
Chapter 2

Causality

Shallow men believe in luck, believe in circumstances. Strong
men believe in cause and effect.
—Ralph Waldo Emerson, The Conduct of Life

In this chapter, we consider causality, one of the most central concepts of quantitative social
science.Much of social science research is concernedwith the causal effects of various policies
and other societal factors. Do small class sizes raise students’ standardized test scores?Would
universal health care improve the health and finances of the poor? What makes voters turn
out in elections and determines their choice of candidates? To answer these causal questions,
one must infer a counterfactual outcome and compare it with what actually happens (i.e., a
factual outcome). We show how careful research design and data analysis can shed light on
these causal questions that shape important academic and policy debates. We begin with a
study of racial discrimination in the labormarket.We then introduce various research designs
useful for causal inference and apply them to additional studies concerning social pressure
and voter turnout, as well as the impact ofminimum-wage increases on employment.We also
learn how to employ relational and logical operators in Stata, subset data in different ways,
and compute basic descriptive statistics.

2.1 Racial Discrimination in the Labor Market

Does racial discrimination exist in the labor market? Or, should racial disparities in the
unemployment rate be attributed to other factors such as racial gaps in educational attain-
ment? To answer this question, two social scientists conducted the following experiment.1
In response to newspaper ads, the researchers sent out résumés of fictitious job candidates
to potential employers. They varied only the names of job applicants, while leaving the
other information in the résumés unchanged. For some candidates, stereotypically African
American–sounding names such as Lakisha Washington or Jamal Jones were used, whereas
other résumés contained stereotypically white-sounding names, such as EmilyWalsh or Greg

1This section is based onMarianne Bertrand and Sendhil Mullainathan (2004), “Are Emily andGregmore employable
than Lakisha and Jamal? A field experiment on labor market discrimination.” American Economic Review, vol. 94, no. 4,
pp. 991–1013.

© Copyright Princeton University Press. No part of this book may be 
distributed, posted, or reproduced in any form by digital or mechanical 
means without prior written permission of the publisher. 

For general queries contact webmaster@press.princeton.edu.



2.1 Racial Discrimination in the Labor Market 33

Table 2.1. Résumé Experiment Data.

Variable Description

firstname first name of fictitious job applicant
sex sex of applicant (female or male)
race race of applicant (black or white)
call whether a callback was made (1= yes, 0= no)

Baker. The researchers then compared the callback rates between these two groups and
examined whether applicants with stereotypically black names received fewer callbacks than
those with stereotypically white names. The positions to which the applications were sent
were in sales, administrative support, clerical, or customer services.

Let’s examine the data from this experiment in detail. We begin by setting the work-
ing directory and loading the file resume.dta into Stata with the use command.
You may also use the drop-down menu File > Open, selecting the appropriate folder
and file name. Table 2.1 presents the names and descriptions of the variables in this
data set.

. cd causality

. use resume, clear

The resume data set is an example of experimental data. Experimental data are collected
from an experimental research design, in which a treatment variable, or a causal variable of
interest, is manipulated in order to examine its causal effects on an outcome variable. In this
application, the treatment refers to the race of a fictitious applicant, implied by the name
given on the résumé. The outcome variable is whether the applicant receives a callback. We
are interested in examining whether or not the résumés with different names yield varying
callback rates.

Experimental research examines how a treatment causally affects an outcome by
assigning varying values of the treatment variable to different observations and
measuring their corresponding values of the outcome variable.

By viewing the Properties window or using the describe command, we can see that
resume consists of 4,870 observations and 4 variables. Each observation represents a
fictitious job applicant. The outcome variable is whether the fictitious applicant received
a callback from a prospective employer. The treatment variable is the race and gender of
each applicant, though more precisely the researchers were manipulating how potential
employers perceive the gender and race of applicants, rather than directlymanipulating those
attributes.
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34 Chapter 2: Causality

. describe

Contains data from resume.dta

obs: 4,870

vars: 4 6 Jun 2020 11:47

storage display value

variable name type format label variable label

firstname str8 %9s

sex str6 %9s

race str5 %9s

call byte %8.0g

Sorted by:

As discussed in chapter 1, the data set can be displayed in a spreadsheet-like format using
browse or edit. Alternatively, we can look at the first several observations of the data
set using the list command. We use the in option to limit the number of listed obser-
vations to only the first six. We specify the observation with which we would like to start
before the slash. We start with the first observation in our example. The slash then tells
Stata to include all observations up to and including that specified after the slash (in this
example, the sixth observation). Before, we specified particular variables after the list com-
mand, but here we use Stata’s wildcard character *, which will include all variables in the
data set.

. list * in 1/6

firstn~e sex race call

1. Allison female white 0

2. Kristen female white 0

3. Lakisha female black 0

4. Latonya female black 0

5. Carrie female white 0

6. Jay male white 0

The results show that the second observation contains a résumé of Kristen, identified as a
white female who did not receive a callback. To save this original ordering of the data, we can
assign a unique identification number to each observation using the generate command
with the _n indexing variable, introduced in chapter 1. We store the sequential numbering
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2.1 Racial Discrimination in the Labor Market 35

of rows in a newly created variable called id. The sort command then allows us to return
to this ordering at any point in our analysis.

. generate id = _n

We can get a summary of the data using the modes package installed in the previous chapter
or by using thetabulate command. Themodes commandwill showus themost frequently
occurring value of a variable. Tamika is the most commonly occurring first name. Adding
the nmodes(5) option displays the top five most frequently occurring names. For example,
there were 230 résumés with Latonya as the first name of the applicant

. modes firstname

firstname Freq.

Tamika 256

. modes firstname, nmodes(5)

firstname Freq.

Allison 232

Anne 242

Emily 227

Latonya 230

Tamika 256

Usingtabulate, we can also compute summary statistics for gender, race, and callback rate.
Rather than typing a tabulate command for each variable, tab1 allows us to truncate three
tabulate command lines into a single line.

. tab1 sex race call

-> tabulation of sex

sex Freq. Percent Cum.

female 3,746 76.92 76.92

male 1,124 23.08 100.00

Total 4,870 100.00
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36 Chapter 2: Causality

-> tabulation of race

race Freq. Percent Cum.

black 2,435 50.00 50.00

white 2,435 50.00 100.00

Total 4,870 100.00

-> tabulation of call

call Freq. Percent Cum.

0 4,478 91.95 91.95

1 392 8.05 100.00

Total 4,870 100.00

The resulting tabulations indicate the number of résumés for each gender and race, as well
as the overall proportion of résumés that received a callback (8.1%). They also show that the
data set contains the same number of black and white names, while there are many more
female than male applicants.

We cannowbegin to answerwhether or not the résuméswithAfricanAmerican–sounding
names are less likely to receive callbacks. To do this, we create a cross-tabulation summariz-
ing the relationship between the race of each fictitious job applicant and whether a callback
was received. The resulting two-way contingency table contains the number of observations
that fall within each category, defined by its corresponding row (race variable) and column
(call variable).

. tabulate race call

call

race 0 1 Total

black 2,278 157 2,435

white 2,200 235 2,435

Total 4,478 392 4,870

The table shows, for example, that among 2,435 (= 2,278+ 157) résumés with stereotypically
black names, only 157 received a callback. Adding the row option computes the callback rate,
or the proportion of those who received a callback, for the entire sample and for black and
white applicants. As recommended in chapter 1, we annotate our codewith comments, which
are preceded by an asterisk (*).

. * overall callback rate: total callbacks divided by the sample size

. tabulate race call, row
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2.1 Racial Discrimination in the Labor Market 37

Key

frequency

row percentage

call

race 0 1 Total

black 2,278 157 2,435

93.55 6.45 100.00

white 2,200 235 2,435

90.35 9.65 100.00

Total 4,478 392 4,870

91.95 8.05 100.00

From this analysis, we observe that the callback rate for the résumés with African American–
sounding names is .032, or 3.2 percentage points, lower than those with white-sounding
names. While we do not know whether this is the result of intentional discrimination,
the lower callback rate for black applicants suggests the existence of racial discrimination
in the labor market. Specifically, our analysis shows that the same résumé with a black-
sounding name is substantially less likely to receive a callback than an identical résumé with
a white-sounding name.

Rather than looking at the proportion of a sample falling into each cross-category (or cell),
we may want to directly compute the mean of one variable across categories, particularly
when we are dealing with continuous variables. For this, we combine the tabulate com-
mand with the summarize() option to view the callback rate for each race. Here, call
is a binary variable that takes the value of 1 if a potential employer makes a callback and 0
otherwise. In general, the sample mean of a binary variable equals the sample proportion of
1s, but our key outcome or variable of interest will not always be binary. Using tabulate
with summarize additionally provides us with the standard deviation of the callback rate
for each race, which we discuss later.

. tabulate race, summarize(call)

Summary of call

race Mean Std. Dev. Freq.

black .06447639 .24565008 2,435

white .09650924 .295349 2,435

Total .08049281 .27208256 4,870
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38 Chapter 2: Causality

To calculate separate means by race, we could also use the summarize command together
with the if qualifier, which we introduce in the next section.

2.2 Subsetting the Data in Stata

In this section, we learn how to subset a data set in various ways. We first introduce rela-
tional operators such as “greater than” (>), “less than” (<), and “equal to” (==).We then review
logical operators, including “AND” and “OR.” We show how relational and logical operators
can be used to specify the observations and variables to be extracted from a data set. They can
also be used to generate new, or replace values of existing, variables. At the end of this section,
we demonstrate how the keep and drop commands allow us to select or drop observations
based on specified conditions.

2.2.1 RELATIONAL OPERATORS
Relational operators evaluate the relationships between two values. They include “greater

than” (>), “greater than or equal to” (>=), “less than” (<), “less than or equal to” (<=), “equal
to” (==, which is different from =), and “not equal to” (!= or ∼=). These operators return
logical values of 1 if true and 0 if false.

As reviewed in chapter 1, we use a single equals sign (=) to assign a variable a numeric
or string value. The expression generate x = 2, for example, tells Stata to create a vari-
able named x and assign to it the value of 2. A double equals sign (==), on the other hand,
asks Stata to evaluate the expression that the first object is equal to the second object. If the
condition is met, Stata returns a value of 1. If the condition is not met, Stata returns a value
of 0. Using the display command, we can see that Stata returns a 0 or 1 for the relational
operators we have introduced. We place parentheses around the string comparisons because
Stata will otherwise read the initial double quotations as the start of a string to be displayed
in the Results window, generating an error message.

. display 4 == 4

1

. display 4 > 3

1

. display ("Hello" == "hello") // Stata is case sensitive

0

. display ("Hello" != "hello")

1

We can also apply relational operators to all observations of a variable in order to quickly
generate new variables by using the if qualifier. When applied to a variable, the operators
evaluate each observation separately. If an observation satisfies the relational condition that
follows the if qualifier, Stata performs a specified operation on the observation. If the con-
dition is not met, Stata does nothing. We create the binary variable abovefour to indicate
whether the person’s identification number, which we created earlier using notation _n, is
greater than or equal to 5. Because of our specification in this instance, Stata will assign a
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2.2 Subsetting the Data in Stata 39

value of 1 only when a statement is true; it will assign a missing value if false. Listing the first
10 consecutive observations confirms our conditional assignment.

. generate abovefour = 1 if id >= 5

(4 missing values generated)

. list id abovefour in 1/10

id abovef~r

1. 1 .

2. 2 .

3. 3 .

4. 4 .

