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Abstract
In this paper, we use a general equilibrium simulation model of the housing market to assess the
potential to reduce the incidence of homelessness of various housing-market policy interventions. A
version of the model developed by Anas and Arnott is extended and adapted to study homelessness and is
calibrated to the four largest metropolitan areas in California. Using data from the Census of Population
and Housing for 1980 and 1990 and the American Housing Survey for various years, we explore several
alternative simulations. First, we calibrate the model for each metropolitan area to observed housing
market and income conditions in 1980 and assess how well the model predicts observed changes in rents
during the decade of the 1980s. Next, using models calibrated to 1990 conditions, we assess the effects
on homelessness of changes in the income distribution similar to those which occurred during the 1980s.
Finally, we explore the welfare consequences and the effects on homelessness of three housing-market
policy interventions: extending housing vouchers to all low-income households, subsidizing all landlords,
and subsidizing those landlords who supply low-income housing. Our results suggest that a very large
fraction of homelessness can be eliminated through increased reliance upon well-known housing subsidy
policies.
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1. Introduction
The specter of homelessness is perhaps the most visible social problem in contemporary
U.S. metropolitan areas. Since the early 1980s, cities throughout the country have experienced
sustained increases in the numbers of visibly homeless and in the numbers of individuals seeking
temporary shelter in public and privately-run facilities. While estimates of the point-prevalence
homeless population vary considerably, the most careful research (Burt 1992, Culhane et al.
1994) suggests that those who are homeless on any night account for one to two-tenths of a
percent of the total population (or roughly 250,000 to 500,000 people). Research on individual
cities, however, indicates that a much larger population experiences a spell of homelessness over
a given year (perhaps one percent of the population, or 2.5 million people), implying a dynamic
homeless population with substantial turnover.
Discussions of the determinants of homelessness often emphasize explanations based on
personal problems and changes in mental health policy at the expense of economic factors. The
most popular explanation of homelessness posits that mental illness, alcohol abuse, drug use, and
changes in their treatment by society are the principal determinants of homelessness (Jencks
1992). The alternative economic explanation argues that increases in housing costs relative to
personal income drive low-income households out of the housing market and into the streets and
shelters (O’Flaherty 1996, Quigley et al. 2001a). Assessing the relative importance of these
distinct hypotheses is vital to designing policy responses to homelessness since the appropriate
response to a problem originating in the housing market may differ considerably from the
response to a problem caused by changes in mental health policy and patterns of drug use.
In this paper, we use an extended version of the simulation model introduced and
developed in a series of papers by Anas and Arnott (1991, 1993a, 1993b, 1993c, 1994, and
1999), hereafter A&A, to assess the effectiveness in reducing the incidence of homelessness of
various policy interventions in the housing market.

The evidence we present is purely

theoretical; yet it can help illuminate the limited empirical evidence on the topic.

Some

statistical evidence suggests that measures of housing costs and availability affect the rate of
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homelessness (Quigley et al. 2001a, Honig and Filer 1993), but the estimated effects of policy
interventions per se are quite ambiguous. Results reported by Cragg and O’Flaherty (1999)
suggest that the provision of homeless shelters may induce more homelessness. Regression
estimates of the effects of housing subsidy policy on homelessness suggest that the availability of
subsidized housing:

has no effect on homelessness (Early 1998); reduces homelessness if

sufficiently targeted (Early and Olsen 2000); or actually increases homelessness (Troutman et al.
1999). None of these empirical findings is based upon a structural model of the housing market.
In contrast, we use a general equilibrium simulation of the housing market to investigate
the sensitivity of homelessness to various changes in income conditions, population, and several
policy interventions. The model describes the workings of a regional housing market in which
dwelling units filter through a quality hierarchy (where quality is defined in discrete categories)
and in which households of various income levels choose among these discrete types. One
option in the stationary equilibrium is for households to opt out of the housing market and spend
their entire incomes on “other goods.” The proportion of households choosing this option
provides an estimate of the incidence of homelessness. Changes in this outcome motivate our
analysis. However, the general housing policies that we simulate have their principal effects
upon those who are not homeless (since only a very small fraction of households are homeless).
With this in mind, we also explore the broader and quantitatively more important implications of
the simulated policies.
We calibrate the A&A model to the four largest metropolitan areas in California. Using
data from the Census of Population and Housing for 1980 and 1990 and various years of the
American Housing Survey, we conduct several simulations. First, we calibrate the model for
each metropolitan area to observed housing market and income conditions in 1980 and assess
how well the model predicts the changes in rents actually observed during the subsequent
decade. We conclude that the model projects housing market conditions reasonably well in these
four housing markets.

We then calibrate the model to 1990 housing market and income

conditions. Following O’Flaherty’s theoretical arguments (1996), we explore the effects on
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homelessness of changes in the income distribution similar to those which actually occurred
during the 1980s and 1990s in these four markets. Finally, we explore the welfare consequences
and the effects on homelessness of three housing market policy interventions: extending housing
vouchers to all low-income households, subsidizing all landlords, and subsidizing those
landlords who supply low-income housing.

