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Abstract

We estimate housing externalities in a high-density city, exploiting the staggered rollout
of Singapore’s nationwide Main Upgrading Programme for public housing. Controlling for
nonrandom neighborhood exposure, we find that upgrading raises treated buildings’ prices
by 11.5% upon completion and neighboring buildings’ resale prices by about 2% within 500
meters, decaying to zero beyond. A model with distance-decaying externalities shows that in
dense settings spillovers justify the distortions of in-kind provision; this advantage diminishes
and reverses at lower densities. Administrative data on over 2 million residents show that
upgrading disproportionately retains older incumbents, suggesting age-specific amenities as
an underexplored externality channel.
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1 Introduction

Housing stock in major cities ages rapidly.1 In addition to worsening the housing supply crisis, deteri-

orating housing generates substantial negative externalities (Cattaneo et al., 2009; Galiani et al., 2017;

Freedman and Owens, 2011; Aliprantis and Hartley, 2015; Blanco, 2023), which motivate government in-

terventions. Housing upgrading programs represent a major form of in-kind transfer in cities worldwide,

with governments committing billions to improve aging housing stock.2 A central question for policy

design is whether such in-kind provision generates positive externalities for neighboring households large

enough to justify the distortions it imposes on recipients (Currie and Gahvari, 2008). The answer hinges

on the magnitude and spatial reach of these externalities. In high-density urban environments, where

each building is proximate to many others, upgrading externalities are potentially amplified, strength-

ening the case for in-kind provision. Yet whether externalities are in fact large enough to offset the

distortionary cost of in-kind housing provision, and to what extent this depends on density, remain open

empirical questions.

A growing body of work documents housing externalities, but most existing evidence comes from

low- to moderate-density settings in the United States (Rossi-Hansberg et al., 2010; Autor et al., 2014;

Hornbeck and Keniston, 2017; Fu and Gregory, 2019; Ganduri and Maturana, 2024). These studies

establish that neighborhood spillovers from housing investment are positive and spatially localized, but

they are estimated in settings where each property has few proximate neighbors. In high-density cities,

the same per-neighbor spillovers accumulate over many more nearby properties, so the externalities at

stake are potentially much larger. The existing evidence is also based almost entirely on single-family

detached housing. Upgrading a multistory building is a different intervention: a single structure houses

many households across multiple levels, so the nature of the interactions, and plausibly the magnitude

of housing externalities, could differ substantially. Understanding how large upgrading externalities

become in dense environments, and how rapidly they decay with distance, is essential for drawing policy

implications.

This paper starts by estimating the magnitude and spatial reach of housing externalities in a high-

density urban setting, exploiting the staggered rollout of Singapore’s Main Upgrading Programme

(MUP), the sole nationwide large-scale public housing upgrading initiative between 1990 and 2006.

Singapore’s public housing, built and managed by the Housing & Development Board (HDB), is home

to about 80% of the resident population. The MUP revitalized aging HDB estates in staggered phases,
1In the United States, for example, by 2025 about 50% of housing units were more than 45 years old, and roughly 36%

were more than 55. This phenomenon is particularly acute in many high-density metropolitan areas: close to half of the
housing stock in cities such as New York and Chicago was built before 1940, compared to about 12% nationwide (Source:
U.S. Census Bureau American Housing Survey.)

2For instance, Pennsylvania’s Whole-Home Repairs Program allocated over $120 million in 2022 to address habitability
and safety concerns; New York City’s Permanent Affordability Commitment Together (PACT) initiative has mobilized more
than $5.6 billion for capital repair work; and the United Kingdom’s Decent Homes Programme directed approximately £37
billion over a decade to bring public housing up to modern standards.

2



upgrading 886 buildings which cover 128 (8.7%) precincts and 131,000 households and at a cost of S$3.3

billion (approximately US$2.5 billion). At the same time, Singapore’s HDB estates are dense: each

building has, on average, 79 neighboring buildings within 500 meters, 236 within 1,000 meters, and 426

within 1,500 meters. These features, combined with the standardized design and construction of HDB

housing and the absence of overlapping large-scale policies, provides a well-suited setting for quantifying

housing externalities in a dense urban environment.

We exploit spatial and intertemporal variation in the policy implementation to estimate the impact

of upgrading on housing values, using both two-way fixed effects (TWFE) and a staggered difference-in-

differences design (Callaway and Sant’Anna, 2021). Identification rests on a parallel-trends assumption:

conditional on the included fixed effects and controls, early- and later-treated buildings would, absent

upgrading, have followed common counterfactual price trends. We assess this assumption with an event-

study design. Because the program selectively targets aged buildings, our estimates identify the average

treatment effect on the treated (ATT) for the selected pool. To measure the extent of housing exter-

nalities, we follow Miguel and Kremer (2004) and construct spillover treatment intensities by counting,

for each building (whether treated or untreated), the number of treated buildings within varying dis-

tance bands of this focal building.3 Although this approach is widely used, Borusyak and Hull (2023)

and Borusyak et al. (2025) show that exogenous variation in treatment assignment does not necessarily

generate exogenous variation in treatment exposure: buildings in central or densely built-up areas me-

chanically accumulate higher spillover intensity, so raw exposure may capture geographic characteristics

rather than true externalities. To address this concern, we adopt the recentering strategy of Borusyak

and Hull (2023), which controls for the expected treatment intensity to purge the geography-driven

component of observed exposure.

We find positive and significant neighborhood externalities that are highly localized. After controlling

for expected exposure, each additional treated building within 0–500 meters raises resale prices per square

meter by 0.15%. With an average of 13 treated neighbors within this band, the implied total spillover

effect is approximately 1.95%, equivalent to S$65.32 (US$49.65) per square meter. The magnitude of

externalities declines with distance and approaches zero by 500–1,000 meters, consistent with strong lo-

calized demand-side effects that dominate supply-side pressure in the immediate vicinity. Upgrading also

raises resale prices directly in treated buildings: unit prices increase by 1.65% (S$55.27/sqm) following

the announcement and by 11.47% (S$384.18/sqm) following the completion of upgrading.

The credibility of these estimates rests on the parallel trends assumption. Event-study estimates

show no evidence of differential pre-trends, and the TWFE and cohort-specific difference-in-differences

estimators of Callaway and Sant’Anna (2021) yield similar magnitudes, confirming that the negative-

weights concern does not substantially affect the TWFE results. A comprehensive set of robustness
3A similar approach is adopted in the social network literature (Bandiera and Rasul, 2006) and the spatial spillover

literature (Lu et al., 2019).
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checks, including controls for building age, inverse probability weighting, and alternative distance bands

and sample windows, confirms the stability of the own and spillover effects. Exploiting buildings that

were announced for upgrading but failed the resident vote as a natural counterfactual yields consistent

results.4

To quantify the welfare trade-off between in-kind upgrading and cash transfers, we adapt the frame-

work of Rossi-Hansberg et al. (2010), explicitly modeling distance-decaying housing externalities and

estimating key parameters via indirect inference, matching moments from our reduced-form estimates of

(i) the value appreciation of treated units and (ii) the magnitude and spatial decay of externalities. The

estimated model implies that externalities are quantitatively important in a dense urban setting. The

upgrading program raises treated-household welfare by 2.43% without externalities and by 3.35% with

externalities, reflecting both direct benefits from improved housing services and indirect benefits from

neighbors’ improvements; untreated neighbors gain 0.11% due to externalities alone. Comparing to an

equivalent lump-sum cash transfer that allows the household to freely allocate between consumption and

housing upgrading, we find that, absent externalities, cash dominates (2.53% vs. 2.43%) due to greater

consumption flexibility. With externalities, cash yields smaller welfare gains for treated households

(2.36% vs. 3.35%) because households underinvest in housing and free-ride on neighbors, dampening

aggregate spillovers. The welfare advantage of in-kind upgrading hinges critically on population density:

when neighborhood density is reduced to roughly 40% of Singapore’s level (comparable to Los Angeles)

or 6% (comparable to Birmingham, Alabama), spillovers weaken and the welfare ranking reverses in the

latter.

To explore mechanisms underlying the spatial spillovers, we turn to administrative resident records

that track individuals’ registered addresses over time. Upgrading leads to a large decline in residential

mobility in treated buildings, and crucially, mobility also falls in nearby untreated buildings, with effects

that attenuate with distance from treated locations; resale transaction volumes mirror this spatial pat-

tern, declining in both treated and nearby buildings. This spatial decay points to localized improvements

in neighborhood conditions that raise the value of staying put not only for recipients but also for prox-

imate non-recipients. Along with reduced turnover, treated neighborhoods experience a marked shift

toward an older resident age profile, and neighboring buildings exhibit smaller but significant increases

in average age as well. Together, these patterns suggest that upgrading increases place attachment,

particularly among older incumbents, reshaping neighborhood composition and propagating the impact

of housing upgrading beyond the directly treated buildings. This age-based retention of incumbents rep-

resents a previously underexplored channel of housing externalities, complementing the well-established

physical channel—improved structures and amenities capitalizing directly into nearby prices—and the
4The government bore the majority of the upgrading cost (citizen households co-paid only 7% to 18% of the total,

depending on flat type), so resident approval was nearly universal: only 1.47% of announced blocks failed the required
poll. These vote-failed blocks are few but undergo the same announcement process without subsequent implementation,
providing a clean within-program counterfactual.
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compositional channel operating through income- or education-based sorting.

This paper contributes to several strands of literature. First, we add to the literature measuring

housing externalities and examining the mechanism through which they arise. Relative to existing

estimates (Coulson and Li, 2013; Autor et al., 2014; Hornbeck and Keniston, 2017; Sandler, 2017;

Fu and Gregory, 2019; Koster and Van Ommeren, 2019; Davidoff et al., 2022; Bradlow et al., 2023;

Ganduri and Maturana, 2024), we use large-scale microdata and a nationwide policy to estimate the

magnitude and spatial reach of externalities induced by public housing upgrading in a dense urban

setting. We also contribute to work on the mechanisms by identifying a compositional channel that,

to our knowledge, has not been documented previously (Harding et al., 2009; Guerrieri et al., 2013;

Autor et al., 2014; Ganduri and Maturana, 2024). Housing upgrading potentially generates amenity

improvements that disproportionately strengthen place attachment among older incumbent residents,

reducing their residential mobility and, in turn, reshaping the age composition of both treated buildings

and their immediate vicinity.

Second, this paper contributes to ongoing debates on housing subsidy design, including housing

redevelopments (Jacob, 2004; Chyn, 2018; Almagro et al., 2024; Neri, 2024; Blanco and Neri, 2025), and

housing vouchers (Kling et al., 2007; Baum-Snow and Marion, 2009; Ludwig et al., 2013; Pollakowski

et al., 2022; Bergman et al., 2024; Chetty et al., 2026; Chyn and Daruich, 2025). The literature has

documented potential drawbacks of redevelopment or relocation, including inefficiencies from landlords’

strategic responses, negative supply shocks from demolition, market distortions, and welfare losses from

poorly targeted transfers (Glaeser and Luttmer, 2003; Collinson and Ganong, 2018; Diamond et al., 2019;

Waldinger, 2021; Majid, 2023). We study a design that preserves the existing housing stock: a public

upgrading program without demolition. Because housing services generate spatial externalities, the

benefits extend beyond treated households to nearby untreated neighbors. Our counterfactual analyses

demonstrate that in high-density settings, direct subsidies to housing services deliver larger total welfare

gains than equivalent cash transfers.

Third, more broadly, this paper speaks to the classic welfare trade-off between cash and in-kind

transfers: in-kind provision can be welfare-inferior to cash because it constrains households’ choice sets,

but it can be welfare-superior when the targeted good is subject to market failures that cash does not

correct (Currie and Gahvari, 2008). The literature has identified self-targeting (Nichols and Zeckhauser,

1982; Blackorby and Donaldson, 1988; Lieber and Lockwood, 2019), paternalism (Chorniy et al., 2025;

Bandiera et al., 2023), insurance (Gadenne et al., 2024), and externalities (Cunha et al., 2019) as channels

through which in-kind transfers can dominate cash. We contribute to this agenda by quantifying the

externalities channel in housing, the single largest component of household consumption, with welfare

estimates from a large-scale in-kind program, benchmarked against an equivalent lump-sum transfer. We

also highlight that the comparison between in-kind transfers and cash critically depends on context: in
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housing programs, the welfare ranking hinges on population density.

Fourth, we contribute methodologically to the broad literature on causal identification of spillover

effects. A growing body of work exploits random and quasi-random variation to estimate externalities

(Miguel and Kremer, 2004; Bandiera and Rasul, 2006; Lu et al., 2019), but as Borusyak and Hull

(2023) and Borusyak et al. (2025) highlight, exogenous variation in treatment assignment does not

necessarily generate exogenous variation in treatment exposure. We implement the recentering strategy

of Borusyak and Hull (2023), controlling for expected neighborhood exposure constructed from simulated

counterfactual treatment timing. This approach isolates the exogenous component of realized exposure

and yields a different spatial profile of externalities, underscoring the importance of accounting for

nonrandom exposure in spillover analyses.

The rest of the paper is organized as follows. Section 2 provides institutional background on Singa-

pore’s public housing system and the MUP. Section 3 describes data sources and variable construction.

Section 4 presents the empirical design. Section 5 reports baseline estimates, parallel trends evidence,

and robustness checks. Section 6 develops the welfare model and counterfactual analyses. Section 7

investigates mechanisms. Section 8 concludes.

2 Institutional Background

Public Housing in Singapore. Public housing in Singapore is built, allocated, and managed by the

HDB, which was established in 1960 with the goal of rehousing a population then living largely in slums

and squatter settlements.5 Spread across the entire island (Figure A.1), HDB flats now house about 80%

of the resident population, about 90% of whom are owner-occupiers. The estates take a high-rise, high-

density form: residential buildings range from about 13 to 49 storeys and, although individual layouts

vary, are built from a limited set of standardized flat types, with each building housing on average 110

flats; the average building has 79 other HDB buildings within 500 meters, 236 within 1,000 meters, and

426 within 1,500 meters. Importantly, the prices we study are not administered. While new flats are

sold by the government at subsidized, rationed prices, every transaction in our data comes from the

resale market, in which sitting owners sell to private buyers at freely negotiated prices. Resale prices

therefore reflect buyers’ willingness to pay for housing and neighborhood quality, which is the object our

externality estimates are meant to capture.6

The Main Upgrading Programme. Introduced in 1989, the MUP was a nationwide program to

revitalize aging public housing estates, mainly targeting buildings completed up to 1980. It upgraded
5In 1960 only about 9% of residents lived in government flats.
6Eligibility is restricted to Singapore citizens and permanent residents who meet income and household criteria; owners

may not hold multiple HDB units and may resell only after a Minimum Occupation Period, generally five years and up to
ten or twenty for some flat types.
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estates in place: at the building and precinct level it added or renewed shared amenities, including

lifts and lift lobbies, covered walkways, drop-off porches, multi-storey car parks, and landscaped open

space, while within flats it upgraded bathrooms, replaced entrance doors and grilles, and upgraded pipes

and cables. Crucially for our interpretation, the program did not demolish buildings, relocate residents,

or add new units: the number of flats is held fixed, so any price response mainly operates through

improved amenities. The MUP was also the sole large-scale, government-sponsored upgrading program

in Singapore between 1990 and 2006, which limits confounding from overlapping interventions.

Figure 1: HDB Buildings Announced for MUP by Cohort

Notes: These four maps show the distribution of HDB buildings in Singapore that were announced for upgrading under the Main
Upgrading Programme (MUP), grouped by cohort. Green dots represent the full universe of HDB buildings in Singapore (as of
2024), while orange dots indicate the locations of buildings selected for upgrading. In detail, the top-left map shows buildings
announced between 1990 and 1993 (before 1994); the top-right map shows buildings announced between 1990 and 1997 (before
1998); the bottom-left map shows buildings announced between 1990 and 2001 (before 2002); the bottom-right map shows buildings
announced between 1990 and 2006 (before 2007). Specifically, 151, 345, 280, and 110 buildings were announced for upgrading during
the periods 1990–1993, 1994–1997, 1998–2001, and 2002–2006, respectively.

HDB selected precincts for upgrading primarily on the basis of building age and structural condi-

tion, with most buildings upgraded when 21 to 25 years old (Figure A.2), and proceeded only where

at least 75% of resident owners approved the works in a poll.7 Upgrading was rolled out in staggered

cohorts: 151, 345, 280, and 110 buildings were announced during 1990–1993, 1994–1997, 1998–2001,

and 2002–2006, respectively (Figure 1). For each building we observe two dates that anchor our design.

The announcement date is when upgrading plans are revealed and put to the resident vote, after which

the works are anticipated; the billing date follows immediately after upgrading construction and quality
7The share of announced blocks that passed the poll is 98.53%.
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check completion, when residents are billed for their share of the cost.8 In total, the MUP upgraded 128

precincts and benefited 131,000 households at a cost of S$3.3 billion (about US$2.5 billion). The gov-

ernment bore most of the cost, with citizen households co-paying only 7% to 18% of the total depending

on flat type.

Figure 2 highlights the key features for Ang Mo Kio, one of the first towns upgraded. Treated

buildings are densely packed, and they enter the program in several waves spread over more than a

decade. A given building is typically surrounded by many neighbors, some upgraded in earlier cohorts

and some in later ones, and some remain untreated throughout. This combination of high density and

staggered timing is what makes the setting well suited to studying spillovers: a building’s exposure to

upgraded neighbors varies both across space, with its distance to treated buildings, and over time, as

nearby buildings enter the program in different years. We exploit this variation for empirical design in

Section 4.

Figure 2: HDB Buildings Announced for MUP in Ang Mo Kio by Announcement Cohort

Notes: This map shows HDB buildings announced for upgrading under the MUP in Ang Mo Kio, grouped by announcement
cohort. The circle denotes a 1,500-meter radius centered on the earliest treated cohort (1990). Red, blue, purple, and green dots
indicate buildings announced in 1990–1993, 1994–1997, 1998–2001, and 2002–2006, respectively. The dense spatial clustering of
treated buildings across multiple cohorts illustrates the high-density, multi-wave nature of the upgrading program in this area.

