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Provide an overview of empirical evidence on two key issues that determine the merits
school choice programs.

Two Objectives

Overview of the Lectures

– The new approaches will be placed in the context of informal checks for selection
and omitted variables bias that researchers routinely use.

Discuss new estimators of treatment e¤ects based on formally modeling how observed
variable and unobserved variables are related.

2. Will school choice lead the most advantaged students to exit regular public schools,
leading to a harmful “cream skimming e¤ect” of school choice on students who remain
in the existing schools.

1. (a) Are private schools more e¤ective than public schools?

1.1

1

ness of Private schools

Lecture 1. Sample Selection Bias and Studies of the E¤ective-

The Theoretical Foundation for Using the Degree of Selection on Observables to Assess
Bias from Unobservables

Part B

The Informal Use of Selection on the Observables to Assess Bias from Omitted Variables, Selection, and Invalid Exclusion Restrictions

Basic Results

Regression, Instrumental Variables, and Regression Discontinuity Approaches to Measuring School E¤ectiveness

Part A

1.2

1.3

Constructing Con…dence Intervals

Consistency of OU-Factor

The OU-Factor Estimator

brief discussion of heterogenous treatment e¤ects case (very preliminary)

Sensitivity analysis related to the OU Estimator, with applications to Catholic school
e¤ect and Swan-Ganz

Application of OU to Catholic School E¤ect, Swan Ganz procedure

The “Observables-Unobservables” (OU) Estimator

Lecture 2. Estimation Methods and Applications

Using Selection on Observed Variables to Assess Bias from Unobservables when Evaluating Swan-Ganz Catheterization Selection on Observables and Unobservables, withTodd Elder and Christopher Taber, American Economic Review Papers and Proceeding,
May 2008

“An Evaluation of Instrumental Variable Strategies for Estimating the E¤ects of Catholic
Schooling, with Todd Elder and Christopher Taber, Journal of Human Resources, Fall
2005.

“Selection on Observed and Unobserved Variables: Assessing the E¤ectiveness of
Catholic Schools, with Todd Elder and Christopher Taber,Journal of Political Economy, Vol. 113, February 2005.

Lectures 1a, 1b, and Lecture 2 draw on

Conclusion

Monte Carlo Evidence

“Methods for Using Selection on Observed Variables to Address Selection on Unobserved Variables,”with Timothy Conley, Todd Elder and Christopher Taber, September
2011 (on my web page).

1.4

Evidence on the Cream-Skimming E¤ect.

– Allowing peer e¤ects to depend on unobserved variables

– Estimating a School Choice Model When Peers E¤ect Demand

Econometric Issues

– How large are peer e¤ects

– Which Students will leave

– How heterogenous are schools

A Theoretical Framework for Assessing the Cream Skimming E¤ect of School Choice

The E¤ects of Competition on Public School Performance

Lecture 3 : Issues in Evaluating of School Choice Reform

Key Reference for Lecture: “Estimating the Cream Skimming E¤ect of School Choice,”
with Ching-I Huang and Christopher R. Taber, NBER Working Paper No 16579, December
2010, http://www.nber.org/papers/w16579
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A smaller set looks at e¤ects educational attainment and wages

Many studies examines e¤ects of private Schools on test scores

Dissatisfaction with state operated schools has lead to long running debate in the U.S.
and in other countries over whether private schools would do a better job

Research on the E¤ectiveness of Private Schools

Sample Selection Bias and Studies of the
E¤ectiveness of Private schools

Lecture 1a:

– Court decisions have expanded the scope for religion schools in the U.S.

– consequences of expansion of school choice, vouchers, alternative publicly funded
school (Charter Schools).

– lessons for public schools?

– Assess merits of private schooling

Why?

2.1

Literature is very large.

– More homogenous

– Historically, about 2/3 of all private schools

Much of the literature is on Catholic Schools

Previous Literature

2.2

Simple cross tabulations or multivariate regressions of outcomes such as test scores
and post secondary educational attainment typically show a substantial positive e¤ect
of Catholic school attendance.

Early Work

Regression approach.

Yi = Xi + CHi + "i

is the average e¤ect of Catholic school.

"i captures other factors that a¤ect test scores, dropping out, etc. that we fail to
control for.

Xi are background, perhaps prior achievement, test scores

CHi is a dummy variable for Catholic high school attendance,

Yi is an outcome

Estimate

2.2.1

CHi = 1(Xi 1 + ui > 0)

is biased if CH if related to " conditional on X:

Likely that some of these unobserved characteristics a¤ect Catholic school attendance.

