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O puvodu linearni regrese I.

ANTHROPOLOGICAL MISCELLANEA.

REGRESSION ftowards MEDIOCRITY tn HEREDITARY STATURE.
By Francis Garrow, F.R.S., &c.

[Wire Prates IX anp X.]




O puvodu linearni regrese II.
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O puvodu linearni regrese III.

Jak to, Ze déti vysokyjch rodicii samy byvaji vysoké, ale ne tak jako jejich rodice?
Jak to, Ze déti utlych rodicti samy byvaji 1itlé, ale ne tak 1itlé jako jejich rodice?

Jak to, Ze nejlepst atlet minulé sezony letos poddvd o néco horst vijkon nez loni?

Regrese k pruméru (Regression towards mediocrity)



1. O puvodu linearni regrese IV.

"It appeared from these experiments that the offspring did not tend
to resemble their parent seeds in size, but to be always more mediocre than
they-to be smaller than the parents, if the parents were large; to be larger than

the parents, if the parents were very small.”

"The point of convergence was considerably below the average size of the
seeds contained in the large bagful 1 bought at a nursery garden, out of which
I selected those that were sown, and I had some reason to believe that the size
of the seed towards which the produce converged was similar to that of an

average seed taken out of beds of self-planted specimens.”

Galton, 1886, s. 246



K ¢emu slouzi linearni regrese?

Linearni regrese

e Nakolik Ize z IQ skoru usuzovat o viykonu v matematice?

= Predikce

Vicenasobna linearni regrese

o Ptispivd k vysi platu kromé irovné vzdélani také pohlavi?
= Predikce
= Inkrementalni validita

= Statisticka kontrola



Notace

Y=Y+e
Linearni regrese Vicenasobna linearni regrese
Y':a+bX Y':a+ann
Y' =bo + b:iXa Y' =bo+biXi+b2Xo+ ... + bXn+ €

Y = Predikovand (= zdvisld; outcome) proménnd
Y' = Nds model

e = Chyba mérent

a nebo bo = priisecik (= intercept)

b nebo bi.. = smérnice (= slope)

Xu.n= Prediktor (= nezdvisld proménnd, predictor)



Outcome

Grafické znazornéni

Y=Y +e
Y' =a+ bX
Y'=bo + biXa

dle Field, 2009, s. 199
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Data k hodiné

# Nahrani dat

Humor = read.csv2("data.csv", header = TRUE)
HumorClean = na.omit(Humor)
View(HumorClean)

# Nastaveni dat

levels(HumorClean$gender) = c("Muz", "Zena')
lapply(HumorClean, class)



Model

Piimka (model) je proloZena daty tak, aby jim co nejlépe odpovidala.

Metoda odhadu nejmensich ¢tvercii (Least Squares Estimation)

Suma (druljch mocnin) vzddlenosti modelu od dat je nejmensi moznd

X(my— Y,)z
(Y — Y/)z St2 = Sm?2 + Sr2 (Tleb()ll SST = SSres + SSreg)
§SSp = —————
. n—1 R2 = ssm2 [ ss2
I —my?
T n—1

SSM = Rozdil mezi nulovym modelem (primér Y) a ndmi stanovenym modelem (pfimkou)
SSRr = Rozdil mezi daty a ndmi stanovenym modelem (pfimkou)
SSr = Rozdil mezi daty a nulovym modelem (primér Y)

R2 = Podil rozptylu zdvislé (outcome) proménné vysvétlené modelem (= koeficient determinance)



dle Field, 2009, s. 203

2. Metoda nejmensSich ¢tvercu graficky
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Model

Ptiklad

ModelHumoru <- Im(formula = agressive ~ age + gender, data = HumorClean)

# Compute the summary statistics for model
# Generic functions (summary) change their behaviour based on an object's class.
summary(ModelHumoru)

# Perform an analysis of variance on model
anova(ModelHumoru)

# Produce diagnostic plots for model
plot(ModelHumoru)

# Predict based on the fitted function model _erc
predict(ModelHumoru)



Koeficienty
bi
Vyjadfuje nartist Y pfi ndrtstu Xi o jednu jednotku v jednotkach Y, pfi kontrole
vsech ostatnich prediktord (tj. semiparcidlni korelace); jedine¢ny piinos
o K porovnani sily prediktoru v rtiznych skupindch, modelech, vzorcich
pi; Beta
Vyjadfuje ndrtist Y’ pfi ndrtstu Xi o 1; jsou-li Xii Y standardizovany, pfi kontrole
vSech ostatnich prediktora (tj. semiparcidlni korelace), jedine¢ny pfinos
e K porovnani prediktorti mezi sebou v rdmci jednoho modelu

o K porovnani rtizné operacionalizovaného prediktoru v rtiznych modelech
o Ukazatel velikosti ti¢inku

bo

Po vycentrovani (odecteni primeéru od vSech hodnot X1) odpovidd praméru Y.



