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Causal Inference

What do you think is causal inference?
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Causal Inference

• causal: relationship between things where one causes the other

• inference: to derive as a conclusion from facts or premises

Causal inference is the attempt to derive causal connection based
on the conditions of the occurrence of an effect
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Causal Inference

• Most questions that empirical (political) scientist are
interested in are causal questions
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Causal Inference

Examples from Political Science
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Causal Inference

Do you think one of these questions is harder to answer than the
others?
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Causal Inference

Think of the causal effect as the difference between what happened
and what could have happened with/without a treatment (or
change in X)

How do we measure the causal effect?
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Is there a causal effect of democracy on child mortality?
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Is there a causal effect of democracy on child mortality?

What if Kuwait was more democratic?
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How would you know if two variables are causally related?

X → Y ?

T → Y ?
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How would you know if two variables are causally
related?

Florian Hollenbach 12



How would you know if two variables are causally related?

• they occurr together?

• if X goes up, Y goes up

• if X happens, Y happens

• if T, then change in Y

If two things happen together a lot, we say they are correlated
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Is correlation sufficient for causation?

Is correlation sufficient for causation?
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Is correlation sufficient for causation?

NO
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Is correlation sufficient for causation?

NO

Florian Hollenbach 16



Is correlation sufficient for causation?

NO
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Causal Inference - Concepts

• Key causal variable: Treatment (T)

• Two potential outcomes: Y with T = 0 and Y with T = 1

Example:

• Treatment: getting BS in political science instead of BA

• potential outcomes: Salary after getting BS (Y (T = 1)) or
after BA (Y (T = 0))
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Why is causal inference so hard?

• The causal effect of a treatment is the difference in the
outcome with and without the treatment: Y(T = 1) - Y(T =
0) → Y(1) - Y(0)

• Why might this be a problem?
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Fundamental Problem of Causal Inference

We never observe the counterfactual, i.e. the outcome if the
treatment condition was different

Example:

• Treatment: getting BS in political science instead of BA

• Potential outcomes: Salary after getting BS (Y (T = 1)) or
after BA (Y (T = 0))

• For each of you we only observe one outcome
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Fundamental Problem of Causal Inference

Examples:

• We don’t observe Kuwait as a democracy

• You don’t know how you would feel if you didn’t drink that
coffee

• We don’t know how the world/US would look if Clinton had
won the election
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Interlude

What is College about?
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Interlude

What is College about?
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Fundamental Problem of Causal Inference
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How can we estimate the causal effect?

• We try to estimate the average causal effect in our sample
(SATE) by comparing groups

• In our sample, does the Treatment on average cause a change
in Y?

But again we only observe one outcome per person!
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How can we find the causal effect?

Solution: We compare the average of those who received the
treatment (treated group) to the average of those who did not
(control group)

Is this enough?

Are the two groups comparable?
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Experiments/Randomized Control Trials

• In Randomized Control Trials the researcher assigns treatment
and control group status

• By randomizing the assignment, we guarantee that the two
groups are comparable (on average the same) in all other
dimensions

• The random assignment balances out treatment and control
group
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Experiments/Randomized Control Trials
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Experiments/Randomized Control Trials
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Experiments/Randomized Control Trials

• On average the two groups are going to be the same on all
(pre-treatment) dimensions

• The difference in the outcome is therefore caused by the
treatment
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Experiments/Randomized Control Trials
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Experiments/Randomized Control Trials

Internal validity vs external validity

Florian Hollenbach 31



Experiments/Randomized Control Trials

• People may behave differently because they are observed
(Hawthorne effect)

• People may behave differently because they expect the
treatment to work (placebo effect)
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Experiment on Exclusionary Attitudes

Causal Effect of Intergroup Contact on Exclusionary Attitudes – by
Ryan D. Enos

Causal effect of intergroup contact on
exclusionary attitudes
Ryan D. Enos1

Department of Government, Harvard University, Cambridge, MA 02138

Edited by David D. Laitin, Stanford University, Stanford University, CA, and approved January 21, 2014 (received for review September 18, 2013)