2. Homelessness and filtering in urban housing markets
While the homeless undoubtedly suffer from a confluence of personal problems
(including rates of mental illness, substance abuse, and social isolation considerably higher than
those for the general population), whether these problems are the principal causes of
homelessness is a matter of much debate. The increase in homelessness during the 1980s did
loosely coincide with the onset of the crack epidemic and the tail end of the deinstitutionalization of the mentally ill. However, the spread of crack through American inner
cities occurred relatively late in the decade, well after the noticeable increases in street
populations recorded from 1979 to 1982. In addition, the lion’s share of de-institutionalization
occurred prior to 1980, and research indicates that a substantial minority of those deinstitutionalized during the 1980s were re-institutionalized in state prisons (O’Flaherty 1996,
Raphael 2000), reducing the size of the population at risk.
Increased dispersion of the earnings and household income distributions coincided with
the increase in homelessness. Moreover, the theoretical model offered by O’Flaherty (1995)
provides an avenue through which increased earnings inequality can affect the housing market so
as to generate increases in the homeless population. O’Flaherty bases his argument on a model
of urban housing markets where durable dwelling units filter through a quality hierarchy in a
manner similar to that originally posited by Sweeney (1974a, 1974b). In this model, the supply
of housing of a given quality is determined by several factors. First, the existing housing stock
of a given quality level can either be maintained at that quality level or else be allowed to
depreciate to lower quality levels. Thus, units may leak out of any quality category and filter
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down to lower quality levels while units that were previously of higher quality may filter in.
Above a certain quality threshold, new construction will also augment the housing stock. These
new units are built on undeveloped land or on land that is cleared of existing low-quality units.
This filtering of existing units and the recycling of land ties the price of housing of the lowest
quality units to the market conditions in all other points of the quality distribution.
Homelessness in such a model results from the choices of households bidding for housing
of the lowest quality. Assuming homogeneous preferences, the homeless household with the
highest income will be the household that is just indifferent between consuming conventional
housing and paying a market determined positive amount for rent for housing of the lowest
quality on the one hand, and being homeless and paying no rent on the other hand. To be sure,
only the lowest income households (for whom the minimum rent required would represent
disproportionately large proportions of their budgets) will choose homelessness.
Changes in the distribution of income affect the level of homelessness by changing the
price of the lowest quality of housing. An increase in earnings inequality around a stable mean
(corresponding roughly to the course of income during the 1980s in the U.S.) reduces the
demand for middle quality housing and increases the demand for low quality housing.
Moreover, increases in demand for housing of the highest quality will increase the demand for
developable land. Both factors will increase the price of low quality housing, thus implying a
higher cutoff income level, below which homelessness is preferred by some to conventional
housing.
In a companion paper (Quigley et al. 2001a), we assess this economic model of
homelessness empirically by estimating the effects of various indicators of housing costs and
availability on the incidence of homelessness. Using several city-level cross sectional measures
of homelessness and one county-level longitudinal measure, we find strong effects of housing
market indicators such as vacancy rates, median rents, and the ratio of rents to median income on
the incidence of homelessness. The results presented here provide complementary evidence; we
explore the relationship between homelessness and housing markets using a complete theoretical
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model and simulations calibrated to the housing markets of four California metropolitan areas.
Rather than focusing on whether housing market forces generate homelessness, as before, we
assess the extent to which policy interventions in the housing market can lower homelessness
rates. In this section we first describe the A&A model in detail. Next, we present some base
results from calibrating the model to the four California metropolitan areas.
A. The simulation model1
We extend and adapt the stationary version of the A&A model of urban housing markets.
Risk-neutral housing producers determine the supply of rental housing units for each level of
quality k (k = {1,…,4}) so as to equalize returns across housing types. With the exception of
housing of the highest quality (k = 4 in our simulations), the supply of housing at each quality
level is determined by the proportion of the stock of this quality in the previous period that is
maintained plus the proportion that filters down from higher quality levels. Maintenance and
housing costs vary across but not within housing types. In addition conversion costs, as well as
conversion possibilities (which we refer to as the conversion technology), differ between any two
qualities of housing. There is also idiosyncratic dispersion in ownership costs for all housing
types and land. We restrict the conversion technology so that only housing of the highest quality
is newly constructed.2 We further restrict the conversion technology so that housing units do not
“reverse filter” up the quality hierarchy, but either remain at the same quality or filter down to
the next lowest quality level. The lowest quality can be demolished at a cost, clearing the land
for the construction of high quality units. Hence, a change in the market conditions in higher
quality sub-markets may change the price of low quality housing via competition for land.
Households fall into five income classes (h = {1,..,5}) and are heterogeneous with respect
to their tastes for housing. Average incomes in each class, the distribution of households across
1

Here we present a verbal description of the stationary A&A model described in Anas (1999).
In Appendix A, we present a more detailed description of the model and the calibration process.
2
As indicated below, this restriction is inconsequential empirically. For example, it restricts
new construction to units renting for at least $850 to $900 per month in San Francisco, Los
Angeles, and San Diego, and at least $650 in Sacramento.
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income groups, and the total population are exogenous to the model. In addition, for each
household there is an exogenously determined reservation utility at which they are indifferent
between consuming rental housing and homelessness. This latter feature provides an exit option
that can be interpreted as homelessness (or “doubling up”) in response to high housing prices.
The model assumes a specific form of the household utility function with idiosyncratic
preferences, yielding a multinomial logit specification of household choice probabilities over the
housing types (k = {1, 2, 3, 4}) and homelessness (k=0).
At stationary equilibrium in this model, housing stocks, the stock of vacant land, rents,
and asset prices are constant from one period to the next. In this equilibrium, housing is filtering
across quality levels, low-quality housing is being demolished, and high-quality housing is being
constructed, all at constant rates. Four sets of market clearing equations must be satisfied. First,
demand must equal supply in each of the housing quality sub-markets. Second, suppliers must
earn normal profits in each housing sub-market. That is, for each housing type and for vacant
land as well, the price of the asset must equalize the expected rate of return and the real interest
rate. The third and fourth conditions are accounting identities. The stock of housing of a given
type must equal the sum of those units that are newly constructed, those that filter in, that filter
out, and those maintained from the previous period.

Finally, the sum of developed and

undeveloped land equals the fixed quantity available in the metropolitan area. These identities
impose some restrictions on the values of the equilibrium conversion probabilities.

