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Business as Usual? Economic Responses to

Political Tensions

Christina L. Davis Princeton University
Sophie Meunier Princeton University

Do political tensions harm economic relations? Theories claim that trade prevents war and political relations motivate
trade, but less is known about whether smaller shifts in political relations impact economic exchange. Looking at two major
economies, we show that negative events have not hurt U.S. or Japanese trade or investment flows. We then examine specific
incidents of tensions in U.S.-French and Sino-Japanese relations over the past decade—two case pairs that allow us to
compare varying levels of political tension given high existing economic interdependence and different alliance relations.
Aggregate economic flows and high salience sectors like wine and autos are unaffected by the deterioration of political
relations. In an era of globalization, actors lack incentives to link political and economic relations. We argue that sunk costs
in existing trade and investment make governments, firms, and consumers unlikely to change their behavior in response to

political disputes.

o political tensions have economic conse-

quences? The relationship between economic

interdependence and conflict has been a central
debate in international relations. Leading scholars con-
tend that “states with good relations should have more
trade than states with poor relations” and import deci-
sions of firms will respond to “the climate of friendliness
or hostility that exists between the importer and exporter”
(Morrow, Siverson, and Tabares 1998, 650; Pollins 1989b,
739). Analysis of trade and conflict in a simultaneous
equations model concludes that “political relations are
driving commerce, not the other way around” (Keshk,

of force, and to war. While most analysis of the inter-
dependence debate focuses on militarized disputes, we
analyze the shift at the lower level from normal relations
to political tensions. As noted by Pevehouse, “much of the
nuance of interdependence theory has been discarded” in
recent empirical studies that use dichotomous measures
for conflict, and new insights may be gained by returning
to the earlier approach in the literature that measured
conflict and cooperation with events data (2004, 247). A
large range of interactions determines the status of po-
litical relations between states. By political tensions, we
mean disagreement over policy issues, hostility between



think + write + discuss

%ﬁre are some questions:

What ig the key causal claim of the paper?
Do they have good evidence for their caugal claim?
What are some descriptors for this paper?
What do the authore mean by “political tengiong™?

How do they meagure political tengiong?

Let’s take a closger look....






Teaching Philosophy

Learning resu
does and thin

ts from what the student

S, and only from what

the student does and thinks.

—Herbert Simon

It IS the one who does the work who
does the learning.

— Terry Doyle






Aaron Williams
Follow v
@awunderground

This is the best advice from
@hadleywickham. True of learning R. True of
learning anything. #rstats r-
posts.com/advice-to-youn...

It’s easy when you start out programming to get really frus-
trated and think, “Oh it’s me, I’m really stupid,” or, “I’m not
made out to program.” But, that is absolutely not the case.
Everyone gets frustrated. I still get frustrated occasionally when
writing R code. It’s just a natural part of programming. So, it hap-
pens to everyone and gets less and less over time. Don’t blame
yourself. Just take a break, do something fun, and then come back
and try again later.
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Assignments

Weekly

® |4 conceptual homeworks (3% each;42% total)

e / computational homeworks (3% each;21% total)
® |4 reflections (1% each; 14% total)
End-of-semester

e Data assignment related to FYP (8%)

® Final exam (15%)
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{ (p~value) discourages
- The Standard Error of R4 thoughtful social
N sclence,

By DEIRDRE N. MCCLOSKEY

and

,/ 4 >

STEPHEN T. ZILIAK
University of Iowa

Suggestions by two anonymous and patient referees greatly improved the paper. Our thanks
also to seminars at Clark, Iowa State, Harvard, Houston, Indiana, and Kansas State universi-

ties, at Williams College, and at the universities of Virginia and lowa. A colleague at Iowa,

Calvin Siebert, was materially helpful.

THE IDEA OF statistical significance is
old, as old as Cicero writing on fore-
casts (Cicero, De Divinatione, 1. xiii. 23).
In 1773 Laplace used it to test whether
comets came from outside the solar sys-
tem (Elizabeth Scott 1953, p. 20). The
first use of the very word “significance”
in a statistical context seems to be John
Venn’s, in 1888, speaking of differences
expressed in units of probable error:

They inform us which of the differences in
the above tables are permanentrand _signiﬁ-

cant for science or policy and yet be in-
significant statistically, ignored by the
less thoughtful researchers.