8The interval between the two is 6.1 years on average (Figure A.3). We separately estimate the anticipation effects from
the effect of realized upgrading proxied by the billing date.
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3 Data and Variables

3.1 Data

Our analysis draws on three datasets. The first is the HDB resale transaction dataset, which records

the universe of HDB flat resale transactions from 1990 to 2024, totaling 942,883 sales.9 The unit of

observation is flat i sold in year-month t. For each transaction, we observe the sale price, floor area (in

square meters), storey range, flat type and model, lease-commencement year, street name, postal code,

and geographic coordinates (longitude, latitude). The sale price and floor area allow us to construct

our primary outcome variable, the logarithm of the resale price per square meter. In Singapore, each

postal code corresponds to a unique building, a single multistory residential structure housing many

individual flats; in the administrative records these buildings are designated by a block number, and we

refer to them as buildings throughout. Each building is uniquely associated with a pair of geographic

coordinates, so this one-to-one mapping between postal codes, buildings, and coordinates allows us to

link datasets by postal code and to compute pairwise distances between buildings for constructing the

neighborhood exposure measures described in Section 3.2.

The second dataset is HDB’s administrative register of the MUP, covering the program’s full opera-

tional period from 1990 to 2006. The register records all 886 upgraded buildings and, for each building,

reports the block number, street name, and the exact announcement, billing, and completion dates. We

map buildings to postal codes using block numbers and street names and merge the MUP register with

the transaction data by postal code, which, given the one-to-one postal code–building correspondence,

yields an exact match at the building level. Full details on MUP implementation schedule are provided

in Online Appendix Table A.1.

The third dataset is a confidential administrative dataset of 2,171,383 Singaporean residents aged 20

or older, drawn from government registers linked to individuals’ official identification records.10 For each

individual, we observe gender, age, residential address (identified by postal code), and housing type at

discrete waves from 1996 to 2018. Approximately 99.4% of the observations in our analysis fall in the

1996, 1998, 2000, 2005, and 2011 waves, which cover a substantial portion of the MUP’s operational

period and allow us to track the impact of the program over time at the individual level. Because

addresses are recorded repeatedly, we can measure residential mobility (whether an individual changes

building between consecutive waves) and examine how the demographic composition of residents evolves

at the building level following the MUP. We use these outcomes in Section 7 to investigate the behavioral

mechanisms underlying the price effects.
9Resale transactions are secondary-market sales between existing owners and buyers, distinct from the initial allocation

of new flats by the government; resale prices are therefore market-determined.
10Based on the Department of Statistics Singapore’s mid-year 2019 estimates, Singapore’s total population was 5,703,600,

including 4,026,200 Singapore citizens or permanent residents. The population aged 20 and above was 3,213,000.

9



3.2 Variables

Direct Treatment Status. The MUP proceeds through two distinct phases for each treated building:

announcement and billing. We construct two binary indicators to capture the direct treatment status

of building b(i), which contains HDB flat i, in year-month t. The indicator 1(announce)b(i),t equals one

if the transaction occurs after the building’s official announcement date but before the billing date, and

zero otherwise. The indicator 1(billing)b(i),t equals one if the transaction occurs on or after the billing

date, and zero otherwise. These variables identify the own effect of upgrading on treated buildings across

the two policy phases, allowing us to distinguish the anticipation response following announcement from

the effect of actual implementation.

Neighborhood Exposure. To measure the spatial reach of upgrading spillovers, we construct distance-

banded measures of neighborhood exposure. Using each building’s geographic coordinates, we compute

pairwise Euclidean distances djk between all HDB buildings j and k, and for each building (both treated

and untreated), we count the number of neighboring buildings that have entered each upgrading phase

within distance bands r ∈ {0–500 m, 500–1000 m, 1000–1500 m} around this focal building:

Ann neighborr
b(i),t =

∑
k ̸=b(i)

1{db(i)k ∈ r} · 1(announce)k,t

Bill neighborr
b(i),t =

∑
k ̸=b(i)

1{db(i)k ∈ r} · 1(billing)k,t

where 1{db(i)k ∈ r} equals one if the distance between buildings b(i) and k falls within band r.

Thus Ann neighborr
b(i),t and Bill neighborr

b(i),t count the number of neighboring buildings within band

r that have entered each upgrading phase (between announcement and billing/completion or after

billing/completion) by date t. We further define the cumulative count of post-announcement treated

neighbors, Neighborr
b(i),t ≡ Ann neighborr

b(i),t + Bill neighborr
b(i),t, which records all neighbors within

band r whose upgrading has been announced by date t, regardless of billing status.

Expected Neighborhood Exposure. Realized neighborhood exposure may reflect underlying geo-

graphic patterns rather than causal spillovers: buildings in central or densely built-up areas mechanically

have more neighbors and therefore tend to exhibit higher exposure under even random rollout schedule.

To isolate the exogenous variation in exposure, we construct an expected neighborhood exposure following

the recentering strategy of Borusyak and Hull (2023). Specifically, we hold the set of 886 upgraded

buildings fixed and retain the realized number of buildings announced in each month, but randomly

reassign which buildings receive which announcement dates across 5,000 simulations. For each simu-

lation, we recompute the number of upgraded neighbors within each distance band and average these

simulated counts to obtain the expected exposure. This measure captures the neighborhood exposure a
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building would receive purely due to its geographic position and local density under random assignment,

holding the aggregate rollout schedule fixed. Including expected exposure as a control in the regression

absorbs the predictable, geography-driven component of realized exposure, so that identifying variation

comes from deviations of actual exposure from its expected level. Details of the simulation algorithm

are provided in Online Appendix Section D.

Summary Statistics. Our estimation sample comprises 531,836 HDB resale transactions in treated

buildings and in buildings with at least one treated neighbor within 1,500 meters, the maximum distance

over which we measure exposure. Online Appendix Table C.1 reports summary statistics for this sample.

The average resale price per square meter in our sample is S$3,349.4 (US$2,642.4), with a mean floor

area of 89.9 square meters, both broadly representative of the national housing stock. Approximately

5.7% of transactions occur in the post-announcement, pre-billing window, and 12.2% in the post-billing

period.

4 Empirical Design

Our goal is to estimate both the direct effect of upgrading on treated buildings and its spillover effects

on nearby buildings. Although upgrading is expected to raise prices within treated buildings, its effects

on nearby neighborhoods are theoretically ambiguous. On the demand side, upgrading improves local

amenities and may attract higher-income households, increasing nearby willingness to pay. On the

supply side, upgrading expands the local stock of housing services, which could place downward pressure

on prices. The relative strength of these channels is also likely to vary with distance: demand effects

are expected to dominate in the immediate vicinity, whereas supply effects may extend over a broader

area. Moreover, the MUP proceeds in distinct phases (announcement and billing), which may generate

different price responses as information about upgrading is gradually revealed and capitalized. These

considerations motivate us to begin with a flexible specification that separately identifies own effects by

upgrading phase and neighborhood spillovers by both phase and distance band.

We begin with a TWFE specification that lets the own effect and neighborhood spillovers vary freely

across upgrading phases and distance bands:

ln(price psmi,t) = β1 · 1(announce)b(i),t + β2 · 1(billing)b(i),t

+ β3 · Ann neighbor0−500
b(i),t + β4 · Ann neighbor500−1000

b(i),t + β5 · Ann neighbor1000−1500
b(i),t

+ β6 · Bill neighbor0−500
b(i),t + β7 · Bill neighbor500−1000

b(i),t + β8 · Bill neighbor1000−1500
b(i),t

+ X ′
i,t · β9 + αb(i) + αym(t) + αs(i) · y(t) + εi,t

(1)

where i represents individual HDB flat, b(i) denotes the building containing flat i, and t is the transaction
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period at the year-month level. The dependent variable, ln(price psmi,t), is the log resale price per square

meter of flat i transacted in period t. As detailed in Section 3.2, the indicators 1(announce)b(i),t and

1(billing)b(i),t capture the upgrading phases of the treated buildings. The variables Ann neighborr
b(i),t

and Bill neighborr
b(i),t capture neighborhood exposure to upgrading, defined as the number of neigh-

boring treated buildings (excluding the building itself) within distance band r that have entered the

corresponding phase, with r denoting the bands of 0–500m, 500–1,000m, and 1,000–1,500m. We control

for flat characteristics Xi,t, including flat size (in square meters) and fixed effects for flat type, storey

range, and flat model. We also include building fixed effects αb(i), year-month fixed effects αym(t), and

street-specific year trends αs(i) · y(t), where s(i) denotes the street, that is, the road-name grouping

recorded in the transaction data that spans several adjacent buildings.

Controls and Identification. The inclusion of a rich set of controls ensures that β1–β8 capture

differential price movements within local housing markets rather than the compositional differences

across areas. Conditional on these controls, the treatment-phase indicators identify own-building effects

from within-building timing variation, while the exposure terms identify externalities from variation in

the number of treated neighbors within each distance band. The key identifying assumption is that,

conditional on the fixed effects and controls, early- and later-treated buildings would, absent upgrading,

have followed common counterfactual price trends. We assess this assumption using an event-study

design in Section 5 that tests for differential pre-trends before the announcement date. Because the

program selectively targets aged buildings, the estimated own and neighboring effects identify the ATT

for the program’s selected pool, not an average effect that can be extrapolated to arbitrary buildings.

Staggered Treatment Timing. A well-known concern with TWFE estimation under staggered adop-

tion is that already-treated units may serve as implicit controls for later-treated ones, producing non-

convex or negative weights on cohort-time effect (De Chaisemartin and d’Haultfoeuille, 2020; Goodman-

Bacon, 2021). Bias arises in particular when later-treated cohorts are compared to earlier-treated “con-

trols” that are themselves contaminated by treatment dynamics. Moreover, as Goodman-Bacon (2021)

shows, the TWFE estimator is a weighted average of all possible pairwise DiD estimates, where the

weights are “variation hungry” and do not generally correspond to the standard weights used for the

ATT. To verify that this does not distort our estimates, we additionally implement the cohort-specific

difference-in-differences (CSDID) estimator of Callaway and Sant’Anna (2021), which compares each

treated cohort only to not-yet-treated units and aggregates group-time effects using a well-defined convex

weighting scheme. We apply CSDID to the own treatment effects; the neighboring exposure variables,

which are continuous and time-varying, fall outside the scope of the Callaway and Sant’Anna (2021)

framework. As we show in Section 5, the TWFE and CSDID estimates yield very similar magnitudes,

suggesting that the problematic comparisons do not carry high weights in generating the TWFE estimates

12



and that the negative-weights concern does not substantially affect these estimates.

Nonrandom Neighborhood Exposure. Despite the rich set of controls, the neighborhood exposure

measures may still be subject to omitted-variable bias: the extent of spillover treatment a unit experiences

may be systematically correlated with its position in the spatial network, even when the treatment itself

is as good as randomly assigned (Borusyak and Hull, 2023; Borusyak et al., 2025). In our setting,

buildings in central or densely built-up areas mechanically have more neighbors and tend to accumulate

higher exposure under even random rollout schedule, so raw exposure may capture unobserved geographic

characteristics (e.g., centrality, accessibility) that evolve with the program rather than true spillovers.

To address this concern, we include the expected neighborhood exposure constructed in Section 3.2 as

an additional control. This measure absorbs the predictable, geography-driven component of realized

exposure, so that identification of the neighboring effects comes from deviations in the timing and spatial

placement of actual upgrades rather than from structural differences in neighborhood density or location

fundamentals.

Baseline Specification. Following the above discussions, we further revise Equation (1) by adding

expected neighborhood exposure controls. Additionally, because the estimated neighborhood effects are

similar across the announcement and billing phases (Online Appendix Table C.2), we collapses the phase-

specific neighbor counts into a single cumulative count of post-announcement treated neighbors to form

our preferred baseline specification:

ln(price psmi,t) = γ1 · 1(announce)b(i),t + γ2 · 1(billing)b(i),t

+
∑

r

θr · Neighborr
b(i),t +

∑
r

λr · Neighbor
r

b(i),t

+ X ′
i,t · δ + αb(i) + αym(t) + αs(i) · y(t) + εi,t

(2)

where Neighborr
b(i),t is the cumulative number of treated neighbors within band r whose upgrading

has been announced by t (equivalently, Ann neighborr
b(i),t + Bill neighborr

b(i),t from Section 3.2), and

Neighbor
r

b(i),t is the corresponding expected exposure from Section 3.2; r indexes the same three distance

bands, and the controls Xi,t are as in Equation (1).

Inference. We cluster standard errors at the building level. Because our data comprise the universe of

HDB resale transactions rather than a random sample, the uncertainty relevant for our causal estimands

is design-based, arising from the assignment of upgrading across buildings and over time, rather than

sampling-based (Abadie et al., 2020); building-level clustering permits arbitrary correlation among the

repeated transactions of a given building across years and across its announcement and billing phases,

and matches the level at which the own-treatment indicators are defined (Abadie et al., 2023). A
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remaining concern is that resale prices may also be spatially correlated across nearby buildings, which

would motivate clustering at a broader geographic level. Much of this dependence is absorbed by the

mean structure; for the spillover terms, recentering on expected exposure further purges the predictable,

geography-driven component of cross-building dependence. We nonetheless verify in Section 5.3 that our

conclusions are unchanged when standard errors are clustered at a broader, precinct-scale residential-

cluster level that allows arbitrary correlation among nearby buildings (Online Appendix Table C.10).

Additional Identification Concerns. Several additional threats to identification merit attention.

First, treatment selection is nonrandom if the program systematically targets buildings with particular

characteristics (e.g., building age) that are themselves correlated with price trends. Second, unobserved

time-varying shocks may coincide with the upgrading timeline, generating spurious treatment effects.

Third, anticipation effects could arise if market participants expect nearby buildings to be upgraded

in the future, confounding the estimated spillovers with expectation premia. We address each of these

concerns through a comprehensive set of robustness checks in Section 5.3, including controls for building

age, inverse probability weighting, heterogeneity analysis by building age, alternative distance bands,

alternative sample windows, and a comparison of vote-passed versus vote-failed buildings.

5 Results

5.1 Baseline Estimates

We begin with the general specification in Equation (1), estimated on HDB resale transactions from 1990

to 2024; Online Appendix Table C.2 reports the results, distinguishing the announcement and billing

phases for both the own and neighboring effects. The estimation sample comprises treated buildings

together with buildings that have at least one treated neighbor within the widest distance band included

in a given column: Column (1) includes only treated buildings (own effects alone), and Columns (2)–(4)

progressively add the 0–500m, 500–1,000m, and 1,000–1,500m neighbor bands and the buildings exposed

within them, so the number of observations rises from 132,759 to 531,836.

The MUP has a direct and positive effect on resale prices of treated buildings, with significant

coefficients in both the post-announcement, pre-billing and the post-billing periods. Neighborhood ex-

posure also raises prices, indicating positive housing externalities. The neighboring effects are similar

in magnitude across the two phases, suggesting that the market capitalizes expected amenity gains at

announcement. Once upgrading is announced, nearby buildings price in essentially the same stream of

improvements regardless of whether billing has commenced, so the relevant state variable for neighbor-

hood exposure is the cumulative stock of announced neighbors.

Motivated by the similarity of neighboring effects across phases, we collapse the two phase-specific
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neighbor counts into a single cumulative count of post-announcement treated neighbors. Columns (1)–

(3) of Table 1 report this specification before correcting for nonrandom exposure. In Column (3), resale

prices of treated flats increase by 1.16% in the post-announcement, pre-billing period and by 12.44%

after billing. For neighborhood exposure, one additional treated building within 0–500m, 500–1,000m,

and 1,000–1,500m raises unit prices by 0.55%, 0.19%, and 0.05%, respectively.

Table 1: The Impact of Main Upgrading on Housing Prices

Without Expected-Exposure Control With Expected-Exposure Control

(1) (2) (3) (4) (5) (6)

Own Effect – After Announcement
and Before Billing

0.0088 0.0107∗ 0.0116∗ 0.0139∗∗ 0.0172∗∗∗ 0.0165∗∗∗

(0.0062) (0.0062) (0.0063) (0.0062) (0.0062) (0.0062)

Own Effect – After Billing 0.1168∗∗∗ 0.1196∗∗∗ 0.1244∗∗∗ 0.1116∗∗∗ 0.1130∗∗∗ 0.1147∗∗∗

(0.0101) (0.0101) (0.0102) (0.0103) (0.0103) (0.0103)

Neighboring Effect (0-500m) – After
Announcement

0.0048∗∗∗ 0.0051∗∗∗ 0.0055∗∗∗ 0.0019∗∗∗ 0.0014∗∗∗ 0.0015∗∗∗

(0.0004) (0.0004) (0.0004) (0.0003) (0.0003) (0.0003)

Neighboring Effect (500-1000m) –
After Announcement

0.0016∗∗∗ 0.0019∗∗∗ 0.0000 0.0000
(0.0003) (0.0003) (0.0002) (0.0002)

Neighboring Effect (1000-1500m) –
After Announcement

0.0005∗∗ -0.0010∗∗∗

(0.0002) (0.0002)

N 334878 437488 531836 334878 437488 531836
adj. R2 0.961 0.958 0.956 0.961 0.959 0.956
Year x Month FE Yes Yes Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes Yes Yes
Building FE Yes Yes Yes Yes Yes Yes
Flat FE Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates of the effects of the MUP on HDB resale prices. In each column, the sample comprises
treated buildings and those with at least one treated neighbor within the widest distance band included in that column;
observation counts therefore increase as wider bands are added, and Columns (4)–(6) use the same samples as Columns (1)–
(3). The dependent variable, ln(price psmi,t), is the log resale price per square meter of flat i transacted in period t. “Own
Effect” refers to binary indicators that equal one if the transaction date is on or after the start of the corresponding policy
phase and zero otherwise: “After Announcement and Before Billing” denotes the window between the announcement and
billing dates, and “After Billing” the period after the billing date. “Neighboring Effect” is the cumulative number of post-
announcement treated neighbors within the indicated distance band (0–500m, 500–1,000m, or 1,000–1,500m). Columns
(1)–(3) report estimates without controlling for expected exposure; Columns (4)–(6) additionally control for the expected
neighborhood exposure within each band, constructed by simulating counterfactual treatment timing that preserves the
schedule of policy implementation while randomly reassigning which buildings are treated at what time and averaging
the simulated exposures over draws. Within each panel, the columns progressively add the 0–500m, 500–1,000m, and
1,000–1,500m bands. All specifications control for flat size and include fixed effects for flat type, storey range, flat model,
building, and year-month, as well as street-specific year trends. Standard errors clustered at the building level are reported
in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

As discussed in Section 4, raw neighborhood exposure may be confounded by geography-driven vari-

ation. Our preferred baseline, Equation (2), therefore adds the expected neighborhood exposure as a

control; Columns (4)–(6) of Table 1 report these estimates. The own effects remain stable after this

correction: the post-billing own effect is 11.47% (Column (6)). The neighboring effects decline, however.