Koeficienty
Piiklad

Coefficients:

Estimate Std. Error tvalue Pr(>I1tl)
(Intercept) 2.9329217 0.0347063 84.507 <2e-16 ***
age 0.0006529 0.0011434 0.571 0.568
gender 0.0407037 0.0249082 1.634 0.103

Bety:
install.packages("QuantPsyc")

library(QuantPsyc)
Im.beta(ModelHumoru)



Predpoklady pouziti I.

"To draw conclusions about a population based on a regression analysis done
on a sample, several assumptions must be true." (Field, 2009, s. 220)

Proménné
1. Povaha proménnych - spojité, kvantitativni a kardindlni nebo dummy (jen v
piipadé prediktort).

2. Nenulovd variabilita prediktorti (tj. nejde o konstantu).

Prediktory
3. Absence (dokonalé) multikolinearity - prediktory by spolu nemély vysoce
korelovat.

4. Prediktory nekoreluji s vnéjsimi proménnymi - absence tfeti (intervenujici,

vneéjsi) proménné.



Predpoklady pouziti I.
Ptiklad
Povaha proménnyjch a nenulovd variabilita

# Ovéfeni skrze funkce (napft.):

o lapply(HumorClean][, 33:39], class),
o summary(HumorClean),
o describe(HumorClean) # library("psych")

Multikolinearita

# Ovéfeni skrze funkce (napft.):

library("car"

vif(ModelHumoru) # variance inflation factors

sqrt(vif(ModelHumoru)) > 2 # problem?

Humor_Selected = subset(HumorClean, select = c(agressive, gender, age))
rcorr.adjust(Humor_Selected)



Predpoklady pouziti II.

Rezidua

5. Homoskedascita - rozptyl rezidui by mél byt konstantni napfi¢ riznymi
urovnémi prediktoru

6. Nezavislost rezidui - Rezidudlni hodnoty kterychkoliv dvou pfipadt by
spolu nemély souviset.

7. Normalné rozlozena rezidua - jejich rozloZeni by mélo byt ndhodné

Outcome

8. Nezavislost kterychkoliv dvou hodnot zavislé proménné (kazdd hodnota v
ramci ni pochdzi z unikatniho zdroje)

9. Linearita - pfimka jako vhodny model popisu dat.



Homoskedascita a linearita

dle Field, 2009, s. 248

(a) Assumptions met

(b) Heteroscedasticity
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Predpoklady pouziti II.

Ptiklad

Rezidua

Homoskedascita

# Evaluate homoscedasticity
# non-constant error variance test

ncvTest(ModelHumoru)

# plot studentized residuals vs.

# fitted values
spreadLevelPlot(ModelHumoru)

Nezavislost rezidui

# Test for Autocorrelated Errors
durbinWatsonTest(ModelHumoru)

Normalné rozlozena rezidua

# distribution of studentized residuals

library(MASS)

sresid <- studres(ModelHumoru)

hist(sresid, freq=FALSE,
main="Distribution of Studentized

Residuals")



Predpoklady pouziti II.
Ptiklad

Outcome

Linearita

# component + residual plot
crPlots(ModelHumoru)

# Ceres plots
ceresPlots(ModelHumoru)



Diagnostika I. - Outliers a Influentials

Nemaji nékteré pripady p#ilis velky vliv na vyjsledky regrese?
® OQutliery - mohou zvysovat i snizovat b

® Rezidua - pfipady s vysokymi rezidui regrese predikuje nejhtit, standardizovand, + 3
® Vlivné piipady - pfipady, které nejvic ovliviiuji parametry modelu
© Co se stane s parametry regrese, kdyz pfipad odstranime?
© DFBeta — rozdil mezi parametrem s a bez, standardizované > 1
© DFFit — rozdil mezi predikovanou hodnotou a predikovanou hodnotou bez pfipadu
(adjustovanou)
S Cookova vzddlenost > 1

