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Housing vouchers are a common policy for expanding access to homeownership, yet their
effectiveness is called into question due to concerns over subsidies increasing housing prices and
being poorly targeted. I study the equilibrium and distributional effects homeownership vouchers
through the case of Santiago’s DS1 program, which subsidizes 7% of the city’s transactions and is
the largest such program in the OECD. I build an equilibrium model of a housing market with
targeted and rationed homeownership vouchers. The model features endogenous voucher take-up and
supply responses through existing unit sales and new construction. I estimate the model using novel
data on voucher applications and usage, linked to the universe of real estate transactions and new
development surveys. I evaluate the equilibrium impacts of the program relative to a scenario without
the program, finding that it increases homeownership rates while raising prices. New development
plays a significant role in dampening price inflation by increasing the supply of affordable units.
Overall, I estimate that each dollar spent yields 61 cents in surplus. Although half of policy spending
is transferred to beneficiaries, pecuniary externalities harm non-beneficiaries, reducing net consumer
transfers to 25 cents per dollar spent. Counterfactual policies reveal a trade-off between targeting
and price pass-through: policies that reduce price pass-through worsen targeting, as assistance goes

to households more likely to become homeowners without the program.
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1. Introduction

Governments worldwide subsidize homeownership to expand ownership rates; every OECD country

! Yet the effectiveness

does so, with the US spending $243 billion annually in tax deductions alone.
of these policies remains unclear for at least two reasons. First, subsidies may pass through to
prices, reducing assistance value while harming non-beneficiaries (Hilber and Schoni, 2022). Second,
poorly targeted programs work as mere transfers to households who would become homeowners
without assistance (Glaeser and Shapiro, 2003)—a challenge known as additionality in subsidy
design. Policymakers face a trade-off between targeting disadvantaged households and reducing
price pass-through: because preferences for housing and neighborhood attributes correlate with
socioeconomic status, improving targeting concentrates subsidized demand in specific segments,

amplifying price pressures (Bayer et al., 2007).

This paper empirically examines the equilibrium and distributional effects of large-scale
homeownership vouchers, and quantifies the trade-off between targeting and price pass-through in
subsidy design. Two features of housing markets have long hindered understanding these effects.
First, supply responses to vouchers operate through both sales from existing housing stock and new
development. Quantifying supply incidence across housing segments requires data and a framework
to disentangle responses from each channel. Second, housing vouchers are often rationed, with
their targeting resulting from both households’ application decisions and governments’ assignment
rules. Evaluating alternative voucher policies requires understanding not only how subsidies distort
beneficiaries’ choices, but also who takes up assistance and the pecuniary externalities they induce in
the housing market (Akerlof, 1978).

To address these challenges, I build an equilibrium model of a city’s housing market with targeted
and rationed vouchers, featuring endogenous voucher take-up and supply responses through existing
unit sales and new construction. I estimate the model using novel administrative data from Chile’s
DS1 homeownership voucher program—the OECD’s largest and oldest such program—Ilinking voucher
applications and usage to the universe of real estate transactions and new development surveys in
Santiago. The estimated model yields preferences and supply elasticities for housing segments defined
by neighborhood and physical characteristics. Relative to a counterfactual without the program,
DS1 vouchers increase homeownership and new development but also raise housing prices, with an
estimated Marginal Value of Public Funds (MVPF) of 0.61. While half of policy spending transfers
to beneficiaries, pecuniary externalities harm non-beneficiaries, reducing net consumer transfers to 25

cents per dollar spent. Sellers capture 35% of policy spending, with gains concentrated almost entirely

'Despite diverse justifications—externalities, credit market failures, redistribution—their common goal is expanding
homeownership. See Sodini et al. (2023) and the references therein for a review of empirical evidence on homeownership
effects.

OECD countries typically employ multiple subsidy types simultaneously: of 38 members, 23 use vouchers or grants,
33 offer subsidized mortgages, and 31 provide tax benefits (OECD, 2023). The US figure excludes federal mortgage
guarantees ($1.5 trillion annually via FHA, VA, and GSEs) and state/local homeownership programs (Congressional
Budget Office, 2022).



among resale unit owners rather than developers. In counterfactual simulations, I find that alternative
policies that reduce price pass-through come at the cost of worsening targeting as assistance is taken

up by higher-SES and inframarginal households.

Santiago’s DS1 program offers several advantages for studying the equilibrium effects of
homeownership vouchers. Established in 2011, DS1 consolidated all subsidies for private-market
housing purchases into a single, centrally-managed system. The program subsidizes 7% of Santiago’s
transactions through a menu of means-tested vouchers providing discounts on eligible units—those
priced below voucher-specific caps. Eligible households decide whether and which voucher to apply
for, with available vouchers rationed by priority scores. More generous vouchers impose tighter price
caps and are reserved for lower-SES households; these have higher cutoff scores and often require
multiple applications to win. Transparent allocation rules and data on voucher applications enable
tractable modeling of voucher application and allocation. Two major reforms—a new voucher type
in 2013 and increases in generosity and price caps in 2016—shifted both application incentives and
voucher use patterns. These reforms, combined with temporal variation in total vouchers awarded and
their distribution across types, generate variation in the composition and size of subsidized demand as
well as the exposure of housing segments to the policy. I exploit this variation for descriptive analysis

that informs modeling choices and as identifying variation for demand and supply parameters.

I begin by documenting three facts about DS1 and Santiago’s housing market. First, voucher
use concentrates in lower-SES neighborhoods on the city’s periphery and in resale houses, despite
broader unit eligibility. This concentration reflects two factors: beneficiaries tend to purchase in
their origin neighborhoods—half buy within their home county—and demographic sorting patterns.
Large families prioritized by the program purchase small resale houses on the periphery, while
younger, childless recipients buy newly developed apartments in more central locations.” Second,
exploiting spatial and temporal variation in voucher concentration across segments, I show that greater
exposure to subsidized demand correlates with higher housing prices and increased new development.
Finally, voucher design changes—increased generosity and relaxed price caps—affect both recipient
choices and applicant composition. More generous vouchers lead recipients to choose larger houses
in higher-SES neighborhoods while simultaneously attracting higher-SES applicants, changing the
composition of subsidized demand. This evidence, though not causal, suggests that voucher take-up
and its distortionary effects respond to design features, thereby affecting the policy’s impact across

housing segments.

Motivated by these facts, I build a model of housing supply and demand with rationed
homeownership vouchers. The housing market is competitive and segmented, with discrete housing
types—defined by location and physical characteristics (size, apartment/house, new/resale)—traded
each period at equilibrium prices and quantities. Demand comes from both subsidized and

unsubsidized households deciding whether and which housing type to purchase. Household preferences

2In Chile, “comunas” (translated here as counties) are administrative divisions similar to municipalities or boroughs
in the US. Santiago comprises 43 counties, each with its own local governments.
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vary by demographics (income, age, family composition, location) and unobserved components
capturing price sensitivity and homeownership value. Eligible households first decide whether and
which voucher to apply for, weighing purchase delays and choice restrictions against price discounts.
The rationing mechanism and application distribution jointly determine equilibrium cutoff scores that
allocate vouchers. Vouchers distort choices through both price discounts and caps for beneficiaries,

while pecuniary externalities affect non-beneficiaries’ choices.

The supply of each housing type comes from the stock of unit owners deciding whether to
sell. For new housing types, forward-looking, price-taking developers set the stock by optimally
choosing construction quantities each period given heterogeneous construction costs and the value
of a new unit. Once built, new units solve an inventory management problem: deciding whether
to sell at market price or hold for future sale while paying maintenance costs. This creates two
supply margins responsive to subsidized demand. First, inventory owners adjust selling decisions
based on current or anticipated subsidized demand—for instance, responding to changes in total
vouchers awarded over time. Second, developers adjust construction based on types’ exposure to
subsidized demand—responding to permanent shifts such as policy elimination. The stock of resale
housing types consists of owner-occupied units whose owners make myopic decisions between selling
and continuing occupancy, with heterogeneous occupancy values across types. Consequently, resale
supply is static but exhibits heterogeneous price elasticities—family houses may be less elastic than

studio apartments.

In equilibrium, housing market outcomes and voucher allocations are jointly determined.
Housing prices clear the housing market, determining transaction and development quantities for
each type. Voucher cutoff scores clear voucher assignment, determining recipients and wait times
for each voucher. The effects of voucher policies are determined in equilibrium by the interaction of

household preferences and supply elasticities across housing types.

To recover the distribution of preferences for housing types, I jointly estimate the housing and
voucher choice models via Maximum Likelihood. Although vouchers provide variation in housing
prices and choice sets, the fact that subsidized households are selected on preferences precludes the
use of off-the-shelf estimation methods. I build methods combining microdata on observed choices with
macrodata on market shares to estimate discrete choice demand models via MLE (Goolsbee and Petrin,
2004; Grieco et al., 2025), to account for the endogeneity of voucher status exploiting the voucher
application model.” Several sources of policy variation provide identifying variation. Discontinuities
in eligibility and scoring rules generate within-market variation in vouchers available for households
that are orthogonal to their housing preferences, updates to these rules and voucher supply over time
generates variation across markets. As I account for selection into vouchers, voucher status provides
variation in prices and choice sets that identifies price sensitivity parameters (McFadden, 1972). On

top of that, government updates to voucher features are applied to all recipients that have not yet

3In practice, I face an extra identification challenge as my microdata consist of voucher applicants and recipients
making it a selected sample. I account for this in estimation, accounting for both dimensions of selection.
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used their vouchers, providing quasi-experimental variation in the prices and choice sets of voucher

recipients across time.

Estimation of new housing supply proceeds in two-steps. First, I exploit the finite dependence of
the inventory problem to obtain a linear estimating equation relating the differences in the share
of units selling across periods to differences in equilibrium prices and maintenance costs (Hotz
and Miller, 1993; Arcidiacono and Miller, 2011; Scott, 2014). Both the sell shares and prices are
observed from the new development survey and transaction data, however, maintenance costs have
an unobserved component. With the estimated parameters, I can recover the value of a new unit for
each type and market. Second, I estimate development cost parameters using developers’ first-order
conditions and recovered unit values, the unobserved component of development costs captures, for
instance, differences in the difficulty to obtain land and construction permits for different types
of new housing. For resale housing types, the logit structure of owners’ problems permits direct
IV logit estimation. All specifications face endogeneity from correlation between unobserved costs
and equilibrium prices. The DS1 program generates quasi-experimental variation in housing type
exposure: voucher quantities vary over time, while beneficiary locations and price caps concentrate
demand in specific neighborhoods. However, approaches exploiting this variation through treatment
categories, such as shift-share instruments, are invalid due to within-city demand substitution violating
SUTVA (Alves et al., 2023). I construct instruments using the estimated demand model to capture

policy-induced demand changes for each housing type while incorporating substitution effects.

I use the estimated model to evaluate alternative voucher designs’ effects on housing prices and
supply, as well as their distributional consequences across households. In the first set of counterfactuals,
I evaluate the equilibrium effects of the DS1 program by comparing to a baseline without the program.
Overall, the policy increases housing prices by 1.5%, new development by 0.9%, and homeownership
rates by 1.2%, with an MVPF of 0.61. The policy increases ownership rates in beneficiaries by 30% and
transfers around half of the policy cost to beneficiaries. The price inflation is localized in affordable
resale segments, where voucher use concentrates. New development plays a crucial role at dampening
price inflation, reacting to both increases in demand due to voucher use but also capturing demand
from non-beneficiaries substituting away from resale units. However, the policy significantly harms
non-beneficiaries who lose 25 cents in consumer surplus for each dollar of subsidy spent. This is not a
progressive transfer, as the losses are mostly borne by low income households that are unsubsidized.
This might seem puzzling, as only 10% of the population receives vouchers, with the number of poor
households unsubsidized still larger than the subsidized. The reason for the net positive effects on
homeownership rates and consumer surplus is due to the policy allocating vouchers to extramarginal
households that would not have purchased without the program. Harmed low-SES households are

more likely to become homeowners without the program than the ones targeted.

In the second set of counterfactuals, I evaluate alternative budget-balanced policy designs.
First, I simulate an All-High and All-Low policy where the entire DS1 budget is allocated to the

most generous and most restrictive voucher, or to the least generous, least restrictive, and least
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targeted voucher. Allocating everything to the High voucher mechanically improves targeting due
to the means-testing, but concentrates the demand into housing segments below the price cap and
that are preferred by the poorest households. The opposite is true for the All-Low policy, where
targeting is worse but the policy is less concentrated, both by the higher price cap and by being
attractive to a broader range of households. I find that these policies are dominated by the DS1
policy, highlighting the gains from offering a menu of alternatives to screen households. While the
most targeted, the All-High policy has lower impacts on homeownership rates, due to its high price
pass-through so both beneficiaries and non-beneficiaries are less likely to become homeowners relative
to the DS1 policy. The All-Low policy has a lower price pass-through than the DS1 policy, but lower
overall impacts on homeownership rates as it ends up targeting inframarginal households. Notably,
low-income households reduce their application rates relative to the DS1 policy, since the benefit is

insufficient, so richer households end up getting vouchers.

Finally, motivated by the findings on new housing types being more elastic due to the response
of developers, I evaluate a policy that replicates the DS1 voucher menu but only allows new housing
units to be purchased. I find that this policy has lower price pass-through, higher impacts on new
development, and almost negligible effects on the homeownership rates of non-beneficiaries. However,
this comes at the cost of dramatically changing the composition of beneficiaries, with younger, smaller,
and slightly richer households receiving assistance. Interestingly, the losers of the policy are the
poorer, older, and larger households who lost their vouchers relative to the DS1 policy. However, the

non-beneficiaries under the DS1 policy benefit from this policy change.

Contribution. This paper’s main contribution is to the literature studying the design and
equilibrium effects of housing assistance programs; including how program rules affect targeting and
beneficiary outcomes (Van Dijk, 2019; Waldinger, 2021; Cook et al., 2023; Lee et al., 2023), as well as
its impact on the housing market and welfare (Hanson, 2012; Hilber and Turner, 2014; Sommer and
Sullivan, 2018; Diamond et al., 2019; Diamond and McQuade, 2019; Gruber et al., 2021; Bishop et al.,
2023). T focus on the design of large-scale homeownership vouchers, where both voucher take-up and
supply-side responses are endogenous. Most studies on the impact of voucher design changes treat
either recipient composition or supply as fixed (Galiani et al.,; 2015; Chetty et al., 2016; Collinson
and Ganong, 2018; Bergman et al., 2024), limiting their ability to evaluate the consequences of
scaling or redesigning programs (Kline and Walters, 2016; Walters, 2018). Meanwhile, studies on
the equilibrium impacts of assistance on housing markets typically treat both program features and
targeting as exogenous (Susin, 2002; Eriksen and Ross, 2015; Davis et al., 2021; Soltas, 2023). I bridge
these literatures by endogenizing both voucher take-up and supply-side responses, and quantitatively

showing the relevance of both for the design of large-scale homeownership vouchers.

More broadly, this paper contributes to the literature on the equilibrium effects and design of
voucher policies in high-stakes settings such as education (Neilson, 2013; Armona and Cao, 2023;
Sanchez, 2023; Bodéré, 2023) and health (Einav et al., 2019; Finkelstein et al., 2019; Decarolis et al.,

2020; Tebaldi, 2025). In particular, to the strand of the literature quantitatively measuring the
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relevance of tagging for the effectiveness of such programs (Dobbin et al., 2021; Polyakova and Ryan,
2023), which has focused on the costs and benefits of assigning subsidies to certain demographic groups
when firms’ strategic responses are considered. I study tagging effects in a new setting, where the
composition of beneficiaries is endogenous and the cost of targeting certain groups comes from how they
concentrate the subsidy shock across market segments. I show that tagging effects are quantitatively

relevant even with a competitive supply.

Second, this paper contributes to the literature on the determinants of housing supply in
segmented housing markets (Saiz, 2010; Piazzesi and Schneider, 2016; Abramson, 2021; Calder-Wang,
2021; Combes et al., 2021; Baum-Snow and Han, 2024; Almagro and Dominguez-lino, 2024; Mabille
et al., 2024). The main contribution is to provide a unified analysis of both housing flows (transactions)
and stock (new construction), as the literature typically focuses on one or the other. My empirical
results highlight the relevance of both unit characteristics and location when defining housing segments;
I find that the former are more important than the latter for the heterogeneity in supply elasticities
within a city. More broadly, my results highlight the relevance of understanding supply determinants

and heterogeneity when evaluating demand-side housing policies.

Third, I build on the literature estimating housing demand using discrete choice models (Bayer
et al., 2007; Calder-Wang, 2021; Almagro and Dominguez-lino, 2024), and more broadly, on studies
using microdata and exploiting individual-level variation in prices or choice sets to identify demand
parameters (Berry and Pakes, 2007; Bundorf et al., 2012; Neilson, 2013; Bodéré, 2023; Berry and Haile,
2024; Tebaldi, 2025). I provide a simple model-based approach to exploit the identifying variation
induced by subsidies by jointly estimating selection and demand models in a challenging setting.
First, individuals select into subsidies based on preferences, making the variation unexploitable with
standard methods (Nevo, 2001; Petrin, 2002; Berry et al., 2004; Conlon and Gortmaker, 2025; Grieco
et al., 2025). Second, microdata is only available for subsidized households, precluding non-parametric
selection correction methods (Heckman and Robb, 1985; Imbens and Newey, 2009; Agarwal, 2015).
This approach can be useful for evaluating a broad range of assistance programs with endogenous
take-up; for example, Rafkin et al. (2023) document significant selection into US transfer programs
for food (SNAP), healthcare (Medicaid), and cash transfers (TANF).

Finally, my results provide empirical support for the relevance of the trade-offs studied in the
theoretical literature on the design of assistance programs under imperfect information (Nichols and
Zeckhauser, 1982; Akerlof, 1978; Dworczak et al., 2021; Yang et al., 2023; Akbarpour et al., 2024;
Banerjee et al., 2024). While motivated by this literature, I do not aim to characterize the optimal
voucher design and instead evaluate simple, policy-relevant reforms. One of the main reasons for this
choice is the lack of tractable theoretical results for the design of assistance. In particular, direct
revelation mechanisms are not feasible to allocate housing vouchers due to the high dimensionality
of housing preferences, which highlights the need for theoretical results on the implementation of the

optimal mechanisms.

The rest of the paper is organized as follows. Section 2 describes the DS1 program and the
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datasets used in the analysis. Section 3 presents descriptive facts that motivate the model of voucher
application, housing demand and supply presented in Section 4. Section 5 describes the estimation
procedure used to recover the parameters governing supply and demand, and discusses the results.
Section 6 evaluates the equilibrium effects of the DS1 program and Section 7 evaluates alternative

policy designs. Section 8 concludes.

2. Background and Data

This section describes data sources, construction, and key institutional features of the DS1
program. Detailed descriptions of the institutional setting and data construction are provided in

Appendix F and Appendix B.

Chilean Housing Assistance System. Chile has one of the world’s oldest and largest
homeownership assistance systems, becoming the first country to implement homeownership vouchers
in 1977. The policy influenced global homeownership assistance as international development
institutions promoted vouchers as cost-effective alternatives to public housing during the 1990s and
2000s.” As of 2023, Chile ranks second in OECD homeownership assistance spending and leads in
voucher spending as GDP share (OECD, 2023).

“[Chile’s homeownership voucher program features] a clearly defined and sustainable progressive subsidy policy
[for] well-defined target groups; an easily understood and impartial system for beneficiary selection; [and]

increased participation of private sector construction entities.” —Persaud (1991), World Bank

DS1 Voucher Program. I focus on the Integrated Housing Subsidy System (DS1), a nationwide
program offering targeted and rationed vouchers subsidizing downpayments for first-time homebuyers.
Vouchers vary in generosity and restrict beneficiaries to purchasing private-market housing below price
caps, with subsidy amounts contingent on unit price. Means-tested households apply for one preferred

voucher during application calls, with limited vouchers rationed via priority scores.

Empirical Setting. Istudy Santiago’s homeownership market from 2012 to 2018. The Metropolitan
Region (MR) contains 40% of Chile’s population, and Santiago concentrates 97% of regional residents.
DSO01 is the only program providing homeownership assistance for private market purchases in MR,
receiving 38% of the national DSO1 budget.” The Ministry of Housing and Urbanism (MHU)
administers housing assistance independently across regions, tailoring design and budget regionally;
vouchers are restricted to use within their awarding region. Santiago concentrates 94% of MR voucher

usage, making regional voucher allocation almost equivalent to city-level allocation.

“See (World Bank, 1993, 2000; Rojas and Creene, 1995; Ferguson et al., 1996; Rojas, 1999; Gilbert, 2001, 2004) for
detailed history of the Chilean Housing Assistance System and its global influence.

50ther MR housing programs provide assistance for other needs: DS49 provides subsidies for publicly developed units
targeting informal settlement communities; DS19 (introduced 2016) and DS52 (rental assistance) remained small-scale.
In other regions, DS49 also accepts individual applications for private market purchases, substituting for DS01. See
Appendix F for details.



