATE —RNBEATHRIEHELTER6E
EmNETERATE R, BB ERMNBIEERINGEHRABRETEMNZIERERAILATR
5o

6.2. Transforming the response variable using the log function

Let’s consider making a transformation of the prices. In particular(#%3!2), the log transformation. Here is
the histogram of log(price) .

hist(log(Houses.df$price), breaks = 12, main = "", xlab = "Price ($1000)")
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This looks reasonably(SI£#/Y , 182 #9) close to normal, so if we fit a linear model to these data then all
inferences(#i2) will be valid(B%4HY).

LoggedPriceNull.fit <- Im(log(price) ~ 1, data = Houses.df) # EYJ1%§
# logRRFFILATHRENS R base ; BENAKEA e (XEFMEIIAKE)

coef (summary(LoggedPriceNull.fit)) # fHit&REK

confint (1l oaaedPriceNull _ fit) # E|=XIal
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A matrix: 1 x 4 of type dbl

Estimate  Std. Error t value Pr(>|t])

(Intercept) 7.060405 0.04974049 141.9448 1.628721e-110
A matrix: 1 x 2 of type dbl

25% 97.5%

(Intercept) 6.96163 7.15918
XRE®E , BILRENTIERERSAREL —HEF. HEFE back-transformed 118 (FFE=7T) .

Since we've used the log transformation(3$%1%), the back-transformation([E]4%) is the exponential(3§£%8Y)
function exp()

exp(confint (LoggedPriceNull.fit))
# expEIEHITIERMSH base ; FE.

A matrix: 1 x 2 of type dbl

25% 97.5%

(Intercept) 1055.353 1285.856

LT EEEXERTEANRTRMNWFIENMX., LEANRRRENENENTE BRXENTA,
IEBANEERREM 2SR ERBERIHE RERMINEE

# Summaries of price

summary (Houses.df$price)

# Summaries of log(price)
summary(log(Houses.df$price))

# Back-transformed summaries of log(price)
exp(summary(log(Houses.df$price)))
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Min. 1st Qu. Median Mean 3rd Qu. Max.
450.0 832.5 1130.0 1310.1 1597.5 3710.0

Min. 1st Qu. Median Mean 3rd Qu. Max.
6.109 6.724 7.030 7.060 7.376 8.219

Min. 1st Qu. Median Mean 3rd Qu. Max.
450.0 832.5 1130.0 1164.9 1597.0 3710.0

Our back-transformed estimate({&it) (eacp(Bo)) and 95% ClI(Confidence interval, E{5X[g]) for the
median suburb sale price REX $HEM1R) are:

exp(coef(LoggedPriceNull.fit)) # {&it% % (Intercept)
exp(confint(LoggedPriceNull.fit)) # Intercept HE(SXd]

(Intercept): 1164.91688878205

A matrix: 1 x 2 of type dbl

25% 97.5%

(Intercept) 1055.353 1285.856

6.3. The log function turns multiplicative effects in to additive effects

6.4. Example 1: Multiplicative simple linear regression model

FEERAMOTREE—NEMERE  ERMNTER— MRS MEEENRN, XE—NMEERRENR
8, BERER—IMRIFMER , EAEFUARER-LIEEFTBHIR,

Mazda.df <- read.table("../data/mazda.txt", header = T)
Mazda.df$age <- 91 - Mazda.df$year # Create the age variable
plot(price ~ age, data = Mazda.df, xlab = "Age", ylab = "Price (AUD)")

trendscatter(
price ~ age,
data = Mazda.df, xlab = "Age", ylab = "Price (AUD)"
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trendscatter() HREHMEZRARYE , dEKAFREIEX]E,

BBERL () , BV BEHX LA R —NEEN T EE TR AEIR, i Assuming would be na
“Ive in this case. Let us be na’'ive and see where it takes us.itF{TEN — M EHEER | EERRBYESIR

BAT 40

PriceAge.fit <- 1lm(price ~ age, data = Mazda.df)
plot(PriceAge.fit, which = 1)
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Residuals vs Fitted
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FEME T FEBNNEERFTEELTIEMBALE,

Na'1ve price vs age models... BRI S EHLIERY...

PriceAge.fit2 <- 1Im(price ~ age + I(age”2), data = Mazda.df)
plot(PriceAge.fit2, which = 1)
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Residuals vs Fitted
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We have eliminated trend from these residuals but the assumption is still violated. Ffi M IX LR Z (BRI

Fitted values
Im(price ~ age + l(age”2))

HRBEBMARIER T, Letus ‘tear up’ this approach and take logs of price.

# log(Price)

trendscatter(
log(price) ~ age,
data = Mazda.df.

x1ah = "Aae". viah = "loa(Price)"
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log(Price)

10

Plot of log(Price) vs. Age (lowess+/-sd)

Age

LogPriceAge.fit <- 1lm(log(price) ~ age, data = Mazda.df)
plot(LogPriceAge.fit, which = 1)
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Residuals vs Fitted
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Fitted values
Im(log(price) ~ age)

# Check for normality of the residuals.
normcheck(LogPriceAge.fit)

# Check for unduly influential data points.
cooks20x(LogPriceAge.fit)
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Sample Quantiles
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summary(LogPriceAge.fit)
confint(LogPriceAge.fit)
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Call:
Im(formula = log(price) ~ age, data = Mazda.df)

Residuals:
Min 1Q Median 3Q Max
-1.0531 -0.2398 0.0311 0.2110 1.1085

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 10.195210 0.063602 160.3 <2e-16 ***
age -0.163915 0.007034 -23.3 <2e-16 ***

Signif. codes: 0@ ‘***" 0,001 ‘**’ 0.01 ‘*’ ©0.05 ‘.” 0.1 * " 1
Residual standard error: 0.3615 on 121 degrees of freedom

Multiple R-squared: 0.8178, Adjusted R-squared: 0.8163
F-statistic: 543.1 on 1 and 121 DF, p-value: < 2.2e-16

A matrix: 2 x 2 of type dbl

25 % 97.5 %

(Intercept) 10.0692935 10.3211263

age -0.1778406 -0.1499902

FATRICAGR 1S B S X BB B R B — T @A RIS EIRHE | MERARIEITHEN TIRE,

exp(confint(LogPriceAge.fit))

A matrix: 2 x 2 of type dbl

25 % 97.5 %

(Intercept) 2.360688e+04 3.036744e+04

age 8.370758e-01 8.607164e-01

100 * (exp(confint(LogPriceAge.fit)[2, ]) - 1)

2.5 %: -16.2924152317926 97.5 %: -13.9283629045699

This says that our 95% CI for the annual depreciation in median price of Mazda cars is between
1NN07Z < (1 N QA1 — 12 OA0Z ~nAd 1NN0Z o (1 N 27\ — 1R/ 207
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6.5. Example 2: Multiplicative model with categorical explanatory

variable

Bycatch.df <- read.table("../data/Bycatch.txt", header
boxplot(Bycatch ~ Trawl, data = Bycatch.df, horizontal
summaryStats(Bycatch ~ Trawl, data = Bycatch.df)

Skip to main content
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Sample Size Mean Median Std Dev Midspread

Standard 25 4.600 3.3 4.983138 3.8
Tapered 25 1.924 1.4 1.643999 1.4
o
Q@
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Trawl.lm <- 1lm(Bycatch ~ Trawl, data = Bycatch.df)
plot(Trawl.lm, which = 1)
normcheck(Trawl.1lm)
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Sample Quantiles
%

‘!- ﬁ

¥
= .

"Residuals from Im(Bycatch ~ Trawl)

Theoretical Quantiles

DI AR =
IRTE

Multiplicative model with categorical explanatory variable ;&= 5> 2
xlab = "log(Bycatch)")

Bycatch.df, horizontal = T,

boxplot(log(Bycatch) ~ Trawl, data

Skip to main content



Tapered

Trawl

Standard
l

Looking much better.

B RBAMSHITER + BRIE=2R,

log(Bycaich)

Trawl.lmlog <- 1Im(log(Bycatch) ~ Trawl, data = Bycatch.df)

plot(Trawl.lmlog, which = 1)

nnrmerhaclk(Trawl Tmlan)
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Residuals vs Fitted
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Sample Quantiles
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Residuals from Im(log(Bycatch) ~ Trawl)
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Cook's Distance plot
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Assumptions are satisfied. We can trust the fitted model.

summary(Trawl.1lmlog)
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Call:
Im(formula = log(Bycatch) ~ Trawl, data = Bycatch.df)

Residuals:
Min 1Q Median 3Q Max
-2.30353 -0.55464 -0.05088 0.44556 2.07432

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 1.0996 0.1700 6.469 4.79e-08 ***
TrawlTapered -0.7122 0.2404 -2.963 0.00473 **

Signif. codes: 0@ ‘***" 0,001 ‘**’ 0.01 ‘*’ ©0.05 ‘.” 0.1 * " 1

Residual standard error: 0.8498 on 48 degrees of freedom
Multiple R-squared: 0.1546, Adjusted R-squared: 0.137
F-statistic: 8.78 on 1 and 48 DF, p-value: 0.004728

There is a statistically significance effect of trawl type(trawl type BISIBFKITFZ ) (
P — value ~ 0.05). However, our model only explained 15% of the variability in the logged data and will
not be very good for prediction. A, Ffi 1RIIREL R EERRTE 15 B RHEICREIE , FAREERIFRIFUN,

exp(confint(Trawl.1lmlog))

A matrix: 2 x 2 of type dbl

25% 97.5%

(Intercept) 2.1336329 4.2261691

TrawlTapered 0.3025531 0.7953873

PRTRELFSE

log(y) = Bo+P1 xx+e€
TR EZBEMRE |, T ARMEZEEIXTE ?

BHRENESDHNELMERZRMAICAALMERE , SNHMBEE, SATANEAINEL AR WERKE
XMW ES (ERZ—  RAUEEER/N—R) . EXLEEXNERBRRNTERIFHNMSRE , 2FE
mAEFEETTi%.
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7. Power law linear models

ALFENE .

require(s20x)
library(s20x)

» Show code cell output

ABLEETE Hauraki(ZBPEHE) Gulf MANBRIREZER/IMRES 30 EXEHE (/T 30 ERNEEILREE) .
EXE BB EAE KERREENESE | 53R B(1EMTT 30 EXHEENES,

Snap.df <- read.table("../data/SnapwWgt.txt", header = TRUE)
plot(wgt ~ len, data = Snap.df, xlab = "Length (cm)", ylab = "Weight (kg)")
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EAE—TELMUNEENRKEZEINXRR, JLASIFHEA] , IR —MNROSMENESE |, BERERITE
ERIRSIR (BIEMFILERS, REFMKE) , BAEHERSENKERN 3 X735,

« For a cube with sides of length |, volume = len?.