5. 5 1

6. 6 1

7. 7 1

8. 8 1

9. 9 1

10. 10 1

2.2.2 LOGICAL OPERATORS
As previously shown, Stata evaluates relational operators with logical values of 1 if true and

0 if false. We can also produce logical values with the logical operators & and | , respectively
corresponding to logical conjunction (“AND”) and logical disjunction (“OR”). The value of
“AND” (&) is TRUE only when all specified conditions have a value of TRUE. The syntax
below illustrates how Stata deals with different logical constructs. Because there are multiple
conditions in our statement, we place parentheses around each for increased legibility.

. * FALSE & TRUE

. display (5 == 4) & (5 < 10)

0

. * TRUE & TRUE

. display (5 > 4) & (5 < 10)

1

The value of “OR” (|) is TRUE when at least one of the conditions has the value TRUE.

. * FALSE | TRUE

. display (5 == 4) | (5 < 10)

1
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40 Chapter 2: Causality

Table 2.2. Logical Conjunction “AND” and Disjunction “OR”.

Statement a Statement b a AND b a OR b

TRUE TRUE TRUE TRUE
TRUE FALSE FALSE TRUE
FALSE TRUE FALSE TRUE
FALSE FALSE FALSE FALSE

The table shows the value of aAND b and that of aOR bwhen statements a and b are either TRUE or FALSE.

. * FALSE | FALSE

. display (5 == 4) | (5 == 10)

0

We summarize these relationships in table 2.2. For example, if one statement is FALSE and
the other is TRUE, then the logical conjunction of the two statements is FALSE but their
logical disjunction is TRUE (the second and third rows of the table).

With the same principle in mind, we can also chain multiple comparisons together where
all elements must be TRUE in order for the syntax to return TRUE.

. * TRUE & FALSE & TRUE

. display (5 > 1) & (5 == 6) & (7 < 10)

0

Furthermore, “AND” and “OR” can be used simultaneously, but parentheses should again be
used to avoid confusion.

. * (TRUE | FALSE) & FALSE - the parentheses evaluate to TRUE

. display (5 > 4 | 5 == 3) & (7 < 5)

0

.

. * TRUE | (FALSE & FALSE) - the parentheses evaluate to FALSE

. display (5 > 4) | (5 == 3 & 7 < 5)

1

As we show in the next section, we can not only combine the logical operations “AND”
and “OR,” but we can also include different conditions for more than one variable. We use
these conditions to create new variables and to subset the data.

2.2.3 SIMPLE CONDITIONAL STATEMENTS AND VARIABLE CREATION
We can create new variables that store the results of relational and logical operations. For

example, we can apply a simple conditional statement using the cond() function to create
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2.2 Subsetting the Data in Stata 41

a new binary variable called BlackFemale. This variable will equal 1 if the job applicant’s
name sounds black and female, and 0 if otherwise. The function cond(X, Y, Z) contains
three elements. For each observation in X that is TRUE, the corresponding value listed in Y
is returned. In contrast, for each observation in X that is FALSE, the corresponding value in
Z is returned. We create a numeric variable BlackFemale with the following syntax.

. generate BlackFemale = cond(race == "black" & sex == "female", 1, 0)

The first argument within the parentheses race == "black" & sex == "female"
sets the logical and relational conditions (i.e., black AND female-sounding names) to
be tested. The next arguments respectively specify the values to be assigned to the
BlackFemale variable should the conditions be true 1 or false 0. Stata will code any obser-
vations where the condition is not true as 0. Even observations with missing values will be
coded as 0. But wemight want an observation that has amissing value forrace orsex to also
have a missing value for BlackFemale since we do not know whether both conditions are
met. In Stata, missing values are denoted by a period (.) for numeric variables and double quo-
tations ("") for string variables.We can use thereplace command to recodeBlackFemale
as missing if either variable has a missing value. We discuss missingness later in chapter 3.

. replace BlackFemale = . if race == "" | sex == ""

(0 real changes made)

Stata informed us that zero changes were made, whichmeans none of the observations in our
data set were missing values on race or sex. Using tabulate with the if qualifier, we can
then see that the BlackFemale variable equals 1 only when a résumé belongs to an African
American female, and 0 otherwise.

. * confirming the accuracy of our code

. tabulate race sex if BlackFemale == 0

sex

race female male Total

black 0 549 549

white 1,860 575 2,435

Total 1,860 1,124 2,984

. tabulate race sex if BlackFemale == 1

sex

race female Total

black 1,886 1,886

Total 1,886 1,886
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42 Chapter 2: Causality

In addition to binary variables, we may want to create a new factor variable (or factorial vari-
able) in Stata using relational and logical operators. A factor variable is another name for a
categorical variable that takes a finite number of distinct values or levels. Here, we wish to
create a factor variable called type that takes a numeric value for each of the four combina-
tions of race and gender (i.e., black female, blackmale, white female, white male). We start by
creating a variable assigned all missing values. We assign a new value with each race-gender
category and label the variable values as reviewed in chapter 1.

. generate type = .

(4,870 missing values generated)

. replace type = 1 if race == "black" & sex == "female"

(1,886 real changes made)

. replace type = 2 if race == "black" & sex == "male"

(549 real changes made)

. replace type = 3 if race == "white" & sex == "female"

(1,860 real changes made)

. replace type = 4 if race == "white" & sex == "male"

(575 real changes made)

.

. label define typecat 1 "Black Female" 2 "Black Male" 3 "White Female" 4 "White

Male"

. label values type typecat

The tabulate command can be applied to obtain the number of observations that fall
into each level. We can likewise see the numeric value assigned to each level by adding the
nolabel option.

. * number of observations for each level

. tabulate type

type Freq. Percent Cum.

Black Female 1,886 38.73 38.73

Black Male 549 11.27 50.00

White Female 1,860 38.19 88.19

White Male 575 11.81 100.00

Total 4,870 100.00

.

. tabulate type, nolabel

type Freq. Percent Cum.

1 1,886 38.73 38.73
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2.2 Subsetting the Data in Stata 43

2 549 11.27 50.00

3 1,860 38.19 88.19

4 575 11.81 100.00

Total 4,870 100.00

Stata offers a shortcut group() function that can be used with the egen command to simi-
larly store all combinations between two ormore variables in a factor (or categorical) variable.
The label option retains the value labels attached to the grouping variables. When using
this option, then, it is important that the variables used for grouping have meaningful value
labels.

. egen type2 = group(race sex), label

. tabulate type2

group(race

sex) Freq. Percent Cum.

black female 1,886 38.73 38.73

black male 549 11.27 50.00

white female 1,860 38.19 88.19

white male 575 11.81 100.00

Total 4,870 100.00

The egen command provides extensions to the generate command by offering functions
that perform calculations across observations. This command allows users to calculate sam-
ple means, counts, standard deviations, and more. A list of the many possible functions with
instructions on their use can be found by typinghelpegen. Theegen command also allows
users to compute a number of functions across variables within an observation by addingrow
to the statistic, such as rowmean or rowsd.

2.2.4 SUBSETTING USING CONDITIONS
In addition to storing the results of relational and logical conditions in variables, we can

use these operations to subset the data. To illustrate, we may want to know the callback rate
for just black-sounding names in our sample. In section 2.1, we used the tabulate and
summarize commands. However, we can also use theif qualifier, which allows us to specify
relational and logical operations in our summary statistics. For example, instead of using
tabulate race, summarize(call), we can use summarizewith if to compute the
callback rate among the résumés with black-sounding names. We can similarly use if with
the tabulate command. Keep in mind that race is a string variable, so we need to include
quotations around the variable value.
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44 Chapter 2: Causality

. * callback rate for black-sounding names

. summarize call if race == "black"

Variable Obs Mean Std. Dev. Min Max

call 2,435 .0644764 .2456501 0 1

. tabulate call if race == "black"

call Freq. Percent Cum.

0 2,278 93.55 93.55

1 157 6.45 100.00

Total 2,435 100.00

Both commands subset the call variable to observations where the value for race is equal
to black. They provide summary statistics based on the subset of the data, both revealing
that the mean callback rate for a black-sounding name is approximately 6.4%.

We can also create multiple logical conditions across different variables to subset the
data. For example, we can calculate summary statistics for observations where race is
equal to black and sex is equal to female by using if with the “AND” logical operator.
Alternatively, we can use our newly created binary variable BlackFemale.

. * callback rate for females with black-sounding names

. summarize call if race == "black" & sex == "female"

Variable Obs Mean Std. Dev. Min Max

call 1,886 .0662778 .2488331 0 1

. summarize call if BlackFemale == 1

Variable Obs Mean Std. Dev. Min Max

call 1,886 .0662778 .2488331 0 1

2.2.5 PRESERVING AND TRANSFORMING DATA SETS
As shown, we can calculate descriptive statistics by subgroup using the if qualifier. How-

ever, we can also subset the data by altering the rows or columns of the data set itself, dropping
observations or variables we do not need. The keep command can be used to limit the data
set to only certain variables or, when used with the if or in options, to subset the data to
only observations meeting specified conditions. Similarly, the drop command will remove
listed variables from the data set or will drop observations that meet conditions set by the if
or in statements.
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2.2 Subsetting the Data in Stata 45

To continue our example, if we want our data set to only include résumés with black-
sounding names, we would use the command keep if race == "black" or drop if
race != "black". Once we drop the nonblack observations, we can directly compute
summary statistics for black-sounding names using only commands like summarize. The
if qualifier is no longer necessary.

Wemaywant to drop particular variables fromour data set, such as firstname or abovefour
(drop firstname abovefour). Usersmust be sure not to drop variables that are needed
in conditions that specify which observations to keep (or drop). For example, if we drop the
race variable, and then try to subset the data by keeping all observations where race is equal
to black, we will get an error because that variable no longer exists.

We can also create a summary data set using the collapse command. This command
aggregates the data, providing a summary of the sample means, medians, percentiles, sums,
minimum or maximum values, standard errors, and standard deviations. Users can specify
which of these statistics they would like, and for which variables, by placing the Stata name
for the statistic in parentheses, followed by the desired variables. For example, collapse
(mean) call (median) call (p25) call would provide the mean, median, and
25th percentile for our callback variable. We could add additional variables, and the full list of
statistics we could include in our command can be found by typinghelp collapse. When
no statistic is specified in the command, the default is to return the mean. Users can also
request that these statistics be calculated by subgroup using theby() option (e.g., collapse
call, by(race)). Multiple variables can be included in the by() specification, such as
sex and race to obtain summary statistics for every sex–race combination.

It is important to note that the keep, drop, and collapse commands will fundamen-
tally transformour data set. If wewish to access the original, full data set again, wewill have to
reload it. It is good practice to not write or save over original data. Running these commands
on their own risks overwriting the original data if we accidentally hit Save. Consequently, the
preserve and restore commands are helpful if we do not want to create new data sets.
The preserve command essentially takes a snapshot of our data when the command is
issued. We can make whatever changes we want to the data and then return to the preserved
version of the data by issuing the restore command.2

Let’s use the keep command to calculate the callback rate for black-sounding names.
We keep only the observations of résumés with black-sounding names and then compute
the callback rate using summarize. We use the preserve and restore commands so
the original data set is left intact. We first use the summarize command on the full sample
for comparison to the full-sample mean and number of observations prior to using keep.

. * original number of observations

. summarize call

Variable Obs Mean Std. Dev. Min Max

call 4,870 .0804928 .2720826 0 1

2If we are using preserve within a do-file, the data will be restored when the do-file stops running or when the
restore command is issued, whichever comes first.
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46 Chapter 2: Causality

.