© Leverage >2(k+1)/ n, kde k = pocet prediktorti, n= velikost vzorku
® P¥ipady s vysokymi rezidui ¢ vlivné pifjpady NEODSTRANUJEME
= ...leda by slo o zjevnou chybu v datech ¢i vzorku

= _.leda by ndm $lo vyhradneé o zpfesnéni predikce (nikoli o testy hypotéz)



Diagnostika II. - Kolinearita

o Kdyz dva prediktory vysvétluji tutéz cast variability zavislé

proménné, jeden z nich je téméf zbytecny

Komplikuje porovnavani sily prediktort

SniZuje stabilitu odhadu parametr

V extrému (kdyz Ize jeden prediktor pfesné vypocitat z ostatnich) regresi

Uplné znemoznuje

"Rules of Thumb"

= Korelace nad 0,9
= Tolerance (=1/VIF) cca pod 0,1
» VIF (= 1/tolerance) cca nad 10)



Diagnostika I. - Outliers a Influentials

Ptiklad
Outliers Influentials
# Bonferonni p-value for most extreme observations # COOk "5 D plot
outlierTest(ModelHumoru) # identify D values > 4/(n-k-1)

cutoff <- 4/ ((nrow(HumorClean)-
length(ModelHumoru$coefficients)-2))

#qq plot for studentized resid plot(ModelHumoru, which=4, cook.levels=cutoff)

qqPlot(ModelHumoru, main="QQ Plot")

# Influence Plot
# leverage plots influencePlot(ModelHumoru,
leveragePlots(ModelHumoru) id.method="identify", main="Influence Plot",

sub="Circle size is proportial to Cook's Distance" )



Dummy coding I. - obecné a postup

Dummy proménné - kategorické proménné upravené tak, aby mohly
vstoupit do (vicendsobné) linedrni regrese

Postup (dle Field, 2009, s. 254)

1 Count the number of groups you want to recode and subtract 1.

2 Create as many new variables as the value you calculated in step 1. These are your
dummy variables.

(F%

Choose one of your groups as a baseline (i.e. a group against which all other groups
should be compared). This should usually be a control group, or, if you don’t have
a specific hypothesis, it should be the group that represents the majority of people
(because it might be interesting to compare other groups against the majority).

4 Having chosen a baseline group, assign that group values of 0 for all of your dummy
variables.

5 For your first dummy variable, assign the value 1 to the first group that you want to
compare against the baseline group. Assign all other groups 0 for this variable.

6 For the second dummy variable assign the value 1 to the second group that you want
to compare against the baseline group. Assign all other groups 0 for this variable.

7 Repeat this until you run out of dummy variables.

8 Place all of your dummy variables into the regression analysis!



Dummy coding II. - Kédovani

IndikétOIOVé kédOVéHf (Indicator coding)

e Referencni kategorie = 0

Efe ktOVé ké dOVéni (Effect coding)

e Referen¢ni kategorie = -1

Uroven vzdélani

Puvodni hodnota

Indikatorové kodovani

Efektové kodovani

Vysokoskolské | StiedoSkolské | VysokoSkolské | StiedoSkolské
Vysokoskolské 1 1 0 1 0
Stfedoskolské 2 0 1 0 1
Zakladni 3 0 0 -1 -1




Dummy coding III. - Interpretace

Y =bo +baiXa1 + bacXaz + ... + baXm + €

e Po dosazeni do regresni rovnice predikujeme pfipadu primeér jeho skupiny
(pokud nejsou zadné dalsi prediktory).
e Indikatorové kédovani

= baudava rozdil primérnych hodnot Y mezi indikovanou skupinou a
referen¢ni skupinou; sig b Ai referencni skupinou; sig bai znamend sig
rozdilu

= baudava o kolik ndm clenstvi ve skupiné zvysuje/sniZuje predikovanou
hodnotu oproti referen¢ni skupiné

= by udava (pfi absenci jinych prediktorti) pramér Y v referen¢ni skupiné

e Efektové kodovani

= baudédva rozdil primérnych hodnot Y mezi indikovanou skupinou a
celkovym priamérem

= by udava (pfi absenci jinych prediktorti) celkovy pramér



Dummy coding
Ptiklad

hsb2 <- read.csv("http:/ / www.ats.ucla.edu/stat/data/hsb2.csv")

1. The factor function

# creating the factor variable
hsb2$race.f <- factor(hsb2$race)
is.factor(hsb2$race.f)

summary(lm(write ~ race.f, data = hsb2))


http://statistics.ats.ucla.edu/stat/r/modules/dummy_vars.htm

Vkladani prediktoru I.