We can’t measure all of the characteristics of the home environment and the student body
that in‡uence performance.

Estimate of

is large

then conclude that part of the Catholic school e¤ect is real.

– and the estimate of

– di¤erences in mean of the control variables by CHi modest

– control variables cover many dimensions relevant for outcome

– control variables explain a lot

Strategy: If

Positive e¤ects can be found in many data sets.

Leading examples: Coleman, Ho¤er, and Kilgore (1982) and Coleman and Ho¤er
(1987) using High School and Beyond,

2.3

– Proponents argue that many strengths of Catholic schools can be replicated in
public school settings.

– The “social capital” provided in Catholic schools can substitute for weaknesses in
the home environment and in the community.

teachers are more personally connected to their students.

parents and sta¤ agree on achievement and good behavior as school goals

– Catholic schools are more likely to operate as communities

– More “academic press”on students by maximizing school time spent in instruction,
by assigning more homework, by grading more strictly, and by holding all students
to high standards.

– Catholic schools emphasize core academic subjects and academic achievement.

Coleman and Ho¤er (1987) and Bryk, Lee and Holland (1993): o¤er a coherent theory
for why Catholic schools are more successful that is consistent with the pattern of
results they obtain.

Is Positive E¤ect Plausible ( > 0)?

– Successful charter schools (KIP) seem to have some similar features, but even more
academic press, emphasis on behavior

– (e.g., Goldberger and Cain (1982)), ...

Many prominent social scientists argued that the positive e¤ects of Catholic school
attendance in ordinary least squares (OLS) regressions are due to spurious correlations
between Catholic school attendance and family characteristics that are favorable to
education.

The CHK book ignited a …restorm of debate and criticism that is still being played out
today.

2.3.1

– But about sixty-three percent of Catholic school parents cite academic standards
and courses rather than religious instruction as the primary reason for sending their
children to Catholic schools. (Hoxby 1995).Coleman and Ho¤er (1987)

– Some of the selection may re‡ect parental preferences for religious instruction, which
may or may not be correlated with background factors favorable to achievement in
school and the labor market.

– Since the other students have also selected into the school, the peer group in‡uences
will also be more favorable to education.

– Some of these di¤erences will be hard to measure, such as how much parents care
about their children’s behavior and education.

Result: Family backgrounds of the children who attend Catholic schools will
di¤er systematically from the backgrounds of those in public schools.

– Parents who are highly motivated or who have substantial resources will be more
likely to choose private schools for their children.

– It costs money and time to send children to a private school. Public school is the
default, low cost decision.

Argument for Positive Bias from Selection and Omitted Variables:

– Might lead to negative selection on unobservable attributes of the child.

– Parents may opt out of public schools if their kids are not doing well.

Counterargument:

IV Strategies

(1b)

(1a)

– Characteristics of the private and public schools that in‡uence choice, such as
student body characteristics and school policies, are likely to be related to the
e¤ectiveness of the schools.

School Characteristics?

– variables that a¤ect choice, such as income, attitudes, and education of the parents,
are likely to in‡uence outcomes independently of the school.

Student background characteristics?

Choice of what to exclude from Xi and include in Zi is not obvious.

Yi = aCHi + Xi + "i
Yi = Yi or Yi = 1(Yi > 0)
CHi = 1(Xi 1 + Zi 2 + ui > 0)

Identi…cation Strategies are nested by the following model:

2.4

variation in tuition for reasons unrelated to demand for the school (such as resources in the Diocese the high school is in) will in‡uence the average motivation
of parents who send children to the school.

tuition choice re‡ects "ability to pay" of the potential student body of the school
in mind. (Not a problem if can control for family income.)

– average tuition will be correlated with average family income in a school for two
reasons.

– average tuition will in‡uence the resources available to the school and so may a¤ect
outcomes.

Tuition?

AET (2005b) show when Ci is excluded, the probit functional form is the main
source of identi…cation, not Di

Most of his results are based on bivariate probit models of Catholic high school
attendance and two di¤erent outcomes (high school graduation and college graduation) in which Catholic school e¤ects are identi…ed by excluding whether the
person is Catholic.

Fraction of Catholics in the county population, and the number of Catholic
schools in the county

– Neal (1997) uses C and proxies for distance from nearest Catholic school

Proximity to Catholic Schools (Di)?