In the 1930s Jerzy Neyman and Egon
S. Pearson, and then more explicitly
Abraham Wald, argued that actual inves-
tigations should depend on substantive
not merely statistical significance. In
1933 Neyman and Pearson wrote of type
I and type II errors:

Is it more serious to convict an innocent man
or to acquit a guilty? That will depend on the



&=y

e

d Regression mod@.i.s |
are hot magic, So
downt breal Ehem Like

STATISTICAL MODELS they are. s

David A. Freedman®

Regression models have been used in the social sciences at least
since 1899, when Yule published a paper on the causes of pau-
perism. Regression models are now used to make causal argu-
ments in a wide variety of applications, and it is perhaps time to
evaluate the results. No definitive answers can be given, but this
paper takes a rather negative view. Snow’s work on cholera is
presented as a success story for scientific reasoning based on
nonexperimental data. Failure stories are also discussed, and
comparisons may provide some insight. In particular, this pa-
per suggests that statistical technique can seldom be an ade-
quate substitute for good design, relevant data, and testing pre-
dictions against reality in a variety of settings.



the simple tools we discuss in our first few weeks

ARE POWERFUL

| want you to learn to use them well.




master the simple things



HETEROSKEDASTIC
' ORDERED PROBITS



computation is key
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engage with me where you are



that’s enough

slow your roll
master the simple things
computation is key
change-review-commit-push

engage with me where you are
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What should we build a
foundation for?

Where do you want to be in {O years?
What do you need to acecomplighin the next 5 years?

What do you need to take from this course to get there?









detailed knowledge of

«— detailed knowledge of a
a particular method S~ 9

narrow substantive topic

broad base of knowledge in
substance and methods



broad base of knowledge in methods
that allows us to produce great researcn projects



broad base of knowledge in methods

1. basic statistical tools, such as a histogram, average, standard
deviation, normal approximation, scatterplot, correlation,
simple regression, sample surveys

2. basic concepts in probability theory, such as conditional
probability, the law of averages, the expected value, the
standard error.

3. basic concepts in inference, such as a point estimate, interval
estimate, and hypothesis test.

4. advanced concepts in probability theory (that rely on
calculus), such as a pmf or pdf, moments, and the central limit
theorem.

concepts and computation




Why should | care
ahout computation?






theory

difficulty

several years —

computation

one year —
random forest
one day —
one hour — hierarchical model copula
r l l

average least squares  logit model complexity of
the method



diamonds {ggplot2} R Documentation

Prices of over 50,000 round cut diamonds

Description

A dataset containing the prices and other attributes of almost 54,000 diamonds. The variables are as follows:

Usage

diamonds

Format
A data frame with 53940 rows and 10 variables:
price

price in US dollars (\$326-\$18,823)
carat

weight of the diamond (0.2-5.01)
cut

quality of the cut (Fair, Good, Very Good, Premium, Ideal)
color

diamond colour, from D (best) to J (worst)
clarity

a measurement of how clear the diamond is (I1 (worst), SI2, SI1, VS2, VS1, VVS2, VVS1, IF (best))
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F load packages
library(tidyverse)

# loads a default data set in R
data(diamonds)

# quick look at the data set
glimpse(diamonds)

# find average for each cut, color, and clarity
sum_df <- diamonds %>%
group_by(cut, color, clarity) %>%
summarize(avg_price = mean(price))
sum_df

# plot averages

ggplot(sum_df, aes(x
geom_point() +
facet_wrap( ~ color) +
theme_bw()

cut, y = avg_price, color

clarity)) +




theory

difficulty

several years —

computation

one year —
random forest
one day —
one hour — hierarchical model copula
r l l
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E load packages
library(tidyverse)

# loads a default data set in R
data(diamonds)

# quick look at the data set
glimpse(diamonds)

# find average for each cut, color, and clarity
sum_df <- diamonds %>%
group_by(cut, color, clarity) %>%
summarize(avg_price = mean(price))
sum_df