These

properties of the model are described more precisely in Appendix A.
B. Calibration of the model and some diagnostic tests
Calibrating the model requires specification of the housing market conditions (rents, asset
values, and stocks), populations, income levels, conversion and maintenance costs, and the real
interest rate. In addition, we must assume values for the price elasticity of housing demand, and
the price elasticity of short run stock adjustments. We must also specify housing unit conversion
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possibilities.3 The model uses this information to calibrate the unobserved parameters of the
structural equations so that these initial observed values represent a stationary equilibrium.
“Calibration” is achieved when the structural equations of the model, combined with observed
exogenous conditions, reproduce the initial market conditions (rents, stocks, and asset values).
The calibrated model can then be used to simulate the effects of changes in any of the exogenous
variables.
An important set of intermediate equations produced in the calibration process are those
that calculate the probability that a household of income class h chooses housing of quality type
k. When k is equal to zero, this measures the probability that the household opts out of the
housing market.

Given fixed population sizes, this probability provides an estimate of

homelessness in the housing market. Changes in this probability arising from changes in any of
the exogenous variables are estimates of the effect of those changes on the size of the homeless
population. This variable, the homeless rate, is a key outcome analyzed in the policy simulations
presented below.
We calibrate the model for four California metropolitan statistical areas (MSAs) – San
Francisco, Los Angeles, San Diego and Sacramento – using data from the 1989 and 1991
American Housing Surveys (AHS) and the 1990 Census of Population and Housing. Again, the
model includes five household types (quintiles of the metropolitan income distribution for
renters) and five housing types (land and the stock of rental housing segmented by rent quartile).
We assume that renters in the lowest quintile never live in housing of the highest quality.4 All
other renters may occupy any type of housing. We do not include owner-occupied housing in
the analysis. We thus assume that there is no interaction between rental and owner-occupied
markets. Most owner-occupied housing is composed of single dwellings which are far less likely
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A complete list of variables and parameters is provided in Appendix A.
Empirically, this is an inconsequential assumption. In these specific markets, the assumption
implies that low-income renters never choose to spend more than approximately twice their
annual incomes on housing.
4
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to be in the rental stock. In addition, home-ownership is an unlikely option for renters at the
bottom of the income distribution, the population that is of particular interest here.
As discussed above, we restrict conversion technologies so that only housing of the
highest quality is newly constructed. We estimate construction costs of high quality housing by
capitalizing the equilibrium rent (calculated as the average annual rent observed for housing in
this quartile in each market divided by the normal rate of return). Only the lowest quality of
housing is demolished, and filtering is restricted to one level per period. We assume that
maintaining a housing unit at the current quality level requires expenditures of one percent of
market value plus the cost of utilities.5 A unit depreciates to the next lowest housing type if it is
not profitable for the landlord to incur these maintenance costs. We assume that demolition costs
of low quality units are equal to twenty percent of construction costs. Finally, we assume that all
rental units have the same structural density.
Since each rental group equals one quarter of the rental population, the demolition rate
must equal the filtering rate for all states in equilibrium. We compute the demolition rates by
estimating the dwellings lost between adjoining American Housing Surveys (AHS) conducted
biannually for each MSA. The construction rate is assumed to be half that of demolition. In the
initial calibrated equilibrium, the number of units transitioning from one state to the next will be
the same for all transitions including construction, filtering and demolition. The assumption that
the construction rate is half that of demolition and filtering implies that there are twice as many
units of land vacant to be built upon as there are in any one housing type. Since there are four
types of housing and one type of land, one third of the metropolitan land area will be vacant in
equilibrium.6 We assume that the price elasticities of demand and short run stock adjustment are
5

This is the widely used one-in-a-hundred rule (see Kain and Quigley, 1975, for an early
discussion).
6
In exercising the model, sufficient land is needed to avoid knife-edge solutions. If there is
insufficient land, the price of land can rise drastically, affecting the outcome. The amount of
land and the construction rate were set so that (1) the rental price of land was always less than
the rent of the lowest-quality housing and (2) the rent for the lowest-quality housing was
consistent with historical (census) data.
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-0.67 and 0.50 for all cities, housing types, household types, and time periods (see Hanushek and
Quigley 1980, for empirical evidence).
The choice probabilities for each household type are computed from the proportions
reported in the 1989 and 1991 AHS for each metropolitan area. In addition, we use the AHS to
compute conversion rates, mean rents for each quartile, mean incomes for each income quintile,
mean rents of newly constructed units and utility costs by quartile. The number of rental
households in each MSA comes from the 1990 Census. We estimate the homeless population for
each MSA from several sources. This estimate is discussed in Appendix B.
Table 1 summarizes the conditions for the calibration for San Francisco for 1990. The
table reports the joint frequency of income quintiles and housing quartiles, their numbers, annual
rents, maintenance costs, demolition rates, and the costs of new construction. All these data
come from the AHS and the Census. The table also reports demolition costs, homeless rates, and
vacant land. Figure 1 indicates how the underlying distribution of renter incomes and housing
quality was partitioned into the discrete categories reported in Table 1. Table 2 summarizes the
analogous conditions for the calibration of the model for the Los Angeles, San Diego, and
Sacramento housing markets for 1990.
While our principal results rely on models calibrated to the metropolitan housing markets
in 1990, we also calibrated the model to 1980 using data from the 1979 and 1981 AHS and the
1980 Census. The methodology in calibrating the model to 1980 is identical to that used for
1990.7 We use these supplemental calibrations to predict rents for each metropolitan area in
1990. That is, we use the 1990 values of populations and incomes to estimate rents for each type
of housing using the 1980 calibrations. This simple test illustrates the extent to which the
simulation model “tracks” the outcomes of the housing markets in the four metropolitan areas.
Figure 2 summarizes the results of this exercise. The figure plots the percent change in rents
observed between 1980 and 1990 against the percent change predicted by the model calibrated to
7