Evans and Schwab (1995), main source of ID in Neal (1997)

– Several IV type studies use religion of the student or the student’s parent.

Religion (Ci)?

– Can control for Ci; Di

Ci Di? I started with a strong prior that Ci Di would be a valid instrument. Altonji,
Elder and Taber (2005b) consider the use interaction between religion and distance.

3

make sense

5. Find subpopulation for which is CHi = 0 and use to test exogeneity of Zi

4. Whether estimates of

3. Sensitivity of Results to Additional Controls

2. Pattern of correlation between Zi and Xi

1. Face plausibility of the instruments

Researchers typically consider:

– Does not …t the "e¤ects of Catholic schools" case.

If one has very strong apriori info that one or more instruments are valid, perform
Hausman tests of others.

How Do We Evaluate the Strategies?

Let’s explore in Catholic School Case, drawing on AET (2005a, b)

– Is identi…cation coming from the exclusion? Or from functional form.

Additional Issue: Is …rst stage su¢ ciently powerful?

3.1

– follows students who were in 8th grade in 1988

National Education Longitudinal Survey: 1988 (NELS:88)

– follows students who in last year of high school in 1972

National Longitudinal Survey of the High School Class of 1972 (NLS72)

Data

– Use rich control set??. Pick homogenous sample???

– Many studies used this strategy

Treat CHi as exogenous: cov ("i; vi) = 0: Don’t need any exclusions

Probit and Regression Estimates for Catholic eighth grade sample.

Results for Test Scores

(See Rouse and Barrow (2009) for a review and references)

Studies of Privately funded vouchers based on …eld experiments show 0 or small gains
over all. Some evidence for a positive e¤ect on African Americans, but result not
robust.

Studies of Voucher programs in elementary school in US show mixed evidence on test
score gains)

12th grade reading: near 0.

12th grade math: .13 standard deviations

3.1.1

Find a strong positive e¤ect of CH on high school graduation (.07 or .08) and college
attendance (.14)

Results for Urban Minorities:

Urban Minorities: E¤ects are stronger for HS grad, less precise: HS Grad .191. College
.144

3.1.2

Key question: How much of the estimated
high school e¤ect on educational attainment
is real, and how much is due to selection
bias?

Face Plausibility?

3.2.1

Pattern of Correlation between CH and X

AET (2005a), Table 1.

3.2.2

Highly Questionable.

Are Instruments Needed? Can CH be Treated as Exogenous?

3.2

Will return to the CH exogenous case later.

In the NLS72, the di¤erences are smaller.

Di¤erence is smaller among those who attend Catholic 8th grade.

Those who attend CH are clearly advantaged.

Di¤erence in observables is much smaller for Catholic 8th grade sample.

8th grade outcomes, family background more favorable for kids in Catholic high schools.

smaller di¤erences in 12th grade test scores

Huge di¤erence in HS grad rates (.104), college attendance (.23)

Face Plausibility:

3.3.1

Evan and Schwab, others have pointed out that Catholics aren’t that far from the
median on most socieconomic meausures. Look at Di¤erence in Means of Covariates
by C

Not much discussion of why Catholic religion per se would in‡uence educational attainment and wages in contemporary U.S..

Is Religion a Valid Instrument?

3.3

Hard to judge whether the links are large or small— this is what AET address

Less so in earlier cohorts

Conclusion: Catholics look advantaged.

Make Sense?

Do the Estimates Using Catholic as the Excluded Instrument

Bivariate probit estimate is .128— double the univariate probit estimate.

2SLS estimate of .34 is unreasonably large given that the mean of the graduation rate is
.84.

3.4

This is

AET reject Catholic as instrument based on above evidence rather than argue that the
large 2SLS and bivariate probit estimates bolster evidence for a positive e¤ect based
on OLS and probit.

2SLS estimate of.40 for College attendance is larger than the mean of is .29.
unreasonable.

3.5

Only 0.3% of public school eighth graders go to Catholic HS. Only 0.7% among public
eighth grade attendees whose parents are Catholic.

For persons for whom Catholic high school is not an option, the coe¢ cient on Ci in a
single equation model for Yi is an estimate of the direct e¤ect of Catholic religion on
the outcome.

dents from Public Eighth Grades

Evaluating Ci by Examining E¤ect of Catholic Religion for Stu-

is de…ned so that cov("i; Xi) = 0:

De…ne , , and

Proj (CHi j Xi; Ci) = Xi0 + Ci:

Proj (Ci j Xi) = Xi0 ;

to be the coe¢ cients of the least squares projections

Is Ci is correlated with "i?