. * subset blacks only

. preserve

. keep if race == "black"

(2,435 observations deleted)

. summarize call

Variable Obs Mean Std. Dev. Min Max

call 2,435 .0644764 .2456501 0 1

. tabulate race

race Freq. Percent Cum.

black 2,435 100.00 100.00

Total 2,435 100.00

. restore

We can see that the number of observations dropped from 4,870 to 2,435 after using thekeep
command. The tabulate command confirms that only black-sounding names are kept in
the data set.

Because the original data set has been restored, we can also use the collapse command
to create a summary data set that contains the mean for all specified variables. As mentioned,
collapse can be used to calculate other statistics, but the default calculation is the mean.
Readers may find it useful to use browse or edit to examine the data set both before and
after running the collapse command to see how the data set is transformed. Here, we
demonstrate how we can calculate the mean callback rate by sex and race. We again use the
preserve and restore commands to restore the original data.

. preserve

. collapse call, by(sex race)

. list

sex race call

1. female black .066278

2. female white .098925

3. male black .058288

4. male white .088696

. restore

© Copyright Princeton University Press. No part of this book may be 
distributed, posted, or reproduced in any form by digital or mechanical 
means without prior written permission of the publisher. 

For general queries contact webmaster@press.princeton.edu.



2.3 Causal Effects and the Counterfactual 47

It appears that the racial gap exists but does not vary across gender groups. For both female
and male job applicants, the callback rate is higher for whites than blacks by roughly 3
percentage points.

2.3 Causal Effects and the Counterfactual

In the résumé experiment, we are trying to quantify the causal effects of applicants’ names
on their likelihood of receiving a callback from a potential employer. What do we exactly
mean by causal effects? How should we think about causality in general? In this section,
we discuss a commonly used framework for causal inference in quantitative social science
research.

The key to understanding causality is to think about the counterfactual. Causal inference
is a comparison between the factual (i.e., what actually happened) and the counterfactual
(i.e., what would have happened if a key condition were different). Using sort to return the
data set to its original order, we see that the very first observation of the résumé experiment
data shows that a potential employer received a résumé with a stereotypically white female
first name Allison but decided not to call back (the value of the call variable is 0 for this
observation).

. * restore data to original order and view first observation

. sort id

. list firstname call in 1

firstn~e call

1. Allison 0

The key causal question here is whether the same employer would have called back if the
applicant’s name were instead a stereotypically African American name such as Lakisha.
Unfortunately, we would never observe this counterfactual outcome, because the researchers
who conducted this experiment did not send out the same résumé to the same employer
using Lakisha as the first name (perhaps out of fear that sending two identical résumés
with different names would raise suspicion among potential employers).

Consider another example in which researchers are interested in figuring out whether rais-
ing the minimum wage increases the unemployment rate. Some argue that increasing the
minimumwagemay not be helpful for the poor, because employers would hire fewer workers
if they have to pay higher wages (or hire higher-skilled instead of low-skilled workers). Sup-
pose that one state decided to raise the minimum wage and in this state the unemployment
rate increased afterwards. This does not necessarily imply that a higherminimumwage led to
the increase in the unemployment rate. To know the causal effect of increasing the minimum
wage, we would need to observe the unemployment rate that would have resulted if this state
had not raised the minimum wage. Clearly, we would never be able to directly survey this
counterfactual unemployment rate. Another example concerns the question of whether a job
training program increases one’s prospect of employment. Even if someone who actually had
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Table 2.3. Potential Outcome Framework of Causal Inference.

Callback
Black-sounding name

Resume i sounding name Ti Yi(1) Yi(0) Age Education

1 1 1 ? 20 College
2 0 ? 0 55 High school
3 0 ? 1 40 Graduate school
...

...
...

...
...

...
n 1 0 ? 62 College

The table illustrates the potential outcome framework of causal inference using the example of the résumé experiment.
For each résumé of fictitious job applicant i, either the black-sounding, Ti = 1, or white-sounding name, Ti = 0, is used.
The résumé contains other characteristics such as age and education, which are neither subject to nor affected by the
manipulation. For a résumé with a black-sounding name, we can observe whether or not it receives a callback from
the potential employer who received it, Yi(1), but will not be able to know the callback outcome if a white-sounding
name were used, Yi(0). For every résumé, only one of the two potential outcomes is observed and the other is missing
(indicated by “?”).

received job training secured a job afterwards, it does not necessarily follow that it was the
job training program that led to the employment. The person may have become employed
even in the absence of such a training program.

These examples illustrate the fundamental problemof causal inference, which arises because
we cannot observe the counterfactual outcomes. We refer to a key causal variable of interest
as a treatment variable, even though the variablemay have nothing to do with amedical treat-
ment. To determine whether a treatment variable of interest T causes a change in an outcome
variable Y , we must consider two potential outcomes, i.e., the potential values of Y that would
be realized in the presence and absence of the treatment, denoted by Y(1) and Y(0), respec-
tively. In the résumé experiment, T may represent the race of a fictitious applicant (T = 1
is a black-sounding name and T = 0 is a white-sounding name) while Y denotes whether
a potential employer who received the résumé called back. Then, Y(1) and Y(0) represent
whether a potential employer calls back when receiving a résumé with stereotypically black
and white names, respectively.

All of these variables can be defined for each observation and marked by a corresponding
subscript. For example, Yi(1) represents the potential outcome under the treatment condition
for the ith observation, and Ti is the treatment variable for the same observation. Table 2.3
illustrates the potential outcome framework in the context of the résumé experiment. Each
row represents an observation for which only one of the two potential outcomes is observed
(themissing potential outcome is indicated by “?”). The treatment statusTi determines which
potential outcome is observed. Variables such as age and education are neither subject to nor
affected by the manipulation of treatment.

We can now define, for each observation, the causal effect of Ti on Yi as the difference
between these two potential outcomes, Yi(1) −Yi(0). The race of the applicant has a causal
effect if a potential employer’s decision to callback depends on it. As stated earlier, the fun-
damental problem of causal inference is that we are able to observe only one of the two
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potential outcomes even though causal inference requires comparison of both. An important
implication is that for estimation of causal effects, we must find a credible way to infer these
unobserved counterfactual outcomes. This requires making certain assumptions. The cred-
ibility of any causal inference, therefore, rests upon the plausibility of these identification
assumptions.

For each observation i, we can define the causal effect of a binary treatment Ti as
the difference between two potential outcomes,Yi(1) −Yi(0), whereYi(1) represents
the outcome that would be realized under the treatment condition (Ti = 1) and Yi(0)
denotes the outcome that would be realized under the control condition (Ti = 0).
The fundamental problem of causal inference is that we observe only one of the
two potential outcomes, and which potential outcome is observed depends on the
treatment status. Formally, the observed outcome Yi is equal to Yi(Ti).

This simple framework of causal inference also clarifies what is and is not an appropri-
ate causal question. For example, consider a question of whether one’s race causally affects
one’s employment prospects. To answer this question directly, it would be necessary to con-
sider the counterfactual employment status if the applicant were to belong to a different racial
group. However, this is a difficult proposition to address because one’s race is not something
that can be manipulated. Characteristics like gender and race are called immutable charac-
teristics, and many scholars believe that causal questions about these characteristics are not
answerable. In fact, there exists a mantra that states, “No causation without manipulation.” It
may be difficult to think about causality if the treatment variable of interest cannot be easily
manipulated.

The résumé experiment, however, provides a clever way of addressing an important
social science question about racial discrimination. Instead of tackling the difficult task of
directly estimating the causal effect of race, the researchers of this study manipulated poten-
tial employers’ perception of job applicants’ race by changing the names on identical résumés.
This research design strategy enables one to study racial discrimination in the causal infer-
ence framework by circumventing the difficulty of manipulating one’s race itself. Many social
scientists use similar research design strategies to study discrimination due to factors such as
race, gender, and religion in various environments.

2.4 Randomized Controlled Trials

Now that we have provided the general definition of causal effects, how should we go about
estimating them? We first consider randomized experiments, also referred to as randomized
controlled trials (RCTs), in which researchers randomly assign the receipt of treatment. An
RCT is often regarded as the gold standard for establishing causality in many scientific disci-
plines because it enables researchers to isolate the effects of a treatment variable and quantify
uncertainty. In this section, we discuss how randomization identifies the average causal
effects. A discussion of how to quantify uncertainty will be given in chapter 6.
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2.4.1 THE ROLE OF RANDOMIZATION
As explained in the previous section, the fundamental problem of causal inference states

that for the estimation of causal effects, we must infer counterfactual outcomes. This prob-
lem prevents us from obtaining a valid estimate of the causal effect of treatment for each
individual. However, it turns out that the randomization of treatment assignment enables the
estimation of average treatment effect, which averages the treatment effect over a group of
individuals.

Suppose that we are interested in estimating the sample average treatment effect (SATE),
which is defined as the average of individual-level treatment effects in the sample.

The sample average treatment effect (SATE) is defined as the sample average of
individual-level causal effects (i.e., Yi(1) −Yi(0)):

SATE = 1
n

n∑
i=1

{Yi(1) −Yi(0)}, (2.1)

where n is the sample size, and
∑n

i=1 denotes the summation operator from the first
observation, i= 1, to the last, i= n.

The SATE is not directly observable. For the treatment group that received the treatment,
we observe the average outcome under the treatment but do not know what their average
outcome would have been in the absence of the treatment. The same problem exists for the
control group because this group does not receive the treatment and as a result we do not
observe the average outcome that would occur under the treatment condition.

To estimate the average counterfactual outcome for the treatment group, we may use the
observed average outcome of the control group. Similarly, we can use the observed average
outcome of the treatment group as an estimate of the average counterfactual outcome for the
control group. This suggests that the SATE can be estimated by calculating the difference in
the average outcome between the treatment and control groups or the difference-in-means
estimator. The critical question is whether we can interpret this difference as a valid esti-
mate of the average causal effect. In the résumé experiment, the treatment group consists of
the potential employers who were sent résumés with black-sounding names. In contrast, the
control group comprises other potential employers who received the résumés with stereotyp-
ically white names. Does the difference in callback rate between these two groups represent
the average causal effect of the applicant’s race?

Randomization of treatment assignment plays an essential role in enabling the interpreta-
tion of this association as a causal relationship. By randomly assigning each subject to either
the treatment or control group, we ensure that these two groups are similar to each other
in every aspect. In fact, even though they consist of different individuals, the treatment and
control groups are on average identical to each other in terms of all pretreatment charac-
teristics, both observed and unobserved. Since the only systematic difference between the
two groups is the receipt of treatment, we can interpret the difference in the outcome vari-
able as the estimated average causal effect of the treatment. In this way, the randomization of
treatment assignment separates the causal effect of treatment from other possible factors that
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may influence the outcome. As we will see in section 2.5, we cannot guarantee that the treat-
ment and control groups are comparable across all unobserved characteristics in the absence
of random assignment.

In a randomized controlled trial (RCT), each unit is randomly assigned either to the
treatment or control group. The randomization of treatment assignment guarantees
that the average difference in outcome between the treatment and control groups can
be attributed solely to the treatment, because the two groups are on average identical
to each other in all pretreatment characteristics.