2.1 Data Sources and Sample Definition

Voucher Application and Use. The MHU provided household-level panel data on DS1
applications and use from 2011 to 2022. For each application, I observe household identifiers, voucher
choice, score components, and demographics including income, household composition, age, and county
of residence. For awarded vouchers, I observe purchase decisions and unit characteristics: price, size,
structure type (house or apartment), vintage (new or resale), and county. I track program changes

through legal updates and official MHU announcements.

Real Estate Transactions and Stock. A real estate research firm provided the universe of
transactions and stock data for Santiago from 2012 to 2019. Transactions include price, date, address,
vintage, and buyer and seller names. Stock data include each unit’s address, size, structure type, and

construction year. I match DS1 voucher use to transactions to recover units’ precise location.’

New Development Survey. The firm also provided their new development survey, covering nearly
all developments in the study period. For each development, I observe address, construction dates
(beginning and completion), and sales dates (beginning and sold out). Units within developments are
classified by type based on size, rooms, bathrooms, and features. Biannual surveys report stock of
each unit type until sold out. I match transactions to developments and unit types using address and

unit characteristics.

Household Population and Neighborhoods. I use 2017 Chilean Census tracts as the most
granular neighborhood definition. 1 use 2011, 2013, 2015, and 2017 National Household Survey
(CASEN) editions to obtain household demographics across MR counties and time. Throughout,
I restrict analysis to demographics available in both CASEN and DS1 data.

Predicted DS1 Eligibility and Scores. 1 predict DS1 eligibility and priority scores for each
CASEN household, representing the unsubsidized population. Main DS1 eligibility requirements
and priority score components are observed in CASEN (e.g., income thresholds). For remaining
components, I use Random Forest trained on DS1 applicants accounting for rule changes over
time. Potential selection bias is mitigated because unobserved components are largely functions
of demographics (e.g., ocupation) that are highly correlated with observables (e.g., income, age,
composition, location). The process hinges on institutional details deferred to Appendix B. I treat
predictions for each CASEN household as data.

Sample Definition. I restrict analysis to Santiago housing transactions from 2012 to 2018 and
DS1 regular calls for individual households, comprising 99.3% of MR vouchers. The applicant sample

includes all study period DS1 applicants. The voucher use sample additionally includes pre-period

STransaction data comes from the Conservador de Bienes Raices (CBR), Chile’s real estate registry. While CBR,
records are public, they lack structured format; the firm digitizes records from each Santiago CBR office. Stock data
comes from the Servicio de Impuestos Internos (SII), Chile’s tax authority. I match 99.9% of DS1 voucher uses to unique
transactions using fuzzy matching on price, unit characteristics, transaction dates, and beneficiary names from MHU
winner announcements.



winners who purchased during 2012-2018.” I define household population as CASEN households
residing in the MR, as 99.1% of DS1 applicants live there despite nationwide eligibility.

2.2 The DS1 Homeownership Voucher Menu

This section describes DS1’s key institutional features and policy variation used in the analysis.
I aggregate menu design and application calls into half-years, reflecting the program’s biannual cycle.
All prices are in Unidad de Fomento (UF), Chile’s inflation-indexed currency standard for real estate

and mortgage markets, used to set DS1 voucher rules.®

Generosity and Choice Restrictions. Vouchers provide decreasing discounts on housing
purchases below a price cap. Recipients have 21 months to purchase eligible units. The menu comprises
three voucher types which I label by generosity: High, Medium, and Low.” Figure | shows voucher
generosity, price caps, and distribution of voucher use; Table A.1 provides summary statistics and

Table A.3 details voucher rules over time.

Generosity varies substantially both across and within voucher types. As of 2017, High vouchers
subsidize 50%-100% of unit price, Medium 20%-70%, and Low 5%-70%. Over the study period,
these vouchers subsidize on average 78.0%, 50.5%, and 16.9% of unit price. The decreasing schedules
reflect MHU’s premise that households purchasing lower-priced units have greater need; observed
purchase dispersion across price ranges confirms beneficiaries make meaningful trade-offs between

subsidy generosity and housing quality.

Price caps significantly constrain beneficiaries’ choices; more generous vouchers impose stricter
caps. As of 2017, caps are UF$1,000 for High, UF$1,400 for Medium, and UF$2,200 for Low. These
caps’ restrictiveness depends on market prices—across the study period, only 11.7% of Santiago
transactions qualify for High vouchers, 27.4% for Medium, and 53.5% for Low. Spikes in purchase
distributions at these price caps suggest they are binding for some beneficiaries. The menu design
serves two roles: it distorts beneficiaries’ relative prices and choice sets, and it screens households by
requiring them to accept these restrictions to obtain larger subsidies. DS1’s net transfers and incidence

on beneficiaries’ choices depend on the preferences of households that apply for and receive vouchers.

Applications and Rationing. Each half-year, MHU issues a call for applications for a limited
number of vouchers of each type; awards are made in the following half-year. Eligible households

apply for one voucher type, and awards go to applicants with the highest priority scores. Vouchers

"DS1 was implemented in 2011 but excluded as transaction and development survey data begin in 2012. While data
extend to 2022, I restrict to 2018 because the housing market and voucher program were disrupted by October 2019
social protests and COVID-19. Including these years would require ad-hoc adjustments without substantial value added.

8DS1 follows a biannual cycle for most of the study period, with calls each half-year and awards in the following; see
Table A.6 for exceptions. UF$1,000 equals approximately USD$41,000 in 2025.

9Units must be approved by the Servicio de Vivienda y Urbanismo (SERVIU), be in good condition, and not owned
by relatives. In Santiago, nearly all legal units except slum housing meet these requirements. Beneficiaries cannot sell
purchased units for 5 years. MHU labels vary over time; these correspond to Titulo I Tramo 1 (High), Titulo I and
Titulo I Tramo 2 (Medium), and Titulo II (Low).



Figure 1: DS1 Voucher Generosity, Price Caps, and Voucher Use Price Distribution
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Notes: Plotted functions correspond to the discount schedules (solid lines, left y-axis) and price caps (dashed lines) by
voucher across the three main DS1 designs. The histogram bars show the distribution of voucher use (right y-axis) by
voucher and DS1 design. Sample used in the Figure corresponds to all voucher purchases in the study period. Table A.3
provides details.

are thus rationed via endogenous cutoff scores determined by application distributions and voucher
availability. Figure 2 shows cutoffs consistently rank High > Medium > Low: more generous vouchers

go to higher-priority applicants, those MHU considers most in need.

Eligibility and Priority Scores. Eligibility is voucher-specific and means-tested: most households
qualify for at least one voucher type, with more generous vouchers reserved for lower-SES households.
To be eligible, households must not own a home, must have minimum savings, and must have
Social Vulnerability Score (SVS) and income below certain thresholds; requirements vary over time
(Table A.4). The most relevant criterion is the SVS, a government measure of socioeconomic status
used for most social assistance programs in Chile.'" As of 2017, households below the 60th percentile
of SVS are eligible for all vouchers, those below the 80th for Medium and Low, and those below the
90th for Low only. As a result, households face different choice sets when applying.

Priority scores are based on SES proxies and number of previous applications, effectively
functioning as a priority waitlist. Scores have three components: demographics, savings, and
repeated applications; weights and formulas vary across time (Table A.5). Demographics are the
main component, representing 72.3% of winners’ scores on average; priority favors larger, lower-SES
households with children or elderly members. Savings are the second component (21.9%), rewarding
households for consistent saving in a dedicated account, though most winners max out this score,

leaving little variation. Repeated applications represent only 5% of winners’ scores on average, yet

1The Ministry of Social Development (MSD) administers the SVS, which combines income records, assets, and other
SES measures with household visits and surveys to evaluate living conditions. Across the study period, the SVS was
updated from the Ficha de Proteccién Social (FPS) to the Registro Social de Hogares (RSH), a national percentile
ranking. See Appendix F for details.
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play a significant role: 36.1% of High voucher winners would not have won without application bonuses.
Figure A.1 shows the number of applications of winners by voucher type and half-year. Winners of
more generous vouchers apply more times on average, implying longer waiting times—households

seeking higher subsidies must both constrain their housing choices and wait longer.

Figure 2: Voucher Supply, Cutoff Scores, and Policy Cost

Announced Vouchers Cutoff Scores Policy Cost (MM UFS$)
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Notes: Calls are aggregated to half-years; see Table A.6 for details. Total announced vouchers are the sum across each half-year.
Cutoff scores are the minimum scores required to receive a voucher, by type and half-year. Policy cost reflects total transfers to
voucher recipients in each call. UF$1MM ~ USD$41.2MM (2025).

Voucher Supply and Design Updates. The total number and mix of vouchers awarded in
MR vary substantially over time; Figure 2 shows an overall downward trend as well as significant
year-to-year volatility. The annual DS1 budget is set by the national budget law, with the share
allocated to each region varying over time. Fiscal constraints reduced the total DS1 budget by
approximately 40% over the study period. On top of that, frequent natural disasters affecting other
regions divert resources away from the MR, causing its share to fluctuate between 30% and 45% of
the national DS1 budget. These budgetary factors are the main drivers of the reduction in vouchers

awarded in MR; see Appendix I for details.

The second factor is MHU’s design updates and reallocation toward more generous voucher
types. MHU implemented two major design updates during the study period. In 2014, High vouchers
were introduced to improve targeting, matching Medium generosity while imposing stricter price caps
(UF$500) and requiring mortgage-free purchases—MHU viewed households accepting these restrictions
as having greater need. The 2016 update increased all price caps and generosity to offset housing
inflation, notably converting High vouchers to flat UF$500 subsidies with UF$1,000 caps. Priority
scores and eligibility requirements were also updated during these redesigns; Appendix F provides
details. Overall, MHU increased the cost of more generous vouchers while also allocating more

resources to them: the share of Low vouchers fell from roughly half to under one-third.

These supply and design changes—driven by factors plausibly exogenous to Santiago’s housing

market—generate variation along two margins. First, the housing market’s exposure to the policy
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varies with the total number and composition of vouchers: early in the study period, more vouchers
were awarded, predominantly Low vouchers usable in a wider range of units; by the end, fewer vouchers
were awarded, with a larger share of High vouchers that have stricter price caps. Second, changes
in supply and design shift equilibrium cutoff scores and alter the relative value of each voucher type,

affecting households’ probability of winning and their application choices.

3. Descriptive Evidence

This section presents descriptive evidence of the DSO1 voucher menu and its interaction with
the housing market. I document three main facts that will guide the empirical model. First, I show
that voucher use is concentrated in the product and geographic space, informing how I micro-found
households’s preferences for housing. Second, both voucher use and applications react to DS1 design
updates, motivating how I model households’ self-selection into vouchers. Finally, I document the large
scale of the DS1 program and significant heterogeneity in exposure across housing segments, which I
exploit to show that voucher introduction correlates both with higher prices and new development.
This motivates a segmented housing supply-side model where voucher system has heterogeneous

incidence, and where developers’ reactions need to be taken into account.
3.1 Voucher Use is Concentrated Across Housing Segments

Scale of DS1 Program. DSI1 operates at substantial scale in Santiago’s housing market. Table A.1
shows the program subsidizes 21% of eligible High voucher transactions, 10% of Medium, and 7% of

Low, representing 6.5% of all transactions in the City.

Low Use and Residential Mobility Rates. Despite substantial subsidies, 40% of beneficiaries
let vouchers expire—similar rates across types rule out choice restrictions as primary explanation.
Among users, approximately half purchase in their residence county, suggesting strong location
preferences. These patterns have two key modeling implications: households make sequential rather
than simultaneous application and purchase decisions, and strong heterogeneous preferences for
housing characteristics and homeownership value lead some to prefer rental over unsuitable ownership

despite large subsidies.

Panel B of Table A.1 compares average characteristics across subsidized and unsubsidized eligible
transactions by voucher type. Since housing attributes are jointly distributed, raw comparisons can
be misleading. I therefore regress each housing attribute on a subsidy indicator while controlling
for all other attributes and county-by-time fixed effects, estimating separately by voucher type using
only eligible transactions. The subsidy indicator coefficient captures conditional mean differences
between subsidized and unsubsidized distributions. For instance, a positive coefficient when house is
the outcome indicates subsidized transactions are more likely to be houses than apartments, conditional
on price, location, and other physical attributes. Table A.7 reports full results; Panel A of Figure 3

plots estimates relative to the mean of unsubsidized eligible transactions.
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Price Concentration Differs Across Vouchers. Transaction prices reflect two opposing forces
from the DS1 design: subsidies reduce beneficiaries’ price sensitivity, incentivizing more expensive
purchases, while decreasing generosity schedules make cheaper units relatively more attractive.
Conditional on physical and location attributes, on average,l.ow and Medium voucher transactions are
priced 14% and 8% above eligible unsubsidized units, respectively, while High voucher transactions are
2.7% below. These patterns align with Figure 1: High vouchers concentrate at lower prices while others
bunch at price caps, consistent with generosity schedules shaping the distribution of use across price
segments. These patterns are consistent with voucher generosity schedules influencing the distribution

of use across price segments.

Figure 3: Subsidized Transactions Concentration over Housing Attributes and Location

Panel A: Conditional Mean Differences in Housing Characteristics
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Notes: Panel A: Estimated coefficients show conditional mean differrences on housing attributes between subsidized and
eligible transactions, each outcome is regressed on subsidy indicator controlling for all other attributes and county-by-time
fixed effects. The sample for each regression considers all eligible transactions for each voucher type over the study period.
Panel B: Each polygon represents a census tract of Santiago, the color of the polygon corresponds to the share of voucher
use by voucher type and DS1 design. College shares are shown in grayscale.
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Subsidized Transactions Concentrate in Lower-SES Neighborhoods. I use the neighborhood
share of college-educated residents as an SES proxy.''! Panel B of Figure 3 shows voucher use
concentrates heavily in lower-SES neighborhoods, though some concentration is mechanical due to
price caps. Panel A reveals concentration beyond this mechanical effect. Conditional on price, county,
and physical attributes, High voucher transactions locate in neighborhoods with 17% lower college
shares (4 p.p.) than unsubsidized eligible transactions, while Medium and Low vouchers show 5% (2
p.p.) and 3% (1 p.p.) differences, respectively. This pattern emerges from DS1 targeting low-income
households who predominantly originate from lower-SES areas, with around half of voucher users

purchasing units in their origin county.

Physical Attribute Concentration Varies Across Vouchers.  Voucher types show distinct
patterns in structure type and vintage preferences. Conditional on price, neighborhood, and other
attributes, Low voucher transactions are 5 p.p. more likely to be houses (11% increase) and 11
p.p. more likely new construction (33% increase) relative to unsubsidized units. High vouchers show
opposite patterns: 7 p.p. less likely houses (12% decrease) and 9 p.p. less likely new construction
(50% decrease).

These concentration patterns reveal heterogeneous exposure to DSI1-induced demand shocks
across housing segments and voucher types. This motivates granular segment definitions in the
empirical model, as variation in voucher design and resource allocation across types might change

the distribution of the voucher demand shock across segments.

Beneficiaries” Demographics and Voucher Concentration. To explore how beneficiary
characteristics relate to concentration patterns, I analyze purchasing choices conditional on
demographics. For each voucher type, I regress housing attributes on beneficiary demographics (income
percentile, age, family size, presence of children), controlling for county of origin and award-purchase

timing fixed effects. Table A.8 reports full results; Figure 4 plots coeflicients for key outcomes.

These patterns cannot be interpreted as preference parameters for two reasons. First, vouchers
are not universally or randomly allocated, wether and which voucher is hold by a households is
determined by their housing preferences and the allocation mechanism. Second, conditional on voucher
allocation, these patterns arise from the interaction between subsidized and unsusbsidized households’

preferences and the supply of different housing segments.

1 Santiago’s high segregation creates strong correlations across SES measures. Appendix B shows college shares
correlate strongly with income, crime rates, school quality, transport access, and public goods availability.
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4. An Empirical Model of the Homeownership Market

I build a model of a city’s homeownership market with targeted and rationed government
vouchers. The model consists of: (i) heterogeneous households considering voucher applications and
housing purchases, (ii) housing unit owners deciding whether to sell, and (iii) developers who can build
new units. The model provides a rational, full-information framework for interpreting these decisions
and evaluate alternative voucher policies’ effects on housing prices, development, and distributional

consequences across demographics.

I model a segmented housing market with units grouped into discrete, homogeneous types,
allowing supply and demand to respond to counterfactual policies through equilibrium price and
quantity adjustments. The model incorporates two key features. On the demand side, the subsidized
household set is endogenous—different policy designs shape who receives vouchers and how they’re
used. On the supply side, I differentiate new and resale housing segments—distinguishing stock growth
(new development) from transaction flows (resales) and capture endogenous development responses to

voucher-induced demand shocks.
4.1 Setting and Timing

Housing Market. FEach market ¢t € T corresponds to a half-year period in which housing units
of type 7 € J are traded. Each housing type j is defined as a tuple of neighborhood, size tercile,
structure type, and vintage—for example, small new apartments in Brooklyn. Housing units of type

J are homogeneous goods, traded at equilibrium prices p;; and quantities @ ;.

Housing units are demanded by subsidized and unsubsidized households with heterogeneous
housing preferences. The set of subsidized households is endogenously determined by applying for
and receiving a voucher before making a housing choice. Units are supplied by price-taking owners
deciding whether to sell. In each market, a fixed stock Qj¢ of each type considers selling. Housing
types partition into new and resale units: J = J™V U J". Units of type j € J"V are owned by
forward-looking firms deciding when to sell; developers’ building decisions affect new housing stock.
Resale units are household-owned, with stock determined by the exogenous share of owners considering

sale.

Housing Vouchers. The government offers a voucher menu B = {5, };c7. Each voucher type b € B,
provides housing price discounts but only applies to units below a price cap. Limited vouchers are
rationed via eligibility and scoring rules. Vouchers are awarded to applicants scoring above equilibrium

cutofl 7.

Timing. Each market ¢, given voucher menu B, equilibrium prices p, and voucher cutoff scores 7,

agents act sequentially:

1. Voucher Allocation. Government announces available vouchers and allocation rules. Eligible

households decide whether to apply; vouchers awarded among applicants.
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2. New Housing Development. Small developers choose construction quantities, determining

new housing stock.

3. Housing Market. Subsidized and unsubsidized households decide whether to purchase.

Owners choose whether to sell.

4.2 Housing and Voucher Demand

Households. A continuum of households i € 7 is characterized by observable characteristics z;,
unobservable characteristics v;, and arrival market ¢7. Each household has homeownership status
jit € J U{0}, voucher status b;; € B; U {0}, and is scheduled to make a housing choice in market
t? > t?. All households arrive as renters (ji = 0), unsubsidized (b;; = 0), and initially scheduled to
make a housing choice (t;‘ = t?). Voucher application decisions can change voucher status and delay
housing choice. Housing choice is a one-time terminal action potentially changing homeownership

status. All households share discount factor p.
4.2.1 Housing Demand

Housing Attributes. Housing type j € J in market ¢ is characterized by market price pj;, physical
characteristics X ]’?, location X ]LOC, and amenities {;;. Physical characteristics & € K comprise size,
structure, and vintage; X jL"C denotes county. Amenities £;j; capture unobserved quality observable to

households but not the econometrician. The outside option j = 0 denotes not purchasing in the city.

Voucher Generosity and Choice Restrictions. Vouchers alter prices and choice sets beneficiaries

face. Households with voucher b;; € By U {0} face prices p;;; and eligible housing types j € Ji:
pijt = pjt — d(pji, bir) and Jip = {j € T : pjr < p(bir) } U {0}, (1)

where dy; : px b — RT and p : b — RT denote the discount schedule and price cap of voucher type
b € B; as described in Section 2.2. Unsubsidized households (b; = 0) face market prices p;j; = pj; and
all housing types Jiy = J U {0}.1

Housing Preferences. Household ¢’s utility from owning housing type j comprises mean utility
d;t, household-specific component (2, ;) capturing heterogeneous preferences, and idiosyncratic
component egt. Demographics d € D shifting housing attribute preferences include income, age of
household head, family size, and presence of children. Location preferences use indicator variables XZ-LJ»OC
for housing in 4’s county of origin.'® Unobservable characteristics v; = vy, I/lh) shift price sensitivity

and homeownership value. The random indirect utility of household ¢ from purchasing housing type

12The assumption that subsidized households only consider eligible housing types might be strong in general, but it
is unlikely to matter in the empirical application. Price caps are salient during application, so households preferring
ineligible types would not apply (as modeled in the next section). Anecdotally, MHU officials mentioned that virtually
all non-users remain as renters.

3Note that a county can contain multiple neighborhoods (e.g., census tracts). Preferences are modeled at the county
level since county is the most granular location level I observe for households in both the DS1 and CASEN data.
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7 € Jit in market t is:

Housing Value of Value of Value of Mean
Cost Homeownership Physical Attributes Location Utility
- - 7\
_ D h k k Loc Loc H
Uijt = —i(zit, v; )pije + hi(zie,v') + E Bi(zit) X + B (zit) X%+ i +eije (2)
ke

gt (Zit Vi)

where,
ai:ao+2adzzt+apu Z—nydz,t—i—a vl
deD deD
BE = Bz, B =B+ ) B,
deD deD
Sit="0+%+ Y BEXF+ &, (W, vf) ~ N(0,5,).
kek

For the outside option, Ujp; = e%t—implying housing values are net of renting or purchasing outside

the city. The idiosyncratic component e ;¢ is 1id Type I Extreme Value.

