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What is a neighborhood?

A. Poverty Rates by Chicago Census Tract m Geographically localized community within

a city, town, suburb or rural areas.

m Qutcomes are spatially correlated in the
AN data, and so people want to understand
the causes and consequences of this
spatial correlation.

m Neighborhood effects as interactions
between families and between families and
institutions

m Influence schooling, crime, health, civic

o engagement, home foreclosures, teen
na-% births, leadership networks, immigration
51008 (Sampson, 2012; Durlauf, 2018)
m Effects are persistent (Ewing, 2018,
Gaubert, Kline, Yagan (2020 Durlauf, 1996) -« 5. = .= =
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Neighborhoods matter

Motivation Why neighborhood effects? Evidence from Sociology University of Chicago

Rosenbaum-De Luca (2009) conduct interviews with 150 participants in the Chicago
Gautreaux Housing Program, who moved from public housing projects to suburban
neighborhoods. Interviewers asked in what ways moving to the suburbs benefited them and

their children. They highlight:
m Feeling a sense of control over their lives
m An address in the suburbs was better for (e.g.) job applications.

m Exposure to white residents debunked stereotypes, gave them “social and cultural
know-how" that helped in future interactions with white people

m Different levels of (e.g.) gang activity and violence meant mothers could worry less about
their children —> more time to pursue their own goals

m Favors from neighbors (e.g. transportation/financial /watching kids if working late) as a
form of capital
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Ex Ante Concerns

Motivation Ex Ante Concerns of Measuring Neighborhood Effects University of Chicago

m Broad, largely undefined concept.

Its important to understand what makes up a neighborhood. People who refer to
“neighborhood effects” might be referring to a host of different ideas.

Formation of neighborhoods are important, effects are persistent.
Choice of a neighborhood is correlated with a lot of other factors.

Incentives at play to maintain neighborhood structure are important.

Moving a few people across neighborhoods is not the same as moving many people across
neighborhoods (reforming the neighborhood).

Partial versus general equilibrium effects.

m Unhelpful (and possibly harmful) if policy targets the wrong neighborhood elements
because the concept went undefined
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Overview

Theory University of Chicago
2 Theory

How do neighborhoods form? The Durlauf Model and its implications
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Endogenous Stratification (Durlauf, 1996)

Theory How do neighborhoods form? The Durlauf Model and its implications University of Chicago

m Endogenize neighborhood formation process

m Income inequality emerges through a positive feedback loop where there is a tendency for
families to stratify themselves endogenously into homogeneous neighborhoods

m Similar to Benabou (1996), which studies the stratification on economic growth
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children’s wealth Y

Endogenous Stratification (Durlauf, 1996)
Theory How do neighborhoods form? The Durlauf Model and its implications

University of Chicago
Model links household income to the next generation’s income through education

m Agents have utility v over their own consumption C and the expected value of their
schools

u(i,t — 1) = mlog(Cit) + maE[log(Yi t41)|Infor]
m Taxes for household i in time t, T;, are proportional to income Y and used to fund

Tit = Tnt Yit
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Endogenous Stratification (Durlauf, 1996)

Theory How do neighborhoods form? The Durlauf Model and its implications University of Chicago

Model links household income to the next generation’s income through education
m Agents have utility v over their own consumption C and the expected value of their
children’s wealth Y
u(i,t — 1) = mlog(Cit) + maE[log(Yi t41)|Infor]

m Taxes for household i in time t, T;, are proportional to income Y and used to fund

schools
Tit = Tnt Yit

m Neighborhood investment in education, T(7,:), the empirical distribution of income in
the neighborhood, F,;, and individual ability, £&; determine a child's income.

Yitt1 = Tnt(Tnt)@(’:_Ym) §it+1
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Endogenous Stratification (Durlauf, 1996)

Theory How do neighborhoods form? The Durlauf Model and its implications University of Chicago

Model links household income to the next generation’s income through education
m Agents have utility v over their own consumption C and the expected value of their
children’s wealth Y

u(i,t — 1) = mlog(Cit) + maE[log(Yi t41)|Infor]

m Taxes for household i in time t, T;, are proportional to income Y and used to fund

schools
Tit = Tnt Yit

m Neighborhood investment in education, T(7,:), the empirical distribution of income in
the neighborhood, F,;, and individual ability, £&; determine a child's income.

Yitt1 = Tnt(Tnt)@(’:_Ym) §it+1

m With these preferences, solving for optimal neighborhood tax rate yields

2
Tnt =
T + T2
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Endogenous Stratification (Durlauf, 1996)

Theory How do neighborhoods form? The Durlauf Model and its implications University of Chicago

To Form a Neighborhood
m A neighborhood forms at the beginning of every period.
1 Place the wealthiest household into a new neighborhood.

2 Add households in order of wealth (high to low) until adding more households no longer
increases the utility of people in the neighborhood.

m Repeat [1-2] with the remaining households left until all neighborhoods have formed
Implications

m Increasing neighbor's income increases the taxbase, raising the marginal product of
investment in education, which increases the expected income of offspring

m Neighborhood stratification occurs when the income gap is higher between rich families
and poor families

m Neighborhood-wide positive feedback effects, not economy wide positive feedback effects

Details on ©, When will we see segregation?, Additional Implications
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Endogenous Stratification (Durlauf, 1996)

Theory How do neighborhoods form? The Durlauf Model and its implications

University of Chicago

Implications for Mobility

m Key Parameter: income growth rate among offspring of families in neighborhood n at
time t where MY is average neighborhood income
E(Myi,tJrl | i€ Nn,t;ft) — MY,

Ent = MY,

m Stratification maximizes the expected income of the richest people in the economy, while
minimizing the expected income of the poorest family's children

m This process maximizes inequality between rich and poor families
m If the economy grows, endogenous stratification results in long-run inequality

m Intergenerational Mobility across neighborhoods (Durlauf and Seshadhri, 2018)

Yor’fspring =a+p3 ( Yn) Yparent +€

Conditions for growth, Conditions for permanent inequality, The Gatsby Curve

[m} = =
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Endogenous Stratification (Durlauf, 1996)

Theory How do neighborhoods form? The Durlauf Model and its implications

University of Chicago

Model Drawbacks
m Equilibrium contingent on Cobb-Douglass preferences
m Assume decentralized neighborhood. Fiscal centralization would undo the inequality.
m A neighborhood is re-formed every time period, underestimating persistence effects
m Housing is not including in the model, potentially underestimating persistence

m Newer models get around this by endogenizing housing choice (loannides and Zabel, 2008)
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Overview

Empirics University of Chicago
3 Empirics

How do neighborhoods affect children?

(How) do neighborhoods affect adults?

(If Time) How to endogenize the housing choice (loannides and Zabel 2008)
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Chetty et al. (2014) - Motivation

Empirics How do neighborhoods affect children?

University of Chicago

A. Absolute Upward Mobility: Mean Child Rank for Parents at 25th Percentile (725) by CZ

520-650
485-520
459-485
446-459
433-446
420-433

W408-420

W392-408

» W73-392

4 W260-373

£ Insufficient Data

Source: Chetty et al. (2014)

Note: The measure derived from rank-rank OLS estimate at p=25 by CZ

=] 5

RN Ge
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Empirics How do neighborhoods affect children?

Causal Effects of Neighborhoods vs Sorting

upward mobility

University of Chicago
m There are two different explanations to why we see these geographical differences in

1 Sorting: different people live in different places (education, skills, income, etc.)
2 Causal Effects: places have a causal effect on upward mobility
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Chetty and Hendren (2018a) - Causal Effects Strategy

Empirics How do neighborhoods affect children?