4 zpusoby:
ENTER (Forced entry)
Vlozi vsechny prediktory najednou
BLOCKWISE
Vkladdani sady prediktorti po blocich
STEPWISE
FORWARD

Vybere prediktory, které nejlépe odpovidaji datim - az po stanovenou

mez
BACKWARD

Vytadi prediktory nejhiife odpovidajici datim - aZ po stanovenou mez



6. Vkladani prediktort - dovétek k BLOCKWISE 1.

e Prediktory vkldddme po skupindch (popft. jednotlivé) v teoreticky zdivodnéném pofadi

e Teoreticky zdivodnéné poradi umoznuje rozdélit rozptyl Y na smysluplné ¢asti (variance partitioning)
= Zména pofadi prediktortt zméni velikost téch ¢dsti
® Zajimd nds schopnost sady prediktort vylepsit model

® Srovndni riznych oblasti vlivu na zkoumany jev

= Zkoumadni inkrementdlni validity

Obvyklé fazeni blokt

® Od zndamych k nezndmym vlivim

® kontrola intervenujicich proménnych

® Minimalizace chyby 1. typu
® Podle vyzkumné relevance

® (Od astiednich po ,co kdyby”; maximalizace statistické sily



6. Vkladani prediktort - dovétek k BLOCKWISE II.

Obvykly postup
e Na zdkladé teoretickych rozvah stanovime rtizné modely, jejichZ srovnéni je
potencidlné zajimavé
= MozZnost testovat narust (inkrement) R2

o Az v druhé fadé se zabyvame jednotlivymi regresnimi koeficienty v modelu,

ktery je nejuplnéjsi/ nejlepsi



Vkladani prediktoru I.

Priklad - MASS

# Selecting a subset of predictor variables from a larger set (e.g., stepwise selection) is a controversial
# topic. You can perform stepwise selection (forward, backward, both) using the stepAIC() function
# from the MASS package.

# stepAIC() performs stepwise model selection by exact AIC.

# Stepwise Regression
library(MASS)

fit <- Im(y~x1+x2+x3,data=mydata)
step <- stepAIC(fit, direction="both")

step$anova # display results



Vkladani prediktoru I.

Ptiklad - leaps

Alternatively, you can perform all-subsets regression using the leaps() function from the
leaps package. In the following code nbest indicates the number of subsets of each size to report.

Here, the ten best models will be reported for each subset size (1 predictor, 2 predictors, etc.).

# All Subsets Regression

library(leaps)

attach(mydata)
leaps<-regsubsets(y~x1+x2+x3+x4,data=mydata,nbest=10)
# view results

summary(leaps)

# plot a table of models showing variables in each model.
# models are ordered by the selection statistic.
plot(leaps,scale="r2")

# plot statistic by subset size

library(car)

subsets(leaps, statistic="rsq")


https://ww2.coastal.edu/kingw/statistics/R-tutorials/multregr.html
http://cran.r-project.org/web/packages/leaps/index.html

Mediace

A mediation analysis is typically conducted to better understand an
observed effect of an IV on a DV or a correlation between X and Y

e Why, and how, does X influence/ correlates with Y?

If X and Y are correlated BECAUSE of the mediator M, then
X->M->Y)

e Y=Bo+BM+e
&

e M=Bo+B: X+e
&

e Y=Bo+BM+BX+e

What will happen to the predictive value of X?

In other words, will B: be significant?