 For a sphere with radius r, volume = %7‘(")"3.
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weight = a X length”!
B1 FIRERREES , BRA—EET 3,

Taking logs gives

log(weight) = log(a) + Blog(length)

which we can rewrite as:

log(weight) = By + B1 log(length)

The above formula should be of very familiar form to you by now. Provided that we make the assumption
that € N(O, O') then this isprecisely the simple linear regression model with response variable
log(weight) and explanatory variable log(len).

plot(
log(wgt) ~ log(len),
data = Snap.df,
xlab = "log(Length)",
ylab = "log(Weight)"
)
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log(Length)

BERZFENEEERFNELMERR, B IFRBIEER + =2

Snap.lm <- 1lm(log(wgt) ~ log(len), data = Snap.df)
plot(Snap.lm, which = 1)

normcheck(Snap.1lm)

cooks20x(Snap.1m)
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Residuals vs Fitted
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Sample Quantiles

Theoretical Quantiles
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Cook’'s Distance plot
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summary(Snap.1lm)
plot(log(wgt) ~ log(len), data = Snap.df, xlab = "log(Length)", ylab = "log(Weight)")
abline(coef(Snap.1lm), 1ty =5, col = "red")
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Call:
Im(formula = log(wgt) ~ log(len), data = Snap.df)

Residuals:
Min 1Q Median 3Q Max
-0.44099 -0.06853 0.00234 0.06942 0.36139

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) -10.01416 0.05602 -178.7 <2e-16 ***
log(1len) 2.79104 0.01469 190.0 <2e-16 ***

Signif. codes: @ '"***' @.,001 '**' 0.01 '*' @.05 '.' 0.1 " ' 1
Residual standard error: 0.1012 on 842 degrees of freedom

Multiple R-squared: 0.9772, Adjusted R-squared: 0.9772
F-statistic: 3.609e+04 on 1 and 842 DF, p-value: < 2.2e-16
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Let us redo the plot on the raw scale (rather than log scale):

plot(wgt ~ len, data = Snap.df)

pred.df <- data.frame(len = 20:90)
Snap.pred <- exp(predict(Snap.lm, pred.df))
lines(pred.df$len, Snap.pred, col = "red")
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wgt

Pred.df <- data.frame(len = 30)

exp(predict(Snap.1lm,
exp(predict(Snap.1lm,

Pred.df,
Pred.df,

len
interval = "confidence"))
interval = "prediction"))
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A matrix: 1 x 3 of type dbl

fit lwr upr

1 0.5937602 0.5857844 0.6018445
A matrix: 1 x 3 of type dbl

fit lwr upr

1 0.5937602 0.4865954 0.7245262

A few slides earlier we deduced(¥#EEf) that the power coefficient(Z%%) should be B1 close to, though not
necessarily equal to 3.

Let us examine this formally by testing the null hypothesis Hy : 51 = 3.

Question 1: Is this hypothesis rejected at the 5% level? (Hint: the answer can be worked out from output
already seen)

Question 2: What is the P-value for Hyy : 51 = 37? (This takes a bit more work)

8. Linear models with both numeric and factor explanatory
variables

AUFRENE :
require(s20x)

» Show code cell output

8.1. Example: Using both test score and attendance to explain exam
score

A ERM RSN LN R R BN &
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## Invoke the s20x library
library(s20x)
## Importing data into R
Stats20x.df <- read.table("../data/STATS20x.txt", header = TRUE)
Stats20x.df$Attend <- as.factor(Stats20x.df$Attend)
## Plot blue "Y" for "Yes" (regular attenders), and red "N" for "No"
plot(Exam ~ Test,
data = Stats20x.df,
pch = substr(Attend, 1, 1), # "Y" or "N"
col ifelse(Attend == "Yes", "blue", "red")
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Here is the plot for the regular attenders and the non-attenders.
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Attendees.df <- subset(Stats20x.df, Attend == "Yes")
plot(Exam ~ Test,

data = Attendees.df,
xlim = c(0, 20),
ylim = c(0, 100),
pch = "Y", cex = 0.7
)
Absentees.df <- subset(Stats20x.df, Attend == "No")

plot(Exam ~ Test,

data = Absentees.df,
xlim = c(0, 20),
ylim = c(0, 100),
pch - IINII,

cex = 0.7
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Also, there seems to be some non-attenders who do well in the test and exam so we could (and will) see

wihathar wia ehniild infliida thaca nannla Thawv ara idantifiad in rad (ctare) with tha ~Ada halAw ISR N
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FE-LERESMBRNATESHANEXRRIARET , AUBATTA(EF) BEERENZEEX
RLIEES)IRR , KBIT,

Absentees.df <- subset(Stats20x.df, Attend == "No")

plot(Exam ~ Test,
data = Absentees.df, xlim = c(0, 20), ylim = c(0, 100),
cex 0.7, col = ifelse(Absentees.df$Test <= 16, "black", "red"),
pch ifelse(Absentees.df$Test <= 16, 1, 8)
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8.2. Fitting the linear model
BERBINEEFERNMNENRTZERTEELESE.
We will call our indicator variable for greater convenience of notation: ¥ 14% kT HERFEMIM Z i8R
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## Boolean statement if Attend ="Yes" (TRUE) D=1, othwerwise O (FALSE);
Stats20x.df$D <- as.numeric(Stats20x.df$Attend == "Yes")
table(Stats20x.df$Attend, Stats20x.df$D) ## Check it is okay

0] 1
No 46 0]
Yes 0 100

HETFH , No kO, Yes B 1,

Our straight line model for the non-attenders (i.e., D = 0) students will be:

Exam = By + B x Test + € where e ~ N(0,0?%)

For the non-attenders (D = 0) the slope(F=) is:

B1+ D x By = B

For the attenders (D = 1) the slope is:

B1+ D x B3 = 1 + B3

So, our model is:

Exam ::ﬁ%)%—ﬁ& X 1)-+—(ﬁﬁ +—ﬁ% X lIYFest-+—a
::(ﬂ0—+482><1))4—(ﬁ1—+/13><l?YTest%—€
:BO—I—ﬁl><Test—|—ﬁ2><D—|—B3><D><Test—|—s

2

Stats20x.df$TestD <- with(Stats20x.df, {
TestD <- D * Test

1)
TestAttend.fit <- 1lm(Exam ~ Test + D + TestD, data = Stats20x.df)

Assumption checks =2 zE:
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plot(TestAttend.fit, which = 1)
normcheck(TestAttend.fit)
cooks20x(TestAttend.fit)
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Fitted values
Im(Exam ~ Test + D + TestD)
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We can now trust the fitted . The summary output is:

summary(TestAttend.fit)
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Call:
Im(formula = Exam ~ Test + D + TestD, data = Stats20x.df)

Residuals:
Min 1Q Median 3Q Max
-30.3155 -6.5139 0.4383 7.3166 30.9383

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 14.4467 4.9443 2.922 0.00405 **
Test 2.7496 0.4603 5.973 1.78e-08 ***
D -4.2582 6.3723 -0.668 0.50506
TestD 1.1380 0.5577 2.040 0.04316 *

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 ‘. 0.1 ' " 1

Residual standard error: 11.41 on 142 degrees of freedom
Multiple R-squared: 0.6347, Adjusted R-squared: 0.627
F-statistic: 82.25 on 3 and 142 DF, p-value: < 2.2e-16

Note that the above Executive Summary is missing the confidence interval for the effect of test mark on
attenders. To obtain this Cl we need to change attenders to the baseline level of . i 7 EH 4

IEBAMFRBEERIIFINRRR, BINESFE—TRERBNBET A HEE,

coef(TestAttend.fit)[1:2]
# DAIREEE M Test MR

(Intercept):  14.4467499989379 Test:  2.74956844608019
RRAFREMRIE £

## Plot these data all together
b <- coef(TestAttend.fit) # easier to work with these terms
plot(Exam ~ Test,
data = Stats20x.df,
pch = substr(Attend, 1, 1), # "Y" or "N"
cex = 0.7, # 4p%, BikAm 1
x1lim = c(0, 20) # x HSEE
)
## Red for "No" and blue for "Yes".
abline(b[1:2], 1ty = 2, col = "red")
# No BHK : beta® M&EE , betal MH=
abline(b[1] + b[3], b[2] + b[4], lty = 2, col = "blue")
# YesBf{K : beta® + beta2 &R , betal + beta3 MFEE
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All that hard work we did with constructing and can be avoided D TestD since will automatically do this for
us.
We were interested to see whether the effect of interacts with the Test students variable. Using we simply

specify to Attend Im Test * Attend fit the model with interaction. That is,
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TestAttend.fit2 = Im(Exam ~ Test * Attend, data = Stats20x.df)
summary(TestAttend.fit2)

Call:
Im(formula = Exam ~ Test * Attend, data = Stats20x.df)
Residuals:

Min 1Q Median 3Q Max

-30.3155 -6.5139 0.4383 7.3166 30.9383

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 14.4467 4.9443 2.922 0.00405 **
Test 2.7496 0.4603 5.973 1.78e-08 ***
AttendYes -4.,2582 6.3723 -0.668 0.50506
Test:AttendYes 1.1380 0.5577 2.040 0.04316 *

Signif. codes: © ‘***" 0.001 ‘**’ 0.01 ‘*" 0.05 ‘." 0.1 * " 1

Residual standard error: 11.41 on 142 degrees of freedom
Multiple R-squared: 0.6347, Adjusted R-squared: 0.627
F-statistic: 82.25 on 3 and 142 DF, p-value: < 2.2e-16

We have the same outputs, but with slightly different names.

ER: Test * Attend RFEIEHFS., (RR]MUATAMEZERBXTRERZATHME !

TestAttend.fit2 <- 1lm(Exam ~ Test + Attend + Test:Attend, data = Stats20x.df)

8.3. Interpretting the fitted model

We see that our intuition was correct. That is, the slope for of Test attenders is greater that for non-
attenders. This is because the estimate of the difference in these slopes TestD .

coef(TestAttend.fit2)[4]

Test:AttendYes: 1.13799041829866

Confidence intervals may be needed for the coefficients:

f
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A matrix: 4 x 2 of type dbl

25% 97.5%

(Intercept) 4.67287511 24.220625
Test 1.83956971  3.659567
AttendYes -16.85506294  8.338572

Test:AttendYes 0.03547053 2.240510

;E : Statistical significance (at the 5% level) of a coefficient is NOT equivalent to the (95%) confidence
interval containing zero. RitFE X GNP RABHARNERF (5% EEXEEAE,

Some predictions:

predTestAttend.df <- data.frame(
Test = ¢c(0, 10, 10, 20),
Attend = factor(c("No", "No", "Yes", "Yes"))

)
predTestAttend.df

A data.frame: 4 x
2

Test Attend

<dbl> <fct>

0 No
10 No
10 Yes
20 Yes

Let us estimate the expected exam scores for these values of test score and attendance iEF{1iX L{ER

ST FERRYE L 53 BOMR AL SR A LH ED:

predict(TestAttend.fit2, predTestAttend.df, interval
predict(TestAttend.fit2, predTestAttend.df, interval

"confidence") # X[a{&it
"prediction") # S=f&it
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A matrix: 4 x 3 of type dbl

fit lwr upr
1 14.44675 4.672875 24.22062
2 4194243 38.616376 45.26849
3 49.06409 46.412194 51.71599
4 87.93968 82.610100 93.26926

A matrix: 4 x 3 of type dbl

fit lwr upr
1 14.44675 -10.13028 39.02378
2 4194243 19.14848 64.73639
3 49.06409 26.35871 71.76947
4 87.93968 64.76845 111.11092

This is not the best model for predicting individual student exam scores as the intervals are too wide and
in some case are meaningless (at the extremes of Test ). XA ERIFAIERTTNMEAZERVE RS E
HEPRAZE ARLEATERELEXHI(ERIFA Test G T),

HER , DRMRITREZBRLBEXRMNARSGN S 5EZMNEREXE,. ZRF[UEEXE , BIFE

BRI RHELZKE |, 8] Atten,

confint(TestAttend.fit2b)
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Stats20x.df$Attend2 <- relevel(Stats20x.df$Attend,
TestAttend.fit2b <- Im(Exam ~ Test * Attend2, data = Stats20x.df)
coef(summary(TestAttend.fit2b))

ref = "Yes")

¥e5



A matrix: 4 x 4 of type dbl

Estimate Std. Error t value Pr(>|t])

(Intercept) 10.188504 4.0199956  2.5344566 1.234648e-02

Test 3.887559 0.3148792 12.3461898 3.020895e-24

Attend2No  4.258246 6.3722922 0.6682439 5.050626e-01
Test:Attend2No -1.137990 0.5577265 -2.0404094 4.316270e-02

A matrix: 4 x 2 of type dbl

25% 97.5%

(Intercept) 2.241733 18.13527583
Test 3.265102 4.51001561
Attend2No -8.338572 16.85506294

Test:Attend2No -2.240510 -0.03547053

We estimate that each additional test mark will increase the expected exam mark of an attender by 3.3 to

4.5 BAiMET , SEIN—NUAS R , S5 ENEZ MR SUFIEI3.3284.55)

8.4. Assessing influence of the atypical students

EDMERRMEMER , BARE T =R RRENZE, IE—T , SERINMENARFAIKTLI65E
RESMEUNFE,

MRBANBIERIADXEZERNME (B ? ) |, BAEIHRABEMITTEESIEN,

## Remove atypical points - Note that ! means ’'not’

Subset.df <- subset(Stats20x.df, !(Test > 16 & Attend == '"No"))
TestAttend.fit3 <- 1lm(Exam ~ Test * Attend, data = Subset.df)
summary(TestAttend.fit3)
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Call:
Im(formula = Exam ~ Test * Attend, data = Subset.df)

Residuals:
Min 1Q Median 3Q Max
-27.059 -6.817 0.439 6.938 32.008

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 22.6522 5.2776 4.292 3.3e-05 ***
Test 1.7590 0.5213 3.374 0.000960 ***
AttendYes -12.4637 6.5505 -1.903 0.059146
Test:AttendYes 2.1285 0.6034 3.527 0.000569 ***

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 ‘. 0.1 ' " 1

Residual standard error: 11.01 on 139 degrees of freedom
Multiple R-squared: 0.6495, Adjusted R-squared: 0.6419
F-statistic: 85.86 on 3 and 139 DF, p-value: < 2.2e-16

R code to generate the plot of the full data with all three of the fitted Rlines:

.