RCTs, when successfully implemented, can yield valid estimates of causal effects. For this
reason, RCTs are said to have a significant advantage for internal validity, which refers to
whether the causal assumptions are satisfied in the study. However, RCTs are not without
weaknesses. In particular, their strong internal validity often comes with a compromise in
external validity. External validity is defined as the extent to which the conclusions can be
generalized beyond a particular study. One common reason for a lack of external validity
is that the study sample may not be representative of a population of interest. For ethical
and logistical reasons, RCTs are often done using a convenient sample of individuals who
are willing to be study subjects. This is an example of sample selection bias, making the
experimental sample nonrepresentative of a target population. Another potential problem of
external validity is that RCTs are often conducted in an environment (e.g., laboratory) quite
different from real-world situations. In addition, RCTs may use interventions that are unre-
alistic in nature. As we saw in the résumé experiment, however, researchers have attempted
to overcome these problems by conducting RCTs in the field and making their interventions
as realistic as possible.

The main advantage of randomized controlled trials (RCTs) is their improved inter-
nal validity—the extent to which causal assumptions are satisfied in the study. One
weakness of RCTs, however, is the potential lack of external validity—the extent to
which the conclusions can be generalized beyond a particular study.

2.4.2 SOCIAL PRESSURE AND VOTER TURNOUT
We consider a study of peer pressure and voter turnout.3 Three social scientists conducted

an RCT in which they investigated whether social pressure within neighborhoods increases
participation. Specifically, during a primary election in the state of Michigan, they randomly
assigned registered voters to receive different get-out-the-vote (GOTV) messages and exam-
ined whether sending postcards with these messages increased turnout. The researchers
exploited the fact that the turnout of individual voters is public information in the United
States.

3This section is based on Alan S. Gerber, Donald P. Green, and Christopher W. Larimer (2008). “Social pressure and
voter turnout: Evidence from a large-scale field experiment.” American Political Science Review, vol. 102, no. 1, pp. 33–48.
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Figure 2.1. Naming-and-Shaming Get-Out-the-Vote Message. Reprinted from Gerber, Green,
and Larimer (2008).

The GOTVmessage of particular interest was designed to induce social pressure by telling
voters that after the election their neighbors would be informed about whether they voted in
the election or not. The researchers hypothesized that such a naming-and-shaming GOTV
strategy would increase participation. An example of the actual naming-and-shaming mes-
sage is shown in figure 2.1. In addition to the control group, which did not receive anymailing,
the study also included other GOTV messages. For example, a standard “civic duty” mes-
sage began with the same first two sentences of the naming-and-shaming message, but did
not contain the additional information about neighbors learning about a person’s electoral
participation. Instead, the message continued to read as follows:

The whole point of democracy is that citizens are active participants in government;
that we have a voice in government. Your voice starts with your vote. On August 8,
remember your rights and responsibilities as a citizen. Remember to vote. DOYOUR
CIVIC DUTY – VOTE!

Another important feature of this RCT is that the researchers attempted to separate the
effect of naming-and-shaming from that of being observed. Inmany RCTs, there is a concern
that study subjects may behave differently if they are aware of being observed by researchers.
This phenomenon is called the Hawthorne effect, named after the factory where researchers
observed an increase in workers’ productivity simply because they knew that they were
being monitored as part of a study. To address this issue, the study included another GOTV
message, which starts with “YOU ARE BEING STUDIED!” followed by the same first two
sentences as the naming-and-shaming message. The rest of the message reads,

This year, we’re trying to figure out why people do or do not vote. We’ll be study-
ing voter turnout in the August 8 primary election. Our analysis will be based on
public records, so you will not be contacted again or disturbed in any way. Anything
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Table 2.4. Social Pressure Experiment Data.

Variable Description

hhsize household size of the voter
messages GOTV messages the voter received (Civic Duty, Control, Neighbors,

Hawthorne)

sex sex of the voter (female or male)
yearofbirth year of birth of the voter
primary2004 whether the voter voted in the 2004 primary election (1=voted, 0=abstained)
primary2006 whether the voter turned out in the 2006 primary election (1=voted,

0=abstained)

we learn about your voting or not voting will remain confidential and will not be
disclosed to anyone else. DO YOUR CIVIC DUTY – VOTE!

The Hawthorne effect refers to the phenomenon where study subjects behave
differently because they know they are being observed by researchers.

In this experiment, therefore, there are three treatment groups: voters who receive
the social pressure message, the civic duty message, or the Hawthorne effect message.
The experiment also has a control group that consists of those voters receiving no mes-
sage. The researchers randomly assigned each voter to one of the four groups and examined
whether voter turnout was different across the groups.

Now that we understand the design of this experiment, let us analyze the data. The data file
is named social.dta, which we load into Stata via the use command. Table 2.4 displays
the names and descriptions of the variables in the social pressure experiment data. Using
the compact option with the codebook command provides a brief summary of the data,
including a list of variables with their number of nonmissing observations, total number of
unique values, means, and minimum and maximum values.

. use social, clear

. codebook, compact

Variable Obs Unique Mean Min Max Label

sex 305866 2 . . .

yearofbirth 305866 86 1956.214 1900 1986

primary2004 305866 2 .4013784 0 1

messages 305866 4 . . .

primary2006 305866 2 .3122446 0 1

hhsize 305866 8 2.184421 1 8
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As before, we use tabulatewith summarize() to compute turnout for each treatment
group. The outcome variable of interest is turnout in the 2006 primary election, which is
coded as the binary variable primary2006, where 1 represents having cast a vote in 2006
and 0 is abstention.

. * turnout for each group

. tabulate messages, summarize(primary2006)

Summary of primary2006

messages Mean Std. Dev. Freq.

Civic Duty .31453765 .46433755 38,218

Control .29663831 .45677687 191,243

Hawthorne .32237462 .46739164 38,204

Neighbors .37794822 .48488093 38,201

Total .31224458 .46340976 305,866

By using the if qualifier with summarize, we can obtain the mean turnout and other sum-
mary statistics for just the control group. Stata stores the results of these calculations and they
are viewable using the return list command.

. * turnout for control group

. summarize primary2006 if messages == "Control"

Variable Obs Mean Std. Dev. Min Max

primary2006 191,243 .2966383 .4567769 0 1

. return list

scalars:

r(N) = 191243

r(sum_w) = 191243

r(mean) = .2966383083302395

r(Var) = .2086451133559862

r(sd) = .4567768748043033

r(min) = 0

r(max) = 1

r(sum) = 56730

The values held in r() refer to return (or r-class) results from general commands. As we will
see in later chapters, Stata also stores the (e-class) results of estimation commands, found in
e(), which we can similarly view by typing ereturn list. By running return list
after oursummarize command, we can see that the control group’s baseline turnout is stored
under r(mean). A number of other statistics are stored as well, including the number of
observations, r(N), and the sum of a variable, r(sum). Referring to these stored results
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reduces the risk of mistyping values. It is important to note, though, that every time we run a
new summarize command, the stored values will be replaced with the most recent results.

Subtracting the baseline turnout of the control group gives the average causal effect of each
message. Though we could do this manually by subtracting values in the tabulation table, we
subtract the control mean stored in r(mean) and save the result in a new variable called
votediff. We repeat our tabulate command for each of the treated groups to view the
average treatment effect.

. * subtract control group turnout from each group

. generate votediff = primary2006 - r(mean)

. tabulate messages if message!="Control", summarize(votediff)

Summary of votediff

messages Mean Std. Dev. Freq.

Civic Duty .01789934 .46433755 38,218

Hawthorne .02573631 .46739164 38,204

Neighbors .08130991 .48488093 38,201

Total .04164458 .47312739 114,623

Wefind that the naming-and-shamingGOTVmessage substantially increases turnout. Com-
pared to the control group turnout, the naming-and-shaming message increases turnout by
8.1 percentage points, whereas the civic duty message has a much smaller effect of 1.8 per-
centage points. It is interesting to see that theHawthorne effect of being observed is somewhat
greater than the effect of the civic duty message, though it is far smaller than the effect of the
naming-and-shaming message.

Finally, if the randomization of treatment assignment is successful, we should not observe
large differences across groups in the pretreatment variables such as age (indicated by
yearofbirth), turnout in the previous primary election (primary2004), and household
size (hhsize).

We have demonstrated how the tabulate command combined with summarize()
provides summary statistics when dealing with one categorical variable and one key variable.
However, in this instance, we want to show summary statistics across multiple variables for
multiple groups. Stata provides the tabstat command for such scenarios. This command
also offers a wider selection of calculations that go beyond means, including sum, range,
standard deviation, count, median, and more (see help tabstat). The table command
is similar but offers a bit more customization in terms of table display.

First we create a variable for age by subtracting the year of birth from the election year,
which is 2006. We then show the means of this and other variables for groups with different
messages using tabstat.

. generate age = 2006 - yearofbirth

. tabstat age primary2004 hhsize, by(message) statistics(mean)
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Summary statistics: mean

by categories of: messages

messages age pri~2004 hhsize

Civic Duty 49.65904 .3994453 2.189126

Control 49.81355 .4003388 2.183667

Hawthorne 49.7048 .40323 2.180138

Neighbors 49.85294 .4066647 2.18777

Total 49.78558 .4013784 2.184421

We see that the differences in these pretreatment variables are negligible across groups, con-
firming that the randomization of treatment assignment makes the four groups essentially
identical to one another on average.

2.5 Observational Studies

Although RCTs can provide an internally valid estimate of causal effects, in many cases
social scientists are unable to randomize treatment assignment in the real world for ethical
and logistical reasons. We next consider observational studies in which researchers do not
conduct an intervention. Instead, in observational studies, researchers simply observe nat-
urally occurring events and collect and analyze the data. In such studies, internal validity
is likely to be compromised because of possible selection bias, but external validity is often
stronger than that of RCTs. The findings from observational studies are typically more gen-
eralizable because researchers can examine the treatments that are implemented among a
relevant population in a real-world environment.

2.5.1 MINIMUM WAGE AND UNEMPLOYMENT
Our discussion of observational studies is based on the aforementioned minimum-wage

debate. Two social science researchers examined the impact of raising the minimumwage on
employment in the fast-food industry.4 In 1992, the state of New Jersey (NJ) in the United
States raised the minimum wage from $4.25 to $5.05 per hour. Did such an increase in
the minimum wage reduce employment as economic theory predicts? As discussed earlier,
answering this question requires inference about the NJ employment rate in the absence of
such a raise in the minimum wage. Since this counterfactual outcome is not observable, we
must somehow estimate it using observed data.

One possible strategy is to look at another state in which the minimum wage did not
increase. For example, the researchers of this study chose the neighboring state, Pennsyl-
vania (PA), on the grounds that NJ’s economy resembles that of Pennsylvania, and hence the
fast-food restaurants in the two states are comparable. Under this cross-section comparison
design, therefore, the fast-food restaurants in NJ serve as the treatment group receiving the

4This section is based on David Card and Alan Krueger (1994). “Minimum wages and employment: A case study of
the fast-food industry in New Jersey and Pennsylvania.” American Economic Review, vol. 84, no. 4, pp. 772–793.

© Copyright Princeton University Press. No part of this book may be 
distributed, posted, or reproduced in any form by digital or mechanical 
means without prior written permission of the publisher. 

For general queries contact webmaster@press.princeton.edu.



2.5 Observational Studies 57

Table 2.5. Minimum Wage Study Data.