University of Chicago

m Given birth cohort s and CZ c, let p be the parents’ percentile in the national income
distribution

m Let y; denote the child’s national income rank in adulthood

m Authors assume linearity and estimate the following regression on the sample of children
with permanent resident parents:

Yi = Ocs + Yespi + €

where p; is the percentile rank of child i's parent in the national income distribution

m Then, predict mean percentile ranks given c, s, and parent rank p:

)_/pcs = é\4cs + &cspi

B Ypes is the measure of neighborhood quality.

u]
8]
I
i
it
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CH 2018a: Ideal Experiment

Empirics How do neighborhoods affect children? University of Chicago

m Thought experiment: randomly assign child of parental income rank p, to new
neighborhood d, starting at age m, for remainder of childhood. Estimate:

Yi=om+ Bondps +0;

where Aodps = Vpds = Ypos
m (. impact of a 1 percentile increase in the adult outcomes of permanent-d-resident
relative to the permanent-o-resident on children on i's adult outcome rank

m Exposure effect at age m is v = 8, — Bm+1, the effect on y; of spending the year from
age m to age m + 1 in the destination
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Empirics How do neighborhoods affect children?

CH 2018a: Quasi-experimental Design

data will yield estimates:

where 0, = [

m But, migration is not random, and estimating the above equation using observational
COV(GI’}_/pds)

University of Chicago
by = Bm + 5m
Var(}_/pds) i| m

m This will bias estimated age-based exposure effects v, since:

bm - bm+1 = ﬂm - Bm—l-l + 5m - 5m+1

m Assumption: selection effects do not vary with the child’'s age at move: 6, = ¢ for all m
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CH 2018a: (Semi-Parametric) Estimation results

Empirics How do neighborhoods affect children? University of Chicago

(A) Semi-Parametric Estimates

e ‘ m Figure plots estimates of b,
3 m We see b,, > 0 for m > 24: direct
So evidence of selection effects (d, > 0)
k> 1 Slope: 0.001 .
&  veeton 0y e m The degree of selection 6, does not vary
§371 o oou e ! significantly with m above age 24
g . ! . m Estimates of b, decline steadily with the
-------------------------- M lae — age at move m for m < 24

¢ Assumption 1: &,, = &for all m } L4 .

ol , : — , m 4% convergence in outcomes per year of

10 15 20 25 30 .
Age of Child when Parents Move childhood exposure to an area
Source: Chetty and Hendren (2018a) Estimation
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CH 2018a: Implications

Empirics

How do neighborhoods affect children?

University of Chicago

m Place matters: people in a given neighborhood are not fundamentally different from
another neighborhood (vs. sorting)

m Childhood environment matters

m Every additional year of exposure improves child’s outcome

=] 5
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CH 2018a: Discussion

Empirics How do neighborhoods affect children?

University of Chicago

m Key assumption: timing of moves to a better or worse area unrelated to other
determinants of child’s outcomes

m This assumption may not hold for different reasons:

1 Parents who move to better areas when child is younger may be different from those who
move later

2 Moving may be related to other factors (change in parent’s job) that affect children

[m] [l = =
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Empirics How do neighborhoods affect children?

CH 2018a: Discussion (cont.)

University of Chicago
m Birth cohorts

How does Chetty and Hendren (2018a) tackle these two biases?

m Quantiles of the income distribution
m Child gender

1 Comparing siblings’ outcomes to control for family fixed effects FE
2 Use differences in neighborhood effects across subgroups to implement Placebo tests:
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CH 2018a: Birth cohorts Placebo test

Empirics How do neighborhoods affect children? University of Chicago

m Exploit heterogeneity in outcomes across
birth cohorts

é‘/\"\\,/‘ m Add changes in permanent residents’
1 3 outcome for the child’'s own cohort,
é ) |\ Testvaotoralisso: pr02s1s A ogp,s(i)» With analogous predictions for
g s i s(i)+t
e 3] | m In blue analogous coefficients when all
% i cohort-specific predictions are included
N e R m If unobservables are correlated with
24, . ! , ‘ exposure to a given cohort s(i)'s place
i " esnmanme b oMmBNst | | ¢ effect, also correlated with exposure to
v Simdleneous T Separate adjacent cohorts t
Source: Chetty and Hendren (2018a) m Supports evidence that there are causal

exposure effects and they are cohort
specific (peer effects)
=] 5
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Empirics

CH 2018a: Final remarks

How do neighborhoods affect children?

m Alternative measures of mobility

University of Chicago
m s income a proper measure of welfare of agents?

m Fundamental importance of skills (complexity, social, prosociality)
m Are children doing better than their parents?
m Further analysis when m < 9
Colin Aitken, Fernando Garcia, Camilla Schneier
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Chetty and Hendren (2018b)

Empirics How do neighborhoods affect children? University of Chicago

m Which areas produce the best outcomes? What are the neighborhood characteristics that
generate good outcomes?

m Goal: identifying (approximately) 3,000 treatment effects, one for each county in the
country

m Key assumption (again) required to identify counties’ causal effects using this research
design is that children’s potential outcomes are orthogonal to the age at which they move
to a given county

m Stronger assumption since it imposes 3,000 orthogonality conditions

Colin Aitken, Fernando Garcia, Camilla Schneier Neighborhood and Peer Effects



Chetty and Hendren (2018b) - Results

Empirics How do neighborhoods affect children? University of Chicago

m Figure shows CZ fixed effect estimates on
children’s household incomes given parents

(A) Across Commuting Zones

§ - at p = 25, versus the outcomes of children
= . .
5 7 . L of permanent residents in each CZ
% | { #Seatti] f
g Loz T R L) - m Every year of exposure to Los Angeles
w | I | ;
5 T Lo fhnade'vma decreases the expected income rank of a
§°7 T | | Baltimore Dallas |® saqrar l . . .
RN +T'" = i Lkﬂmﬁg;dg;j" ! child by 0.17 percentiles relative to a
2 j le S .‘&osAngenes average CZ (95% confidence intervals are
© I
£ e bl shown)
N m 1 percentile increase in income translates
" A pA " - pA to $818 for p = 25 and mean income of
Mean Rank of Children of Permanent Residents at p=25 children iS $26 091 (: 314%) Then 017
o/ __ [
Source: Chetty and Hendren (2018b) x 3.14% = 0.53%

Estimation

u]
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Chetty et al (2016) - MTO

Empirics How do neighborhoods affect children? University of Chicago

m The Moving to Opportunity (MTO) experiment offered randomly selected families
housing vouchers to move from high-poverty housing projects to lower-poverty
neighborhoods (mid-1990s)

m Three groups: (i) an experimental voucher group that was offered a subsidized housing
voucher constrained by moving to a census tract with a poverty rate below 10 percent,
(i) a Section 8 voucher group that was offered a standard subsidized housing voucher
with no additional contingencies, and (iii) a control group

m Estimate the treatment effects of growing up in these very different environments by
replicating the intent-to-treat (ITT)

vi = a+ BETExpi + BT S8 + X + dsi + €

where Exp and S8 are indicator variables for being randomly assigned to the experimental
and Section 8 groups respectively, X is a vector of baseline covariates, and s is a set of
indicators for randomization site
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Chetty et al. (2016) - Results

Empirics How do neighborhoods affect children? University of Chicago

3,000

—8— < Age 13 at random assignment
—A— Age 13-18 at random assignment

2,000

m MTO experimental voucher treatment
substantially increased the earnings of
children who were young (statistically
significant results after age 25)

1,000

m The impacts of treatments on older
children are somewhat negative (although
o 5 m % w . w2 not statistically significant)

Age of income measurement

Experimental versus control ITT on earnings ($)

—1,000

Source: Chetty et al. (2016)
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Chetty et al. (2016) - Discussion
Empirics How do neighborhoods affect children?