In all cases, the models were calibrated so that the rent measures computed by the models
were within 0.2 percent of the rents reported in the relevant census publications.
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1980 using incomes and populations for 1990. Each data point represents the changes within one
quartile within one of the four metropolitan areas (hence, there are 16 observations). As can be
seen, the model performs well in terms of predicting relative changes in rents. A regression of
actual changes on predicted changes yields a slope of 0.876 and is highly significant.8
We also use the 1990 calibrations to simulate changes in homelessness caused by
changes in the income distribution. This exercise illustrates the way in which external changes
in labor market conditions affect competition in the housing market to cause some households to
prefer homelessness. We perform three simulations using the 1990 calibrations for each MSA.
First, we decrease the average income of households in the lowest quintile of the renter
distribution by twenty percent. Second, we increase the average incomes of households in the
top quintile by twenty percent. Finally, we redistribute twenty percent of the population in the
third (middle) quintile equally into the bottom and top income quintiles. This latter simulation
simply “eliminates the middle class.”
Table 3 presents the results of these simulations.

As should be expected, in each

metropolitan housing market decreasing the incomes of the lowest quintile causes a sizable
increase in the homeless population, while increasing the incomes of the highest quintile has
essentially no effect on homelessness.

Note, however, that a reduction in middle-income

households leads to a substantial increase in homelessness in all simulations. This arises in part
because the price of low-quality housing increases, as predicted by O’Flaherty (1995, 1996).
C. The policy simulations
We simulate the effects on homelessness, rents, profits, and consumer well being of three
housing market policy interventions. First, we simulate the effects of rent subsidies for lowincome households. We calculate the subsidy as the difference between the rent of the lowest-

8

While the model under-predicts actual changes in rents (as is evident by the positive intercept
in the regression) changes in relative rents are predicted with a higher degree of accuracy. Of
course, a great many things happened in these housing markets during the 1980s that are ignored
in these simulations.
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quality housing and thirty percent of the income of low-income residents (for those low-income
residents who choose to be housed). This policy is similar to the current voucher program
offered to a limited number of low-income households under Section 8 of the Housing Act of
1974.9 Of course, the subsidy affects the equilibrium rents as well as the fraction of the lowincome population choosing homelessness.

Thus, the aggregate amount of the subsidy is

computed jointly with the other outcomes in the housing market. The general equilibrium model
of the housing market is used to make these computations.
The second policy intervention provides a general maintenance subsidy to all landlords
regardless of the quality of the unit supplied. The level of the subsidy is chosen so that the total
budgetary cost of this program in each of the four markets is equal to the cost incurred under the
rent subsidy program. Landlord subsidies are modeled by decreasing the landlord contribution to
maintenance costs by the amount of the common subsidy for all housing types. The subsidy is
equally distributed to the suppliers of each unit within each market.
The third policy targets the maintenance subsidy to those landlords that supply lowincome housing. This policy is similar to the second, but the policy decreases maintenance costs
for the lowest quality units only. With the exception of Sacramento, the subsidy is large enough
to offset completely landlord maintenance costs, thus resulting in a positive gross subsidy to
landlords.
For all simulations, we assume that programs are funded with resources from outside of
the metropolitan area. Hence, we ignore the issue of the incidence of the taxes needed to
generate funding for the programs. For all programs, we simulate the change in homelessness,
the changes in rents for housing of all types, and changes in transition rates. In addition, we
compute the compensating variation for each policy for households of all types and for landlords.
Since the model assumes that landlords are risk neutral, changes in profits identify changes in the
9

Under current tenant-based subsidy programs, participating households receive a voucher
representing the difference between “fair market rents” (administratively calculated for each
housing market) and thirty percent of income. Low-income households must live in dwellings
that meet minimum quality standards to participate in the program.
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well being of landlords.
The program costs for each policy are $329M for San Francisco, $1,170M for Los
Angeles, $195M for San Diego, and $64M for Sacramento. These costs depend upon the
incomes of the poor (i.e., those in the lowest quintile of the income distribution), their propensity
to choose housing over homelessness, and the rents of low-income housing (i.e., units in the
lowest quartile of the rent distribution). Rents of course depend on the general equilibrium
effects of the subsidy. Program costs per household are lowest in Sacramento ($280 per renter
household) and highest in Los Angeles ($519 per renter household).

