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Higher Rates Of Hate Crimes Are
Tied To Income Inequality

Maimuna Majumder

Hate Crimes

In the 10 days after the 2016 election, nearly 900 hate incidents were
reported to the Southern Poverty Law Center, averaging out to 90 per day. By
comparison, about 36,000 hate crimes were reported to the FBI from 2010

through 2015 — an average of 16 per day.

Politics Podcast: How Our Forecasts Did In 2018

Election Update: Some
Competitive Races Have
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That's A Problem.
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An Eye On Democratic
‘Reach’ Districts

Our Final Forecast In The
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Gubernatorial Races


https://fivethirtyeight.com/features/higher-rates-of-hate-crimes-are-tied-to-income-inequality/
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Linearni regrese

Grafickeé znazorneni

Y=Yite
Y'=a+bX
Y' = by +byX,

FIGURE 7.2
Lines with the
same gradients
but different
intercapts,

and lines that
share the same
intercept but
have different
gradients

Predictor Predictor
Same intercept, different gradient Same gradient, different intercepts



Linearni regrese

Primka (model) je prolozena daty tak, aby jim co nejlépe odpovidala.

Metoda odhadu nejmensich ctverct (Least Squares Estimation)
Suma (druhych mocnin) vzdalenosti modelu od dat je nejmensi mozna

St% = Sy’ + Sg?

T(my—v")?

n—1
R? = 5542 / 5572
S ~ 12
SS,;; = Rozdil mezi nulovym modelem (priimeér Y) a nami stanovenym modelem
. - (primkovu)
(Y — m,,)” SSy =Rozdil mezi daty ajnami stanovenym modelem (prfimkou)
n—1 SS. = Rozdil mezi daty a hulovym modelem (pr&imeér Y)

R% = Podil rozptylu zavislé (outcome) promenné vysvétlené modelem (=
koéficient determinance)
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Metoda nejmensich ctverca graficky)

¥(im y— Y )°
E8y — ————
- ) e e J‘I-f

S8 uses the differences 555 uses the differences n—1
between the observed data between the observed data

and the mean value of ¥ and the regression line

S ~1?

SSp .
n—1

»(¥ —m,)"

S5y, uses the differences

between the mean value
of ¥ and the regression line







Linearni regrese

Koeficienty
b

Vyjadruje nardst Y’ pri nartstu Xi o jednu jednotku v jednotkach Y, pri kontrole vSech ostatnich
prediktort (tj. semiparcialni korelace); jedinecny prinos

K porovnani sily prediktoru v rznych skupinach, modelech, vzorcich

B.; Beta
Vyjadruje narast Y pri nartstu X, o|1; jsou-li X; i Y standardizovany, pri kontrole vsech ostatnich
prediktort (tj. semiparcialni korelace), jedinecny prinos

K porovnani prediktori mezi sebou v ramci jednoho modelu

K porovnani riizne operacionalizovaného prediktord v riznych modelech

Ukazatel velikosti ucinku

by
Po vycentravani (adecteni prameéru od vsech hodnat X;) odpavida primeru Y.
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Linearni regrese

Homoskedascita a linearita
dle Field, 2009, s. 248

(a) Assumptions met (b) Heteroscedasticity
3
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FIGURE 7.19 Plots of *ZRESID against *ZPRED










Linearni regrese

Diagnostika . — Outliers a Influentials

Nemaji néktere pripady prilis velky viiv na vysledky regrese?
Outliery — mohou zvysovat i snizovat b

Rezidua - pripady s vysokymi rezidui regrese predikuje nejhdr, standardizovana, = 3

Vlivné pripady — pripady, které nejvic ovliviiuji parametry modelu
Co se stane s parametry regrese, kdyz pfipad odstranime?
DFBeta — rozdil mezi parametrem s a bez, standardizované > 1
DFEFit = rozdil mezi predikovanou hodnotou a predikovanou hodnotou bez pripadu
(adjustovanou)
Cookova vzdalenost > 1
Leverage> 2(K+1)/ n, kde K= pocet prediktord, n=| velikast vzorku

Pripady s wysokymi rezidui & vlivné pfipady NEODSTRANUJEME
..leda by;sla o zjevnou chybu v datech ¢i vzorku
..leda by,nam slo vyhradné o zpresnéni predikce (nikoli o testy hypatéz)
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Dummy coding |. — obecné a postup

Dummy proménné - kategorické proménné upravené tak, aby mohly vstoupit do (vicenasobné)
linearni regrese

Postup (dle Field, 2009, s. 254)

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

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

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).

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

variables.

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.

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.

Repear this until you run out of dummy variables.

Place all of your dummy variables into the regression analysis!
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Dummy coding |. — obecné a postup

Indikatorové kédovani (indicator coding)
Referencni kategorie =0

Efektové kodovani (Effect coding)
Referencni kategorie = -1

Indlkétnrnve kédovani Efektmre kodovani

Vysokoskolské | Stiedoskolské | Vysokoskolské | StiedoSkolské

I N N N R N
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Dummy coding Il. — kodovani

Y=Dp+Dy Xn; + DX +.. + b X +€
Po dosazeni do regresni rovnice predikujeme pripadu primeér jeho skupiny (pokud nejsou zadné
dalsi prediktory).
Indikatorové kodovani
b,;udava rozdil priimérnych hodnot Y mezi indikovanou skupinou a referencni skupinou;
signifikanci b Ai referencni skupinou; signifikance b,; znamena signifikanci rozdilu
b,;udava o kolik nam clenstvi ve skupineé zvysuje/snizuje predikovanou hodnotu oprati
referencni skupinée
b,udava (priabsencijinych prediktord) prdmer Y v referencni skupine
Efektové kadovani
b, udava rozdil priimérnych hodnoet Y mezi indikavanou skupinoua celkovym primeérem
bpudava (priabsenci jinych prediktor() celkovy primer
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https://en.wikipedia.org/wiki/Sobel_test
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Moderace — priklad

# Choose colors to represent the points by group

color <- c("red","green","blue")

# lllustration of the first-order effects of working memory on share_voters_voted_trump
ggplot(mod, aes(x = median_household_income, y = share_voters_voted_trump)) +
geom _smooth(method = "Im", color = "black") +

geom_point(aes(color = UrbanRural))

# lllustration of the moderation effect of working memory on share_voters_voted_trump
ggplot(mod, aes(x = median| hgusehald_income, v|= share_voters fuoted_trump)) +
geom _smooth(aes(group = UrbanRural);method = "Im",se = T, color = "black", fullrange = T) +
geom _paint(aes(color s UrbanRural))
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