Variable Description

chain name of the fast-food restaurant chain
location location of the restaurants (centralNJ, northNJ, PA, shoreNJ,

southNJ)

wagebefore wage before the minimum-wage increase
wageafter wage after the minimum-wage increase
fullbefore number of full-time employees before the minimum-wage increase
fullafter number of full-time employees after the minimum-wage increase
partbefore number of part-time employees before the minimum-wage increase
partafter number of part-time employees after the minimum-wage increase

treatment (i.e., the increase in theminimumwage), whereas those in PA represent the control
group, which did not receive such a treatment. To collect pretreatment and outcome mea-
sures, the researchers surveyed the fast-food restaurants before and after the minimum wage
increase. Specifically, they gathered information about the number of full-time employees,
the number of part-time employees, and their hourly wages for each restaurant.

We load the Stata file minwage.dta. As before, the describe command shows the
number of observations and the number of variables (i.e., dimensions of the data), and the
codebook command with the compact option provides a brief statistical summary of each
variable. Table 2.5 displays the names and descriptions of the variables in theminimum-wage
study data.

. use minwage, clear

. describe

Contains data from minwage.dta

obs: 358

vars: 8 28 Dec 2019 20:21

storage display value

variable name type format label variable label

chain str10 %10s

location str9 %9s

wagebefore float %9.0g wageBefore

wageafter float %9.0g wageAfter

fullbefore float %9.0g fullBefore

fullafter float %9.0g fullAfter

partbefore float %9.0g partBefore

partafter float %9.0g partAfter
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Sorted by:

. codebook, compact

Variable Obs Unique Mean Min Max Label

chain 358 4 . . .

location 358 5 . . .

wagebefore 358 31 4.617709 4.25 5.75 wageBefore

wageafter 358 22 4.993855 4.25 6.25 wageAfter

fullbefore 358 46 8.47486 0 60 fullBefore

fullafter 358 40 8.361732 0 40 fullAfter

partbefore 358 58 18.75419 0 60 partBefore

partafter 358 56 18.68855 0 60 partAfter

Because we want to make comparisons between PA and NJ in our analysis, we first use the
generate command combined with the cond() function to create a state variable that
makes a distinction between PA and NJ. This allows us to group all NJ locations together
when we make our comparisons to PA. We also use this variable to subset the data with
the if qualifier. Recall that the cond() function tells Stata what to assign the new vari-
able if the specified condition (location == "PA") is respectively true (assign "PA") or false
(assign "NJ").

. * create a dichotomous state variable

. generate state = cond(location == "PA", "PA", "NJ")

To make sure that the restaurants followed the law, we next examine whether the minimum-
wage actually increased in NJ after the law was enacted. We calculate the proportion of
restaurants in each state with hourly wages less than the new minimum wage in NJ (i.e.,
$5.05). This analysis can be done using the wagebefore and wageafter variables, which
represent the wages before and after the NJ law went into effect. We use the cond() function
to create two binary variables that indicate whether the minimum wage was lower than the
new rate of $5.05 both before and after the law. Because these are binary variables, with values
of 0 or 1, the means can be interpreted as the proportion of restaurants whose wage is less
that $5.05 at each period. The tabstat command shows us these proportions broken down
by state when we include the by option.

. * proportion of restaurants whose wage is less than $5.05

. generate minwagebefore = cond(wagebefore < 5.05, 1, 0)

. generate minwageafter = cond(wageafter < 5.05, 1, 0)

. tabstat minwagebefore minwageafter, by(state) statistics(mean)
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Summary statistics: mean

by categories of: state

state minwag~e minwag~r

NJ .9106529 .0034364

PA .9402985 .9552239

Total .9162011 .1815642

We observe that more than 91% of NJ restaurants were paying less than $5.05 before the
minimum wage was raised and yet afterwards the proportion of such restaurants dramat-
ically declined to less than 1%. In contrast, this proportion is essentially unchanged in
PA, suggesting that the NJ law had a minimal impact on the wages in PA restaurants.
The analysis shows that the NJ restaurants followed the law by increasing their wage to
meet the new minimum of $5.05 while the PA restaurants did not have to make a similar
change.

We now use the PA restaurants as the control group and estimate the average causal effect
of increasing the minimum wage on employment among the NJ restaurants. An economic
theory would predict that raising the minimum wage will encourage employers to replace
full-time employees with part-time ones to recoup the increased cost in wages. To test this
theory, we examine the proportion of full-time employees as a key outcome variable by simply
comparing the sample mean of this variable between the NJ and PA restaurants after the NJ
law went into effect. Let’s compute this difference-in-means estimator.

. * create a variable for proportion of full-time employees in NJ and PA

. generate fullpropafter = fullafter / (fullafter + partafter)

To compute the difference in state means, we use the summarize command with the if
qualifier. As introduced earlier, we use the results stored in r(mean). Because stored results
are replaced with the processing of subsequent commands, we save the r(mean) result into
what is called a scalar. A scalar stores only one piece of information or value, unlike other
variables in our data, which are available for each row (or observation) and form their own
columns in the data set. Scalars do not become part of the data set.We create a scalar using the
scalar command, assigning it a single value, whether a directly specified number or string,
or a value taken from stored results (e.g., r(mean)). Saving themean in a new variable using
the generate command would unnecessarily create a new column in the data set. Scalars
allowus to simply store the value inmemory. If a variable and scalar have the samename, Stata
will assume the user means the variable, so it is important to assign scalars unique names.
Users can alternatively place the pseudofunction scalar() around the scalar name so Stata
makes the correct interpretation. However, the code will look cleaner and it is better form if
users avoid assigning the same names to variables and scalars.
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. * compute the difference-in-means

. summarize fullpropafter if state == "NJ"

Variable Obs Mean Std. Dev. Min Max

fullpropaf~r 291 .320401 .2510016 0 1

. scalar fullpropafterNJ = r(mean)

.

. summarize fullpropafter if state == "PA"

Variable Obs Mean Std. Dev. Min Max

fullpropaf~r 67 .2722821 .2472422 0 .9032258

. scalar fullpropafterPA = r(mean)

.

. display fullpropafterNJ - fullpropafterPA

.04811886

The result of this analysis suggests that the increase in the minimum wage had no negative
impact on employment. If anything, it appears to have slightly increased the proportion of
full-time employment in NJ fast-food restaurants.

2.5.2 CONFOUNDING BIAS
The important assumption of observational studies is that the treatment and control

groups must be comparable with respect to everything related to the outcome other than
the treatment. In the current example, we cannot attribute the aforementioned difference in
the full-time employment rate betweenNJ and PA restaurants to theminimum-wage increase
in NJ if, for example, there is a competing industry for low-skilled workers in NJ but such an
industry does not exist in PA. If that is the case, then the restaurants in the two states are
not comparable and PA restaurants cannot serve as a valid control group for NJ restaurants.
Indeed, NJ restaurants may have had a relatively high full-time employment rate, even in the
absence of the increasedminimumwage, in order to attract low-skilled workers. More gener-
ally, any other differences that exist between the fast-food restaurants in the two states before
the administration of the NJ law would bias our inference if they are also related to outcomes.

The pretreatment variables that are associated with both the treatment and outcome
variables are known as confounders. They are the variables that are realized prior to the admin-
istration of treatment and hence are not causally affected by the treatment. However, theymay
determine who is likely to receive the treatment and influence the outcome. The existence of
such variables is said to confound the causal relationship between the treatment and outcome,
making it impossible to draw causal inferences from observational data. Confounding bias of
this type is often a serious concern for social science research because in many cases human
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beings self-select into treatments. The highlighted possibility that there exists a competing
industry in NJ but not in PA is an example of confounding.

A pretreatment variable that is associated with both the treatment and the outcome
variables is called a confounder and is a source of confoundingbias in the estimation
of the treatment effect.

Confounding bias due to self-selection into the treatment group is called selection bias.
Selection bias often arises in observational studies because researchers have no control over
who receives the treatment. In the minimum-wage study, NJ politicians decided to increase
the minimumwage at this particular moment in time whereas politicians in PA did not. One
might suspect that there were reasons, related to the economy and employment in particular,
why the minimum wage was raised in NJ but not in PA. If that is the case, then the cross-
sectional comparison of NJ and PA after the minimum-wage increase in NJ is likely to yield
selection bias. The lack of control over treatment assignmentmeans that those who self-select
themselves into the treatment group may differ significantly from those who do not in terms
of observed and unobserved characteristics. This makes it difficult to determine whether the
observed difference in outcome between the treatment and control groups is due to the dif-
ference in the treatment condition or the differences in confounders. The possible existence
of confounding bias is the reason behind the existence of the popular mantra, “Association
does not necessarily imply causation.”

In observational studies, the possibility of confounding bias can never be ruled out. How-
ever, researchers can try to address it by means of statistical control, whereby the researcher
adjusts for confounders using statistical procedures. We describe some basic strategies in
this section. One simple way is the statistical method called subclassification. The idea is
to make the treatment and control groups as similar to each other as possible by compar-
ing them within a subset of observations defined by shared values in pretreatment variables
or a subclass. For example, we notice that the PA sample has a larger proportion of Burger
Kings than the NJ sample. This difference between the two states could confound the rela-
tionship between the minimum-wage increase and employment if, for example, Burger King
has an employment policy that is different from that of other fast-food chains. To address this
possibility, we could conduct a comparison only among Burger King restaurants. This anal-
ysis enables us to eliminate the confounding bias due to different fast-food chains through
statistical control.

To begin our analysis, we first check the proportions of different fast-food chains for each
of the two samples. We use the tabulate command, specifying the column and nofreq
options, giving us the proportion of restaurants in each state. Omitting nofreq would also
display the actual number of observations across states, not just the proportion. The column
option defines proportions by column (i.e., the proportion of each chain in NJ, then the pro-
portion of each chain in PA, with columns for each state adding to 100). Alternatively, adding
the cell option at the end of the tabulate command would give the total proportion
across all cells, not per column (i.e., across all states and chains, with all cells, not individual
columns, adding to 100).
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. tabulate chain state, column nofreq

state

chain NJ PA Total

burgerking 40.55 46.27 41.62

kfc 22.34 14.93 20.95

roys 25.09 22.39 24.58

wendys 12.03 16.42 12.85

Total 100.00 100.00 100.00

The result shows that PA has a higher proportion of Burger King restaurants than NJ. We
compare the full-time employment rate between NJ and PA Burger King restaurants after the
increase in the minimum wage. Though not shown here, a similar analysis can be conducted
for other fast-food chain restaurants.

. * subset Burger King only, by state

. summarize fullpropafter if state == "NJ" & chain == "burgerking"

Variable Obs Mean Std. Dev. Min Max

fullpropaf~r 118 .3577372 .2608763 0 1

. scalar njbk = r(mean)

. summarize fullpropafter if state == "PA" & chain == "burgerking"

Variable Obs Mean Std. Dev. Min Max

fullpropaf~r 31 .3212979 .2603062 0 .8433735

. scalar pabk = r(mean)

.

. * Burger King only NJ vs PA comparison of full-time employee rates

. display njbk - pabk

.03643934

Limiting the comparison to just Burger King restaurants yields a finding similar to our prior
analysis, suggesting that the fast-food chain may not be a confounding factor.

Another possible confounder is the location of restaurants. NJ Burger King restaurants
closer to PA may yield a more credible comparison, perhaps because their local economies
share similar characteristics. To address this possible confounding bias, we subclassify the
data by restaurant location. Specifically, we focus onBurgerKing restaurants located in north-
ern and southern NJ that are near PA, while excluding those in the Jersey shore and central
New Jersey. Because we are runningmultiplesummarize commands to calculate differences
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inmeans, we again store eachmean result r(mean) in a scalar before they are overwritten by
the next command. This analysis adjusts for both the type of restaurants and their locations
through statistical control. Like the period, the “greater than” sign that precedes our third
line of code is not part of the syntax. It indicates a line of code that continues from an initial
command in the Results window itself.