3. Results of the policy simulations
A. Changes in Rents and Homelessness
Table 4 presents the effects of these three policy interventions on the distribution of rents,
the demolition rates of low-rent housing, and on homelessness. Panel A present the results from
providing rent subsidies to all poor households equal to the difference between rents and thirty
percent of mean household income for this group. The size of the annual subsidy to poor
households is $1,719 in San Francisco, $2,641 in Los Angeles, $2,506 in San Diego, and $1,456
in Sacramento.
As expected from a program subsidizing the demand side of the market, annual rents
increase for all quality levels. These increases, however, are quite small. All are below $70 a
year and constitute less than one percent of base rents. These demand-side subsidies also reduce
the demolition rate in all four cities (the reduction ranging from 0.01 percentage points in
Sacramento to 0.08 percentage points in San Francisco). Again, the proportional reduction is
small, ranging from six-tenths of a percent to one and a half percent of the starting demolition
rates. There are large effects of rent subsidies on the projected homeless population. In each
metropolitan area, extending rent subsidies to all low income households reduces the homeless
population by at least 25 percent (San Francisco) and by as much as 33 percent (Los Angeles).
Moreover, this large decrease in homelessness is achieved with relatively small increases in
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rents.
Panel B presents the comparable simulation results for the general landlord maintenance
subsidies. Recall that the subsidies per unit are set so that the total cost of the program is equal
to the total cost of the program providing rent subsidies to all low-income households. This
yields annual subsidies to landlords equal to $330 per dwelling unit in San Francisco, $522 in
Los Angeles, $483 in San Diego and $284 in Sacramento. The general maintenance subsidies
cause substantial declines in equilibrium rents, on the order of 3 to 5 percent for high-rent units
and 9 to 12 percent for low-rent units. The general maintenance subsidies yield small decreases
in the demolition rates for low-rent housing, similar in magnitude to the changes in demolition
rates caused by the rent subsidies. The declines in homelessness caused by the program are
much smaller than the declines caused by the rent subsidy. These changes range from 6 percent
in San Francisco to 8 percent in Los Angeles.
Finally, panel C presents the results from the simulations that provide maintenance
subsidies to the suppliers of low-rent units only. Again, the subsidies are calculated so that the
total cost of the program equals the total costs of the rent-subsidy program. This yields targeted
subsidies equal to $1,242 per unit annually in San Francisco, $1,792 in Los Angeles, $1,665 in
San Diego, and $1,012 in Sacramento. By comparison, the maintenance costs are $1,153 in San
Francisco, $1,284 in Los Angeles, $1,032 in San Diego, and $1,219 in Sacramento. These
subsidies are equal to roughly 55 to 72 percent of the market rents for low-rent units.
The most notable affects of the targeted subsidies are the large declines in the rents and
demolition rates of low-rent units. For all four metropolitan areas, nearly all of the maintenance
subsidy is passed through into a rent decrease for low rent units (roughly 93 to 97 percent of the
subsidy). The targeted subsidy also induces rent decreases for units in the other three quality
levels. These latter declines are small, however, ranging from one to two percent of base rents.
Unlike the other two policies, demolition rates decline considerably. These declines range from
11 percent in San Francisco to 16 percent in San Diego.

In common with the general

maintenance subsidy, the declines in homelessness caused by the targeted subsidies are

14

moderate, ranging from 11 percent in Sacramento to 12 percent in Los Angeles.
In summary, all three of these housing policies reduce homelessness, but to varying
degrees. The largest decrease in homelessness comes from demand-side rent subsidies, ranging
from 25 to 33 percent. The supply side programs (costing the same amount) also decrease
homelessness, but by roughly one third the size of the decrease caused by the rent subsidies. The
targeted maintenance program is most effective, however, in extending the useful life of the lowquality housing stock. This program causes decreases in demolition ranging from 11 to 16
percent, while the decreases caused by the general maintenance and the rent subsidies programs
are equal to a fraction of these declines.10
B. The welfare effects of the three policy alternatives
Table 5 presents estimates of the changes in well-being caused by the three policy
interventions. Calculations are provided indicating the benefits to low-income households, to all
other households, to the providers of low-rent units, and to the providers of all other units. For
low-income households and for all other households, the figures in the table are the within-group
sum (in millions of dollars) of compensating variations associated with each program. For
housing suppliers, the figures provided are the changes in profits caused by the program. For
risk-neutral landlords, these changes in profits measure the change in landlord well being. For
each panel, the bottom row indicates the total program benefits.11
For all four metropolitan areas, the total benefits to consumers and landlords are largest
from the rent subsidy program, followed by the general maintenance subsidy, and then by the

10

Put another way, the targeted maintenance policy increases the useful life of the low-quality
housing stock by 15 percent (from 18.6 years to 22.1 years) in San Francisco while the other
policies increase the life of the low-quality stock by only 0.1 or 0.2 years. In Los Angeles, the
targeted maintenance policy also increases the life span of low-income housing by 15 percent
(from 30.3 to 35.9 years) while the other policies increase the life span by 0.1 or 0.2 years. The
increases in the effective life of low-income housing associated with the targeted maintenance
program are 18 percent in San Diego and 14 percent in Sacramento.
11
Here we abstract from the costs of the program. We simply assume that the program is
financed with resources from outside of the metropolitan area.
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targeted maintenance subsidy. The differences in total benefits across programs are not small.
The distribution of the benefits also varies considerably among policies. For the rent subsidy
policy, nearly all of the benefits accrue to low-income renters. There are small benefits for
housing suppliers and moderate losses to all other renters for whom prices are higher. In
contrast, the general maintenance subsidy benefits all renters and hurts all suppliers of housing.
Finally, the targeted maintenance subsidy again benefits all renters, provides slight benefits to
the suppliers of low-rent housing, and imposes real costs on the suppliers of all other housing.12

4. Conclusion
The results from this general equilibrium simulation of the housing markets in four
California metropolitan areas suggest that the size of the homeless population is quite sensitive to
changes in the income distribution and concurrent changes in housing costs. The results suggest
that housing market interventions that either reduce rents for low-rent housing or increase the
incomes of low-income households can have substantial effects on the size of the homeless
populations. Our results suggest that, in equilibrium, a universal Section 8 renter subsidy
program would reduce homelessness in California housing markets by one quarter to one third.
These findings are consistent with empirical research which indicates that homelessness is
positively associated with measures of housing costs and negatively associated with measures of
housing availability, such as vacancy rates.13 The simulation models, however, define more
explicitly the links between changes in housing and labor markets and the size of the homeless
population.
12