The effect of intergroup contact has long been a question central
to social scientists. As political and technological changes bring
increased international migration, understanding intergroup con-
tact is increasingly important to scientific and policy debates.
Unfortunately, limitations in causal inference using observational
data and the practical inability to experimentally manipulate
demographic diversity has limited scholars’ ability to address the
effects of intergroup contact. Here, I report the results of a ran-
domized controlled trial testing the causal effects of repeated in-
tergroup contact, in which Spanish-speaking confederates were
randomly assigned to be inserted, for a period of days, into the
daily routines of unknowing Anglo-whites living in homogeneous
communities in the United States, thus simulating the conditions
of demographic change. The result of this experiment is a signifi-
cant shift toward exclusionary attitudes among treated subjects.
This experiment demonstrates that even very minor demographic
change causes strong exclusionary reactions. Developed nations
and politically liberal subnational units are expected to experience
a politically conservative shift as international migration brings
increased intergroup contact.

intergroup attitudes | field experiment | political science | psychology |
immigration

Under general conditions, contact between members of dif-
ferent social-identity groups is positively correlated with

between-group discriminatory attitudes and behaviors (1) and is
often related to reduced social capital (2), inefficient resource
distribution (3), lack of democratic consensus (4), and violent
conflict (5, 6).
Intergroup contact is a common outcome of demographic

diversity, which has long been a central social issue in plural
societies (7) and a political issue since the rise of nation states
(8). Furthermore, demographic change, and the accompanying
intergroup contact, is an increasingly important issue as eco-
nomic and technological changes spur population movements
from less economically to more economically advanced nations.
However, the problem of identifying the causal effects of in-

tergroup contact is among the most vexing in social science.
Despite its widely accepted importance in both academic and
policy circles, this problem has remained intractable—even with
the many advances in social science—because of an inability
to experiment on intergroup contact (9). In addition to this
inability, the causal mechanisms remain disputed: Proposed
mechanisms for the correlation between intergroup contact
and intergroup conflict include evolutionary (10, 11), cognitive
(12), economic (13, 14), and political (15) processes.
Here I report the results of a randomized controlled trial

identifying the effects of increased intergroup contact under
conditions similar to demographic change. The experiment
randomly assigned repeated real-world contact, over an ex-
tended period, between individuals of different ethnic groups in
the United States. People exposed to the outgroup underwent a
strong exclusionary shift, relative to a control group, in their atti-
tudes toward the outgroup. However, this effect may have weak-
ened with repeat contact. Furthermore, the subjects exposed to the
outgroup did not similarly alter their opinions about other groups
that were unrelated to the treatment. The results identify a causal
effect of intergroup contact under real-world conditions and

addresses the reactions that should be expected of native pop-
ulations exposed to increased cross-national immigration.
Despite a large body of literature and important findings

across a number of fields, observational studies of the effects of
diversity can suffer from problems of selection, making it very
difficult to understand the causal effects of diversity on behavior
(16–19). Complicating matters further, some theories have even
proposed that under specific conditions, intergroup contact may
lead to more positive attitudes toward outgroup members (20, 21).
Even when clear observational correlations can be drawn be-

tween demographic change and behavior, we still cannot know if
it is the contact itself that causes the behavior. For example, the
widely observed antagonistic behavior toward African Americans
by city-dwelling whites in the United States in the 1960s (22–24)
may not have been directly caused by demographic change.
Another plausible explanation is that opportunistic politicians
exploited potential intergroup hostilities (25, 26), thereby
causing hostility that would not otherwise have existed. Some
scholars have made use of longitudinal studies of attitudes
(27), but even these, although yielding valuable insights, cannot
overcome problems of selection (19) and other confounding
issues (17).
Scholars have recognized this difficulty and have extensively

used laboratory experiments to study the phenomenon of in-
tergroup contact (28). These demonstrations have greatly en-
hanced the theoretical understanding of intergroup conflict by
detecting short-term correlations between group-based identities
and individual discriminatory behavior, and by refining our un-
derstanding of the conditions under which conflict occurs (29,
30). However, these experiments lack the important externally
valid condition of repeated, interpersonal contact that accom-
panies demographic change (9, 21). This condition is important
because real-world demographic change involves the extended