## Plot these data all together
plot(Exam ~ Test, data = Subset.df, pch = substr(Attend, 1, 1), cex = 0.7)

## Remember that we’ve defined b in Slide 26

## Each abline() will have a different colour
abline(b[1:2], 1ty = 2, col = "red")

abline(b[1] + b[3], b[2] + b[4], 1ty = 2, col = "blue")

## The fitted line without the 3 atypical points
b2 <- coef(TestAttend.fit3) ## Easier to work with these terms
abline(b2[1:2], 1ty = 2, col = "green")

## Add a legend to help us differentiate between the lines for non-attenders
legend("topleft",

legend = c("All non-attenders", "Without atypical non-attenders"),
1ty = 2,
col = c("red", "green"),

bty = Ilnll
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9. Linear models with both numeric and factor explanatory
variables without interaction

ANBENE :
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require(s20x)

» Show code cell output

9.1. Using both IQ and teaching method to explain increase in
language proficiency

EUTRAF , HEETEN =ZMARNRZELEZFR—MRENIHESIESARNE—IZ @I E =N
B, ATHIX—= , I0BFERMBINDEZ=NMEF , HERRBNBZEREEITRZE. BIMFEEN
BRAERF A RZAET TNE, SMETLRA T RERESMEPENRT —ECRNFERET], BT
FELETFMRIMER |, FATTRT CABRIR AR TR A St B AR,

As usual, we begin by inspecting the data:

## Invoke the s20x library
library(s20x)
## Importing data found in the s20x library into R
data(teach.df)
## Plot the data with trendscatter()
trendscatter(lang ~ IQ,
f = 0.8, ylim = c(40, 110),
data = teach.df,
ylab = "Language score"
)
## Note that f is the proportion of points in the plot which influence the
## smooth at each value. Larger values of f give more smoothness!
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Plot of Language score vs. IQ (lowess+/-sd)
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B, ER5ESHAZEEX , ERTEZUHABE, —PERBELFNERAIEEERA,

In dataframe teach.df the method is recorded as a number, 1, 2 or 3:

teach.df$method
class(teach.df$method)
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1-12-2-17-1-1-1-1-1-1-2.2-2:2-2-2-2-2-2-2-3-3-3-3-3-3:3:3:3-3

'integer’

AT, IXEREIRE , Wa]UR A", “B"ER'C, EIt , FERFHBHIERAEF , BAE method R K
' £

teach.df$method <- factor(teach.df$method)
teach.df$method
class(teach.df$method)

1-12-2-17-1-1-1-1-1-1-2.2-2-2-2-2-2-2-2-2-3-3-3-3-3-3:-3:-3:-3-3

» Levels:
‘factor

Student language score by teaching method and 1Q:

plot(lang ~ method, ylim = c(40, 110), data = teach.df, ylab = "Language score")
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A more useful plot:
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plot(
lang ~ IQ,
ylim = c(40, 110),

pch = as.character(method),

col = c("red", "green", "blue")[method],
data = teach.df,

ylab = "Language score"
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We will fit the model with interaction first, anticipating that the interaction will not be significant.

TeachIQmethod.fit <- 1lm(lang ~ IQ * method, data = teach.df)
plot(TeachIQmethod.fit, which = 1)
normcheck(TeachIQmethod.fit)

cooks20x(TeachIQmethod.fit)
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Residuals vs Fitted
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Sample Quantiles

Theoretical Quantiles

Résiduals from Im(lang ~ 1Q * methoa}

Skip to main content




Cook’'s Distance plot
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It looks like we can trust the output of the fitted model.

9.2. Model selection using Occam'’s razor

Our fitted interaction model is:
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summary(TeachIQmethod.fit)

Call:
Im(formula = lang ~ IQ * method, data = teach.df)
Residuals:

Min 1Q Median 3Q Max

-14.8884 -3.8732 0.3435 3.6598 11.2420

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 26.8346 14.5250 1.847 0.07704 .

IQ 0.4471 0.1241 3.604 0.00142 **

method2 39.0098 20.7473 1.880 0.07227 .

method3 3.5617 19.7222 0.181 0.85820

IQ:method2 -0.2587 0.1831 -1.413 0.17042

IQ:method3 -0.1546 0.1749 -0.883 0.38574

Signif. codes: @ '"***' @.,001 '**' 0.01 '*' 0.05 '.' 0.1 " ' 1

Residual standard error: 6.199 on 24 degrees of freedom
Multiple R-squared: 0.8121, Adjusted R-squared: 0.7729
F-statistic: 20.74 on 5 and 24 DF, p-value: 5.284e-08

EZRMNETH , HIEELEE , NIRXHMeTURCILSIEER |, HITERBFRAEZNN, XREEIEEN
EEEEMEN , B2 “Occam’s Razor’ [RIBFINF , X# g principle of parsimony”,

ZEMIEY , N NESFNEFERG | NIEFRSHR/VIIER,
TESTATS20xH , BRFFAI#MZF “keep it simple, statistician” BRI, EAEFIEH , HAVEAH—RRIREL
TR ERFITERIZNEE , UARE RS 0] A HaiR 8 chiflfk & 8 Z4R9110,

HBNEBRRANRNRERT LS, RRFBITANEEEREML,

REVUA—ESHFRRIFIINR, BREFEZZRERZIENN , BIRFEFIIRR,

anova RO

Sum : RERMRE R HET 1-EtRE/SRE

I anova(TeachIQmethod.fit)
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A anova: 4 x5

Df Sum Sq Mean Sq F value Pr(>F)

<int> <dbl> <dbl> <dbl> <dbl>

1Q 1 1004.41693 1004.41693 26.141645 3.123528e-05

method 2 2901.82976 1450.91488 37.762507 3.866766e-08
1Q:method 2 78.82287 39.41143 1.025749 3.737167e-01
Residuals 24  922.13044 38.42210 NA NA

Occam’s razor [RIEZZRFA BT MIFRIZ EPRFEFAERR, ALt , BAIIFERRANFA+ERR
BN, ERERBBIEIHIGERE (ERRAHEMN") N IRE,

TeachIQmethod.fit2 <- 1Im(lang ~ IQ + method, data = teach.df)
summary(TeachIQmethod.fit2)

Call:
Im(formula = lang ~ IQ + method, data = teach.df)
Residuals:

Min 1Q Median 3Q Max

-15.8936 -3.1331 -0.3047 4.1294 11.0003

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 42.08552 8.73921 4.816 5.47e-05 ***
IQ 0.31564 0.07341 4.299 0.000213 ***
method2 9.87793 2.82068 3.502 0.001688 **
method3 -14.15922 2.85240 -4.964 3.70e-05 ***
Signif. codes: © '***' @.001 '**' 0.01 '*" 0.05 '.' 0.1 ' " 1

Residual standard error: 6.205 on 26 degrees of freedom
Multiple R-squared: 0.796, Adjusted R-squared: 0.7725
F-statistic: 33.82 on 3 and 26 DF, p-value: 3.986e-09

The equation for the parallel lines (i.e, no-interaction) model is:

1ang:ﬁo—|—ﬁ1><IQ+,32><D2—|—ﬂ3><D3—|—6

i
where. as usual € ~ N(0.o2),
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There are two indicator variables since teaching method has three levels:

e D2 is anindicator variable whereby: D2

e D3 is anindicator variable whereby: D3

1 if teaching method 2 is taught — otherwise it is 0.

1 if teaching method 3 is taught — otherwise it is 0.

e Teaching method 1 is the reference/baseline level group.

Let us see if we really do have identical intercepts.

anova(TeachIQmethod.fit2)

A anova: 3 x5

Df SumSq MeanSq Fvalue Pr(>F)
<int> <dbl> <dbl> <dbl> <dbl>
1Q 1 1004.417 1004.4169 26.08997 2.528819e-05
method 2 2901.830 1450.9149 37.68786 2.077362e-08
Residuals 26 1000.953 38.4982 NA NA
Our preferred model is the no-interaction(G& &3 &) model:
summary(TeachIQmethod.fit2)
Call:
Im(formula = lang ~ IQ + method, data = teach.df)
Residuals:
Min 1Q Median 3Q Max
-15.8936 -3.1331 -0.3047 4.1294 11.0003
Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 42.08552 8.73921 4.816 5.47e-05 ***
IQ 0.31564 0.07341 4.299 0.000213 ***
method2 9.87793 2.82068 3.502 0.001688 **
method3 -14.15922 2.85240 -4.964 3.70e-05 ***
Signif. codes: @ '"***' @0.,001 '**' 0.01 '*' 0.05 '.' 0.1 " ' 1

Residual standard error: 6.205 on 26 degrees of freedom

Multiple R-sauared: 0.796,

Adiusted R-squared:

0.7725
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plot(lang ~ IQ,
ylim = c(40, 110),
pch = as.character(method),
data teach.df,
ylab "Language score"

)
b <- coef(TeachIQmethod.fit2)

abline(b[1], b[2], 1ty = 2, col = "darkorange")
abline(b[1] + b[3], b[2], lty = 2, col = "tomato")
abline(b[1] + b[4], b[2], 1ty = 2, col = "steelblue")

Skip to main content



100 110
I I

90
I
ra

)
\
v
Y
|
Y
\
!
Y
ra
—

Language score
70
|
()
w),

40

I I I I I I I
80 90 100 110 120 130 140

1Q

We are now able to deduce:

e (1 > 0:1Q has a common positive effect on the expected language score of all students
e (5 > 0: teaching method 2 is better than teaching method 1 regardless of a student's 1Q.

e (3 < 0: teaching method 3 is worse than teaching method 1 regardless of a student's 1Q.
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9.3. Changing the reference level of teaching method

We need to change this to make method 2 (or alternatively method 3) the baseline. The fitted model will
be exactly the same, but the intercept coefficients will change due to the change in reference level.

teach.df$method <- relevel(teach.df$method, ref = "2")
TeachIQmethod.fit3 <- 1Im(lang ~ IQ + method, data = teach.df)
summary(TeachIQmethod.fit3)

Call:
Im(formula = lang ~ IQ + method, data = teach.df)
Residuals:

Min 1Q Median 3Q Max

-15.8936 -3.1331 -0.3047 4.1294 11.0003

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 51.96345 8.24637 6.301 1.14e-06 ***
IQ 0.31564 0.07341 4.299 0.000213 ***
methodl -9.87793 2.82068 -3.502 0.001688 **
method3 -24.03715 2.77910 -8.649 3.97e-09 ***
Signif. codes: @ '***' 0,001 '**' 0.01 '*' 0.05 '.' 0.1 " ' 1

Residual standard error: 6.205 on 26 degrees of freedom
Multiple R-squared: 0.796, Adjusted R-squared: 0.7725
F-statistic: 33.82 on 3 and 26 DF, p-value: 3.986e-09

As the fit2;

summary(TeachIQmethod.fit2)
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Call:
Im(formula = lang ~ IQ + method, data = teach.df)

Residuals:
Min 1Q Median 3Q Max
-15.8936 -3.1331 -0.3047 4.1294 11.0003

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 42.08552 8.73921 4.816 5.47e-05 ***
IQ 0.31564 0.07341 4.299 0.000213 ***
method2 9.87793 2.82068 3.502 0.001688 **
method3 -14.15922 2.85240 -4.964 3.70e-05 ***
Signif. codes: 0 '***' 0.001 '**' 0.01 '*' @.65 '.' 0.1 ' ' 1

Residual standard error: 6.205 on 26 degrees of freedom
Multiple R-squared: 0.796, Adjusted R-squared: 0.7725
F-statistic: 33.82 on 3 and 26 DF, p-value: 3.986e-09

Let us put confidence bounds on our effects.