Only treated buildings within 500 meters retain a significant positive effect, with each additional treated

neighbor raising unit prices by 0.15%. With an average of 13 treated neighbors within 500 meters, the

implied aggregate spillover effect within this range is approximately 1.95%. Effects at 500–1,000m are

negligible, and those at 1,000–1,500m are negative. The results reveal a clear spatial profile of upgrading
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externalities.

5.2 Parallel Trends

The credibility of the difference-in-differences estimates rests on the parallel trends assumption: condi-

tional on the fixed effects and controls described in Section 4, the timing of upgrading must be uncor-

related with unobserved determinants of price changes. We assess this assumption using an event-study

design centered on the MUP announcement date, with the year immediately preceding announcement

(k = −1) as the reference period.

Figure 3: Event-Study Estimates of MUP Effects on HDB Resale Prices

Notes: This figure plots the dynamic effects of the MUP on HDB resale prices, using the year immediately preceding the
announcement (k = −1) as base period. The event-study sample is restricted to treated buildings. The dependent variable,
ln(price psmi,t), is the log resale price per square meter of flat i transacted in period t. Coefficients are estimated from a
specification with leads and lags of treatment, controlling for flat size and including fixed effects for flat type, storey range, flat
model, building, and year-month, as well as street-by-year trends. Markers denote point estimates, and vertical bars denote 99%
confidence intervals based on standard errors clustered at the building level. In addition to TWFE estimates, the figure reports
estimates from CSDID method (Callaway and Sant’Anna, 2021; Sant’Anna and Zhao, 2020), which accommodates variation in
treatment timing across units and allows for heterogeneous treatment effects.

Figure 3 reports both the TWFE event-study estimates and the CSDID estimates of Callaway and

Sant’Anna (2021). The lead coefficients are close to zero, providing no evidence of differential pre-

trends. The post-announcement coefficients are positive and statistically significant, indicating a clear

price response to upgrading. The two estimators yield similar magnitudes, confirming that the negative-

weights concern under staggered treatment timing does not substantially affect our estimates. A further

concern is that the not-yet-treated buildings serving as comparison units may themselves already be

exposed to nearby upgrading, which would distort the estimated own effect. Re-estimating the event
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study on a clean-control sample that excludes comparison observations with at least one treated neighbor

within 500 meters leaves the pattern essentially unchanged (Online Appendix Figure B.1).

We also implement the HonestDiD sensitivity analysis of Rambachan and Roth (2023) for the direct

price effect. Rather than imposing exact parallel trends, this procedure allows post-treatment deviations

from parallel trends to be bounded relative to the largest pre-treatment deviation. Online Appendix

Figure B.2 shows that the average post-announcement own-building effect remains positive under small

relaxations of parallel trends, with robust confidence intervals excluding zero until the relative-magnitude

bound reaches roughly 0.30. The direct effect is therefore robust to modest, though not arbitrary,

violations of parallel trends.

Price Dynamics. The event-study pattern also reveals that prices do not capitalize the full upgrading

premium at announcement. Consistent with Table 1, the own effect between announcement and billing

is small relative to the post-billing effect. The dynamic response is initially modest and strengthens

substantially about four years later, roughly when the earliest-billed buildings enter the billing phase,

and continues to build as more cohorts are billed. Although housing markets are forward-looking, several

frictions together with construction externalities may delay full adjustment: information about the scope,

timing, and quality of works arrives gradually, and upgrades within a building are often staged, so the

ultimate features and completion dates are not fully resolved at announcement. These factors attenuate

the initial response and generate a larger price adjustment once billing credibly commits the project.

5.3 Heterogeneity and Robustness

Heterogeneity by Density. Given the emphasis on the role of density, we first ask whether the

estimated externalities themselves vary with local density. We split the sample at the median number of

HDB buildings within 1,500 meters of a transacted building (339 buildings) and re-estimate the baseline

specification, separately for below- and above-median-density neighborhoods. Online Appendix Table

C.3 reports the results. The near-distance spillover is markedly stronger where density is higher: in

the full specification (Columns (3) and (6)), each additional treated building within 500 meters raises

unit prices by 0.24% in above-median-density neighborhoods, nearly three times the 0.09% estimated

in below-median-density neighborhoods. The own post-billing effect is likewise larger in denser areas

(13.4% versus 9.0%). Beyond 500 meters the realized spillovers are small and, in sparser neighborhoods,

slightly negative, consistent with dispersion forces dominating where treated buildings are more isolated.

This density gradient in the estimated externalities implies that the spillover benefits that make in-kind

upgrading attractive are likely concentrated in the dense environments.

Treatment Selection. Upgrade assignment may not be random. Online Appendix Figure A.2 shows

that upgrading is concentrated in a narrow age range, with most buildings upgraded at 21–25 years,
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indicating that selection is closely tied to building age. Although we do not claim to estimate the average

treatment effect, we pursue following strategies to investigate potential implications: (i) controlling

directly for building age at the time of transaction (Online Appendix Table C.4); (ii) implementing

inverse probability weighting (IPW) following Abadie (2005), with treatment propensities estimated

from a range of observed building characteristics, including building age (Online Appendix Tables C.5

and C.6). Both the own and neighboring effects remain stable across all three specifications. Further

details are provided in Online Appendix Section E.1.

Upgrading Expectations. A potential concern is that our estimates of spatial spillovers may capture

an “expectation premium” (pre-existing market expectations of future upgrading rather than the causal

effects of MUP itself). To probe this channel, we split the sample by building age at the time of transaction

(Age ≥ 14 versus Age < 14) and re-estimate the baseline specification within each subsample. Online

Appendix Table C.7 reports the results. For older buildings (Column (1)), the neighboring effects are

small and statistically indistinguishable from zero, indicating that nearby upgrading does not induce a

speculative price run-up for older units. By contrast, newer buildings (Column (2)) exhibit positive and

precisely estimated spillover effects. Because newer units are less likely to be perceived as imminent

candidates for upgrading, this pattern is difficult to reconcile with an expectation-based channel and is

instead consistent with spillovers operating through realized improvements in local housing services.

Alternative Distance Bands. To verify that our baseline estimates are not driven by the choice of

a 500m exposure band, we split the 0–500m band into two narrower bands (0–200m and 200–500m) and

re-estimate the specification. Online Appendix Tables C.8 and C.9, which report the separate-phase

and cumulative specifications respectively, show that the estimated coefficients associated with the two

nearest bands are quantitatively similar, justifying the grouping in the baseline specification. We also

find that the estimated effects remain stable in sign and magnitude, with a clear distance gradient,

confirming that the spillovers are robust to finer spatial resolution.

Alternative Clustering Level. As discussed in Section 4, we also assess sensitivity to spatial corre-

lation in resale prices by clustering at a broader spatial level. We group nearby buildings into compact,

precinct-scale residential clusters constructed from the pairwise distance matrix, with construction and

validation detailed in Online Appendix Section E.2, and re-estimate the baseline clustering standard er-

rors at this level. As shown in Online Appendix Table C.10, the own post-billing effect and the near-field

(0–500m) spillover remain statistically significant, with only modestly larger standard errors.

Alternative Sample Window. The event-study pattern (Figure 3) shows that treatment effects rise

in the early years and largely plateau by year 8. We restrict the estimation sample to an eight-year
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window following the announcement date to reduce the scope for slow-moving secular trends or later

confounding shocks to influence the estimates.11 Online Appendix Table C.11 shows that the magnitudes

and significance levels remain stable relative to the baseline.

Vote-Failed Buildings. Buildings selected for upgrading may be located in areas with stronger un-

derlying growth potential, generating faster price appreciation even absent upgrading. To examine this

concern, we exploit buildings that were announced for MUP but ultimately failed the resident vote and

therefore were not upgraded. These vote-failed buildings provide a natural counterfactual: they undergo

the same announcement process but do not receive subsequent implementation. We interact 1(pass)b(i)

(whether the vote passes) with 1(announce)b(i),t and 1(billing)b(i),t, within the pool of announced build-

ings and using the same controls and fixed effects as our main specification.12 Online Appendix Table

C.12 shows that vote-failed buildings experience a decline in resale prices after announcement. If post-

announcement appreciation were driven by favorable location fundamentals, prices in vote-failed buildings

should continue to rise even without implementation. Instead, the negative response suggests that the

announcement and subsequent vote failure jointly convey adverse information. The estimated effects for

vote-passed buildings remain close to the baseline estimates in Online Appendix Table C.2 (Column (1)),

indicating that our findings are not driven by selective placement of announced buildings in high-growth

locations.

6 Welfare Implications

The presence of housing externalities points to an important trade-off in evaluating housing upgrading

policies. As an in-kind transfer, upgrading improves unit quality and increases housing services, but may

yield lower welfare than an equivalent lump-sum cash transfer due to distortions of households’ allocation

choices. When housing services generate positive local externalities, however, nearby households also

benefit from the subsidy. In sufficiently dense neighborhoods, these spillover gains can outweigh the

distortion cost of in-kind provision. The net welfare effect of upgrading relative to cash transfers therefore

depends on the magnitude of externalities accruing to non-recipients relative to the distortions borne by

recipients. To assess this trade-off quantitatively, we follow Rossi-Hansberg et al. (2010) and estimate a

simple model using our reduced-form estimates.
11Because our sample spans a long period, estimates based on very long post-treatment windows may be more sensitive

to confounding forces that are difficult to absorb even with rich fixed effects. Concentrating on the eight-year horizon
targets the period in which price capitalization and spillovers are most economically relevant.

12More technical details are provided in Online Appendix Section E.3.
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6.1 Model

We build a simple closed-city model tailored to Singapore’s institutional setting. The city comprises a

finite set of discrete locations i ∈ N = {1, . . . , I}; agents are identical, supply one unit of labor inelasti-

cally, and earn wage income w > 0, which is allocated between consumption c(i) and housing expenditure

h(i). Preferences are Cobb–Douglas in consumption and housing services, u(i) = c(i)αh̃(i)1−α, where

effective housing services are given by

h̃(i) = h(i) + δ1
∑
k ̸=i

e−δ0dik h(k),

with δ1 > 0 capturing the intensity of externalities and δ0 > 0 governing the spatial decay rate. Taking

neighbors’ expenditures as given, each household chooses (c(i), h(i)) subject to c(i) + h(i) = w, yield-

ing a neighborhood equilibrium profile {h∗(i)}I
i=1 satisfying the best-response system implied by the

externality structure (full model derivations are provided in Online Appendix Section F; existence and

uniqueness are established in Online Appendix Section F.6).

We interpret the MUP as an in-kind subsidy that increases housing services by σ > 0 in the upgraded

locations A ⊆ N . The policy is modeled as a direct addition to housing service consumption in treated

locations, so untreated locations are affected only through the externality term. This structure delivers

two implications: (i) treated households more exposed to other treated buildings experience larger welfare

changes, and (ii) spillovers raise welfare for untreated locations absent direct transfers. We estimate

(δ0, δ1, σ) by indirect inference, targeting the own treatment effect on housing values and the magnitude

and spatial decay of neighborhood externalities from Section 5. Estimation details can be found in Online

Appendix Section F.4.

Although Section 5 shows that the estimated coefficients vary with neighborhood density, we calibrate

the model parameters (δ0, δ1, σ) to our baseline estimates, which pool all buildings across Singapore. Sin-

gapore lies near the high end of the global density distribution, and the lower-density environments we

examine in the counterfactuals below fall well into the left tail, so the pooled estimates best characterize

the high-density setting that anchors our analysis. One could instead extrapolate the estimated den-

sity gradient in the coefficients to infer how the magnitude of externalities changes across the density

distribution beyond the range of our setting, but such an exercise would rely on strong functional-form

assumptions, and we do not pursue it here. Relatedly, because the reduced-form estimates identify the

ATT for the program’s selected pool of aged buildings, the welfare numbers below should be read as

policy-relevant for upgrading targeted at similar buildings.
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6.2 Welfare Counterfactuals

Before presenting the aggregate welfare results, we illustrate the model-implied welfare changes using

Ang Mo Kio again as an example. Welfare changes are computed relative to the pre-subsidy baseline

using the estimated model described above.

Figure 4 maps the model-implied utility gains for upgraded buildings and surrounding buildings

within a 1,500-meter radius; the spatial layout of the town’s upgrading cohorts is shown earlier as in

Figure 2 of Section 2. Treated buildings exhibit the largest utility increases, reflecting both the direct

treatment effect and the spillovers from nearby treated neighbors. Untreated neighboring buildings also

experience positive gains that decline with distance from treated sites, consistent with spatial spillovers

in housing upgrading.

Figure 4: Model-Implied Utility Gains in Ang Mo Kio

Notes: This figure maps model-implied utility gains for treated and untreated buildings in Ang Mo Kio. Utility changes are
computed relative to the pre-subsidy baseline using the estimated parameters (δ0, δ1, σ) from the indirect inference estimation
described in Online Appendix Section F. Red (filled) markers denote treated (upgraded) buildings. Open circles denote untreated
buildings; the shading intensity reflects the magnitude of utility gain, as indicated by the color scale bar at the top of the figure.
The dashed circle denotes a 1,500-meter radius centered on the earliest cohort of treated buildings. Untreated buildings closer to
treated sites exhibit larger gains, consistent with distance-decaying housing externalities.

We now turn to the aggregate welfare implications. Table 2 reports welfare changes under the esti-

mated model, comparing scenarios with and without housing externalities. Without externalities, the

MUP increases treated households’ welfare by 2.43%, with no impact on untreated households (by def-

inition). With externalities, the same subsidy raises treated households’ welfare by 3.35%, reflecting

both direct benefits from improved housing services and indirect benefits from neighbors’ improvements.

Untreated neighboring households experience an average welfare gain of 0.11%. Across the entire pop-
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ulation, the welfare increases by 0.18% and 0.35% in the scenarios without and with externalities. The

smaller untreated and full-population averages reflect the large base over which the gains are spread:

treated buildings account for only about 7% of baseline welfare, and most untreated buildings lie far

from any upgraded site.

Table 2: Welfare Changes from Housing Upgrading and Cash Transfers

∆ Welfare Relative to Before Subsidy (Without Externality) (Wp − W )/W

Housing Cash

Treated groups 2.43% 2.53%
Untreated groups NA NA
Total population 0.18% 0.19%

∆ Welfare Relative to Before Subsidy (With Externality) (Wp − W )/W

Housing Cash

Treated groups 3.35% 2.36%
Untreated groups 0.11% 0.01%
Total population 0.35% 0.18%

Notes: This table reports welfare changes relative to the pre-subsidy baseline, computed as Wp−W

W
, where Wp denotes

welfare under policy p and W denotes baseline welfare. The upper panel reports results for the model equilibrium without
housing externalities; the lower panel reports results with externalities. Within each panel, the Housing column reports
welfare changes under the in-kind housing subsidy (MUP) and the Cash column under an equivalent lump-sum cash
transfer. Rows report results for treated (upgraded) buildings, untreated neighboring buildings, and the full sample.
Without externalities, the policy has no spillover effect on untreated buildings by construction (reported as NA). Welfare
is computed using the estimated parameters described in Online Appendix Section F.

Housing externalities imply that coordinated upgrading programs can outperform equivalent cash

transfers. We compare the MUP to an equivalent lump-sum cash transfer, under which households

choose freely how much to allocate to housing upgrading versus other consumption.13 Without exter-

nalities, the cash transfer raises treated households’ welfare by 2.53%, exceeding the 2.43% gain under

in-kind upgrading due to the flexibility in allocation. With externalities, however, the cash transfer raises

treated welfare by only 2.36%, substantially below the 3.35% gain under the MUP. The mechanism is

free-riding: under cash transfers, treated households underinvest in housing relative to the social opti-

mum, dampening positive spillovers and reducing aggregate welfare. Untreated neighbors also experience

smaller welfare gains under cash transfers.