Significance

There is generally conflict when members of different social
groups, such as racial, ethnic, or religious groups, come in
contact in the same geographic area. This phenomenon is
commonly observed across a variety of settings. However, the
cause of such conflict is poorly understood: Some theorists
have argued that contact between groups is insufficient to
cause conflict and that, under certain conditions contact may
lead to improved intergroup relations. Although most theories
of contact propose that repeated contact between individuals
is important to the disposition of intergroup attitudes, exper-
imenting on the effects of repeated contact has proven diffi-
cult. Here, I report a randomized controlled trial that assigns
repeated intergroup contact between members of different
ethnic groups. The contact results in exclusionary attitudes
toward the outgroup.
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Experiment on Exclusionary Attitudes

interaction—or potential for interaction—between social groups,
even if not between the same individuals. This extended in-
teraction, under the right conditions, may lead to a reduction in
prejudicial attitudes because of stereotype reduction (21, 31) or
simply because a reduction in the novelty of contact reduces the
salience of the outgroup (32). Scholars have also raised concerns
about the generality of laboratory experiments for many forms of
intergroup conflict (33, 34).
Recognizing this limitation, scholars have resourcefully made

use of “natural experiments,” where the variation in contact can
be seen “as if random” and the contact between group members
is repeated. These experiments have included such circum-
stances as the “as if random” assignment of college roommates
of different races (35–37). Although such studies are valuable,
their limitations include the external validity of the contact: the
narrowly applicable situation of cohabitation rather than the
more common experience of living in a diverse community (34),
the unrepresentative nature of United States college students
(38), and the not truly random nature of the assignment (39).
A widely studied mechanism for the connection between di-

versity and intergroup conflict, recognized by economists (29),
political scientists (40), psychologists (41), and sociologists (42),
is that the mere presence of a proximate outgroup leads to an-
tipathy. This mechanism is often referred to as “Group Threat.”
With this mechanism, elite manipulation, economic or political
pressure, or other such social and political factors are not nec-
essary for conflict. Rather, the mere presence of the outgroup
causes negative reactions, possibly because proximity increases
the salience of the outgroup, thereby activating negative stereo-
types (43, 44).
Ideally, to experimentally test for the effects of intergroup

contact as experienced in the real world and to test for Group
Threat or other mechanisms, a researcher would randomly assign
some people to experience demographic change and then ob-
serve the subsequent behavioral changes in those people com-
pared with a control group; for example, perhaps by randomly
acquiring homes in demographically homogeneous communities
and moving in members of a demographic outgroup. However,
practical and ethical concerns make such an experiment infeasible.
In the experiment reported here, I approximate this hypo-

thetical experiment by randomly assigning some people to
repeatedly encounter members of a demographic outgroup,
thereby simulating the effects of demographic change. This

was accomplished by sending a small number of Spanish-speaking
confederates to commuter train stations in homogeneously Anglo
communities every day, at the same time, for 2 wk.
The experiment leveraged the tendency for commuters to ride

the same train every day. I treated certain trains by assigning
pairs of Spanish-speaking persons to visit the same train stations
at the same time every day. Within each train station, these ex-
perimental confederates were the same persons every day. Other
trains were randomly assigned to the control condition and had
no intervention at the stations. Subjects were surveyed about
their socio-political attitudes before and after the treatment.
With this design, subjects were exposed to the same Spanish-
speaking persons in a location near their homes for an extended
period, as would be the situation if immigrants had moved into
their neighborhood and used the public transportation. With this
design, I experimentally manipulated the conditions of demo-
graphic change and, by comparing changes in survey responses
before and after the treatments, I identified the effect of expo-
sure to these Spanish-speaking persons.
The experiment was conducted in the Boston, MA metro-