## Baseline method here is method1.
confint(TeachIQmethod.fit2)
## Baseline method here is method2.
confint(TeachIQmethod.fit3)
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A matrix: 4 x 2 of type dbl

25% 97.5%

(Intercept) 24.1218063 60.0492251
1Q 0.1647361  0.4665482
method2 4.0799363 15.6759248
method3 -20.0224212 -8.2960209

A matrix: 4 x 2 of type dbl

25% 97.5 %

(Intercept) 35.0127936 68.9140989
IQ 0.1647361 0.4665482
methodl -15.6759248 -4.0799363

method3 -29.7496781 -18.3246250

&/x : BlogPiBH(LE , BEfth&E =2 ieayE

10. Multiple linear regression models

ALFENE .

require(s20x)

» Show code cell output

10.1. Example: Modelling birth weights using several explanatory
variables

BANF S TR A L R B SRR IEF/ SR F R T SRR, Bt , [R U'IJJ:';%I]_ILMLAAEE
HEMWRTE, AM , BNEBIIARERE—IMIERE, FEIEELE, 26K , iERAHAFTTEER
BREILLERENTERMT 4.
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10.2. Exploring relationships between the variables

Let us first inspect the relationships between the numerical explanatory variables and the response

variable.

The five variables are in columns 1,2,4,5 and 6 in the data frame Babies.df.

## Invoke the s20x library

library(s20x)

## Importing data into R

Babies.df <- read.table("../data/babies_data.txt", header = T)
## Create the pairs plot of the five numeric variables
pairs20x(Babies.df[, c(1, 2, 4, 5, 6)])
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plot(bwt ~ height,
data = Babies.df,
xlab = "Mother’s height (inch)", ylab = "Birth weight (oz)"

)
lines(lowess(Babies.df$height, Babies.df$bwt))
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summary(lm(bwt ~ height, data = Babies.df))$r.squared
cor(Babies.df$bwt, Babies.df$height)”2 # R ARZEFWES , FTUAR EABNR—H#8Y

0.0414953918045247
0.0414953918045247
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Looking at the pairs plot again, we also see a somewhat weak relationship between bwt and mother’s
weight .

plot(bwt ~ weight,
data = Babies.df,
xlab = "Mother’s weight (1b)",
ylab = "Birth weight (oz)"

)
lines(lowess(Babies.df$weight, Babies.df$bwt), col = "red")
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fRILZ2ERBSEEEREZEIFAERRNXR , IATSARN  AnzFESFEFERMNNERK , Z
FIBESHNRERRFEFNER, BR , EENMFENRERE  IMXABASE/TELR - BEA
MRE Jo BB IK AT RZ KRV BREL",

plot(bwt ~ gestation, data = Babies.df, ylab = "Birth weight (o0z)")
lines(lowess(Babies.df$gestation, Babies.df$bwt), col = "red")
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There does not seem to be any relationship between a mother’s age and her child’s bwt .

r

l

plot(bwt age,
data = Babies.df,
xlab "Mother’s age",
ylab "Birth weight (oz)"
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pairs20x(Babies.df[,
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plot(bwt ~ gestation, data = Babies.df, ylab = "Birth weight (o0z)")
lines(lowess(Babies.df$gestation, Babies.df$bwt), col = "red")
text(c(152, 185), c(120, 115), "?", col = "red")

abhTline(v = 294. 1tv = 3)
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They look extremely implausible as they have typical birth-weight but have a gestational age that is
extremely low for these data. [ 1B ERIFEMRUERS, B 0t 1HE N HEFREEFTZ2ER W XERITFEER
[19: 08

id <- (Babies.df$gestation < 200)
Babies.df[id, ]
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A data.frame: 2 x 7

bwt gestation not.firstborn age height weight smokes

<int> <int> <int> <int> <int> <int> <int>
239 116 148 0 28 66 135 0
820 110 181 0 27 64 133 0

Relationship between birth weight and gestational age...

For gestation < 294 days we'll use the familiar simple linear regression model

E[bwt| = By + gestation x ;

We'd like to extend this model by adding an extra term so that the slope changes when gestation
> 294. That is,

E[bwt] = By + gestation x 1 + v X [
where v is some suitable explanatory variable. What should v be?

e For gestation < 294 the extended model is just the simple linear regression model, so that means

v = 0 when gestation < 294.

e For gestation > 294 we need another slope effect for gestational age. In fact, we need v =
gestation —294.

Let's create the new explanatory v = 294 that is described gestation above. We'll give it the name because
it is the number of days ODdays that the baby is overdue.

Babies.df$0Ddays <- ifelse(
Babies.df$gestation < 294,
0,
Babies.df$gestation - 294

)
head(Babies.df, 12) # Print first 12 lines of dataframe
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bwt gestation not.first.born

A data.frame: 12 x 8

age height weight smokes ODdays

<int> <int> <int> <int> <int> <int> <int> <dbl>

1 120 284 0 27 62 100 0 0
2 113 282 0 33 64 135 0 0
3 128 279 0 28 64 115 1 0
4 108 282 0 23 67 125 1 0
5 136 286 0 25 62 93 0 0
6 138 244 0 33 62 178 0 0
7 132 245 0 23 65 140 0 0
8 120 289 0 25 62 125 0 0
9 143 299 0 30 66 136 1 5
10 140 351 0 27 68 120 0 57
11 144 282 0 32 64 124 1 0
12 141 279 0 23 63 128 1 0

10.3. Fitting the initial model

normcheck (bwt.fit)
cooks20x (bwt.fit)

bwt.fit <- 1Im(bwt ~ gestation + ODdays,
plot(bwt.fit, which = 1, add.smooth = FALSE)
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Cook's Distance plot
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Let us refit with observation 239 removed.

bwt.fit2 <- 1Im(bwt ~ gestation + ODdays, data = Babies.df[-239, ])
cooks20x (bwt.fit2)
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Cook's Distance plot

Cook's distance
0.10 0.15 0.20
| | |

0.05
|

WY

6 260 400 600 800 1000 1200
observation number

0.00
E
F

We refit the model using the reduced data.
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# This time we demonstrate using the subset argument to remove points
bwt.fit3 <- Im(bwt ~ gestation + ODdays,
data = Babies.df,
subset = -c(239, 820)
)
cooks20x(bwt.fit3)
plot(bwt.fit3, which = 1)
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Residuals vs Fitted
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Let’s take a look at our fitted hockey stick model.
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gestation.seq <- 201:360 # Explanatory values at which to get predictions
ODdays.seq <- ifelse(gestation.seq <= 294, 0, gestation.seq - 294)
fit.seq <- predict(bwt.fit3, new = data.frame(

gestation = gestation.seq,

ODdays = ODdays.seq

))

plot(bwt ~ gestation,
data = Babies.df[-c(239, 820), ],
ylab = "Birth weight (oz)"
)
lines(gestation.seq, fit.seq, col = "red")

abline(v = 294, 1ty = 2, col = "blue")
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summary (bwt.fit3)
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Call:

Im(formula = bwt ~ gestation + ODdays, data = Babies.df, subset = -c(239,
820))

Residuals:
Min 1Q Median 3Q Max
-50.664 -10.993 -0.308 9.795 52.336

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) -66.95336 10.42810 -6.42 1.97e-10 ***
gestation 0.67124 0.03757 17.87 < 2e-16 ***
Obdays -0.90783 0.11745 -7.73 2.31e-14 ***

Signif. codes: 0 ‘***’" 0.001 ‘**’ 0.01 ‘*" 0.05 ‘. 0.1 ' " 1
Residual standard error: 16.23 on 1169 degrees of freedom

Multiple R-squared: 0.2188, Adjusted R-squared: 0.2174
F-statistic: 163.7 on 2 and 1169 DF, p-value: < 2.2e-16

The fitted model is:

E[bwt] = —66.95 + 0.67 x gestation — 0.91 x ODdays

10.4. Multiple linear regression model: Adding more terms to the
model and the peril of multi-collinearity

bwt.fit4 Im(bwt ~ gestation + ODdays + height,
data = Babies.df,
subset = -c(239, 820)

)
plot(bwt.fit4, which = 1)
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Residuals vs Fitted
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Im(bwt ~ gestation + ODdays + height)

All seems okay. Let us make sure that this makes sense in terms of output.

summary (bwt.fit4)
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Call:
Im(formula = bwt ~ gestation + ODdays + height, data = Babies.df,
subset = -c(239, 820))

Residuals:
Min 1Q Median 3Q Max
-53.999 -10.393 -0.050 9.772 51.514

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) -139.20571 15.05961 -9.244 < 2e-16 ***

gestation 0.65219 0.03703 17.613 < 2e-16 ***
ODdays -0.89039 0.11543 -7.714 2.61le-14 ***
height 1.21083 0.18495 6.547 8.79e-11 ***

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 ‘.” 0.1 ‘" 1

Residual standard error: 15.94 on 1168 degrees of freedom
Multiple R-squared: 0.2464, Adjusted R-squared: 0.2445
F-statistic: 127.3 on 3 and 1168 DF, p-value: < 2.2e-16

Let us add weight to the model. We’re going to save some typing and use the “update™ function to
update our model.

bwt.fit5 <- update(bwt.fit4, ~ . + weight)
summary (bwt.fith)

Call:

Im(formula = bwt ~ gestation + ODdays + height + weight, data = Babies.df,
subset = -c(239, 820))

Residuals:
Min 1Q Median 3Q Max

-53.053 -10.540 0.121 10.076 47.746

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) -131.68169 15.14974 -8.692 < 2e-16 ***

gestation 0.65624 0.03688 17.795 < 2e-16 ***
obdays -0.90868 0.11502 -7.900 6.41e-15 ***
height 0.90486 0.20453 4.424 1.06e-05 ***
weight 0.08535 0.02485 3.434 0.000615 ***

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" ©0.05 ‘.” 0.1 ‘ " 1

Residual standard error: 15.87 on 1167 degrees of freedom
Multiple R-squared: 0.254, Adjusted R-squared: 0.2514
F-statistic: 99.32 on 4 and 1167 DF, p-value: < 2.2e-16
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11. Linear models with a single factor explanatory variable
having three or more levels (One-way analysis of variance)

ALFENE .

require(s20x)
require(dplyr)
require(emmeans)

» Show code cell output

3

11.1. Example with a 5-level explanatory factor variable

The explanatory factor variable was group, with five levels:

e G1 males living alone,

e G2 males living with one interested female,

¢ G3 males living with eight interested females,

e G4 males living with one uninterested female, and

o G5 males living with eight uninterested females.

