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In a series of papers, Chetty and co-authors, takes a different approach to estimate the
role neighborhoods play in shaping income outcomes. Chetty and his co-autors lay out their
argument in three acts. |Chetty et al. (2014), show some suggestive evidence implying that
different Commuting Zones (CZ) and counties are associated with different levels of social
mobility, as measured by their rank-rank regression. In |Chetty and Hendren| (2018a) they
examine the causal effect of growing up in a better neighborhood, as measured by the average
income rank of the permanent residents. In this paper, they also establish that the effect is
almost linear in exposure time. Chetty and Hendren (2018b), and (Chetty and Porter (2018))
build on the intuition in (Chetty and Hendren| (2018a) and estimate a linear model for each
CZ/county/Census Tract in the US, to create a mobility map, for different locations.

1 Identification in Chetty and Hendren (2018a)

Chetty and Hendren! (2018al), use federal income tax record spanning 1996-2012, on individ-
uals born between 1980-1988, to measure the causal effect of living in a better neighborhood,
as measured by the the average income of the permanent residents’ children, on the long
terms outcomes of the children of families who moved to those neighborhoods. Using a semi-
parametric specification, they find an almost linear effect of living in a better neighborhood
on the child percentile in the income distribution. Specifically, they find that, "on average,
spending an additional year in a CZ where the mean income rank of children of permanent
residents (PR) is 1 percentile higher (at a given level of parental income) increases a child’s
income rank in adulthood by approximately 0.0 percentiles. That is, the incomes of children
who move converge to the incomes of PR in the destination at a rate of 4% per year of
childhood exposure”.

To get this result, Chetty and Hendren| (2018a) start by defining neighborhood quality,
for parents at percentile p of the income distribution, by examining the expected income



percentile of children of PR | given their parents income percentile. To do so they run the
following regression on children of non-movers

Yi = Qs + l/Jcspi +&;

where y; is the percentile of the income of children at the age of 24, a., is fixed effect for CZ,
¢, and cohort s, p; is the the parents percentile in the income distribution and ¢; is the error
term. Then, they take the predicted value, y,.s, and use it as proxy for the neighborhood
quality.

The authors then move on to examine the causal effect of increasing this quality measure
on children outcomes. Consider the following outcome model for a child who moves at the
age of m

Yi = Qom + ﬁmgpds + 01

where y; is child ¢ outcome, m is the age the parent moved to a new neighborhood, d, y,q4s is
the the quality of the new neighborhood d, for parent of percentile p and child from cohort
5. Qo m) is the fixed effect of of moving out of neighborhood o at the age of m, and 6; is
the error term. Typically, the error term and the neighborhood quality are going to be
correlated. Specifically, let b,, be the coefficient from the regression model, then the bias of

the estimator is given by
Cov(0;, Ypas|m)

bm = Pm + —
b Var(gpas|m)

Although (Chetty and Hendren| [2018a) can’t identify [, directly from the data, they can
estimate what they call the exposure effect, v,, = 8, — Bms1, by imposing the assumptionﬂ

that the selection effect does not vary with the child’s age at the move, i.e. Covlli Gpasm) _

Var(gpas|m) 7
%, Vm. With this assumption that exposure effect is just the difference between the
pds

regression coefficient of two regressions for movers at the age of m and for movers at the age
of m+1, v = Bm — Byt = by — bm+1-E| In practice, Chetty and Hendren, 2018a) estimate

!Their model also impose two additional assumptions, first, that the neighborhood effect is linear and
symmetric in the PR children outcomes, and different neighborhoods with the same quality level, are equiv-
alent

2We can also think of their identification as a DID setup. Assume that given the origin neighborhood
and the destination, there is no selection on the age of the moving, i.e. E(0;|m, 0, §pas) = E(0;|0, Ypas), then
we can identify the exposure effect by taking the difference between the differences