# plot averages

ggplot(sum_df, aes(x = cut, y = avg_price, color
geom_point() +
facet_wrap( ~ color) +
theme_bw()

clarity)) +
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# load packages
library(tidyverse)
library(broom)

# loads a default data set in R
data(diamonds)

# quick look at the data set
glimpse(diamonds)

# fit regression model using all predictors
fit <- Im(price ~ ., data = diamonds)

# tidy fit
diamonds <- augment(fit, diamonds) %>%
glimpse()

# plot predictions
ggplot(diamonds, aes(x = price, y = .fitted)) +
geom_point()




difficulty

several years —

one year —

one day —

one hour —

T

average

T

least squares
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theory

computation

e

2 random forest ¥
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the method



fitted

10000

10000

price

1 EAAA
2U00



O oo~NOOUTL P WNPRE

R PR RPRRRERRR R
WO NOOU DA WNRS

20

N
[y

F load packages
library(tidyverse)

# loads a default data set in R
data(diamonds)

# quick look at the data set
glimpse(diamonds)

# find average for each cut, color, and clarity
sum_df <- diamonds %>%
group_by(cut, color, clarity) %>%
summarize(avg_price = mean(price))
sum_df

# plot averages

ggplot(sum_df, aes(x = cut, y = avg_price, color
geom_point() +
facet_wrap( ~ color) +
theme_bw()

clarity)) +
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F load packages
library(tidyverse)
library(randomForest)

# loads a default data set in R
data(diamonds)

# quick look at the data set
glimpse(diamonds)

# fit regression model using all predictors
fit <- randomForest(price ~ ., data = diamonds)

# tidy fit
diamonds$.fitted <- predict(fit)

# plot predictions
ggplot(diamonds, aes(x = price, y = .fitted)) +
geom_point()
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difficulty

several years —

computation

one year —
random forest
one day —
one hour — hierarchical model copula
r l l

aveIage least jquares logit model complexity of
the method
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What are the three essential components
of a great research™project?

“empirical, computational
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What characterigtics ghould
the process™ have?

*from raw data to published paper



raw data Manuscript

Contents lists available al Sciencelin

nnd_rawwchs w8 g

121, B1915, 1026 2, 51014_, 21936 4, BLEL3, B1A1G, o
73306, 62081, B2 16 E20:1 3301 .33813,32814, 62015, 62316,
1359021, 00862 1203

Bl ELIES,

Electoral Studies M

101, 16_1,336131,E1831 2, 6281

B1226,E1327, 71018, 12671, 31061, 61063, B2182, E2105,
23,3263%, 02631, 02332, 033€1_2

|> 35377, 13004, 1 T815, I815, 0

1,033

133827 3,0 A3 71,03322,
L 13822,71023 1, 19070 ,Jne"' T L me 1A
M8 T i 4940 AR 53 o4 o1

N N iournal homepage: www evier.corm at tstud

5263, X
,05303_C,156237,
F.07286 T, 350K 6, 17330

R12 11,7507 T, 03313

553 WA 6 950K 3 RN L

21,0 3
LNE2A3 0, I T,
17 7,0%212 T, 35013 F, 0 0
0BG, 3141 8415, 35616,

ey Strategic moblhzatiop; Why propomonal representation @ .
G, 0t 5051 -, 0 gt gier decreases voter mobilization™

U, B

SHs4 2l bLiss a5 2, .

2_3,35642_4,BS 2 X
13 q , o

Rt

2 R T, vaw, 1w, P »
LS00, 0090, 1 2, SN, 2, F RN, Rl e 16,222,000 Carlisle Rainey
6,98,28, 36, b, B, 3.0, 2, Uinivereiy er fugleia, SUNY. 20 Dk Hil Ruffats, NY A
2,03, 3,02, 59,00 , 2.0, 7

0 7m0 2, 7835,

a0, 435.2. 633.8, 505, b, 300, 300, 2, 590..