Let us take a look at the data:

library(s20x)

Fruitfly.df <- read.csv("../data/Fruitfly.csv", header = T)
Fruitfly.df$group <- factor(Fruitfly.df$group)

boxplot(days ~ group, data = Fruitfly.df, ylab = "Longevity (days)")
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As seen in previous chapters that involved categorical explanatory variables, our model specification uses
indicator variables. In this case:

dayszﬁo—l—ﬂlXD2+62XD3+§3XD4+54XD5—|—6
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Fruitfly.fit <- 1lm(days ~ group, data = Fruitfly.df)

plot(Fruitfly.fit, which = 1)
normcheck (Fruitfly.fit)
cooks20x(Fruitfly.fit)
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Residuals vs Fitted
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We can trust the fitted model. What can we conclude?

anova(Fruitfly.fit)
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A anova: 2 x5

Df SumSq Mean Sq F value Pr(>F)

<int> <dbl> <dbl> <dbl> <dbl>

group 4 11939.28 2984.8200 13.61195 3.515622e-09
Residuals 120 26313.52 219.2793 NA NA

11.2. Interpreting the output

summary (Fruitfly.fit)

Call:
Im(formula = days ~ group, data = Fruitfly.df)

Residuals:
Min 1Q Median 3Q Max
-35.76 -8.76 0.20 11.20 32.44

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) 63.560 2.962 21.461 < 2e-16 ***

groupG2 1.240 4.188 0.296 0.768

groupG3 -0.200 4.188 -0.048 0.962

groupG4 -6.800 4,188 -1.624 0.107

groupG5 -24.840 4.188 -5.931 2.98e-08 ***

Signif. codes: 0 '***' 0.001 '**' 0.01 '*' @.65 '.' 0.1 ' ' 1

Residual standard error: 14.81 on 120 degrees of freedom
Multiple R-squared: 0.3121, Adjusted R-squared: 0.2892
F-statistic: 13.61 on 4 and 120 DF, p-value: 3.516e-09

Some researchers like to examine the group means and their deviations from the overall (or so-
called“grand”) mean. —EEMFEAREMREFARTIIBLES 2K (NFTBKR") FIHMRE. These
deviations are commonly called group “effects”.

grand.mean <- mean(Fruitfly.df$days)
grand.mean

E7 A1
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The estimated group means are just the sample means within each group. 7 We can quickly obtain these
using the incredibly useful dplyr package:ffiitEEARE R BEFHEFEARIYE, FHTTARIER G X LS
RAFEBAE:

library(dplyr())

Df <- Fruitfly.df |[>
group_by(group) |>
summarize(group.mean = mean(days)) |>
data.frame()

Warning message:
"I2IEE 'dplyr' 2FRMZA4.2.3 REISEH"

HATEIEE : 'dplyr!

The following objects are masked from 'package:stats':

filter, lag

The following objects are masked from 'package:base':

intersect, setdiff, setequal, union
The estimated group means are:

Df$group.mean
Df$group.mean - grand.mean

63.56 - 64.8 - 63.36 - 56.76 - 38.72
6.12-7.36-5.92--0.68 - -18.72

11.3. The multiple comparisons problem

The following R code fits a simple linear regression model to iid (independent and identically distributed)
normal data.

X <- 1:30 ## Our explanatory variable
y <- rnorm(30) ## y has NO relationship with x

ciimmavv/ ITmflyvi — vNYCArAnf HH Dvint Anlyvy +tha ~raaffircrdiant +tahla
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A matrix: 2 x 4 of type dbl

Estimate  Std. Error t value Pr(>|t])

(Intercept) -0.51763352 0.37980672 -1.3628867 0.1837793

X 0.02053823 0.02139403 0.9599985 0.3452731
WMRZBREITHRE , LW ALA5%HETEIFRIESHE p-value < 0.05,

Let’s get simultaneous 95% confidence intervals for all 10 comparisons via the pairs and emmeans
functions of the package.

library(emmeans)
Fruitfly.pairs = pairs(emmeans(Fruitfly.fit, ~group, infer = T))
Fruitfly.pairs

Warning message:
"f23EE 'emmeans ' FRMA4.2.3 REESH"

contrast estimate SE df t.ratio p.value

Gl - G2 -1.24 4.19 120 -0.296 0.9983
Gl - G3 0.20 4.19 120 0.048 1.0000
Gl - G4 6.80 4.19 120 1.624 0.4854
Gl - G5 24.84 4.19 120 5.931 <.0001
G2 - G3 1.44 4.19 120 0.344 0.9970
G2 - G4 8.04 4.19 120 1.920 0.3127
G2 - G5 26.08 4.19 120 6.227 <.0001
G3 - G4 6.60 4.19 120 1.576 0.5158
G3 - G5 24.64 4.19 120 5.883 <.0001
G4 - G5 18.04 4.19 120 4.307 0.0003

P value adjustment: tukey method for comparing a family of 5 estimates

12. Linear models with two explanatory factor variables
(Two-way analysis of variance)

ALFENE .

I require(s20x)
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l » Show code cell output

12.1. Example: Using test success and attendance to explain exam
score

EEEH , HMNAET — M EFEME ARSI BN BNEZMESERTMNEEEELFE. HALLIMA
EZFLRNZE , EAEBEEE SRR -2 NS ESH EiR,

## Importing data into R
Stats20x.df <- read.table("../data/STATS20x.txt", header = TRUE)
Stats20x.df$Attend <- factor(Stats20x.df$Attend)

We next transform the numeric Test variable into a factor with two levels, pass and nopass .

Let us create the new factor variable Pass.test :

Stats20x.df$Pass.test <- with(
Stats20x.df,
factor(ifelse(Test >= 10, "pass'", "nopass"))

)

## Check to see if the call above does what we expect

min <- min(Stats20x.df$Test[Stats20x.df$Pass.test == "pass"])
max <- max(Stats20x.df$Test[Stats20x.df$Pass.test == "nopass"])
cat("min =", min, ", max =", max, "\n")

min = 10 , max = 9.1

interactionPlots(Exam ~ Pass.test + Attend, data = Stats20x.df)
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Plot of 'Exam’
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12.2. Fitting the interaction model

Let us fit the model with interaction, and check the assumptions.
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Exam.fit <- Im(Exam ~ Attend * Pass.test, data = Stats20x.df)
# BRERE—XRZHU=DF (GENABTERMAZRINEERESSMIEET )
plot(Exam.fit, which = 1)

normcheck (Exam.fit)

cooks20x(Exam.fit)
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Residuals vs Fitted
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Im(Exam ~ Attend * Pass.test)
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Residuals from Im(Exam ~ Attend * Pass.test)




Cook's Distance plot
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No unduly influential data points.
We conclude that we can trust the output. Let us see what it is telling us. FA 115 HLEE , FAT0TAMSIERY

W, IERAIERESFRINT 4,

I anova(Exam.fit)
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A anova: 4 x5

Df Sum Sq Mean Sq F value Pr(>F)

<int> <dbl> <dbl> <dbl> <dbl>

Attend 1 7630.7947 7630.7947 34.989635 2.364415e-08

Pass.test 1 11076.9380 11076.9380 50.791304 4.763017e-11
Attend:Pass.test 1 909.6526 909.6526 4.171048 4.297087e-02
Residuals 142 30968.3956 218.0873 NA NA

BN : BABITIXANERT ?
I sum(anova(Exam.fit)$"Sum Sq"[1:3]) / sum(anova(Exam.fit)$"Sum Sq")

0.387804338286016

Let us investigate what our model tells us in terms of the estimated parameters:

| summary (Exam.fit)

Call:
Im(formula = Exam ~ Attend * Pass.test, data = Stats20x.df)
Residuals:

Min 1Q Median 3Q Max

-27.333 -10.893 -0.046 9.513 40.840

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 35.143 3.223 10.905 < 2e-16 ***
AttendYes 3.190 4.557 0.700 0.48504
Pass.testpass 13.017 4.371 2.978 0.00341 **
AttendYes:Pass.testpass 11.599 5.679 2.042 0.04297 *

Signif. codes: 0 ‘***’" 0.001 ‘**’ 0.01 ‘*" 0.05 ‘. 0.1 ' " 1

Residual standard error: 14.77 on 142 degrees of freedom
Multiple R-squared: 0.3878, Adjusted R-squared: 0.3749
F-statistic: 29.98 on 3 and 142 DF, p-value: 4.452e-15

The faormiila far the ahnve twn-wav ANOVA can he written as:
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Exam = Bo + B1 x Attendyes + B2 x Pass.testpass+
B3 x Attempt,.; x Pass.testpess + €

- . jid
where and are indicator variables, and & ~ N(0, 02).

WRI—FBMAR , A—PMERREZRELWMB-10RBERN, BEMHFREZ—2 FANLAER, MAZE
BEMREIN,

12.3. Interpretting the output using pairwise differences

library(emmeans)
exam.pairs <- pairs(emmeans(Exam.fit, ~ Attend * Pass.test), infer = TRUE)
exam.pairs

contrast estimate SE df lower.CL upper.CL t.ratio p.value
No nopass - Yes nopass -3.19 4.56 142 -15.0 8.66 -0.700 0.8969
No nopass - No pass -13.02 4.37 142 -24.4 -1.65 -2.978 0.0178
No nopass - Yes pass -27.81 3.63 142 -37.2 -18.38 -7.669 <.0001
Yes nopass - NO pass -9.83 4.37 142 -21.2 1.54 -2.248 0.1155
Yes nopass - Yes pass -24.62 3.63 142 -34.0 -15.19 -6.789 <.0001
No pass - Yes pass -14.79 3.39 142 -23.6 -5.98 -4.364 0.0001

Confidence level used: 0.95
Conf-level adjustment: tukey method for comparing a family of 4 estimates
P value adjustment: tukey method for comparing a family of 4 estimates

12.4. Example 2: Using gender and attendance to explain exam score

interactionPlots(Exam ~ Attend + Gender, data = Stats20x.df)
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Let us fit an interaction model and check the assumptions.

Exam.fit2 <- lm(Exam ~ Attend * Gender, data = Stats20x.df)
plot(Exam.fit2, which = 1)

normcheck (Exam.fit2)

cooks20x (Exam.fit2)
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Residuals vs Fitted
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We can trust the model. Lets see what it is telling us.

anova(Exam.fit2)
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A anova: 4 x5

Df Sum Sq Mean Sq F value Pr(>F)

<int> <dbl> <dbl> <dbl> <dbl>

Attend 1 7630.79473 7630.79473 25.43929532 1.371947e-06

Gender 1 346.65959 346.65959  1.15568245 2.841860e-01
Attend:Gender 1 13.87415 13.87415 0.04625319 8.300248e-01
Residuals 142 42594.45235  299.96093 NA NA

There is definitely no evidence of an interaction, so we’ll apply Occam'’s razor and fit a simpler main-

effects model (i.e., no interaction term). X434 2%

MARB(ERBRE),

Exam.fit3 <- 1lm(Exam ~ Attend + Gender,

anova(Exam.fit3)

REMIEE , AT iz

data = Stats20x.df)

A anova: 3 x5

I;i'zl

=<

THERESHREEW

Df Sum Sq Mean Sq F value Pr(>F)

<int> <dbl> <dbl> <dbl> <dbl>

Attend 1 7630.7947 7630.7947 25.610103 1.263935e-06
Gender 1 346.6596  346.6596  1.163442 2.825689e-01
Residuals 143 42608.3265 297.9603 NA NA

We see that the gender is also not significant here, so we again apply Occam’s razor and remove this

term.

Exam.fit4 <- 1lm(Exam ~ Attend, data =

summary (Exam.fit4)

Stats20x.df)
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Call:
Im(formula = Exam ~ Attend, data = Stats20x.df)

Residuals:
Min 1Q Median 3Q Max
-46.780 -13.108 -0.217 12.642 46.783

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 42,217 2.547 16.578 < 2e-16 ***
AttendYes 15.563 3.077 5.058 1.27e-06 ***

Signif. codes: 0@ ‘***’" 0,001 ‘**’ 0.01 ‘*’ ©0.05 ‘." 0.1 * " 1

Residual standard error: 17.27 on 144 degrees of freedom
Multiple R-squared: 0.1508, Adjusted R-squared: 0.145
F-statistic: 25.58 on 1 and 144 DF, p-value: 1.271e-06

13. Modelling count data using the Poisson distribution

ALFENE .

require(s20x)

» Show code cell output

13.1. The nature of count data
ERZSARPTEEE M, (FEREH)

ERUTHE  — M HREERERTEN—MIF , ERErURERNER . (HitZ2T , —1%&8
ESDHR—NEETE , BRWNRAJUTEAEES),

In this course we shall encounter three types of count data:

 Counts of the number of “events” occurring. “S4" & £HRE

where ideally, the events occur independently of one another and with no specific upper limit on the
maximum number. EF | EEBIEALT , SHFNAEREEMIN , ARSBNEARUENERAR L
PR,
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« Counts of the number of “successes” from a fixed number of trials. \EIE FERIXIEPTEL "IN
HHE
E.g., the number of Heads from tossing a coin 10 times. In this case, the response variable y is the

proportion of successes.

