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Nobel Prize in Economics 2021

This course is very much based on the contributions of Angrist,
Card, and Imbens

The textbook of course
Angrist and Krueger (1991): Quarter of birth as an IV for
schooling
Angrist, Imbens, and Rubin (1996): LATE interpretation of IV
Angrist et al (2011): IV as an RCT with imperfect compliance
Angrist (2006): LATE and ATT
Card and Krueger (1994): Dif-in-dif analysis of minimum wages
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What did we do last time?

Differences-in-differences

Two groups: Treatment and control

Two periods: t and t+ 1

Yit = αi + λt + ρDit + εit

where i = {T,C}, t = {t, t+ 1}, DT,t = DC,t = DC,t+1 = 0,
and DT,t+1 = 1

OLS estimation of ρ gives the treatment effect
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Difference-in-differences (DID)

Fixed effects vs. Differences-in-differences

Example: Card and Krueger (1994)

Improving traditional DID set up

Other examples
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Fixed effects vs. Differences-in-differences

Differences-in-differences is an application of the familiar
individual fixed-effects model with panel data:

Yit = αi + λt + ρDit +X
′
itβ + εi,t

where t denotes time (or something else, we return to this later)
and i individuals

αi varies across i but not across t whereas λt varies across t but
not across i

The key to the identification of ρ is that we have repeated
observations on i over t
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Fixed effects vs. Differences-in-differences

Then we can "eliminate" αi and identify ρ either by converting
the data into deviations from i-specific means:

Yit − Ȳi = λt − λ̄+ ρ(Dit − D̄i) + (Xit − X̄i)
′
β + (εit − ε̄i)

or by differencing over t

Yit − Yit−1 =
λt − λt−1 + ρ(Dit −Dit−1) + (Xit −Xit−1)

′
β + εit − εit−1

These transformations will provide more or less the same results
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Fixed effects vs. Differences-in-differences

Differences-in-differences is an application of the fixed effects
model where:

i often refers to more aggregate groups
Units in the treatment group start being exposed to the treatment
at time t (i.e.: a new a law is implemented in a certain region, but
not in the control regions)

The differences-in-differences framework helps us to think much
more carefully about identification issues.
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Famous example: Card and Krueger (1994)

Effect of Minimum wages on employment
Theory:

In a competitive model the result of increasing the minimum
wage is to reduce employment.
However, in a monopsonistic model an increase in minimum
wages can actually increase employment.

On April 1, 1992, New Jersey raised the state minimum wage
from $4.25 to $5.05, whereas in the bordering state of
Pennsylvania the minimum wage stayed at $4.25 throughout this
period.

Card and Krueger (1994) evaluated the effect of this change on
the employment of low wage workers.

They conducted a survey to some 400 fast food restaurants from
the two states just before the NJ reform, and a second survey to
the same outlets 7-8 months after.
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Treatment and Control Locations

10/ 58 Applied Microeconometrics I



Famous example: Card and Krueger (1994)

Characteristics of fast food restaurants:
1 A large source of employment for low-wage workers.
2 They comply with minimum wage regulations (especially

franchised restaurants).
3 Fairly homogeneous job, so good measures of employment and

wages can be obtained.
4 Easy to get a sample frame of franchised restaurants (yellow

pages) with high response rates.
5 Response rates 87% and 73% (less in Penn, because the

interviewer was less persistent).
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Distribution of wage rates, before and after
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Famous example: Card and Krueger (1994)

Treatment group: Fast-food restaurants in New Jersey (i = NJ)

Control group: Fast-food restaurants in Pennsylvania (i = PA)

Denote the period before April 1992 with t = 0 and period after
April 1992 with t = 1

At period t = 0 the minimum wage is wPA,0 = wNJ,0 = w

At period t+ 1 the minimum wages differ so that wPA,1 = w
and wNJ,1 = w + ∆
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Famous example: Card and Krueger (1994)

Write employment is state i at period t as:

Lit = αi + λt + ρwit + εit

Now:
E(LPA,0) = αPA + λ0 + ρw
E(LNJ,0) = αNJ + λ0 + ρw
E(LPA,1) = αPA + λ1 + ρw
E(LNJ,1) = αNJ + λ1 + ρ(w + ∆)

The differences-in-differences estimator of ρ is:

ρ = [E(LNJ,1)− E(LNJ,0)]− [E(LPA,1)− E(LPA,0)]
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172 CHAPTER 5. FIXED EFFECTS, DD, AND PANEL DATA
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Figure 5.2.1: Causal e¤ects in the di¤erences-in-di¤erences model

original minimum wage study, Card and Krueger (2000) obtained administrative payroll data for restaurants

in New Jersey and Pennsylvania for a number of years. These data are shown here in Figure 5.2.2, similar

to Figure 2 in their follow-up study. The vertical lines indicate the dates when their original surveys were

conducted, and the third vertical line denotes the increase in the federal minimum wage to $4.75 in October

1996, which a¤ected Pennsylvania but not New Jersey. These data give us an opportunity to look at a new

minimum wage "experiment".

Like the original Card and Krueger survey, the administrative data show a slight decline in employment

from February to November 1992 in Pennsylvania, and little change in New Jersey over the same period.

However, the data also reveal fairly substantial year-to-year employment variation in other periods. These

swings often seem to di¤er substantially in the two states. In particular, while employment levels in

New Jersey and Pennsylvania were similar at the end of 1991, employment in Pennsylvania fell relative to

employment in New Jersey over the next three years (especially in the 14-county group), mostly before the

1996 change in Federal minimum. So Pennsylvania may not provide a very good measure of counterfactual

employment rates in New Jersey in the absence of a policy change, and vice versa.

A more encouraging example comes from Pischke (2007), who looks at the e¤ect of school term length

on student performance using variation generated by a sharp policy change in Germany. Until the 1960s,

children in all German states except Bavaria started school in the Spring. Beginning in the 1966-67 school

year, the Spring-starters moved to start school in the Fall. The transition to a Fall start required two short

school years for a¤ected cohorts, 24 weeks long instead of 37. Students in these cohorts e¤ectively had

their time in school compressed relative to cohorts on either side and relative to students in Bavaria, which
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5.2. DIFFERENCES-IN-DIFFERENCES 171

is the causal e¤ect of interest. This is easily estimated using the sample analog of the population means.

Table 5.2.1: Average employment per store before and after the New Jersey minimum wage increase
PA NJ Di¤erence, NJ-PA

Variable (i) (ii) (iii)
1. FTE employment before, 23.33 20.44 -2.89

all available observations (1.35) (0.51) (1.44)
2. FTE employment after, 21.17 21.03 -0.14

all available observations (0.94) (0.52) (1.07)
3. Change in mean FTE -2.16 0.59 2.76

employment (1.25) (0.54) (1.36)

Notes: Adapted from Card and Krueger (1994), Table 3. The

table reports average full-time equivalent (FTE) employment at

restaurants in Pennsylvania and New Jersey before and after a

minimum wage increase in New Jersey. The sample consists of

all stores with data on employment. Employment at six closed

stores is set to zero. Employment at four temporarily closed stores

is treated as missing. Standard errors are reported in parentheses

Table 5.2.1 (based on Table 3 in Card and Krueger, 1994) shows average employment at fast food

restaurants in New Jersey and Pennsylvania before and after the change in the New Jersey minimum wage.

There are four cells in the �rst two rows and columns, while the margins show state di¤erences in each

period, the changes over time in each state, and the di¤erence-in-di¤erences. Employment in Pennsylvania

restaurants is somewhat higher than in New Jersey in February but falls by November. Employment in New

Jersey, in contrast, increases slightly. These two changes produce a positive di¤erence-in-di¤erences, the

opposite of what we might expect if a higher minimum wage pushes businesses up the labor demand curve.

How convincing is this evidence against the standard labor-demand story? The key identifying assump-

tion here is that employment trends would be the same in both states in the absence of treatment. Treatment

induces a deviation from this common trend, as illustrated in �gure 5.2.1. Although the treatment and con-

trol states can di¤er, this di¤erence in captured by the state �xed e¤ect, which plays the same role as the

unobserved individual e¤ect in (5.1.3).7

The common trends assumption can be investigated using data on multiple periods. In an update of their

7The common trends assumption can be applied to transformed data, for example,

E(log y0istjs; t) = 
s + �t:

Note, however, that if there is a common trend in logs, there will not be one in levels and vice versa. Athey and Imbens

