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and the second H + 1. By revealed preference,
UH|Y, X) = UH + 1]Y, X) while U(H|Y",
X') < U(H + 1]Y’, X’). However, rearranging
and combining these two inequalities yields:
o ar eaP‘(H+]) _ eaP’(I'I) o ap
YXe = vy v = TX)e

which contradicts (Y, X) > 6(y’, X).
Hence, for this utility function, housing con-
sumption must be weakly increasing in the de-
mand index 0(Y, X) = yX)eY.

‘While the No Reversals assumption is restric-
tive, we still think it is reasonable. The assump-
tion generally fails when price changes over
space affect the marginal utility of income for
one type of household much more than for
another type of household with the same initial
housing consumption. We will be able to per-
form tests to see whether this assumption fails
badly in a way that compromises our misallo-
cation tests.

So far, we have characterized households by
their income (Y) and a vector of observable and
unobservable characteristics (X). The No Re-
versals assumption ensured that we could map
households’ characteristics (Y, X) to a single
value of a demand index 0(Y, X). However,
when not all determinants of housing demand
are observable, there will be a distribution of the
latent demand index for households with iden-
tical incomes and other observable characteris-
tics because these households differ in their
unobservable characteristics. We will refer to
subgroups of households with identical observ-
able characteristics (including income Y;) as
subgroup i. Our second identifying assumption
requires that the effect of the unobservable char-
acteristics on the distribution of the demand
index is constant across space for each sub-
group, or that there cannot be differential selec-
tion on unobservables. Formally:

ASSUMPTION 2 (No Differential Selection
on Unobservables): For any city ¢ and sub-
group i, the distribution of the demand in-
dex 0, ¥ (0|X,), equals V(6 + A|X,) for
some A..

This assumption means that the distribution
of latent demand (within demographic sub-
groups) is constant over space except for a
city-specific shift parameter, A_, which is con-
stant across demographic subgroups within a
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city. Thus, the distribution of the demand index
for a particular subgroup may differ across cit-
ies, and New York may attract people who have
a general unobserved taste for small living quar-
ters. But the No Differential Selection assump-
tion means that we are ruling out cases where
New York attracts college graduates with an
unobserved taste for spacious apartments and high
school dropouts with an unobserved taste for
small apartments. Together, the No Reversals and
No Differential Selection assumptions imply:

The Constant Overlap Implication.—If the
share of subgroup i in free-market city A that
rents apartments with k£ or fewer rooms is equal
to the share of subgroup i in free-market city B
that rents apartments with n or fewer rooms,
then, for any other subgroup j, the share renting
apartments with k or fewer rooms in city A must
equal the share rentin% apartments with n or
fewer rooms in city B."!

In other words, our key assumptions imply
that the overlap in housing consumption be-
tween different demographic subgroups is con-
stant across space. For example, suppose
household size is the only observable character-
istic and that in Atlanta 40 percent of one-
person households and 20 percent of three-
person households live in apartments of three
rooms or less. Our two assumptions imply that
in other cities, the demand for housing of the
40th percentile of one-person households
should be the same as the demand of the 20th
percentile three-person households. The as-
sumption therefore implies that if New York
were also a free-market city and if 40 percent of
one-person households live in studios in New
York, then 20 percent of three-person house-
holds must also live in studios in New York.

This implication of both the No Reversals
and No Differential Selection assumptions is
the key to our identification. Essentially, we test

' This implication follows from our assumptions be-
cause if the share of subgroup i in city A in apartments with
k or fewer rooms is equal to the share of subgroup i in city
B in apartments with n or fewer rooms then ¥(u2 +
AalX) = W(uZ + AglX,), where p denotes the highest
value of demand index of households in city A renting
apartments with k or fewer rooms. This implies that uj +
Ay = pZ + A, which in turn implies ¥(uf + X)) =
V(b + AglX).
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for misallocation by looking at whether the con-
sumption of the 40th percentile of one-person
households and the 20th percentile of three-
person households are the same in New York if
they are the same in Atlanta. Thus our test will
find misallocation if housing consumption in
New York varies with demographic character-
istics in a way that is unlike cities in the rest of
the country. To see whether this test makes
sense, and to test our identifying assumptions,
we will compare the consumption pattern dif-
ferences between New York and elsewhere,
with consumption pattern differences among
other U.S. cities. If our test found misallocation
in many free-market cities, we would lose our
trust in our identifying assumptions.

In principle, we could now proceed nonpara-
metrically and treat each demographic subgroup
as a separate cell. Then we could compare con-
sumption patterns across all cells across cities.
This would end up being computationally tire-
some and extremely noisy. Instead, we assume
that the distribution of the latent demand index
0, for a given demographic subgroup with income
and other observable demographic characteristics
X, is characterized by a normal distribution with
mean X;'B and variance exp(X;’ 8):

3) 0|X; ~ N(X/'B — A, €X?)

where the parameter A allows for city-specific
shifts in the demand index. The normality as-
sumption means that the distribution of the de-
mand index can only differ in two ways (mean
and variance) across demographic groups. This
assumption is convenient, but it does not drive
our results. Furthermore, we have only assumed
normality of the latent demand index; we have
assumed nothing about the distribution of ob-
served housing consumption.

To implement the basic misallocation test, we
begin with a benchmark of a free-market city
and consumption of one given housing attribute
(“apartment size”) that is consumed in discrete
units. Given the distribution of 8 in that city,
and given standard assumptions about a market
equilibrium, the free market will allocate hous-
ing attributes so that:'

12 For example, we assume that the supply of housing is
sufficiently varied so that there are no bundling problems
(as in James Heckman and Jose A. Scheinkman, 1987).
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1 for 0= uf
6= pj

2 fi f<
@ Hig)={> M

k forps_, <0

where H*(0) denotes the housing consumption
of someone with demand index 6, and pn; de-
notes the upper bound of demand index 6 of
households living in apartments of size & in city
c. In equation (4) the allocation of housing in
free-market cities is efficient—every resident of
an apartment with more than k rooms has a
value of 6 that is higher than everyone in apart-
ments with k£ or fewer rooms. By the usual
arguments, an inefficient allocation will not be a
market equilibrium.