It should be noted that the welfare effects reported in Table 5 are obtained by comparing two
equilibria in the housing market, equilibria which may take some time to achieve in response to
subsidy policy. A more accurate welfare analysis would include the effects of these policies
along the dynamic path from the initial equilibrium to the equilibrium changed by the subsidy
policy. These calculations are well beyond the spirit of the general equilibrium analysis reported
here.
13
In particular, these results are consistent with our econometric evidence that modest changes
in housing market conditions (rent-to-income ratios, etc.) can reduce homelessness by a quarter
or more. See Quigley et al. 2001a.
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The results from the policy simulations indicate that for the four metropolitan areas
studied, demand-side subsidies cause larger welfare increases and larger declines in
homelessness than do supply-side subsidies. These simulations hold the total cost of each
program constant, and this means that the demand-side programs yield the biggest “bang per
buck”. They are also more effective in reducing homelessness.
We conclude that a substantial fraction of the problem of homelessness can be addressed
by policies designed to improve the housing conditions of low-income households. These results
reinforce the view that, to a substantial extent, the homeless are rational actors with low incomes
who are as responsive to economic incentives as are other citizens. Well-known housing policies
can substantially reduce the incidence of homelessness.
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Figure 1
Income and Housing Quality Distributions in San Francisco
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Figure 2
Percent Changes in Actual Rent for Each Housing Type Versus Simulated Changes for
Four California Metropolitan Areas, 1980 to 1990
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Table 1
Initial Conditions of Simulation Model for San Francisco: Households and Dwellings, 1990
A. Annual Costs

Homeless

Housing Type: Quartile
0

1

2

3

4

Rents

0

$3,489

$6,259

$8,102

$10,946

Maintenance Cost

0

1,153

1,810

2,284

3,125

B. Numbers of Households and Dwellings
Household Type
Income
Quintile
1

Mean
Income
$5,999

14,994

96,762

43,381

42,233

0

202,470a

2

14,362

806

61,716

53,458

54,328

32,162

202,470a

3

23,764

242

41,397

64,713

55,196

40,921

202,470a

4

33,562

64

22,438

48,615

75,259

56,094

202,470a

5

61,667

16

11,425

29,248

61,696

100,084

202,470a

233,738

244,415

288,812

229,262

1,012,350a

Total

-

Cost of New Construction
Cost of Demolition
Rate of Demolition
Total Land
Vacant Land

Total

16,123b

$220,971
$ 34,184c
5.2%
1,482,700d
486,473d

Source: All data are from the 1989-1991 American Housing Survey (AHS) for San Francisco with the
following exceptions.
a.
Data from the 1990 U.S. Census of Population and Housing.
b.
Data from special surveys reported in Appendix B.
c.
Demolition costs are assumed to be twenty percent of the cost of new construction.
d.
Total and vacant land were determined endogenously so that the model was consistent with rents
of the lowest quintile for San Francisco.
Note: 1989 and 1991 AHS data on rents and income were averaged using the U.S. consumer price index.
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Table 2
Summary of Initial Conditions of Simulation Models for Los Angeles. San Diego, and
Sacramento, 1990
A. Income and Annual Rents
Household or Housing
Type
Income by Quintile
1
2
3
4
5
Rents by Quartile
1
2
3
4

Los Angeles

San Diego

Sacramento

$5,425
13.547
22,585
33,063
64,409

$7,219
13,819
21,886
31,214
56,126

$5,874
11,819
19,910
28,538
51,563

4,262
6,415
7,927
10,456

4,666
6,238
7,477
10,145

3,216
4,944
5,970
7,745

2,255,720a

409,825a

228,342a

13,386b

6,598b

2,256b

3.3%

1.7%

1.5%

B. Other Variables
Total Population
Number of Homeless
Demolition Rate
Maintenance Cost by
Quartile
1
2
3
4

$1,284
1,753
1,868
2,747

$1,032
1,538
2,009
2,788

$1,219
1,566
1,901
2,474

Total Land

3,329,000c

592,500c

347,000c

Vacant Land

1,086,666c

189,273c

120,914c

Source: All data are from the 1989-1991 American Housing Survey (AHS) for each MSA with the
following exceptions.
a. Data from the 1990 US Census of Population and Housing.
b. Data from special surveys reported in Appendix B.
c. Total and vacant land were determined endogenously so that the model was consistent with rents of
the lowest quintile for each MSA.
Note: 1989 and 1991 AHS data on rents and income were averaged using the nation consumer price
index to adjust for inflation.
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Table 3
Simulated Percentage Changes in Homelessness Caused by Various Changes in the
Income Distribution (Models Calibrated to 1990)
Percent change in homelessness caused by:
Housing Market

Twenty percent
decrease in the income
of the bottom quintile
of the income
distribution

Twenty percent
increase in the income
of the top quintile of
the income distribution

San Francisco

19%

-1%

Redistributing twenty
percent of households
equally from the
middle quintile to the
bottom and top
quintiles
6%

Los Angeles

22

0

6

San Diego

15

-1

6

Sacramento

29

0

9
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Table 4
Changes in Annual Rents, Demolition Rates, and Homelessness Caused by the Alternative
Policy Interventions
A. Rent Subsidies