2095,5,5% By Su T 2. 4,
o e

6o, &

Articte histary:
Receiver § Jume 2011
Reoeiver
Accey

Maildie o

OITIONA| FEARESOTEATION InCreases party monil izatian by

(0 mobilize
ring this ¢l aim (e

sticts ial give partie
etic2] and empirical argumenrs thar
se. unlike caslier scholars, (hat e positive ellect of Cistiixt commpeti-
bllization cfforts inc; as clecte districts bocome more

Octuber 200

question. | prog
i on party

o Fisprapartional, arguing that dispreocetionality itsell encourages mabil by

—

a2 A blarion gerating the impect of competitiveness on matilization. individwal-level survey data fror
-~ Aatienal ctions chows 1har comperitivancss has a much larger fhoct

gislarive o
it 2

- L] e
1 OOS Of d ec I S I o n S Properiicnal rules on parties’ mobilization efforts in single-member districts than in proportional districts
e-me-mibe- d strkis trary to pear lireranre, these results suggrat proporticaal elertoral niles give parties
a0 strong incsrsive o mobilize arywhere
4 2014 Pudlishesd Ly Ebevier Lid

2,3, 2, 6, N,
W

@440, 309, 404 0, 3020, 440,
28390.0,
8,

.33,93,02,02,03,
[RTRENT N

6, B,36,7.08.1
o, L.i0,40.3€,

X ::l:nﬁ

DR
w5 1,5,5,0,3,0,8,5,1
1,063,
643,50,

1. Imtroduction Several explanations have emerged that attempt
cbservaticr. ¢f higher turnout under prog

Does proportional represe an canse parties 1o tional represeatation (PR) rules (for an averviaw, see Il
mobilize more voeers? Many studies of elector v Aarts, 2005) The mosr theoretically compelling fo
E st proportional electoral rules de lead to greater cuses on the frequent emesgence of
obalization (and thus increased tumout ). However, more € wal districts a0 single-member distict plurality

u [
recent w argues that the evidence is too limited an (SPDF) systems. 1his explanation st sts that parties (or
theories tos

m,u»um 0 u i,

OBy 0. B30, 0,500 0 000.4. 6040, 004 b, 300, 8.4

3,5,3,5, B, S, T, 4, 4, 5,
6.8 9, e 8,

an, 1.2802, under-developed to support this conclusion. In andidates and activists more broadly, r(vi'( greater
Tas.2, T.aeaom, AL B 2.2,2.9.2, particular, Bla 15 (2D06) sugpest that political mabilizatian offorrs under PR =ules than under SMDP riles
scientists canmot have confidence that proportional 1l suse PR rudes, on average, create more compeilive
canses Bigher tumout until schokars bettes coderstand e sices (Cow, 19961 More competitive districts, in twn

L]
mechanism linking the two, provide parties a strong .ncentive © mobilize voters,
A large literature confirms that turmout (e.g. Rosenstc
i i . N

4 Han ) anc ft 1l !
1 t=ank Jahn Ah . : ) K al, sher in more comperitive
. 00! u Cobder, Jems Graszr. Bob Rckeon, s . vices, bat this relasionship has anly been examined in
95,0 ) Bu2s07s3%. 2005, 2.8, 6.0.2, their comments on previous dials, The anchses pre ” SMDP sys 5, Resewrd exannes e elacionship
:h:g,‘.‘;'x. u,zv,;:;,z;z. 35,38,93,9,8,3,1, 1,3,0301,2 O I n conducted with R 3,10 and JACS 3,30 The O iline Appendix o ol duts N
1 o pater e pevessary (o repliece Geve tesulls ane avalable st
and ' tary schalars take a5 given tha PR mues est: more tive

86, 5.06, .30
©,30.3,99.3 distric

ol wds v qwtion | )

5. although recemt wark brings this common assumgrio!

3, 6, 88,38, .154. B
0. 0, 1.30,40.3

1734)0 2014 Publish=d by Lkevizr Ltd

principled
implemented
documented




principled

If you made correct decisions

iImplemented

if you did what you decided to do

documented

if you can check that you did what you decided to do



I'M EXHAUSTED FROM . ITS TOO BAD THAT
ALL OF THE BASIC THE VALUE OF MY WORK
RESEARCH I'™ DOING. WONT BE QUANTIFIABLE

| FOR ANOTHER TEN

ID
(Ike  S0...THE

NEW RULE
ouR. IS THAT WE
Lag  WRITE DOWN

REPORT.  STUFF?

g
i
5
:
£
;
j
:




think + write + discuss

%/ principled

implemented

documented

Rank these from least
to most challenging.