politan area in homogeneously Anglo communities. The growing
Latino community in the United States is bringing demographic
change (45), but the change is uneven, with some communities
relatively unaffected. The relatively stable homogeneity of the
chosen area allows for experimentation. The population of
Massachusetts was 9.9% Hispanic origin in 2011, compared with
16.7% of the population of the United States as a whole. The
Boston suburban communities with commuter rail stations were,
on average, just 4.4% Hispanic in 2010 (Fig. 1). The skewed
distribution of Latinos in the United States (Fig. 1) shows the
relevance of this test for understanding the impact of de-
mographic change, both in the United States and in other
countries, with influxes of immigration. Although the mean
Census Tract in the United States is 13.8% Hispanic, the median
is only 5.2%. The Census Tracts used in this experiment had
a mean of just 2.8% Hispanic, making the communities tested
here both demographically typical and representative of the type
of community in which demographic change has not already
occurred. The observed response to simulated demographic
change in still relatively homogeneous communities can shed
light on whether homogeneous localities will experience changes
in attitudes toward immigrants as population change occurs.

BA

Fig. 1. Distribution of Hispanic persons (of any race) by Census Tract in the United States and in the experiment location in 2010. (A) Frequency of Census
Tracts by percent Hispanic in the United States. Purple dots are percent Hispanic in Census Tracts containing an MBTA station and red triangles are the stations
used in the experiment. Dotted vertical lines indicate the means in the United States (black), all tracts containing MBTA stations (purple), and in stations used
in the experiments (red). (B) Hispanic persons (of any race) by Census Tract and MBTA stations used in experiment area. Purple dots are MBTA stations and red
dots are the stations used in the experiment.

3700 | www.pnas.org/cgi/doi/10.1073/pnas.1317670111 Enos
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Experiment on Exclusionary Attitudes

Results
Experiment. Nine commuter rail stations were selected for the
experiment (Fig. 1). In each station, several trains come through
during the morning rush hour. Each of these trains is a potential
“treatment unit” and randomization occurs at the treatment-unit
level. Within each station, I examined the potential treatment
units and selected two trains, so that there was a matched pair of
units within each station. Under the assumption that people with
similar characteristics tend to ride the train at the same time,
I selected pairs that were close together in time so that the
treatment units within each station would have similar pas-
sengers. Within a matched pair of train times at each station, one
was randomly assigned to treatment and one to control, resulting
in 18 matched pairs of train times. This design means that we
should expect subjects in the treatment and control conditions
to be, in expectation, identical. Balance between treatment and
control is shown in Materials and Methods.
The passengers in the experimental sample were self-reported

83% white and 4% Hispanic. Survey results confirmed that
routinized behavior is common among them. Pretreatment, 88%
said they took the train every weekday and 98% said they took it
at least three times a week. Posttreatment, respondents indicated
that over the 10 working days of the experiment, 78% had caught
the train at the exact same time every day, and 96% indicated
they had missed their usual train two or fewer times.
I hired pairs of native Spanish-speaking confederates to wait

on the platform with the commuters assigned to treatment.
These confederates were blind to the hypothesis and purpose of
the experiment. (After the experiment, the confederates were
fully debriefed on the purpose of the experiment. They were
compensated at an hourly rate for their time and paid a bonus
for completing the entire task successfully.) The confederates
successfully treated every assigned unit on every day of the
experiment. They were given no specific instructions about
speaking or otherwise interacting with anyone on the platform.
They did report conversations that occasionally occurred when
other passengers asked for directions or other such normal
interactions that might occur at a train station.
A crucial feature of this experimental design is that people on

the platform assume that the confederates are Hispanic. In the
Supporting Information, I establish that the confederates were
likely to have been seen as Hispanic foreigners by Anglos at the
train stations, but were not extraordinary-looking persons who
would have been unusually threatening compared with similar
Anglo or Hispanic whites.
Five days before the beginning of the treatment, subjects on