Assume Ci does not in‡uence Yi directly but is correlated with CHi.

CHi is potentially endogenous and thus correlated with "i.

where

Yi = CHi + Xi0 + "i,

(4)

(3)

(2)

+
var(Cei)

e
1 cov Ci; "i

Xi0 :

Pr(CHi = 1 j pi) = 0:

b IV !

p

Ci

:

Assume for now that (Xi; Ci; "i) ? pi

In our application pi is attendance of a public eighth grade by individual i.

Let pi be an event such that

^ IV converges to

Cei

Let Cei be the residual of the projection of Ci on Xi :

(6)

(5)

^=
var(Cei)

e
1 cov Ci; "i

Yi = Xi0 + [Ci b ] + ! i

(7)

from the …rst stage regression, so can obtain a con-

by using 8th grade public school sample to estimate

Have a consistent estimate of
sistent estimate of the bias

var(Cei)

cov Cei; "i

Consider regression Yi on Xi and Ci conditional on pi: Coef. converges to

Enough to rule out use of C:

Bias estimate ^ is huge when C is used as an instrument.

Paper argues that conclusion is robust to accounting for selection induced by restricting
analysis to those who chose Catholic 8th grades.

3.6

However, the linearity and normality assumptions of the model are technically su¢ cient.
An exclusion restriction is not necessary.

Exclusion restrictions are useful for semiparametric identi…cation in limited dependent
variable models (see, e.g., Heckman, 1990 or Taber, 2000).

Many studies work with a similar model, perhaps with continuous Y:

(ui; "i) are standard normals with an unknown correlation.

CHi = 1(Xi0 + Zi0 + ui > 0)
Yi = 1( CHi + Xi0 + "i > 0);

The speci…cation used in Neal (1997), Evans and Schwab (1995), and AET (2005a, b)
is

of Identi…cation? Bivariate Probit Versus 2SLS

VI. Are Exclusion Restrictions or Nonlinearity the Main Source

Our analysis was motivated by large di¤erences in some cases between 2SLS and bivariate probit estimates.

Should explore whether identi…cation is primarily coming from the exclusion restrictions
or primarily coming from the functional form restrictions

When one imposes both exclusion restrictions and functional form restrictions, both
contribute to identi…cation of .

Pr(CHi = 1 j Xi; Zi) =

h

Xi0

(Xi0 b + Zi0 b )

i
0
+ Zi b )

that are similar to bivariate probit

+

(Xi0 b

(Xi0 + Zi0 )

This yields point estimates and standard errors for

Pr(COLLEGEi = 1 j Xi; Zi) =

Second Stage:

Usual First stage:

To isolate role of nonlinearity, consider two stage probit.

Follow Neal (1997) focussed on people from urban areas with separate e¤ects for
minorities and whites.

0

0

0

Xi0 + 1 (X i b + Zi0 b ) + 2 (Xi0 b + Z i b )
(8)

(Note: This is only an informal exercise to explore the extent of the identifying power
of Zi: ^ 1 is not a consistent estimator of in most circumstances.)

^ 1 measures the extent to which variation in the excluded instruments are in‡uencing
0
college attendance, rather than just nonlinearity in Xi in the function (Xi0 b + Z i b ).

0b
b
d , given by
Idea: isolate the e¤ects of variation in Zi on CH
1 (X i + Zi ), from
i
0
the e¤ects of variation in Xi, which is given by 2 (Xi0 b + Z i b ).

Pr(COLLi = 1 j Xi; Zi; X i; Z i) =

h

Instead of including (Xi0 b + Zi0 b ) as the key variable in the second stage, include
separate predicted probabilities holding Xi and Zi constant at their sample means,
respectively.

=

Xi0 +

h

0b
1 (X i

+ Zi0 b ) +

i
0
0b
b
2 (Xi + Z i )

based on Pr(COLLi = 1 j Xi; Zi; X i; Z i)

Column 3, 6:

1

based on Pr(COLLEGEi = 1 j Xi; Zi) =

Column 1, 4:

Xi0 +

h

(Xi0 b + Zi0 b )

i

Variation in the instruments contributes substantially to identi…cation in the …rst case,
but not in the second.