In Singapore’s dense setting, housing externalities are sufficiently strong to offset the distortions

from in-kind provision. The welfare ranking of in-kind upgrading over cash transfers, however, depends

critically on population density. Table 3 reports counterfactual analyses in which neighborhood den-

sity is reduced to approximately 40% of Singapore’s level (roughly equivalent to Los Angeles) or to 6%

(comparable to Birmingham, Alabama). As density declines, the welfare advantage of housing subsi-
13Our cash counterfactual lets the transfer generate externalities only through the housing that households choose to

buy with it; it abstracts from any local consumption-amenity externalities, such as more or better neighborhood services,
that cash-financed spending on other goods might create. Because this omitted channel would raise the welfare of the
cash arm, the in-kind advantage we report in dense settings should be read as an upper bound. We expect the bias to
be second-order, however, since consumption-amenity externalities tend to be weaker and more spatially diffuse than the
localized housing externalities we estimate, and marginal cash spending is spread across many goods with limited local
spillovers.
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Table 3: Welfare Changes from Housing Upgrading and Cash Transfers across Density Levels

∆ Welfare Relative to Before Subsidy (With Externality) (Wp − W )/W

Singapore 40% (∼Los Angeles) 6% (∼Birmingham)
Housing Cash Housing Cash Housing Cash

Treated 3.35% 2.36% 2.78% 2.43% 2.48% 2.51%
Untreated 0.11% 0.01% 0.05% 0.01% 0.01% 0.00%
Total 0.35% 0.18% 0.25% 0.19% 0.19% 0.19%

Notes: This table reports welfare changes relative to the pre-subsidy baseline across different neighborhood density levels,
computed in the counterfactual equilibrium with externalities as Wp−W

W
, where Wp denotes welfare under policy p and W

denotes baseline welfare. For each density scenario, the Housing column reports results for the in-kind housing subsidy and
the Cash column for an equivalent lump-sum cash transfer. Rows report results for treated buildings, untreated neighboring
buildings, and the full sample. Singapore’s population density is approximately 8,207 persons per square kilometer. The
counterfactual density levels correspond to approximately 40% of Singapore’s density (3,210 per km2, roughly equivalent
to Los Angeles) and 6% of Singapore’s density (530 per km2, comparable to Birmingham, Alabama).

dies over cash transfers diminishes and eventually reverse: lower density weakens exposure to nearby

upgrading and reduces spillover benefits. The welfare ranking of in-kind subsidies versus cash transfers

is therefore inherently tied to the density environment. Note that in constructing these counterfactuals

we hold the externality parameters fixed and vary only density, which is a conservative choice. The

heterogeneity documented in Section 5 indicates that the externality coefficients are themselves smaller

in lower-density neighborhoods; allowing the externalities to weaken with density would further reduce

the welfare gains from in-kind upgrading in low-density settings, rendering cash transfers an even more

clearly welfare-improving alternative.

7 Mechanism Analysis

Our baseline estimates document positive, sharply distance-decaying spillovers generated by housing up-

grading, but the baseline results alone do not speak to the channels through which upgrading benefits

neighbors. The literature points to two broad classes of externalities. The first operates through the

physical condition of the local housing stock: its visible quality enters neighbors’ valuations directly, so

that neglected or distressed buildings depress nearby property values while visible improvements raise

them. Because these “eyesore” effects work through physical proximity, they are difficult to measure

directly and are typically inferred from their steep decay with distance, as in the literature on foreclosure

and mortgage-default externalities (Harding et al., 2009) and on the neighborhood price effects of prop-

erty rehabilitation (Ganduri and Maturana, 2024). The pronounced distance gradient in our spillover

estimates is consistent with this physical channel.

The second class consists of allocative, or compositional, externalities: the characteristics of residents

shape local amenities, public goods, and the peer environment, and thereby location desirability and

prices. This literature has emphasized sorting along income and skill, whereby upgrading draws in higher-

income or higher-skill households whose presence further raises neighborhood amenities and amplifies
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the initial shock (Guerrieri et al., 2013; Autor et al., 2014). We do not directly observe residents’ income

or education. As a partial proxy, we construct a wealth measure equal to the value of each resident’s

housing unit at the beginning of the sample period, and propagate this baseline value forward across

subsequent years for the same individual. Because this proxy is noisy and likely attenuates the estimated

coefficients, we treat the resulting wealth evidence as suggestive rather than definitive.

We do, by contrast, observe residents’ ages directly in administrative records, which gives a cleaner

window into compositional change and lets us examine a margin new to this literature. By tracking

residential mobility, the evolving age profile, and the wealth proxy of residents, we provide direct, micro-

level evidence that upgrading reshapes who lives in treated neighborhoods, offering concrete support

for a compositional mechanism underlying the upgrading externalities documented above. Using the

administrative residents dataset described in Section 3, we link each resident to the MUP program data

by matching buildings and wave years.

Table 4: The Impact of Main Upgrading on Residential Mobility and Resident Age

Residential Mobility Resident Age

(1) (2) (3) (4) (5) (6)

Own Effect – After Announcement
and Before Billing

-0.0822∗∗∗ -0.1030∗∗∗ -0.0968∗∗∗ 1.0379∗∗∗ 1.1836∗∗∗ 1.1901∗∗∗

(0.0250) (0.0230) (0.0223) (0.1551) (0.1449) (0.1412)

Own Effect – After Billing -0.1224∗∗∗ -0.1519∗∗∗ -0.1422∗∗∗ 1.5907∗∗∗ 1.7948∗∗∗ 1.8096∗∗∗

(0.0362) (0.0340) (0.0323) (0.2217) (0.2052) (0.1945)

Neighboring Effect (0-500m) – After
Announcement

-0.0051∗∗∗ -0.0036∗∗∗ -0.0035∗∗∗ 0.0281∗∗∗ 0.0171∗∗∗ 0.0153∗∗∗

(0.0008) (0.0007) (0.0007) (0.0042) (0.0041) (0.0042)

Neighboring Effect (500-1000m) –
After Announcement

-0.0034∗∗∗ -0.0029∗∗∗ 0.0187∗∗∗ 0.0148∗∗∗

(0.0004) (0.0004) (0.0028) (0.0028)

Neighboring Effect (1000-1500m) –
After Announcement

-0.0022∗∗∗ 0.0130∗∗∗

(0.0004) (0.0027)

N 490327 646076 770836 490327 646076 770836
adj. R2 0.224 0.217 0.184 0.067 0.065 0.062
Controls Yes Yes Yes Yes Yes Yes
Expected Exposure Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Building FE Yes Yes Yes Yes Yes Yes

Notes: This table reports the effects of the upgrading program on residential mobility (Columns (1)–(3)) and resident
age composition (Columns (4)–(6)). For mobility, the dependent variable is an indicator equal to one if an individual’s
registered residential address differs between the current wave and the subsequent wave, and zero otherwise; for age,
the dependent variable is the resident’s age at the subsequent wave. The sample consists of individuals observed in the
administrative residents dataset across the 1996, 1998, 2000, 2005, and 2011 waves. “Own Effect” captures the direct
impact of upgrading on residents of treated buildings, separately for the post-announcement, pre-billing period and the
post-billing period. “Neighboring Effect” measures cumulative post-announcement neighborhood exposure (combining both
pre-billing and post-billing phases) within the specified distance band. Within each outcome, the first column includes
neighboring exposure within 0–500m and the corresponding expected exposure, the second further adds 500–1,000m, and
the third additionally includes 1,000–1,500m. All specifications include fixed effects for flat type, storey range, flat model,
building, and year. Standard errors clustered at the building level are reported in parentheses. * p < 0.1, ** p < 0.05, ***
p < 0.01.
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The mechanism analysis is based on the following specification:

Mechj,t = ρ0 + ρ1 · 1(announce)b(i),t + ρ2 · 1(billing)b(i),t

+ ρ3 · Neighbor0−500
b(i),t + ρ4 · Neighbor500−1000

b(i),t + ρ5 · Neighbor1000−1500
b(i),t

+ ρ6 · Neighbor
0−500
b(i),t + ρ7 · Neighbor

500−1000
b(i),t + ρ8 · Neighbor

1000−1500
b(i),t

+ X ′
i,t · ρ9 + αb(i) + αt + ξj,t

(3)

where i denotes the housing unit occupied by resident j at wave t, b(i) its building, and t the wave year.

We consider two outcomes, Mechj,t: (i) a mobility indicator equal to one if the individual’s registered

address differs between wave t and the subsequent wave, and zero otherwise; and (ii) the resident’s age at

the subsequent wave. The treatment-phase indicators follow the definitions in Section 3.2. The variable

Neighborr
b(i),t measures cumulative post-announcement neighborhood exposure (combining both pre-

billing and post-billing phases) within distance band r, defined as in Equation (2), and Neighbor
r

b(i),t

is the corresponding expected exposure. We control for flat characteristics Xi,t (flat type, storey range,

and flat model fixed effects), building fixed effects αb(i), and year fixed effects αt.

Columns (1)–(3) of Table 4 report the effects of upgrading on mobility. The own effects are negative

and precisely estimated in both the post-announcement and post-billing periods, indicating that resi-

dents in treated buildings become substantially less likely to move. Spillovers are also present: residents

near upgraded buildings are less likely to relocate, with neighboring effects that are negative, statistically

significant, and attenuating with distance (0–500m, 500–1,000m, and 1,000–1,500m). This spatial de-

cay pattern is consistent with upgrading improving local housing services and neighborhood conditions,

increasing place attachment not only for treated households but also for nearby non-recipients. These

results support a mobility-based mechanism: upgrading raises local amenity value, increases household

retention, and lowers residential turnover in treated areas and surrounding neighborhoods. Consistent

with reduced turnover, resale transaction volume also declines: Online Appendix Table C.13 reports neg-

ative, distance-decaying neighboring effects on the number of resale transactions, mirroring the mobility

results.

If reduced mobility occurs disproportionately within certain subgroups, and if heterogeneous resi-

dents generate group-specific neighborhood amenities, such differential retention will also produce the

spatial decay pattern observed in price capitalization. In the context of upgrading aged housing build-

ings, resident age composition serves as a natural proxy: if upgrading disproportionately increases place

attachment for older households and motivates them to stay, the neighborhood age profile will shift

upward. Consistent with this prediction, Columns (4)–(6) of Table 4 show that the average age of resi-

dents rises in treated buildings in both the post-announcement and post-billing periods, and that nearby

buildings also experience positive, statistically significant increases with a spatial gradient, supporting
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differential retention as the operative mechanism. Because neighbor demographic characteristics influ-

ence both local amenity provision and social interactions, these compositional shifts toward middle- and

older-aged residents (with an average age of 46) provide evidence of an allocative externality channel

that can operate alongside, and potentially reinforce, physical investment improvements (Autor et al.,

2014; Guerrieri et al., 2013).

Turning to the wealth proxy, Online Appendix Table C.14 shows that upgrading is associated with

a decline in the average wealth of residents in treated buildings, while the average wealth of residents

in nearby buildings is essentially unchanged. We are cautious about pushing these estimates too far

given the noisiness of the proxy, which likely attenuates the coefficients. Read alongside the mobility

and age findings, however, the own-building decline is qualitatively consistent with differential retention:

upgrading disproportionately retains older incumbents, who may tend to be relatively wealth-poorer, so

the lower average wealth at the treated-building level reflects compositional change in who stays, but

the externality channel is not clear from this proxy.

8 Conclusion

Housing availability is one of the defining challenges of urbanization. Across cities in both the developed

and developing world, rapid population growth, constrained land supply, and rising construction costs

have intensified demand for policy interventions that improve available housing services. In-kind housing

upgrading programs are a prominent response, yet our understanding of how such programs operate in

the dense urban environments where they are most needed has been limited. This paper provides new

evidence from Singapore, where the upgrading programme was implemented across one of the world’s

densest residential landscapes.

We show that large-scale housing upgrading in a high-density city generates substantial spillovers

that extend beyond directly treated households. Exploiting the staggered implementation of Singapore’s

MUP and administrative micro data, we find that upgrading increases the value of treated units and

raises prices in surrounding neighborhoods. These externalities are highly localized, decaying rapidly

with distance. Upgrading also reduces residential mobility in treated buildings, with spatial spillovers

that similarly attenuate with distance, and treated neighborhoods exhibit a shift toward an older resident

age profile. Together, these results indicate that physical improvements strengthen place attachment and

lower residential turnover, reshaping neighborhood composition; these compositional shifts likely operate

alongside the physical channel in generating the housing externalities.

To inform policy design, we estimate a simple spatial housing-services model using moments from

our reduced-form estimates and quantify the welfare trade-off between in-kind upgrading subsidies and

equivalent lump-sum cash transfers. In dense cities such as Singapore, spillovers are sufficiently strong
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that upgrading yields larger welfare gains than cash transfers once externalities are taken into account. In

lower-density counterfactuals, however, spillovers weaken and the welfare advantage of in-kind upgrading

diminishes, with cash transfers potentially dominating in sufficiently sparse settings. These findings

underscore that the optimal form of housing subsidy is inherently density-dependent and that welfare

evaluations of upgrading policies should explicitly account for the extent of housing externalities.

Several directions for future research emerge from this analysis. First, our welfare model treats

households as homogeneous in preferences; incorporating heterogeneity would allow the analysis to cap-

ture distributional consequences of upgrading and the potential for gentrification-induced displacement.

Second, while we document compositional shifts through residential mobility and age, richer data on

household income and education would permit a more direct decomposition of different types of alloca-

tive externalities. Third, our model abstracts from general equilibrium price adjustments in the broader

housing market; embedding the externality structure in a spatial equilibrium framework with endoge-

nous location choice would enable a more complete welfare accounting. Finally, extending the analysis to

other dense urban contexts with large-scale housing programs would help establish the external validity

of the density-dependent welfare ranking.

References

Abadie, Alberto (2005) “Semiparametric difference-in-differences estimators,” The Review of Economic

Studies, 72 (1), 1–19.

Abadie, Alberto, Susan Athey, Guido W. Imbens, and Jeffrey M. Wooldridge (2020) “Sampling-based

versus design-based uncertainty in regression analysis,” Econometrica, 88 (1), 265–296.

(2023) “When should you adjust standard errors for clustering?” The Quarterly Journal of

Economics, 138 (1), 1–35.

Aliprantis, Dionissi and Daniel Hartley (2015) “Blowing it up and knocking it down: The local and city-

wide effects of demolishing high concentration public housing on crime,” Journal of Urban Economics,

88, 67–81.

Almagro, Milena, Eric Chyn, and Bryan A Stuart (2024) “Neighborhood Revitalization and Inequality:

Evidence from Chicago’s Public Housing Demolitions,”Technical report, Working Paper, National

Bureau of Economic Research.

Autor, David H., Christopher J. Palmer, and Parag A. Pathak (2014) “Housing Market Spillovers:

Evidence from the End of Rent Control in Cambridge, Massachusetts,” Journal of Political Economy,

122 (3), 661–717.

27



Bandiera, Oriana, Robin Burgess, Erika Deserranno, Ricardo Morel, Munshi Sulaiman, and Imran Rasul

(2023) “Social incentives, delivery agents, and the effectiveness of development interventions,” Journal

of Political Economy Microeconomics, 1 (1), 162–224.

Bandiera, Oriana and Imran Rasul (2006) “Social Networks and Technology Adoption in Northern

Mozambique,” The Economic Journal, 116 (514), 869–902.

Baum-Snow, Nathaniel and Justin Marion (2009) “The effects of low income housing tax credit develop-

ments on neighborhoods,” Journal of Public Economics, 93 (5-6), 654–666.

Bergman, Peter, Raj Chetty, Stefanie DeLuca, Nathaniel Hendren, Lawrence F Katz, and Christopher

Palmer (2024) “Creating moves to opportunity: Experimental evidence on barriers to neighborhood

choice,” American Economic Review, 114 (5), 1281–1337.

Blackorby, Charles and David Donaldson (1988) “Cash versus kind, self-selection, and efficient transfers,”

American Economic Review, 78 (4), 691–700.

Blanco, Hector (2023) “Pecuniary effects of public housing demolitions: Evidence from Chicago,” Re-

gional Science and Urban Economics, 98, 103847.

Blanco, Hector and Lorenzo Neri (2025) “Knocking it down and mixing it up: The impact of public

housing regenerations,” Review of Economics and Statistics, 1–45.

Borusyak, Kirill and Peter Hull (2023) “Nonrandom exposure to exogenous shocks,” Econometrica, 91

(6), 2155–2185.

Borusyak, Kirill, Peter Hull, and Xavier Jaravel (2025) “A Practical Guide to Shift-Share Instruments,”

Journal of Economic Perspectives, 39 (1), 181–204.

Bradlow, Benjamin H, Stefano Polloni, and William Violette (2023) “Public housing spillovers: Evidence

from South Africa,” Journal of Urban Economics, 134, 103527.

Callaway, Brantly and Pedro HC Sant’Anna (2021) “Difference-in-differences with multiple time periods,”

Journal of Econometrics, 225 (2), 200–230.

Cattaneo, Matias D, Sebastian Galiani, Paul J Gertler, Sebastian Martinez, and Rocio Titiunik (2009)

“Housing, health, and happiness,” American Economic Journal: Economic Policy, 1 (1), 75–105.

Chetty, Raj, John N Friedman, Nathaniel Hendren, Maggie R Jones, and Sonya R Porter (2026) “The

opportunity atlas: Mapping the childhood roots of social mobility,” American Economic Review, 116

(1), 1–51.

28



Chorniy, Anna, Amy Finkelstein, and Matthew J Notowidigdo (2025) “Paternalistic social assistance:

Evidence and implications from cash vs. in-kind transfers,” NBER Working Paper 34506, National

Bureau of Economic Research.

Chyn, Eric (2018) “Moved to Opportunity: The Long-Run Effects of Public Housing Demolition on

Children,” American Economic Review, 108 (10), 3028–3056.

Chyn, Eric and Diego Daruich (2025) “Equilibrium Effects of Neighborhood Interventions,” Conditionally

Accepted, American Economic Review.

Collinson, Robert and Peter Ganong (2018) “How do changes in housing voucher design affect rent and

neighborhood quality?” American Economic Journal: Economic Policy, 10 (2), 62–89.

Coulson, N Edward and Herman Li (2013) “Measuring the external benefits of homeownership,” Journal

of Urban Economics, 77, 57–67.

Cunha, Jesse M, Giacomo De Giorgi, and Seema Jayachandran (2019) “The price effects of cash versus

in-kind transfers,” The Review of Economic Studies, 86 (1), 240–281.

Currie, Janet and Firouz Gahvari (2008) “Transfers in cash and in-kind: Theory meets the data,” Journal

of Economic Literature, 46 (2), 333–383.