We use maximum likelihood to jointly esti-
mate (3) and (4). This estimation procedure is a
generalization of ordered probit because it al-
lows the variance of latent variable 0 to depend
on demographic characteristics and the cutoff
levels for the latent variable, ug, to differ across
cities. Applied to a sample of free-market cities,
the estimation procedure yields estimates [
and fi;. The values of B and 8 describe how the
distribution of the latent demand index 6 shifts
with demographic characteristics and these es-
timates will be used later to predict the efficient
housing allocation in New York City. Differ-
ences across cities in housing supply and demo-
graphic composition are fully absorbed by the
city-specific cutoff levels f; and thus do not
drive the estimates 3 and 8. For example, a city
with a supply of many large apartments that is
inhabited with households with a latent demand
for small apartments will have low values of Q.
In this city, latent demand does not need to be
very large to obtain a large apartment.'

The identifying assumptions imply that val-
ues of B and 8 estimated outside New York
will also describe the demand index of renters in
New York City, at least up to a constant. Our
basic test statistic will be the share of the renters
in New York that we predict are misallocated
across apartments. This will be estimated by

13 Because the cutoff levels, ug, can shift freely across
cities, we cannot separately identify city-specific shifts in
the distribution of @ (the A terms) and a constant shift to the
w§ terms. However, this does not matter since we only need
the estimates B and 8 (but not A< or A.) to estimate
misallocation.
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comparing a predicted allocation (based on
and &) with the actual allocation. To form the

redicted allocation, we use the values of B and
% to generate a total cumulative distribu-
tion function (CDF) of 6 in New York
of Zienrc NNYc(xi)d)(olxi'B’ eXils), where
Nyyce(X;) is the proportion of renters with char-
acteristics X; in NYC.!* The expression
®(6|X;’'B, eX'®) reflects the cumulative distri-
bution of the demand index 6 for renters in the
subgroup with characteristics X; and ®( * |a, b)
denotes the CDF of a normal random variable
with mean a and variance b.

Given this city-level distribution of the de-
mand index and given a stock of apartments, we
can estimate the value of A}Y“—the highest
value of 6 that should be allocated an apartment
of size k in the efficient allocation: This value
must solve:

&)

2 NNYC(Xi)q)(ﬂQIYCIXi’B’ exils) = SNYC(k),

IENYC

where Syyc(k) denotes the proportion of apart-
ments with k or fewer rooms in New York City.
Thus, if one-half of the apartments in New York
are big and one-half are small, then there would
only be one estimated value of 4 and this
would equal the median value of the predicted
New York distribution of 6. More generally, the
values [iy7< and @YY€ define the lower and
upper bound of @ for renters who would be
living in apartments of size k in the efficient
allocation.

To estimate the degree of misallocation, we
compare this predicted allocation—which
should be the “efficient” allocation—to the ac-
tual allocation in New York. We estimate the
actual housing allocation by estimating the gen-
eralized ordered probit model [defined by equa-
tions (3) and (4)] on a sample of New York City
renters, which yields the parameter estimates
fix, B, and 8. While we interpreted our earlier
parameter estimates fi{, B, and & (estimated on
free-market cities) as capturing the true relation-

'“ Without loss of generality, the city-specific taste
shifter Ayyc can be set to zero because changes in this
parameter do not affect the optimal allocation of housing
within New York City.
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ship between demographic characteristics and
latent demand for housing, the parameters fi,,
B. and & estimated for New York merely de-
scribe the housing allocation in a way that fa-
cilitates comparison between the actual housing
allocation and the predicted housing allocation.
Using the estimates ji,, B, and &, we proxy
for the actual fraction of renters from subgroup
X, living in an apartment of size k or less by:

6)  Swrc(k|X;) = ®(h,/X/B, %),

We use this smoothed proxy for the housing
allocation within subgroup X; instead of the
actual housing allocation for two reasons. First,
our proxy limits the housing allocation to the set
of allocations that are compatible with normally
distributed latent demands. This eliminates the
possibility that we find misallocation in New
York City because we imposed normality out-
side NYC but not in NYC. Second, in our
sample, most demographic subgroups are very
small (just a couple of observations). Using
subgroup-specific housing shares from our sam-
ple would yield degenerate distributions that
most likely do not represent the housing alloca-
tion of that subgroup as a whole, thus yielding
spurious misallocation estimates.

In principle, rent control might create misal-
location within demographic subgroups as well
as across them. However, since our goal is to
test for the existence of misallocation, we as-
sume that sorting on the basis of unobservable
characteristics is efficient. Efficient sorting
within subgroup X; implies that every member
of this subgroup living in an apartment with k or
fewer rooms must have a value of @ that is lower
than any member of this subgroup in apartments
with more than k rooms. Hence, the value of
wY¥C(X,)—the highest value of 6 that a mem-
ber from subgroup X; is assumed to have when
living in an apartment of size k—solves:

7 D" X)X/ B, €X®) = Spye(k|X,),

where Sy,c(k|X;) denotes our estimate of the
proportion of members from this subgroup liv-
ing in apartments with k or fewer rooms.
Thus, when sorting on unobservables is effi-
cient, the values p” T (X;) and uY¥S(X,) define
the lower and upper bound of 6 for renters from



1036 THE AMERICAN ECONOMIC REVIEW

this subgroup who live in apartments of size k in
the actual allocation. In the efficient allocation,
wY¥€(X,) would equal a¥*c. Our misalloca-
tion measure is based entirely on the differences
between ufYS(X;) and AY¥C. Inserting
1y¥€(X,) into equation (4) for each subgroup
yields Hpyc(0, X,), the actual housing alloca-
tion in NYC for someone from subgroup X;
with latent demand 0. Similarly, we construct
H%yc(0), the efficient allocation for someone
with latent demand @ by inserting iy into
equation (4). Now by comparing the actual to
the efficient allocation, we can find the share of
all NYC renters that are living in apartments
with k rooms but would be living in apartments
with n rooms if the city had a free market (and
no change in housing supply):