^ 1 is 5.541 (2.082). Very di¤erent from 2 stage probit estimate (se) of 1.471 (0.442)
.

Consider second extreme case in which only %CCHi, and CH=Pi are used to identify
the model for urban minorities.

Estimate of 1 of -0.069 (0.125) is similar to the corresponding 2 stage probit coe¢ cient
of -0.085 (0.118) in terms of both magnitude and precision. No evidence of a problem.

Consider one extreme case, one in which Ci, %CCHi, and CH=Pi are all used as
excluded instruments for urban whites.

AET (2005b) argue that the analysis explains some of the discrepancies among the
results in papers on the Catholic school e¤ect that have used these various exclusion
restrictions.

– No combination of instruments appears to be powerful for urban minorities.

– The implication is that Catholic religion drives identi…cation in models for urban
whites, but none of the other candidate instruments are e¤ective for this sample

For urban whites, the exclusion restrictions show substantially more power, but only
when Catholic religion (Ci) is used as an instrument - the models using %CCHi and
CH=Pi or Ci Di still exhibit large discrepancies between columns (4) and (6).

This implies that no combination of instruments drives all (or nearly all) of the identi…cation of these models for urban minorities. Even Ci doesn’t play much of a role.

Estimates for urban minorities in columns (1) and (3) indicate that in every case the
point estimates and standard errors di¤er dramatically.

See also Grogger and Neal (2000), who conclude that county level instruments for
Catholic school availability are not very informative in NELS:88.

Conclusion About Role of Nonlinearity and Lesson for Applied Researchers

To isolate the role of each of these factors, one should experiment with speci…cations
that rely solely on exclusion restrictions for identi…cation.

Bivariate probit can sometimes produce misleading results which are consistent with
a powerful instrumental variable, when in fact identi…cation is stemming from a weak
instrument in combination with functional form assumptions.

3.6.1

4

strict discontinuity

(9a)

References: Theory: Hahn, J., P. Todd, W. Van der Klaauw, (Econometrica Vol 69),
D. Lee and T. Lemieux, (JEL 2010)

f (Zi) is a smooth function in neighborhood of Z: Z is called the running variable

CHi = 1(Xi 1 + 1(Zi > Z ) 2 + ui > 0) fuzzy discontinuity

CHi = 1(Zi > Z )

Yi

= aCHi + Xi 1 + f (Zi) + "i
Yi = YI or Yi = 1(YI > 0)

A Few Words About Regression Discontinuity Design

With strict discontinuity, just estimate the Yi equation.

– In medical study, Z might be some indicator of the condition of the patient and Z
the cuto¤ for eligibility to a treatment. Example: (Almond, Doyle, Kowalski, and
Williams (QJE 2010) study of value of intensive care for low birth weight babies.
Z is birth weight and Z =1.5 Kilo.

– In social transfer study, Z might be earnings and Z the earnings cuto¤ for eligibility
(Lemieux and Milligan)

Other examples:

– Example: Bayer, Black (QJE, 1999), Bayer, Ferreira, Robert McMillan (JPE, 2007)
(distance from attendance boundary)

– Campbell and Thistelwaite (1960) introduced the idea. Studied the e¤ect of merit
awards on future academic outcomes. Allocation of the awards was based a test
score.

In school choice context, Z is a test score or distance from an attendance boundary.

The assumption is the 1(Zi > Z ) is exogenous conditional on X and f (Z ):

With fuzzy discontinuity, one works with the equations for Y and CH: The excluded
variable is 1(Zi > Z ). If Y is continous, just 2SLS.

Worry if:

Researchers graph Xi and Xi i again Zi and look for a break around 1(Zi > Z )

Using the Observables to Check on 1(Zi > Z)

3. There is a discontinuity in the distribution of Zi around Z . (Perfect ability to manipulate Z )

2. There is a break in the relationship between Xi around Zi around Z . (Figure 17 from
David Lee’s (2008) study of on incumbent advantage shows no break in Democratic
vote share in last election at Z = 0.)

1. Find systematic relationship between how the Xi are related to Yi and how they are
related to Zi and

4.1

Example: Lee 2008, study of e¤ect of incumbency on vote share in next election (Zt).
Graph shows no break in distribution of prior Democratic vote share (Zt 2) on distribution
of running variable Zt 1 at Zt 1 = Z = 0

5

sess Selection on Unobserved Variables

Next: Foundation for Using Observed Variables to As-