Mediace

A mediator variable (M) accounts for some or all of the relationship
between X and Y

e Some: Partial mediation
e All: Full mediation



Mediace

Priklad

med <- read.csv2("med.csv", header = TRUE)
library("psych")

# Summary statistics
describeBy(med, med$cond)

# Create a boxplot of the data
boxplot(formula = med$iq ~ med$cond, main = "Boxplot", xlab

= "Group condition", ylab = "IQ")



Mediace

Priklad

# Run the three regression models

model_yx <- Im(med$iq ~ med$cond)

model mx <- Im(med$wm ~ med$cond)
model_yxm <- Im(med$iq ~ med$cond + med$wm)

# Make a summary of the three models
summary(model_yx)
summary(model_mx)
summary(model_yxm)



Mediace

Ptiklad - Sobeltv test

library("multilevel")

# Compare the previous results to the output of the sobel
function

model_all <- sobel(med$cond, med$wm, med$iq)

# Print out model all
model all


https://en.wikipedia.org/wiki/Sobel_test

Moderace

Predstaveni

o Experimentalni design

= Manipulace s nezdvislou proménnou (X) vede ke zméné
v zavislé proménné (Y)
= Moderator (Z) zavadime z toho kvali predpokladu, ze
vliv (4¢inek) X na Y NENT konzistentni nap#{c
rozloZenim (rtiznymi Grovnémi) Z.
o Korela¢ni design

= Pfedpokladdme souvislost mezi proménnymi X a Y

= Moderator (Z) zavadime kvtli predpokladu, Ze korelace
mezi X a Y NENT konzistentn{ nap#i¢ rozloZenim
(rznymi Grovnémi) Z.



Moderace
Model

e Pokud jsou oboje X a Z spojité (resp. intervalové drovné méfeni)
» Y =Bo+ B X+ B2/ + Ba(X*Z) + e
e Pokud je X kategorickd a Z spojita (3 trovné X)
= Y =DBo+ Bl(D].) + BZ(DZ) + BsZ
+ B«(D1*Z) + Bs(D2*Z) + e

e 1. fadek = hlavni efekt
e 2. fadek = moderace



Moderace
Priklad

mod = read.csv2("mod.csv", header = TRUE)

# Summary statistics
describeBy(mod, mod$condition)

# Create a boxplot of the data
boxplot(formula = mod$iq ~ mod$condition, main = "Boxplot", xlab = "Group condition", ylab = "IQ")

# Create subsets of the three groups

# Make the subset for the group condition = "control"
mod._ control <- subset(mod, mod$condition == "control")

# Make the subset for the group condition = "threat1"
mod._ threatl <- subset(mod, mod$condition == "threatl")

# Make the subset for the group condition = "threat2"
mod_threat2 <- subset(mod, mod$condition == "threat2")

# Calculate the correlations
cor(mod_control$iq, mod_control$wm)
cor(mod_threat1$iq, mod_threat1$wm)
cor(mod_threat2$iq,mod_threat2$wm)



Moderace
Priklad

# Model without moderation (tests for "first-order effects")
model_1 <- Im(mod$iq ~ mod$wm + mod$d1 + mod$d2)
# Make a summary of model_1

summary(model_1)

# Create new predictor variables

wm_d1 <- mod$wm * mod$d1

wm_d2 <- mod$wm * mod$d2

# Model with moderation

model_2 <- Im(mod$iq ~ mod$wm + mod$dl + mod$d2 + wm_d1 + wm_d2)

# Make a summary of model_2 # Compare model_1 and model_2
summary(model_2) anova(model_1, model 2)

library("ggplot2")

# Choose colors to represent the points by group
color <- c("red","green","blue")

# Illustration of the first-order effects of working memory on IQ

ggplot(mod, aes(x = wm, y =iq)) + geom_smooth(method = "Im", color = "black") +
geom_point(aes(color = condition))

# Illustration of the moderation effect of working memory on IQ

ggplot(mod, aes(x = wm, y =iq)) +
geom_smooth(aes(group = condition), method = "Im", se = T, color = "black”, fullrange = T) +
geom_point(aes(color = condition))



Mediace a moderace

A moderator has influence over
other effects or relationships, whereas
the mediator explains a relationship.



RepOItOVéni (vice napt. dle APA, 2001)

1. Popisné statistiky 2. Pfedpoklady pouziti
e Y X e Konstatovani (napf. o
= Spojité - N, Min, Max, M, povaze proménnych
SD, Me e Vypocet (napft. outliery a
= Kategorické - N, %, vlivné piiklady)

dummy coding

e Korela¢ni matice

3. Model 4. Prediktory
o F-test B
 Koeficient determinance (R?) e SE ¢i intervaly spolehlivosti
° P e Beta

°P



A\ )
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