(8) Mi= 2 Nye(X)

IENYC
X J 1(H(8, X;) = k and H*(6) = n)

X dd(8|X,'B, e*?)

where 1(-) is the index function, which takes on
a value of 1 if the expression between paren-
theses is true and a value of 0 otherwise. Mis-
allocation occurs whenever k # n, so the total
share of households who are misallocated in one
way or another is given by M = 3, 3, ., M&.
We refer to this measure as the gross fraction
misallocated because even if the housing alloca-
tion in NYC were efficient, this number would be
greater than zero due to sampling error. We adjust
for this by estimating M="", the value of M that
sampling error would generate if the housing al-
location in NYC were efficient. The net estimate
of the fraction misallocation in NYC is found by
MMt = MO — ME™", and the expected value
of this number is zero if the housing allocation is
efficient.

We use a bootstrap procedure both to esti-
mate ME"°" and to generate standard errors for
our misallocation estimates. The idea behind
bootstrapping is that by replicating the estima-
tion procedure on samples that are drawn ran-
domly and with replacement from the original
sample, one can replicate the sampling error
that is present in the original sample (Bradley
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Efron, 1979). Because of sampling error, each
replication will yield a slightly different esti-
mate of miisallocation. The standard deviation
of the estimates from the replications is the
standard error of the original estimate. More-
over, in each replication, we simulate a sample
in which New York City residents have the
same underlying distribution of 6 as elsewhere
and allocate the existing housing stock effi-
ciently. However, due to sampling error, the
estimated distribution of 6 will differ somewhat
between the simulated New York City sample
and the sample of free-market cities, and our
procedure will find a small amount of misallo-
cation that can be solely attributed to sampling
error. The average of the amounts of misalloca-
tion that we find across the replications is an
estimate of M“""°". The Appendix describes the
bootstrapping routine in detail.

III. Data Description and Results

We now describe the data that we use to test
for misallocation due to rent control in New
York. Unless otherwise noted, the data in this
paper come from the 1990 Census 5 percent
Public Use Micro Sample (PUMS). We want to
compare the apartment rental market in New
York City to markets without rent control that
are otherwise as similar as possible to the New
York market subject to rent control. Since the
rent-control regulations in New York City by
and large exclude apartments in buildings with
fewer than five apartments, we only use obser-
vations on households living in buildings con-
taining at least five apartments (“5+
buildings”). To further enhance comparability
between the New York City sample and the
sample of free-market areas, we limit the sam-
ples to households living in metropolitan areas
and residing in Public Use Microdata Areas
(PUMAs) with at least 10 percent of residents
living in 5+ buildings. This latter restriction
only binds for four out of New York’s 55
PUMASs with two of the PUMAs with less than
10 percent of residents in 5+ apartment build-
ings being in Staten Island and the other two
being in Queens. Outside New York City, this
restriction eliminates about 56 percent of
PUMAs in metropolitan areas. The fraction of
residents living in 5+ apartment buildings in
each PUMA comes from the Census Summary



VOL. 93 NO. 4

Tape Files (STF) because these are more accu-
rate than the PUMS data.

The baseline sample for New York City
consists of a random sample of 10,000 house-
holds from all renters in 5+ buildings in New
York City. We limit the sample size to keep
the estimation computationally manageable.
We also estimate misallocation within each
of the four larger boroughs. Those samples
are constructed as above, and are of size
5,000."

To construct the baseline control group, we
only consider PUMASs with at least 10 percent
of residents in 5+ buildings in Metropolitan
Statistical Areas (MSAs) without rent control
other than Hartford and Chicago. We exclude
Hartford and Chicago so that they can later
serve as tests of the identifying assumptions.
This yields 103 MSAs with at least one valid
PUMA. Next, we draw in each of these 103
MSAs a random sample of 200 households rent-
ing apartments in buildings with five or more
units from the PUMAC(s) in that MSA with the
highest fraction of households living in 5+
buildings. This creates a control group of man-
ageable size (20,600).

The baseline apartment characteristic used to
estimate misallocation is the number of rooms
in the apartment. This number is top-coded at
five since less than 2 percent of the observations
live in larger apartments, which would compli-
cate the estimation of the cutoff valuations fij
for apartments with six or more rooms. As an
alternative, we also consider the number of bed-
rooms in the apartment, which we top-code at
four (this affects less than 1 percent of
observations).

The baseline demographic characteristics
(X}) consist of household composition (various
measures of the number of adults and children
of different ages), single parenthood, a three-
segment spline in the mean age of the household
head and his/her spouse, four dummy variables
for the maximum educational attainment of the
household head and his/her spouse, and a
second-order polynomial in the log of per capita
household income. These variables are detailed
in Table 1.

' Staten Island is not considered separately because it
has too few observations: 430.
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A. Basic Results—The Amount of
Misallocation

The intuition of our methodology is illus-
trated in Table 2. This table shows the average
overlap in the consumption of rooms between
households from various broadly defined demo-
graphic groups. As a measure of average over-
lap, we report the probability that a random
household from demographic group A con-
sumes strictly more rooms than a random mem-
ber of group B. If the allocation of housing is
efficient and if our identifying assumptions
hold, we would expect these probabilities to be
similar in New York and elsewhere. However,
as Table 2 shows, the probabilities are often
significantly different.