Davidoff, Thomas, Andrey Pavlov, and Tsur Somerville (2022) “Not in my neighbour’s back yard?

Laneway homes and neighbours’ property values,” Journal of Urban Economics, 128, 103405.

De Chaisemartin, Clément and Xavier d’Haultfoeuille (2020) “Two-way fixed effects estimators with

heterogeneous treatment effects,” American Economic Review, 110 (9), 2964–2996.

Diamond, Rebecca, Tim McQuade, and Franklin Qian (2019) “The effects of rent control expansion on

tenants, landlords, and inequality: Evidence from San Francisco,” American Economic Review, 109

(9), 3365–3394.

Freedman, Matthew and Emily G Owens (2011) “Low-income housing development and crime,” Journal

of Urban Economics, 70 (2-3), 115–131.

Fu, Chao and Jesse Gregory (2019) “Estimation of an equilibrium model with externalities: Post-disaster

neighborhood rebuilding,” Econometrica, 87 (2), 387–421.

Gadenne, Lucie, Samuel Norris, Monica Singhal, and Sandip Sukhtankar (2024) “In-kind transfers as

insurance,” American Economic Review, 114 (9), 2861–2897.

Galiani, Sebastian, Paul J Gertler, Raimundo Undurraga, Ryan Cooper, Sebastián Mart́ınez, and Adam

Ross (2017) “Shelter from the storm: Upgrading housing infrastructure in Latin American slums,”

Journal of Urban Economics, 98, 187–213.

29



Ganduri, Rohan and Gonzalo Maturana (2024) “Do property rehabs affect neighboring property prices?”

Journal of Urban Economics, 143, 103694.

Glaeser, Edward L and Erzo F P Luttmer (2003) “The misallocation of housing under rent control,”

American Economic Review, 93 (4), 1027–1046.

Goodman-Bacon, Andrew (2021) “Difference-in-differences with variation in treatment timing,” Journal

of Econometrics, 225 (2), 254–277.

Guerrieri, Veronica, Daniel Hartley, and Erik Hurst (2013) “Endogenous gentrification and housing price

dynamics,” Journal of Public Economics, 100, 45–60.

Harding, John P, Eric Rosenblatt, and Vincent W Yao (2009) “The contagion effect of foreclosed prop-

erties,” Journal of Urban Economics, 66 (3), 164–178.

Hornbeck, Richard and Daniel Keniston (2017) “Creative destruction: Barriers to urban growth and the

Great Boston Fire of 1872,” American Economic Review, 107 (6), 1365–1398.

Jacob, Brian A. (2004) “Public housing, housing vouchers, and student achievement: Evidence from

public housing demolitions in Chicago,” American Economic Review, 94 (1), 233–258.

Kling, Jeffrey R, Jeffrey B Liebman, and Lawrence F Katz (2007) “Experimental analysis of neighborhood

effects,” Econometrica, 75 (1), 83–119.

Koster, Hans RA and Jos Van Ommeren (2019) “Place-based policies and the housing market,” Review

of Economics and Statistics, 101 (3), 400–414.

Lieber, Ethan M J and Lee M Lockwood (2019) “Targeting with in-kind transfers: Evidence from

Medicaid home care,” American Economic Review, 109 (4), 1461–1485.

Lu, Yi, Jin Wang, and Lianming Zhu (2019) “Place-Based Policies, Creation, and Agglomeration

Economies: Evidence from China’s Economic Zone Program,” American Economic Journal: Eco-

nomic Policy, 11 (3), 325–360.

Ludwig, Jens, Greg J Duncan, Lisa A Gennetian, Lawrence F Katz, Ronald C Kessler, Jeffrey R Kling,

and Lisa Sanbonmatsu (2013) “Long-term neighborhood effects on low-income families: Evidence from

Moving to Opportunity,” American Economic Review, 103 (3), 226–231.

Majid, Wasay (2023) “Can landlords siphon housing allowances? New theory and evidence on housing

allowance algorithms from a natural experiment,” Journal of Housing Economics, 61, 101948.

Miguel, E and M Kremer (2004) “Worms: identifying impacts on education and health in the presence

of treatment externalities,” Econometrica, 72 (1), 159–217.

30



Neri, Lorenzo (2024) “Moving opportunities: The impact of mixed-income public housing regenerations

on student achievement,” Journal of Public Economics, 230, 105053.

Nichols, Albert L and Richard J Zeckhauser (1982) “Targeting transfers through restrictions on recipi-

ents,” American Economic Review, 72 (2), 372–377.

Pollakowski, Henry O, Daniel H Weinberg, Fredrik Andersson, John C Haltiwanger, Giordano Palloni,

and Mark J Kutzbach (2022) “Childhood housing and adult outcomes: a between-siblings analysis of

housing vouchers and public housing,” American Economic Journal: Economic Policy, 14 (3), 235–272.

Rambachan, Ashesh and Jonathan Roth (2023) “A more credible approach to parallel trends,” Review

of Economic Studies, 90 (5), 2555–2591.

Rossi-Hansberg, Esteban, Pierre-Daniel Sarte, and Raymond Owens III (2010) “Housing externalities,”

Journal of Political Economy, 118 (3), 485–535.

Sandler, Danielle H (2017) “Externalities of public housing: The effect of public housing demolitions on

local crime,” Regional Science and Urban Economics, 62, 24–35.

Sant’Anna, Pedro HC and Jun Zhao (2020) “Doubly robust difference-in-differences estimators,” Journal

of Econometrics, 219 (1), 101–122.

Waldinger, Daniel (2021) “Targeting in-kind transfers through market design: A revealed preference

analysis of public housing allocation,” American Economic Review, 111 (8), 2660–2696.

31



Online Appendix

Contents
A Additional Institutional Detail 2

Figure A.1 HDB Housing Stock Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
Figure A.2 Distribution of Building Age at Time of Upgrading . . . . . . . . . . . . . . . . . . 3
Figure A.3 Distribution of Years between MUP Announcement and Billing . . . . . . . . . . . 4
Table A.1 MUP Announcement Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

B Online Appendix Figures 12
Figure B.1 Event-Study Estimates: Clean-Control Specification . . . . . . . . . . . . . . . . . 12
Figure B.2 HonestDiD Sensitivity Analysis: Direct Effect . . . . . . . . . . . . . . . . . . . . . 13

C Online Appendix Tables 14
Table C.1 Summary Statistics: Regression Sample . . . . . . . . . . . . . . . . . . . . . . . . . 14
Table C.2 Impact of MUP on Prices: Separate Phase Effects . . . . . . . . . . . . . . . . . . . 15
Table C.3 Impact of MUP on Prices by Neighborhood Density . . . . . . . . . . . . . . . . . . 16
Table C.4 Impact of MUP on Prices: Controlling for Transaction Age . . . . . . . . . . . . . . 17
Table C.5 Impact of MUP on Prices: IPW . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
Table C.6 Impact of MUP on Prices: IPW with Expected Exposure . . . . . . . . . . . . . . . 19
Table C.7 Impact of MUP on Prices: Heterogeneity by Building Age . . . . . . . . . . . . . . 20
Table C.8 Impact of MUP on Prices: Alternative Bands, Separate Phases . . . . . . . . . . . . 21
Table C.9 Impact of MUP on Prices: Alternative Bands, Cumulative Exposure . . . . . . . . . 22
Table C.10 Impact of MUP on Prices: Alternative Residential-Cluster Level . . . . . . . . . . . 23
Table C.11 Impact of MUP on Prices: 8-Year Post-Announcement Window . . . . . . . . . . . 24
Table C.12 Impact of MUP on Prices: Passed vs. Failed Buildings . . . . . . . . . . . . . . . . 25
Table C.13 Impact of MUP on Transaction Volume . . . . . . . . . . . . . . . . . . . . . . . . . 26
Table C.14 Impact of MUP on Resident Proxied Wealth . . . . . . . . . . . . . . . . . . . . . . 27

D Expected Neighborhood Exposure: Simulation Algorithm 28

E Robustness Checks 30
E.1 Treatment Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
E.2 Alternative Clustering Level . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
E.3 Vote-Failed Buildings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

F Model and Estimation Details 35
F.1 Model Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
F.2 The Neighborhood Equilibrium . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
F.3 Quantification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
F.4 Estimation Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
F.5 Welfare Computation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
F.6 Proof of Proposition 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

1



A Additional Institutional Detail

Figure A.1: HDB Housing Stock Distribution

Notes: The map shows the geographic distribution of the HDB housing stock across Singapore. Data are from the HDB Database
compiled by “Teoalida”. For each building (identified by postal code) we count flats by room type and estimate the resident stock
by multiplying the number of flats by an assumed occupancy per type (for example, one person in a 1-room flat and two in a
2-room flat). This distribution serves as the proxy for population density in the welfare analysis of Section 6.
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Figure A.2: Distribution of Building Age at Time of Upgrading

Notes: This figure shows the distribution of building age at the time of upgrading, presenting both the histogram (in percentage
terms) and the corresponding kernel density estimate.
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Figure A.3: Distribution of Years between MUP Announcement and Billing

Notes: This figure plots the distribution of the number of years between the MUP announcement date and the billing date. The
sample is at the building level. The time gap is computed as the difference between the billing date and the announcement date,
divided by 365.25.
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Table A.1: MUP Announcement Details

Date Street name Blocks

1990-07-31 ANG MO KIO AVE 3 311, 312, 313, 314, 343, 344, 345, 346, 347

C’WEALTH AVE WEST 410, 411, 412, 413, 414, 415

LOR 7 TOA PAYOH 1, 2, 3

LOR LEW LIAN 1, 2, 3, 4, 5, 6, 7, 8

MARINE DR 60, 61, 62, 63, 64, 65, 66, 67, 71

TELOK BLANGAH DR 44, 45, 46, 47, 48, 49

1992-05-25 JLN BAHAGIA 27, 28, 32, 33, 34, 35

JLN BT HO SWEE 2, 4, 6, 8, 10

JLN DUA 93, 97

OLD AIRPORT RD 95, 99

REDHILL CL 1

TAMAN HO SWEE 12, 14, 16, 18

TANGLIN HALT RD 24, 25, 26, 27, 28, 29, 30, 31, 32

1993-04-22 C’WEALTH CRES 96, 97, 98, 99, 100, 101, 102

CIRCUIT RD 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 57, 58, 59, 60, 69

HO CHING RD 111, 112, 114

KALLANG BAHRU 63, 64, 65

LOR 1 TOA PAYOH 117, 118, 119

LOR 2 TOA PAYOH 116, 120

QUEENSWAY 168A

STIRLING RD 165, 166, 167, 168, 169, 170, 171

TAO CHING RD 113

1993-10-21 BALAM RD 19, 20, 21, 22, 23, 24, 30, 31, 32

CHAI CHEE AVE 32, 33, 34, 35, 36, 37, 40

CIRCUIT RD 34, 35, 36, 77, 78

HENDERSON CRES 101, 102, 103, 104, 105, 106

HOLLAND AVE 10, 12

HOLLAND DR 11, 13

LOR 4 TOA PAYOH 56, 58

LOR 5 TOA PAYOH 53, 54, 55, 57, 59, 61

To be continued
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Table A.1 (continued): MUP Announcement Details

Date Street name Blocks

1994-06-11 BEO CRES 24

CIRCUIT RD 38, 39, 40, 61, 62, 63, 64, 65, 66, 67

EMPRESS RD 8

FARRER RD 5, 6

HAVELOCK RD 22

HOUGANG AVE 3 15, 16, 17, 18, 19, 20, 21, 22, 23

JLN BT HO SWEE 32

JLN KLINIK 20, 26, 28, 30

LOR 1 TOA PAYOH 107, 108, 109, 110, 111, 112, 113, 114, 115

QUEEN’S RD 1, 2, 3, 4

TOA PAYOH NTH 205, 206, 207, 208, 209

1994-11-13 BEACH RD 1, 2, 3, 4, 5, 6

JLN KUKOH 8, 9, 10

LOR 1 TOA PAYOH 158, 159, 160, 161, 163, 168, 169, 173, 174

LOR 7 TOA PAYOH 4, 5, 8, 9, 12, 13, 15

MOULMEIN RD 69

UPP CROSS ST 34

WHAMPOA DR 83, 84, 85, 93, 94, 95, 96, 97, 98, 99, 100, 101

1995-06-04 ALJUNIED CRES 95, 96, 97, 98

ANG MO KIO AVE 3 301, 302, 322, 323, 324, 325, 326, 327, 328, 329, 348

C’WEALTH CL 81, 82, 83, 84, 85, 86, 87, 88

JLN BT MERAH 131

KIM TIAN RD 128, 129, 130

LOR 1 TOA PAYOH 98, 100

LOR 3 TOA PAYOH 91, 96

LOR 4 TOA PAYOH 92, 94, 95

SIN MING RD 22, 23, 24, 25

UPP ALJUNIED LANE 2, 3, 4, 5

1995-12-27 EVERTON PK 1, 2, 3, 4, 5, 6, 7

LOR 1 TOA PAYOH 157

To be continued
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Table A.1 (continued): MUP Announcement Details

Date Street name Blocks

LOR 5 TOA PAYOH 34, 38

LOR 6 TOA PAYOH 47, 51, 52

MARSILING DR 1, 2, 3, 4, 5

TANGLIN HALT RD 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45

UPP BOON KENG RD 11, 12, 15, 16, 18

1996-05-08 ANG MO KIO AVE 4 254, 255, 256, 257, 258

BENDEMEER RD 43, 44, 45, 47

MARSILING DR 6, 7, 8, 9, 10, 11

MARSILING LANE 12, 13, 15, 16, 17

TOA PAYOH EAST 25, 26, 27

WHAMPOA STH 49

1996-05-31 BT MERAH VIEW 119, 120, 128, 129, 130

1996-09-17 BEDOK STH AVE 1 22, 23

BEO CRES 36, 38, 40, 42, 44

EUNOS CRES 19, 20, 21, 22, 23

HAVELOCK RD 50

JLN BATU 2, 3, 4, 5, 6, 7, 8, 9, 10, 11

JLN BT HO SWEE 34, 46

KG ARANG RD 12, 14

KG KAYU RD 1

LOWER DELTA RD 48

MEI LING ST 152, 153, 154, 157, 158

NEW UPP CHANGI RD 24, 25, 26, 27, 28, 29, 30

1997-04-04 ANG MO KIO AVE 3 129, 130, 131, 132, 133, 134

BOON LAY PL 207, 208, 209, 210, 211, 212, 213, 214, 215

C’WEALTH DR 55, 56, 58, 59, 60, 62, 63, 64, 65, 66

CHAI CHEE RD 19, 20, 21, 22, 23, 24

DOVER CRES 20, 21, 22, 23, 26, 27

GHIM MOH RD 1, 2, 3, 4, 5, 6

LOR 2 TOA PAYOH 83

To be continued
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Table A.1 (continued): MUP Announcement Details

Date Street name Blocks

LOR 4 TOA PAYOH 66, 69, 70, 71, 73, 85, 85A, 85B, 85C

LOR 5 TOA PAYOH 72

MARINE CRES 27, 28, 29, 30, 31, 32, 33, 34, 35

QUEEN’S CL 23A, 23B

SELEGIE RD 8, 9, 10

TELOK BLANGAH CRES 13, 15, 16, 18, 19, 20, 21, 23, 24

1997-12-22 C’WEALTH CRES 103, 104, 106, 107, 108, 109, 110, 111, 112, 113

JLN BERSEH 25, 26, 27

KELANTAN RD 28, 29, 30

LOR 1 TOA PAYOH 123, 124, 125, 126, 128

MACPHERSON LANE 81, 82, 83

MARSILING DR 28, 29, 30, 31, 32, 33, 34, 35, 36, 37

1998-04-15 ANG MO KIO AVE 1 303, 304, 305, 306, 318, 319, 320, 321

BEDOK STH AVE 2 12

BEDOK STH RD 13, 15, 17, 18

CORPORATION DR 118

HO CHING RD 116, 117, 119, 120

JLN BT MERAH 104, 105, 106, 107, 110, 113, 115, 116, 117

TELOK BLANGAH DR 50, 51, 52, 53, 54, 55, 56, 57

YUAN CHING RD 121, 122

1998-12-30 ANG MO KIO AVE 1 207, 208, 215, 216

GEYLANG BAHRU 57, 61, 62, 68

KALLANG BAHRU 66, 67

LOR 7 TOA PAYOH 17, 18, 19, 20, 21

MARINE TER 12, 13, 14, 15, 16, 17, 18, 19, 20

MEI LING ST 155, 156, 160, 161, 162

STIRLING RD 163, 164

TOA PAYOH EAST 23

1999-08-10 GHIM MOH RD 7, 8, 13, 14, 15, 16, 17, 18, 19, 21

HOY FATT RD 28

To be continued
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Table A.1 (continued): MUP Announcement Details

Date Street name Blocks

INDUS RD 77, 78, 79

JLN BT MERAH 1, 2, 3, 28

JLN RUMAH TINGGI 37

JLN TENTERAM 20, 21, 22

LOR 1 TOA PAYOH 103, 104, 105, 106

TOA PAYOH NTH 199, 200, 201, 202, 203, 204

WHAMPOA DR 74, 75

2000-03-19 SIMS DR 41, 44, 45, 50, 51

SIMS PL 46, 47, 48, 52, 53

2000-03-25 C’WEALTH DR 89, 90, 91, 92, 93, 94, 95

TELOK BLANGAH CRES 1, 3, 4, 5, 6

2000-03-26 KIM KEAT AVE 194, 195

MARINE CRES 43, 44, 45, 46, 47

2000-04-02 BEDOK NTH RD 111, 112, 115, 116, 117

BEDOK NTH ST 2 113, 114, 118

2000-11-05 DOVER CL EAST 12, 13, 14

DOVER CRES 5

DOVER RD 1, 2, 3, 4

2000-11-18 BEDOK STH AVE 2 31, 32, 33, 34, 35

HOLLAND AVE 2, 4

NEW UPP CHANGI RD 60, 61

2000-11-19 DORSET RD 48, 48A

2000-11-21 BEACH RD 14, 15, 17

NTH BRIDGE RD 12, 13

2000-11-23 DEPOT RD 113, 114

2000-12-16 BENDEMEER RD 23, 24, 25, 26, 27, 28, 30, 31, 32, 33

BOON KENG RD 22

WHAMPOA WEST 34

2001-09-09 BEDOK STH AVE 1 1, 2, 3, 4

To be continued
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Table A.1 (continued): MUP Announcement Details