San Francisco

Los Angeles

_$_

%

_$_

%

Low-Rent Units

29

+0.8

6

Medium/Low-Quality Units

44

+0.7

Medium/High-Quality Units

57

High-Quality Units

San Diego

Sacramento

%

_$_

%

+0.2

6 +0.1

2

+0.1

12

+0.2

12 +0.2

4

+0.1

+0.7

16

+0.2

18 +0.2

6

+0.1

62

+0.6

18

+0.2

21 +0.2

7

+0.1

-0.08

-1.5

-0.02

-0.6

-0.03

-1.5

-0.01

-0.7

-4,121

-25

-4,396

-33

-2,123

-32

-610

-27

_$_

%

_$_

%

_$_

%

_$_

%

Low-Quality Units

-323

-9.3

-520 -12.2

-481 -10.3

-284

-8.8

Medium/Low-Quality Units

-320

-5.1

-519

-8.2

-480

-7.7

-283

-5.7

Medium/High-Quality Units

-317

-3.7

-518

-6.4

-478

-6.3

-283

-4.8

High-Quality Units

-316

-2.9

-517

-5.0

-478

-4.7

-283

-3.6

-0.00

-0.03

-0.01 -0.04

-0.00

-0.2

-912

-5.7

-1,084

-8.1

-506

-7.7

-143

-6.4

_$_

%

_$_

%

_$_

%

_$_

%

-1,148

-33.0

-1,626 -35.0

-988

-31.0

Medium/Low-Quality Units

-45

-0.7

-29

-0.5

-33

-0.1

-0.3

-1.0

Medium/High-Quality Units

-92

-1.1

-85

-1.1

-30

-0.4

-16

-0.3

High-Quality Units

-95

-0.9

-108

-1.0

-40

-0.4

-21

-0.3

-0.59

-10.9

-0.27 -15.8

-0.18

-12.2

-1,838

-11

-818

-244

-11

Change in Rents

Change in Demolition Rate of
Low-Quality Units
Change in Homeless Population

_$_

B. General Landlord Maintenance Subsidies
Change in Rents

Change in Demolition Rate of
Low-Rent Units
Change in Homeless Population

-0.00 -0.01

C. Targeted Landlord Maintenance Subsidies
Change in Rents
Low-Quality Units

Change in Demolition Rate of
Low-Rent Units
Change in Homeless Population

-1,697 -40.0

-0.51 -15.6
-1,561

-12

-12

Table 5
Effects of Housing Policies on Welfare and Homelessness
San Francisco
Rent
Subsidies

General
Landlord
Subsidy

A. Welfare Effects (millions of dollars)
Program
$329
$329
Costs
Consumer
Benefits
Low-Income
318
60
All Other
-41
257
Landlord
Benefits
-2
Low-Rent
21
-7
All Other
57
Net Benefits

$355

B. Effects on Homelessness
Change in
Homeless
-4,121
Population
Percent
Change
-25.0

Los Angeles
Targeted
Landlord
Subsidy

Rent
Subsidies

General
Landlord
Subsidy

San Diego
Targeted
Landlord
Subsidy

Rent
Subsidies

General
Landlord
Subsidy

Sacramento
Targeted
Landlord
Subsidy

Rent
Subsidies

General
Landlord
Subsidy

Targeted
Landlord
Subsidy

$329

$1,170

$1,170

$1,170

$195

$195

$195

$64

$64

$64

125
221

1,160
-25

228
935

338
813

192
-5

37
157

62
122

64
-0.9

12
52

22
39

129
-375

18
48

-19
-58

588
-1,263

7
15

-2
-8

85
-197

2
3

-1
-3

66
-69

$309

$101

$1,202

$1,086

$476

$208

$183

$71

$67

$60

$26

-932

-1,838

-4,396

-1,084

-1,561

-2,123

-506

-818

-610

-143

-244

-5.7

-11.0

-33.0

-8.1

-12.0

-32.0

-7.7

-12.0

-27.0

-6.4

-11.0
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Appendix A
The simulations we report are adapted from the general equilibrium model of the housing
market developed by Alex Anas and Richard Arnott. Here we present a terse description of the
model which indicates its general structure and it limitations. A more detailed presentation of
the model can be found elsewhere. (Anas, 1999, is a lucid and parsimonious presentation.)
The simulation solves for the static equilibrium conditions associated with an urban
housing market. The housing stock (the rental housing market in our application) filters among
discrete housing types along a hierarchy of housing quality, similar to the filtering model of
Sweeney (1974a and 1974b). An exogenously determined fixed amount of common land is
shared among k = {1, …, K} housing types (four types of rental housing in our application) with
the remainder reserved as vacant land.

The housing types differ by construction costs,

maintenance costs, demolition costs, conversion possibilities and structural density, i.e., the
number of units of land needed to construct one unit of the housing type. (In our application, we
assume that all rental units are of the same density.) The model avoids knife-edge solutions by
including idiosyncratic uncertainty in costs. Risk-neutral, competitive investors own all rental
units. They earn normal returns and invest with perfect foresight. Only normal vacancies occur,
since landlords with perfect foresight will build or maintain profitable rental units.
The model also incorporates consumer taste heterogeneity in each of the h = {1, …, H}
household types. (In our application, there are five household types, quintiles of the distribution
of renters’ incomes.) Households have distinct, exogenously determined incomes, populations,
and outside utility (“reservation utility”) levels. The model assumes an open economy, allowing
households to opt out of the rental market completely. As we shall see, this feature can be
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interpreted as choosing to be homeless. Households are myopic, but this is inconsequential since
there are no moving costs in the model.
For a given set of initial conditions, the size of the stock, its rent and its asset price are all
determined simultaneously for each type of housing. The stationary equilibrium is that state in
which the stock, rents and asset prices reproduce the existing distribution of households and
dwellings.
The solution is approached iteratively, using the Gauss-Newton method. Consumers
receive income and pay rent at the start of each iteration of the model; construction and
conversions occur in response.

In equilibrium, four market clearing conditions (described

below) must be met. Based upon initial conditions for the rent, asset price and stock of each
housing type, the model solves for an initial state. This permits the parameters of intermediate
equations defining consumers’ choice probabilities and investors’ conversion possibilities to be
calibrated.