. * subset Burger King, by NJ location

. summarize fullpropafter if state == "NJ" & chain == "burgerking" & ///

> (location != "shoreNJ" & location != "centralNJ")

Variable Obs Mean Std. Dev. Min Max

fullpropaf~r 89 .3527964 .2615981 0 1

. scalar njbk_subset = r(mean)

.

. * Burger King only and excluding NJ shore and central NJ

. display njbk_subset - pabk

.03149854

The results show that even within the smaller subset of New Jersey locations, the estimated
impact of the minimum-wage increase remains similar to the overall estimate. This finding
further improves our confidence in the claim that the increase in the minimum wage had
little effect on full-time employment.

Confounding bias can be reduced through statistical control. For example, we can
use themethod of subclassification by comparing treated and control units that have
an identical value of a confounding variable.

2.5.3 BEFORE-AND-AFTER AND DIFFERENCE-IN-DIFFERENCES DESIGNS
In observational studies, the data collected over time are a valuable source of informa-

tion. Multiple measurements taken over time on the same units are called longitudinal data
or panel data. Longitudinal data often yield a more credible comparison of the treatment
and control groups than cross-section data because the former contain additional informa-
tion about changes over time. In the minimum-wage study, the researchers had collected the
employment and wage information from the same set of restaurants before the minimum
wage was increased in NJ. This pretreatment information allows several alternative designs
for estimating causal effects in observational studies.

The first possibility is comparison between pre- and posttreatment measurements, which
is called the before-and-after design. Instead of comparing the fast-food restaurants in NJ with
those in PA after the increase in the NJ minimum wage, we use this design to compare the
same set of fast-food restaurants in NJ before and after the minimum wage was raised.
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. * full-time employment proportion in the previous period for NJ

. generate fullpropbefore = fullbefore / (fullbefore + partbefore)

. summarize fullpropbefore if state == "NJ"

Variable Obs Mean Std. Dev. Min Max

fullpropbe~e 291 .2965262 .2304592 0 1

. scalar fullpropbeforeNJ = r(mean)

.

. * mean difference between before and after the minimum wage increase

. display fullpropafterNJ - fullpropbeforeNJ

.02387474

The before-and-after analysis gives an estimate that is similar to those obtained earlier. The
advantage of this design is that any confounding factor that is specific to each state is held
constant because the comparison is done within NJ. The disadvantage of the before-and-after
design, however, is that time-varying confounding factors can bias the resulting inference. For
example, suppose that there is an upwards time trend in the local economy and wages and
employment are improving. If this trend is not caused by the minimum-wage increase, then
wemay incorrectly attribute the outcome difference between the two time periods to the raise
in the minimum wage. The before-and-after design critically rests upon the nonexistence of
such time trends.

The before-and-after design examines how the outcome variable changed from the
pretreatment period to the posttreatment period for the same set of units. The design
is able to adjust for any confounding factor that is specific to each unit but does not
change over time. However, the design does not address possible bias due to time-
varying confounders.

The difference-in-differences (DiD) design extends the before-and-after design to address
the confounding bias due to time trends. The key assumption behind the DiD design is that
the outcome variable follows a parallel trend in the absence of treatment. Figure 2.2 graph-
ically illustrates this assumption using the minimum-wage study data. The figure shows the
outcome of interest, i.e., the average proportion of full-time employees, before and after the
increase in the minimum wage for both the treatment group (fast-food restaurants in NJ,
indicated by the solid black circles) and the control group (restaurants in PA, represented by
the open black circles). In this setting, we can estimate the counterfactual outcome for the
treatment group by assuming that the time trend for the treatment group is parallel to the
observed trend for the control group. This estimate is indicated by the solid blue triangle.

Here, the counterfactual outcome of interest is the average proportion of full-time employ-
ees that we would have observed if NJ did not raise the minimum wage. We estimate this
counterfactual outcome by supposing that NJ would have experienced the same economic
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Figure 2.2. The Difference-in-Differences Design in the Minimum Wage Study. The observed
outcomes, the average proportion of full-time employees, are shown before and after the min-
imum wage was increased for the treatment group (fast-food restaurants in New Jersey; solid
black circles) and the control group (restaurants in Pennsylvania; open black circles). Under
the difference-in-differences design, the counterfactual outcome for the treatment group (solid
blue triangle) is estimated by assuming that the time trend for the treatment group is parallel to
the observed trend for the control group. The estimated average causal effect for New Jersey
restaurants is indicated by the curly brace.

trend as PA in the absence of the minimum-wage increase. In the figure, the blue dashed
line is drawn to obtain the estimate of this counterfactual outcome and runs parallel to the
observed time trend for the control group (indicated by the black solid line).

Under the DiD design, the sample average causal effect estimate for the NJ restaurants
is the difference between the observed outcome after the minimum-wage increase and the
counterfactual outcome derived under the parallel time trend assumption. The quantity of
interest under the DiD design is called the sample average treatment effect for the treated
(SATT). SATT differs from SATE, which is defined in equation (2.1), because it applies
only to the treatment group, which consists of NJ restaurants in the current example.5 In
the figure, this estimate is indicated by the curly brace. To compute this estimate, we first
calculate the difference in the outcome for the restaurants in PA after and before theminimum
wage was raised in NJ. We then subtract this difference from the estimate obtained under the
before-and-after design, which equals the difference in NJ after and before the minimum-
wage increase. The average causal effect estimate is, therefore, given by the difference in the
before-and-after differences between the treatment and control groups.

5Formally, the sample average treatment effect for the treated (SATT) is the sample average of individual-level causal
effect among the treated units, SATT= 1

n1
∑n

i=1 Ti{Yi(1) −Yi(0)}, where Ti is the binary treatment indicator variable
and n1 =∑n

i=1 Ti is the size of the treatment group.
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In this way, the DiD design uses the pretreatment and posttreatment measurements
obtained for both the treatment and control groups. In contrast, the cross-section comparison
requires only the posttreatmentmeasurements from the two groups, and the before-and-after
design utilizes the pretreatment and posttreatment measurements for the treatment group
alone.

Thedifference-in-differences (DiD) design uses the following estimate of the sample
average treatment effect for the treated (SATT):

DiD estimate =
(
Y after

treated −Y before
treated

)
︸ ︷︷ ︸

difference for the treatment group

−
(
Y after

control −Y before
control

)
︸ ︷︷ ︸

difference for the control group

The assumption is that the counterfactual outcome for the treatment group has a
time trend parallel to that of the control group.

In the case of the minimum-wage study, we can compute the DiD estimate as follows.

. * full-time employment proportion in the previous period for PA

. summarize fullpropbefore if state == "PA"

Variable Obs Mean Std. Dev. Min Max

fullpropbe~e 67 .3099657 .2397895 0 .9493671

. scalar fullpropbeforePA = r(mean)

.

. * differences in differences using mean difference between before and after, by

state

. display (fullpropafterNJ - fullpropbeforeNJ) - (fullpropafterPA -

fullpropbeforePA)

.06155831

The result is inconsistent with the prediction of some economists that raising the minimum
wage has a negative impact on employment. To the contrary, ourDiD analysis suggests that, if
anything, the increase in the minimumwagemay have led to a small rise in the proportion of
full-time employees in NJ fast-food restaurants. The DiD estimate is greater than the before-
and-after estimate, which reflected a negative trend in PA.

When does the DiD design fail? The DiD design yields an invalid estimate of causal effect
if the time trend of the counterfactual outcome for the treatment group is not parallel to the
observed time trend for the control group. We cannot verify this assumption because the
counterfactual time trend for the treatment group is unobserved. However, in some cases,
we can increase the credibility of this assumption. For example, if researchers had collected
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2.6 Descriptive Statistics for a Single Variable 67

employment information from the restaurants in earlier time periods, then they could have
examined whether the proportion of full-time employees in NJ restaurants had changed
parallel to that of PA restaurants when the minimum wage had not been raised.

2.6 Descriptive Statistics for a Single Variable

So far, we have been examining the average outcome as the quantity of interest, but it is
also possible to consider some other statistics of outcome. As the final topic of this chap-
ter, we discuss how to numerically summarize the distribution of a single variable using
descriptive statistics. We have already seen some examples of descriptive statistics, includ-
ing the range (i.e., minimum and maximum values), median, and mean. In this section, we
introduce other commonly used univariate statistics to describe the distribution of a single
variable.

2.6.1 QUANTILES
We begin by introducing quantiles, which divide a set of observations into groups based

on the magnitude of the variable. An example of quantiles is the median, which divides the
data into two groups, one with lower data values and the other with higher values. That is,
the median of a variable equals the middle value if the total number of observations is odd,
whereas the median is the average of two middle values if the total number of observations
is even (because there is no single middle value in this case). For example, the median of
{1, 3, 4, 10} is 3.5, which is the average of the middle values 3 and 4, because this example has
an even number of values. Meanwhile, the mean of this variable is 4.5.

While both themean andmedianmeasure the center of the distribution, themean is more
sensitive to outliers. A single observation of extreme value can dramatically change the mean
but it will not affect the median as much. The median of {1, 3, 4, 10, 82} is 4, but the mean
now increases to 20. In the minimum-wage data, the mean and median wages are similar.
The median wage before the minimum-wage increase is $4.50, which is close to its mean
of $4.62.

Themedian of a variable x is defined as

median=
{

x((n+1)/2) if n is odd

1
2
(
x(n/2) + x(n/2+1)

)
if n is even

(2.2)

where x(i) denotes the value of the ith smallest observation for variable x and n is
the sample size. The median is less sensitive to outliers than themean and hence is a
more robust measure of the center of a distribution.

To assess the robustness of previous findings, we examine how the increase in the mini-
mum wage influenced the proportion of full-time employees in terms of the median rather
than the mean. To calculate the median, we use summarize with the detail option.
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The median will then be stored in p50, which represents the 50th percentile summary
statistic.

. * cross-section comparison between NJ and PA median

. summarize fullpropafter if state == "NJ", detail

fullpropafter

Percentiles Smallest

1% 0 0

5% 0 0

10% 0 0 Obs 291

25% .1111111 0 Sum of Wgt. 291

50% .2916667 Mean .320401

Largest Std. Dev. .2510016

75% .5 .8571429

90% .6666667 1 Variance .0630018

95% .7777778 1 Skewness .4611283

99% 1 1 Kurtosis 2.329092

. scalar medafterNJ = r(p50)

.

. summarize fullpropafter if state == "PA", detail

fullpropafter

Percentiles Smallest

1% 0 0

5% 0 0

10% 0 0 Obs 67

25% .0952381 0 Sum of Wgt. 67

50% .21875 Mean .2722821

Largest Std. Dev. .2472422

75% .3846154 .7894737

90% .7142857 .7924528 Variance .0611287

95% .7894737 .8433735 Skewness .9466511

99% .9032258 .9032258 Kurtosis 2.984642

. scalar medafterPA = r(p50)

.

. display medafterNJ - medafterPA

.07291666

.

. * before and after comparison

. summarize fullpropbefore if state == "NJ", detail
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fullpropbefore

Percentiles Smallest

1% 0 0

5% 0 0

10% 0 0 Obs 291

25% .1071429 0 Sum of Wgt. 291

50% .2666667 Mean .2965262

Largest Std. Dev. .2304592

75% .4736842 .7936508

90% .6363636 .8125 Variance .0531115

95% .7 .8571429 Skewness .4607855

99% .8125 1 Kurtosis 2.297936

. scalar medbeforeNJ = r(p50)

.