Date Street name Blocks

BEDOK STH AVE 2 5, 6, 7, 8

BEDOK STH RD 19, 20, 21

2001-09-21 BOON LAY DR 198, 199, 200, 201, 202, 203, 204, 205, 206

2001-09-22 HOLLAND AVE 8, 9

HOLLAND CL 6

2001-09-23 GEYLANG BAHRU 53, 54, 55, 56

MARINE TER 1, 2, 3, 4, 5, 6, 7, 8

MARSILING DR 201, 202, 203, 204, 205, 206

2001-09-29 BEDOK NTH AVE 2 512, 513, 515, 516, 517, 518

BEDOK NTH ST 3 554

BEDOK RESERVOIR RD 709, 710, 711, 712, 713, 714, 715

LOR LIMAU 76, 77

WHAMPOA DR 82, 86

2001-09-30 PAYA LEBAR WAY 120, 121, 122, 123, 124

2001-10-07 ANG MO KIO AVE 1 205, 206

2001-10-14 BT MERAH CTRL 115, 116, 117

2001-10-21 ANG MO KIO AVE 3 422, 423, 424, 425

CLEMENTI AVE 4 301, 302, 303, 304, 305, 306, 307, 308, 309, 310

2001-10-22 PANDAN GDNS 401, 402, 403, 404, 405, 406, 407, 408

2001-11-14 LOR 8 TOA PAYOH 225, 226, 227, 228, 229, 230, 231, 232, 233, 234, 235

2002-11-20 TECK WHYE AVE 8, 10

TECK WHYE LANE 9, 11, 12, 13, 14, 25, 26

2002-11-23 ANG MO KIO AVE 4 641, 644

ANG MO KIO AVE 5 642, 643, 648, 649

ANG MO KIO AVE 6 645, 646, 647

2002-12-01 UPP BOON KENG RD 19, 38, 39

2003-01-03 BANDA ST 5

KRETA AYER RD 333, 334

To be continued
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Table A.1 (continued): MUP Announcement Details

Date Street name Blocks

SAGO LANE 4

2003-01-04 CLEMENTI AVE 4 315, 316, 317, 318, 319, 320

2003-01-05 MARINE TER 51, 52, 53, 54, 55, 56, 57, 58, 59

TELOK BLANGAH DR 64, 65, 66, 67

TELOK BLANGAH HTS 62, 63, 68, 69

2003-02-07 BEDOK NTH AVE 4 98, 99, 100, 101, 102, 103, 104, 105, 106

2003-02-09 ANG MO KIO AVE 10 411, 412, 413, 414, 415, 416, 417, 418, 419, 420, 421

2003-05-25 BEDOK NTH ST 1 201, 202, 203

CHAI CHEE ST 41, 42, 43, 44, 45

2005-06-05 HAIG RD 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12

NEW MKT RD 32

2006-01-12 TELOK BLANGAH HTS 58, 59, 60, 61

2006-02-11 ANG MO KIO AVE 3 101, 102, 103, 105, 106, 107

2006-04-25 ANG MO KIO AVE 10 456, 457, 458, 459, 460

2006-04-26 ANG MO KIO AVE 2 259

ANG MO KIO AVE 4 112, 113, 114, 117, 118

Notes: This table reports the MUP announcement dates and the corresponding upgraded buildings.
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B Online Appendix Figures

Figure B.1: Event-Study Estimates of MUP Effects on HDB Resale Prices — After Excluding Spillover-
Contaminated Controls

Notes: This figure reports event-study estimates of the effect of own MUP announcement on log resale price per square meter.
The sample is restricted to MUP-selected buildings. Event time is measured in years relative to the announcement year, with year
−1 omitted as the reference period. The clean-control specification excludes not-yet-treated comparison observations that have
already been exposed to treated neighbors within 500 meters. The figure focuses on event years −6 to 8: because this restriction
drops the comparison observations already exposed to treated neighbors, the number of usable comparison units falls at longer
horizons, so effects beyond eight years after announcement cannot be reliably identified and are omitted. All specifications control
for flat size and include fixed effects for flat type, storey range, flat model, building, and year-month, as well as street-specific year
trends. Standard errors are clustered at the building level. Vertical bars report 99% confidence intervals.
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Figure B.2: HonestDiD Sensitivity Analysis for the Direct Effect of MUP

Notes: This figure reports HonestDiD robust confidence intervals following Rambachan and Roth (2023) for the average post-
announcement direct effect of MUP on log resale price per square meter. The estimates are based on the CSDID event-study
specification in Figure 3, with event time measured relative to the announcement year and event year −1 omitted as the reference
period. The red interval labelled “Original” reports the conventional confidence interval under exact parallel trends. The blue
intervals report robust confidence intervals under relative-magnitude restrictions that allow post-treatment violations of parallel
trends to be up to M̄ times the largest pre-treatment deviation. All specifications control for flat size and include fixed effects for
flat type, storey range, flat model, building, and year-month, as well as street-specific year trends. Standard errors are clustered
at the building level.
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C Online Appendix Tables

Table C.1: Summary Statistics of Data Used for Main Regression Analysis

count mean sd min max

Price – Per Square Meter 531836 3349.45 1743.23 120.97 15591.40
Floor Area – Square Meter 531836 89.91 26.32 28.00 366.70
Own Effect – After Announcement and
Before Billing

531836 0.06 0.23 0.00 1.00

Own Effect – After Billing 531836 0.12 0.33 0.00 1.00
Neighboring Effect (0–500m) – After
Announcement and Before Billing

531836 1.98 4.67 0.00 43.00

Neighboring Effect (0–500m) – After
Billing

531836 4.59 8.43 0.00 53.00

Neighboring Effect (0–500m) – After
Announcement

531836 6.57 9.62 0.00 53.00

Neighboring Effect (500–1000m) – After
Announcement and Before Billing

531836 3.41 6.54 0.00 57.00

Neighboring Effect (500–1000m) – After
Billing

531836 7.76 12.26 0.00 71.00

Neighboring Effect (500–1000m) – After
Announcement

531836 11.17 13.72 0.00 71.00

Neighboring Effect (1000–1500m) – After
Announcement and Before Billing

531836 4.08 7.16 0.00 63.00

Neighboring Effect (1000–1500m) – After
Billing

531836 9.02 13.20 0.00 81.00

Neighboring Effect (1000–1500m) – After
Announcement

531836 13.11 14.52 0.00 81.00

Notes: This table reports summary statistics for the baseline estimation sample, which comprises the 531,836 HDB resale
transactions over 1990–2024 in treated buildings and in buildings with at least one treated neighbor within 1,500 meters.
Price – Per Square Meter is the resale price per square meter in Singapore dollars, and Floor Area is the unit floor area
in square meters; both are drawn from the HDB resale transaction dataset. The two Own Effect indicators equal one for
transactions in the post-announcement, pre-billing window and in the post-billing period, respectively. Each Neighboring
Effect variable counts the number of treated neighboring buildings within the indicated distance band (0–500m, 500–1,000m,
or 1,000–1,500m) that have entered a given phase: After Announcement and Before Billing counts announced-but-not-
yet-billed neighbors, After Billing counts billed neighbors, and After Announcement counts all announced neighbors. All
policy variables are constructed from the Main Upgrading Programme (MUP) administrative register. Columns report the
number of observations, mean, standard deviation, minimum, and maximum.
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Table C.2: The Impact of Main Upgrading on Housing Prices — Separate Phase Effects

(1) (2) (3) (4)

Own Effect – After Announcement
and Before Billing

0.0159∗∗∗ 0.0099∗ 0.0120∗∗ 0.0134∗∗

(0.0039) (0.0060) (0.0060) (0.0060)

Own Effect – After Billing 0.1015∗∗∗ 0.1151∗∗∗ 0.1174∗∗∗ 0.1201∗∗∗

(0.0062) (0.0108) (0.0109) (0.0109)

Neighboring Effect (0-500m) –
After Announcement and Before
Billing

0.0047∗∗∗ 0.0049∗∗∗ 0.0052∗∗∗

(0.0003) (0.0003) (0.0003)

Neighboring Effect (0-500m) –
After Billing

0.0051∗∗∗ 0.0054∗∗∗ 0.0060∗∗∗

(0.0005) (0.0005) (0.0005)

Neighboring Effect (500-1000m) –
After Announcement and Before
Billing

0.0016∗∗∗ 0.0018∗∗∗

(0.0002) (0.0002)

Neighboring Effect (500-1000m) –
After Billing

0.0017∗∗∗ 0.0021∗∗∗

(0.0003) (0.0003)

Neighboring Effect (1000-1500m) –
After Announcement and Before
Billing

0.0004∗∗

(0.0002)

Neighboring Effect (1000-1500m) –
After Billing

0.0007∗∗

(0.0003)

N 132759 334878 437488 531836
adj. R2 0.960 0.961 0.958 0.956
Year x Month FE Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes
Building FE Yes Yes Yes Yes
Flat FE Yes Yes Yes Yes

Notes: This table reports estimates of the effects of MUP on HDB resale prices. The sample is restricted to treated
buildings and their neighboring buildings within the specified distance bands. The dependent variable, ln(price psmi,t), is
the log resale price per square meter of flat i transacted in period t. “After Announcement and Before Billing” denotes the
period between the official announcement and the billing date, while “After Billing” denotes the period after the billing
date. “Own Effect” refers to binary indicators that capture the direct effect of MUP on flats located in treated buildings.
Each indicator equals one if the transaction date is on or after the start of the corresponding policy phase–either the
announcement date or the billing date, and zero otherwise. “Neighboring Effect” captures spillover effects from treated
neighboring buildings. It is defined as the number of neighboring buildings that (i) are in the corresponding treatment
phase (after announcement and before billing, or after billing), and (ii) are located within the specified distance band from
the flat (0–500m, 500–1,000m, or 1,000–1,500m). Column (1) considers only the direct policy impact on flats located in
treated buildings. Column (2) adds neighboring exposure within 0–500m. Column (3) further adds neighboring exposure
within 500–1,000m, and Column (4) additionally includes neighboring exposure within 1,000–1,500m. All specifications
control for flat size and include fixed effects for flat type, storey range, flat model, building, and year-month, as well as
street-specific year trends. Standard errors clustered at the building level are reported in parentheses. * p < 0.1, ** p <
0.05, *** p < 0.01.
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Table C.3: The Impact of Main Upgrading on Housing Prices — by Neighborhood Density

Below-Median Density Above-Median Density

(1) (2) (3) (4) (5) (6)

Own Effect – After Announcement
and Before Billing

0.0086 0.0114 0.0110 0.0168∗ 0.0181∗ 0.0168∗

(0.0078) (0.0078) (0.0078) (0.0094) (0.0094) (0.0095)

Own Effect – After Billing 0.0888∗∗∗ 0.0888∗∗∗ 0.0899∗∗∗ 0.1312∗∗∗ 0.1309∗∗∗ 0.1342∗∗∗

(0.0110) (0.0110) (0.0111) (0.0182) (0.0180) (0.0181)

Neighboring Effect (0-500m) – After
Announcement

0.0013∗∗∗ 0.0009∗ 0.0009∗∗ 0.0025∗∗∗ 0.0022∗∗∗ 0.0024∗∗∗

(0.0004) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)

Neighboring Effect (500-1000m) –
After Announcement

-0.0010∗∗∗ -0.0010∗∗∗ 0.0005 0.0005∗

(0.0003) (0.0003) (0.0003) (0.0003)

Neighboring Effect (1000-1500m) –
After Announcement

-0.0009∗∗∗ -0.0010∗∗∗

(0.0003) (0.0003)

N 174256 230046 266349 160621 207441 265486
adj. R2 0.961 0.959 0.957 0.961 0.959 0.957
Expected Exposure Yes Yes Yes Yes Yes Yes
Year x Month FE Yes Yes Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes Yes Yes
Building FE Yes Yes Yes Yes Yes Yes
Flat FE Yes Yes Yes Yes Yes Yes

Notes: This table re-estimates the baseline specification (Equation 2) separately for neighborhoods below and above the
median local building density, measured as the number of HDB buildings within 1,500 meters of the transacted building
(median = 339). Columns (1)–(3) cover below-median-density neighborhoods and Columns (4)–(6) above-median-density
neighborhoods; within each group, the columns progressively add the 0–500m, 500–1,000m, and 1,000–1,500m neighbor
bands. The dependent variable, ln(price psmi,t), is the log resale price per square meter of flat i transacted in period
t. “Own Effect” indicators equal one if the transaction date is on or after the start of the corresponding policy phase
(announcement or billing). “Neighboring Effect” is the cumulative number of post-announcement treated neighbors within
the indicated band; all specifications additionally control for the expected neighborhood exposure within each band. All
specifications control for flat size and include fixed effects for flat type, storey range, flat model, building, and year-month,
as well as street-specific year trends. Standard errors clustered at the building level are reported in parentheses. * p < 0.1,
** p < 0.05, *** p < 0.01.
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Table C.4: The Impact of Main Upgrading on Housing Prices — Controlling for Transaction Age

(1) (2) (3) (4)

Own Effect – After Announcement
and Before Billing

0.0159∗∗∗ 0.0088 0.0106∗ 0.0115∗

(0.0039) (0.0062) (0.0062) (0.0063)

Own Effect – After Billing 0.1015∗∗∗ 0.1168∗∗∗ 0.1196∗∗∗ 0.1243∗∗∗

(0.0062) (0.0101) (0.0101) (0.0102)

Transaction Age -0.0045∗∗ -0.0020 -0.0030∗∗ -0.0061∗∗∗

(0.0018) (0.0013) (0.0012) (0.0022)

Neighboring Effect (0-500m) –
After Announcement

0.0048∗∗∗ 0.0051∗∗∗ 0.0055∗∗∗

(0.0004) (0.0004) (0.0004)

Neighboring Effect (500-1000m) –
After Announcement

0.0016∗∗∗ 0.0019∗∗∗

(0.0003) (0.0003)

Neighboring Effect (1000-1500m) –
After Announcement

0.0005∗∗

(0.0002)

N 132759 334878 437488 531836
adj. R2 0.960 0.961 0.958 0.956
Year x Month FE Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes
Building FE Yes Yes Yes Yes
Flat FE Yes Yes Yes Yes

Notes: This table reports robustness check results that control for the transaction age of the flat. The dependent variable
ln(price psmi,t) is the logarithm of the resale price per square meter of flat i transacted in period t. All specifications
control for flat size and include fixed effects for flat type, storey range, flat model, building, and year-month. Clustered
standard errors at the building level are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table C.5: The Impact of Main Upgrading on Housing Prices — IPW

(1) (2) (3)

Own Effect – After Announcement
and Before Billing

-0.0041 -0.0005 0.0020
(0.0067) (0.0068) (0.0068)

Own Effect – After Billing 0.0890∗∗∗ 0.0942∗∗∗ 0.1003∗∗∗

(0.0091) (0.0092) (0.0092)

Neighboring Effect (0-500m) –
After Announcement

0.0044∗∗∗ 0.0047∗∗∗ 0.0050∗∗∗

(0.0004) (0.0004) (0.0004)

Neighboring Effect (500-1000m) –
After Announcement

0.0014∗∗∗ 0.0017∗∗∗

(0.0003) (0.0003)

Neighboring Effect (1000-1500m) –
After Announcement

0.0005∗∗

(0.0002)

N 317700 420301 514649
adj. R2 0.955 0.954 0.952
Year x Month FE Yes Yes Yes
Street x Year Trend Yes Yes Yes
Building FE Yes Yes Yes
Flat FE Yes Yes Yes

Notes: This table reports robustness check results that address potential non-random selection into treatment by using
inverse probability weighting (IPW), with weights constructed from the predicted probability of treatment. The depen-
dent variable ln(price psmi,t) is the logarithm of the resale price per square meter of flat i transacted in period t. All
specifications control for flat size and include fixed effects for flat type, storey range, flat model, building, and year-month.
Clustered standard errors at the building level are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table C.6: The Impact of Main Upgrading on Housing Prices — IPW While Controlling for Expected
Exposure

(1) (2) (3)

Own Effect – After Announcement
and Before Billing

0.0021 0.0074 0.0083
(0.0067) (0.0067) (0.0068)

Own Effect – After Billing 0.0858∗∗∗ 0.0899∗∗∗ 0.0928∗∗∗

(0.0092) (0.0093) (0.0094)

Neighboring Effect (0–500m) – After
Announcement

0.0014∗∗∗ 0.0011∗∗∗ 0.0011∗∗

(0.0004) (0.0004) (0.0004)

Neighboring Effect (500–1000m) –
After Announcement

-0.0007∗∗∗ -0.0007∗∗∗

(0.0003) (0.0003)

Neighboring Effect (1000–1500m) –
After Announcement

-0.0008∗∗∗

(0.0002)

Observations 317700 420301 514649
Adjusted R2 0.955 0.954 0.953
Expected Exposure Yes Yes Yes
Year x Month FE Yes Yes Yes
Street x Year Trend Yes Yes Yes
Building FE Yes Yes Yes
Flat FE Yes Yes Yes

Notes: This table reports inverse probability weighting (IPW) estimates of the effect of the Main Upgrading Programme
(MUP) on log resale prices, while controlling for expected neighborhood exposure constructed via the recentering procedure.
The dependent variable, ln(price psmi,t), is the log resale price per square meter of flat i transacted in period t. All
specifications control for flat size and include fixed effects for flat type, storey range, flat model, building, and year-month.
Clustered standard errors at the building level are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table C.7: The Impact of Main Upgrading on Housing Prices — Heterogeneity Based on Building Age