University of Chicago

m The results show some contradictory evidence given in Chetty and Hendren (2018a)
m Authors claim that this is caused by disruption costs of moving vs not moving
m But how do disruption costs vary by age?
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Identification: Evidence from Denmark

Empirics How do neighborhoods affect children?

University of Chicago

Eshaghnia (2021) explores whether or not Chetty and Hendren's identification assumption

holds, using a richer data set from Denmark to compare parents of children who move at
different ages.

Table 1: Childhood Exposure Effect Estimates

Dependent variable: Child’s income rank at age 26 (30)

Family FE
Spec: Pooled Age <=23 Age <18 No cohort Family Child  Baseline No cohort controls Time-
controls  Income nbhd FE varying controls
& 2) (3 4) ©) (6) (7) (8) 9)
US (vy) 0.040 0.040 0.037 0.036 0.041 0.031 0.044 0.031 0.043
(0.002) (0.002) (0.005) (0.002) (0.002)  (0.002)  (0.008) (0.005) (0.008)
DK: 0.013 0.014 0.015 0.011 0.014 0.012 0.009 0.012 -0.008
(0.003) (0.003) (0.004) (0.003) (0.003)  (0.003)  (0.009) (0.008) (0.016)

The annual exposure effect § of living in a low vs. high poverty neighborhood as measured on American
and Danish data under Chetty and Hendren's identification assumption. ¢ is the coefficent on the

interaction between “years spent in one's new neighborhood” and “difference in income ranks between
the two neighborhoods"” in a much larger specification.
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Identification: Evidence from Denmark

University of Chicago

Empirics How do neighborhoods affect children?

To test Chetty and Hendren's identification assumption, Eshaghnia tests whether various
qualities of parents are in fact independent of the age of their children at the time of moving

(a) Owners

14 15
o
.

Mother's Years of Schooling
13

12

15
L

14

13

Mother's Years of Schooling

(b) Renters

Slope: 0.075
P 0 008y

5 10 15
Age of Child when Parents Move

2

5 10 15
Age of Child when Parents Move

Average number of parent years of schooling, plotted as a function of the age of their child at the time
of moving, split across homeowners and renters. Under the ID assumption, both graphs should be flat.

Colin Aitken, Fernando Garcia, Camilla Schneier

Neighborhood and Peer Effects




Identification: Evidence from Denmark

University of Chicago

How do neighborhoods affect children?

Empirics

To test Chetty and Hendren's identification assumption, Eshaghnia tests whether various
qualities of parents are in fact independent of the age of their children at the time of moving

(a) Owners

£5 60 85
L L
»

Parent Rank in National Inc. Dist
45 50
L

40
L

35
L

Slope: 0,044
(0.0040)

5

80 B!
L L

55

Parent Rank in National Inc. Dist,
45 50
|

40
L

35
L

(b) Renters

Slope: -1.021
)

Age of Child when Parents Move

15

5
Age of Child when Parents Move

Average parent income rank, plotted as a function of the age of their child at the time of moving, split
across homeowners and renters. Under the ID assumption, both graphs should be flat.
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Identification: Evidence from Denmark

Empirics How do neighborhoods affect children? University of Chicago

To test Chetty and Hendren's identification assumption, Eshaghnia tests whether various
qualities of parents are in fact independent of the age of their children at the time of moving

(a) Owners (b) Renters

30
L
30
L

20 25
L L
15 20 25
L L L

15

T Slope: -0.508
. P ez

10
L
.
.

Shope: -0.685
. “ P 0.0275)

5

L
5
L
.

0
|
.
/
lo
.

0
L

Change in Neighbothood Avg. House Price Rank
.
.
.
.
Change in Neighborhood Avg, House Price Rank
10
L
.

5
5

15 20 ]

5 10 5 10 15
Age of Child when Parents Move Age of Child when Parents Move

Average percent increase in rank in neighborhood house prices per move, split across homeowners and
renters. Under the ID assumption, both graphs should be flat.
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Overview

Empirics

(How) do neighborhoods affect adults?

1 Motivation

2 Theory

3 Empirics

University of Chicago

(How) do neighborhoods affect adults?

4 Conclusion
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Do Neighborhoods affect Adults?

Four perspectives on neighborhood effects on adults:

1 In many theoretical models (e.g. Durlauf 1996, Benabou 1996), neighborhood effects act
on children, allowing them to obtain human capital. No mention of effects on adults

2 The sociological literature, however, leaves room for effects on adults: better addresses
for job applications, access to childcare, favors from neighbors, more access to jobs and
credit, network effects, etc. (e.g. Rosenbaum and De Luca 2009, Wilson 2010)

3 Observational studies tend to pick up fairly strong effects on adult income after
controlling for observable characteristics (e.g. Cutler and Glaeser 1997)

4 Analyses of the recent Moving To Opportunity (MTO) experiment regularly show
economically and statistically effects on children, as well as on adult physical and mental
health but not on adult economic outcomes (e.g. Levanthal and Brooks-Gunn 2003,
Harding et al. 2021)
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Why is MTO different?

Why the discrepancy between observation and experiment? Two possibilities:

m There is a strong selection bias on who moves and who does not, which could explain
most or all of the observational results. (Durlauf 1996, loannides and Zabel 2007)

m On the other hand, there are MTO-specific issues that could hide real effects:

m Most families moved < 10 miles, children continued to attend low-achieving schools, social
networks largely unchanged (Rosenbaum and Deluca 2009)

m Many control group members qualified for federal Hope VI program, which moved them out
of large public housing projects, potentially artificially boosting their outcomes (Ibid.)

m Estimates often combine a (presumably positive) neighborhood effect with a (presumably
negative) effect of moving.

m Blanket “treatment-on-the-treated” style analyses conflate several different treatment effects
(Pinto 2020).

We will look at a study by Harding et al. arguing for the selection bias hypothesis, as well as
Pinto's look at effects on different subgroups.
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Harding et al. (2021): Excluding other explanations

Empirics (How) do neighborhoods affect adults? University of Chicago

Harding et al. (9 total authors!) look at potential non-selection-bias-related explanations for
the discrepancy, including:

m Analyses using different outcome measures

m Heterogeneous neighborhood effects being lumped together

m Non-linear neighborhood effects causing misspecification

m Magnitude in the change of neighborhoods in MTO vs observational studies

m (Several others)

They systematically argue that each alternate explanation is inconsistent with the data,

leaving (they argue) selection bias as the best explanation. For the sake of time, we'll only
look at the first in detail.
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What if MTO wasn’t an experiment?

Empirics (How) do neighborhoods affect adults? University of Chicago

To deal with the possibility that some systematic difference in outcome measures or data sets
is driving the difference between MTO and the non-experimental approaches, Harding et al.
analyze the data as if it were non-experimental. In other words:

m While a typical analysis of MTO looks at people who were incentivized to end up in
different neighborhoods (to avoid selection bias), the “non-experimental” econometrician
doesn’t know which people received vouchers.

m Instead, to match typical observational analyses, we look at all people who moved to

high-poverty neighborhoods in the sample, and compare them to all people who moved to
low-poverty neighborhoods.
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What if MTO wasn’t an experiment?

Empirics (How) do neighborhoods affect adults?