“The process never ends until we
die. And the choices we make are
ultimately our own responsibility.”

—Eleanor Roosevelt
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two sources of errors

errors In a script

software errors
user errors



# Make sure that working directory is set properly
# setwd("~/Dropbox/projects/strategic-mobilization/")

# Clear workspace
rm(list = 1ls())

# Read in the raw data from the CSES Module 2 data set
cses2 <- read.csv('data/cses2 rawdata.txt")

# Pull out variables of interest

mycses2 <- c("B1004", "B2001", "B2002", "B2003", "B2004", "B2005", "B2020", "B2023", "B2030", "B2031", "B3001 2", "B3002 2",
"B3003", "B3004 1", "B3014", "B30l6", "B3028", "B3045", "B3047 1", "B3047 2", "B3047 3", "B400l1", "B4002", "B4003", "B4004 A",
"B4004 B", "B4004 C", "B4004 D", "B4004 E", "B4004 F", "B4005", "B5043 1")

cses2 <- cses2[, mycses2]

# Change the variable names

names (cses?2) <- c("Alpha.Polity", "Age", "Male", "Education", "Married", "Union.Member", "Household.Income",
"Religious.Attendance", "Urban", "District", "Campaign.Activities", "Freq.Campaign", "Contacted", "Cast.Ballot", "Vote.Matters"
"Cast.Ballot.Previous", "Close.To.Party", "Ideology", "Knowl", "Know2", "Know3", "Number.Seats", "Number.Candidates",
"Number.Lists", "VoteA", "VoteB", "VoteC", "VoteD", "VoteE", "VoteF", "District.Turnout", "Electoral.Formula")

# Drop countries for which there is not information about the electoral district
cses2 <- cses2[cses2$District!= 99999, ]
cses2 <- cses2[cses2$Number.Seats != 999, ]

#### Recode and Create Variables
# Alpha.Polity
cses2$Alpha.Polity <- as.character(cses2$Alpha.Polity)

cses2$Alpha.Polity[cses2$Alpha.Polity=="CAN 2004"] <- "Canada"
cses2$Alpha.Polity[cses2$Alpha.Polity=="FIN 2003"] <- "Finland"
cses2$Alpha.Polity[cses2$SAlpha.Polity=="GBR 2005"] <- "Great Britain"
cses2$Alpha.Polity[cses2$Alpha.Polity=="PRT 2002"] <- "Portugal 2002"
cses2$Alpha.Polity[cses2$Alpha.Polity=="PRT 2005"] <- "Portugal 2005"

cses2 <- cses2[cses2$Alpha.Polity == "Canada" |
cses2$Alpha.Polity == "Finland" |
cses2$Alpha.Polity == "Great Britain" |

cses2$Alpha.Polity == "Portugal 2002" |
cses2$Alpha.Polity == "Portugal 2005", ]

cses2$Alpha.Polity <- as.factor(cses2$Alpha.Polity)

# Age



Pr(correct) < 1



two sources of errors

errors In a script

software errors
user errors

mismanage your files

mismanage versions
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fit-model-v4.2 withBayes-add GDP-APSRrevisions-(for Scott).R



two sources of errors

errors in a script

software errors
user errors

mismanage your files

mismanage versions
mismanage dependencies



R/nagler-fd-sims.R

R/intuition-sims.R

dodfigs/intuition-2.pdf

N

e data/nagler-fd-bias.rds
dqc/figs/intuition-1.pdf

/ data/scobit.dta

doc/figs/nagler-fd-bias.pdf

doc/unnecessary. pdf
doc/bibliography.bib

R/plot-nagler-fd-bias.R

. doc/figs/intuition-3.pdf
doc/figs/intuitionf4. pdf

doc/figs/intuition-sampling®

doc/figs/ge-pr.pdf

/

data/ge.csv doc/unnecessary.tex

> doc/figs/ge-fd.pdf

doc/figs/poisson-mcs.pdf

R/ge.R

R/poisson-mcs.R
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[ BON | ~{Dropbox/projects/hoc - master - RStudio

o - olfd =~ — # Go to file/function 3 ~ 5=~ Addins ~ ‘#-J hoc ~
@7 fit-t2.R @ t2.stan =] Environment  History Connections Build Git =]
& a " Source on Save O # - ! #Run “®%+ $+Source - = o 4 Import Dataset - & List - (% -