For example, the first row shows that when
we compare the group of households headed by
a high school dropout with the group of college
graduates, we find there is a 32-percent proba-
bility in cities without rent control that a random
member from the first group rents a strictly
bigger apartment than a random member of the
second group. In New York City, however, the
comparable figure is 47 percent. Similarly, there
are significant differences between New York
City and free-market cities in the amount in
overlap for demographic groups based on age,
income, and the presence of children. Only the
amount of overlap between single-person
households and households with three or more
members turns out to be the same in New York
City and elsewhere. Given our identifying as-
sumptions, Table 2 provides suggestive evi-
dence of misallocation in New York City.'®

'6 The evidence in this table is only suggestive because
it has two major drawbacks that are addressed by our main
methodology. First, the demographic groups in Table 2 are
defined by only one characteristic, which leaves consider-
able scope for differential selection on all the other demo-
graphic characteristics. Our main methodology addresses
this shortcoming by having very narrowly defined demo-
graphic subgroups (each subgroup has a unique set of values
for all the demographic characteristics, including income,
listed in Table 1). Second, Table 2 measures overlap in
actual housing consumption, which can be affected by the
composition of the housing stock. For example, two people
with different underlying or latent housing demands are
more likely to consume apartments of the same size in a city
where most of the housing stock is of one size than in a city
with a very varied housing stock. Our main methodology
addresses this shortcoming by testing whether the observed
allocation implies reversals of a latent index of housing
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TABLE 1—SUMMARY STATISTICS

Baseline treatment group:
New York City

Baseline control group:
103 cities
without rent control

Mean (Standard deviation) Mean (Standard deviation)
Apartment characteristics
Number of rooms® 3.26 (1.13) 3.30 (1.14)
Number of bedrooms® 242 (0.84) 2.40 (0.75)
Household characteristics
Number of adults 1.778 (0.960) 1.506 (0.718)
max(“Number of adults” — 2, 0)° 0.244 (0.668) 0.090 (0.408)
Single parent 0.090 (0.286) 0.086 (0.281)
Number of children age 0-5 0.219 (0.552) 0.188 (0.534)
max(“Number of kids age 0-5” — 1, 0)° 0.055 (0.274) 0.053 (0.278)
Number of children age 6-11 0.196 (0.529) 0.123 (0.436)
max(“Number of kids age 6-11” — 1, 0)° 0.050 (0.264) 0.032 (0.221)
Number of children age 12-17 0.196 (0.526) 0.092 (0.375)
max(“Number of kids age 12-17” — 1, 0)° 0.049 (0.260) 0.023 (0.182)
Mean age of household head and spouse 48.9 (17.9) 42.65 (19.98)
max(“Age” — 35, 0)° 15.6 (15.9) 11.8 (16.6)
max(“Age” — 60, 0)° 3.6 (7.0) 33 (7.2)
High school dropout® 0.317 (0.465) 0.221 (0.415)
High school degree® 0.251 (0.434) 0.229 (0.420)
Some collegeb 0.187 (0.390) 0.302 (0.459)
[Omitted category: College or more] 0.245 (0.430) 0.249 (0.432)
Ln(Income per capita) 9.141 (1.132) 9.105 (0.994)
Ln(Income per capita)® 84.85 (20.46) 83.88 (17.71)
Number of households 10,000 20,600

Notes: Data from the 1990 Census 5 percent Public Use Micro Sample. The treatment group consists of 10,000 households
in New York City. The control group consists of 20,600 households in 103 MSAs without rent control (200 households per
MSA). Households in the treatment and control group are limited to renters of apartments in buildings with five units or more
living in PUMAs with at least 10 percent of the population living in buildings with five units or more.

2 The number of rooms is top-coded at five (less than 2 percent of observation affected) and the number of bedrooms at
four (less than 1 percent of observation affected).

b Maximum of educational attainment of household head and his/her spouse.

© We include variables of the form max(X — a, 0) in the ordered probit regressions in order to allow for changes in the
marginal effect of X on latent housing demand at the breakpoint a. For example, by including max(“Number adults” — 2,
0), we allow the effect of an extra adult on latent housing demand to be different for households with two or fewer adults than

for households with more than two adults.

In Table 2, we see that in New York (a
high-price city) the connection between income
and housing consumption is weaker than else-
where. If we thought that higher prices in New
York changed the relationship between income
and housing consumption because higher prices
differentially increased the marginal utility of
income for the poor, then we would expect the
income-housing relationship to be stronger in
New York, not weaker. As such, the differential

demand. In the main methodology, actual housing con-
sumption in a city can be any monotonically increasing
function of the latent demand index (because we include a
full set of city-specific cutoff parameters pj).

relationship between housing consumption and
demographics in New York does not seem to
occur because the marginal utility of income is
rising particularly for the poor in a high-cost
area.

In Table 3, we use our methodology to
present a matrix showing the misallocation of
households in New York City. The rows indi-
cate the actual number of rooms consumed (k)
and the columns show the number of rooms (n)
that should be consumed in an efficient alloca-
tion. Each entry in the matrix shows the share of
the population that falls within each of these
groupings, M*. For example, the second entry
on the first row shows that 2.06 percent of all
households should be living in two-room apart-
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TABLE 2—AVERAGE OVERLAP IN HOUSING CONSUMPTION BETWEEN POPULATION GROUPS

Probability that rooms for household from group A
> rooms for household from group B

New York City renters U.S. free-market renters

Observations Overlap Observations Overlap
Group A: High school dropout® 3,174 0470 4,554 0.316
Group B: College or more 2,450 (0.008) 5,123 (0.005)
Group A: Households without children 6,794 0.229 16,027 0.200
Group B: Households with children 3,206 (0.005) 4,573 (0.004)
Group A: Age < 35° 2,859 0.279 10,456 0.343
Group B: Age > 35 and < 60 4,280 (0.006) 5,381 (0.005)
Group A: 1 person households 3,758 0.150 10,261 0.150
Group B: 3+ person households 3,621 (0.005) 4,483 (0.004)
Group A: Per capita income in bottom ¥4¢ 3,338 0.457 6,798 0.351
Group B: Per capita income in top ¥4 3,300 (0.007) 6,795 (0.005)

Notes: Standard errors are reported in parentheses. Data from the 1990 Census 5 percent Public Use Micro Sample. The
treatment group consists of 10,000 households in New York City. The control group consists of 20,600 households in 103
MSAs without rent control (200 households per MSA). Households in the treatment and control group are limited to renters
of apartments in buildings with five units or more living in PUMAs with at least 10 percent of the population living in
buildings with five units or more.

