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women 7 — X DaEiAAA (1)

P 1Y ROMERITBIT 2D 7 4 — &l (BIHH]) OF—
X HEfF L £3 (women.csv),
# 1. O—HNVIRE LT — R DaiAAA ()

women <- read.csv("women.csv'")

# (B%) URL »» SEHGAIAL Z & b AHE
# women <- read.csv("https://ayumu-tanaka.github.10/QSS/QSS_Data/women.csv")
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RCT 5 — X ~D RO (2)
P ULEZER reserved D3 1 BB A —&2DHDH, 0 bk,
# 1. KNG (water) DFEHDZE (KHEFE) %2FHE

mean (women$water [women$reserved == 1]) - mean(women$water [women$reserved == 0])

## [1] 9.252423

# 2. HERSHIC X 2 HEE

# water HIEREH. reserved FAHHEH L T3
Im(water ~ reserved, data = women)

#i#

## Call:

## Im(formula = water ~ reserved, data = women)
#it

## Coefficients:

## (Intercept) reserved

## 14.738 9.252
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social 7 — X DFiAIAA (1)

b BROEREZaY ba—LF 5720, HERESERD T —
R ML £3 (social.csv)s
# 1. O—HNVIRE LT — R DaiAAA ()

social <- read.csv("social.csv")

# (B%) URL 2 b EHmiAAD T & b Al
# soctal <- read.csv("https://ayumu-tanaka.github.10/QSS/QSS_Data/social.csv")
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H[[]IF 77 Hr (Multiple Regression) (2)

P 2 BOHRIETIFEER (social.csv) 2,

# XAyt—Y D (messages) 1T & BHRERADE
# messages \3H T AV EHDI=D, RVPHIINCK I —BRUEIR L TEHHET %
fit <- Im(primary2006 ~ messages, data = social)

coef (fit)
## (Intercept) messagesControl messagesHawthorne messagesNeighbors
## 0.314537652 -0.017899344 0.007836968 0.063410569

P fZFR: messagesNeighbors DfREL (#70.081) i, N—2F
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%7238 (Interaction Terms) DIE A
P ILEDFHRL, EADENE (B @ F) ISk TRERZNY
SDZHNET (REBLEHR).
# 1. 7— X ORHLH
# Control ¥ Neighbors 2 )V— 7720 &
social.neighbor <- subset(social, messages %inJ, c("Control", "Neighbors"))
# FEiREFH
social.neighbor$age <- 2006 - social.neighbor$yearofbirth
# 2. ZEHERGUEIRET VOME (EH 4 + TR B TRAEHEZIE)
fit.age <- lm(primary2006 ~ age * messages, data = social.neighbor)
coef (fit.age)

#it (Intercept) age messagesNeighbors
## 0.0974732574 0.0039982107 0.0498294321
## age:messagesNeighbors
## 0.0006283079
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MPs 7 — & DFiAiAA (1)

P YT R T 5720, A FVANEERED T —
AL ET (MPs.csv),
# 1. O—HNVIRE LT — R DaiAAA ()

MPs <- read.csv("MPs.csv")

# (B%) URL »olEEFiAAT C L b AlHE
# MPs <- read.csv("https://ayumu-tanaka.github. 10/QSS/QSS_Data/MPs.csv")
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T — X O e [ (2)

1. FE3 (labour) DT — X ZHlH
MPs.labour <- subset(MPs, subset = (party == "labour"))

FSHR (margin = 0) DM (&) 2 HM (553 CHl% Rl

labour.fitl <- 1m(ln.net ~ margin, data = MPs.labour[MPs.labour$margin < 0, ])
labour.fit2 <- 1m(ln.net ~ margin, data = MPs.labour[MPs.labour$margin > 0, ])
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RDD @ Ajthift: =2 —F

# 1. BATRID 7 1 v b
plot (MPs.labour$margin, MPs.labour$ln.net, main = "Labour",
xlim = ¢(-0.5, 0.5), ylim = c(6, 18),
xlab = "Margin of Victory", ylab = "Log Net Wealth at Death")

# 2. BiFHR (margin = 0) ZIBI
abline(v = 0, 1ty = "dashed")

# 3. THMEDEE & BIFERRDEMN

yil.range <- c(min(MPs.labour$margin), 0) # /=ffl

y2l.range <- c(0, max(MPs.labour$margin)) # £iffl

lines(y1l.range, predict(labour.fitl, newdata = data.frame(margin = yil.range))
lines(y2l.range, predict(labour.fit2, newdata = data.frame(margin = y2l.range))
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