1 “k Global Environment -
2 #.1oad paFkages fit <0Object with null pointers>
3 library(tidyverse) — -
4 library(rstan) @ fit_1m List of 12
5 rstan_options(auto_write = TRUE) @ log_like Large matrix (2408000 elements, 18.4 M.
6 options(mc.cores = parallel::detectCores()) © lood List of 10
7 l}brary(loo) O mf 1204 obs. of 2 variables
8 library(bayesplot)
9 mm num [1:1204, 1:2] 1111111111..
1@ # load simulated data ) obs_df 1204 obs. of 4 variables
11  rsw_df <- read_csv("rsw/budget.csv") %% O rep_df 132440 obs. of 5 variables
1; glimpse() © rep_df_i 1204 obs. of 5 variables
1 - .
14 # format data for stan Q rsw_df ' 1.204 obs. of 42 variables
15 f < leg_total - gov_total O stan_data_list List of 4
16 mf <- model.frame(f, data = rsw_df) Ovy_rep Large matrix (2408000 elements, 18.4 M.
17 mm <- model.matrix(f, mf) Values
18 stan_data_list <- list(y = mf$leg_total, f leg_total ~ gov_total
19 X = mm, . 100L
20 N = nrow(mm), t
:; K = ncol(mm)) Files Plots Packages Help Viewer —=
p 5 4 . | @
23 # simple linear model fit with least squares o M zoom | F Export - @ | ¥ 24 )
24 fit_lm <- Im(f, data = rsw_df) [ '
65:-1 (Top Iie'!veI; S T R Script =
Console Terminal Jobs = ]
1e+101 .
~/Dropbox/projects/hoc/
+ rep_df <- bind_rows(rep_df, rep_df_i) '
+ }
> glimpse(rep_df) o P 1 l
Observations: 132,440 5091
Variables: 5 o o
$ state_abbr <fct> AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, AL, A... 5
$ year <int> 1987, 1988, 1989, 1999, 1991, 1992, 1993, 1994, 1995, 1996, 1997, 1998, 1999, 2000, 2001, 20@...
$ x <dbl> 0.0e+00, @.0e+00, 0.0e+00, 5.5e+07, 0.0e+00, 5.2¢+08, 0.09e+0Q, 0.Pe+00, @.0e+00, 0.0e+00, 0.0Q... 0400 . . .
$ y_rep <dbl> -81155@9.4, 3@821985.4, -182933124.@, 35959672.4, -2990287.3, 327031@37.7, -145606339.4, -506...
$ rep <int- 1, 1,1, 1,1, 1,1, 1,1,1,1,1,121,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,...
> # posterior predictive distribution by state
> ggplot() + o ‘
+ geom_point(data = rep_df, oces(x = x, y = y_rep), color = "red", alpha = 0.3) +
+ geom_point(data = obs_df, aes(x = x, y = ¥)) +
+ #facet_wrap(~ year) +
+  theme_bw() ! !
> De+00 4e+09 Ge+09










E Stata/MP 15.1 - C:\Program Files (x86)\Stata15\ado\base\a\auto.dta

File Edit Data Graphics Statistics User Window Help
[a’* ﬂ @ i_gl ~ - il - B Summaries, tables, and tests
Rexiow Linear models and related

: Binary outcomes
‘\ ’Fllter commands here

Ordinal outcomes

& ’ Command .
Categorical outcomes

sysuse auto
- Count outcomes
regress mpg weight )

Fractional outcomes

1
2
3 twoway scatter mpg weight
13 Generalized linear models

regress mpg weight

Time series

[Z] regress - Linear regression - X

Model byy/if/in Weights SE/Robust Reporting
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mpg (vl | weight M-
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|
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|

Exact statistics
Resampling
Power and sample size

Bayesian analysis
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Other

- O X

>
4 Linear regression A |Variables T X
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» .
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Heteroskedastic linear regression =" I=HE) BY ey x> ad o 1 b
’ =} —J hd

Endogenous covariates > .
. .