University of Chicago

Table 3. Comparing experimental and nonexperimental estimates of the effects of low poverty neighborhoods on an
economic index

Census Tract Poverty Econo- Estimated Effect
Rates mic  of Low-Poverty
Index Nbhdon
Low- High-  Pov- for Economic Index

Poverty Poverty erty  High-
Group  Group Rate Povert- Coeff.

Mean Mean  Diff. ¥ (SE) P-Value N

L. Prior to trimming and reweighting

A. Experimental estimate

(A1) MTO exp TOT (std wegts) 0.199 0.368 -0.169 -0.229  -0.012  0.863 2543
(0.067)

B. Nonexperimental estimates (unweighted)

(B1) PSID nonexp estimate (< 25% poverty) 0.102 0.337  -0.235 -0.262 0.101 0.021 4299
(0.044)

(B2) MTO nonexp est (< 25% poverty) 0.177 0413  -0.236 -0.369 0.096 0.036 1770
(0.046)

Non-experimental analyses of MTO are generally similar to other non-experimental estimates, pomtlng
to the possibility of selection bias. See Harding et al. (2021) for many more panels. . - =
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Why are MTO estimates so low?

Empirics (How) do neighborhoods affect adults? University of Chicago

TOT(z0,2) m Pinto (2020) notes that TOT effects of

Outcomes SLS .
e Lo MTO vouchers on parameters of interest
Income of Family Head 1.423 == . L.
s.e. and pvalue 0.685  0.038 are often neither Statlstlca”y nor
Income of Head and Spouse 0.234 economica”y Signiﬁcant.

s.e. and p-value 0.762 0.759

P m Citing an analysis of Kline and Walters

0858 0520 (2016), he points out that TOT

':]‘:: - measures are conflating the effect of
interest (moving from a high to a low

Total household income

s.e. and p-value

Above Poverty Line

s.e. and p-value

Employed without welfare 0.069 =
s.e. and p-value 0041 0.092 poverty neighborhood) with smaller
Currently on I""'ff‘:" ':;‘[’:’f o effects (moving from a medium to a low
s.e. and p-value L037 052
T R — poverty neighborhood, staying in a low
s.e. and p-value 0041 0.054 poverty neighborhood, etc.)
Economic self-sufficiency 0.024

oosr oan m Next few slides: Pinto's estimate of the

28601 actual neighborhood effect (necessarily

i on a smaller subgroup).
= F

s.e. and p-value

Neighborhood Poverty

s.e. and p-value
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Pinto’s extension of LATE

Empirics (How) do neighborhoods affect adults? University of Chicago

Recall the LATE model for a binary treatment D with a binary instrument Z (assume no
covariates for simplicity):
m There are four types s of individual (compliers, always-takers, never-takers, defiers)
m We have four linear equations to identify propensity scores, but there is linear
dependence: P[D = 0|Z = z] + P[D = 1|Z = z] = 1. This reduces the rank to three.
m By assuming there are no defiers, we can identify propensity scores, letting us identify
1
E[Y(1)-Y(0)IS = ] = 3 (-1)

i=0

ElYI[D=1/|Z=i]-P(S=a)E[Y(i)|D=i,Z=1—1]
P(S =c¢)

Pinto's approach generalizes this to the case of MTO vouchers, which is more complex:

m There are now three values of D (low, middle, or high poverty neighborhoods) and three
values of Z — no voucher, section 8 (usable in low or middle poverty neighborhoods), or
experimental (only in low poverty neighborhoods for first year)

m ldentification is now much harder: there are twenty-seven potential types of individual,
and only seven linearly independent equations we can use to identify them! The LATE
monotonicity condition is not sufficient to secure identification.
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Pinto’s extension of LATE

Empirics (How) do neighborhoods affect adults? University of Chicago

m |dea: use micro theory to eliminate unrealistic choices of S (responses to vouchers.)

m Weak Axiom of Revealed Preferences: A family revealed to prefer A to B cannot also
be revealed to prefer B to A.

m E.g. families who choose t,, under the experimental voucher, where t,, is not subsidized, will
not choose t; with a section 8 voucher, where it is.

m Normal Choice: An increase in income does not lower consumption.
m E.g. a family that chooses t; with no voucher will continue to choose t; with either voucher.

1| Ti(ze) =t = Ti(ze) =t and T;(zs) # tn
2| Ti(ze) =tm = Ti(ze) # th and T;(zg) # tn
3 Ti(zc) =tm = Tl(z(‘) =ty and T; (28) =tm
4| Ti(ze) =tn = Ti(2) =tn and Ti(2zs) # 1
5| Ti(zs) =tn = Ti(z) =ty and Ti(2z.) =ty
6 Tl(Zg) =1 = Tl(Zp) =1

7| Ti(z) # = Ti(z) = Ti(z)

Restriction rules implied by the two axioms

u]
8]
I
i
it
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Pinto’s extension of LATE

Empirics

(How) do neighborhoods affect adults?

University of Chicago

The restriction rules narrow the 27 possible response-types to just seven. Just as for LATE, we
now have enough information to identify propensity scores. Most people are in either the s,

group (always living in high-poverty neighborhoods) or the

st group (full compliers.)

Response-types

I 1
Sah Sam Sal Sfe Spl Spm Sph
T(zﬂ) th tm t th th tm th
T(zs) th tm t tm h tm tm
T(ze) th tm £ iy ty i Ly
04f !
U8 0.331
0.3
0.2
0.119
0.1 0.069 -
0.047 0.031 0.053
se | (0.013) (0.009 ) (0.012) (0.023) (0,016 ) (0.015) (0.019)
T T T
Sah Sam Sal 8 8pl Spm Sph
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Pinto’s extension of LATE

Empirics (How) do neighborhoods affect adults? University of Chicago

i v e v e .. ™ Effects on different variables for full
Income of Family Head 2056 0.721 1.334 compliers moving from hlgh to |0W

(se) 0.810 1.232 L1184

——” S o il poverty neighborhoods (with
PR I Lo intermediate changes in the second and
Total household income 1.902 = 2451 third columns.)
(s.e.) 0.900 1272
(p-value) 0.047 0.073 .
Above Poverty Line 0.108 = 0.044 0.064 m While TOT effects are small and often
(s.e) 11 i 57 . . pe . . .
ey | o000 o Py nonsignificant, restricting our attention
Employed without H"Ilf:i": E:JEII‘; - 0. .137 . (:J(:)).;.i tO fu” COmpIieI’S ShOWS more tightly
(p-value) 0.017 0.095 0.763 . d ff
Currently on welfare 0121 = 0.026 0.095 estimated eftfects.
(s.e.) 0.043 0.067 0.068
(aatue) | oo m The usual caveats of LATE apply: this is
Job tenure 0.088 * 0.107 0.019
the average treatment affect on a
(p-value) 0.063 0.175 0.803
Feomomie selfauficioncy | 0065 - 0015 0080 subgroup, which may or may not be
(s.e.) 0.033 0.060 0.057 .
(rae) | 0w relevant to a particular purpose.
Neighborhood Poverty 33.256 20.387 12.869 ==
(se) 1008 1808 1955
(p-value) 0.000 0.000 0.000
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Decomposition of the TOT estimate

Empirics (How) do neighborhoods affect adults? University of Chicago

@ Effect on full compliers

® Effect onlow/high partial compliers
© Effect (moving m ->>1) on medium/low partial compliers

® O (From the "alwayslow" group)

68.4%

Figure: The TOT estimate is a weighted average of effects on different subgroups, shown here. The
effect size for full compliers (blue) is tightly estimated, but is muted by the other three groups. The
low/high partial compliers (in red) show a large (but not statistically significant) negative effect, further
complicating the weighted average. o> «3 => «=r E DAC
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Overview