(2006) introduce a semi-parametric DD estimator that allows for common trends after an unknown transformation, which they

propose to use the data to estimate. Poterba, Venti and Wise (1995) and Meyer, Viscusi, and Durbin (1995) discuss DD-type

models for quantiles.
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Simple Regression Dif-in-Dif

We can also use the following regression to estimates the
differences-in-differences coefficient:

Yist = α+γTREATs+λAFTERt+ρ(AFTERt∗TREATs)+εist

Yist is the number of full-time employees working in
establishment i, located in state s ∈{NJ,PA}, in period t ∈{Feb
1992, Nov 1992}

TREATs: dummy variable equal to 1 when s={NJ}

AFTERt: dummy variable equal to 1 when t={Nov 1992}

TREATs ∗AFTERt interaction term that takes value one
when s={NJ} & t={Nov 1992}
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Simple Regression DD: interpreting coefficients

Yist = α+γTREATs+λAFTERt+ρ(AFTERt∗TREATs)+εist

α: average Y in non-treated group (PA) in the pre-treatment
period

γ: difference in Y between treatment group (NJ) and control
group (PA) in the pre-treatment period

λ: ∆Y in the control group between the pre-treatment and the
treatment period

ρ: ∆Y in the treatment group between the pre-treatment and the
treatment period, relative to the ∆Y in the control group
→ captures effect of the policy!
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Regression DD: Including controls

Yist =
α+γTREATs+λAFTERt+ρ(AFTERt∗TREATs)+X ′istβ+εist

Sometimes you may want to control for certain time-varying
covariates (Xist).

Including controls may help to obtain more precise estimates, but
make sure not to include bad controls
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Results of the CK Study

Wages increased by 10% in NJ, remained constant PA
... but employment rose in NJ and decreased in PA

The dif-in-dif estimate suggests that the rise of minimum wage
increased employment
Result robust to alternative specifications and to an alternative
control group (workers with salaries above the minimum salary)
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Reactions to the CK Study

Angus Deaton: “The reception accorded to Princeton faculty by
their colleagues in other institutions is what might be expected
by the friends and defenders of child-molesters”

James Buchanan in the Wall Street Journal:
“no self-respecting economist would claim that increases in the
minimum wage increase employment. Such a claim, if seriously
advanced, becomes equivalent to a denial that there is even minimum
scientific content in economics, and that, in consequence, economists
can do nothing but write as advocates for ideological interests.
Fortunately, only a handful of economists are willing to throw over the
teaching of two centuries; we have not yet become a bevy of
camp-following whores”

See Angus Deaton’s “Letters from America” for more:
www.princeton.edu/~deaton/downloads/letterfromamerica_oct1996.html
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Reactions to the CK Study

Neumark and Wascher (2000, AER)
CK data has a lot of measurement error
data provided by Employment Policies Institute reveal that the
minimum wage rise did decrease employment

Card and Krueger (2000, AER)
administrative data from Bureau of Labor Statistics confirm the
key findings of the 1994 paper
“calls into question the representativeness of the sample
assembled by Berman, Neumark and Wascher”

See John Schimtt’s “Cooked to Order“ for more:
www.prospect.org/cs/articles?article=cooked_to_order
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Treatment and Control Locations
(Card and Krueger, 2000)

1406 THE AMERICAN ECONOMIC REVIEW DECEMBER 2000 
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FIGURE 2. EMPLOYMENT IN NEW JERSEY AND PENNSYLVANIA FAST-FOOD RESTAURANTS, OCTOBER 1991 TO SEPTEMBER 1997 

Note: Vertical lines indicate dates of original Card-Krueger survey and the October 1996 federal minimum-wage increase. 
Source: Authors' calculations based on BLS ES-202 data. 

sections of fast-food restaurants for the period 
from 1991 to 1997. We used these cross- 
sectional samples to calculate total employment 
for New Jersey, for the 7 counties of Pennsyl- 
vania used in our original study, and for the 
broader set of 14 eastern Pennsylvania counties 
in each month. Figure 2 summarizes the time- 
series patterns of aggregate employment from 
these files. For each of the three geographic 
regions, the figure shows aggregate monthly 
employment in the fast-food industry relative to 
their respective February 1992 levels. 