Price sensitivity «; and homeownership values h; vary across demographics and unobserved
characteristics via random coefficients. Price sensitivity captures heterogeneity in money’s opportunity
cost from unmodeled frictions (differential mortgage access, interest rates) and preferences (households
with children prioritizing education expenses).'* Homeownership preference captures individuals’ net
homeownership value beyond prices and attributes, encompassing both benefits like housing stability
and opportunity costs such as losing access to other means-tested programs. Unobserved heterogeneity
vy, I/Zh) plays dual roles. Random coeflicients deliver flexible substitution across housing types and
along the homeownership margin—crucial since vouchers reshape choice sets and homeownership
rates are the key outcome.'” Economically, these unobserved preferences capture DS1’s fundamental
constraint: the government observes demographics but not preferences, making direct needs-based
allocation impossible and necessitating screening through menu design.

Preference heterogeneity for physical characteristics and location (¥, BL°¢) varies across

16

demographics.'® Demographic interactions reflect sorting patterns from Section 2.2, though those

were conditional on voucher receipt. The structural parameters recover population-level preferences

4 This quasilinear specification precludes utility aggregation through a welfare function, as it is not microfounded in the
sense of Berry et al. (1995). However, price sensitivity in housing markets is determined by factors beyond income—e.g.,
conditional on income, younger households face lower mortgage rates than older households. The quasilinear form allows
the data to reveal heterogeneity in price sensitivity without imposing functional form restrictions. I lack data to credibly
construct a measure of wealth or credit worthiness without imposing ad hoc assumptions.

15Without random coefficients, the model would impose IIA, which is problematic when comparing the value of adding
or subtracting products from choice sets. Random coefficients on the constant are best practice for minimizing the impact
of market size assumptions; this is particularly relevant here as selection into the housing market is not microfounded
(i.e., the rental market is not modeled).

16T treat housing amenities as exogenous, ruling out homophily preferences (i.e., preferences to live near similar
households). The empirical relevance of homophily preferences is a matter of debate in the housing literature (Cactano
and Maheshri, 2021; Bayer et al., 2022), and goes beyond the scope of this paper.
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unconditional on voucher status.'” Mean utility ;¢ captures homeownership’s mean value vy, market
fixed effects v capturing its variation due to market conditions, physical attributes 66“, and unobserved
amenities &;; representing time-varying demand shocks—for example, neighborhood infrastructure
improvements or zoning regulations differentially affecting relative attractiveness. These amenities,

known to households, affect equilibrium prices and must be accounted when estimating demand.

Housing Choice. Given their voucher status, households make a one-time housing choice in market
t?, potentially changing homeownership status and becoming inactive. Upon realizing idiosyncratic

preferences eg , © chooses housing type j to maximize utility:

Jiz(bit) = arg max Uyt (bir). (3)
JETit(bit)

The probability that household ¢ chooses housing type j in market ¢ is:

exp (Usje(bit))

H
@5t (bit) = = ,
! ZkEJit(bit) €Xp (Uikt(bit))

where Uijt = Uijs — egt.
Voucher Distortions. The model yields closed-form voucher-induced distortion characterizations.
Let A%q;(4,b) denote the percentage change in the probability i purchases j with voucher b versus

no voucher. For eligible housing types j, j' € Jit(b) with pj; < pjs:

Discount Effect>0 Choice Restrictions Effect >0

> je (0 exp(Uit(0)) .
> ez exP(Ui;i(0))
Aoqn(j.b) = A%ga(5',b) = i (d(pje.b) — d(pyr, b)) > 0. (6)

Decreasing Discount Effect>0

A% (5,b) = a;d(pjt, b) —10g< (5)

dL% g4 (5,b) AL %qit (4,0) —A%qic (§',b) L% i (5,0) _ 9A%qi(,0)—L%qi(5'b) _ 18
h D, > 0, 5a; > 0, and o = o =0.

wit

Equations (5)—(6) formalize how discount schedules and choice restrictions distort beneficiaries’
choices. Discount schedules (Discount Effect) and price caps (Choice Restrictions Effect) increase
demand for all eligible housing types independent of preferences, while decreasing discounts
concentrate demand towards cheaper units (Decreasing Discount Effect). The distortion magnitude
increases with beneficiary price sensitivity, as they become more likely to become homeowners
(extensive margin) and prefer cheaper units (intensive margin). This highlights one of the key

design trade-offs: targeting price-sensitive households—extramarginal beneficiaries—concentrates

1"These parameters might also capture unmodeled frictions. For instance, if search costs are higher for housing types
outside households’ county of origin, these costs would be loaded into the location preference parameters. The key
assumption is that these preferences do not depend on the voucher policy.

18See Appendix ?? for details.
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voucher-induced demand towards lower-priced housing segments.
4.2.2 Voucher Applications and Allocation

Voucher Types. Each voucher type b € B; has equilibrium cutoff score 7y, eligibility rules e,
scoring function 7, discount schedule d(p, b), and price cap p(b). Under the large market assumption
(i.e., continuum of households), cutoff scores function as market-clearing prices that households take

as given (Azevedo and Leshno, 2016).

Voucher Allocation Mechanism. The government announces voucher menu B; and quantities

Ap to be awarded. Households may apply for one voucher among those for which they are eligible:
Biy ={b€ By : eipy = 1}, (7)

where ey : z; X by — {0, 1} denotes eligibility rules described in Section 2.2, depending on observable
characteristics and not having a voucher. Applicants are prioritized by scoring function r;y : z; X a; —
R, based on observable characteristics and previous applications. The Ay highest-scoring applicants

receive vouchers.

Assumption 1 (Exogenous Time to Use). Household i awarded a voucher in market t has t!

updated uniformly from [t+1, t+4).

These limits match the empirical setting: vouchers awarded within six months of application,
with approximately two years to use. In practice, beneficiaries might shop across multiple markets; I
abstract from this due to lack of data on unsubsidized households’ time on market. In estimation, I

. . . . Q
assign users to their purchase market and uniformly assign non-users.'’

Voucher Application Decision. When deciding whether to apply, households consider the value

of entering housing market 7 with voucher b:

IVir(b) = log Z exp (UijT(b)>, (8)

JETir (b)

which captures both the benefit of discounted prices and the cost of restricted choice sets. However,
winning a voucher may require multiple applications, during which households remain renters while
housing prices potentially increase. In general, households could also anticipate future changes in menu

design or their own preferences and strategize accordingly. I abstract from these considerations:”"

190ne could assign non-users according to the empirical distribution of voucher use conditional on demographics,
application cohort, and voucher status. While this might fit the actual distribution better, extra assumptions are
required to extrapolate random assignment in counterfactuals. I evaluate the sensitivity of the estimation results to this
assumption in Appendix C. As voucher assignment is staggered across markets, the impact of this assumption is limited.

2Modeling beliefs over the space of possible menu designs and housing preferences is computationally infeasible.
Changes to the menu design involve new voucher types, changes in discount schedules, and price caps. Housing
preferences evolve due to changes in observable characteristics, which would require integrating over the joint distribution
of demographics as well as the evolution of unobserved common preferences.
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Assumption 2 (Non-strategic Applications). Household i applying in market t behaves as if

voucher menu By and housing preferences Qy = [zit, 0¢] are fized.

This collapses the problem to a repeated static decision—households behave as if continuing to
apply for the same voucher until awarded. The value of applying for voucher b € B, U {0} in market ¢

becomes:

zbt pﬂ‘b Zp zb T3 rb) IV%T(b pT) Qit, Be | + egm (9)

where W;y,(7;73) is the probability of winning voucher b for use in market 7.?' Not applying yields
V:B = 1V;(0)—immediate housing choice. Households that apply remain renters with zero flow utility

while waiting.”” Idiosyncratic preferences eg)t are iid Type I Extreme Value.

The value of applying for voucher b weighs three factors: voucher benefits (price discounts),
voucher costs (choice restrictions and waiting), versus immediate unsubsidized choice. i making an

application choice in market ¢ chooses the voucher maximizing expected discounted value:

bi, = argmax V. (10)
beB;U{0}

The probability household ¢ applies for voucher b in market ¢ is:

= _
' ZkeB,tu{O} eXP(V )’
where Vbt = iﬁ — egt. Applying delays housing choice to t? =t + 1 with no further action. Not

applying triggers immediate housing market entry with no future applications.
Prices and Cutoff Beliefs. For tractability, I impose structure on households’ beliefs:

Assumption 3 (Rational Expectations). Households have rational expectations over future

housing prices p = {p:}r>¢t and cutoff scores Ty = {Fpr }r>¢.

In the baseline estimation, I implement rational expectations by letting households have perfect
foresight over housing prices and use current cutoffs #; as best forecasts for future cutoffs.”’ This

baseline specification reduces computational burden; the model framework accommodates richer belief

21 Formally, the probability of being assigned to market 7 > t is

Win( =1 ; <U P(riv; < To; ) P(rivk > Tor).

22This is consistent with households expecting to receive U0t = €io¢+ while renting, which has expected value zero
before realizing the shock.

23The variation in cutoff scores across markets is mostly explained by changes in the number of vouchers announced
by the government and design updates (introduction of new voucher types, changes in discount schedules, price caps,
etc.). As a result, it is hard to predict future cutoff scores without modeling beliefs over changes in the voucher menu
design; current cutoff scores outperform most simple forecasting models I tested.
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structures for future sensitivity analysis.
4.3 Housing Supply and Development

Housing Stock. In each market ¢, units from a fixed stock th of type j may be sold at equilibrium
prices p;;. Each unit is owned by a price-taking owner f € F. New (J"°") and resale (J") segments

differ in owner incentives and stock determination.

4.3.1 New Housing Supply

Inventory Management. FEach unit in stock Q;ltew

f € F"V deciding when to sell their unit. Firms can sell now at market price and exit, or hold the

is owned by a distinct forward-looking firm

unit anticipating higher future prices while paying maintenance costs. The indirect flow profits from

action a € {sell, hold} are:

o™V + w}‘ﬁ if a = sell

(12)
—CN + BEI 1 + whod if a = hold,

a _
Tfjt =

Selling yields revenue o"““p;; at market prices plus idiosyncratic shock w}eﬁ, after which the firm
exits. Holding incurs maintenance costs Cj\f =C; +Cy + 5]1-‘{[ while earning expected continuation

value SEIL;j; 1. Firm-specific shocks w? i are iid Type I Extreme Value.

Keeping units on market is costly—developers pay for advertising, sales agents, and most

importantly, interest on development loans. Type fixed effects C; and time effects C; capture
M
jt
type-time variation, particularly differential interest rates as banks evaluate project-specific risk based

24

systematic variation across housing types and market conditions. Unobserved costs capture

on expected sale speeds.

Assuming perfect foresight and applying (Hotz and Miller, 1993) inversion, the share of new

stock sold is: I
—S€.

sell exp(ﬂ-ﬁ )

gt

_ , 13
exp(ﬁ??“) + exp(ﬁ?told) (13)

where 7, = 7}, — Wiy

While stylized, this framework allows new housing stock to dynamically respond to evolving
voucher-induced demand shocks—relevant for counterfactual analyses given the substantial variation
in voucher quantities and mix across periods documented in Section 2.2. The key abstractions are

no pricing decisions (units are price-takers) and no sale uncertainty (firms can always sell when they

choose).

New Housing Development and Supply. Before each market clears, a representative developer

2Interest rates vary across projects as banks assess repayment probability mostly based on expected time-to-sale. I
assume these rates are constant within type-time cells due to data limitations on developer financing.
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for each housing type j € J™V chooses how many units to build.”> They earn revenue by selling
completed units to firms at expected value [E,II;;—the price that ensures zero profits for risk-neutral
firms—while facing increasing marginal costs that reflect factors like securing buildable land and

obtaining permits. Following (Abramson, 2021), I parametrize total development cost as Cﬁ( ﬁ) =
( 'Dt)(wjl')71+1

1 Jt

¥y (¥)) 7141

first-order condition yields optimal development:

, Where ¢? > 0 is the scale parameter and wjl- > —1 is the supply elasticity. The

Pl
it = (VB (14)
As a result, stock comprises new development plus unsold inventory from previous periods:
QWY = QR + (1 — 5L Q™, (15)

yielding new housing supply:
Q5i(p) = 85" (P)) Q5™ (py). (16)

This formulation allows new development to respond dynamically to expected unit values rather
than just current prices—capturing how developers internalize inventory dynamics. This competitive
framework allows new housing supply to dynamically respond to voucher-induced demand shocks
through development and inventory decisions—enabling supply adjustments in counterfactuals where
policies generate the time-varying demand patterns observed empirically through changes in voucher

quantities and mix.
4.3.2 Resale Housing Supply

Resale Housing Stock. Each market ¢, a share A™ of the total stock of type j € J"* in the city

res

considers selling, defining the resale stock Q%"

Selling Choice and Resale Housing Supply. Each owner f € F' in stock Qﬁs makes a myopic

decision: sell at market price or continue occupancy. Owner f sells if:

Ul = alpji — (CF + CP +€9) +ep0 > 0, (17)

o
Ch

where a}espjt is the value from selling at market price, Cﬁ represents opportunity costs, and €yj; is
an idiosyncratic logit shock. Opportunity costs capture the net cost of selling—broker fees, moving
expenses, and the loss of occupancy net present value. Type fixed effects CJO and time effects C'
absorb systematic variation across housing types and market conditions. Unobserved costs fjot capture

type-time specific changes, such as neighborhood amenity improvements that increase the value of

25The representative developer abstracts from many small price-taking developers competing to sell units.
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staying. In each market ¢, the share of resale stock deciding to sell is:

1l
sell _ —exp( i) (18)
Jt — 1+exp( sell)
where uj‘zu = o pjt — Cﬁ. Resale housing supply is:
QFi(pjt) = Q5 - 85 (0je)- (19)

Altough stylized, this static and competitive framework allows for heterogeneous supply
elasticities across resale types—allowing resale supply to respond to voucher-induced demand shocks
as price increases induce more owners to sell.” The main limitation is that supply cannot adjust to
changes in relative future prices, and that it abstracts from the joint decision of owners to sell units

and buy another one (i.e., housing filtering).
4.4 Housing Market Equilibrium

Before describing the equilibrium, it remains to formally define the set of potential voucher

applicants and housing buyers in each market.

Voucher Demand. Active households i € Z; comprise all households that arrived in current or
previous markets and haven’t made housing choices. Potential applicants i € ZF C T, are eligible for

at least one voucher type. Demand for voucher b is:
Tiy = {i € I/ : b}, = b} (20)

Applicants I{‘ delay housing choice; non-applicants ItN A= If \ItA choose immediately.

Housing Demand. Aggregate demand for housing type j comprises three groups:

th(pjt7p ]t Z qZ]t + Z qZ]t + Z Z ]l{J € \Zt}q”t, (21)

ieZNE ieZNA beB: iezh
~—— ~——
Non-Eligible = Non-Applicants Voucher Beneficiaries
where ItN B are non-eligible arrivals, ItN 4 are eligible who don’t apply, and Iﬁ are beneficiaries with

voucher b scheduled for market ¢. This decomposition reveals how voucher design shapes market
outcomes: the transmission of voucher-induced shock to housing segments depends on selection into the
program (extensive margin) and how discounts and restrictions distort beneficiary choices conditional

on participation (intensive margin).

26Data limitations prevent modeling listing durations or seller transitions. Units in voucher-eligible segments often
transact through informal channels where such data is unavailable.
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4.4.1 Subsidized Homeownership Market Equilibrium.

Equilibrium Definition. Given voucher policy B = {Bi}ie1, an equilibrium consists of a vector of

prices p = {pji};¢ and a vector of cutoff scores ¥ = {Ty: }vs such that:

1. Households make optimal housing and voucher choices: housing demand is given by (/) and

voucher demand by (11).

2. Owners and Developers behave optimally: New and Resale Owners selling decisions are given
by (13) and (18), and total development by (1/).

3. The housing market clears:
Q5(pj) =Qh(p) VieT teT

4. The voucher allocation clears: the number of applicants for voucher b in period t with scores

above the equilibrium cutoff scores equals the number of vouchers available,

Abt = |{Z S II;% L Tibt Z ’Fbt}"

Equilibrium Computation. In practice, equilibrium is computed for finite horizon ¢t € {1,...,T}
with initial conditions from data (unsold new housing stock, pending applicants) and terminal price

beliefs based on average growth rates. See Appendix E for algorithm details.

5. Estimation and Results

5.1 Estimation Sample and Assumptions

In this section, I briefly describe the main assumptions made the data to the model and the
estimation sample construction. I provide details, sensitivity checks, and complementary summary

statistics in Appendix C.

Markets and Housing Types Definition. 1 discretize time and housing units into markets and
housing types. I set estimation markets ¢ € 7% to half-year periods from 2012 to 2018, aligning
with DSO01 call schedules. Housing units are aggregated into types j € J by structure (house or
apartment), condition (new or resale), size terciles, and neighborhood. I define neighborhoods by
clustering census tracts within counties in two steps. First, I define which counties are worth clustering
as those that exceed the median county-level share of total transactions or the median price per square

meter variance; otherwise, all census tracts within a county are pooled into a single neighborhood.”’

2TSantiago’s counties are very heterogenous in terms of geographic size and how heterogenous they are in terms of
SES and housing prices.
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Second, I cluster census tracts within counties into Low- and High-SES neighborhoods by the share
of college-educated residents. I follow Alves et al. (2023) in using the SKATER algorithm (Assuncao
et al., 2006), which allows to impose the constraint that each neighborhood contains at least 30% of

. 96
county transactions.”®

Housing Types Estimation Sample. [ consider housing types that are transacted at least 10 times
per market. The estimation sample comprises 211 out of 410 possible housing types, which account
for 92% of all transactions.”’ I define the price of a housing type pj; as the average transaction price
of all units of type j in market ¢, and the size X; as the mean size. Table A.9 shows characteristics of
considered housing types relative to the transaction data by Neighborhood Cluster. A regression of
unit level transaction prices against product-market fixed effects shows that the defined housing types
explain 81.2% of price variation.

Market Size Assumptions. On the demand side, I assume that Z; = 70.000 households arrive

Anew
jt
to the one observed in the new development survey data. For resale housing types, I set the stock of

each period and begin making choices. On the supply side, I set the stock of new housing types

res
jt
the growth in the stock over time due to new development.

owners of units of each type Q"¢ to 20% percent of the city stock of each type, taking into account

Households Estimation Sample. The voucher applicants sample comprises all households that
applied for any DS1 voucher during the estimation period, and received a voucher before 2022. The
arrival period t¢ is set to the market of the first voucher application. The voucher holder sample
comprises all households that had an active voucher during the estimation markets. I'll refer to the
applicants and users samples as the micro data from now on. Unsubsidized householdsare drawn from
the last available CASEN survey for their market of arrival. I draw from households that live in the
MR, their DS1 scores and eligibility is predicted as described in Section 2.1 and treated as data. I’ll

refer to the unsubsidized sample as the macro data from now on.

Housing Choice Market. For households in the voucher holder sample that purchased a housing
unit before 2022, the housing choice period tlh is set to the market in which the transaction took place.
I randomly assign non-users uniformly to one of the four markets after their voucher assignment.

Households in the macro data do not apply for a voucher and make a housing choice uppon arrival.
5.2 Demand Estimation

Estimation Challenge. Household self-selection into vouchers creates challenges for demand

estimation. While voucher-induced variation typically identifies preferences when subsidies depend

28More granular housing types better approximate the homogeneous goods assumption but (i) increase parameters
since mean utilities are fixed effects, raising incidental parameter concerns; (ii) mechanically reduce market shares,
producing noisier estimates and making discrete choice model convergence harder; and (iii) increase zero-transaction
periods, which would require modeling product availability accross periods increasing the model complexity without
having economic interpretation (i.e. housing types are abstractions, not actual products).

29The housing types left out of the estimation sample are units with rare characteristics given their location, such as
large houses in apartment dense neighborhoods.
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only on observables the DS1 program presents two problems. Because households self-select based on
housing preferences, voucher status is endogenous, preventing direct exploitation of voucher-induced
price variation. Additionally, microdata is available only for applicants, creating a sample selected on
preferences that standard methods do not accommodate (Nevo, 2001; Petrin, 2002; Berry et al., 2004;
Berry and Haile, 2024).

Approach. I jointly estimate housing and voucher choice models via MLE, accounting for
preference-based selection into the microdata. The voucher choice model function as a control
for both selection into the applicant sample and endogeneity of voucher status. The fact that
DS1 purchases are matched to the universe of real estate transactions allows for a straightforward
likelihood, as double-counting concerns are minimal (Grieco et al, 2025). Once controlled for
selection, voucher-induced identified variation can be exploited to identify the demand parameters
without requiring supply-side instruments. There are two main sources of identifying variation:
(i) within-market price and choice set differences and across-market variation in voucher design,
provide identification for housing preference parameters; (ii) across-market variation in the total supply
and mix of vouchers shifts equilibrium cutoff scores and applicants’ winning probabilities, providing

variation for the voucher values.