Empirics

1 Motivation

(If Time) How to endogenize the housing choice (loannides and Zabel 2008)

2 Theory

3 Empirics

University of Chicago

4 Conclusion
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Neighborhood Choice and Housing, loannides and Zabel (2008)

Empirics (If Time) How to endogenize the housing choice (loannides and Zabel 2008) University of Chicago

Model Overview
m Jointly model neighborhood and housing choices.
m Decompose the neighborhood into “structural” and “neighborhood effects”: structural

effects might be physical properties of the space, while neighborhood properties are the
influence of fellow peers who live in the surrounding area.

m Household’'s demand for housing depends on the mean of neighbor's demand for housing
Contributions
m Controlling for non-random sorting allows for unbiased estimate housing elasticities and

allows for identification of neighborhood effects, because it partials out the effect of
neighborhoods on prices.

m Mechanisms: (1) households strive for a level of housing that is on par with their
neighbors (2) Households are financially motivated to maintain, renovate, repair, make
additions to the house since it will increase their own assets

Colin Aitken, Fernando Garcia, Camilla Schneier Neighborhood and Peer Effects



Neighborhood Choice and Housing, loannides and Zabel (2008)

University of Chicago

Empirics (If Time) How to endogenize the housing choice (loannides and Zabel 2008)

In the model, households: choose what MSA, m, census tract, s, and neighborhood cluster
k they wish to live in in order to maximize indirect utility V. V is a function of tract-specific
characteristics, gs, housing prices, Ps, household income, I, their own demands, z,, their
neighbor’'s demand, z, the idiosyncratic quality of the neighborhood, v, their random
taste parameter, 7,skn, and a random component to utility, €mskh-

max V (gsv Pmsi Ihi zni Yk, 2 vie + 77mskh) eEmskh

Ss.t. ¢ch+ PmsYn = Iy

Meanwhile, assume that prices are homogenous of degree one in components

_ pv 1—v
PmS - ’Dms,nei’Dm,str

Neighborhood and Peer Effects
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Neighborhood Choice and Housing, loannides and Zabel (2008)

Empirics (If Time) How to endogenize the housing choice (loannides and Zabel 2008)

University of Chicago

Apply Roy's identity to the conditional utility function V' with respect to price Py, sty and take
logs to recover the demand for housing

Ystr,mskh = & + VPms,nei + [M(l - V) - V]Pm,stru + dln Ih + fzh
+ BNy (Ystruk) + Mz (2) + vic + 1
where I, (yx) is a household's behavior that depends on the behavior of her neighbors, and

M,(zx) is the social effect which reflects one’s taste for one's neighbor's characteristics. This
reflects how that similar people like to live together.

Estimate the following equation, with and without mean neighbors’ demand:

Ystru,mskh = + VPms,nei + V/pm,stru +4Inly + /ByStru,n(h) + VZn(h) T Vk
+ E[nn | s=sn] +vn
Results

m The elasticity of housing demand with respect to mean neighbors’ demand is 0.8504

(significant) instead of 0.7254 (significant) in the absence of the correction for
neighborhood choice.

Colin Aitken, Fernando Garcia, Camilla Schneier
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Neighborhood Choice and Housing, loannides and Zabel (2008)

Empirics (If Time) How to endogenize the housing choice (loannides and Zabel 2008) University of Chicago

Further Results

m Neighborhood effects — the effect of neighbor’s homes on the demand for housing — are
strengthened when neighborhood choice is accounted for

m Individuals tend to live with people like themselves

Potential Limitations

m Assumes that neighbors are similar to each other, and so this does not tell us what would
happen if we move someone very different into a neighborhood.

m You cannot necessarily break down prices into those caused by the structure and what is
caused by the neighbors: you must allow for the interaction term. (You cannot treat
prices as HOD1), Prms = P4 P st

m Assumes independence of irrelevant alternatives

m Instrument validity

m Strong functional form assumptions: when preferences are Cobb Douglass over
consumption and expected children’s wealth, taxes will be independent of wealth level

m Households limit their search to their current MSA. Thought of as a discrete choice
problem
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Conclusions

m The concept of “neighborhood” captures a number of different aspects of a place: the
physical location, services and amenities, local schools, peer networks, etc. Sorting out
which parts of a neighborhood cause a given effect is extremely hard.

m Because people select into neighborhoods, it is difficult empirically to disentangle actual
neighborhood effects from selection bias.

m Theory and experimental data show economically and statistically significant effects of
growing up in low-poverty neighborhoods on a wide variety of children’s outcomes, as well
as adult physical and mental health outcomes.

m Effects on adult economic outcomes are smaller and more difficult to measure, but do
seem to exist.

m The uncertainty surrounding the root causes of neighborhood effects makes it hard to
identify any particular policy prescriptions.
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Appendix: Can we identify areas of opportunity?

Conclusion

University of Chicago

For Children with Parents at the 25" Percentile

For Children with Parents at 25th Percentile Wés,c)

AN .
1_7“‘ %é///,‘;" e - *

\

MeanPercentile
X Pet.impact on
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548 ings.

508-548 >Ee
163-238
106-163
69-106
41-69
19-41
15-19
-49--15
9449

<-0.0%
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Figure: Heat maps measuring social mobility from Chetty and Hendren (2018b). The left map measures
the income percentile of children born to 25th percentile parents in a given commuting zone, while the

right map attempts to measure the annual exposure effect of living in a neighborhood on a child’s
future income.
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How uncertain are the estimates these maps are based on?

Conclusion University of Chicago

in2014-2015

~ cstmate +~ 25

Chids Income Percentie

Eman

Courty

Top: Adult income quantile of kids born to 25th percentile parents, by CZ (left) and county (right).
Bottom: (Claimed) causal effect of a year in a given commuting zone (left) or county (right). All
graphs from Mogstad, Romano, Shaikh, and Wilhelm (2020)

[m] = = =
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Can we really rank regions by mobility?

Conclusion University of Chicago

m Potential Problem: The Chetty-Hendren maps implicitly try to rank regions (e.g.
commuting zones) by mobility measures, which are estimated quantities. If the measured
differences are small relative to standard errors, these rankings could be incredibly
misleading.

Mogstad, Romano, Shaikh, and Wilhelm (2020) explore confidence intervals for ranks. Assume
we have estimates of a parameter of interest for a collection of regions. There are three types
of confidence intervals we might be interested in:

1 What is the set of plausible ranks for a given region?

2 What is the collection of plausible ranks for the entire population?

3 How many regions could plausibly be in the top (or bottom) 7 regions?
We will quickly look at how they estimate (1), and then look at how this applies to Chetty and
Hendren's data.

Neighborhood and Peer Effects
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Confidence Intervals for Ranks

Fix regions Py, -+, P,, and a parameter 6,. We'd like to order the P; based on their values 6;,

but we only observe an estimate 0;.

m Naive ldea: assume we have enough knowledge of the distributions of the P; to form
plausible confidence intervals Cj; for the difference 6; — 0;.

m (Either by making a parametric assumption, or by bootstrapping)
m For a given i, let p; be the subset of {1,2,---, n} consisting of j for which Cj; C (0, c0).
Similarly, n; is the subset of j for which Cj; C (—o0,0).

m The resulting confidence interval for the rank of P;is {|pi| + 1, |pi| +2---n— |n;|}.
This gives confidence intervals that are too narrow, because too many confidence intervals
exclude zero due to multiple comparisons. We can resolve this using a stepdown procedure:

1 Sets=0and Is={1,2,--- ,n}\ {i}.

2 Construct confidence intervals C,-j for all j in I such that the probability that any C,-j has

a sign error is bounded by your favorite a.