Sample-selection models >
’ Box-Cox regression Fofo =F hd

7
’ Fractional polynomials > >2I):‘
¢ Quantile regression > lared ®
’ Errors-in-variables regression —squar i
) Frontier models MSE °
’\8 9 . .
» Panel data > = ®
£ L _J ®
4 Mixed-effects linear regression [oss| = ° ° °
> - : . & o o °
ixed-effects nonlinear regression I Y -
Spatial aut ive model --007) 2 °° % e o =
atial autoregressive models

X P 9 36.2 =o o oo - e o

Multiple-equation models ¥ ™ o o

® ® C X L )

Treatment effects » L4 ¢ o ° .. o o
»
N FMM (finite mixture models) > [ ] ® [ 1] ... [
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GitHub Desktop




Current Repository 19 Current Branch ~~ Fetch origin
asking-acting master ™ Never fetched
Changes 95 History R/do-all.R [e]
95 changed files @@ -6,8 +6,8 @@
[V ) chbclIL[IIHS/yCCI_UI_UICIIlllulll.Pul |l|

# options
subset_data <— FALSE
-ntree <- 2500
-n_values <- 30
+ntree <- 1000
+n_values <- 15

present/plot-example-data.R

[+ &

present/plots-for-presentation.R

[+]

R/clean-data-regression.R

R/clean-data.R

R/data-for-mnl.R
12 12 # run code
v R/do-all.R [¢] 13 13 system.time ({
R/playing-around.R
R/predictive-performance.R (o]
R/random-forests.R [e]
R/regressions.R
R/robustness-checks-from-dec16.R

g Summary (required)

Description

A+

Commit to master
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 Typeset | LaTeX — | Macros ' - Tags ' - Templates ' M

144 | % Abstract

145 | {\centerline{\extbf{Abstract}}}

145 | \begin{quoteRnoindent

147 | Political scientists commonly focus on quantities of interest computed from model coefficients
rather than on the coefficients themselves.

148 | However, the quantities of interest, such as predicted probabilities, first differences, and
marginal effects, do necessarily not inherit the small sample properties of the coefficient
estimates.

149 | Indeed, unbiased coefficients estimates are neither necessary nor sufficient for unbiased
estimates of the quantities of interest.

150 | | characterize this transformation-induced bias, calculate an approximation, illustrate its
importance with two simulation studies, and discuss its relevance to methodological research.

151 | \end{quote}

152

153 | % Add quote to first page

154 | % \epigraph{}

166

158 | %\begin{center}

157 | %Manuscript word count:

158 | %\end{center}

159

160 | % Remove page number from first page

161 | \thispagestyle{empty}

162

163 | % Start main text

164 | %\newpage

165 | \doublespace

166

167 | %\section*{Introduction}

168

160 | Political scientists use a wide range of statistical models $y_i \sim f(\theta_i)S, where $i\in
X1,..., N\}$ and $f$ represents a probability distribution.

170 | The parameter $\theta_i$ is connected to a design matrix $X$ of $kS explanatory variables
and a column of ones by a link function $g$%, so that Sg(\theta_i) = X_i\beta$.

171 | In the binary logit, for example, $f$ represents the Bernoulli probability mass function and $g$
represents the logit function, so that Sy_i \sim \texi{Bernoulli}(\pi_i)$ and $\pi_i = \text{logit}
A-1H(X_i\beta)$s.

172

173 | The researcher usually estimates $\beta$ with maximum likelihood (ML), and, depending on
the choice of $g$ and $f$, the estimate $\hat{\beta}$ might have desirable small sample
properties.

174 | However, ML does not produce unbiased estimates in general.

175 | For this reason, methodologists frequently use Monte Carlo simulations to assess the small
sample properties of estimators and provide users with rules of thumb about appropriate
sample sizes.

—
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Transformation-Induced Bias
Unbiased Coefficients Do Not Imply Unbiased Quantities of Interest”

Carlisle Rainey’

Abstract

Political scientists commonly focus on quantities of interest computed from model
coefficients rather than on the coefficients themselves. However, the quantities of in-
terest, such as predicted probabilities, first differences, and marginal effects, do nec-
essarily not inherit the small sample properties of the coefficient estimates. Indeed,
unbiased coefficients estimates are neither necessary nor sufficient for unbiased
estimates of the quantities of interest. I characterize this transformation-induced
bias, calculate an approximation, illustrate its importance with two simulation
studies, and discuss its relevance to methodological research.