The economic parameters of the model—the marginal utility of income, taste

premiums, non-financial costs to investors, and the dispersion parameter of idiosyncratic costs of
owners—are then calibrated so that the model reproduces the observed rents, asset values, and
housing stock as an equilibrium. So calibrated, the model can be used for simulations by
changing the exogenous parameters.
The exogenous variables in the model include
Yh = income of a consumer of type h.
Ehk = maintenance expenditure on a type k housing unit by a type h occupant.
nh = number of type h consumers.
R0 = unit rent on land.
Ckk' = cost of converting a type k unit to a type k' unit.
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When k = k', then Ckk' is the maintenance cost.
When k' = 0 and k > 0, then Ckk' is the demolition cost.
When k = 0 and k' > 0, then Ckk' is the construction cost.
mkk' = units of k needed to create one unit of type k'. (This is assumed to be 1 everywhere in
our application, simplifying subsequent notation.)
L = total quantity of land (vacant plus occupied by housing).
r = interest rate.
δ = 1/(1+r) = one-period discount factor.
Consumers have utility functions of the form
é
ù
Wh = (1/αh) log êexp (U oh ) + Σ exp [α h (Yh - E hj - R j ) + D jh ] ú
j
ë
û

(1)
where

αh = marginal utility of income of a type h consumer,
Uoh = utility of the outside alternative for a type h consumer, and
Dkh = constant subutility representing the taste premium which a type h consumer assigns to
a type k housing unit (k > 0).
The form of the utility function insures that the consumers’ choice probabilities across
housing types (k = 1, …, K) and homelessness (k = 0) are of the form
(2)

Phk =

exp [α h (Yh − E hk − Rk ) + Dhk ]
for k = 1,… K
exp [U 0 h ] + Σ exp α h (Yh − E hj − R j ) + D jh
j

[

]

and
(3)

Ph0 =

exp [U 0 h ]
exp [U 0 h ] + Σj exp α h (Yh − Ehj − R j ) + D jh

[

]

for k = 0.
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A landlord supplies housing of any type to maximize her utility derived from discounted net
profits, a non-financial cost common to those supplying each housing type, and a landlordspecific random idiosyncratic cost. Assumptions are made about the form of the idiosyncratic
cost1 so that the probability of conversion from type k to type k', Qkk', is
(4)

Qkk' =

exp [δφ h (Vk ′ − C kk ′ ) + κ kk ′ ]
å exp [δφ k (Vs − C ks ) + κ ks ]

for each k' and k.

s

In expression (3)

φ h = dispersion parameter of idiosyncratic non-financial costs of owners of type k
housing,

кkk' = non-financial cost (disutility) of converting housing of type k to k' ,
Vk = asset price of housing of type k.
The left hand side (LHS) variables in equations (2) and (3) can be obtained from market
data. In equation (2), the LHS is the observed proportion of households of type h living in
housing of type k. In equation (3), the LHS is the fraction of housing of type k converted to type
k' during a given time interval. In addition to equations (2), (3), and (4), market clearing
equations must be satisfied using these parameters in the model. First, the number of households
living in each housing type (i.e., the population of each household type, nh, times the fraction of
that household type residing in each housing type Phk) must equal the total stock of that type (Sk)
available for occupancy.
(5)

H

å (n
h =1

h

Phk ) = S k , for each of K types of housing.

For each type of housing, equilibrium rent (Rk) is a function of the asset price (Vk), the
1

The specifics are discussed and derived in Anas and Arnott, 1991. See specifically equation (2)
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dispersion parameter of idiosyncratic costs of landlords ( φ ), the discount factor (δ), conversion
costs (C), the set of housing units to which a type k housing unit can be converted (A) and the
non-financial costs of conversion (к).
(6)

ìk
ü
Vk − 1 log íå Ak , s exp [δ φ k (Vs − C k , s ) + κ k ,s ]ý = Rk .
φk
î s =0
þ

The third market clearing condition is merely an accounting relationship, linking the
stock of housing of each type (Sk), investors’ conversion probabilities (Q), and the set of housing
units that can be converted to a type k housing unit (B).
(7)

K

å (B
k =0

kj

S j Q jk ) = S k .

Finally, an accounting for land usage requires that the total land (L) supply be equal to
the sum of vacant land of the stock of each housing type.
(8)

K

å (S
k =0

k

) = L.

Expressions (2) through (8) must hold in equilibrium.

In our application, these

expressions imply 20, 5, 25, 5, 5, 5, and 1 separate equations, respectively: 66 equations in 66
unknowns. The solution includes K market clearing rents, K+1 asset prices (one for each
housing type plus land) and K+1 stocks, or a total of 3K+2 economic variables. Our application
with four housing types solves for equilibrium values of 14 economic variables.

and the associated discussion.
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Appendix B: Homelessness Data
Table B1 presents the most reasonable estimates of homelessness in 1990 for the four
housing markets analyzed in the text. These estimates come from U.S. Census Bureau S-Night
counts for 1990 and from Urban Institute estimates produced by Martha Burt (1992). See
Quigley et al., 2001b, for a detailed discussion of the sources and reliability of data reporting the
incidence of homelessness in U.S. metropolitan areas.

Table B1: Homeless Counts and Rates for California Metropolitan Areas, 1990

City
San Francisco
Los Angeles
San Diego
Sacramento

Homeless
Homeless Rate Percent of LowSource
Individuals (per 10,000)
Income Homeless
23,068
80
7.4% Burt
19,153
9,441
3,227

30
81
49

2.8% Burt
7.5% S-Night
4.6% Burt

The number of homeless individuals is partitioned into households by assuming that half
of the individuals are single person households and the other half are grouped into households
according the average household size in California. (See Quigley, et al., 200lb., for a further
discussion).
The model of household choice behavior is probabilistic. Thus, households in all parts of
the income distribution have a nonzero probability of being homeless. Somewhat arbitrarily, we
assigned the homeless to income groups in the following manner: 93 percent of the homeless
were in the lowest income quintile, five percent in the second lowest quintile and 1.5, 0.4, and
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0.1 percent in the third, fourth, and fifth quintiles respectively.* This assignment has no practical
effect upon the estimates.

*

This does mean that a few of the highest-income renters do prefer homelessness to housing—
21 in San Francisco, 14 in Los Angeles, 8 in San Diego, and 2 in Sacramento.