3 If any C,-j exclude zero, add them to n; or p;j, let Is41 include all j that did not exclude
zero, and repeat step two.
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Ranks of Mover Effects are Highly Uncertain

Panel A: Top 5

Correlational Movers
Rank 71 CZ Je25 SE 95% CS  T-best CZ fic25 SE 95% CS  T-best
1 1 San Francisco 0.457 0.001 [1. 2] 4 Seattle 0.229 0.082 [1, 38] 44
2 2 Salt Lake City  0.457  0.001 [1. 4] 4 Washington DC 0.163  0.077 [1, 41] 48
3 3 Boston 0.453  0.001 [1, 4] 5 Cleveland 0.124  0.107 [1, 48] 50
et 4 Minneapolis 0.452 0.001 [2. 5] 5 Fort Worth 0.121 0.090 [1, 48] 50
5 5 San Jose 0.449  0.001 [4, 6] 6 Minneapolis 0.116 0.120 [1, 48] 50
Panel B: Bottom 5
Correlational Movers
Rank T CZ @;25 SE 95% CS  r-worst CZ fie25 SE 95% CS  r-worst
A6 5 Raleigh 0.369  0.001 [45, 4(5} 10 Charlotte -0.248  0.096 [3, ."1(]] 49
47 4 Indianapolis  0.364  0.001 [46, 47 5 Port St. Lucie -0.263  0.090 [3, 50] 49
48 3 Jacksonville 0.358 0.001 [48, 50] 4 Raleigh -0.278  0.105 [3, 50] 49
49 2 Atlanta 0.358 0.001 [48, .')l')] 3 Fresno -0.377  0.100 [13, ;':(]] 48
50 1 Charlotte 0.355  0.001 [48, 50] 3 New Orleans -0.391 0.111 [14, 50] 48

Figure: Ranks for the 50 largest commuting zones by §C25, the (point estimate of the) expected income
percentile of a child born to parents in the 25th percentile, and fico5, the estimated effect of an
additional year of childhood in the CZ for children with 25th percentile income pgentsL

it
€
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The distribution of uncertainty among commuting zones

m The x axis consists of all of the
commuting zones, ranked by estimated
correlational mobility (¥ o5)

m The y axis is the width of the
confidence interval for its rank, scaled so
that 1 is the largest possible.

Upper Endpoint - Lower Endpoint
Number of CZs
°
3

m A handful of commuting zones we are
confident are above/below the median,
but a much larger number we are
’ Rk uncertain about.

Likely Top Half [l Undetermined [ll Likely Bottom Half

0.00
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So can we identify areas of opportunity?

Conclusion University of Chicago

[l Likely Top Half
M Likely Bottom Half

I Likely Bottom Quartile
[ Undetermined e

[ Undetermined

Taking the above discussion on confidence intervals into account, Mogstad et al (2020)
produce more conservative depictions of areas with higher and lower correlational mobility
(¥ c25-) We can draw some broad conclusions — i.e. comparing the upper midwest to the south,

but many of the specific city-level comparisons in Chetty and Hendren (2018b) are not
statistically significant.
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Appendix
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Appendix: Durlauf (1996)

Durlaff (1996), Model
Households

m Agents have utility over their consumption and their children’s consumption
U(i,t — 1) = m1log(C(i, t)) + maE[log(Y (i, t + 1)|Info;)]
m Income, Y, is determined human capital and productivity: Y;:y1 = ¢Hpt&i 41, His
human capital , £ productivity shock of a neighborhood
&it+1 = Vn,t+1%i,t+1 » V is neighborhood, « is individual
Budget constraint: income = consumption + taxes (taxes finance education)
Tit = Tnt Yir (7 is chosen by majority rules)
Total expenditures (TE) = Fixed Cost + Per Student Cost * Num Student.
TE: = M EDpt + Aopt(Npt) EDpe, where ED is educational investment

m H = O(F)ED, human capital = educational investment * draw from a distribution F,
income distribution in the neighborhood. The wealthier the neighborhood, the larger the
tax base.

Go Back

Colin Aitken, Fernando Garcia, Camilla Schneier Neighborhood and Peer Effects



Appendix: Durlauf (1996)

Durlaff (1996), Model
Equilibrium
m For any neighborhood configuration, the tax rate is 75 /(71 + 7). This is unanimously
preferred to any alternative and independent of neighborhood composition.
m Utility is increasing in monotonic rightward ships of the empirical distribution over all
other families in the neighborhood
m For any cross-section income distribution, there exists a core configuration of families
across neighborhoods.
m Income follows P[Y; t+1|Ft] = P[Yit+1|Fynt, t(Npt)]
Go Back
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Appendix: Durlauf (1996)

Durlaff (1996), Model

Equilibrium: proof of the existence of the core configuration.

Consider the following algorithm to construct the core: Given the realized income distribution at t, place the family with
the highest income in the economy in neighborhood 1. If the range of incomes is open from above, introduce a family
whose income closes the economy’s income range from above into neighborhood 1. Add to that neighborhood the largest
measure of families that maximizes the utility of the parent of the family initially assigned to neighborhood 1. This
collection of families is defined up to a set of measure zero because © (F¢) is continuous in . Among the remaining
families, place the highest-income family among those not assigned to neighborhood 1 into neighborhood 2 ; as before, if
the range of incomes among the remaining families is open from above, introduce a family whose income closes the set
from above and place it in neighborhood 2 . Add to that neighborhood the collection of families not assigned to

neighborhood 1 that will maximize the utility of the first family assigned to neighborhood. Go Back

Colin Aitken, Fernando Garcia, Camilla Schneier Neighborhood and Peer Effects



Appendix: Durlauf (1996)

Durlaff (1996), Model

Equilibrium: proof of the existence of the core configuration.

Repeat this procedure until all families are assigned to neighborhoods 1 to D. We claim that this algorithm produces a
core configuration. To see this, observe that by Proposition 2 all members of a neighborhood wish to have the highest
income neighbors for a neighborhood of fixed size. Hence, the relative neighborhood ranking by the richest family in the
population is agreed upon by all families in the neighborhood. For families in neighborhood 1, this neighborhood is
utility-maximizing among all possible neighborhoods in which they could reside.

Proceeding down across neighborhoods, the same argument applies, so the neighborhood configuration produced by the
algorithm is in the core. To verify (ii), suppose that two neighborhoods have nonstratified income distributions. In this
case there exists a re-allocation of families across neighborhoods, given Proposition 2, such that the richest member
across the two neighborhoods lives in a community of equal size with a preferred income distribution; under this
reallocation, the population will now be stratified by income. All members of the now wealthier neighborhood are also
better off. Hence the original neighborhood configuration could not have been a core configuration. Finally, notice that

the configuration produced by the algorithm is unique except for sets of measure zero. Go Back
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Yo=a+B8YP+e
Go Back

The Gatsby Curve (Durlauf, 2018)
Let YP denote log parental income, Y denote log offspring income, and let 3 denote the
mobility coefficient, the coefficient of interest. Then cannot give rise to the Gatsby curve as
observed in the data
Can give rise to the Gatbsy curve

YO =a+B(X)YP +e

Colin Aitken, Fernando Garcia, Camilla Schneier
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Durlauf, 1996: Detail on ©(F)
3.) Continuous Go Back

1.) Rightward shifts in a neighborhood's income increase amount of human capital produced.
families is not growing at the same rate as well.

2.) Along growing income paths, the incentive for wealthy families to segregate from poorer

Colin Aitken, Fernando Garcia, Camilla Schneier
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Durlauf, 1996: Income segregation?