Political scientists use a wide range of statistical models y; ~ f(6,), where i € {1,...,N } and
f represents a probability distribution. The parameter 0, is connected to a design matrix X of k
explanatory variables and a column of ones by a link function g, so that g(8,) = X;. In the
binary logit, for example, f represents the Bernoulli probability mass function and g represents
the logit function, so that y, ~ Bernoulli(r;) and 7; = logit™' (X, ).

The researcher usually estimates § with maximum likelihood (ML), and, depending on the
choice of g and f, the estimate # might have desirable small sample properties. However, ML
does not produce unbiased estimates in general. For this reason, methodologists frequently use
Monte Carlo simulations to assess the small sample properties of estimators and provide users
with rules of thumb about appropriate sample sizes. For example, the ML estimates of j for the
binary logit are biased away from zero, leading ?, p. 54 to suggest that “it is risky to use ML

with samples smaller than 100, while samples larger than 500 seem adequate.”

Although methodologists tend to focus on estimating moedel coefficients, substantive re-

searchers tend to focus on some other quantity of interest. A quantity of interest is simply a

“All computer code necessary for replication is available at github.com/carlislerainey/nansformation-induced-
bias and dx.doi.org/10.7910/DVN/CYXFBS8 (?).

"Carlisle Rainey is Assistant Professor of Political Science, Texas A&M University, 2010 Allen Building, College
Station, TX, 77843 (cramney@tamu.edu).
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L JON | RStudio

© - ORI~ = | A Goto file/function o ~ Addins ~ [®] Project: (None) ~
@ template.Rmd e Environment History Connections (! (|
i v CKnit v 0« Insert - ! #Run~ ‘G- =
1- _: v A i - b Files Plots Packages Help Viewer = ]
2 title: "Template” 0 | Jla “& Publish -~ (5
3  output: github_document
s T ]
: emplate
6~ "' {r setup, include=FALSE} 3
7 knitr::opts_chunk$set(echo = TRUE)
g
9 R Markdown

10 ~ ## R Markdown

11
12 This is an R Markdown document. Markdown is a simple formatting syntax for authoring HTML, PDF, and This is an R Markdown document. Markdown is a simple formatting syntax for authoring HTML, PDF, and MS

MS Word documents. For more details on using R Markdown see <http://rmarkdown.rstudio.coms>. . . .
13 o Word documents. For more details on using R Markdown see http://rmarkdown.rstudio.com.
14 When you click the **Knit** button a document will be generated that includes both content as well

as the output of any embedded R code chunks within the document. You can embed an R code chunk like When you click the Knit button a document will be generated that includes both content as well as the output

this: e " ;
15 ' of any embedded R code chunks within the document. You can embed an R code chunk like this:
16~ ~ " {r cars} =z
17 summary(cars)
18 summary(cars)
19
20 - ## Including Plots
21 .
22 You can also embed plots, for example: ## _ speed _ dist
23 ## Min. ¢ 4.0 Min. i 2.00
24 - " *{r pressure, echo=FALSE} = ## 1st Qu.:12.0 1st Qu.: 26.00
25 plot(pressure) ## Median :15.8 Median : 36.00
26 ## Mean :15.4 Mean : 42.98
4 ## 3rd Qu.:19.@ 3rd Qu.: 56.00
28 Note that the “echo = FALSE"™ parameter was added to the code chunk to prevent printing of the R ## Max. :25.9 Max. :120.00

code that generated the plot.
29

Including Plots
You can also embed plots, for example:
3 o
S}
3:24  E Template + R Markdown *
Console G0 o










Homework 1: Intro

e Conceptual Homework: Several
readings and exercises; data sets,
research design, computational research

e Computational Homework

e Part 1: Installing and testing software
(long and tedious)

e Part 2: Practice making a data set
e Part 3: Practice loading a data set

* Reflection: What did you learn? _.~~