E(y;|m, o, gpds) — E(yilm + 1,0, gpds) = Qo,m — Qo,m+1 T (Bm — 5m+1)ypds
E(yz|m7 o, Z,_/pds + 1) - E(yz|m + 1,0, gpds + 1) = Qo,m — Qo,m+1 T (Bm - 6m+1)(gpds + 1)

where we used the timing assumption to remove the error terms.



the following semi-parametric regression model|

30 1987
Yi = CQgosm + Z me (mz = m) Aodps + Z K;SI (Si = S) Aodps + €94
m=9 s=1980

where y; is the movers child outcome, qgosm is CZ by parent income decile by birth cohort
by age at move fixed effect, I is an indicator function, and A,gps = Ypas — gpo&ﬂ

In addition to the main specification, Chetty and Hendren| 2018a, they validate the
assumption using a series of tests, which focus on selection. All the tests implies that their
assumption on selection holds

1. Comparing siblings, by running the main specification with family fixed effect, and
control for family time-varying observables (parents income and martial status).

2. They identify instances of outflow shocks, where they observe a large out migration
from a ZIP code. They assume that these displacement shocks are exogenous, and use
them as instruments in the main specification.

3. They preform placebo tests, in which they replace 9,45 with the average quality based
on the children of PR from different cohort, s’, from @4y and find almost zero effect.

2 Chetty and Hendren| (2018b)

Motivated by the results of the previous paper and implied linear effect of the neighborhood
effect, Chetty and Hendren (2018b), aim to estimate the causal effect of each CZ and county
in the US, using administrative IRS data, where the main specification uses the same sample
as |Chetty and Hendren (2018a). To estimate the causal effect of each CZ/county they start
by assuming the following statistical mode]E]

Yi = Qoqg t+ €; " b+ €

3They also run a more restrictive version of this regression model, which imposes linearity in the effect
and in the parent’s income percentile
“Notice that as the authors control for the location fixed effect, all the variation in A,gps comes from
Ypds- The author define this explaining variable as such for ease in interpretating of the results.
5In practice, they estimate a more flexible model, which allows for different effects of children with different
parental ranking.
Yi = Qoa + by + €; - oy, + Goa (pi, 5i) + &

where afd is interaction of the fixed effect with the parental income ranking, goq (p:, s;) is a flexible function
to control for the cohort effect and parental ranking, and p,, is a vector with {mp.}, where mp. = pic + pap.



where g is a fixed effect of origin-destination. e; = {e;.} is a vector whose entries denote
the number of years of exposure that child ¢ has to place ¢, before age A, and p is a vector
of coefficients that capture CZ exposure effect. To identify the exposure parameters, |Chetty
and Hendren| (2018b)) again impose their timing assumption, where, conditional of a,q the
exposure time to each place e; is orthogonal to other determinants of children’s outcomes,
i.e, Cov(e,€;) = 0 for all cﬁ Estimating the model produces estimates for the causal effect
of staying a one additional year in a neighborhood[] Unfortunately, some of these estimates
are quite noisy as there aren’t a lot of movers. Therefore, they use a Bayesian shrinkage
procedure to reduce MSE.

2.1 Results

Chetty and Hendren (2018b) focuses on the causal effect of neighborhoods on families at
the 25th percentile and 75th percentile of income distribution. They find that there’s some
dispersion in effects, across CZ and counties ( The causal effect of an increase in one standard
deviation in the causal effect parameter, for families at the 25 percentile, increases the child
future ranking by 0.17, per year). They find that the neighborhood effect is more important
for boys than girls. They then move and use the estimates to explore correlation between
different neighborhood characteristics and the neighborhood effect, and find that the causal
that segregation and inequality are negatively correlated with the effect, where school quality
is positively correlated.
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6Following footnote 3, we can think of the identification of taking differences between the following two
moments
E(yi|lo,d,m) = g + mpso + (A —m)ug + E(e;|o,d,m)
E(yilo,d,m+1) = apqg + (m+ Dpo + (A — (m+ 1)) + E(e;lo,d, m)
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