Estimation proceeds in two steps. First, I recover parameters (1) = {a,'Yd,,Bc%oc,ﬁd,V,é}
via SMLE. Second, I recover the common preference parameters 82 = {Bo,~,&} by projecting the
estimated mean utilities Sjt onto product and market characteristics. Here I present a simplified version
of the estimator, focusing on the intuition and the identification argument. A complete derivation of

the estimator and computational implementation is provided in Appendix C.

Selection Corrected Mixed Data Likelihood. For a candidate vector of parameters 01 the
Selection Corrected Mixed Data Likelihood Estimator (SCMDLE) log-likelihood is given by:

£SCMDLE(0~(1)) — ZggdiC(zi’ b;(taa]';;h; é(l)) + Z E%[aC(ILgVB’ Sj'\t[B; é(l))’ (22)
i€l JjeT

where i are households in the microdata for which we observe their voucher b}, and housing j
30

*
ith
choices, as well as their demographics z; at markets they make choices in.”” The macrodata contains
NB
gt

DS1 transactions are matched to the universe of real estate transactions, the shares and number of

the aggregate product shares s¥? and number of unsubsidized households IN? for each market. As

unsubsidized households can be computed directly from the data, avoiding double-counting concerns.

The micro-likelihood and macro-likelihood contributions are given by:

K%\/ﬁc(zia b?tavj;;kth; é(l)) = IOg </ w%ic(zitaa V; é(l))qg*th (Zithv bithv V; é(l))dF(V)> 9 (23)

30In appendix Appendix C, I present the estimator for the multiple application case. Here I focus on the single
application case, as is the current implementation of the estimator.
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OF?, syP;00) = 177 NBlog/ w2, v;00)qf{ (z,v;01))dG(2)dF (v), (24)

where qg o and qﬁ are the model implied choice probabilities for individual subsidized households
and aggregate product shares for unsubsidized households, respectively. If we ignore the w terms, the
likelihood is equivalent to a standard MLE estimators for demand models with microdata (Petrin,
2002; Grieco et al., 2025).

Selection Correction Weights. The selection correction terms are given by:

B .
i Qb o(zita,v; 0) Voucher Choice
Wt (2jga, V) = s - - o o (25)
f (1 — qopa(2ita, v ,9)) dF (V") Application Probability
wMaC(z l/) _ Qi%t (~Za Vi é(l)) Voucher Choice ' (26)
t 7 [ a6, v';6M)dG(2")dF (V) Non-Application Probability

The micro selection correction term emerges from the model-implied probability of observing household
i applying for voucher b* and purchasing housing j*, conditional on observing ¢ in the microdata.
The correction term has a natural interpretation: the numerator matches the joint probability of the
observed voucher and housing choices for each value of v. This voucher choice probability reweights the
distribution of unobserved preferences—it reduces the likelihood contribution from housing choices for
values of v that make the observed voucher choice unlikely. The denominator captures the probability
that household ¢ with characteristics z;e applies for any voucher, upweighting households whose
observables make them unlikely applicants. Together, w™i¢ adjusts for selection into voucher status
both by unobservables and observables. The macro selection terms balances the same goals, with
the difference that controls at the population of eligible non-applicants level instead of the individual

level !

Recover common preferences. In the second step, given estimated mean utilities d;;, parameters

6 are recovered via OLS using the parametrization in (2).

Identification. The main identification argument is that after controlling for selection into voucher
status and the microdata, individual level variation in prices and choice sets (McFadden, 1972) as well
as the panlel-structure of microdata (Berry and Haile, 2024) allow for identification of the demand

parameters. Here I briefly disccuss the main sources of variation in the data:

1. Voucher induced price p;j; and choice sets J;; variation: Besides the standard subsidized
vs non-subsidized variation, the DS1 design provides richer dimensions of variation. The voucher
menu provides within-market variation, as hypothetically, we observe two identical households
with different voucher status facing different prices and choice sets. The changes in the voucher
menu design generate across-market variation, as new voucher types are introduced and existing

ones are updated.

31Note as eligibility and scores for DS1 vouchers are simulated for the population, they are considered in the
demographic distribution G(z). As a result, non-eligible households have wp™®(z,v) = 1.
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2. Voucher Supply induced variation in cutoff scores 7,; and choice sets B;; As there are no
voucher preference parameters being estimated, the previous argument suffices for identification
of the housing preference parameters. However, that is conditional on controling for selection on
preferences. Loosely speaking, an excluded instrument is often required for selection correction
methods. In this model, this would map to shifters to the value of applying for a voucher (9)
that are orthoganal to housing preferences: time to win and voucher choice sets. Across-market
variation in total supply and mix of vouchers shift equilibrium cutoff scores which determines
time to win. Within a market, two individuals might have identical housing preferences but have
different scores due to repeated applications. On top of that, changes to eligibility and scoring

rules affect both vouchers choice sets and time to win.

5.3 Demand Estimates

Price Elasticity of Demand. Table A.1 shows the estimated own-price elasticities and willingness
to pay for selected housing attributes; Table 1 reports estimated parameters. I estimate a median
price elasticity of —1.42, with significant heterogeneity across voucher status. The median elasticity
for High voucher recipients is —0.98, while Low voucher recipients exhibit substantially higher price

sensitivity at —1.57.

Selection Correction Relevance. Panel A Figure 5 shows the distribution of price,
homeownership, and same-county preference parameters. The Low voucher group exhibits the highest
price sensitivity with a right-skewed distribution. This pattern highlights the importance of selection
correction: despite having significantly higher SES composition than other voucher groups and similar
demographics to the eligible population (Section 3), Low voucher recipients are the most price sensitive.
This is a result of the selection correction weights increasing the weight of larger values of unobserved
preference heterogeneity rationalizing why a household would apply for vouchers when other with

similar observable characteristics would not.
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Table 1: Own-Price Elasticities and Willingness to Pay

Subsidized Households Non-Subsidized Overall
High Subsidy Medium Subsidy Low Subsidy Non-Applicants Non-Eligible
(1) 2) 3) (4) (5) (6)
Panel A: Own-Price Elasticities
. . . -0.98 -1.17 -1.57 -1.68 -1.38 -1.42
Median price elasticity
[-1.16, -0.80] [-1.38, -0.99] [-1.85, -0.98]  [-3.33, -1.01]  [-2.73, -0.83] [-2.44, -0.90]

Panel B: Willingness to Pay (1,000 UF)

. -6.6 -7.0 -6.6 -7.6 -9.1 -7.7
Homeownership
[-7.4, -5.9] [-7.9, -6.3] [-7.4, -5.8] [-9.0, -6.4] [-11.0, -7.8]  [-9.3, -6.5]
3.3 3.2 3.0 3.5 4.3 3.6
Same County
[3.0, 3.7] [2.9, 3.5] [2.8, 3.3] [3.1, 4.1] [3.7, 4.9] (3.1, 4.3]
-0.5 -0.5 -04 -0.5 -0.6 -0.5
House (vs. Apartment)
[-0.5, -0.4] [-0.5, -0.4] [-0.5, -0.4] [-0.6, -0.4] [-0.7, -0.5]  [-0.6, -0.4]
) 0.6 0.6 0.5 0.6 0.7 0.6
New Construction
(0.5, 0.6] (0.5, 0.6] (0.5, 0.6] (0.5, 0.7] (0.6, 0.9] (0.5, 0.7]

Notes: Panel A shows median quantity weighted own-price elasticities. Panel B reports WTP in thousands of UF for
selected housing attributes. Columns (1)-(5) range based on voucher type (Subsidized), Non-Applicants correspond to
simulated households that are eligigible for at least one voucher, while Non-Eligible are not. Brackets show [25th, 75th]

percentile values.

Preferences and Voucher Concentration.  The estimates disentangle the role of preferences
for housing attributes from the effects of housing prices and price cap constraints on the voucher
concentration patterns described in Section 4. Panel B of Table 1 shows that preferences for
size, structure type (house vs. apartment), and new construction are largely vertical—all groups
exhibit similar WTP for these attributes. The key differences emerge in homeownership and location
preferences: subsidized households show higher WTP for homeownership but lower WTP for staying in
the same county compared to non-applicants and non-eligible groups. Panel A Figure 5 confirms these
preferences are not only different in magnitude but also more concentrated relative to non-subsidized
groups. These results clarify the source of voucher concentration patterns: subsidized households
prioritize homeownership over location, exhibiting higher willingness to relocate combined with greater
price sensitivity. Therefore, the concentration of voucher use in lower-SES neighborhoods and counties
of origin results from housing prices and restricted choice sets rather than beneficiaries’ preferences
to remain in disadvantaged neighborhoods—they are willing to move but price constraints limit their
options. The diversion ratios in Panel B Figure 5 support this interpretation, subsidized households are
more likely to substitute toward the outside option even while having higher WTP for homeownership

and and similar preferences for structure type and vintage.
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Panel A: Parameter Distributions Panel B: Diversion Ratios

Price Sensitivity o, (a) Overall diversion ratios
From\To RH RA NH NA Out
sok RH - 030 001 0.5 054
= RA 0.39 - 0.01 0.16 0.44
g NH 0.12 0.09 - 060 0.19
= sp NA 0.19 0.15 0.25 <042
0.0 (b) Non-subsidized households
T T T T
-1.00 -0.75 -0.50 -0.25 From\To RH RA NH NA Out
«; value
RH - 033 0.01 0.16 0.51
oal NH 0.12 0.09 - 061 019
' NA 018 0.14 0.26 - 041
g High vouch
Z o2} (¢) High voucher
= From\To RH RA NH NA Out
RH - 017 0.00 0.05 0.78
0.0F : : ! | RA 0.45 - 0.00 0.05 0.51
_15 12 -9 -6 NH 0.43 0.08 - 001 048
WTP (UF 1,000) NA 0.38 0.12 0.00 - 0.49

WTP Same County f;/|a (d) Medium voucher

From\To RH RA NH NA Out
1.2F
RH - 0.16 0.00 0.08 0.76
=)
-‘g RA 0.37 - 0.00 0.09 0.54
& 06} NH 0.39 0.09 - 0.08 043
NA 0.34 0.14 0.00 - 0.53
0.0}
T T T T T (e) Low voucher
2 4 6 8 10
WTP (UF 1,000) From\To RH RA NH NA Out
RH - 015 0.01 023 0.61
W omign Jl row I Non- Eligible RA 0.28 . 0.00 0.30 0.42
. Medium . Non — Applicants NH 0.33 0.08 - 0.22 0.38
NA 0.28 0.21 0.01 . 0.50

Figure 5: Parameter Distributions and Diversion Ratios

Notes: Panel A shows the distribution of price, homeownership, and Same County estimated preference parameters.
Panel B presents the average diversion ratios for household types grouped by structure type and vintage, the row
category is removed from the choice set labeled as RH = resale houses, RA = resale apartments, NH = new houses, NA

= new apartments, Out = outside option.
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5.4 Supply Estimation

5.4.1 Model-Based Voucher Exposure Instruments

Estimation Challenge. The endogeneity concern for estimating housing supply parameters
comes from the correlation between equilibrium prices p; and unobserved maintenance, development,
and opportunity costs. While variation in voucher supply over time combined with concentrated
voucher use in specific housing segments (documented in Section 2.2) provides demand-side variation,
standard methods such as shift-share instruments cannot be applied here because within-city demand
substitution violates SUTVA (Alves et al., 2023).

Model-based Voucher Exposure Instruments. Following Alves et al. (2023), I construct
demand-side model-based instruments that account for substitution patterns. The key insight is
that voucher demand shocks’ distribution across housing segments is mediated by beneficiaries’
preferences—the demand model captures how each household’s voucher changes their choice
probabilities across all housing types, given their preferences and market conditions. Formally, the
instrument is the change in demand for product j in market ¢ when comparing the subsidized scenario

with one where all households making a housing choice are unsubsidized b;; = 0:

ADSngt p]t,p jt Z Z ]l{j € sjzt}qwt( zt) Qgt(o)a (27)

beB: icZE

holding equilibrium prices p;; and households’ choice timing t? fixed—a partial equilibrium exercise.*”

The instrument leverages two sources of variation: (i) the total stock of active vouchers, which
cumulates from new and previously introduced vouchers; (ii) the composition of beneficiaries and
their substitution patterns, which determine how voucher shocks propagate across segments. Unlike
standard shift-share designs that use fixed exposure weights and miss compositional changes, this
approach lets exposure vary endogenously through the demand model, capturing how beneficiaries’
preferences and cross-segment substitution distribute the aggregate voucher shock across housing
types. As a result, the identifying variation comes from cross-temporal variation in voucher assignment

without the need of fixing the exposure weights, allowing satisfaction of the SUTVA assumption.
5.4.2 Supply Estimation and Results

Inventory Estimation. For estimating the inventory parameters {a"%, CJM ,CM ,5% }, I exploit

the finite dependence of the owner’s objective (i.e., selling is a terminal action) and apply a Hotz-Miller

32A three-step IV approach (Bayer et al., 2007; Almagro and Dominguez-Tino, 2024) could generate instruments
accounting for equilibrium price adjustments from program shutdown. However, this requires computationally expensive
calculations and careful consideration of where to assign voucher holders and applicants when both prices and applications
adjust in equilibrium. As this affects identification assumptions regarding cross-market spillovers, I leave this extension
for future work.
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inversion (Hotz and Miller, 1993) to get the following estimating equation:

In(sS§") — In(sB') — BIn(s5L,) = =By + o™V (pjr — Bpji1) + CM + CM + &Y (28)
where § = 0.96 is the calibrated annual discount factor and « is Euler’s constant. The share of
the stock of new units that sold each period sj-‘zn is observed from the transaction and development
survey data. The equation captures the owner’s trade-off: pj; — Bpji41 captures differences in the
attractiveness of selling now relative to the discounted option value of selling in the next market, while

maintenance costs CJM +CM + J]\f make selling today more attractive.

I estimate via 2SLS, instrumenting the price difference term by the difference in the constructed
instruments ADSlet — ADSletH which shifts relative prices due to changes in the exposure to the
voucher demand shock. Table A.11 presents OLS and IV estimates of &™“*. While OLS leads to a
noisy zero coefficient, the IV estimate is significant and positive, implying an upward sloping supply

curve.

Development Estimation. For estimating the development cost parameters {¢0,¢§?,w$,gﬁ j

recover the value of a new unit ﬂjt by solving a fixed point (D.1) using the inventory parameters

33

estimates. From developers’ FOC (14) and parametrizing (wg, 1Y), the estimating equation is:

(Q57") = (" + Vhouse X)) I(Lye) + 40+ + 07 + &5 (29)

Dx
gt
interest is 1#} the supply elasticity of development with respect to units values, which I allow to vary

where is the number of units that begin sales in the new development survey. The parameter of
between houses and apartments as land to build houses is more scarce. I instrument initial values

with the current and future voucher shock instruments (ADSlQﬁ, ADSletH).

Table A.12 presents the estimates of the development elasticity with respect to units values
{1]11, ﬁ}wu <o} Column (8) is the preferred specification, the estimated price elasticity of development
is positive and significant, with a point estimate of 6.4 for apartments and 3.7 for houses. It’s worth
noting that ' captures the long run elasticity of development, as it is with respect to the net present
value of a unit ﬂjt. In column (4), I report estimates from the same specification, but where the
elasticity of development is with respect to current prices p;j;. The estimates are lower than the
dynamic estimates, 4.2 for apartments and 2.1 for houses, highlighting the relevance of accounting for

forward looking developers when estimating the supply of new development.

Resale Estimation. The structure of the resale supply model yields a standard log-shares

estimation equation:

In(s351) — In(s519) = (@ + f5, X )ps — CF — €0 = €9 (30)

331 parametrize w? = exp(wO + oY 4+ §JDt) and zp]l = + 1&,110“86XJ}-“’““
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where 33‘211 is the share of units selling constructed as the total transactions over the calibrated share

A" = 0.2 of the city stock considered selling in each period.
5.5 Price Elasticity of Housing Supply

Stock vs Flow of Housing. Before presenting the estimates of the price elasticity of housing supply,

lets fix ideas on what is being captured by each component of the supply side. The increase in the city

stock of housing is defined by new development quantities ﬁ*, whose elasticity is directly captured
by 1'. Conditional resale and new segments stock, the resale and new segment owners determine the
flow of transactions in each period stt. Both components matter for the counterfactuals of interest,

as equilibrium prices are determined by the supply of both resale and new development segments.

Price Elasticity of Housing Transactions. In the counterfactuals of interest, I'll simulate
permanent changes in the design of the voucher policy for which the relevant object is the change in
transacted quantities of each housing type. On the new development segment, the supply is determined
by (16) which is detemined by changes in stock by new development and the sales decisions of units
owners. As both components are forward looking, the supply elasticity of interest corresponds to the
long run elasticity of new development. On the resale segment, owners’ decisions are myopic so the

reaction to a permanent or temporary change in prices is equivalent.

Table 2 reports quantity weighted elasticities of housing transactions for a permanent 1% increase
in prices, for new and resale housing. Panel A shows the overall elasticities, the differences are by
an order of magnitude, with new development having a elasticity of 2.7 and resale housing having a
elasticity of 0.25. Panel B shows decompose by structure type, showing that the large elasticity of new
development is driven by apartments. This is expected, as the main cost for development is land, with
apartment buildings requiring much less land per unit relative to houses. The relative differences are
similar for resale housing, with apartments having a elasticity of 0.36 and houses having a elasticity
of 0.21.

Opportunities for Design. Panel C of Table 2 shows the elasticities by a discrete measure of
targeting, defined as the housing type being eligible for a voucher for at least one market. The results
show negligible differences between groups, both on average and its distribution. As documented in
Section 77, eligible and non-eligible types are strognly correlated with location with eligible units
concentrated in lower SES neighborhoods. This result have two important implications. For the
determinants of housing supply, this results show that-within a city-the heterogeneity in supply
elasticities is driven by physical attributes rather than location. For the design of homeownership
vouchers, this suggests room for lowering the price pass-through by policies that target the most

elastic segments. I will explore the effects of such policies in the following sections.
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Table 2: Quantity weighted supply elasticities

New Development Resale Housing

Mean (SD) Median p25 p75 Mean (SD) Median p25 p75
(1) 2 B (5) © (™M

Panel A: Overall

All 2.67 (0.98) 3.12 1.74 3.33 0.25 (0.16) 0.21 0.08 0.43
Panel B: By Structure Type

Houses 1.25 (0.51) 1.27 1.04 1.47 0.23 (0.11) 0.19 0.05 0.27

Apartments 3.07 (0.65) 3.23 3.04 3.36 0.36 (0.12) 0.31 0.17 1.09

Panel C: By Voucher Targeting
Targeted HT 2.68 (0.91) 3.12 1.85 3.31 0.19 (0.07) 0.17 0.09 0.32

Non-targeted HT ~ 2.65 (1.07) 3.11 1.64 3.40 0.21 (0.13) 0.18 0.12 0.36

Notes: New development elasticities are simulated using the estimated model; for a 1% increase in prices the unit
values are recovered solving a fixed point for the inventory problem, See Appendix D for details. Resale elasticities are
obtained in closed form. The sample comprises all housing types in the estimation sample, elasticities are quantity

weighted.

6. The Equilibrium Effects of Homeownership Vouchers

I use the estimated model to evaluate the equilibrium effects of the DS1 program on key outcomes
relevant for effectiveness: price pass-through, homeownership rates, and consumer surplus. To do so, I
compare the simulated housing market equilibrium under the DS1 program B! to a baseline without
the policy B°. The baseline serves as an efficient benchmark as there are no frictions in housing demand
or supply. The DS1 equilibrium replicates the program as in the data, with departures discussed in the
model and demand estimation sections. Relative to the baseline, the DS1 program awards vouchers
to households that delay their housing choices to receive them, with equilibrium prices and cutoff
scores clearing the market. These simulations hold all market primitives fixed, including households’
preferences and the costs of unit owners and developers. Details on the policies, simulation, and

outcomes considered in this section are provided in Appendix E.

Equilibrium Effects and Cost Effectiveness. Table 3 compares equilibrium outcomes under
the DS1 program relative to the baseline. Overall, the DS1 program increases housing prices by 1.5%,
new development by 0.9%, homeownership rates by 1.2%, ammounting to a 0.61 Marginal Value of
Public Funds (MVPF), meaning that each dollar of subsidy generates 0.61 in net welfare gains for
housing buyers and sellers. The policy significantly increases homeownership rates among beneficiaries;
by 41.4% for High, 15.1% for Medium, and 27.2% for Low voucher. Beneficiaries receive USD$445
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million in net transfers, around half of the policy cost. However, pecuinary externalities harm the
unsubsidized population, reducing homeownership rates by 0.3% amounting to a USD$243.7 million
surplus loss. Price increases lead to a USD$303 million gain in producer surplus for sellers, with
99% of the gains received by households selling their units and developers being almost indifferent.
Deadweight losses amount to USD$325 million, consistent with an scenario where demand is elastic

relative to supply.