High income households benefit from large communities due to the decreasing average cost of
human capital investment, T, in a neighborhood n with N families

ZiEn Y’
N
Tt = MEDp: + )\2M(Nnt)EDnt

EDpt = Tt

Poorer neighbors erode the tax base and reduce marginal product of education through human
capital formation:

Yi,t+1 = Tnt(Tnt)e('EYnt) fi,t+1
Go Back
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Durlauf, 1996: Additional Implications

Conclusion University of Chicago

m Equilibrium is achieved when no family wants to withdraw from a neighborhood to form a

new neighborhood, and the tax rate is supported by majority voting, and there is a core
configuration of families across neighborhoods

m Either all families live in a common neighborhood or neighborhoods are stratified by
wealth

m Neighborhoods are re-formed at each time period, and offspring will form this
neighborhood as well Go back
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Durlauf 1996: Conditions for Growth

Let: u denote neighborhood size, Y denote income.
Then there exist \_’5 oo and o < p*
such that, if Fy ,(Y)=0and i < j1(Ny+), then

T2 N(Nn t) = 9
. : PO | F > 1.
T + T2 (/\1 =+ /\2) o (Nn,t) ¢ ( Y,n,t)

That is, the marginal change in the mean income of offspring with respect to an increase in
the mean income of parents > 1. Therefor we have growth if we have sufficiently small
neighborhoods.

Go Back
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Durlauf 1996: Conditions for Permanent Inequality

Conclusion University of Chicago

There exist economy-wide income distributions at time t and associated population sizes such
that, with positive probability, for families in some pair of neighborhoods N, ; and N+ with
MYt/ MYy > 1

(i) relative income differences are preserved over all future generations

(i) the income ratio between rich and poor becomes arbitrarily large.
Go Back
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The Gatsby Curve (Durlauf and Sheshadri, 2018)

m The graph depicts how the IGE—the
Mobility versus Inequality marginal effect of parental income on

offspring’s income—responds to scaling of

o parental income.

0.9

08 m Assume that offspring income depends
07 linearly on parental income, average and
0.6

variance of tract and state income, and

0.5 . . . .
04 / the interaction of parental income with

Implied Intergenerational Income Elasticity

03 these variables.

02 m Then predicted offspring income is
2; regressed on scaled parental income; the

04 056 08 10 12 regression coefficients are plotted.

Variance of Scaled Log Parental Income Yo ffspring =« + /Byparent + €

Durlauf and Seshadri (2018) m The horizontal axis displays the variance

of the scaled log parental incomes.

Some more detail, Go Back s =, =
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loannides & Zabel, 2007

Conclusion University of Chicago

Data

m  National American Housing Survey, 50k housing units, interviewed every two years, very detailed house-level information. Unbalanced panel. These are
defined into neighborhood kernels, which are aggregated up to the neighborhood level. Use information on owner's years of schooling, whether the owner
is white, marriage status, number of people in the household, household income, whether the house has changed hands in the last five years.

Confidential Census data, at the MSA level. Provides demographic information, median household income, structural characteristics such as the median

number of bedrooms, mobility information such as the percent of households that moved in the last five years, and tenure and vacancy statistics. There is
also information on the joint distribution of some of these variables.

Include in sample only if it: is associated with a regular occupied interview; is owner occupied; lies in a metropolitan statistical area (MSA); is valued by
the owner to be at least $10,000, and is not missing any information on unit, occupant, or census tract characteristics that are included in our analysis.

m 8.3 observations per cluster (neighborhood), in about 100 MSA

Merge the information from the 1980 and 1990 STF3s with the AHS data by census tract. Interpolate and extrapolate from the reported averages of the
1980 and 1990 STF3 data to create the tract variables for the 1985, 1989, and 1993 surveys.
Go Back
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The Gatsby Curve
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Neighborhood Choice and Housing, loannides and Zabel (2008)

Identification
m Impose Nash equilibrium
Need an instrument to pull out v
Assume egp ~ T1EV, treat neighborhood choice as a discrete choice.
A

Consistency holds provided that one, independence from irrelevant alternatives holds,
which is ensured by the MNL model; and two, if an alternative is included in the assigned
set, then it has the logical possibility of (McFadden)
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Neighborhood Choice and Housing, loannides and Zabel (2008)

Identification

m Assume that once neighborhood choice is controlled for, one is just left with the
“structural” component of housing.

m Exogenous variation in housing prices to identify housing demand though multiple
markets across time.

m Choice of housing provides a source of identification for endogenous neighborhood effect
m Identification alla Brock & Durlauf (2001)
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Neighborhood Choice and Housing, loannides and Zabel (2008)

Conclusion University of Chicago
Estimation

m Construct and estimate price and quantity of housing structure demand

m Estimate the neighborhood choice with a multinomial logit model:
hChgsh

Wsp k
— h*h
Probs kih —

hKh Zf’:n]_ kNil Wskheghgs

m Using the neighborhood choice model to correct for sample selection bias and estimate
housing structure demand

Ystru,mskh = O+ VPms nei + V/pm,stru +d1n i+ 5}/stru,n(h) + YZn(h) + Vi + E[77h | 5= Sh] +n

[m] [l =
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clusion

niversity of Ch

Table 4
Multinomial logit model for choice of census tract ofresidence: census tract- and individual-level variables
Variable Coefficient __ Std.Frror  Coefficient __Std. Error
o) &) €] @
Price 00009”00004 00012 0.0004
Median Tract Income. 00112 0.0033
Median TractIncome  Income in 1t Quartile 00447 00052
—00221™ 00041
~0.0030 0.0046
—00011" 00003
~0.0008 0.0006
—00014° 0.0004
—~0.0008 0.0006
00058 00016
Age of House x Income in Ist Quartle 00124 00029
Age of House x Income in 2nd. 3rd Quartle ~0.0029 0.0024
Age of House x Tncome in 4th Quartile 00147 00030
Fraction of Vacant Units 29517 0a0i0
ion of Vacant Units x Tncome in Ist Quartile 1.0985 0.6856
Fraction of Vacant Units x Inc in 2nd, 3rd Quartile —34039° 05890
Fraction of Vacant Units x Income in 4th Quartile —7833% L0788
Fra Lo3sT 0asa3
ion Owl\en  Income in 15t Quartile 26062 02521
n.u.on Owners x Inc in 2nd, 3rd Quartile 20889 01918
Owners x Income in 4th Quartile 12580 023M1
chlmn Non-white In Tract 05054 01412
Fraction Non-white In Tract x White 01751
Fraction Non-white In Tract x Non-whie 02946
Dominant Ra. 02732 00873
Dominant Race x Houschold Head White ~0.1862 ons2
Dominant Race x Houschold Head Non-white 05681 01893
mu..m with High School Degree in Tract 02863 02199
HS Dew 359" 03479
Fcon wih HS Degree x High School Degree —02363 02642
Fraction with HS Degree x College Degree 40347 03570
Number of Bedrooms 0072 00371
Beds x HH size in Ist Quartile —02141""
Beds x HH size in 2nd, 3rd Quariile 0.0507 0.0834
Beds x HH size in 4th Quartile 00139 00776
Beds x HH Head Married 023477 00629
Median Age of Residents —00113" 00035
Med Age of Residents x Age HH Head in 1st Quartile —00399° 00083
Med Age of Res x Age HH Head in 2nd, 3rd Quartile —00197"  0.0064
Med Age of Residents x Age HH Head in 4th Quartile 00125 0.0063
Med Age of Residents x HH Head Marricd —0.0051 0.0061
Fraction Moved in Last 5 Years (FMLSY) ~0.0663 02035
FMLSY x Age HH Head in st Quartile 09450
FEMLSY x Age HH Head in 20d, 3nd Quartiles —0.0984
FMLSY x Age HH Head in m. Quunﬂe 05558
Fraction with Commute < 2 oS 01533 16299
oo wilh Commt < 20 mint i Head Male ~0.5985
Fraction Unemployed —ss217 07005 —83819™ o & = = = DA
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Table 4 (continued)