. display medafterNJ - medbeforeNJ

.02499998

.

. * median difference-in-differences

. summarize fullpropbefore if state == "PA", detail

fullpropbefore

Percentiles Smallest

1% 0 0

5% 0 0

10% 0 0 Obs 67

25% .125 0 Sum of Wgt. 67

50% .2307692 Mean .3099657

Largest Std. Dev. .2397895

75% .4827586 .75

90% .6923077 .7575758 Variance .057499

95% .75 .8095238 Skewness .6968449

99% .9493671 .9493671 Kurtosis 2.555775

. scalar medbeforePA = r(p50)

.

. display (medafterNJ- medbeforeNJ) - (medafterPA - medbeforePA)

.03701921

These results are largely consistent with those of the previous analysis, though the DiD esti-
mate is smaller than before. Again, there is little evidence for the hypothesis that increasing
the minimumwage decreases full-time employment. If anything, it may have instead slightly
increased full-time employment.
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To obtain a more complete description of the distribution, we can use quartiles, which
divide the data into four groups. The first quartile (or lower quartile) is the value under which
25% of the observations fall, while the proportion of observations below the third quartile (or
upper quartile) is 75%. The second quartile is equal to themedian. Thesummarize command
used with detail will display values for each quartile, along with the minimum, mean,
and maximum values and other descriptive statistics. In addition, the difference between the
upper and lower quartiles (i.e., 75th percentile and the 25th percentile) is called the interquar-
tile range or IQR. That is, the IQR represents the range that contains 50% of the data, thereby
measuring the spread of a distribution. This statistic can be computed using the tabstat
command with the statistic(iqr) option.

. * summary shows quartiles as well as minimum, maximum, and mean

. summarize wagebefore if state == "NJ", detail

wageBefore

Percentiles Smallest

1% 4.25 4.25

5% 4.25 4.25

10% 4.25 4.25 Obs 291

25% 4.25 4.25 Sum of Wgt. 291

50% 4.5 Mean 4.609966

Largest Std. Dev. .3434897

75% 4.87 5.5

90% 5 5.56 Variance .1179852

95% 5.25 5.62 Skewness .7337865

99% 5.56 5.75 Kurtosis 2.863958

. summarize wageafter if state == "NJ", detail

wageAfter

Percentiles Smallest

1% 5.05 5

5% 5.05 5.05

10% 5.05 5.05 Obs 291

25% 5.05 5.05 Sum of Wgt. 291

50% 5.05 Mean 5.081478

Largest Std. Dev. .1056419

75% 5.05 5.5

90% 5.15 5.67 Variance .0111602

95% 5.25 5.67 Skewness 3.894742

99% 5.67 5.75 Kurtosis 18.89048
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.

. * interquartile range

. tabstat wagebefore wageafter if state == "NJ", statistics(iqr) columns(statistics)

variable iqr

wagebefore .6199999

wageafter 0

This analysis shows that before theminimum-wage increase, the distribution of wages ranged
from $4.25 to $5.75, with 75% of the fast-food restaurants in NJ having wages of $4.87 per
hour or less. However, after the minimum wage was raised to $5.05, many restaurants raised
their wages just to the newminimumwage but not any higher. As a result, both the lower and
upper quartiles are equal to $5.05, reducing the IQR from $.62 to $0.

Finally, quartiles belong to a class of general statistics called quantiles, which divide the
observations into a certain number of equally sized groups. Other quantiles include terciles
(which divide the data into 3 groups), quintiles (5 groups), deciles (10 groups), and per-
centiles (100 groups). The centile command can generate any quantiles by specifying the
centile() option. This argument takes a sequence of probabilities, indicating how the
data should be divided up. For example, the deciles of the wage variable are obtained using
the 0(10)100 sequence within the centile() option to create a sequence of numbers 0,
10, . . . , 90, 100. The 0(10)100 sequence tells Stata to start at 0 and add 10 each time until
it hits 100. We could alternatively specify the individual values with centile(0 10 20
30 40 50 60 70 80 90 100) and receive the same results. This command also pro-
vides us with confidence intervals, which we can ignore for now. Confidence intervals will be
discussed in chapter 6.

. centile wagebefore if state == "NJ", centile(0(10)100)

Binom. Interp.

Variable Obs Percentile Centile [95% Conf. Interval]

wagebefore 291 0 4.25 4.25 4.25*

10 4.25 4.25 4.25

20 4.25 4.25 4.25

30 4.25 4.25 4.393219

40 4.5 4.37 4.5

50 4.5 4.5 4.62

60 4.654 4.6 4.75

70 4.75 4.75 4.87

80 5 4.87 5

90 5 5 5.12

100 5.75 5.75 5.75*
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* Lower (upper) confidence limit held at minimum (maximum) of sample

. centile wageafter if state == "NJ", centile(0(10)100)

Binom. Interp.

Variable Obs Percentile Centile [95% Conf. Interval]

wageafter 291 0 5 5 5*

10 5.05 5.05 5.05

20 5.05 5.05 5.05

30 5.05 5.05 5.05

40 5.05 5.05 5.05

50 5.05 5.05 5.05

60 5.05 5.05 5.05

70 5.05 5.05 5.05

80 5.05 5.05 5.05

90 5.19 5.05 5.25

100 5.75 5.75 5.75*

* Lower (upper) confidence limit held at minimum (maximum) of sample

We find that at least 90% of the fast-food restaurants in NJ set their wages to $5.05 or higher
after the law was enacted. In contrast, before the increase in the minimum wage, there were
few restaurants that offered wages of $5.05 or higher. Thus, the law had a dramatic effect on
raising the wage to the newminimumwage, but no higher than that. In fact, the highest wage
stayed unchanged at $5.75 even after the minimum wage was increased.

Quantiles represent a set of data values that divide observations into a certain num-
ber of equally sized groups. They include quartiles (dividing the observations into
4 groups) and percentiles (100 groups):

• 25th percentile = lower quartile
• 50th percentile = median
• 75th percentile = upper quartile

The difference between the upper and lower quartiles is called the interquartile
range and measures the spread of a distribution.

2.6.2 STANDARD DEVIATION
Wehave used the range and quantiles (including the IQR) to describe the spread of a distri-

bution. Another commonly used measure is standard deviation. Before introducing standard
deviation, we first describe a statistic called the root mean square or RMS. The RMS describes
the magnitude of a variable and is defined as
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RMS= √
mean of squared entries

=
√

entry12 + entry22 + · · ·
the number of entries

=
√√√√1

n

n∑
i=1

x2i . (2.3)

Equation (2.3) gives the formal mathematical definition. The equation exactly follows its
name—square each entry, compute the mean, and then take the square root. While the mean
describes the center of the distribution, the RMS represents the average absolutemagnitude of
each data entry, ignoring the sign of the entry (e.g., the absolute magnitude or absolute value
of −2 is 2 and is written as |−2|). For example, the mean of {−2,−1, 0, 1, 2} is 0 but its RMS
is

√
2. In the minimum-wage data, we can compute the RMS of the change in the proportion

of full-time employees before and after the increase in the minimum wage, which is quite
different from its mean. For this calculation, we use the egen command introduced earlier
in this chapter. As reviewed, the egen command offers extended functions to the generate
command, including functions that enable us to calculate summary statistics for the entire
data set or by subgroup.

. egen sqNJ = mean((fullpropafter - fullpropbefore)^2) if state == "NJ"

(67 missing values generated)

. generate rmsNJ = sqrt(sqNJ)

(67 missing values generated)

.

. egen meanNJ = mean(fullpropafter - fullpropbefore) if state == "NJ"

(67 missing values generated)

.

. summarize rmsNJ meanNJ

Variable Obs Mean Std. Dev. Min Max

rmsNJ 291 .3014669 0 .3014669 .3014669

meanNJ 291 .0238747 0 .0238747 .0238747

On average, the absolute magnitude of change in the proportion of full-time employees, after
the minimum wage was raised, is about .3. This represents a relatively large change even
though the average difference is close to zero.

Using the RMS, we can define the sample standard deviation as the average deviation of
each data entry from its mean. Therefore, the standard deviation measures the spread of
a distribution by quantifying how far away data points are, on average, from their mean.
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Specifically, the standard deviation is defined as the RMS of deviation from the average:

standard deviation=RMS of deviation from average

=
√

(entry1−mean)2 + (entry2−mean)2 + · · ·
the number of entries

=
√√√√1

n

n∑
i=1

(xi − x̄)2. (2.4)

In some cases, one uses n− 1 instead of n in the denominator of equation (2.4) for a reason
that will become clear in chapter 6, but this results in only a minor difference so long as one
has enough data. We note that few data points are more than 2 or 3 standard deviations away
from the mean. Hence, knowing the standard deviation helps researchers understand the
approximate range of the data aswell. Finally, the square of the standard deviation is called the
variance and represents the average squared deviation from themean. We will study variance
more closely in later chapters. Variance is more difficult to interpret than standard deviation,
but it has useful analytical properties, as shown in chapter 5.

The sample standard deviationmeasures the average deviation from the mean and
is defined as

standard deviation=
√√√√1

n

n∑
i=1

(xi − x̄)2 or

√√√√ 1
n− 1

n∑
i=1

(xi − x̄)2,

where x̄ represents the sample mean, i.e., x̄= 1
n
∑n

i=1 xi and n is the sample size. Few
data points lie outside 2 or 3 standard deviations away from the mean. The square of
the standard deviation is called the variance.

In Stata, we can use the summarize command with the detail option to display both
the standard deviation and variance. However, we can also use tabstat for a truncated and
cleaner presentation of results for multiple variables, including by subgroup (states, in our
example). We add the long and nototal options to, respectively, include the summary
statistic labels and exclude calculations for the total sample.

. * standard deviation and variance

. tabstat fullpropbefore fullpropafter, statistics(sd var) by(state) long nototal

state stats fullpr~e fullpr~r

NJ sd .2304592 .2510016

variance .0531115 .0630018

PA sd .2397895 .2472422

variance .057499 .0611287
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The results indicate that, on average, the proportion of full-time employees for a NJ fast-food
restaurant is approximately 0.2 away from itsmean.We find that for this variable the standard
deviation did not change much after the minimum wage had been increased.

2.7 Summary

We began this chapter with the analysis of an experimental study concerning racial dis-
crimination in the labor market. The fundamental problem of causal inference is the fact
that we observe only one of two potential outcomes and yet the estimation of causal effect
involves comparison between counterfactual and factual outcomes. This chapter also intro-
duced various research design strategies to infer counterfactual outcomes fromobserved data.
It is important to understand the assumptions that underlie each research design as well as
their strengths and weaknesses.

In randomized controlled trials (RCTs), a simple comparison of the treatment and con-
trol groups enables researchers to estimate the causal effects of treatment. By randomizing the
treatment assignment, we can ensure that the treatment and control groups are, on average,
identical to each other in all observed and unobserved characteristics except for the receipt of
treatment. Consequently, any average difference between the treatment and control groups
can be attributed to the treatment. While RCTs tend to yield internally valid estimates of
causal effects, they often suffer from a lack of external validity, which makes it difficult to
generalize empirical conclusions to a relevant population in real-world settings.