« Counts of the number of items in a category. —/NZEBISFAYIN B #0911 2%

E.g., The count of A, B, and C grades in the course.

13.2. Number of R packages submitted to the Comprehensive R
Archive Network (CRAN)

In the following example we will model a count variable (number of R packages submitted to the CRAN
over the years) using what we know to date: the linear model via the function 1m() .

BAMFCES—MEEE. BEENTREKRAVHEITIEL | EiTREEIT XEMHRE (GLM) gln() .

CRAN.df <- read.table("../data/CRAN.txt", header = TRUE)
CRAN.df
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A data.frame: 12
X 2

Year Number

Let's plotting the data

## One-by-two figure layout
par(mfrow = c(1, 2))

## Scatter plot using raw y
plot(Number ~ Year, data = CRAN.df)
## Scatter plot using log y

<int> <int>
2005 1
2006 4
2007 2
2008 10
2009 32
2010 44
2011 89
2012 594
2013 830
2014 1185
2015 1944
2016 4512

plot(log(Number) ~ Year, data = CRAN.df)
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CRAN.fit <- 1m(log(Number) ~ Year, data = CRAN.df)
plot(CRAN.fit, which = 1)

# TE—RWRBET , FiRW

cooks20x(CRAN.fit)
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CookK’'s Distance plot
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this is perhaps not of great concern. MZ23/Y ET IR R T FHA18VEE0.4, AM , BT RE1240WN
B SWFAMEEKRE

summary (CRAN. fit)
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Call:
Im(formula = log(Number) ~ Year, data = CRAN.df)

Residuals:
Min 1Q Median 3Q Max
-0.9174 -0.2607 -0.0668 0.3143 0.8517

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) -1.574e+03 8.245e+01 -19.09 3.39e-09 ***
Year 7.849e-01 4.101e-02 19.14 3.30e-09 ***

Signif. codes: @ '"***' @.,001 '**' 0.01 '*' @.05 '.' 0.1 " ' 1

Residual standard error: 0.4904 on 10 degrees of freedom
Multiple R-squared: 0.9734, Adjusted R-squared: 0.9708
F-statistic: 366.4 on 1 and 10 DF, p-value: 3.295e-09

Back-transform to get the multiplicative effect of year. ;FZXEBEE exp , LR T HIE

## Estimated annual multiplier
exp(CRAN.fit$coef["Year"])

## Confidence interval
exp(confint (CRAN.fit))

Year: 2.19223728471024

A matrix: 2 x 2 of type dbl

25% 97.5%

(Intercept) 0.00000 0.00000
Year 2.00081 2.40198

So, the Executive Summary would have said that the median annual number of submissions to CRAN
multiplies by between 2.00 to 2.40 times each year. In other words, it increases by between 100% and
140% per annum. ALt , HITRZEENR , BRTL—F , BFRERLBCRANIIFIEZE2.0082.40fF Z 8,
BAE , EBHFIEIM 100% & 140% Z (8],

.

predCRAN.df <- data.frame(Year = 2017)

## Prediction on the log scale

pred2017 <- predict(CRAN.fit, predCRAN.df, interval = "confidence")
## Back-transform for the median of the number of submissions in 2017
exp(pred2017)
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A matrix: 1 x 3 of type dbl

fit lwr upr

1 12833.05 6550.586 25140.85

So, the Executive Summary would have said that the median of the number of submissions to CRAN in
2017 is between 6550 and 25100.

"MRERE—IBET |, (FEERIIEENRIAEBENRL] F. " (TRAF -DHE)

CFAVE "B 0D "SRR, "] 7" o8 "EASS "]

13.3. The Poisson Distribution

The Poisson is a distribution that takes values on the non-negative { 0,1,2,3,... } integers and it has no
upper limit. ;A¥AR —M7EIEF{0,1,2,3 , ...} B EEEN S , ERE LR,

The probability that the non-negative integer value y will be observed if generated by a Pois(p) distribution

is given by the following formula $NRAPOIS(u)7H 4Rk , MMMERFER BBy EB U T 2L H:

exp(—p)p’

Pr(y) = ,
y!
where y! = factorial(y) =1 x 2x... X (y — 1) X y(and 0! = 1)

Fory =12 and p = 9.61, this could be calculated in using the code:

y <- 12
mu <- 9.61
(exp(-mu) * muAy) / factorial(y)

0.0868507787370292

In R, the in-built function dpois(y, p) calculates these Poisson probabilities. E.g., the probability that y
= 12 will be observed from a Pois(9 61) distribution is

[ dpois(12, 9.61)
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0.0868507787370291

You can also generate random Poisson values. E.g., here are 20 random values from a Pois(10)
distribution,

I rpois(20, 10)

8-10-9-16-9-16-10-11-5-15-11-13-7-11-10:-6-11-4-8-11

BRARIET— N EHA ARG EAISEPR AR AR I EOA3REMA S (Pois(3) ) RiEid , BABERHESEALK
SR B ?

I barplot(dpois(©:12, 3), names = 0:12)
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The probabilities for the number of victims from 0 to 20 are:

[ round(dpois(0:20, 3), 6)
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0.049787 - 0.149361 - 0.224042 - 0.224042 - 0.168031 - 0.100819 - 0.050409 - 0.021604 - 0.008102 -
0.002701 - 0.00081 - 0.000221 - 5.5e-05 - 1.3e-05- 3e-06 - 1e-06-0-0-0-0-0

BINRIIERKE ? B RRBEBK , HMRDHHRIEMIESS .

More Poisson distributions:

par(mfrow = c(2, 1)) ## Two-by-One figure layout
barplot(dpois(0:25, 10), names = 0:25) ## Pois(10)
barplot(dpois(50:150, 100), names = 50:150, las = 1) ## Pois(100)
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Variability increases with the mean p. In fact, the variance of a Pois() is also y. That is, if Y is Pois(u)
distributed then Y1ERY &Pois(u) 5 %k , N

Var(Y)=E(Y)=p

The Poisson distribution is riaht-skewed for small values of u. but looks verv much like a (discretised)
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B ) BB T,

—ARRIHFAIA 30 RFRPR , 30 EEMEARS , S0ERMAEBRAER.
13.4. The generalized linear model (GLM)
[~ ERREL,

Y ~ Poisson(u)

where the Poisson parameter (1 = E[Y]) changes with respect to an x variable as follows:

p = exp(Bo + p1z)
IR BTERELEN x #FTEEMAZ y , FIRBAMETHMAZRRAET , MEYE,
The relationship = u = exp(Sy + B1z) can equivalently be expressed as EXHIRR T

log(p) = log E[Y[z] = By + 1z

CRAN.gfit <- glm(Number ~ Year, family = poisson, data = CRAN.df)
summary (CRAN.gfit)
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Call:
glm(formula = Number ~ Year, family = poisson, data = CRAN.df)

Deviance Residuals:
Min 1Q Median 3Q Max
-7.7487 -4.4233 -2.1953 -0.1449 12.5634

Coefficients:

Estimate Std. Error z value Pr(>|z])
(Intercept) -1.282e+03 1.384e+01 -92.64 <2e-16 ***
Year 6.401e-01 6.868e-03 93.20 <2e-16 ***

Signif. codes: @ '"***' @.,001 '**' 0.01 '*' @.05 '.' 0.1 " ' 1
(Dispersion parameter for poisson family taken to be 1)

Null deviance: 19374.51 on 11 degrees of freedom
Residual deviance: 402.61 on 10 degrees of freedom
AIC: 481.27

Number of Fisher Scoring iterations: 4

AT, XFRABEKXRT , REEHEE, 5tk , EEH%EH.

First, check the residuals to see if they look random.

plot(CRAN.gfit, which = 1)
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Residuals vs Fitted
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glm(Number ~ Year)

It is not as easy to check the assumptions of a GLM compared to a linear model.

There is another that is essential: Checking the Poisson assumption that the variances of the counts are
equal to their means. & ;HMMRIZ , BT A ZESEN R ERSE,

In this example, the residual deviance is 402.61, with 10 df. The P-value is
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1 - pchisq(402.61, 10)

0

If this P-value is small then we conclude that our model is not adequate. That is clearly the case with the
CRAN data. fIRZXNMPERD , BABRNWELR , BAMREZARKE DY, XEARCRANKIERIE
Lo

Without quasi-Poisson correction:

CRAN.gfit <- glm(Number ~ Year, family = poisson, data = CRAN.df)
summary (CRAN.gfit)

Call:
glm(formula = Number ~ Year, family = poisson, data = CRAN.df)

Deviance Residuals:
Min 1Q Median 3Q Max
-7.7487 -4.4233 -2.1953 -0.1449 12.5634

Coefficients:

Estimate Std. Error z value Pr(>|z])
(Intercept) -1.282e+03 1.384e+01 -92.64 <2e-16 ***
Year 6.401e-01 6.868e-03 93.20 <2e-16 ***

Signif. codes: @ '"***' @.,001 '**' 0.01 '*' @.05 '.' 0.1 " ' 1
(Dispersion parameter for poisson family taken to be 1)

Null deviance: 19374.51 on 11 degrees of freedom
Residual deviance: 402.61 on 10 degrees of freedom
AIC: 481.27

Number of Fisher Scoring iterations: 4

Yt — T M “quasipoisson” ( *73/B: , XM ) BIRE

CRAN.quasigfit <- glm(Number ~ Year, family = quasipoisson, data = CRAN.df)
summary (CRAN.quasigfit)
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Call:
glm(formula = Number ~ Year, family = quasipoisson, data = CRAN.df)

Deviance Residuals:
Min 1Q Median 3Q Max
-7.7487 -4.4233 -2.1953 -0.1449 12.5634

Coefficients:
Estimate Std. Error t value Pr(>|t])

(Intercept) -1.282e+03 8.889e+01 -14.42 5.09e-08 ***
Year 6.401e-01 4.411e-02 14.51 4.81e-08 ***

Signif. codes: @ '"***' @.,001 '**' 0.01 '*' @.05 '.' 0.1 " ' 1
(Dispersion parameter for quasipoisson family taken to be 41.25925)

Null deviance: 19374.51 on 11 degrees of freedom
Residual deviance: 402.61 on 10 degrees of freedom
AIC: NA

Number of Fisher Scoring iterations: 4

Let's check the influence of the observations.

plot(CRAN.quasigfit, which = 4)
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FAVEE , MB[8FN1288T T Ffi1890.40 14, AT , WAUZEMERX —<, SEFMLELIARE ,
ERMEFH | it uERSHMNES L ERIERIXUNER B XRIRZM,

13.5. Interpretting the GLM output
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p = exp(Bo + B1 x Year) = exp(By) x exp(B1)¥"

so we need to exponentiate our estimate and its confidence interval. Fr AT IEENW FHA TG ITEREE
EX[EHITHEEIL,

## The estimated annual multiplier
exp(CRAN.quasigfit$coef["Year"])

# get confidence intervals for the parameters.

exp(confint (CRAN.quasigfit))

# Sometimes you might see "confint.default()  used instead.
exp(confint.default(CRAN.quasigfit))

Year: 1.89661418646857

Waiting for profiling to be done...

A matrix: 2 x 2 of type dbl

25% 97.5%

(Intercept) 0.000000 0.000000

Year 1.745819 2.075781
A matrix: 2 x 2 of type dbl

25% 97.5%

(Intercept) 0.000000 0.000000

Year 1.739517 2.067898

That is, it increases by between 75% and 108% per year.