* Age refers to the average of the household head and his/her spouse.

® Maximum of educational attainment of household head and his/her spouse.

¢ Top and bottom 5 of the per capita income distribution are determined relative to indicated sample.

TABLE 3—ACTUAL AND EFFICIENT ALLOCATION

Allocation of New York City households across apartments
(fraction of households)

Efficient apartment size (number of rooms):

Actual apartment size

(number of rooms): 1 2 3 4 5 Marginal
1 0.0688 0.0206 0.0000 0.0000 0.0000 0.0894
2 0.0204 0.0766 0.0375 0.0000 0.0000 0.1345
3 0.0002 0.0373 0.2667 0.0465 0.0001 0.3508
4 0.0000 0.0000 0.0466 0.2126 0.0243 0.2835
5 0.0000 0.0000 0.0000 0.0243 0.1175 0.1418
Marginal 0.0894 0.1345 0.3508 0.2835 0.1418 1.0000

Note: The table shows the joint distribution of the actual and efficient allocation of households to apartments in the baseline
treatment group (10,000 households in New York City).

ments but are living in studios. As the matrix
indicates, we find few cases where misalloca-
tion is off by more than one room. Naturally,
since we assume that allocation is perfectly
efficient within subgroups, we should not be
surprised to find so few cases of major misal-
location. The basic fact driving this table is that,
as shown in Table 2, the connection between
rooms and renter characteristics in New York is
different from that in free-market cities.

Table 4 looks at the summary misallocation

measure, M. The first row shows the gross
misallocation, which does not correct for mis-
allocation due to sampling error. According to
this measure, the overall percentage of New
York renters that are living in apartments that
are the wrong size is 25.8 percent, which is the
sum of the off-diagonal elements in Table
3. The second row uses the bootstrap procedure
described earlier to correct for sampling error
and to provide standard errors for this measure.
With the correction, the overall degree of
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TABLE 4—MISALLOCATION ESTIMATES BY CONTROL AND TREATMENT GROUPS

Each cell shows the fraction of households in the treatment group that inhabit an apartment with a different number of
rooms than one would expect based on the allocation in the control group.

Treatment groups:

New York City

(baseline, Brooklyn Bronx Manhattan Queens
Control groups: N = 10,0000 (N =5,0000 (N =5,0000 (N =5,000 (N =5,000
A. Baseline controls (N = 20,600)*
Gross fraction misallocated 0.258 0.227 0.184 0.327 0.233
(No sampling noise correction)
Net fraction misallocated 0.209 0.167 0.130 0.261 0.175
Standard error (0.014) (0.017) (0.014) (0.020) (0.014)
B. Baseline controls (N = 20,600),
price X income interactions
Net fraction misallocated 0.221 0.159 0.140 0.273 0.142
Standard error (0.011) (0.013) (0.015) (0.025) (0.011)
C. Highest density areas as control
(N = 20,600)°
Net fraction misallocated 0.179 0.129 0.118 0.238 0.111
Standard error (0.012) (0.012) 0.014) (0.019) (0.015)
D. Areas geographically closest to NYC as
control (N = 20,600)°
Net fraction misallocated 0.237 0.214 0.179 0.239 0.240
Standard error (0.013) (0.014) (0.011) (0.016) (0.012)

Notes: Data from the 1990 Census 5 percent Public Use Micro Sample. Households in all treatment and control groups are
limited to renters of apartments in buildings with five units or more living in PUMAs with at least 10 percent of the population

living in buildings with five units or more.

2 The baseline control group consists of 20,600 households in 103 MSAs without rent control. In each MSA, 200
households were randomly selected from the PUMA(s) with the highest fraction households living in buildings with five units

or more.

® The high-density control group consists of 20,600 households. These households consist of all observations satisfying the
sample selection criteria (listed above) in the 19 PUMAs without rent control that have the highest fraction of households
living in buildings with five units or more. These PUMAs lie in eight MSAs.

< The geographic control group consists of 20,600 households. These households consist of all observations satisfying the
sample selection criteria (listed above) in the 76 PUMAs without rent control that are geographically closest to New York

City. These PUMAs lie in 15 MSAs.

misallocation is estimated at 20.9 percent. The
standard error around this estimate is 1.4 per-
cent, so this is an extremely significant degree
of misallocation.

We also estimate misallocation for each of
the boroughs separately. Manhattan has the
most misallocation, which may not be surpris-
ing because rent control tends to be the most
binding in Manhattan. In that borough, over a
quarter of renters appears to be misallocated.
The Bronx has the least misallocation. One rea-
son why these borough-level results are inter-
esting is that one possible source of
misspecification is that the price of rooms varies
within New York City (of course price differ-
ences between New York and elsewhere are
accommodated by the procedure). If this were
driving our results, then we should expect mis-

allocation estimates to drop significantly when
looking only at subsections of the city, as price
heterogeneity within subsections is lower than
overall price heterogeneity. However, the aver-
age of misallocation within subsections seems
quite close to the overall misallocation within
the city as a whole. This does not rule out price
heterogeneity as a problem, but it does reduce
our fear that this is driving our results.

The No Reversals assumption implies that
price changes cannot affect the ordering of la-
tent demand for housing across households. In
particular, the assumption implies that if two
households with different income levels have
the same demand in a low-rent city, their de-
mand must also be the same in a high-rent city.
For any two households with the same housing
demand, the household with the lower income
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will spend a large fraction of its income on
housing. One may thus be concerned that the
No Reversals assumption would be violated be-
cause the income effect of the price increase
would likely be larger for the lower-income
household resulting in a greater decrease in
housing demand for this household. We address
this concern by allowing the response to price
changes to vary by income. Specifically, we
interact household income and its square with
average rents in the city and include these in-
teraction terms in the set of X variables.!” Panel
B shows that our estimates of misallocation are
not sensitive to relaxing the No Reversals as-
sumption to allow reversals based on income.