the train platform, in both the treatment and control groups,
were induced by payment to complete a Web-based survey (T1).
After the treatment, subjects who completed the survey and
provided a valid e-mail address were then invited, via e-mail, to
complete a second round of the survey, with the same attitudinal
questions (T2). Among the subjects eligible to take the second
round, half were randomly assigned to receive the second survey

after 3 d of treatment and half were assigned to receive the
second survey after 2 wk (10 working days) of treatment.
With the survey, I collected pretreatment political and de-

mographic characteristics, opinions about their community, and
posttreatment questions about commuting during the period of
the treatment. The survey also collected three dependent vari-
ables about exclusionary policies:

i) “Do you think the number of immigrants from Mexico who
are permitted to come to the United States to live should be
increased, left the same, or decreased?”

ii) “Would you favor allowing persons that have immigrated to
the United States illegally to remain in the country if they are
employed and have no criminal history?”

iii) “Some people favor a state law declaring English as the
Official Language. Some other people oppose such a law.
Would you favor such a law?”

No other variables about immigration policy or exclusionary
attitudes were collected.

Results. The experiment shifted the attitudes of the treatment
group relative to the control in an exclusionary direction between
T1 and T2 on all of the policy questions and especially strongly
for the first two questions. The results are presented in the first
“All respondents” column of Table 1. This column lists the av-
erage treatment effect (ATE) with the P value of the estimate
in parentheses. Positive numbers represent more exclusionary
attitudes. The T1 level of the responses with SDs is listed in the
second “All respondents” column of Table 1. The ATEs repre-
sent changes of 0.330, 0.201, and 0.082 in normalized SD units.
Treated subjects were far more likely to advocate a reduction

in immigration from Mexico and were far less likely to indicate
that illegal immigrants should be allowed to remain in this
country. The ATEs and associated SEs allow me to reject the
Null Hypothesis of no effect with a high degree of confidence.
The ATE on favoring English as an official language, although in
the same exclusionary direction, is smaller and does not allow me
to reject the Null Hypothesis. However, baseline rates for this
question are considerably higher (0.610, 0–1 scale) than for the
other questions, indicating relatively high support for English as
an official language, regardless of treatment.
The confederates reported, without directly being asked, that

persons noticed and displayed some unease with them: for ex-
ample reporting that “Because we are chatting in Spanish, they
look at us. I don’t think it is common to hear people speaking in
Spanish on this route.” After the experiment, the confederates
reported that other passengers were generally friendly to them
but also reported that they felt people noticed them for “not
being like them and being Latino.”
Separately, I limited the analysis to people who indicated that

they wait on the platform while waiting for the train rather than
waiting in their cars in nearby parking lots, because people who
remain in their cars are less likely to be exposed to the treatment

Table 1. Experiment results

Question All respondents Waits on platform All respondents

Question ATE (P)* CATE (P) T1 levels (SD)
Number of immigrants be increased?† 0.09 (0.008) 0.083 (0.012) 0.489 (0.272)
Children of undocumented be allowed to stay? 0.073 (0.016) 0.098 (0.016) 0.441 (0.362)
English as official language? 0.03 (0.27) 0.043 (0.152) 0.619 (0.364)
n 109 100 109

In the first “All respondents” column, ATE represents responses in T2-T1 for the treatment group compared with the control group
for the entire experimental sample. Positive values mean a more politically conservative response. In the “Waits on platform” column,
CATEs are the Conditional Average Treatment Effects for persons who said they stand on the platform, rather than wait in their cars. In
the second “All respondents” column, T1 levels and SDs for each variable for all respondents. All variables scaled 0–1.
*P values from a one-tailed test against the Null Hypothesis of no effect are in parentheses.
†Each of the questions allowed responses on a five-point scale ranging from strongly agree to strongly disagree (exact answers were
changed to be appropriate to the actual question).
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Experiment on Exclusionary Attitudes

Let’s look at the data!
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