BEE , GLMIRELES Y EMA RN HAER TR, XEEADCLMZ BN YHITIER,

14. Poisson modelling of count data: Two examples
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require(s20x)

» Show code cell output

14.1. Example 1: Earthquake frequency
SR BAEBERR , E—ENEBR , MAMENEARE B AN EELY., EaXH

where N is the expected number of earthquakes of magnitude M or more on the Richter scale. Here, a
and b are unknown parameters. EFINZ B KEHEME L FHtBEEANE, XEB , aflbRKHSH,

Quakes.df <- read.table("../data/EarthquakeMagnitudes.txt", header = TRUE)
Quakes.df$Locn <- as.factor(Quakes.df$Locn)
# Print first 4 SC observations

subset(Quakes.df, subset = c(Locn == "SC"))[1:4, ]
# Print first 4 WA observations
subset(Quakes.df, subset = c(Locn == "WA"))[1:4, ]
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A data.frame: 4 x 3

Locn Magnitude Freq

<fct> <dbl> <int>
1 SC 5.25 32
2 SC 5.50 27
3 SC 5.75 10
4 SC 6.00 9
A data.frame: 4 x 3
Locn Magnitude Freq
<fct> <dbl> <int>
10 WA 5.25 13
11 WA 5.50 6
12 WA 5.75 2
13 WA 6.00 1

plot(Freq ~ Magnitude, data = Quakes.df, pch = substr(Locn, 1, 1))
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Quake.gfit <- glm(
Freqg ~ Locn * Magnitude,
family = poisson,
data = Quakes.df

)
plot(Quake.gfit, which = 1)
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Residuals vs Fitted
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glm(Freq ~ Locn * Magnitude)

plot(Quake.gfit, which = 4)
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glm(Freq ~ Locn * Magnitude)
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Call:
glm(formula = Freq ~ Locn * Magnitude, family = poisson, data = Quakes.df)

Deviance Residuals:
Min 1Q Median 3Q Max
-1.3261 -0.3225 -0.1172 0.1241 1.6190

Coefficients:

Estimate Std. Error z value Pr(>|z])
(Intercept) 11.6923 1.1762 9.941 < 2e-16 ***
LocnWA 7.3923 3.9500 1.871 0.0613 .
Magnitude -1.5648 0.2055 -7.616 2.61e-14 ***
LocnWA:Magnitude -1.5884 0.7199 -2.206 0.0274 *
Signif. codes: 0 '***' 0.001 '**' 0.01 '*' @.65 '.' 0.1 ' ' 1

(Dispersion parameter for poisson family taken to be 1)

Null deviance: 176.1767 on 17 degrees of freedom
Residual deviance: 8.2295 on 14 degrees of freedom
AIC: 65.11

Number of Fisher Scoring iterations: 5

1 - pchisq(8.23, 14)

0.877002515280767

Quake.cis <- confint(Quake.gfit)
exp(Quake.cis[3, 1)

## To interpret as percentage decreases
100 * (1 - exp(Quake.cis[3, 1))

Waiting for profiling to be done...

2.5 %: 0.137474251413585 97.5 %: 0.308243734868518

2.5 %: 86.2525748586415 97.5 %: 69.1756265131482
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Quakes.df$Locn2 <- factor(Quakes.df$Locn, levels = c("wWA", "SC"))

Quake2.gfit <- glm(Freq ~ Locn2 * Magnitude, family = poisson, data = Quakes.df)
(Quake.WA.ci <- exp(confint(Quake2.gfit)[3, 1))

## To interpret as percentage decreases
100 * (1 - Quake.WA.ci)

Waiting for profiling to be done...

2.5 %: 0.00907766110939229 97.5 %: 0.140175444866894

2.5 %: 99.0922338890608 97.5 %: 85.9824555133106

14.2. Example 2: Snapper counts in and around marine reserves

Snap.df <- read.table("../data/SnapperCROPVSHAHEI.txt", header = TRUE)
with(Snap.df, {

Locn <- as.factor(Locn)

Reserve <- as.factor(Reserve)

1)
Snap.df
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A data.frame: 18 x 3

Locnh Reserve Freq

<chr> <chr> <int>
Leigh N 2
Leigh N 1
Leigh N 0
Leigh Y 5
Leigh Y 11
Leigh Y 7
Leigh Y 8
Leigh Y 7
Leigh Y 14
Hahei N 1
Hahei N 0
Hahei N 1
Hahei N 0
Hahei Y 3
Hahei Y 2
Hahei Y 1
Hahei Y 5
Hahei Y 3

15. Modelling proportion data using the binomial distribution

ATLRENE :
require(s20x)
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15.1. Binary (Bernoulli) data, odds and log-odds

Here we are considering the situation where the response can only take two possible values. These might
be coded in the form of:

e Zeros or ones.

TRUE or FALSE.

Yes or No.

Success or Failure.

Or any other pair of categorical values.

Bernoulli random variables({AZ3FFEN T £):

If Y is a Bernoulli random variable with parameter p, then Y will take the value 1 with probability p, and the
value 0 with probability 1 - p. Since it is a probability, p must be a value that is between 0 and 1, i.e.
p € [0,1].

REZSRE , ASAENEEMTFIER

EY)=p
me , AZR
Var(Y) = p(1 —p)
15.1.1. Odds

KT gim WELENBRENES , BITEZ3IA Odds XAMES | 1BEXEM [0, 1] # &3 [0, 00l

Odds REEHREMBEREEHARENBRILLE , B

Odds = —2

1—-p
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B Odds
1+ Odds

p
15.1.2. Log-odds
Odds BIXT#% ( EFFA log-odds ) 7 :
LogOdds = log(L)
l1-p
LERSTE SKIM [0, 0o] Ty [—o0, 00),

_ exp(LogOdds)
P=97 exp(LogOdds)

15.2. Modelling log-odds

Why log-odds?

B FHAMRESSEVEIRBIRE , FRIAEIREZER Bo. B1 WERT |, Bo + Biz BIAFESEL EEUES
=8

Thatis, fo + fi1z € (—00, 00).

Log-Odds = 5o + fix
Log-Odds can be any real number.

{1

log <L) — o+ ra
D

Hep R @R T ExXER "IN B,
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_eap(Bo+ Bra)
P T eap(Bo + frz)

15.3. Modelling the response when it is binary (ungrouped data) via
glm

bb.df <- read.csv("../data/basketball.csv")
head(bb.df, 10)

A data.frame: 10 x 3

distance gender basket

<int> <chr> <int>

1 3 M 1
2 1 F 1
3 2 M 1
4 3 M 0
5 1 M 1
6 2 F 1
7 2 F 1
8 1 F 1
9 3 F 0
10 1 F 1

success.tbl <- xtabs(basket ~ distance + gender, data = bb.df)
success.tbl

gender
distance F M
1 10 10
2 6 5

Skip to main content



bb.fit <- glm(

basket ~ distance * gender,
family = binomial, # binomial distribution
data = bb.df

plot(bb.fit, which = 1, 1ty = 2)

Residuals

Residuals vs Fitted

o1

031
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summary(bb.fit)

Call:
glm(formula =
data = bb.df)

Deviance Residuals:

Min 1Q Median
-1.5106 -0.5900 0.2723
Coefficients:

Estimate
(Intercept) 5.5878
distance -2.4159
genderM 0.6710
distance:genderM -0.5668

Signif. codes:

3Q
0.2866

Std. Error
1.9050
0.8181
2.9235
1.3213

0 1 % %% 0.001 1 % %7 0.01 1 %7 0.05 l.

basket ~ distance * gender, family = binomial,

Max
2.3474

z value Pr(>|z])
2.933 0.00335 **
-2.953 0.00314 **
0.230 0.81847
-0.429 0.66794

0.1 "1

(Dispersion parameter for binomial family taken to be 1)

82.108
46.202

Null deviance:
Residual deviance:
AIC: 54.202

on 59 degrees of freedom
on 56 degrees of freedom

Number of Fisher Scoring iterations: 5

bb.fitl <- glm(basket ~ distance + gender,

family = binomial, data =

)
summary(bb.fit1)

bb.df
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Call:
glm(formula = basket ~ distance + gender, family = binomial,
data = bb.df)

Deviance Residuals:
Min 1Q Median 3Q Max
-1.5382 -0.5411 0.2461 0.3219 2.2283

Coefficients:

Estimate Std. Error z value Pr(>]|z]|)
(Intercept) 6.1469 1.5242 4.033 5.51e-05 ***
distance -2.6648 0.6364 -4.188 2.82e-05 ***
genderM -0.5478 0.7486 -0.732 0.464

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*" 0.05 ‘. 0.1 ' " 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 82.108 on 59 degrees of freedom
Residual deviance: 46.392 on 57 degrees of freedom

AIC: 52.392

Number of Fisher Scoring iterations: 5

bb.fit2 <- glm(basket ~ distance, family = binomial, data = bb.df)
summary(bb.fit2)

Call:
glm(formula = basket ~ distance, family = binomial, data = bb.df)

Deviance Residuals:
Min 1Q Median 3Q Max
-1.4118 -0.4818 0.2873 0.2873 2.1029

Coefficients:

Estimate Std. Error z value Pr(>|z])
(Intercept) 5.7980 1.4038 4,130 3.63e-05 ***
distance -2.6310 0.6274 -4.193 2.75e-05 ***

Signif. codes: © ‘***’ @.001 ‘**’ 0.01 ‘*’ 0.05 ‘." 0.1 * " 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 82.108 on 59 degrees of freedom
Residual deviance: 46.937 on 58 degrees of freedom

AIC: 50.937

Number of Fisher Scoring iterations: 5
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coef(bb.fit2)

(Intercept): 5.79796774980361 distance: -2.63103340427345

exp(coef(bb.fit2))
100 * (1 - exp(coef(bb.fit2)))

(Intercept): 329.628990177678 distance: 0.0720040145217848

(Intercept): -32862.8990177678 distance: 92.7995985478215

(bb.ci2 <- confint(bb.fit2))
100 * (1 - exp(bb.ci2))

Waiting for profiling to be done...

A matrix: 2 x 2 of type dbl

25% 97.5 %

(Intercept) 3.422396 9.037020

distance -4.103523 -1.568945
A matrix: 2 x 2 of type dbl

25% 97.5%

(Intercept) -2964.27509 -840767.86136

distance 98.34856 79.17351

predn.df <- data.frame(distance = 1:3)
bb.logit.pred <- predict(bb.fit2, newdata = predn.df)
bb.logit.pred

1: 3.16693434553016 2: 0.53590094125671 3: -2.09513246301674
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1: 0.959570820970203 2: 0.630858358052515 3: 0.109570820976233

predict(bb.fit2, newdata = predn.df, type = "response'")

1: 0.959570820970203 2: 0.630858358052515 3: 0.109570820976233

bb.logit.predses <- predict(bb.fit2, newdata = predn.df, se.fit = TRUE)S$se.fit
bb.logit.predses

# Lower and upper bounds of CIs for the log-odds

lower = bb.logit.pred - 1.96 * bb.logit.predses

upper = bb.logit.pred + 1.96 * bb.logit.predses

ci = cbind(lower, upper)

plogis(ci)

1: 0.815101808705842 2: 0.381297733450052 3: 0.643231168633725

A matrix: 3 x 2 of type dbl

lower upper

1 0.82768876 0.9915452
2 0.44733541 0.7830016

3 0.03370361 0.3027157

predictGLM(bb.fit2, newdata
predictGLM(bb.fit2, newdata

data.frame(distance
data.frame(distance

1:3), type
1:3), type

Illinkll)
"response")
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***Estimates and CIs are on the link scale***

A matrix: 3 x 3 of type dbl

fit Iwr upr

1 3.1669343 1.5693642 4.7645045
2 0.5359009 -0.2114289 1.2832308
3 -2.0951325 -3.3558424 -0.8344225

***Estimates and CIs are on the response scale***

A matrix: 3 x 3 of type dbl

fit lwr upr

1 0.9595708 0.82769294 0.9915450
2 0.6308584 0.44733881 0.7829992
3 0.1095708 0.03370437 0.3027108

15.4. Modelling the response when it is binomial (grouped binary data)
via gim

# Load dplyr package to manipulate data frames
library(dplyr)
bb.grouped.df = bb.df %>%

group_by(gender, distance) %>%

summarize(n = n(), propn = sum(basket) / n)
# Change tibble back to a data frame
bb.grouped.df = data.frame(bb.grouped.df)
bb.grouped.df

Error in library(dplyr): there is no package called ‘dplyr’
Traceback:

1. library(dplyr)

XiFieiie , BRAERMEE , BRATTAMSEHRET (FHZHTHH) .
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|

bb.fit3 =
weights = n,

family = binomial, data

)
summary(bb.fit3)

Call:
glm(formula =
weights

n)

Deviance Residuals:

glm(propn ~ distance * gender,

= bb.grouped.df

1 2 3 4 5 6

0.9063 -0.5354 0.3367 0.8612 -0.4629 0.4376
Coefficients:

Estimate Std. Error z value Pr(>|z])
(Intercept) 5.5878 1.9050 2.933 0.00335
distance -2.4159 0.8181 -2.953 0.00314
genderM 0.6710 2.9236 0.230 0.81848
distance:genderM -0.5668 1.3214 -0.429 0.66795
Signif. codes: 0@ '"***' 0,001 '**' 0.01 '*' 0.05 '.'