In panel C of the table, we measure misallo-
cation using a different control group. Instead of
using 20,600 households across 103 free-market
MSAs as a control (described above), we use
20,600 households in the 19 free-market
PUMAS that have the highest share of their
residents living in buildings with five or more
units. Here, we are trying to create a high-
density comparison group that might be more
comparable to New York City. Using this alter-
native comparison group, we find that the esti-
mated amount of misallocated apartments drops
to 17.9 percent from 20.9 percent. This small
drop suggests that the high-density areas are
somewhat better controls. Manhattan is still the
borough that remains most misallocated; 23.8
percent of renters appear to be in the wrong
apartments. The three other boroughs are now
much more closely grouped together with the
fraction misallocated lying between 11.1 and
12.9 percent. In all cases, the misallocation re-
mains quite significant.

In panel D, we use a third control group:
20,600 households that live in the 76 PUMASs

'7 To estimate the level of rents in each city, we run a
regression of log rent on apartment size and a city-specific
fixed effect for the sample of apartments in our baseline
control and treatment groups. The fixed effects in this re-
gression measure the level of rents (controlling for apart-
ment size) in each city as a fraction of the average across
cities. Because the level of rents in New York City (8 log
points above average) is artificially low due to rent control,
we set the level of rents in New York at 50 log points above
average, slightly higher than the most expensive east coast
city (Boston, at 43 log points above average). The estimates
in panel B remain basically the same if we set the rent level
in New York at 8 log points above average instead of 50 log
points above average.
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TABLE 5—MISALLOCATION ESTIMATES FOR ALTERNATIVE
APARTMENT CHARACTERISTICS

Net fraction Standard

Apartment characteristic: misallocated  error

A. Data from the 1990 Census®

Number of rooms (baseline 0.209 (0.014)
specification)
Number of bedrooms 0.145 (0.008)
B. Data from the 1993 NYCHVS
and the AHS®
Number of rooms 0.198 (0.022)
Number of bedrooms 0.112 (0.016)
Number of maintenance 0.080 (0.025)
problems

® Data from the 1990 Census 5 percent Public Use Micro
Sample. The treatment group consists of 10,000 households
in New York City. The baseline control group, with 20,600
observations, was used. Households in the treatment and
control group are limited to renters of apartments in build-
ings with five units or more living in PUMAs with at least
10 percent of the population living in a building with five
units or more.

® The treatment group consists of 4,953 households from
the 1993 New York City Housing and Vacancy Survey. All
these households are renters in buildings with six units or
more. The data for the control group come from the 1993
American Housing Survey and consist of 3,662 households
renting apartments in buildings with six units or more in
cities without rent control.

that are geographically closest to New York
City. In this case, the misallocation rises in
comparison with panel A for every case except
for Manhattan. Geographic proximity is possi-
bly worse than density as a criterion for defining
a comparison group to New York. Overall, we
think Table 4 suggests that our procedure ro-
bustly finds misallocation in New York City.
Table 5 looks at misallocation of apartments
using criteria other than the number of rooms.
In this table, we also look at misallocation of
apartments based on the number of bedrooms
and based on the number of maintenance prob-
lems. As we mentioned above, the core proce-
dure can be used for any housing attribute (or
indeed, for any attribute in a nonhousing con-
text), so Table 5 uses exactly the same methods
as described above. We use two data sets for
this table. In panel A, we use the census for
rooms and bedrooms. In panel B, the sample for
New York City comes from the New York City
Housing and Vacancy Survey (NYCHVS) and
the sample for free-market cities comes from
the American Housing Survey (AHS). The set
of demographic characteristics is similar to the
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one used in the census data. While variable
definitions from the NYCHVS and the AHS are
comparable and both were collected by the Cen-
sus Bureau (for details see Glaeser and Luttmer,
1997), not using data from the same data set for
New York and elsewhere is a disadvantage be-
cause any discrepancies between the data sets
may cause spurious estimates of misallocation.
These surveys also have the disadvantage of
having a smaller sample, but they have a wider
range of variables and let us look at mainte-
nance problems as a housing characteristic.

Panel A looks at bedrooms using the 1990
census as our data source. We first reproduce
our basic finding of a misallocation of 20.9
percent based on total rooms. In the second row,
we show that we found that 14.5 percent of
renters were misallocated on the basis of the
number of bedrooms. This number is strongly
significant. Since bedrooms are a type of room,
these numbers are not additive (i.e., one cannot
say from looking at these numbers that 35.4
percent of the total sample is misallocated).

Panel B looks at rooms, bedrooms, and main-
tenance problems using the NYCHVS and the
AHS. The first row reproduces our basic results
on rooms using these alternative samples and
estimates total misallocation at 19.8 percent.
That this is so close to our census estimate (20.9
percent) is comforting given the extent to which
both the control and treatment samples differ
across these data sets. The estimate of misallo-
cation using number of bedrooms as the housing
attribute is 11.2 percent, which is not signifi-
cantly different from our census estimate of
misallocation (14.5 percent).

Our third variable is ‘“maintenance problems”
which is the most generally available variable
reflecting apartment quality. The variable is the
sum of the number of occurrences of six types
of maintenance problems such as water leaks or
breakdowns of heating equipment.'® The origi-

18 The six questions are: (1) “Has water leaked into your
home from outdoors in the last 12 months?”; (2) “How
many times did [the heating equipment] break down for 6
hours or more?” (asked conditional on whether the house
has been so cold that it caused discomfort for 24 hours or
more); (3) “Does the (house/apartment) have open cracks or
holes in the inside walls or ceilings? (cracks thicker than a
dime)”; (4) “Does the (house/apartment) have holes in the
floors? (big enough for someone to trip in)”; (5) “Does the
(house/apartment) have any area of peeling paint or broken
plaster bigger than 8 inches by 11 inches?”; and (6) “In the
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nal variable ranges fron. zero to six. However,
because occurrences of six maintenance prob-
lems are rare (less than 1 percent o. observa-
tions), we treat occurrences of five or six
problems as one category. With this variable,
we find that 8 percent of New Yorkers are either
in higher- or lower-quality apartments than they
would be if the market were free. While this
number is much smaller than the misallocation
number for the number of rooms, it is still
significant. Hence, the procedure identifies mis-
allocation using three different apartment
characteristics.