The overall MVPF of 0.61 is in line with gains from policies that target adult populations in
the US (Hendren and Sprung-Keyser, 2020). However, this is a conservative measure for two reasons.
First, it does not consider potential gains from increasing the activity of the development sector or
potential tax revenues to the government from increased homeownership. Second, it does not consider
gains from homeownership that might not be fully internalized by households, such as increases in
consumption smoothing and wealth accumulation (Sodini et al.; 2023), or improvements in labor
and children’s future outcomes (Chetty et al., 2016; Van Dijk, 2019; Currie and Van Parys, 2025).%
Notably, even without incorporating these additional benefits, DS1 program’s MVPF is comparable
to Hendren and Sprung-Keyser (2020) estimates for US housing vouchers when accounting for labor
market gains (Jacob and Ludwig, 2012). In what follows, I exploit the richness of the model to

understand the mechanisms and distributional effects of the policy.

Voucher Concentration, New Development, and Price Effects. Panel B of Table
3 decomposes the effects accross vintage and structure type, and by targeted and non-targeted
segments-defined as housing types with baseline prices below the maximum price cap in at least
one market. Price increases are localized in the targeted resale segment, where prices increase by 3.9%

for houses and 2.9% for apartments.

Figure 6 shows the price (a) and quantity (b) effects of the DS1 program relative to the no-voucher
baseline, accoss baseline price segments. The increase in prices is concentrated in the most affordable
resale segments. There are two mechanisms at play beyond the voucher price caps and decreasing
discount schedules. First, beneficiaries have preferences for the most affordable resale housing segment,
as those units are located in their origin counties and they are the most price sensitive. When
subsidized, they become less price sensitive, so they do not substitute towards other segments even
though prices increase. This compounds with the fact that the resale segment is the least price elastic

segment.

On the new development segment, the price increase is significantly smaller, both for targeted
new apartments (0.8%) and houses (0.4%). This is driven by the reaction of developers to the demand

shock, increasing new development rates of targeted apartments and houses. Figure 6 shows the

34While accounting for such effects is beyond the scope of this paper, Fuenzalida et al. (2024) finds that DS1 marginal
winners increase children’s school attendance, grades, and graduation, though with reduced parental labor market
participation. Hendren and Sprung-Keyser (2020) estimates for the MTO voucher experiment Chetty et al. (2016)
go to infinite MVPF when accounting for effects on children’s future outcomes. 1 abstract from these effects as a careful
evaluation would require not only estimating the effects over the full distribution of voucher winners, but also accounting
for spillovers to the non-beneficiary population.
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Table 3: Equilibrium Effects of the DS1 Program Relative to the No-Voucher Baseline.

Panel A: Household Outcomes and Characteristics

Homeownership  Consumer Surplus Compensating Household Characteristics
Variation Price Sensitivity Homeownership Value Income
(A%) (&%) (MM USD) (Mean Pctl ;) (Mean Pctl h;) (Mean Pctl 2I"°)
By Voucher Status:
High 40.9 54.3 154.6 8.5 43.5 30.2
Medium 15.4 20.3 155.1 14.7 57.1 31.8
Low 27.1 36.6 136.8 17.9 29.5 37.7
Unsubsidized -0.3 -0.0 -243.0 54.3 51.0 52.0
Owverall 1.2 0.0 203.6 — — —
Panel B: Housing Market
Prices Producer Compensating Variation New Development
Targeted Non-Targeted Targeted Non-Targeted Targeted Non-Targeted
(A%) (&%) (MM USD) (MM USD) (&%) (A%)
By Housing Type:
New Apartments 0.8 0.0 35.9 0.2 2.3 -0.4
New Houses 0.4 -0.0 0.3 -0.0 -0.0 -0.5
Resale Apartments 2.9 0.0 57.0 0.8 — —
Resale Houses 3.8 0.0 207.3 0.6 — —
Owverall 2.7 0.0 300.5 1.5 2.2 -0.4
Panel C: Policy Outcomes
Policy Cost Deadweight Loss Marginal Value of Public Funds (MVPF)
(MM USD) (Share of Cost) Households ~ Households + Resale Owners Total Surplus
Overall 833.1 0.39 0.24 0.56 0.61
High 301.3 — 0.51 — —
Medium 322.4 — 0.48 — —
Low 209.4 0.65

Notes: This table presents counterfactual simulations of the DS1 homeownership voucher program under
the estimated demand and supply model. Panel A reports household-level outcomes and characteristics by
voucher status. All changes denoted by A% are percentage changes from the baseline equilibrium. Household
characteristics report mean percentiles of the respective distributions. Panel B shows equilibrium effects in
targeted segments, defined as housing types that have baseline prices below the maximum price cap for
at least one half-year. Changes in prices are quantity-weighted averages. Panel C presents the policy’s
fiscal cost, deadweight loss as a share of cost, and marginal value of public funds (MVPF), calculated as
the ratio of CV to Policy Cost for the respective group. See Appendix I for details on each outcome.

significant incrrease in new development transactions in the most affordable price segments. This
increase is not only absorbing subsidized demand, but also capturing demand from non-beneficiaries

substituting away from resale units.

Figure 6: Equilibrium Effects of the DS1 Program Relative to the No-Voucher Baseline.
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Voucher Targeting, Pecuniary Externalities, and Homeownership Rates. FIigure 6 shows
the changes in homeownership rates (c¢) and compensating variation (d) by voucher status and
income deciles. Pecuinary externalities are mostly borne by lower-income unsubsidized households,
as price increases are localized in the affordable segments they have preferences for. However, their
homeownership rates are not significantly affected, with the policy having net positive effects on

homeownership rates accross the income distribution.

How does the policy increase homeownership rates while subsidizing only 12% of potential
buyers and significantly increasing prices? Figure 7 shows the distribution of beneficiaries by baseline
ownership probability, price sensitivity, and ownership value. The answer is that the policy attracts
extramarginal households, those that are less likely to purchase a house without the voucher. This
not only explains why the policy has positive effects on overall homeownership rates, but also explains
why vouchers have such different effectiveness at transferring resources to households. Panel C of
Table 3 shows that the Low voucher is the most effective at transferring resources to beneficiaries,
transferring 65 cents per dollar spent while the Medium voucher only transfers 47. Although these
are the least generous vouchers and are awarded to higher-SES households relative to the High and
Mid vouchers, they attract households that are as unlikely to purchase without assistance as the High
voucher beneficiaries. The reason behind this is that it attracts households with a lower value for
homeownership and with a similar price sensitivity as the other vouchers’ beneficiaries. In the absence

of assistance, these households are the most likely to stay as renters.

Figure 7: Targeting of DS1 Program by Baseline Ownership Probablility, Price Sensitivity, and
Homeownership Value.
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7. Targeting vs. Price Pass-Through in the Design of Vouchers
In order to empirically quantify the trade-off between targeting and price pass-through in the

design of vouchers, I simulate budget-balanced variants of the DS01 program that aim to capture the

different dimensions of the trade-off:
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e All Low B or High BY%" Vouchers. I simulate budget-balanced variants of the DS01
program that reallocate the entire budget to either the Low or the High voucher while keeping
eligibility, scoring, and other features unchanged. This exercise serves two purposes. First, it
quantifies the trade-off between targeting and price pass-through. Compared with All-Low, the
All-High design has tighter eligibility and provides larger subsidies to lower-SES households,
but it also concentrates demand into a smaller housing-market segment, potentially amplifying

pass-through effects.

Second, the All-Low and All-High scenarios allow me to study the value of offering multiple
voucher alternatives as in the DS01 design. A menu can improve targeting when households have
unobserved preference heterogeneity: the Low voucher attracts less price-sensitive applicants,
reserving the High voucher for those who need greater assistance. If most heterogeneity is
observable, however, a single High voucher could suffice. Because cost-effectiveness ultimately
hinges on price pass-through, DS01 may still dominate if the All-High design amplifies

pass-through even while improving observable targeting.

e Vouchers for New Housing BV*". This policy consists of the DS01 voucher menu with the
added restriction that vouchers can be used only to purchase newly built units. Because supply
in the new segment is much more price-elastic than in the resale market, channeling demand here
should dampen price pass-through and improve cost-effectiveness. However, the composition of
subsidized households may change significantly, potentially reducing targeting and effectiveness

in raising homeownership rates.””’

The differences between the DS01 and the All-Low and All-High policies allow for a deeper
understanding of the trade-off between targeting and price pass-through, as well as the value of
screening through a voucher menu. On the one hand, the All-High policy mechanically improves
targeting, as all the resources are used to award the most generous and restrictive vouchers to low-SES
households—up to the 40% of the most socially vulnerable households according to the SVS. On the
other hand, the All-Low policy offers the least generous and least restrictive vouchers to low- and
middle-SES households—up to the 90% of the most vulnerable households.

In the absence of equilibrium price adjustments, the results from the previous section would
suggest that the All-High policy would be more effective than the DSO1 policy at increasing
homeownership rates, as the increase in homeownership rates was driven by the households that were
awarded the High voucher. However, considering the equilibrium price adjustments might flip this
conclusion, as results also showed that the increase in housing prices was driven by the resale housing
segment, which is the preferred housing type of low-income households. Which effect dominates
depends on the interaction between households’ voucher and housing choices as well as the supply-side

response.

35This counterfactual is also policy-relevant: similar designs have been implemented in other countries, such
as Colombia’s Mi Casa Ya, which provides means-tested, rationed vouchers exclusively for affordable new housing
developments.
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Targeting, Price Passthrough, and Policy Effectiveness. Panel A of Table 7?7 shows that
relative to DS01 the All-High policy is almost equally effective at increasing homeownership rates
(18.4% vs. 19.2%), almost triples the price pass-through (11.5% vs. 4.4%), and raises both the overall

policy cost and the cost per extra homeowner by more than 10%.

Panel B shows that the All-High policy outperforms DS01 only in overall targeting. However,
the costs for the non-applicant households are significantly higher, both on the consumer surplus and
homeownership rates. This causes prices for resale houses and apartments to almost double relative
to the DSO1 policy. This is underscored by the increase in the compensating variation necessary to
leave the non-applicant households indifferent to the policy, which increases from USD$52.3 million
under the DS01 to USD$380.5 million under the All-High policy.

Panel C sheds light on the mechanisms behind these results. Because 86% of vouchers are used
in the resale segment, the demand shock is heavily concentrated there. Notably, even though a small
fraction of vouchers are used in the new development segment, the price pass-through is similar to

that under DSO01; this similarity reflects demand-substitution effects.

On the other hand, the All-Low policy less effective than the DS01 policy at increasing
homeownership rates (15.4% vs 19.2%), however it reduces the cost per extra homeowner by around
30%. At the same time, it significantly increases upward mobility from 6.3% to 12.2%, reducing the
cost per mover by a third relative to the DS01 policy (USD$3,394 vs. USD$4,273). The ex-post cost
of the policy is reduced by almost half.

Panel B sheds light on the mechanisms behind these results, highlighting how greater
cost-effectiveness comes at the expense of weaker targeting. The All-Low policy targets households
with a price sensitivity below the median of the population, even lower than non-applicant households.
This is explained by the fact that a lower subsidy is not enough to attract the most vulnerable
households, even though they are prioritized by the scoring rule. The policy also attracts households
with a higher value for homeownership. Taken together, the All-Low policy is attracting a significant

share of inframarginal households, which explains the reduction in the impact on homeownership rates.

Panel C explains why the price pass-through is lower than in the DS01 policy, as the vouchers
are more intensively used in the new development segment. However, the effect on prices is lower, as
developers react to the increase in demand by constructing more new apartments and houses relative
to the DSO1 policy. In particular, the development of new apartments increases by a third relative to
the DS01 policy, from 6% to 8%.

The Value of Offering a Voucher Menu. Overall, the DS01 policy strictly dominates the All-High
policy in all demand-side outcomes and cost-effectiveness, the All-High policy only performs better
in terms of overall targeting. The All-Low policy leads to higher mobility and lower costs per extra
homeowner, but at the cost of a lower impact on homeownership rates and a less effective targeting.
While I don’t rank policies in a single dimension, the DS01 policy achieves similar homeownership

rates as the All-High policy at a lower cost, while performing better than the All-Low policy in terms
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of homeownership rates and targeting.

The value of offering a menu of alternatives to screen households is well understood in economics.
For the context of housing vouchers, these results show that multiple alternatives can improve targeting
while reducing voucher-induced price pass-through. On top of that, it underscores the relevance of
jointly designing multiple kinds of assistance, as households take-up choices depend on all the types
of available assistance for them, and their sorting affect the equilibrium effectiveness of each type of

assistance.
7.0.1 Heterogenous Supply Price Elasticities and the Opportunities for Policy Design

The previous section highlighted the importance of considering equilibrium price adjustments
when designing homeownership vouchers. In the supply estimation, I find significant heterogeneity
in the supply price elasticities across housing segments. This result suggest that there is space for
a better design, as policymakers could restrict the use of vouchers in segments with a more elastic
supply response, leading to a lower price pass-through. However, this might affect the targeting of
the policy, as the value of assistance would be reduced for households for preferences for the restricted

segments.

In practice, it might be unfeasible to implement choice restrictions based on estimates of supply
price elasticities, as it might seem arbitrary to households. However, in practice, some homeownership
assistance programs are restricted to new developments, such as the Colombian homeownership subsidy
Mi Casa Ya. Inspired by this policy and the empirical finding that the new housing segment is
significantly more elastic than the resale housing segment, I simulate a policy that consist on the

DS01 program adding the restriction that vouchers can only be used to purchase new housing units.

Supply Price Elasticities, Targeting, and Effectiveness. Panel A of Table 7?7 shows that
the DS01 Only New policy outperforms the DSO1 policy in all dimensions. It leads to higher
homeownership rates (23.4% vs. 19.2%) at less than half the cost per extra homeowner, and to
three times more upward mobility (21.1% vs. 6.3%) at a fourth of the cost per mover. The overall

cost of the policy is reduced by around 30%.

However, Panel B shows that this comes at the cost of significantly lower targeting, even when
compared to the All-Low policy. The DS01 Only New policy attracts households with a lower mean
price sensitivity and higher value for homeownership relative to the non-applicant population. With
the significant increase in homeownership rates mostly driven by the increase in voucher use, as the
combination of lower price sensitivity and reduced out-of-pocket prices makes the subsidized households

very unlikely to not purchase a house.

Panel C shows that developers react to the increase in demand by significantly increasing the
new construction of apartments (from 6% to 12%) and houses (from 1% to 7%) relative to the DS01
policy. This is what explains the price pass-through being reduced by half relative DS01 policy, as

the increase in supply leads to a lower equilibrium price increase. This also explains the effectiveness
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of the policy in increasing homeownership rates, as the pecuniary externalities on the unsubsidized

population are significantly lower than in the DS01 policy.

These results highlight the potential of using supply-side information to design more effective
homeownership assistance programs. However, there is no silver bullet, because choice restrictions

might significantly weaken policy targeting.

8. Conclusion

Although widely adopted, the effectiveness of vouchers to increase homeownership rates is still
debated. Designing effective policies requires understanding both housing segment price equilibrium
adjustments and how to screen inframarginal households. Equilibrium price adjustments depend
on the supply elasticity of each segment and aggregate demand for them. Targeting and rationing
vouchers requires understanding the preferences of intended and unintended beneficiaries to design
vouchers and allocation rules that maximize take-up from intended beneficiaries. However, improved
targeting correlates beneficiaries’ preferences more strongly, concentrating the subsidy shock in their
preferred segments and potentially amplifying inflationary effects. The success of a policy at increasing
homeownership rates depends on both the composition of beneficiaries and how the housing market

adjusts.

In this paper, I have developed a competitive equilibrium model of a homeownership market to
provide guidance on designing targeted and rationed voucher policies. First, I use the model to evaluate
the aggregate and distributional effects of large-scale voucher policies. I show that targeted vouchers
increase homeownership rates while raising prices, with increases in new development—the most elastic
segment—playing a key role in buffering inflationary effects. Second, I quantitatively evaluate the
trade-off between increasing targeting and reducing price pass-through. Both strictly targeted and
loosely targeted policies are dominated by the DS1 policy, which offers voucher alternatives with
different means-testing levels. Offering less generous but less restrictive vouchers to higher-SES
households enables targeting the most generous vouchers to the poorest households. Finally, I
evaluate voucher policies that restrict voucher use to the most elastic housing segments. These
policies significantly increase cost-effectiveness by reducing price pass-through, but ultimately target

households with preferences for these segments rather than those most in need of assistance.

This analysis of the homeownership market does not investigate potential strategic responses of
developers in pricing and development decisions. Future research could incorporate this margin, as
developers may respond by building more lower-quality units or capturing assistance rents through
price increases. Another abstracted margin is households’ understanding and beliefs about the
trade-offs involved in applying for vouchers. Access to information on households’ beliefs would allow
exploration of whether different allocation mechanisms have implications for who receives assistance,

potentially improving targeting.
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A Extra Tables and Figures

A.1 Background and Data Sources

Table A.1: Voucher Use and Policy Costs over Time

Panel A: DS1 Vouchers

Total Awarded

Eligible Transactions (%)

Eligible Transactions Subsidized (%)
Mean Subsidy Share of Price

Panel B: Beneficiaries’ Choices
Share Used (%)
Share Changes County (%)

Price (UF) 670.0 714.3 704.4 873.2 857.6 850.3 1,446.5 1,251.2
(165.6) (143.4) (147.5) (250.0) (246.0) (244.6) (394.7) (457.5)

Size (m?2) 44.9 51.2 50.0 48.3 50.7 50.1 50.3 51.1
(12.3) (17.3) (16.7) (14.6) (19.3) (18.3) (15.1) (20.7)

House (%) 63.7 56.6 58.3 69.6 50.9 53.9 47.6 42.7
(48.1) (49.6) (49.3) (46.0) (50.0) (49.8) (49.9) (49.5)

New (%) 0.5 19.6 15.6 14.0 26.6 23.9 48.4 35.9
(6.9) (39.7) (36.3) (34.7) (44.2) (42.6) (50.0) (48.0)

Neighborhood Share College Educated (%) 22.5 23.3 21.1 24.8 29.3 27.1 33.4 40.2
(10.8) (19.9) (18.9) (11.2) (22.7) (21.8) (15.7) (24.7)
Total Transactions 13,721 50,168 64,056 14,953 119,036 150,394 20,211 249,316

High Medium Low
22606 22117 31150
11.7 274 53.5
214 9.9 6.9
78.0 50.5 16.9
60.7 67.6 64.9
39.4 43.8 53.7

Subsidized Unsubsidized Eligible Subsidized Unsubsidized Eligible Subsidized Unsubsidized Eligible

1,221.2
(460.9)

50.7
(19.9)
45.2
(49.8)
34.4
(47.5)
38.2
(24.7)
293,571

Notes: Variable construction detailed in Appendix B. Eligible transactions are defined as transactions in Santiago below
each voucher’s price cap at the time of signing the contract. The share of college educated households correspond to the

census tract level.
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Table A.2: Characteristics of Winner, Applicant, and Eligible Households

Winners Applicants Eligible

Mean SD P25 P75 Mean SD P25 P75 Mean SD P25 P75

Income Percentile 43.5 276 19.0 67.0 43.6 27.7 19.0 69.0 508 293 250 77.0

High 182 154 7.0 240 26.0 19.0 11.0 36.0 47.5 28.7 23.0 72.0
Medium 39.2 18.8 25.0 51.0 47.0 203 32.0 62.0 50.0 285 250 75.0
Low 67.4 19.2 55.0 83.0 73.7 173 64.0 87.0 481 283 23.0 72.0
Family Size 2.7 1.2 2.0 4.0 2.3 1.1 1.0 3.0 3.1 1.6 2.0 4.0
High 3.2 1.2 2.0 4.0 2.5 1.0 2.0 3.0 3.1 1.6 2.0 4.0
Medium 2.9 1.1 2.0 4.0 2.5 1.1 2.0 3.0 3.1 1.6 2.0 4.0
Low 2.1 1.1 1.0 3.0 1.7 1.0 1.0 2.0 3.1 1.6 2.0 4.0
Has Children (%) 722 448 61.2 487 54.5  49.8
High 86.4 34.3 73.1  44.3 54.9 49.8
Medium 82.2 38.3 68.2 46.6 53.6  49.9
Low 53.4 49.9 34.1 474 55.4  49.7
Age 36.3 10.6 28.0 42.0 36.5 11.5 28.0 43.0 44.1 149 32.0 54.0
High 38.2 123 29.0 44.0 38.0 129 27.0 46.0 440 149 32.0 54.0
Medium 36.4 10.2 28.0 43.0 36.1 105 28.0 43.0 43.8 14.8 32.0 54.0
Low 34.7 89 28.0 40.0 33.8 86 28.0 38.0 44.1 149 32.0 54.0
N Winners N Applicants N Applications
Overall 74,659 137,361 217,586
High 24,160 65,469 111,993
Medium 21,083 34,139 44,807
Low 29,416 45,657 60,786

Notes: The applicant and winner sample consist of all households that applied for a DS01 voucher between 2012 and
2018. Winners are applicants that were awarded a voucher, applicants comprise all submitted applications. Eligible
sample comprise all households in RM accross CASEN surveys, with eligibility for each voucher defined according to
Appendix B.
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Figure A.1: Voucher Winners due to Repeated Applications
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Table A.3: DS1 Menu Updates and Assigned Markets

Discount Schedule Price Cap  Update date = Half-Year Assigned

Low
max{100, min{800 — 0.5p, 300} } 2,000 May 2012 [2012-1,2015-2]
max{125, min{725 — 0.375p, 350} } 2,000 December 2015 [2016-1,2016-2]
max{125, min{725 — 0.375p, 350} } 2,200 2016 [2017-1,2018-2]

Medium

min{800 — 0.5p, 500} 1,000 May 2012 [2012-1,2013-2]
min{800 — 0.5p, 500} 1,200 August 2013 [2014-1,2015-2]
min{725 — 0.375p, 500} 1,400 December 2015 [2016-2,2018-2]

High
min{800 — 0.5p, 500} 800 August 2013 [2014-1,2015-2]
500 1000 December 2015  [2016-2,2018-2]
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Table A.4: DS1 Eligibility Requirements

Socioeconomic Threshold  Savings (UF) Income Limit (UF)

Half-Year Assigned

Low
— 50 60
— 50 60t
RSH < 90%f 80 60+
RSH < 90% 80 601*
RSH < 90% 80 —
Medium
FPS < 13,484 30 40
FPS < 13,484 30 40*
13,484 age < 60
FPS < 30 40*
14,557 o.w.
T
80% age < 60
RSH < 40 40%
90% o.w.
80% age < 60
RSH < 40 —
90% o.w.
High
FPS < 11,734 30 25
FPS < 11,734 30 25+
11,734 age < 60
FPS < 30 25+
14,557 o.w.
T
60% age < 60
RSH < 30 25%
90% o.w.
60% age < 60
RSH < 30 —
90% o.w.