* %

* %

0.1

(Dispersion parameter for binomial family taken to be 1)

Null deviance:
Residual deviance:
AIC: 20.23

38.2749
2.3688

on 5 degrees of freedom
on 2 degrees of freedom

Number of Fisher Scoring iterations: 4

1 - pchisq(2.3688, 2)

0.305929682251732

|

plot(bb.fit3, which =

1, 1ty = 2)
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propn ~ distance * gender, family = binomial, data

1

bb.grouped.df,



Residuals vs Fitted

0.2 0.4
I

Residuals
0.0

-0.4

-0.6

Predicted values
glm(propn ~ distance * gender)

bb.grouped.df <- transform(bb.grouped.df, success = n * propn, fail = n * (1 - propn))
bb.grouped.df
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A data.frame: 6 x 6

gender distance n propn success fail
<chr> <int> <int> <dbl> <dbl> <dbl>
F 1 10 1.0 10 0

F 2 10 0.6 6 4

F 3 10 0.2 2 8

M 1 10 1.0 10 0

M 2 10 0.5 5 5

M 3 10 0.1 1 9

bb.fit4 = glm(cbind(success, fail) ~ distance * gender,
family = binomial,
data = bb.grouped.df

)
summary(bb.fit4)

15.5. Example 1: Space shuttle Challenger accident

The NASA space shuttle Challenger broke up during launch on the cold morning of 28 January 1986.
Most of the crew survived the initial break-up, but are believed to have been killed when the crew capsule
hit the ocean at high speed. 1986 F1H28AME SRR , EEFMEMIMAE SMX IWELFHIIZRHE
1K, REENEARERYINBARTIEPEEF TR , BIREENEARMSRIEDEIFN R,

Space.df <- read.table("../data/ChallengerShuttle.txt", head = TRUE)
Space.df$Temp
Space.df$Failure

66-70-69-68-67-72-73-70-57-63-70-78-67-53-67-75-70-81-76-79-75-76-58
0-1-0-0-0-0-0-0-1-12-12-0:-0-2:-0:-0:-0:-0-0-0-2-0-1

Space.gfit glm(cbind(Failure, 6 - Failure) ~ Temp,
family binomial,
data = Space.df
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Call:
glm(formula
data

Space.df)

Deviance Residuals:

cbind(Failure,

6 - Failure) ~ Temp, family = binomial,

Min 1Q Median 3Q Max
-0.95227 -0.78299 -0.54117 -0.04379 2.65152
Coefficients:

Estimate Std. Error z value Pr(>|z])

(Intercept) 5.08498 3.05247 1.666 0.0957 .
Temp -0.11560 0.04702 -2.458 0.0140 *
Signif. codes: @ '***' @0.001 '**' 0.01 '*' ©0.05 '.' 0.1 " ' 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 24.230 on 22 degrees of freedom
Residual deviance: 18.086 on 21 degrees of freedom
AIC: 35.647
Number of Fisher Scoring iterations: 5
predictGLM(Space.gfit, newdata = data.frame(Temp = 31), type = "response")
6 * predictGLM(Space.gfit, newdata = data.frame(Temp = 31), type = "response")

16. Analysis of contingency tables

ALFENE .

require(s20x)

» Show code cell output

16.1. Introduction

ELATES

I AP .df <- read.tahle("../data/AttendPass.txt". header = T)
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A data.frame: 8 x 3

Subject Pass Attend

<int> <chr> <chr>
1 1 pass attend
2 2 pass attend
3 3 pass attend
4 4  pass attend
5 5 pass attend
6 6 fail not.attend
7 7 pass not.attend

8 8 fail attend

AP.tbl <- with(AP.df, table(Attend, Pass))

AP.tbhl
Pass
Attend fail pass
attend 17 83

not.attend 27 19

plot(AP.tbl, main = "", las 1)
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attend not.attend

fail

| ..

Attend

Pass

[ barplot(t(AP.tbl), legend = T)
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o
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attend not.attend

16.2. The binomial approach to contingency table analysis
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Fregs.df <- data.frame(
Attend = c("not.attend", "attend"),
Fail = c(27, 17), Pass = c(19, 83)
)
Freqs.df <- transform(Freqgs.df, Attend = factor(Attend))
Freqs.df

A data.frame: 2 x 3

Attend Fail Pass

<fct> <dbl> <dbl>

not.attend 27 19

attend 17 83

AP.binom <- glm(cbind(Pass, Fail) ~ Attend, data = Freqs.df, family = binomial)
summary (AP.binom)

Call:
glm(formula = cbind(Pass, Fail) ~ Attend, family = binomial,
data = Freqs.df)

Deviance Residuals:

[1] o o
Coefficients:

Estimate Std. Error z value Pr(>|z])
(Intercept) 1.5856 0.2662 5.956 2.58e-09 ***
Attendnot.attend -1.9370 0.4007 -4.834 1.34e-06 ***

Signif. codes: 0@ ‘***’" 0,001 ‘**’ 0.01 ‘*’ ©0.05 ‘.” 0.1 * " 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 2.5162e+01 on 1 degrees of freedom
Residual deviance: -3.5527e-15 on 0 degrees of freedom

AIC: 12.756

Number of Fisher Scoring iterations: 3

exp(confint(AP.binom))[2, ]
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wWaiting for profiling to be done...

2.5 %: 0.0642983964738621 97.5 %: 0.311134072466483

16.3. The Poisson approach to contingency table analysis

library(dplyr)

Freqs2.df <- AP.df %>%
group_by(Attend, Pass) %>%
summarize(freq = n()) %>%
data.frame()

Fregs2.df

AP.df <- read.table("../data/AttendPass.txt", header
AP.df <- transform(AP.df, Pass = factor(Pass), Attend = factor(Attend))

T)

Error in library(dplyr): there is no package called ‘dplyr’

Traceback:

1. library(dplyr)

Freqs2.df$Attend <- relevel(Fregs2.df$Attend,
AP.pois <- glm(freq ~ Attend * Pass, family = poisson,

summary (AP .pois)

A matrix: 4 x 4 of type dbl

ref = "not.attend")

data = Fregs2.df)

Estimate Std. Error z value Pr(>|z|)

(Intercept) 3.2958369 0.1924501 17.125671 9.550242e-66
Attendattend -0.4626235 0.3096136 -1.494197 1.351243e-01
Passpass -0.3513979 0.2994472 -1.173489 2.405999e-01
Attendattend:Passpass 1.9370252 0.4006749  4.834407 1.335434e-06

Attendattend:Passpass: 6.93808049535602

Null deviance I ZFEEEHE , Residual deviance WHEZZEZEHHE,

REBHRESTEN , SRS T ZEIENITS, BILRIIERRBES 4 17.
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exp(confint(AP.pois) )[4, ]

Waiting for profiling to be done...

2.5 %: 3.21404850350281 97.5 %: 15.552487384471

16.4. Equivalence of the binomial and Poisson approaches

Fregs.df
exp(confint(AP.pois))[4, ]

A data.frame: 2 x 3

Attend Fail Pass

<fct> <dbl> <dbl>

not.attend 27 19

attend 17 83

Waiting for profiling to be done...

2.5 %: 3.21404850350281 97.5 %: 15.552487384471

predict(AP.pois, type = "response")

1: 17.0000000000001 2: 83.0000000000001 3: 27 4: 19

Freqs.df
coef(summary(AP.pois))
exp(coef (AP.pois))[4]
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A data.frame: 2 x 3

Attend Fail Pass
<fct> <dbl> <dbl>
not.attend 27 19
attend 17 83

A matrix: 4 x 4 of type dbl

Estimate Std. Error z value Pr(>]z])

(Intercept) 3.2958369 0.1924501 17.125671 9.550242e-66
Attendattend -0.4626235 0.3096136 -1.494197 1.351243e-01

Passpass -0.3513979 0.2994472 -1.173489 2.405999e-01
Attendattend:Passpass 1.9370252 0.4006749  4.834407 1.335434e-06

Attendattend:Passpass: 6.93808049535602

options(digits = 4)
OR <- 27 * 83 / (17 * 19)
OR

At the last

Elt , FTEARTMHREZERTT. RE | iLR(IE3—TXERAE, SABRTRNATHREELNEREREARR.

Z RIS

BHE 5+12 81, HA

7 : multi-choice MBS PMiE—N
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NEES TS

Im model (1-12 chapter)
RIRRIE | [ESDH

o EELZE (Simple Linear Regression )
Formula: y = By + Bizi + €, €; ~ N(0, ) where 3, > 0.

o FHEAY (The Null Model )
Formula: y = Bo + «

e ZINT{ ( Curved Model (Like Quadratic Model) )
Formula: y = By + Bz + Bax? + ¢

W
G
nmln: ]
Lo

o

glm model (13-16 chapter)
RIRRIR : A D, “IN9D%H

B —RRR R TEM

RER R

1. WHIRLEHIER , HNMEREPBIRER LRSS
ToFmiEs  BEEMNETENXR

2. ERSEMNRRHAITIEG (85 Im # gim)
ERSERERENNE, HERY, FRAESTAHNES
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o T
o t143

t-value X : FEEZEE - RIZH_0 (RIREEIMNZTEE) /InEE

H t-value MIBHAE—E2FE p-value , NMSHBAEEEZZRIZR. (WTF=TJ/LITUA
MEIEMS |, t £XMEXT 1.96 MEAFNT p T 0.05, KTBNEEXE ) SARAFRIIAS
MEEBNEEX B H AL,

BEREFAIMsummary EE R IR EMNIZEERIZ 0,

o ptelE

p-value : XFEF 0.05 MFJLAEZFRIL , /NF 0.05 FEERZFRIR

orfH
RE  REEENREINIRE

r HEMEREERRRREN B AL |, REEBRIMRETL |, MIRIRRIENARIE , TRREREL,

o BEINIIS%EEX 8]
EX : B—AREEER , BERMHA?

o BHE
RB|EHEZ LT BEBHE + SRTZENR (FREBEAEM—B1T , E—RAA)

5. ¥0M predict
RIEBESHEHA , predictionFliM MK , confidenceTMIIME ( MRFUNSEREIEX )

TEEMIEEEHexp (BYBEETH)

6. method and assumption checks : [B]AZ{tT4 , BB LERL  METLEFIRE (BERETE, 2
TEFTREBHNEN) ,rAREL
7. executive summary : RIS SHNE X (BESHAZTETE  BRUSHNTMN , ERFUNES

2z, EMRRSDE) |, BZEHE 6]

Hith iR =
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HorB1-£57
KBE—RER 1 - pchisq(36.59, 18) XHHY,

The p-value for testing the null hypothesis that the data are B#3/_IR distributed, the p-value is below
0.05 (above 0.05), rejecting the null hypothesis.

the null hypothesis is that the binomial variance assumption holds, the residual deviance is chi-squared
with 18 degrees of freedom if this assumption is true.

in this case, the p-value is below 0.05, rejecting the null hypothesis.

log ERAFKGE

o HEHIE (HM&HISlog , EREEMES )
o NEHE (MEAEWME | logfaEETM—HTMEFH)

o EAD% : E(BExam;) = By + B1Test; + e where € ~ N(0,0?)
o JAMAD : log(Exam;) = By + B1Test; + € where ...

License

This project is licensed under the GPL 3.0 License.

This documention is admitted by Attribution-NonCommercial-ShareAlike 4.0 International (CC BY-NC-SA
4.0).

O Note

This website is built using Jupyter Book, a Jupyter static website generator.
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