The figure reveals a pattern that is consistent 
with the longitudinal estimates. In particular, 
between February and November of 1992-the 
main months our survey was conducted-fast- 
food employment grew by 3 percent in New 
Jersey, while it fell by 1 percent in the 7 Penn- 
sylvania counties and fell by 3 percent in the 14 
Pennsylvania counties. Although it is possible 
to find some pairs of months surrounding the 
minimum-wage increase over which employ- 

ment growth in Pennsylvania exceeded that in 
New Jersey, on whole the figure provides little 
evidence that Pennsylvania's employment 
growth exceeded New Jersey's in the few years 
following the minimum-wage increase. 

A. The Effect of the 1996 Federal Minimum- 
Wage Increase 

On October 1, 1996, the federal minimum 
wage increased from $4.25 per hour to $4.75 
per hour. This increase was binding in Pennsyl- 
vania, but not in New Jersey, where the state's 
$5.05 minimum wage already exceeded the new 
federal standard. Consequently, the same com- 
parison can be conducted in reverse, with New 
Jersey now serving as a "control group" for 
Pennsylvania's experience. This reverse com- 
parison is particularly useful because any long- 
run economic trends that might have biased 
employment growth in favor of New Jersey 
during the previous minimum-wage hike will 
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Some potential methodological concerns:
1 The authors do not examine how the trends evolved in the past.

Information from future trends suggests that they are not parallel.
2 At the end of the day, we only have two observations. Possible

common shocks may affect the treatment or the control group.
3 Other policies?
4 Note also the tension between having observations that are

geographically close and the potential existence of an impact of
the treatment on the control group.
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Improving Traditional Dif-and-Dif Set Up

The crucial assumption in DD set up is that the control group
provides information about how the treatment group would have
evolved in the absence of treatment (parallel trends)
With more than two periods this can be investigated in several
ways...

1 Illustrate graphically that the outcomes evolved similarly in the
years before the policy was implemented

2 Estimate placebo models: does the placebo policy introduced in
t-1, t-2, etc. have any significant impact?

3 Include group-specific trends
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Example:Cengiz et al (2019): The effect of minimum wage
on low-wage jobs

Cengiz et al (2019) is the latest addition to the literature on the
effects of minimum wages

Like Card and Krueger(1994) it is a dif-in-dif paper but modern
in its approach

Exploit 138 state-level changes in minimum wages between
1979 and 2016 to identify the effect

Instead of a particular sector, focus on the effect on the total
employment
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Example:Cengiz et al (2019): The effect of minimum wage
on low-wage jobs

Dif-in-dif design to estimate the impact of minimum wage
increases on the entire distribution of wages

Zoom on the bottom of the distribution to estimate the impact on
employment and wages of affected workers
Idea:

An increase in minimum wages will directly affect jobs that were
paying less than the minimum wage before the raise
Some of these jobs will disappear as a result of the raise
Some of these jobs will increase wages and show up as "excess
jobs" at and above the minimum wages
At the upper tail of the wage distribution we shouldn’t see any
effects of minimum wages
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The impact of minimum wages on the frequency
distribution of wages
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Example:Cengiz et al (2019): The effect of minimum wage
on low-wage jobs

Estimate employment changes in bins of the wage distribution
relative to the minimum wage for three years prior to and five
years following an event

Esjt
Nst

=

4∑
τ=−3

17∑
k=−4

ατkI
τk
sjt + µsj + ρjt + Ωsjt + usjt

where Esjt is the employment in wage bin j in state s at a
quarter t, Nst is the population in s at t

The treatment dummy Iτksjt is equal to one if the minimum wage
was increased τ years from date t for bin j that falls between k
and k + 1 dollars of the new minimum wages

State-bin effects µsj , period-bin effects ρjt
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The impact of minimum wages on the wage distribution
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Example:Cengiz et al (2019): The effect of minimum wage
on low-wage jobs

The autors have data on states several years before and after the
increase in minimum wage change

This allows the to estimate the "lead"and "lag" effects to assess
pre-existing trends

If employment below and above the new minimum wage diverge
already before the raise, parallel trends assumption could be
violated

No evidence of diverging trends before the raise
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The impact of minimum wages on the wage distribution
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Example: Ashenfelter and Rouse (1998): Income, schooling
and identical twins

So far we have used differences-in-differences to identify causal
effects using data on units over time

However, we can have multiple observations of a unit in other
dimensions as well
Examples:

Plants within firms
Family member within families
Pupils within classes or schools

We can also exploit this kind of variation in a
differences-in-differences style strategy
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Example: Ashenfelter and Rouse (1998): Income, schooling
and identical twins

Let’s return to the problem of estimating the effect of schooling
Sif on earnings Yif :

Yif = α+ ρSif + γAf + εif

where f denotes family and Af is unobserved

Af is fixed within families now captures all the unobserved
determinants of earnings that are fixed within families

It is highly unlikely that Cov(Sif , Af ) = 0

Hence, omitting Af would lead to biased estimates of ρ
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Example: Ashenfelter and Rouse (1998): Income, schooling
and identical twins

Ashenfelter and Rouse have data on identical twins i = 1, 2

Twin 1: Y1f = α+ ρS1f + γAf + ε1f
Twin 2: Y2f = α+ ρS2f + γAf + ε2f

If Af is common to the pair of twins, then differencing yields:

Y1f − Y2f = ρ(S1f − S2f ) + (ε1f − ε2f )

Under these assumptions estimaing ρ with the differenced
equation gives us the causal effect of schooling on earnings
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OLS estimates in the population and in the twin sample
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First difference estimates
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Example: Ashenfelter and Rouse (1998): Income, schooling
and identical twins

Why do identical twin have different levels of schooling?

What if it is only mis-reporting?

More general problem: First differencing (or conversion to
deviations from unit-specific means) exacerbates measurement
error problems

Intuition: If identical twins always have the same level of
schooling in reality, then all the observed variation will be just
measurement error
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Example: Ashenfelter and Rouse (1998): Income, schooling
and identical twins

Ashenfelter and Rouse solution: Assume that twins report each
other’s schooling with independent measurement errors

Then we can use one’s twins reporting of one’s own schooling as
an instrument for one’s own reporting

Intuition: Both my recollection and my twin sibling’s
recollection are mismeasured assessments of my real level of
schooling. Instrumenting my own recollection with my sibling’s
recollection will clean away the measurement error
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Final comments on diff-and-diff:

Identification again relies on assumptions that cannot be tested

But at least we can show that in the past trends were parallel

Discuss explicitly why it is a good assumption to believe that the
timing of the treatment/policy was as good as random

Discuss explicitly the existence of alternative policies that might
contemporaneously affect the treatment or the control group

Discuss the possibility that the control group is affected by the
treatment.
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Clustering standard errors

Imagine that we want to estimate the impact of taking a certain
pill on individual happiness. Individuals in the control group will
receive a placebo

Sample size: 1000 individuals from Kuopio and 1000 from
Tampere
How do we assign individuals to treatment and control? Two
proposals

1 Flip a coin once: tail, individuals from Kuopio are treated, heads,
individuals from Tampere are treated

2 Flip a coin 2000 times, once for each individual: tail, the
individual is assigned to treatment; heads she is assigned to
control

Which of the two implementations would be more informative
about the impact of the treatment? Why?
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Clustering standard errors

However, the OLS standard errors are similar in both cases.
What’s wrong?
The potential presence of a common shock:

There might be some common shock affecting all individuals in
the treatment group or in the control group (Moulton 1990).
OLS standard errors assume that all observations are independent
realizations. Standard errors have to be corrected to account for
the presence of common shocks

In a differences-in-differences common shocks problem also
may lead to serial correlation in the standard errors

Shocks are now common to time*group cells
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Solution

Cluster standard errors!
In some sense, it implies acknowledging how many independent
sources of information there are in the data.

When the number of groups is large enough (rule of thumb:
N>50), use the ‘sandwich formula’ (stata command
cluster(group)
When the number of groups is small, the corresponding
asymptotic properties do not hold. There are some alternatives:

Block-bootstrap
Collapse the time series information into a “pre” and “post”
period
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Minimum wages in a competitive labour market
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Minimum wages and monopsony
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Example

State Wage group t=1 t=2 
 wg1,low empl1,low,1 empl1,low,2 

s1 wg1,medium empl1,medium,1 empl1,medium,2 

 wg1,high empl1,high,1 empl1,high,2 

 wg2,low empl2,low,1 empl2,low,2 

s2 wg2,medium empl2,medium,1 empl2,medium,2 

 wg2,high empl2,high,1 empl2,high,2 

 