Age ≥ 14 Age < 14
(1) (2)

Own Effect – After Announcement
and Before Billing

0.0517∗∗∗ -0.0148∗∗∗

(0.0169) (0.0056)

Own Effect – After Billing 0.1186∗ 0.0618∗∗∗

(0.0719) (0.0106)

Neighboring Effect (0-500m) –
After Announcement and Before
Billing

0.0009 0.0030∗∗∗

(0.0009) (0.0003)

Neighboring Effect (0-500m) –
After Billing

0.0004 0.0054∗∗∗

(0.0009) (0.0005)

Neighboring Effect (500-1000m) –
After Announcement and Before
Billing

0.0001 0.0012∗∗∗

(0.0003) (0.0003)

Neighboring Effect (500-1000m) –
After Billing

0.0009∗∗ 0.0024∗∗∗

(0.0004) (0.0003)

Neighboring Effect (1000-1500m) –
After Announcement and Before
Billing

0.0001 0.0004∗

(0.0003) (0.0002)

Neighboring Effect (1000-1500m) –
After Billing

0.0022∗∗∗ 0.0011∗∗∗

(0.0003) (0.0003)

N 420181 522636
adj. R2 0.975 0.955
Year x Month FE Yes Yes
Street x Year Trend Yes Yes
Building FE Yes Yes

Notes: This table reports the heterogeneity analysis of the effects of the Main Upgrading Programme (MUP) by building
age at the time of upgrading. The dependent variable ln(price psmi,t) is the logarithm of the resale price per square meter
of flat i transacted in period t. Column (1) presents estimates for buildings aged 14 years or older (Age ≥ 14), and Column
(2) reports estimates for buildings younger than 14 years (Age < 14). All specifications control for flat size and include
fixed effects for flat type, storey range, flat model, building, and year-month. Clustered standard errors at the building
level are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

20



Table C.8: The Impact of Main Upgrading on Housing Prices — Alternative Bands: Separate Phase
Effects

(1) (2) (3) (4)

Own Effect – After Announcement
and Before Billing

-0.0013 0.0088 0.0107 0.0125∗

(0.0077) (0.0075) (0.0075) (0.0075)

Own Effect – After Billing 0.1092∗∗∗ 0.1179∗∗∗ 0.1191∗∗∗ 0.1219∗∗∗

(0.0139) (0.0136) (0.0137) (0.0138)

Neighboring Effect (0-200m) –
After Announcement and Before
Billing

0.0062∗∗∗ 0.0049∗∗∗ 0.0052∗∗∗ 0.0054∗∗∗

(0.0009) (0.0010) (0.0010) (0.0010)

Neighboring Effect (0-200m) –
After Billing

0.0053∗∗∗ 0.0044∗∗∗ 0.0050∗∗∗ 0.0056∗∗∗

(0.0015) (0.0015) (0.0016) (0.0016)

Neighboring Effect (200-500m) –
After Announcement and Before
Billing

0.0046∗∗∗ 0.0049∗∗∗ 0.0052∗∗∗

(0.0004) (0.0004) (0.0004)

Neighboring Effect (200-500m) –
After Billing

0.0052∗∗∗ 0.0055∗∗∗ 0.0061∗∗∗

(0.0006) (0.0006) (0.0006)

Neighboring Effect (500-1000m) –
After Announcement and Before
Billing

0.0016∗∗∗ 0.0018∗∗∗

(0.0002) (0.0002)

Neighboring Effect (500-1000m) –
After Billing

0.0017∗∗∗ 0.0021∗∗∗

(0.0003) (0.0003)

Neighboring Effect (1000-1500m) –
After Announcement and Before
Billing

0.0004∗∗

(0.0002)

Neighboring Effect (1000-1500m) –
After Billing

0.0007∗∗

(0.0003)

N 220706 334878 437488 531836
adj. R2 0.961 0.961 0.958 0.956
Year x Month FE Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes
Building FE Yes Yes Yes Yes
Flat FE Yes Yes Yes Yes

Notes: This table reports the robustness check results, in which neighbors within 500m are further divided into two groups:
0-200m and 200-500m. The dependent variable ln(price psmi,t) is the logarithm of the resale price per square meter of
flat i transacted in period t. All specifications control for flat size and include fixed effects for flat type, storey range, flat
model, building, and year-month. Clustered standard errors at the building level are reported in parentheses. * p < 0.1,
** p < 0.05, *** p < 0.01.
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Table C.9: The Impact of Main Upgrading on Housing Prices — Alternative Bands: Cumulative Neigh-
boring Exposure

(1) (2) (3) (4)

Own Effect – After Announcement
and Before Billing

0.0005 0.0094 0.0108 0.0121
(0.0084) (0.0083) (0.0084) (0.0084)

Own Effect – After Billing 0.1068∗∗∗ 0.1174∗∗∗ 0.1197∗∗∗ 0.1249∗∗∗

(0.0126) (0.0120) (0.0120) (0.0120)

Neighboring Effect (0-200m) –
After Announcement

0.0059∗∗∗ 0.0046∗∗∗ 0.0051∗∗∗ 0.0053∗∗∗

(0.0011) (0.0011) (0.0012) (0.0011)

Neighboring Effect (200-500m) –
After Announcement

0.0048∗∗∗ 0.0051∗∗∗ 0.0055∗∗∗

(0.0004) (0.0004) (0.0004)

Neighboring Effect (500-1000m) –
After Announcement

0.0016∗∗∗ 0.0019∗∗∗

(0.0003) (0.0003)

Neighboring Effect (1000-1500m) –
After Announcement

0.0005∗∗

(0.0002)

N 220706 334878 437488 531836
adj. R2 0.961 0.961 0.958 0.956
Year x Month FE Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes
Building FE Yes Yes Yes Yes
Flat FE Yes Yes Yes Yes

Notes: This table reports the robustness check results, in which neighbors within 500m are further divided into two groups:
0-200m and 200-500m. The dependent variable ln(price psmi,t) is the logarithm of the resale price per square meter of
flat i transacted in period t. All specifications control for flat size and include fixed effects for flat type, storey range, flat
model, building, and year-month. Clustered standard errors at the building level are reported in parentheses. * p < 0.1,
** p < 0.05, *** p < 0.01.
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Table C.10: The Impact of Main Upgrading on Housing Prices — Alternative Residential-Cluster Level

Without Expected-Exposure Control With Expected-Exposure Control

(1) (2) (3) (4) (5) (6)

Own Effect – After Announcement
and Before Billing

0.0088 0.0107 0.0116 0.0139∗ 0.0172∗∗ 0.0165∗∗

(0.0083) (0.0084) (0.0084) (0.0081) (0.0082) (0.0083)

Own Effect – After Billing 0.1168∗∗∗ 0.1196∗∗∗ 0.1244∗∗∗ 0.1116∗∗∗ 0.1130∗∗∗ 0.1147∗∗∗

(0.0124) (0.0127) (0.0128) (0.0126) (0.0129) (0.0130)

Neighboring Effect (0-500m) – After
Announcement

0.0048∗∗∗ 0.0051∗∗∗ 0.0055∗∗∗ 0.0019∗∗∗ 0.0014∗∗ 0.0015∗∗∗

(0.0005) (0.0005) (0.0005) (0.0006) (0.0006) (0.0006)

Neighboring Effect (500-1000m) –
After Announcement

0.0016∗∗∗ 0.0019∗∗∗ 0.0000 0.0000
(0.0004) (0.0004) (0.0004) (0.0004)

Neighboring Effect (1000-1500m) –
After Announcement

0.0005 -0.0010∗∗∗

(0.0004) (0.0003)

N 334878 437488 531836 334878 437488 531836
adj. R2 0.961 0.958 0.956 0.961 0.959 0.956
Year x Month FE Yes Yes Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes Yes Yes
Building FE Yes Yes Yes Yes Yes Yes
Flat FE Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates of the effects of the Main Upgrading Programme (MUP) on HDB resale prices using
an alternative clustering level for inference. The dependent variable, ln(price psmi,t), is the log resale price per square
meter of flat i transacted in period t. The regression specifications, samples, controls, and fixed effects are the same as
in the baseline specification. Standard errors are clustered at the constructed residential-cluster level, rather than at the
building level, and are reported in parentheses. The residential clusters are constructed from the pairwise distance matrix
for all HDB buildings. We first connect two buildings if their centroids are within 80 meters. This cutoff is chosen based on
the observed distribution of nearest-neighbor distances across HDB buildings: the median nearest-neighbor distance is 46.7
meters, while the 90th and 95th percentiles are 65.5 and 72.2 meters, respectively. We then form connected components
from these adjacency links. Because such components can become too large through chains of adjacent buildings, we further
split them using complete-linkage hierarchical clustering, which requires the maximum pairwise distance between any two
buildings in the same cluster to be no more than 300 meters. This restriction keeps clusters spatially compact and prevents
chains of nearby buildings from combining multiple residential groups into a single large cluster. This scale is consistent
with HDB precinct-style residential groups: descriptive accounts of HDB town planning characterize precincts as about 4
hectares, or roughly 600–1,000 dwelling units. A 4-hectare area has a diagonal of approximately 283 meters if represented
as a compact square, and in our baseline construction the median residential cluster contains 626 dwelling units and the
mean contains 735 dwelling units. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table C.11: The Impact of Main Upgrading on Housing Prices — 8-Year Post-Announcement Window

(1) (2) (3) (4)

Own Effect – After Announcement
and Before Billing

0.0009 0.0224∗∗∗ 0.0248∗∗∗ 0.0233∗∗∗

(0.0038) (0.0062) (0.0062) (0.0063)

Own Effect – After Billing 0.0494∗∗∗ 0.1207∗∗∗ 0.1210∗∗∗ 0.1197∗∗∗

(0.0072) (0.0093) (0.0092) (0.0092)

Neighboring Effect (0-500m) – After
Announcement

0.0024∗∗∗ 0.0019∗∗∗ 0.0021∗∗∗

(0.0004) (0.0004) (0.0004)

Neighboring Effect (500-1000m) –
After Announcement

0.0003 0.0003
(0.0002) (0.0002)

Neighboring Effect (1000-1500m) –
After Announcement

-0.0008∗∗∗

(0.0002)

N 78587 280707 383317 477665
adj. R2 0.950 0.964 0.961 0.958
Expected Exposure - Yes Yes Yes
Year x Month FE Yes Yes Yes Yes
Street x Year Trend Yes Yes Yes Yes
Building FE Yes Yes Yes Yes

Notes: This table reports robustness estimates of the effect of the Main Upgrading Programme (MUP) on log resale
prices. The dependent variable, ln(price psmi,t), is the log resale price per square meter of flat i transacted in period
t. We restrict the estimation sample to an eight-year window following the announcement date (while retaining all pre-
announcement observations). All specifications control for flat size and include fixed effects for flat type, storey range, flat
model, building, and year-month, as well as street-specific year trends. Clustered standard errors at the building level are
reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table C.12: The Impact of Main Upgrading on Housing Prices — Passed vs. Failed Buildings

(1)

After Announcement and Before Billing (Failed blocks) -0.2540∗∗∗

(0.0237)

After Announcement and Before Billing (Additional change for
Passed vs. Failed)

0.2734∗∗∗

(0.0239)

After Billing (Passed blocks only) 0.1039∗∗∗

(0.0063)

N 132759
adj. R2 0.960
Year x Month FE Yes
Street x Year Trend Yes
Building FE Yes

Notes: This table reports robustness estimates of the effect of the Main Upgrading Programme (MUP) on log resale
prices. The dependent variable, ln(price psmi,t), is the log resale price per square meter of flat i transacted in period
t. We use a DiD-style specification within the pool of announced buildings, comparing buildings that ultimately passed
the upgrading vote to buildings that were announced but failed the vote. The regression interacts indicators for the
post-announcement, pre-billing period, 1(announce)b(i),t and the post-billing period, 1(billing)b(i),t with an indicator
1(pass)b(i) that equals one if building b(i) passed the upgrading vote and zero otherwise. All specifications control for flat
size and include fixed effects for flat type, storey range, flat model, building, and year-month. Because building fixed effects
absorb time-invariant differences across buildings, the “After Announcement and Before Billing (Failed buildings)” captures
the post-announcement change for failed buildings. The “After Announcement and Before Billing (Additional change for
Passed vs. Failed)” is the incremental post-announcement change for passed buildings relative to failed buildings. The
“After Billing (Passed buildings only)” captures the additional change after billing, which occurs only for passed buildings.
Clustered standard errors at the building level are reported in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table C.13: The Impact of Main Upgrading on Housing Transaction Volume

(1) (2) (3)

Own Effect – After Announcement
and Before Billing

-0.0290 -0.0268 -0.0402
(0.0247) (0.0248) (0.0246)

Own Effect – After Billing -0.0202 -0.0388 -0.0727∗∗

(0.0342) (0.0340) (0.0338)

Neighboring Effect (0-500m) –
After Announcement

-0.0137∗∗∗ -0.0118∗∗∗ -0.0107∗∗∗

(0.0023) (0.0023) (0.0022)

Neighboring Effect (500-1000m) –
After Announcement

-0.0085∗∗∗ -0.0078∗∗∗

(0.0017) (0.0018)

Neighboring Effect (1000-1500m) –
After Announcement

-0.0050∗∗∗

(0.0015)

N 177119 235298 289128
adj. R2 0.277 0.266 0.251
Expected Neighbors Yes Yes Yes
Year × Quarter FE Yes Yes Yes
Building FE Yes Yes Yes

Notes: This table reports the effect of the Main Upgrading Programme (MUP) on housing transaction volume. The
dependent variable is transaction volume, defined as the number of HDB resale transactions in building b in year-quarter
t. Columns (1)–(3) cumulatively include neighboring-exposure controls for the 0–500m, 500–1,000m, and 1,000–1,500m
distance bands. All specifications control for expected neighborhood exposure and include year-by-quarter and building
fixed effects. Clustered standard errors at the building level are reported in parentheses. * p < 0.1, ** p < 0.05, *** p <
0.01.
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Table C.14: The Impact of Main Upgrading on Resident Proxied Wealth

Resident Proxied Wealth

(1) (2) (3)

Own Effect – After Announcement
and Before Billing

-1.1862∗∗ -1.1434∗∗ -1.0564∗∗

(0.4819) (0.4672) (0.4249)

Own Effect – After Billing -2.0004∗∗ -1.7825∗∗ -1.4432∗∗

(0.8311) (0.7714) (0.6773)

Neighboring Effect (0-500m) –
After Announcement

-0.0392 -0.0413 -0.0308
(0.0297) (0.0287) (0.0263)

Neighboring Effect (500-1000m) –
After Announcement

-0.0188 -0.0246
(0.0270) (0.0239)

Neighboring Effect (1000-1500m) –
After Announcement

-0.0111
(0.0246)

N 24297 41544 76945
adj. R2 0.830 0.868 0.863
Controls Yes Yes Yes
Expected Exposure Yes Yes Yes
Year FE Yes Yes Yes
Building FE Yes Yes Yes

Notes: This table reports the effect of the Main Upgrading Programme (MUP) on resident proxied wealth. Resident
wealth is proxied by the value of the resident’s housing unit at the beginning of the sample period, and this baseline value
is then propagated forward across subsequent years for the same individual. The sample is restricted to residents whose
housing unit is not within 1,500 meters of any MUP-treated building in the initial year. Columns (1)–(3) cumulatively
include neighboring-exposure controls for the 0–500m, 500–1,000m, and 1,000–1,500m distance bands. All specifications
use the same set of controls and fixed effects as in Table 4, including expected neighborhood exposure, year fixed effects,
and building fixed effects. Clustered standard errors at the building level are reported in parentheses. * p < 0.1, ** p <
0.05, *** p < 0.01.
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D Expected Neighborhood Exposure: Simulation Algorithm

A total of 886 buildings received direct housing subsidy between 1990 and 2006. To compute the expected

neighborhood exposure, we conduct simulations following the procedure in Borusyak and Hull (2023).

For each simulation s, we perform the following steps:

1. Starting with the actual set of 886 treated buildings, we retain their locations but randomly

reassign the timing of treatment based on the realized treatment schedule. This procedure generates a

simulated treatment assignment, Xs, where treatment timing is randomly reassigned while the treated

locations remain fixed.

2. For each simulated assignment Xs, we compute neighborhood exposure, the number of treated

neighbors (Neighbors)s within each corresponding distance band.

3. Repeat steps 1 and 2 for Ns = 5,000 simulations.

4. Compute the expected number of treated neighbors as follows:

E[Neighbors] = 1
Ns

Ns∑
s=1

(Neighbors)s

We compare the realized number of treated neighbors with the expected number in Table D.1. We

also show the distribution of realized and expected neighbors in Figure D.1. As expected, the two

distributions are quite similar.
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Table D.1: Summary Statistics of Realized and Expected Neighborhood Exposure

count mean sd min max

Neighboring Effect (0–500m) – After
Announcement

942883 3.71 7.93 0.00 53.00

Expected Neighboring Effect (0–500m)
– After Announcement

942883 3.75 7.54 0.00 53.00

Neighboring Effect (500–1000m) –
After Announcement

942883 6.30 11.70 0.00 71.00

Expected Neighboring Effect
(500–1000m) – After Announcement

942883 6.33 11.38 0.00 71.00

Neighboring Effect (1000–1500m) –
After Announcement

942883 7.39 12.70 0.00 81.00

Expected Neighboring Effect
(1000–1500m) – After Announcement

942883 7.47 12.35 0.00 81.00

Neighboring Effect (1500–2000m) –
After Announcement

942883 8.29 13.69 0.00 110.00

Expected Neighboring Effect
(1500–2000m) – After Announcement

942883 8.49 13.16 0.00 110.00

Notes: This table shows the summary statistics of realized and expected neighborhood exposure. Neighborhood exposure
is defined as the number of nearby buildings within a given distance band. The expected neighbors are simulated following
the method of Borusyak and Hull (2023).