B. Sources of Misallocation

Our theoretical discussion suggested two
ways in which rent control might create misal-
location. First, there is the possibility that apart-
ments are allocated randomly or by some
alternative queue-type mechanism instead of by
price. Second, rent control creates an incentive
for people to stay in the same apartment instead
of moving. Table 6 attempts to differentiate
between these alternative sources of apartment
misallocation.

In panel A of Table 6, we use the same
control group as in Table 3, but we change our
sample of New York apartment residents. We
draw one sample of 10,000 “recent movers”
who have entered their apartments in the last
five years and a second sample of “long-term
residents” who have lived in the same apartment
for five years or more. We estimate misalloca-
tion for these two groups separately. This seg-
mentation means that we expect to see less
misallocation on average as we are only consid-
ering misallocation within the two groups.

The first row shows that 14.9 percent of the
apartments belonging to recent movers appear
to be misallocated. The second row shows that
21.3 percent of the apartments belonging to
long-term residents seem to be misallocated. As
such, misallocation appears to be greater for
longer-term residents, which suggests that the
barrier to mobility created by rent control may
increase misallocation. Still, the misallocation
among recent movers is reasonably high. Both
misallocation measures are quite significant.

last 3 months have you seen any rats or signs of rats in the
building?”
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TABLE 6—MISALLOCATION ESTIMATES BY LENGTH OF
RESIDENCE

Net fraction Standard

Treatment group: misallocated  error

A. Data from the 1990 Census®

Recent movers (within the 0.149 (0.014)
last five years)

Long-term residents (five 0.213 (0.012)
years or longer)

B. Data from the 1993 NYCHVS

and the AHS®

Recent movers (1987 or later) 0.104 (0.020)

Long-term residents (moved 0.193 (0.022)

n before 1987)

# Data from the 1990 Census 5 percent Public Use Micro
Sample. The treatment groups are constructed analogously
to the baseline treatment group. The “recent movers” consist
of a random sample of 10,000 New York City households
who moved into their apartments in the last five years. The
long-term residents consist of a random sample of 10,000
New York City households who have lived in their apart-
ments for over five years. The baseline control group, with
20,600 observations, was used. Households in the treatment
and control groups are limited to renters of apartments in
buildings with five units or more living in PUMAs with at
least 10 percent of the population living in a building with
five units or more.

® The treatment group consists of 4,953 households from
the 1993 New York City Housing and Vacancy Survey. Of
these households, 2,495 moved into their apartment in 1987
or later and 2,458 had moved in before 1987. All these
households are renters in building with six units or more.
The data for the control group come from the 1993 Amer-
ican Housing Survey and consist of 3,662 households rent-
ing apartments in buildings with six units or more in cities
without rent control.

Panel B reproduces these results using the
NYCHYVS and the AHS. While in these samples
both measures of misallocation are somewhat
lower than in panel A, the differences with
panel A are not statistically significant. We find
that misallocation among long-term residents is
almost double that of recent movers. We take a
common message from both panels. There is
more misallocation among long-term residents
than among recent movers, but there is signifi-
cant misallocation among both groups.

C. Testing the Identifying Assumptions

In Table 7, we test our identifying assump-
tions by looking at a variety of placebo groups.
These groups are apartment residents that are
not subject to rent control. According to our
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TABLE 7—PLACEBOS

Net fraction Standard

Treatment group: misallocated  error

A. Baseline
Renters in NYC in 5+ unit
buildings
B. Renters in other cities as
placebos
Renters in Hartford in 5+
unit buildings®
Renters in Chicago in 5+
unit buildings®
C. Other groups in New York
City as placebos
Renters in NYC in buildings
with less than five units®
Owners in NYC in 5+ unit
buildings®

0.209 (0.014)

0.045 (0.021)
0.070 (0.011)
0.110 (0.013)

0.159 (0.017)

Notes: Data from the 1990 Census 5 percent Public Use
Micro Sample. Households in all treatment and control
groups reside in PUMAs with at least 10 percent of the
population living in buildings with five units or more.

® The treatment group consists of 1,268 households rent-
ing an apartment in Hartford in a building with at least five
units. The baseline control group was used (20,600 house-
holds).

® The treatment group consists of a random sample of
10,000 households renting an apartment in Chicago in a
building with at least five units. The baseline control group
was used (20,600 households).

© Both the treatment and control group consists only of
households that rent an apartment in an apartment building
with less than five units (single-unit buildings are excluded).
The treatment group consists of 10,000 households in New
York City. The control group was constructed using the
same procedure as was used for the baseline control group.
This yielded 19,661 households in 103 MSAs without rent
control.

4 Both the treatment and control group consist only of
households that own an apartment in a building with at least
five units. The treatment group consists of 8,441 households
in New York City. The control group was constructed using
the same procedure as was used for the baseline control
group. This yielded 8,622 households in 93 MSAs without
rent control.

identifying assumptions, these groups should
not display misallocation.

In panel A, we reproduce our basic misallo-
cation number (20.9 percent) for comparison. In
panel B, we look at renters in other cities. For
comparability we look at people who live in
apartments in buildings with five or more units.
While no city is really perfectly comparable to
New York, we use Chicago and Hartford as our
two comparison cities. Chicago was chosen be-
cause it is the second largest city with a high
concentration of large apartment buildings.
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Hartford was chosen because of its geographic
proximity.

Our procedure for these cities is exactly the
same as for the New York sample. We continue
to use the bootstrap procedure to correct for
sampling error. The control group is exactly the
same as before. In Hartford, we look at 1,268
renters living in five or more unit apartment
buildings. In Chicago, we have a sample of
10,000 renters living in apartment buildings
with five or more units.