[2012-1,2014-1]
[2014-2, 2015-2]
[2016-1,2016-2]
[2017-1,2017-1]
[2017-2,2018-2]

[2012-1,2014-1]
[2014-2, 2015-1]

[2015-2, 2015-2]
[2016-1,2016-2]
[2017-1,2018-2]
[2014-1,2014-1]
[2014-2,2015-1]
[2015-2, 2015-2]
[2016-1,2016-2]

[2017-1,2018-2]

*Family-size adjusted (RE 3818): base + 8 x max{0,n — 3} UF, n < 7.

"Hybrid period: returning applicants (2014-15) could use FPS thresholds.

*Only applies if no RSH or RSH > 90%.
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Table A.5: DS1 Scoring Components

[2012-1,2013-1]  [2013-2,2015-2] [2016-1,2016-2] [2017-1,2018-2] CASEN

Panel A: Common Components

Family member*" 40 40 40 40 v
Single parent 35 35 35 35 v
Child < 5 yrs*® 30 30 30 30 v
Child 6-18 yrs*" 20 20 20 20 v
Age > 60 (applicant) 30 30 100 150 v
Age > 60 (other)*” 30 30 30 30 v
Disability *" 30 30 30 30 v
Destroyed housing — — 50 50 X
Crowding index' — — — 0-270 v
Torture victim 100 100 100 300 X
Military service™™ 20 20 20 20 X
Firefighter*" — — 40 40 X
Correctional officer — — 40 40 X
Panel B: Voucher-Specific Components
Socioeconomic* X
High/Medium (F—F)/50 (F — F)/100 — —
Low (@3 —F)/50 (@3 — F)/100 — —
Savings$ X
High/Medium 1/0.5/0.1 2/1/0.5 2/1/0.5 4/2/1
Low 1/0.5/0.1 2/1/0.5 2/1/0.5 2/1/0.5

Notes: Constructed from DS N° 1 Law (V. y U., 2011) and subsequent modifications. Columns report selection score
components by period, Panel A and B report common and voucher specific score components respectively. CASEN column
indicates whether the component is an observable (v') or not (x) in the CASEN dataset, not observable components are

predicted.

*™ Score per household member.

*F = TI eligibility threshold, F' = applicant FPS, Q3 = national 3rd quintile FPS cutoff.
TPersons/bedrooms: <2 (0), 2-2.5 (45), 2.5-3 (90), 3-3.5 (135), >3.5 (270).

$Points per UF above voucher minimum savings requirement at tiers 0-100 / 100-200 / 200+ UF.
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Table A.6: DS1 Calls and Winners Aggregation

Call Number

Call Open Date

Assigned Half-Year of Application

First Purchase Date

Assigned Half-Year of Voucher Award

2012-1
20122
2012-3
20131
2013-2
2013-3
20134
2013-5
2014-1
2014-2
2014-3
2015-1
2015-2
2016-1
2016-2
2017-1
20172
2018-1
2018-2

03/22/2012
06/28,/2012
11/05/2012
03/25/2013
07/01/2013
08/01/2013
09/02/2013
10/02/2013
03/18,/2014
07/08/2014
11/06/2014
05/18/2015
11/10/2015
04/18/2016
11/03/2016
05/15/2017
09/01/2017
04/09/2018
11/07/2018

2012-1
2012-1
2012-2
20131
2013-1
2013-2
2013-2
2013-2
2014-1
2014-2
2014-2
2015-1
2015-2
2016-1
2016-2
2017-1
20172
2018-1
2018-2

08/09/2012
11/08,/2012
03/21/2013
08/14/2013
12/05/2013
12/12/2013
02/20/2014
03/06/2014
08/13/2014
11/20/2014
03/26,/2015
09/04,/2015
04/07/2016
09/22/2016
04/06/2017
09/28/2017
01/18,/2018
09/27/2018
03/21/2019

2012-2
20122
20131
2013-2
2013-2
2014-1
2014-1
2014-1
20142
20151
2015-1
20152
2016-1
20162
2017-1
20172
2018-1
2018-2
2019-1
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Table A.7: Transaction Characteristics Subsidized vs Eligible

A.2 Descriptive Results

Unit Price (UF) Size (m?) House New Construction Share College Ed.

High Medium Low High Medium Low High Medium Low High Medium Low High Medium Low
Subsidized transaction -19.83*** 74 14%** 173.60%** 24506k 1. 78%** Q.17  -0.07FFF  0.04¥F*  0.05%**  -0.09%FF  -0.02*¥*  0.11%FF  -0.04%F*  -0.02%FF  -0.01%**

(4.36)  (3.98) (7.78)  (0.23)  (0.25)  (0.31)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  (0.01)  (0.00)  (0.00)  (0.00)
Observations 64,052 150,391 293,568 64,052 150,391 293,568 64,052 150,391 293,568 64,052 150,391 293,568 64,052 150,391 293,568
Adjusted R? 0.234 0.295 0.354 0.162 0.124 0.155 0.326 0.448 0.560 0.501 0.496 0.488 0.573 0.655 0.689
Control mean 713.45 850.63 1207.35 50.92 50.22 50.69 0.57 0.52 0.45 0.18 0.25 0.33 0.23 0.28 0.38
Fized Effects
Market-County FE v v v v v v v v v v v v v v v
Price v v v v v v v v v v v v
Size v v v v v v v v v v v v
House v v v v v v v v v v v v
New v v v v v v v v v v v v
Sh. College v v v v v v v v v v v v

Notes:
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Table A.8: Demographics Regression

Dependent Variable

Used Voucher

Unit Price (UF)

Size (m?2)

House

New Construction

Change County

Dist. City Center (km)

Sh. College Ed.

High
Income Percentile (std.)
Family Size
Has Children
Age (std.)
Observations
Adjusted R?
Mean Dep. Var.

-0.012* (0.006)
-0.025%** (0.003)
0.018 (0.014)
-0.039*** (0.003)
22,563
0.080
60.7

45.266*** (2.662)
3.474%%* (1.331)
22.331%** (6.027)
0.785 (1.478)
11,277
0.386
669.9

-0.098 (0.256)
-0.202%* (0.124)
-0.722 (0.542)
0.321** (0.131)
11,277
0.045
44.9

-0.006 (0.009)
0.014%** (0.005)
0.043** (0.020)
0.021%** (0.005)

11,277
0.099
63.7

0.001 (0.002)
-0.000 (0.001)
-0.003 (0.003)
-0.001 (0.001)
11,277
0.013
0.5

-0.001 (0.009)
0.005 (0.004)
-0.043** (0.019)
-0.020%** (0.005)
11,277
0.228
39.4

-0.086 (0.107)
0.194%%* (0.056)
-0.334 (0.234)
-0.217%** (0.060)
11,277
0.439
16.0

-0.000 (0.002)
-0.000 (0.001)
-0.001 (0.004)
0.001 (0.001)
11,277
0.421
225

Medium
Income Percentile (std.)
Family Size
Has Children
Age (std.)
Observations
Adjusted R?
Mean Dep. Var.

-0.024%** (0.006)
-0.022%%* (0.004)
-0.011 (0.011)
-0.030%** (0.004)
20,030
0.082
66.6

88.682%%* (3.890)
35.772%%% (2.332)
48.379%** (6.462)
-19.462%** (2.166)
11,459
0.407
880.8

-0.014 (0.312)
-0.043 (0.187)
0.486 (0.438)
0.558*%* (0.152)
11,459
0.041
48.3

0.027%** (0.008)
0.039%** (0.005)
0.021 (0.013)
0.005 (0.004)
11,459
0.272
70.0

0.007 (0.005)
-0.009%** (0.003)
-0.017* (0.009)
-0.009%** (0.003)

11,459
0.347
13.0

-0.020%* (0.009)
-0.015%** (0.005)
-0.054*** (0.015)
-0.016%** (0.005)
11,459
0.212
43.7

-0.291%%% (0.104)
0.090 (0.062)
0.056 (0.177)

-0.261%** (0.059)

11,459
0.416
14.5

-0.001 (0.002)
-0.002** (0.001)
-0.009%** (0.003)

0.001 (0.001)

11,459
0.330
24.7

Low
Income Percentile (std.)
Family Size
Has Children

0.015%* (0.007)
-0.018%** (0.004)
-0.019%* (0.008)

263.721%%* (6.868)
83.127%%% (4.177)
45.273%%* (7.312)

-0.318 (0.397)
-0.204 (0.211)
-0.071 (0.324)

-0.012* (0.007)
0.049%** (0.005)
0.011 (0.008)

-0.022%** (0.007)
-0.017%** (0.005)
-0.009 (0.008)

-0.020%* (0.009)
-0.019%%* (0.006)
-0.020% (0.011)

-0.351%%% (0.104)
0.174** (0.070)
0.790%** (0.125)

0.011%%* (0.002)
-0.002* (0.001)
-0.022%¥* (0.003)

Age (std.)  -0.053*%** (0.003)  -62.198%** (3.172)  0.464*** (0.148)  -0.013*** (0.004)  -0.015*** (0.004) 0.000 (0.005) -0.156%** (0.052) -0.003** (0.001)
Observations 28,639 16,397 16,397 16,397 16,397 16,397 16,397 16,397
Adjusted R? 0.034 0.375 0.095 0.541 0.528 0.176 0.525 0.443

Mean Dep. Var. 64.4 1457.3 50.1 475 484 53.8 11.6 33.1
Controls
Price v v v v v v
Size v v v v v v
House v v v v v v
New v v v v v v
County Origin FE v v v v v v v v
Award Date FE v
Award x Purchase Date FE v v v v v v v

Note: Robust standard errors in parentheses.

* p<0.01, ** p<0.05, * p<0.1



A.3 Estimation Sample

Table A.9: Housing Types Comparison

Considered Transactions % Diff

Number of Observations

Overall 505,220 549,057 8.7
High SES Cluster 192,717 207,965 7.9
County Cluster 119,460 136,772 14.5
Low SES Cluster 193,043 204,320 5.8
Price (UF)
Overall 3104 3284 5.8
High SES Cluster 4212 4401 4.5
County Cluster 1677 1849 10.2
Low SES Cluster 2881 3109 7.9
Size (m?)
Overall 68.8 69.0 0.3
High SES Cluster 78.8 78.9 0.0
County Cluster 58.5 59.5 1.8
Low SES Cluster 65.1 65.3 0.3
House (%)
Overall 42.3 41.4 -2.0
High SES Cluster 41.2 40.8 -0.9
County Cluster 53.3 49.8 -6.6
Low SES Cluster 36.6 36.5 -0.2
New (%)
Overall 35.0 34.6 -1.0
High SES Cluster 38.3 38.5 0.4
County Cluster 35.0 33.3 -4.8
Low SES Cluster 31.5 31.5 0.0

Notes: Table compares housing types considered in estimation (weighted by transactions per type) with actual
transaction data for estimation markets (2012-2018). % Diff calculated as (Transactions - Considered) / Considered X
100.
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A.4 Demand Estimation Results

Table A.10: Demand Estimates

Common Demographic Interactions

Income Age Family Size Children

Panel A: Utility Parameters

Price (UF100) «  -13.95 0.01 0091 0.60 -0.19
(2.09) (0.00)  (0.18) (0.12) (0.04)

House pHouse -2.95 0.13  -0.65 -0.20 3.45
(0.00) (0.05)  (0.19) (0.08) (1.21)

New gNew 3.59 3.71  -1.39 -3.77 2.20

(1.01) (1.22)  (0.46) (1.24) (0.73)

Size (10 m?) pSize 3.19 -0.00  0.07 -0.04 -0.19
(0.80) (0.00)  (0.02) (0.02) (0.06)

Same County SMo¢ 20.80 -0.63  0.17 0.33 4.20
(3.74) (0.14)  (0.04) (0.07) (0.92)

Homeownership g, 74 -38.94 -0.93 -0.34 0.90 -5.59
(5.84) (0.19)  (0.07) (0.18) (1.12)

Panel B: Unobserved Heterogeneity
Price o, 0.02
(0.00)

Homeownership o, 1.27
(0.45)

Notes: Common coefficients for housing attributes (House, New, Size) come from the second-stage, standard errors are
clustered by housing type. All other coefficient come from the first-stage, standard errors computed using the Fisher
information matrix. All Non-price parameters are expressed in 100 UF units (scaled by 10/|ag|) for interpretability.

Income corresponds to 100UF annual income, age to decades, family size to number of members, and children to binary

indicator.
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A.5 Supply Estimation Results

Table A.11: Inventory Estimates

OLS v
(1) (2)
Price dynamic (UF$100) -0.004 0.189**
(0.005) (0.082)
Housing Type FE v v
Market FE v v
Observations 761 761
F-Stat - 17.69

Notes: Estimates from 2SLS regression equation (28) using (AP®*Q;; —
APS1Qj141) as instruments for the price difference term. The sample
consist of 63 housing types across 14 markets, shares of sales are the
ration of observed transactions over the total stock in the development
survey data. Standard errors in parentheses are clustered at the housing

type level.

Table A.12: Development Estimates

OLS v OLS v
(1) (2) (3) (4) (5) (7) (8)
Log Price (UF$100) -0.574*  -0.122  3.615"*  4.246**
(0.191)  (0.222) (1.148) (1.413)
Log Price (UF$100) x House -1.099** -2.116**
(0.161) (0.525)
Log II -0.433  0.038  5.521*  6.370*
(0.484) (0.546) (1.214) (2.857)
Log II x House -1.085* -2.670**
(0.443) (1.018)
Housing Type FE v v v v v v v v
Market FE v v v v v v v v
Observations 761 761 761 761 761 761 761 761
F-Stat - - 21.79 19.12 - - 20.91 18.41

Standard errors in parentheses are clustered at the housing type level. * p < .1, * p < .05, ** p < .01
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Table A.13: Used Housing Supply Estimates

OLS v

(1) (2) (3) (4)
Price (UF$100) -0.003*  0.009**  0.005* 0.028**
(0.001)  (0.002) (0.003) (0.004)
Price (UF$100) x House -0.009** -0.08**
(0.002) (0.006)

Housing Type FE v v v v

Market FE v v v v
Observations 2030 2030 2030 2030
F-Stat - - 137.90 117.01

Standard errors in parentheses

*p<.1,* p<.05 * p<.0l
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B Data Appendix

Aggregation to half-years. Table A.6 maps each application call to half-year periods for both
applications and voucher awards. I assign calls to half-years based on when applications opened;
awards are assigned to the half-year containing the first observed purchase date, which proxies for
when winners could begin using vouchers. When multiple calls occur within a half-year, I pool them
and assign awards to the following period. This aggregation is minimal: DSO01 follows a roughly
biannual pattern throughout most of the study period, with one or two calls per half-year and awards

typically occurring in the subsequent period.

Predicting eligibility and scores in the population. I estimate voucher eligibility and priority
scores for the general population using Chile’s CASEN household survey (2011, 2013, 2015, 2017).
CASEN is a representative at the regional level; containing expansion factors that account for
changes in the population size and composition. I observe household income, family composition
(number of members, sex and age of household head, presence of disabilities), county of residence, and
homeownership status (owner vs. renter). However, CASEN does not contain the SVS, savings, or
other variables that affect eligibility or priority scores. When possible, I compute scores or eligibility
directly from observed demographics; the remainder requires prediction. See Tables A.4 and A.5 for

eligibility requirements and scoring components, and Appendix F for institutional details.

Social Vulnerability Score. The FPS (Ficha de Proteccién Social) is a continuous score that
combines household income, assets, housing characteristics, and demographic composition through
a weighted formula designed as a proxy means test (Larranaga et al., 2014). The challenge is that
CASEN does not contain all variables required to construct the FPS directly. Since the mapping
from observables to the FPS is a nonlinear combination of household characteristics, a Random
Forest regressor is well-suited to approximate this function. I train the model on actual DSO1
applicants—whose FPS scores are observed in administrative data—using characteristics available
in both datasets: log income, demographics (age, sex, family size), children by age group, elderly and
disabled household members, single-parent status, and county indicators. I then apply this model to
CASEN households to obtain predicted FPS scores.

For the RSH (Registro Social de Hogares) regime (2017+), eligibility depends on discrete
thresholds (<60%, 60-80%, 80-90%) rather than the continuous score, and RSH does not contribute
to priority scores. I train a Random Forest classifier to predict the RSH threshold group using the

same observable characteristics, which suffices for eligibility determination.

Eligibility determination. Eligibility depends on socioeconomic thresholds (FPS points or RSH
percentiles), income limits with family-size adjustments, age-based exceptions, and homeownership
status. I apply the income thresholds, age exceptions, and homeownership restrictions observed in the
administrative data to CASEN households. SVS elegibility is determined by the predicted SVS score,

for each respective period.
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Priority score prediction. Priority scores are predicted separately by period and voucher
type, following the scoring regimes in Table A.5. For score components directly observable
in CASEN—family composition, children by age group, elderly household members, disability,
crowding index, and single-parent status (see “CASEN” column in Table A.5)—I compute them
deterministically using the documented point values. 1 predict only the remaining unobserved
components (socioeconomic score component, savings, and special status indicators) as a single residual

using a Random Forest regressor trained on actual applicant scores within each regime.

Of course, all these steps suffer from selection bias, as the model is trained on DS01 applicants and
applied to the general population. However, there are many reasons for which this is mitigated. First,
the predicted SVS and scores are defined by mathematical formulas and the missing demographics
are largely functions of demographics that are highly correlated with observables (e.g., occupation
correlates with income, age, gender, and county of residence). Second, both elegibility and scores
are mostly determined by observable demographics (i.e., its unlikely to observe highly vulnerable

households with high income).
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C Demand Estimation Appendix

C.1 Sample definition and assumptions
[Update Tables]

C.2 Selection Corrected Mixed Data Likelihood Estimator

C.2.1 Intuition from the ideal case

To build intuition, let’s assume that microdata is available for all households. That is, we
observe every household that arrives to the homeownership market, their sequence of voucher and

housing choices (b, j:th), and their demographics z; = {Zit}te[t%th]'g(j

Each household ¢ arrives in period t¢ and begins making choices. Each period ¢, eligible
households that have not received a voucher nor made a housing choice, decide whether to apply
for a voucher b € B;; or not b = 0. Households that decide to not apply for a voucher make a
housing choice at tf = t¢, and households that are awarded a voucher make a housing choice in
period t? > t¢. Then, for each applicant household 7, I observe the sequence of voucher applications
by = {b},},crs where TP = {t¢,...,t%} is the set of periods between arrival and winning a voucher.”’
For non—applgcant households, I only observe one voucher choice b}, = 0. For all households, I observe

h

7

one housing choice j;‘th in the period they make a housing choice ¢, which is either the period of

arrival ¢ or the period in which they are assigned to use the voucher.