In observational studies, researchers do not directly conduct interventions. Since some
subjectsmay self-select into the treatment group, the difference in outcome between the treat-
ment and control groups can be attributed to factors other than the receipt of treatment.
Thus, while observational studies often have stronger external validity, this advantage typ-
ically comes with compromises in internal validity. When the treatment assignment is not
randomized, we must confront the possibility of confounding bias in observational stud-
ies using statistical control. The existence of confounders that are associated with both the
treatment and outcome means that a simple comparison of the two groups yields misleading
inference. We introduced various research design strategies to reduce such bias, including
subclassification, before-and-after design, and difference-in-differences design.

Finally, we learned how to subset data in various ways using Stata. Subsetting can be done
using logical values, relational operators, and conditional statements. We also introduced a
number of descriptive statistics that are useful for summarizing each variable in a data set.
They include the mean, median, quantiles, and standard deviation. Stata provides a set of
functions that enable researchers to compute these and other descriptive statistics from their
data sets.

2.8 Exercises

2.8.1 EFFICACY OF SMALL CLASS SIZE IN EARLY EDUCATION
The STAR (Student–Teacher Achievement Ratio) Project is a four-year longitudinal study

examining the effect of class size in early grade levels on educational performance and
personal development.6 A longitudinal study is one in which the same participants are

6This exercise is in part based on Frederick Mosteller (1995). “The Tennessee study of class size in the early school
grades.” The Future of Children, vol. 5, no. 2, pp. 113–127.
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Table 2.6. STAR Project Data.

Variable Description

race student’s race (white = 1, black = 2, Asian = 3, Hispanic = 4,
Native American = 5, others = 6)

classtype type of kindergarten class (small = 1, regular = 2, regular with aid = 3)
g4math total scaled score for the math portion of the fourth-grade

standardized test

g4reading total scaled score for the reading portion of the fourth-grade
standardized test

yearssmall number of years in small classes
hsgrad high school graduation (did graduate = 1, did not graduate = 0)

followed over time. This particular study lasted from 1985 to 1989 and involved 11,601 stu-
dents. During the four years of the study, students were randomly assigned to small classes,
regular-sized classes, or regular-sized classes with an aid. In all, the experiment cost around
$12 million. Even though the program stopped in 1989 after the first kindergarten class in
the program finished third grade, the collection of various measurements (e.g., performance
on tests in eighth grade and overall high school GPA) continued through to the end of
participants’ high school attendance.

We will analyze just a portion of these data to investigate whether the small class sizes
improved educational performance or not. The data file name is STAR.dta. The names and
descriptions of variables in this data set are displayed in table 2.6. Note that there are a fair
amount of missing values in this data set, which arise, for example, because some students
left a STAR school before third grade, or did not enter a STAR school until first grade.

1. Label variable classtype according to the categories listed in table 2.6 (e.g., label 1
as small). Similarly, recode the race variable into a factor variable with four levels
(white, black, hispanic, others) by combining theAsian andNativeAmerican
categories with the others category; then add labels.

2. How does performance on fourth-grade reading and math tests for those students
assigned to a small class in kindergarten compare with those assigned to a regular-
sized class? Do students in the smaller classes perform better? Use means to make
this comparison. Give a brief substantive interpretation of the results. To understand
the size of the estimated effects, compare them with the standard deviation of the test
scores.

3. Instead of just comparing average scores of reading and math tests between those
students assigned to small classes and those assigned to regular-sized classes, look at
the entire range of possible scores. To do so, compare a high score, defined as the 66th
percentile, and a low score (the 33rd percentile) for small classes with the correspond-
ing score for regular classes. These are examples of quantile treatment effects. Use the
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if qualifier to perform the percentile calculations within each class type. Does this
analysis add anything to the analysis based on mean in the previous question?

4. Some students were in small classes for all four years that the STAR program ran.
Others were assigned to small classes for only one year and had either regular-sized
classes or regular-sized classes with an aid for the rest. How many students of each
type are in the data set? Create a contingency table of proportions using the kinder
and yearssmall variables. Does participation in more years of small classes make a
greater difference in test scores? Compare the average and median reading and math
test scores across students who spent different numbers of years in small classes.

5. Examinewhether the STARprogram reduced achievement gaps across different racial
groups. Begin by creating a binary variable that categorizes white versus minority stu-
dents (i.e., blacks and Hispanics), omitting the "other" category. Then compare the
average reading and math test scores between white and minority students assigned
to regular-sized classes with no aid. Conduct the same comparison among those stu-
dents who were assigned to small classes. Give a brief substantive interpretation of the
results of your analysis.

6. Consider the long-term effects of kindergarten class size. Compare high school grad-
uation rates across students assigned to different class types. Also, examine whether
graduation rates differ depending on the number of years spent in small classes.
Finally, as in the previous question, investigate whether the STAR program has
reduced the racial gap between white and minority students’ graduation rates. Briefly
discuss the results.

2.8.2 CHANGING MINDS ON GAY MARRIAGE
In this exercise, we analyze the data from two experiments in which households were can-

vassed regarding support on gay marriage.7 Note that the original study was later retracted
due to allegations of fabricated data; we will revisit this issue in a follow-up exercise (see
section 3.9.1). In this exercise, however, we analyze the original data while ignoring the
allegations.

Canvassers were given a script leading to conversations that averaged about 20 minutes.
A distinctive feature of this study is that gay and straight canvassers were randomly assigned
to households, and canvassers revealed whether they were straight or gay in the course of the
conversation. The experiment aimed to test the “contact hypothesis,” which contends that
outgroup hostility (toward gay people in this case) diminishes when people from different
groups interact with one another. The data file is gay.dta. Table 2.7 presents the names and
descriptions of the variables in this data set. Each observation of this data set is an individual’s
response to a four-point survey item on same-sexmarriage. There are two different studies in
this data set, involving interviews during seven different time periods (i.e., seven waves). In
both studies, the first wave consists of the interview before the canvassing treatment occurs.

7This exercise is based on the following article: Michael J. LaCour andDonald P. Green (2015). “When contact changes
minds: An experiment on transmission of support for gay equality.” Science, vol. 346, no. 6215, pp. 1366–1369.
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Table 2.7. Gay Marriage Data.

Variable Description

study source of the data (1 = study 1, 2 = study 2)
treatment five possible treatment assignment options
wave survey wave (a total of seven waves)
ssm five-point scale on same-sex marriage; higher scores indicate support.

1. Using the baseline interview wave before the treatment is administered, examine
whether randomization was properly conducted. Base your analysis on the three
groups of study 1: “same-sex marriage script by gay canvasser,” “same-sex marriage
script by straight canvasser,” and “no contact.” Briefly comment on the results.

2. The second wave of the survey was implemented two months after canvassing. Using
study 1, estimate the average treatment effects of gay and straight canvassers on
support for same-sex marriage, separately. Give a brief interpretation of the results.

3. The study contained another treatment that involves contact, but does not involve
using the gay marriage script. Specifically, the authors used a script to encourage
people to recycle. What is the purpose of this treatment? Using study 1 and wave 2,
compare outcomes from the treatment “same-sex marriage script by gay canvasser”
to “recycling script by gay canvasser.” Repeat the same for straight canvassers, com-
paring the treatment “same-sex marriage script by straight canvasser” to “recycling
script by straight canvasser.” What do these comparisons reveal? Give a substantive
interpretation of the results.

4. In study 1, the authors reinterviewed the respondents six different times (in
waves 2 to 7) after treatment, at two-month intervals. The last interview, in wave 7,
occurs one year after treatment. Do the effects of canvassing last? If so, under what
conditions? Answer these questions by separately computing the average effects of
straight and gay canvassers with the same-sex marriage script for each of the subse-
quentwaves (relative to the control condition). In chapter 4, we introduce loops, which
will allow us to more efficiently perform calculations across waves.

5. The researchers conducted a second study to replicate the core results of the first study.
In this study, same-sex marriage scripts are given only by gay canvassers. For study 2,
use the treatments “same-sex marriage script by gay canvasser” and “no contact”
to examine whether randomization was appropriately conducted. Use the baseline
support from wave 1 for this analysis.

6. For study 2, estimate the treatment effects of gay canvassing using data from wave 2.
Are the results consistent with those of study 1?

7. Using study 2, estimate the average effect of gay canvassing at each subsequent wave
and observe how it changes over time. Note that study 2 did not have a fifth or sixth
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Table 2.8. Leader Assassination Data.

Variable Description

country country
year year
leadername name of the leader who was targeted
age age of the targeted leader
politybefore average polity score of the country during the three-year

period prior to the attempt

polityafter average polity score of the country during the three-year
period after the attempt

civilwarbefore 1 if the country was in civil war during the three-year
period prior to the attempt, 0 otherwise

civilwarafter 1 if the country was in civil war during the three-year
period after the attempt, 0 otherwise

interwarbefore 1 if the country was in international war during the
three-year period prior to the attempt, 0 otherwise

interwarafter 1 if the country was in international war during the
three-year period after the attempt, 0 otherwise

result result of the assassination attempt

wave, but the seventh wave occurred one year after treatment, as in study 1. Draw an
overall conclusion from both study 1 and study 2.

2.8.3 SUCCESS OF LEADER ASSASSINATION AS A NATURAL EXPERIMENT
One longstanding debate in the study of international relations concerns the question of

whether individual political leaders can make a difference. Some emphasize that leaders with
different ideologies and personalities can significantly affect the course of a nation. Others
argue that political leaders are severely constrained by historical and institutional forces. Did
individuals like Hitler, Mao, Roosevelt, and Churchill make a big difference? The difficulty of
empirically testing these arguments stems from the fact that the change of leadership is not
random and there are many confounding factors to be adjusted for.

In this exercise, we consider a natural experiment in which the success or failure of assas-
sination attempts is assumed to be essentially random.8 Each observation of the Stata data set
leaders.dta contains information about an assassination attempt. Table 2.8 presents the
names and descriptions of variables in this leader assassination data set. Thepolity variable
represents the so-called polity score from the Polity Project. The Polity Project systematically
documents and quantifies the regime types of all countries in the world from 1800. The
polity score is a 21-point scale ranging from −10 (hereditary monarchy) to 10 (consolidated

8This exercise is based on the following article: Benjamin F. Jones and Benjamin A. Olken (2009). “Hit or miss? The
effect of assassinations on institutions and war.” American Economic Journal: Macroeconomics, vol. 1, no. 2, pp. 55–87.
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democracy). The result variable is a 10-category factor variable describing the result of
each assassination attempt.

1. How many assassination attempts are recorded in the data? How many countries
experience at least one leader assassination attempt? (Running the return list
command after thetabulate commandwill return the total number of observations
as well as the number of unique values.) What is the average number of such attempts
(per year) among these countries?

2. Create a new binary variable named success that is equal to 1 if a leader dies from
the attack and 0 if the leader survives. What is the overall success rate of leader assas-
sination? Does the result speak to the validity of the assumption that the success of
assassination attempts is randomly determined?

3. Investigate whether the average polity score over 3 years prior to an assassination
attempt differs on average between successful and failed attempts. Also, examine
whether there is any difference in the age of targeted leaders between success-
ful and failed attempts. Briefly interpret the results in light of the validity of the
aforementioned assumption.

4. Repeat the same analysis as in the previous question, but this time using the coun-
try’s experience of civil and international war. Create a new binary variable called
warbefore. Code the variable such that it is equal to 1 if a country is in either civil
or international war during the 3 years prior to an assassination attempt. Provide a
brief interpretation of the result.

5. Does successful leader assassination cause democratization? Does successful leader
assassination lead countries to war? When analyzing these data, be sure to state your
assumptions and provide a brief interpretation of the results.
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