Strictly interpreted, the results reject the identi-
fying assumptions. In both cities, the procedure
finds statistically significant misallocation. Ac-
cording to our procedure, 4.5 percent of the apart-
ments are misallocated in Hartford and 7 percent
of apartments are misallocated in Chicago. While
this is disturbing, the large difference between our
New York results and the results for these placebo
cities suggests that even though our identifying
assumptions may not exactly be true, the failure of
the assumptions is unlikely to fully account for the
observed misallocation in New York. After all, we
estimate misallocation in New York to be three
times as large as that in Chicago. Our view is that
while our identifying assumptions are not strictly
true, the deviations from these assumptions are
unlikely to be driving our misallocation estimates.

Panel C looks at placebo groups taken from
New York City. We look at two groups of New
York City residents that are not subject to rent
control. First, we look at people living in build-
ings with less than five apartments. Rent control
primarily affects people in larger buildings.
Second, we look at owner-occupiers of apart-
ments in buildings with five or more units. In
both cases, we constructed comparable control
groups. For the renters in buildings with less
than five units, we compare them with a na-
tional sample of similar renters. For the owners,
we compare them with a national sample of
owners living in similar buildings.

In both cases, our procedure suggests signif-
icant misallocation. Our estimates indicate that
11 percent of the renters are misallocated and
15.9 percent of the owners are misallocated.
While these results might be driven by the gen-
eral regulation of New York housing markets or
the residual effects of rent control (i.e., some
owners bought units that were once rent-
controlled units), these results do not strictly
support our identifying assumption. While it is
comforting that the measured misallocation in
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these placebo groups is significantly less than in
the rent-controlled sectors, we also view these
findings as a warning against too enthusiasti-
cally embracing our results.

IV. Conclusion

Theorists have long been aware that wage
and price controls may cause the misallocation
of goods. However, this insight has, so far, both
failed to create an empirical literature or even to
penetrate into most economics textbooks. In-
deed, one of the most famous diagrams in eco-
nomics is, in fact, wrong if the rationing under
shortages does not always allocate goods to the
consumers who value them most. Indeed, by
ignoring allocation problems, economists ig-
nore one of the primary glories of the price
mechanism: it allocates goods to the consumers
who value them most.

We have tried to accomplish two tasks with
this paper in order to highlight the role of prices
in allocating goods. First, we have presented a
very simple model of rent control designed
around a graphical presentation. Our hope is
that this model would be easier to teach than the
more sophisticated models that prevail in the
literature. One interesting result of this model is
that for moderately sized rent controls, the
losses due to misallocation are larger then the
losses due to undersupply.

Second, we have created an empirical method-
ology for estimating the misallocation of goods in
a price-controlled market and applied this meth-
odology to rent control in New York City. The
crux of the assumptions needed for this analysis is
that the overlap in latent housing demand between
population subgroups is constant over space. With
this assumption, we are able to estimate the frac-
tion of apartments that seem to be misallocated in
New York City. Indeed, we find that approxi-
mately 20 percent of apartments are in the wrong
hands under the conservative assumption of effi-
cient sorting on unobservable characteristics
within demographic subgroups. Though this num-
ber is not huge, it is economically and statistically
significant, and definitely large enough to be wor-
thy of further research.

APpPPENDIX: THE BOOTSTRAPPING PROCEDURE

First, we randomly draw with replacement
from our original sample a new sample of ex-
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actly the same size. We do this both for obser-
vations in New York City and for observations
in cities without rent control. We apply our
estimation procedure to this new sample, ?'ield-
ir}gg a new set of parameter estimates B2" and
8%M for observations in free-market cities and
B2 and 8% for New York where the super-
script B(1) indicates that these estimates were
obtained in the first round of bootstrapping.
Using these parameter estimates, we apply the
same procedure as before to estimate the frac-
tion of NYC renters that are misallocated,
which yields MS*() the first bootstrapped
estimate of gross misallocation.

Second, we need to estimate the amount of
misallocation that is due to sampling error. To
achieve this, we apply our estimation procedure
to a data set in which the true or underlying
distribution of latent demand is the same in
NYC and in free-market cities so that sampling
error is the only possible source of estimated
misallocation. In this step, we assume that the
true distribution of latent demand is described
by our original parameter estimates for free-
market cities, ﬁ and 8. For the cities without
rent control, we already created in step 1 a
sample that only differs from the original sam-
ple due to sampling error and found correspond-
ing estimates BZ" and V. For New York
City, we randomly draw for each household a 6,
from a normal distribution with mean X’ and
standard deviation exp(X;’d), i.e., we use our
original parameter estimates for cities without
rent control to create a distribution of latent
demand for NYC renters. We then efficiently
allocate the existing New York housing supply
to households based on their draw of 6,—we
order households on 6, and apartments on size
and then match the first household to the first
apartment, the second household to the second
apartment, and so on. We use the resulting
sample to estimate the generalized ordered pro-
bit, yielding parameter estimates B and
&™) where the superscript E(1) indicates that
these estimates were obtained for the first
sample created to correct for sampling error.
We now have two sets of parameter esti-
mates, (B%V, &%) and (BED, FEW),
that both come from samples where apartments
are allocated efficiently and where the distribu-
tion of latent demand only differs from the
“true” overlap (described by B and &) due to
sampling error. Using these two sets of param-
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eter estimates, we apply the same procedure as
before to estimate the fraction of NYC renters
that are misallocated, which yields MEo"®),
the first bootstrapped estimate of the amount of
misallocation we would find due to sampling
error if NYC renters were allocated efficiently.

Third, we repeat the first two steps 25 times.
The standard deviation of the estimates
MEross) 1o MOross(25) yields the standard error
of MGross' The mean of MError(l) to MError(25)
is our estimate for ME™°", Finally, the net es-
timate of misallocation MM (=MCoss— pError)
has a standard error that is found by taking the
standard deviation of (MCoss(D) — pgError(l)y
to (MGross(25) _ MError(ZS)).
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