The relevant probability for the likelihood is the probability of observing a sequence of choices

(b, jz’tﬁ?) given the observed characteristics z; and voucher status b;n:

B : B

P, cr (05 (o v €) b, (s B vio €622, i, T2, ) (C1)
where the subscripts of the probability denote the unobserved parameters for which I will need to
integrate over. Note that the actual probability of observing such a sequence includes the winning
probabilities (i.e., repeated applications) and the probability of being assigned to use a voucher in
period t? (i.e., exogenous period of housing choice). I restrict attention to the probability given
(TiB , t?), as winning probabilities and housing assignment probabilities do not depend on the preference

parameters so they will integrate out of the likelihood.

Given the model assumptions, the application and housing choice probabilities are conditionally
independent. That is, conditional on households preferences, there is no correlation between the

voucher and housing choices (i.e., there is no systematic individual preferences for a voucher, and

361n the model, I assume that households do not internalize the evolution of z;; over time, so this can be treated as
€X0genous.

37 Adding exogenous departure is straightforward, currently, the idiosyncratic tastes for vouchers make departure of
the system happen randomly or by changes in preferences or voucher design.
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voucher status does not change households preferences beyond discounts and choice restrictions).
Therefore, the probability of observing a sequence of choices (b}, ;) in periods (TP,th) is given by

the product of the voucher choices and the housing choice probabilities:

B - H
11 P, 8 (b5 (zit, vi, €73 0)) | X P e, (Tign (gt Vi €34n by 0))
teTh :

Let 8 = {a, 35,75, 0,0} be the vector of parameters of interest, note that the mean utilities ;¢

are treated as parameters. The individual contribution to the likelihood at parameters 6 is given by:

Li(0) = H qhi(zie, 3 0) | x qg*th(zit?, bign, v; 0)dF(v)
teTP

Housing choice in t?

Voucher choices in TiB

where ¢® and ¢ are the model implied choice probabilities (11) and (4) respectively, and b* and j*

indicate the observed voucher and housing choices.

Voucher Choice Model as Weight for the Distribution of Unobserved Characteristics. The
key insight is that the voucher choice probabilities control for the endogeneity of the voucher status
b;:n. Note that in the model, vouchers have no intrinsic value, as a result, there is no parameters in ¢”
that are not in ¢. We can think of the product of the voucher choice probabilities as weights for the
distribution F'(v) of unobserved characteristics. To fix ideas, imagine there are only two alternatives:
one voucher and no voucher, and we have two identical ¢ up to their unobserved characteristics v;
and with different voucher status. If we were only matching the housing choice probabilities, we
would integrate over the same distribution F'(v) for both households. However, when matching the
voucher choice probabilities, the likelihood would penalize values of v for which it is unlikely that each
household ends up with their respective voucher status. As a result, the likelihood would integrate

over a different weighted distribution F'(v) for each household.

Identifying variation. Now that we are controlling for the endogeneity of the voucher status b,
we can use the variation they induce in prices and choice sets, as now we can say that conditional on
demographics and unobserved preferences, with a large sample we will observe identical individuals
with differential voucher status. The policy induces the following variation that allows for identification

of the parameters:

e Individual price and choice sets variation: Vouchers provide exogenous variation in the
housing prices and choice sets of each household. As a result, identification of the price
sensitivity parameters follow the standard (McFadden, 1972) argument. This is the standard
identification argument in education (Neilson, 2013; Bodéré, 2023) and health care (Tebaldi,
2025) settings where vouchers provide variation in prices at the individual level. Intuitively,
once the endogeneity of the voucher status is controlled for, the vouchers work as a perfect
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instrument in the sense that they deterministically shift prices and choice sets.

e Voucher value and choice set variation: The voucher application model only relies on
housing preferences and the calibrated discount factor p. While the previous argument is
enough for identification of the housing preference parameters, it is useful to note that the
voucher application model provides extra identifying variation. Given that we are estimating
housing preference parameters, variation in voucher choice sets By due to the eligibility rules,
and different values V;f;

equilibrium cutoff scores 7 determine the probability of winning a voucher, provide extra

due to differences in their scores 7;; which in combination with the

identifying variation. Intuitively, we have two identical individuals that only vary in their
eligibility and scores, which are orthogonal to housing preferences, and therefore face different
voucher values or choice sets. Loosely speaking, this kind of variation is what an excluded

instrument provides in two-step selection correction methods.

e Policy Changes: Finally, while the previous arguments are enough to identify the parameters,
there is extra identifying variation across markets due to policy changes. Changes in eligibility,
scoring rules, the number of vouchers available, and the generosity and price cap of each voucher,
induce variation across markets for the voucher choice problem. For example, when a new DS1 is
introduced in 2006, ineligible households in 2005 could be eligible in 2006, and eligible households
in 2005 could decide to not apply and wait for the better 2006 voucher.*”

C.2.2 Incorporating unobserved data structures

If all households in the micro data arrive in period t%, apply for a voucher, and subsequently
are awarded the voucher in period t* and make a housing choice in period ", we would observe

z = {Zit}te[tg,t{.l]v the sequence of voucher applications b}

¢ = {bj;},crs, and the housing choice

( j;‘t?, t?) However, since I cannot match applicant households over time, and I only observe applicants’
demographics at the point of application, I only observe a snapshot of the voucher and housing
choices. Specifically, for each applicant household ¢ I only observe the chosen voucher at the period
of application b;f‘t?, as opposed to the full sequence of voucher choices b;. To leverage the variation of

the voucher choice, I must adapt the likelihood to account for this limitation.”’

Micro likelihood.- Recall that the micro data only contains households that applied for a voucher.

The relevant probability for the likelihood is the probability of observing a sequence of choices (b}, j;h)

38Note that changes across markets are less relevant for identification, as the mean utility parameters d;¢ capture
year and city level fixed effects. Loosely speaking, while withing market variation helps identify the price sensitivities,
across market variation does not. However, in my case, across market variation also affect the voucher choice problem,
and, as we shall see, this affects the likelihood (i.e., identification) of the mean utilities and, as a result, also the price
sensitivities.

39While no being able to match households over time and not observing the full sequence of voucher choices is a
limitation, in the next sections I show that these limitations are not a problem for identification of the parameters, and
just add computational and econometric complexity to the estimation.
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given the household applied for a voucher upon arrival:

Py, en i, (107 (zits io €50) e G (2 Vio €50 [ (2iae vi, €54 ) #0) (C.2)
K2

A

where the term bfta(zita,yi,ega) # 0 conditions the probability on the household i applying for a
voucher upon arrival. We can rewrite this probability using Bayes rule and the model implied choice

probabilities:
P, BeH, ({b;f(zz-mw,eﬁ)}tglg J5n (Zitlh visely )bfa (zita vi€fa)=0)
7

i
— vt

. B Y—
Pui@? ’egh (b:ta (zita Vi€ a )=0)

§ (M a8 Giawi®) ) % (a2, G el )P )
J 1—q£a (zia,v;0)dF (v) '

Where the first equality follows from the fact that P(b},. = 0|{b;‘(zit,ui,eg)}t€TiB) = 1 for all
households in the microdata, and the second from conditional independence and the model implied
choice probabilities. The numerator contains the probabilities of the observed voucher and housing
choices, while the denominator is a selection correction term that adjusts for the probability that

household ¢ applies for a voucher upon arrival (i.e., selects into the microdata).

Given observed choices (b7, ji*th)’ the individual contribution to the likelihood is given by:
£V (5, 0) / W (20, 1) (2 by v O)AF (v), (C.3)
where the selection correction term is

. (HteT.B gl (zit, v; 9))
Wit (200, 1) = L

N J1- q(])gta(z,-ta, V;0)dF (V')

and dF(v) is the distribution of unobserved characteristics. Note that the likelihood consists of
matching the observed housing choices while controlling for the voucher choices and selection into
the microdata by wya(zja, v). This adjustment is online—as opposed to two-step selection correction
methods—as it depends on the unobserved characteristics v and the parameters 8. The selection

adjusted micro log-likelihood is given by:

Mic(z, 0) = Z log £M(2;, 0)

1€l

Macro likelihood. Households outside the micro-sample are the ones that decide to not apply for a
voucher, either because they are not eligible or they decide to not apply. Since all households in the
macro data make a voucher and housing choice in the period of arrival, I drop the t* subscript. Since
I do not observe demographics of these households, it is necessary to integrate over the distribution

of observables G(z) and unobservables F'(v). In this case, given the large market assumption, the
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housing choice probabilities equal the share of each housing type among the unsubsidized population:

B
]P)ZmVu CH 1 (b (2t Vi, € zt) N Ja(zit, Vi, €3 )’bzta (zite, Vi, €iza) = 0) =
— I[DZ“’V“ foell (blta (Zzta Vi, € Zt“) N Jzt(zztayza zI—tI))
Pzzt,lh, (bzta(zlt“ Vi, € 'Lt(l) = 0)

_ Jafi(z v 0)afli(=, v 0)dG(2)dF (v)
J a§i(z,v;0)dG(2)dF (v)

where the first equality follows from Bayes’ rule and the fact that P(b}, = 0[;7,,0) = 1 for all households
in the macro data (i.e., all individuals out of the microdata did not apply for a voucher). The second
equality comes from the model implied choice probabilities. Note that eligibility is determined by z,
so ineligible households have ¢f}(z,v;0) = 1.

Now we can write the macro likelihood, which will penalize the model from not matching
the observed shares for jt among the unsubsidized population. The contribution to the macro

log-likelihood of product j in market ¢ is given by:

Mac(INB NB g) = TNBNBlog / W% (2, 1)l (0)dG(2)dF (v) (C.4)
where B
w%\daC(z V) qut(Z, v 0) ’
[ 4B (2, v;0)dG(2")dF (V)
INB is the number of unsubsidized households making a housing choice in market ¢, and sN B is the

observed share of unsubsidized households buying housing type j in market ¢. Given the market size

assumption (i.e., the number of households arriving each period), I;¥? is just equal to that minus the

number of households that applied for a voucher for the first time in that period. Given that I match

the subsidized transactions to the universe of real estate transactions, S%B is observed.

The macro log-likelihood is given by:

ﬁMaC(INB,sNB ZZﬁMaC INB NB,O)

b ]t
teT jeJ

Selection Corrected Mixed Data Likelihood. The final step is to combine the micro and macro

likelihoods. The goal is to recover the parameters 8 = {a, 3,7,€,0}.

In the first step, I recover 8! = {a, 35,75, 0,8} by maximizing the selection corrected mixed
data log-likelihood:

log L(0) = Mi(z, ) + Mac(INB sNB g) (C.5)
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In a second step, given the estimated parameters él, I recover the parameters of interest 6% =

{Bo, 70, &} running the following OLS regression:
0jt =0+ v+ B°X; + &t
where dp; = 0 and ;; are normally distributed errors, which are treated as parameters.

C.3 Computational Implementation

This appendix details the computational implementation of the Mixed Data Likelihood Estimator
(MDLE) and the Selection-Corrected extension (SCMDLE), building on the estimator described in
Section 6 and fully derived in Appendix AE. For details on the econometric properties of the MDLE
I refer the reader to Gricco et al. (2025).

Utility Parametrization. Let D = {Inc, Age, Fam, Children} index households’ demographics zld.
Let C = {House, Size, New} index housing types characteristics X7, Two product characteristics that
vary at the (7,7,t) level, prices p;i and location match ﬂ(zzLOC = Xﬁoc). The structural preference

parameters {a, 3, B¢, ~v, 0, &} are:
e Price sensitivity (4): o = {0, 0ne, ¥Age, VFam }-
e Housing characteristics (15): 8 = {5, 85}
e Location match parameters (4): B¢ = {3}, ,3{;0'3 .
e Homeownership parameters (4): v = {70, Yd, V¢ }-
e Common unobserved preferences (|J| x |T'| =2,954): & = {&¢}je-

e Random coefficient standard deviations (2): & = {o?,0"} (correlation implemented, need to

update notation)

As standard, I reparametrize deterministic utility pooling the observed and unobserved common
preferences in fixed effects d;;. Also, as standard in models with (i,j) characteristics, I keep the
common prices and location preference parameters separate. The main difference relative to standard
demand estimation is that ag is estimated in the first stage and identified by voucher induced variation
in prices and choice sets, instead of using supply-side exclusion restrictions. The deterministic utility

component is:

Uijt = (ao + Z agzd + Upuf> pivt + Z Z 3528 X (C.6)

deD ceC \deD\{0}

s (z 61;"%?) (a1 = koo (70 S et ) + o 1

deD deD
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Let 0 = {a, B9, B¢ ~4,0,8} denote the parameters of interest for the first step.

Numerical Integration: Unobserved heterogeneity parameters require numerical integration. I
follow Grieco et al. (2025) best practices and use Gaussian quadrature for the micro likelihood and
Monte Carlo simulation for the macro likelihood. For the micro component, I use 11-point Gaussian
quadrature for each random coefficient, wich implies R = 221 nodes. Let r € {1,...,R} index
quadrature nodes for (v/F, I/ff) and their respective weights w,. Housing and voucher choice probabilities

are numerically integrated as:

R

qiljth zi, b ztha /qzt Zis zthﬂy e)dF Zqum]lgh(z%bzthvljﬁe) (08)
r=1
qlbta zi; 0 /qlbta zi,v;0)dF (v Zqu,mbta Zi,Ur; 0) (C.9)
For the macro component, I use use Monte Carlo integration with S; = 10.000 simulated

households per market. Let s index each simulated household, whose observables are drawn from
CASEN (regional population weights available and updated in each version) and unobservables v,

from N(0,1). The voucher and housing choice probabilities are numerically integrated as:

qjt (bo; 0 //q]t z,by,v;0)dG(z)dF (v Z 5jt(2s, bo, Vs; 6) (C.10)
SES
ab (0 //qbt z,v;0)dG(z)dF (v Z a5 (zs, 150 (C.11)
SGS
GPU Numerical Integration and Numerical Stability. In standard demand estimation,

the gradient and hessian sparse structure allows for an inner- and outer-loop optimization approach
that significantly reduces the computational burden. The fact that households apply for vochers
and purchase houses in different markets doesn’t allow for this approach, as the micro likelihood
contribution of each individual 7 depends on the mean utility parameters d;; of the market where they
make choices. This makes the gradient and hessian of the SCMDLE estimator less sparse, and require

keeping track of arrays at the integration nodes level for the micro component.

To overcome this, I run estimation at the GPU instead of the CPU which allows for efficient
computation of large arrays at the cost of sacrificing numerical precision and stability during
optimization (i.e., using Float32 instead of Float64 precision). As this is not a contribution of this
paper, I'll skip details that mostly boils down to applying best practices from Conlon and Gortmaker
(2020) adapted to a Float32 arquitecture: instead of computing log(max(p,€)) setting the machine
epsilon tolerance €864 — 1 5 107300 et it at €198t32 = 1 x 10740, Note that this irrelevant at the
true parameters (i.e., the minumum observed share is of the order of 1 x 107°), it only threatens
numerical stability during optimization. The speed and memory advantages of using the GPU allows

to keep track of the full gradient and hessian objects, lowering the numerical instability concerns in
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estimation by using hessian based optimization methods.

Estimation Procedure. In order to avoid starting parameters that might lead to a large share of

clipped probabilities, I follow the following procedure:

(D and (5(-1) by running a log-shares regression:

log (SJ t) = ozél) *Pjt+0 (t) using market prices and aggregate shares, with § (% )

1. Logit Demand Regression. I get initial ay

S being the residuals.
(0]

2. Set and update of random guess. I begin with a random guess for the rest of the parameters

in the range [—0.01,0.01] and update it with the following steps:

(a) Update random guess. Estimate the MDLE model without random coefficients, keeping
o) fixed.

(b) Estimate MDLE without random coefficients. I use the current guess of the
parameters as starting values and estimate the MDLE model without random coefficients

(allows inner-outer loop optimization).

3. MDLE Estimation. Use the previous step guess and random coefficients initialized at o, =
on = 0.01 as starting values to estimate the full MDLE model §MPLE (allows inner-outer loop

optimization).

4. Selection-Corrected MDLE Estimation. Use §(MDPLE) a4 starting values and estimate the

SCMDLE model to get the final estimates @SCMDLE

C.3.1 MDLE Numerical Log-Likelihood

I begin by presenting the MDLE numerical log-likelihood and its gradient and hessian
contributions. Recall that the mean price sensitivity parameter ag is not identified in the MDLE,

so the parameters in this section should not be interpreted as such.

MDLE Numerical Log-Likelihood. The MDLE estimator is equivalent to the SCMDLE

estimator with selection weights equal to one. Formally, the MDLE numerical log-likelihood is:

LMDLE (g — Z Mic(g) 4 Z Z AMac(g (C.12)

i€LB teT jeJ
Mic(g) =1log (max {qg.*bt?(zi; 9), e}) (C.13)
EMaC(H) :ItNBs%B log (max {qﬁ(@), €}). (C.14)

The machine epsilon tolerance is set to € = 1 x 107%°, the minimum value that Float32 arquitectures
can handle without underflow. For a given candidate parameter vector é, if an individual ¢ or product
7 are not in the numerically stable range ¢ < € their gradient and hessian contributions are set to zero.

In order to ease exposition I'll abuse notation and ignore this considerations.
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Gradient Contributions. Let the score gg) . of the log-choice probability for product j in market
Jtk
t with respect to parameter 0 at level of observation o € {(r,1), (i), (s, ), (j)} be:

dlog ¢l . /

H _ (o)jt _ o)]t

Yotk = " 5g, ., e§j afbin aek ; (C.15)
(o)bt

where J(,) is the respective choice set for (0). The MDLE gradient element for each parameter 6y, is:

§LMDLE EMIC HyMac

56 = Z ZZ ﬁ. (C.16)

€L teT jeJ

With each macro and micro contribution being:

oMic(gy 1 &

. « C.17
90y, qg*th ;quﬂ] nor (C.17)
ael\é[ac(e) [tNB NB
]89 Z qS]thjtk‘ (018)
k th t SESt

Hessian Contributions. The Hessian also have the standard close formula for logit probabilities

0., DB Moy y e tiliti O%oit _ ). Let th derivative of the 1
(i.e., Dy 0y = 00ny ) with linear utilities (i.e., oy 00y = ). Let the cross-derivative of the log

choice probability for housing type j in market ¢ with respect to parameters 0y, and 0y, at level of

observation o be:

2 H
Plogdige  9(pm 3

H _ H H H
fopithaks = 00y, 00, 00k, 9(0)5't9(0)j'th1I(0)5'ths" (C.19)

J'€T oyt

The MDLE Hessian element (0, , 0,) is

92 [ MDLE 2 Mic 52 (Mac
0r, 08y, 2 0y, 0By, t;g 965, 00r, (C.20)
With each macro and micro contribution being:
2 (Mic 1 R . . ; ;
89k189k2 g T (; WrQyjjxth [grij*thkggrij*thkl + hrij*thk1k2]> = Gij*thky Gij*thky (C.21)
2 pMac NBgNB
8(Zkfg9k2 - ;:sest qut Le% st ﬁLkle +933tk195ﬁk2) gﬁklgﬁb] (C.22)

C.3.2 SCMDLE Numerical Log-Likelihood

[update notation]
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D Supply Estimation Appendix

D.1  Supply Estimation Details
D.1.1 New Housing Supply Derivations and Estimation

Inventory Problem Estimation. Starting from the inventory management problem in equation
(12), where selling is a terminal action, I apply the Hotz-Miller inversion. Under the perfect foresight

assumption, the expected value function and the share equation can be expressed as:

—sell
E It 1 = y4exp(7SS ) +In(s% ) and 550 = exp(mji’)
wlljt4+1 = + + = - -
J J J exp(szfu) + exp(—Cjz\{[ +B8(y+ exp(w?ffﬁlrl) + ln(sg%lll))))

where v is Euler’s constant. Taking logs and rearranging yields the estimating equation:

In(s") — In(s2) — BIn(s,) = —By + 0™ (pje — Bpjr) + O + CM + € (D.2)

h

where s jfld =1- sj-iu and the [ is calibrated to an annual discount factor of 0.96. The cost parameters

C’JM and CM are product and time fixed effects, respectively.

Recovering Expected Profits. With estimated parameters {&"°", CA'jM , C'tM , é ]]\f }, Irecover expected

profits fljt through solving the fixed point problem in equation (D.1) as:

ITj; = max{a"Vp;s, —C}/ + BB, i1} + v + In(s55") (D.3)

An assumption on prices and mantainance costs for ¢ > T is needed to recover the expected profits.
For prices, I set (pjr4+1,pjT+2) as observed in the data for 2019 and set a growth rate for the last four
markets to compute the prices for ¢t > T + 2. As the median time in the market for a unit is around
two markets (one year), the results are not sensitive to the choice of the growth rate. For mantainance

costs, I assume that they grow at the average growth rate from the last four markets.