Minimum wage increases in s=1 at t=2 

Increases wages in wg1,low  at t=2, 

Employment may decrease in wg1,low  and increase in wg1,medium 

No effect: (empl1,high,2-empl1,high,1)-( empl2,high,2-empl2,high,1) 

Net effect: [(empl1,medium,2-empl1,medium,1)-( empl2,medium,2-empl2,medium,1)]-[ (empl1,low,2-
empl1,low,1)-( empl2,low,2-empl2,low,1)] 
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Measurement error and IV

We want to estimate
y = βs+ e

where for convenience we assume that Cov(s, e) = 0

Suppose that s is measured with error by both siblings i and j:

si = s+ u

sj = s+ v

so that Cov(s, u) = 0, Cov(s, v) = 0, Cov(e, u) = 0, and
Cov(e, v) = 0

If we only had one measure si of s, we would encounter the
familiar measurement error problem
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Measurement error and IV

But note that Cov(sj , e) = 0 and that Cov(si, sj) = V ar(s) 6= 0

We can use sj as an instrument for si
Instrument si with sj to get:

Cov(sj , y)

Cov(sj , si)
=
Cov(s+ v, βs+ e)

Cov(s+ u, s+ v)
= β
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What did we do last time?

Analogy between dif-in-dif and fixed effects regression

Card and Krueger

Cengiz et al

Question about group-specific trends: Example Autor (2003)
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Dif-in-dif with non-parallel linear trendsDifferences-in-Differences 199

Figure 5.6
A real MLDA effect, visible even though trends are not parallel
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shows how regression DD captures treatment effects in the face
of uncommon trends. Death rates in Allatsea increase more
steeply than in Alabaster throughout the sample period. But
the Allatsea increase is especially steep from 1974 to 1975,
when Allatsea lowered its MLDA. The coefficient on LEGALst

in equation (5.6) picks this up, while the model allows for the
fact that death rates in different states were on different tra-
jectories from the get-go.

Models with state-specific linear trends provide an impor-
tant check on the causal interpretation of any set of regression
DD estimates using multiperiod data. In practice, however, em-
pirical reality may be considerably mushier and harder to inter-
pret than the stylized examples laid out in Figures 5.4–5.6. The
findings generated by a regression model like equation (5.6) are
often imprecise. The sharper the deviation from trend induced
by a causal effect, the more likely we are to be able to uncover
it. On the other hand, if treatment effects emerge only grad-

Angrist third pages 2014/10/16 10:34 p. 199 (chap05) Princeton Editorial Associates, PCA ZzTEX 16.2
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Example:Autor (2003): Outsourcing at will

Autor (2003) studies the effect of stricter employment protection
(wrongful discharge laws) on outsourcing of employment to
temporary help firms (THS)

Between 1973 and 1995 45 state courts limited employers’
discretion to terminate workers

Between 1979 and 1995 employment in THS grew at 11%
annually

Are these phenomena causally linked?
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Wrongful discharge laws and THS employment
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Example:Autor (2003): Outsourcing at will

Some states change employment protection and some don’t

Autor uses data on sectoral employment in U.S states over
1979-95 to regress THS employment on state and time dummies,
controls and Dst:

Yst = αs + λt + ρDst +X
′
stγ + εst

where Dst = 1 if state s adopts a wrongful discharge law at t
and zero otherwise

This is a standard differences-in-differences setting
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The impact of wrongful discharge laws on THS
employment
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Example: Autor (2003): Outsourcing at will

Autor has data on many states that change legislation and on
several years before and after the law change

This makes it possible to "test" for causality in a placebo sense.
Autor uses two strategies

First, include state-specific time trends to the regression:

Yst = αs + γst+ λt + ρDst +X
′
stβ + εst

where γst is a state-specific linear trend

Results are robust to inclusion of state-specific trends
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Autor (2003): Outsourcing at will

Second, include leads and lags of Dst:

Yst = αs+λt+
∑m

τ=0 ρ−τDst−τ +
∑k

τ=1 ρτDst+τ +X ′istβ+εist

where the sums allow for m postrteatment and q anticipatory
effects

If the dif-in-dif assumption holds there shouldn’t be any
anticipatory effects

No evidence of anticipatory effects

Posttreatment effects also seem to increase with time
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The effect of wrongful discharge laws before, during, and
after the adoption
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