Variable Coefficient Std. Error Coefficient Std. Error
(1) 2) 3 “4)

Fraction in Poverty —23356"" 0.3416 —3.4528"" 0.3773

Natural Log of Tract Size —0.0253 0.0300 —0.0146 0.0311

Observations 70,092 70,092

Log likelihood —14,154.6 —12,791.7

x2 Significance, all Variables 0.000 0.000

Pseudo-R? 0.0736 0.1628
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onclusio

niversity of Ch

Table 5
Estimation results for structure demand equation
Variable I Member per Cluster Al Cluster Members Included

[0 @ 5] “@ 5]
Yearis 1989 00275 00347 00165 0.0369

©.0246)  (00247)  (0.0064) ©.0224)
Yearis 1993 00046 00004  0.003 0.0038

00226) (00229 (0.0055) (00142  (©.0141)
Mean of Observed Demand by Neighbors 08395

©.0141)
Mean of Predicted Demand by Neighbors 08504
(0.1748)

Log of Structure Price. —01808 017847 ~0.0644" 00772

©.0284)  (0029)  (0.0133)  (0.0756)
02445" 02086 0.0254°  —0.0624"
(0.0382) (00386 0111 (0.0312)
Log of Income. 020587 02106 00459 00790
©.0278)  (©0277)  (0.0070)  (0.0073)
Household Size 002907 00202 0028 00243
©.0074) (00074 (0.0017)  (0.0020)  (0.0020)

Log of Neighborhood Price

Completed High School 00057 0.008 0021 0.0209
(0.0298) (0.0078)  (©.0077)
Changed Hands in last 5 Years ~00356 —00033  ~0.0036
(0.0203) (0.0055)
White —0.0647" —0.0227"
©.0283)  (0.0320) (0.0099)
Married ~0.1209" ~0.1200" ~00137
(©.0295) (00290 ©0.0077)
Mean of Neighbors’ Log Income 0.002

00796 (0.0752)
—00188"  —0.0184
(0.0095)  (0.0095)
00195 ~0.0181
(00389 0.0387)
00148 —0.0288
00301 (0.0295)
—00185  0.0048
(00348)  (0.0334)
00023 0.0003
(00399)  (0.0397)

Mean of Neighbors' HEd Size
Petof Neighbors Completed High School

Petof Neighbors who Changed Hands in las 5 Years
Pet of Neighbors Non-white

Pt of Neighbors Married

Constant ~4.3003" -4.3919" —02659  —0.7045
0.3182) 06222)  (0.5887)
Observations 764 764 o en
Mean Obserations per Cluster 1 i 83 83
Heckman Correction No Yes Yes No
p-value: Heckaman Terms 00004 04059 00409
pvalue; Own Socioeconomics 00000 00000 00000 0000 00000
p-value: Neigh Sociocconomics 00000 03163 02120
Resquared Overall 02 026 06155 04007 0393
St Emor of Random Effect 01355 01345
Stundard Error of Regression 02434 02409 0040 OIS 01586
(continued on next page) o = = = DA
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Conclusion University of Chicago

Table 5 (continued)

Variable 1 Member per Cluster All Cluster Members Included
(1) (2) (3) “4) (5)
Pet Var due to Random Effect 0.4232 0.4197

Robust standard errors in brackets

* Significant at 5%.
** Significant at 1%.
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m=9

CH 2018a: Estimation using Observational Data
m Define Aodps = Vpds - Ypos as the difference in mean income rank (at age 24) of
permanent residents in the destination (d) location versus origin (o)
m The authors estimate:
30

Go Back

1987
Yi = Qgosm + Z bm]l{mi = m}Aodps + Z /1]1{5; = S}Aodps + €
s=1980

where agosm is an (origin x parent income decile x birth cohort x age) fixed effect
m by, is the average effect on age-24 income rank y;, conditional on moving from o to d at
age m, of a 1 percentile increase in A,qps
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CH 2018a: Estimation using Observational Data (Cont.)

Conclusion University of Chicago

m The authors estimate:

1987 30
Yi= Z ]1{5,' = S} (Oéi + agypos) + Z ]l{ml = m} (4-,17.7 + C%P:) +
s=1980 m=9
30 1987
Z bml{mi = m}AodPs + Z Rg]l{si = S}AOdPS + €
m=9 s=1980

where agosm is an (origin x parent income decile x birth cohort x age) fixed effect

m Control parametrically for the two key factors captured by the agosm fixed effects: (i) the
quality of the origin location, which we model by interacting the predicted outcomes for
permanent residents in the origin at parent income percentile p; with birth cohort fixed

effects, and (ii) disruption costs of moving that may vary with the age at move and
parent income
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CH 2018a: (Parametric) Estimation results

(B) Parametric Estimates

0.6

SloPe o m Estimation shows similar patterns as in

I
I
I
I
I
I
]
I
I
I
|
I
| Selection (5): 0.226 the semi-parametric model
]
I
I
I
I
I
I
I
I
I
I
I
1

Slope: -0.038

Coefficient on Predicted Rank in Destination

51 oo m Exposure effect is slightly lower (-3.8%)
“loe o °® and selection effects are higher
g1 . (0 = 0.226)
1‘0 1‘5 2‘0 2‘5 3‘0

Age of Child when Parents Move

Source: Chetty and Hendren (2018a)
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CH 2018a: Estimation using Observational Data (Cont.)

m Authors address time-varying selection possibility by adding family fixed effects:

1987 30
yi= > Lsi=s}(al+a¥pos) + Y Lmi = m} (G + Copr) +
s=1980 m=9
30 1987 _
Z bm]l{mi = m}Aodps + Z :‘ﬂ?sd]l{s,' = S}Aodps + efam + €
m=9 s=1980

m Regression is now estimated entirely on sample of families with 2 children. Family—level
mean effects are taken out.
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CH 2018a: Family FE Estimation results

(A) With Family Fixed Effects

m Similar results: children who move to a
better area at younger ages have better
outcomes than do their older siblings

m Selection effect falls from § = 0.23 in the
baseline specification to 6 = 0.01 (not
il significantly different from 0) with family
Selection (5): 0.008 flxed effects

s m Doesn't affect the slope: consistent with

10 15 2 2 2 identification assumption
Age of Child when Parents Move GO Bac k

0.8
|

0.6
|

0.4
L

Slope: -0.043
(0.003)

0.2

Coefficient on Predicted Rank in Destination

Source: Chetty and Hendren (2018a)

u]
8]
I
i
it
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Chetty and Hendren (2018b) - Estimation

m To estimate the causal effect of each CZ/county they start by assuming the following
statistical model:

Yi = Qod + € - [l + €
where a4 is a fixed effect of origin-destination; e; = e;. vector whose entries denote the

number of years of exposure that child i has to place ¢; and w is a vector of coefficients
that capture CZ exposure effect

m Assumption: conditional on a,g the exposure time to each place ej. is orthogonal to
other determinants of children’s outcomes, i.e, Cov(ejc,€;) = 0 for all ¢

m Estimates for the causal effect of staying a one additional year in a neighborhood
Go Back
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