Development Cost Estimation. Treating recovered profits II as data, I parametrize the

development cost function from equation (14):

W) = exp(¥’ + 4] +yf +€7)
¢jl — 71[}1 + ’Ivb}lwuserhouse

where {1/1?, Y9} are fixed effects, §th is an unobserved cost shock, and elasticity varies between houses

and apartments. Taking logs from the developer’s FOC (14) and substituting the parametrization:

In(Q5*) = ¥} In(yY) + ¥} In(ITj;)
=7 (0 + o) + ) + £7) + ) In(TT;)
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Defining = = wjl»x for any parameter x:
ln( ][Z*) - (¢1 + 77bflzouse‘X]}'Louse) ln(ﬁjt) + on + &E) + 1;7? =+ ngt (D4)

D.1.2 Resale Housing Supply

Starting from the selling decision in equation (18), taking the log odds ratio and substituting
the parametrizations yields the estimating equation:
In(s551) — In(s5919) = (@ + af5, XJ)pg — €7 — C0 = €9 (D.5)

Jt

Table A.14: Summary of data and calibrated parameters for supply estimation

Type Parameter Description Data Source
sj@’u Total transactions over stock in transaction data; survey data
New Housing survey for
ﬁ* units beginning sales in market ¢ New development survey data

Stock evolution Tracked using equation (15), set New development survey data
initial stock to observed stock in
2012-1 that began sales bedore

sj.‘zu Transactions divided by assumed Transaction data
Resale Housing resale stock Q7°
_ﬁs AT = 0.3 of total city stock Santiago Housing Stock data

Stock evolution Initial stock set to 2011 values, new Santiago Housing Stock data
housing sales add to the stock one
year later

D.1.3 Instruments Construction

[Updating Tables]
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E Counterfactuals Appendix

E.1 Counterfactual Policies and Outcomes

I simulate housing market equilibria under a set of voucher policies B, over the study period
t € T¢, which spans half-year intervals from 2012 to 2018. A policy B specifies, for each period t,
the set of available voucher types b € B, each characterized by: the number of vouchers awarded
Ay, generosity dy, price cap pp, scoring rule ry, and eligibility criteria ep. For each policy, I solve
for the equilibrium housing prices {pj:}jecste7e and voucher cutoff scores {7 }1ep, te7e, under which
households make application and housing choices, developers choose construction levels, and owners

decide whether to sell their units. I consider following counterfactual policies:

1. No Vouchers B°. This baseline counterfactual eliminates all vouchers, so households and
firms make choices based solely on equilibrium housing prices. Households make no application

choices, and make a housing choice at the arrival period 7.

2. DS01 Vouchers BP9, This policy replicates the DS01 program as described in the data
and estimation appendix. Departures from the actual program follow the same assumptions

discussed in the data and estimation appendix.

3. All Low B or High B%" Vouchers. I simulate budget-balanced variants of the DS01
program that reallocate the entire budget to either the Low or the High voucher while keeping
eligibility, scoring, and other features unchanged. Basically, this means changing the number of
vouchers of each type awarded in each period Ay and having only one type of voucher available

in each period.

4. Vouchers for New Housing BY®”. This policy consists of the DS01 voucher menu with the
added restriction that vouchers can be used only to purchase newly built units. All other voucher

features remain the same, equilibrium cutoffs vary due to selection of applicants.

Budget Balance. I construct budget balanced policies using the same methodology used by the
MHU: the cost of each voucher is the mean discount from 500UF to the price cap of the voucher
5%5 dp(p)dp. For each counterfactual policy I determine the number of vouchers to be awarded Ay

by dividing the total budget by the mean cost of the voucher.

Equilibrium Outcomes. I consider the following outcomes of interest:

1. Homeownership Rates: I define homeownership rates as the probability that household

purchases a housing unit in the city when making a housing choice with voucher b,
4" (B) =1 = i Py, by ). (E.1)

The total homeownership rate is given by Q*"(B) = > ;1 > icr @i (B). Note that for each
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¢ the homeownership probability under different policies depends on its voucher status b;» and
the market in which makes a housing choice t* as equilibrum prices and preferences (i.e., 0j¢)

change accross markets.

. Price Pass-through: I define price pass-through as the share-weighted percentage change in

prices relative to the baseline:

BO
APP(B,B%) => "> su(B p)2B (§g§< ) (E.2)
teTejed

where s;;(B) are transactions shares under the policy B. Note that this departs frrom the
standard standard single-product price pass-through measures (Weyl and Fabinger, 2013), a

there are multiple housing types, whose prices and quantities shift in each equlhbrlum. This
captures the price gap sellers receive relative to the baseline, although not the difference in

prices that each household pays.

. Consumer Surplus and Compensating Variation: Besides being a direct measure of
consumer welfare, CS is useful to evaluate how much of the policy costs is transfered to households
rather than owners due to price adjustments. I slightly depart from the standard definition of CS
to account for the cost on beneficiaries from delaying their housing choice. The CS of household

i, arriving in t* and making a housing choice in t" as:

1 a
CSyn(B) = apth_t log | 1+ Z exp(u;jin (b)) | - (E.3)

(2 .
JE€ET4h

The compensating variation for each household i is the transfer that would leave them indifferent
between the prices under each policy C'V;(B) = CS;n(B) — CS;a(BY).

. Beneficiaries’ Targeting. I measure the policy targeting by the price sensitivity «; and the

value of homeownership h; of beneficiaries and non-beneficiaries. These are the dimensions of

households’ preferences that are not observable to the government, and as described previously

the ones that are most relevant for households becoming owners. I report them as percentiles

relative to the population distribution, higher values of |«;| and h; means higher price sensitivity

and higher value of homeownership. I also decompose both into observable («;(z;), hi(z;)) and
h

unobservable (v}, 1) components.

. Targeted Housing Types. For ease of exposition, I will focus on the effects of the policies
of housing types that are targeted by each policy. While all housing types are affected by the
voucher policies due to demand substitution effects, I focus the exposition on the impacts for
housing types that are most affected by each policy, as presenting all housing types would be

cumbersome.
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6. Producer Surplus and New Development. The producer surplus of each housing type j is:

Qg*(B) D o new
2tere Jo Iy (B) — c;p(Q)dQ ifj €T

PS;(B) = i .
Siere Qilog (1+ugl()  ifje g

The producer surplus for new housing types j € J"V corresponds to developers’ profits from
selling Qﬁ* (B) at price ILj;(B) and marginal cost cht(Q). For resale housing types 7 € J*, it
corresponds to the inclusive value of the selling decision for the exogenous share of owners that

consider selling their unit in each period Qﬁs All values are rescaled to dollar terms.

I also consider the total new development units Q™" =3, e > jegmew Qth* as an outcome of

interest.

7. Cost Effectiveness. 1 measure the cost-effectiveness of the policy as the ratio of the

)

compensating variation to the cost of the policy.” The cost of each voucher is the expected

transfer to each beneficiary:

Cy = Z Z qgth(bit)dbt?(pjtzh) (E.4)

i€LE J€Tn
So the cost-effectiveness of the policy is given by

¥z CVi(B)

CEB) = ZbeB Ch

(E.5)

E.2 Counterfactual Equilibrium Simulations

Markets and Housing Types. I compute the equilibrium of the housing market for the 14 periods
observed in the data t € 7¢ = {1,...,T}, which are half-year periods from 2012 to 2018. I keep the

housing types used in estimation, see Appendix B for details.
Voucher Policies. In each counterfactual, the voucher menu is fixed B = {B; }1e7e.

Households. I draw 980k households i € Z¢, with 70k households arriving each period.”’ For each
household I draw the following objects:

e Observable Characteristics and Predicted Eligibility: I draw the observable
characteristics z;; from the CASEN survey, each household’s characteristrics are drawn from
the last available CASEN (2011, 2013, 2015, 2017) at their time of arrival t¢. I also draw the
predicted elegibility score e;; and initial score r;; (See Appendix B), I treat both as data.

490nce the MHU awards a voucher, they are accounted as expected expenses from their annual budget. If a voucher
expires, it is counted as an unrealized expense and returns to the central government budget.

41As in the estimation, this number is choosen to roughly match the assumption of 30% of households choosing the
outside option j = 0.
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e Unobserved Preferences: I draw (v/,v!) ~ N (0,%) where 3 is the estimated covariance

matrix of the preference shocks.

e Time to use: I draw the time to use the voucher uniformly ¢} € {1,2,3,4} and keep it fixed
across counterfactuals. If ¢ is awarded a voucher in ¢, their get assigned to make a housing choice

: h _ ju
in t; =t;.

e Idiosyncratic Preferences: For cach household, I draw {€f}i>4 and €/ iid from a Type I
Extreme Value distribution. I draw this S = 500 times (number of equilibrium computations

per counterfactual) and keep it fixed across counterfactuals.

I keep the previously arrived households ¢{ < 1 that are active from the voucher data. This includes
households that were awarded a voucher in 2011 and have not used it by 2012, and households that

applied to a voucher in the second half of 2011 and were not awarded a voucher.

Housing Stock. For new housing stock, I fix the initial stock of housing as the observed stock in the
data Qo, all the new units built in ¢ < 1 that are not sold in t = 1.

For used housing, I fix the total stock of used housing th to the 30% of the total housing stock
in 2011. The stock of used housing increases by new development, each new unit sold in ¢ is added to

the stock of used housing one year later ¢ + 2.

Unobserved Preferences. I treat the unobserved preferences fjt and costs { Ajj-\f , éﬁ, éﬁ} fixed across
counterfactuals. Mantainance costs for ¢ > T are sampled from the distribution of mantainance costs

in the data.

Mantainance Costs. In estimation, developers have perfect foresight of future mantainance costs.
I compute the average growth rate of mantainance costs for each housing type A;, and set costs to
Cir=1+4+9¢°)7Cjp forall 7 > T.

Beliefs. I keeep the estimation assumptions for beliefs over prices and cutoff scores over the study
period. For prices pj; -, I assume that households and firms believe that prices will grow at the
average growth rate of prices A? in the last four periods, which is computed at each guess of the

equilibrium prices p.
E.3 Equilibrium Computation

Algorithm: Finding the equlilibium of the model requires computing equilibrium prices p =
{pjt}jesteTe and cutoff scores ¥ = {Tu }pepc7e, for each counterfactual policy B. I do so by a
nested fixed-point algorithm, solving for the 7 at each guess of the price vector p. The algorithm
proceeds as follows:

0

1. Make an initial guess for the equilibrium prices p° = {pjt}jesteTe and cutoff scores ¥ =

{Pot YoeB teTe-
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2. At each iteration k, I inherit (p*~!,#*~1). I compute the mean growth rate of prices A?. I then

update the guess according to the following steps:

0 k—

(a) Equilibrium cutoff scores: Keeping p*~! fixed, initialize a guess #0 = #*~!. The inner

loop is run for each t € T¢. At each iteration g for time ¢, I inherit (#9~!, ZF) and update
cutoff scores as follows:*?
i. Get optimal voucher choice b}, given by (10) for all eligible households 7 € TF.
ii. The set of winners of each voucher are the applicants with scores above the cutoff
W ={i €L rm > 7).
o If [Z)}| = Ay for all b € By, then set 7§, = Fg;l. If t < T°, update 7/ ; and continue
to t + 1, else exit the loop.

e Else, update the cutoff scores for each voucher type b as follows:

Ap-th highest score of I;/g/ if ]Igtv | > Ay

=9 _ —g—1 . w

Ty = 0‘9rbt if ’Ibt ’ < Ay
=9—1 : W _
Tbt if [Z,) | = Ape,

and go to the next iteration.
set 7¥ = 79 once the inner loop is exited.

(b) Housing Market Equilibrium: Given #*, set voucher status b;; and ¢! = ¢ + ¢ for all
households i € ZW (#*). Given p*~1,

i. New Housing Supply: Solve the fixed point problem for new housing
inventory {Eﬂjt,s;’?f”}je grew te7e. Compute optimal development and new housing

stock {Qﬁ*, Q?gw}jejnew7te7’6. Supply th(p;?_l) is given by (16).

S

jt

iii. Housing Demand: Given the sets {Z7,ZN4 ZV*} demand Qth(p;?t_ Dis given by
(21).

iv. Update price guess: Compute excess demand matrix z = [Qﬁ — Q]St] JETXtETe,

ii. Used housing supply: Supply @ (p;?t_l) is given by (19).

o If [|z]|oo < €, then set (p,7) = (PP 1, 7).

e Else, update the price guess pk: p?t = p;?t_ L4 OpZit-

“2Note that Z7 depends on (ZZ 1, 7:_1).
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F Institutional Appendix

F.1 Chilean Housing Assistance System

In 1977, Chile became the first country to implement demand-side capital subsidies for
homeownership as a national housing policy (Gilbert, 2002). The system replaced direct public housing
construction with up-front vouchers that eligible households combine with savings and mortgage credit
to purchase units in the private market. During the 1980s and 1990s, the World Bank, Inter-American
Development Bank, and United Nations promoted this model as best practice for housing assistance
in developing countries, after supply-side public housing programs were widely viewed as failures and
development thinking shifted toward market-based solutions (World Bank, 1993; Gilbert, 2004). As a

result, numerous Latin American and African countries adopted variations of Chile’s voucher system.

Chile has continuously extended and refined its housing assistance over decades. Today, the
system combines homeownership and rental vouchers with publicly subsidized housing developments.
Vouchers target low- and middle-income households purchasing or renting in the private market, while
subsidized developments provide below-market units to the poorest households, typically communities
in informal settlements. As of 2020, Chile ranks among the highest OECD countries in public spending
on homeownership assistance as a share of GDP, dedicating approximately 0.6% of GDP to housing
policy—above the OECD median and exceeded only by a few countries with extensive social housing
systems (OECD, 2023).

F.2 Housing Assistance in Santiago

This paper focuses on Santiago, Chile’s capital and the main city of the Metropolitan Region
(MR). The MR contains 40% of Chile’s population (7.1 million in 2017), and the Santiago urban
area concentrates 97% of regional residents. Santiago provides an ideal setting for studying DS01
for three reasons. First, housing assistance is administered independently across regions: vouchers
awarded in MR must be used within MR, and since Santiago comprises nearly all of the region, the
city captures virtually all voucher use. Second, unlike other regions where multiple programs serve the
private market, DSO1 is the only MR program providing homeownership assistance for private market
purchases—allowing me to observe almost the universe of subsidized private market transactions.
Third, given MR’s population share and DS01’s role as the main homeownership program, substantial

national resources flow to DS01 in Santiago.

Budget allocation. Table A.15 reports MR budget allocations across housing programs during
2012-2018. On average, MR receives 38% of the national DSO1 budget, totaling 26.9 million
UF over the period. DS01 accounts for approximately one-third of regional housing assistance
spending (15-45% across years). Both total allocations and the MR share exhibit year-to-year
variation. The national DS01 budget dropped approximately 40% between 2015 and 2016 due to

fiscal constraints from declining copper revenues (Banco Central de Chile, 2024). The MR share
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fluctuates (30-45%) partly reflecting reconstruction priorities following natural disasters in other
regions—including the 2014 Iquique earthquake and Valparaiso fire, the 2015 Atacama floods, and
the 2015 Coquimbo earthquake—which diverted housing resources toward affected areas (Ministerio

de Vivienda y Urbanismo, 2021).

DS1 Scale and Other Programs. Three other programs operate in MR but do not affect the

private homeownership market studied here:

e Public development grants (DS49): Provides subsidies for units in publicly developed
projects, targeting the poorest households (bottom 40%). In MR, DS49 primarily serves
collective applications from informal settlement communities who receive reserved units in public
developments; beneficiaries do not compete in the private market. In other regions, DS49
also accepts individual applications for private market purchases, substituting for DS01. DS49

accounts for 42% of MR housing spending on average.

e Social integration projects (DS19): Introduced in 2016, allocates units in mixed-income
private developments on a first-come-first-served basis without application rounds. The program

remained small-scale during the study period (10% of budget only in 2018).

¢ Rental vouchers (DS52): Provides monthly rent subsidies (<1% of regional spending); does

not affect homeownership.

Table A.15: Metropolitan Region Housing Assistance Budget (2012-2018)

RM DS01 Budget Share of Total RM Subsidy Budget
Year Total (UF M) Nat. Share DS01 DS49 DS19 DS52  Other

2012 4.38 42.0% 14.8% 64.7%  — — 20.5%
2013 4.66 34.4% 34.7% 50.8%  — 0.4% 14.1%
2014 4.53 37.8% 36.5% 48.4%  — 0.3% 14.8%
2015 4.48 37.1% 4.7% 37.7% — 0.3% 17.3%
2016 2.70 30.5% 40.6% 41.2% 0.0% 0.3% 17.9%
2017 3.25 41.8% 31.9% 24.4% 0.0% 0.3% 43.3%
2018 2.93 45.1% 24.6% 25.5% 9.9% 0.3% 39.8%
Total 26.93 37.8% 32.5% 422% 1.3% 0.3% 23.7%

Notes: DS01 budget from national calls for applications (resoluciones exentas); program shares from National Budget
Law, RM budget (DIPRES). Nat. Share is the Metropolitan Region share of total national DSO01 allocation. “Other”
includes housing renovation subsidies, heritage preservation programs, rural housing subsidies, and legacy programs,
none of which provide homeownership assistance for private market purchases in Santiago.

F.3 The DS01 Voucher Menu

In 2011, MHU consolidated multiple existing programs into the Integrated Housing Subsidy
System (Sistema Integrado de Subsidio Habitacional), regulated by Decreto Supremo N° 1 (DS01).
The program offers a menu of homeownership vouchers targeting low- and middle-income households
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purchasing their first home.”> Section 2.2 describes the menu structure and policy variation; this

appendix provides complete documentation of eligibility, scoring, and generosity rules.

Generosity and choice restrictions.  Table A.3 reports discount schedules and price caps by
voucher type across the study period. Discount schedules are piecewise linear functions of purchase
price p (in UF), providing larger subsidies for lower-priced units. MHU implemented updates in
August 2013 (introducing High vouchers), December 2015 (adjusting generosity), and 2016 (raising
price caps). Updates apply retroactively to outstanding voucher holders; the “Half-Year Assigned”

column indicates when beneficiaries first received vouchers under each design.

Beyond price caps, several restrictions apply to voucher use. Units must be formally
registered housing (vivienda econémica) with valid municipal permits and meet technical standards
verified by SERVIU or certified consultants; in Santiago, nearly all legal housing except informal
settlements qualifies. Used housing cannot be purchased from relatives (by consanguinity or affinity).
Ownership records are verified against the Civil Registry and property registries. Beneficiaries face a
five-year prohibition on selling, mortgaging, or renting the purchased unit without written SERVIU
authorization; the property must serve as the household’s primary residence during this period.

Violations require full repayment of the subsidy at current UF value.

Eligibility requirements. Table A.4 reports eligibility thresholds by voucher type and period.
All vouchers require non-homeownership; Medium and Low vouchers additionally require mortgage
pre-approval. Socioeconomic thresholds transitioned from the Ficha de Proteccién Social (FPS) to
the Registro Social de Hogares (RSH) in 2016. Income limits, when applicable, follow family-size
adjustment formulas for households exceeding three members. From 2017, RSH percentiles directly

determined eligibility, eliminating separate income verification for most applicants.

Scoring rules. Table A.5 reports scoring components used to rank applicants within each voucher
type. When applications exceed supply, MHU selects beneficiaries in descending score order until
exhausting available vouchers. Panel A reports components common to all voucher types; Panel
B reports voucher-specific formulas for socioeconomic and savings scores. The socioeconomic score
rewarded applicants with lower FPS scores relative to eligibility thresholds; this component was
eliminated in 2017 when RSH replaced FPS.

Social vulnerability measurement. Chile’s Ministry of Social Development (MSD) administers
socioeconomic classification instruments that serve as the primary targeting mechanism for most
social assistance programs. Chile pioneered proxy means testing in Latin America, introducing
systematic household scoring for benefit allocation in 1979 (Larranaga et al., 2014). The FPS
(2006—2016) represented a major methodological advance, shifting from asset-based poverty measures

to multidimensional vulnerability assessment. It assigned scores based on household surveys conducted

43Nationally, DS01 allows three uses: purchasing market units, purchasing publicly sponsored units, or
self-construction on owned land. Applications can be individual or collective. In MR, high land costs make
self-construction and publicly sponsored options unfeasible, restricting DS01 effectively to individual applications for
private market purchases.
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by municipal officials, incorporating income-generating capacity, housing conditions, health status,
and social risk factors; lower scores indicated greater vulnerability. The FPS cross-referenced
self-reported data against public databases (tax records, pension contributions, property registries),
though verification capacity expanded over time. The RSH (2016—present) built on this foundation
by integrating administrative records more comprehensively—including tax filings (SII), pension
contributions (AFP), health insurance, and educational records—reducing reliance on self-reports
and improving measurement accuracy. RSH reports vulnerability as national percentiles; lower
values indicate greater vulnerability (e.g., <60% means among the 60% most vulnerable households
nationally). The transition occurred gradually: 2016 calls accepted both instruments for returning

applicants, while 2017 calls required RSH exclusively.

Data verification. MHU cross-references application data against multiple administrative sources
to verify eligibility and scoring inputs. Family composition and civil status are validated through
the Civil Registry (Registro Civil); homeownership status is checked against property registries
and the Internal Revenue Service (SII) real estate records. Income and employment information
is verified through SII tax records, pension fund contributions (AFP), and social security databases
(Superintendencia de Seguridad Social). Under RSH, most scoring components—including household
composition, disability status, and indigenous status—are pre-populated from administrative records,

reducing reliance on self-reported information.
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