Realized neighbors Expected neighbors

Figure D.1: Spatial Distribution of Neighborhood Exposure

Notes: These heatmaps present the spatial distribution of neighborhood exposure within the 1,500-meter distance band. The left
submap shows the distribution of realized neighbors, and the right one shows the simulated counterparts.
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E Robustness Checks

E.1 Treatment Selection

In a difference-in-differences framework, credible identification hinges on a parallel-trends assumption:

absent upgrading, early- and later-treated buildings would have followed common counterfactual price

trends. Although the MUP’s nationwide coverage, long implementation horizon, and the absence of

overlapping large-scale housing programs provide a favorable setting for causal inference, treatment se-

lection on observable building characteristics may still threaten this assumption if those characteristics

are themselves correlated with differential price trends. To assess potential selection, we compare up-

graded and non-upgraded buildings along observable characteristics. The distribution of building age at

the time of upgrading is unimodal, with the vast majority of upgrades taking place when buildings are

between 21 and 25 years old, and very few before 10 or after 30 years (see Figure A.2). This pattern

suggests that the program predominantly targets mid-aged buildings rather than newly built or heavily

deteriorated ones, implying that the likelihood of treatment is closely tied to building age.

To mitigate selection bias from this age-related selection, we employ three complementary strategies.

First, we control for transaction age (i.e., the housing age at the time of resale), in the baseline specifica-

tion. As shown in Table C.4, after controlling for transaction age, both the own effect and the neighboring

effect remain positive, with coefficients similar to those in the baseline results. Second, we implement

an inverse probability weighting (IPW) design suggested by Abadie (2005) that models each building’s

propensity for treatment using a range of observed characteristics, including its age. Specifically, let

1(MUP )i,t ∈ {0, 1} indicate whether unit i is upgraded in period t. We first estimate period-specific

propensity scores by regressing the upgrade indicator 1(MUP )i,t on these observed characteristics using

a logit model estimated separately for each t, yielding the predicted upgrading probability p̂i,t. We

then estimate weighted regressions using inverse probability weights wi,t constructed from the predicted

probabilities, where

wi,t =


1

p̂i,t
if 1(MUP )i,t = 1,

1
1 − p̂i,t

if 1(MUP )i,t = 0.

Observations with wi,t > 10 are excluded to curb the influence of extreme weights and enforce common

support. By reweighting not-yet-upgraded buildings to match the distribution of observed characteristics

among treated buildings in each period, the IPW procedure mitigates selection bias arising from sys-

tematic differences in observable building attributes. The results in Table C.5 show that after applying

the IPW method, both the own and neighboring effects remain positive and significant. The magnitudes

remain stable relative to the baseline. Third, we combine the IPW design with controls for expected

neighborhood exposure (Table C.6); the estimates again remain robust.
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E.2 Alternative Clustering Level

To allow for spatial correlation in resale prices across nearby HDB buildings, we construct residential

clusters and use them as an alternative clustering level for inference. Because official HDB precinct

boundaries are not publicly available, these clusters are not official HDB precinct boundaries. Rather,

they are constructed from the pairwise distance matrix for all HDB buildings and are intended to capture

compact groups of nearby residential buildings.

The construction proceeds in two steps. First, we connect two buildings if the distance between their

centroids is no more than 80 meters. This cutoff is chosen from the observed nearest-neighbor distance

distribution across HDB buildings. As shown in Panel (a) of Figure E.1, the median nearest-neighbor

distance is 46.7 meters, while the 90th and 95th percentiles are 65.5 and 72.2 meters, respectively. Thus,

an 80-meter cutoff captures immediately adjacent buildings while avoiding links across larger spatial

gaps.

Second, we form connected components from these adjacency links. Because connected components

can become too large through chains of adjacent buildings, we further split them using complete-linkage

hierarchical clustering. Complete linkage requires the maximum pairwise distance between any two

buildings in the same cluster to be no more than a specified cutoff. We set this maximum within-cluster

diameter to 300 meters. This restriction keeps clusters spatially compact and prevents chains of nearby

buildings from combining multiple residential groups into a single large cluster.

The 300-meter cutoff is chosen to match the spatial scale of HDB precinct-style residential groups.

In Singapore’s public-housing context, a precinct refers to a small group of neighboring HDB buildings

organized around shared local spaces and facilities, such as playgrounds, walkways, drop-off porches, and

other common amenities. Descriptive accounts of HDB town planning characterize precincts as about

3–4 hectares, or roughly 600–1,000 dwelling units.14 A 4-hectare area has a diagonal of approximately

283 meters if represented as a compact square, so a 300-meter maximum diameter approximates this

spatial scale while allowing for irregular building layouts.

Figure E.1 validates the construction. Panel (b) shows that the resulting clusters are small in terms

of the number of buildings: the baseline construction yields 1,951 residential clusters, with a median

of 6 buildings and a 95th percentile of 15 buildings. Panel (c) shows that the maximum within-cluster

distance is bounded by construction at 300 meters, confirming that clusters remain spatially compact.

Panel (d) reports the distribution of dwelling units per cluster. The median cluster contains 626 dwelling

units and the mean contains 735 dwelling units, close to the precinct-scale benchmark of roughly 600–

1,000 units. Together, these patterns indicate that the constructed clusters capture compact residential

groups rather than large neighborhoods or planning areas. Figure E.2 provides a visual illustration for
14See Ministry of National Development, Groundbreaking: 60 Years of National Development in Singapore, which de-

scribes HDB precincts as comprising 600–1,000 housing units. A related account in The Straits Times, quoting Liu Thai
Ker, describes precincts as about 3–4 hectares and about 600–800 units.
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a selected set of HDB buildings in Ang Mo Kio, showing that the procedure assigns nearby buildings to

compact residential groups without merging multiple adjacent groups into one large cluster.

(a) Nearest-neighbor distances (b) Buildings per cluster

(c) Maximum within-cluster distance (d) Dwelling units per cluster

Figure E.1: Validation of Constructed Residential Clusters

Notes: This figure validates the construction of residential clusters. Panel (a) shows the distribution of nearest-neighbor distances
across HDB buildings; the vertical lines mark the 90th percentile, 95th percentile, and the 80-meter adjacency cutoff. Panel (b)
shows the distribution of the number of HDB buildings per constructed residential cluster. Panel (c) shows the maximum pairwise
distance between buildings within each cluster. Panel (d) shows the distribution of dwelling units per cluster, with vertical reference
lines marking 600 and 1,000 dwelling units.
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Figure E.2: Constructed Residential Clusters in Ang Mo Kio

Notes: This map illustrates constructed residential clusters for a selected set of HDB buildings in Ang Mo Kio. Each dot denotes
an HDB building included in the illustration, and different colors indicate different constructed residential clusters. The map is
intended as a visual validation of the clustering procedure rather than a complete map of all HDB buildings in Ang Mo Kio.
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E.3 Vote-Failed Buildings

We estimate a DiD-style specification that compares buildings that eventually passed the upgrading vote

to buildings that were announced but failed the vote. Let 1(announce)b(i),t indicate transactions in

building b(i) occurring after the announcement date (and before billing), and let 1(billing)b(i),t indicate

transactions after the billing date (implementation stage). Let 1(pass)b(i) equal one if building b(i)

ultimately passed the upgrading vote and zero otherwise. We estimate:

ln(price psmi,t) = β0 + β1 · 1(announce)b(i),t

+ β2

(
1(announce)b(i),t × 1(pass)b(i)

)
+ β3

(
1(billing)b(i),t × 1(pass)b(i)

)
+ β4 · areai,t + αft(i) + αsr(i) + αfm(i) + αb(i) + αym(t) + αs(i) · y(t) + εi,t

(E.1)

where i represents individual HDB flat, b(i) denotes the building containing flat i, and t is the transaction

period recorded at the year-month level. Each building has a unique postal code, and multiple flats of

different types can exist within a single building. The dependent variable ln(price psmi,t) is the logarithm

of the resale price per square meter of flat i transacted in period t. The binary indicators 1(announce)b(i),t

and 1(billing)b(i),t indicate the upgrading phases of treated buildings. 1(pass)b(i) equals one if building

b(i) passed the upgrading vote and zero otherwise. We control for flat size areai,t (in square meters), as

well as a rich set of fixed effects: flat type αft(i), storey range αsr(i), flat model αfm(i), building fixed

effects αb(i), year-month fixed effects αym(t), and street-specific year trend αs(i) · y(t). Standard errors

are clustered at the postal-code (building) level.
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F Model and Estimation Details

In this section, we first develop a structural model based on the empirical setting and results. We

then estimate the model using Singapore housing transaction data and the corresponding Main Upgrad-

ing Programme (MUP). Finally, we use the estimated model to evaluate policy outcomes and conduct

counterfactual analyses.

F.1 Model Setup

To understand the role of externalities in our setting and to guide the empirical analysis, we develop

an equilibrium model to study the impact of a government-funded neighborhood upgrading program on

housing expenditure, housing services, and household welfare.

The model we develop is characterized by two main features. First, it is a closed-city model. In

Singapore, about 80% of the resident population lives in HDB flats, and approximately 90% of them

are homeowners. Moreover, access to HDB flats is strictly regulated, as only Singapore Citizens (SCs)

and Permanent Residents (PRs) who meet strict eligibility criteria are allowed to purchase them. These

facts make us model the city as a closed economy. Second, the model incorporates housing externalities.

Specifically, we follow Rossi-Hansberg et al. (2010), where housing services depend on both the value of

an agent’s own expenditure and a distance-weighted average of all other agents’ expenditures, where the

weights decay exponentially with distance.

In our model, a housing subsidy affects not only the targeted units but also nearby ones through

housing externalities. The subsidy reduces housing expenditure for both the treated households and

their neighbors, which in turn raises consumption for both groups. Households that are more exposed

to the subsidy, either by being located closer to treated units or by having more treated neighbors,

experience larger effects. Despite the decline in housing expenditure, housing services increase, benefiting

both treated and surrounding households. Overall, the policy significantly improves household utility by

boosting both consumption and housing services, thereby leading to substantial welfare gains. In other

words, the subsidy acts as an increase in wealth for treated households and, through externalities, for

nearby residents as well.

Consider a city composed of I discrete locations, indexed by i ∈ {1, 2, ..., I} ≡ N . Each location is

populated by agents with location-specific population density n(i). Each agent supplies one unit of labor

inelastically. Labor is the only input in production and is fully transformed into the final good, with

each unit of labor yielding a constant wage income of w > 0.

Agents derive utility from consumption c(i) and housing services h̃(i). The final good in the economy

can be allocated to either consumption or housing expenditure. Housing services h̃(i) depend not only

on an agent’s own housing expenditure h(i), but also on the expenditure of surrounding locations h(k),
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capturing the housing externality:

h̃(i) = h(i) + δ1
∑
k ̸=i

e−δ0dik h(k) (F.1)

where dik denotes the distance between locations i and k, δ0 > 0 determines the exponential rate at

which the weights decline with distance, and δ1 > 0 measures the overall intensity of the externality

effect. Therefore, besides the benefits from their own housing expenditure, individuals also derive utility

from the housing expenditure of others, with nearby expenditure having stronger effects. The resulting

housing services at location i represent a distance-weighted average of expenditure across the city, with

weights that decay exponentially at rate δ0 > 0.

Each agent located at i spends their income w and chooses consumption c(i) and housing expen-

diture h(i) to maximize a Cobb-Douglas utility function, subject to the budget constraint and taking

externalities from other locations as given15:

max
c(i),h(i)

c(i)α · h̃(i)1−α (F.2)

subject to

c(i) + h(i) = w (F.3)

The optimal conditions associated with problem (F.2) imply that:

(1 − α)c(i) = αh̃(i) (F.4)

F.2 The Neighborhood Equilibrium

Pre-Upgrading Neighborhood Equilibrium. Substituting condition (F.4) into the agent’s budget

constraint (F.3), and incorporating the housing externality equation (F.1), yields an expression for

housing expenditure at location i that depends only on the wage w and the housing expenditure at other

locations h(k):

h(i) = (1 − α)w − αδ1
∑
k ̸=i

e−δ0dik h(k) (F.5)

Since this is a closed-city model and agents choose their consumption c(i) and housing expenditure

h(i) given others’ decision, an equilibrium for the neighborhood is defined as a set of functions {h∗(i)}I
i=1

describing household housing expenditure at each location such that equation (F.5) is satisfied.

Proposition 1: Assuming a closed-city model with I discrete locations, Cobb-Douglas preferences with

parameter α ∈ (0, 1), identical agents endowed with one unit of time, and strictly positive net wage w > 0,
15Due to the Build-To-Order (BTO) policy, households can choose their HDB flats based on their budget constraints.

36



and assuming the externality decay parameter δ0 > 0 and all inter-location distances dik ∈ [0, ∞) are

finite, there exists a unique neighborhood equilibrium profile {h∗(i)}I
i=1 satisfying equation (F.5).

Proof: See Appendix F.6. Q.E.D.

Given the equilibrium profile {h∗(i)}I
i=1, equation (F.1) yields the corresponding equilibrium housing

services {h̃∗(i)}I
i=1 at each location i:

h̃∗(i) = h∗(i) + δ1
∑
k ̸=i

e−δ0dik h∗(k) (F.6)

Figure F.1 shows the equilibrium relationship between housing expenditure h∗(i), housing services

h̃∗(i) and exposure, measured by δ1
∑

k ̸=i e−δ0dik h∗(k). Higher exposure is associated with lower housing

expenditure but higher housing services, as households benefit more from neighbors’ expenditure through

stronger spillover effects. This allows them to reduce their own expenditure in housing and reallocate

more resources to consumption, thereby increasing overall utility.

Figure F.1: Model Estimation for Housing expenditure and Services before Subsidy

Notes: This figure shows the pre-subsidy equilibrium relationship among housing expenditure, housing services and neigh-
borhood exposure. The parameters are set to δ0 = 0.012, δ1 = 0.29, and w = 1. The neighboring exposure is defined as
δ1

∑
k ̸=i

e−δ0dik h∗(k), which captures the externality from surrounding neighborhoods.

Post-Upgrading Neighborhood Equilibrium. Consider a nationally funded neighborhood upgrad-

ing program that aims to increase housing services by a fixed amount σ > 0 at all locations within an

area A ⊆ N . Throughout the paper, we refer to A as the “upgraded area”. Let r ∈ {1, 2, . . . , R} denote

the locations that are upgraded, and let h̃p(i) denote the post-subsidy housing services at location i. We

assume that agents do not change their choices, and that the subsidy is directly added to their housing

expenditure. Therefore, for subsidized agents, post-subsidy housing expenditure equals their original
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expenditure plus the subsidy:

hp(i) = h∗(i), for i ∈ N \ A (F.7)

hp(i) = h∗(i) + σ, for i ∈ A (F.8)

The following figures show the estimation results of our model.16 Figure F.2 shows the changes

in housing services and utility after the subsidy, with exposure measured by δ1
∑

k ̸=i e−δ0dik h∗
p(k) +

σδ1
∑R

r=1
r ̸=i

e−δ0dir . With externalities, after direct housing subsidy, both housing services and utility

increase for treated and untreated groups. The difference between the two groups comes from the subsidy

σ. Moreover, higher neighborhood exposure amplifies the gains. Households with greater exposure

experience larger improvements in housing services and utility, which shows an upward relationship.

Intuitively, untreated buildings experience increases in housing services and utility through spillovers from

nearby treated buildings, with larger gains for buildings that are more strongly exposed to neighbors. For

treated buildings, all of them receive the same direct subsidy σ = 0.02486, so cross-building differences

in housing-service and utility gains arise from spillovers generated by nearby buildings; buildings with

higher exposure obtain larger gains. Even conditional on the same level of exposure, treated buildings

tend to realize larger externality-induced benefits than untreated buildings, because the neighbors of

treated buildings are more likely to be treated themselves, amplifying the local externality.

Figure F.2: Model Estimation for Difference after Subsidy

Notes: This figure shows the post-subsidy equilibrium relationship among differences in housing services, utility difference and the
corresponding neighborhood exposure. The differences are defined as the gaps between pre- and post-subsidy housing services and
utility, respectively. In each subfigure, the blue line and dots represent the treated group (subsidized buildings), and the black line
and dots represent the untreated group. The parameters are set to δ0 = 0.012, δ1 = 0.29, and w = 1. The neighboring exposure
is defined as δ1

∑
k ̸=i

e−δ0dik h∗
p(k) + σδ1

∑R
r=1
r ̸=i

e−δ0dir , which captures the externality from surrounding neighborhoods.

16The parameter values used in this example are α = 0.7577, σ = 0.02486, w = 1, δ0 = 0.012 and δ1 = 0.29. α is
calibrated from external data, while δ0, δ1, and σ are estimated, with details provided in Section F.3. We normalize wages
to w = 1; under this normalization, the estimated subsidy of S$280 corresponds to σ = 280/11,263 = 0.02486, using the
average wage in our data, S$11,263.
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We also show the post-subsidy differences in housing services h̃p(i) − h̃(i) and utilities up(i) − u(i)

in heatmaps Figure F.3. Each panel is based on HDB buildings in Singapore. Darker shades (indicated

by the right-side color bar) represent larger differences, and the red dots mark the treated locations. As

shown in these heatmaps, outcome differences are more pronounced for the untreated buildings located

closer to the treated groups, reflecting stronger gains due to neighborhood spillovers.

(a) Housing Services Difference

(b) Utility Difference

Figure F.3: Model Estimation for Difference after Subsidy

Notes: These heatmaps show the spatial distribution of differences in housing service and utility. The differences are defined
as the gaps between pre- and post-subsidy values. The blue shades represent housing service differences and the green shades
represent utility differences. In each submap, the left side shows the distribution of the untreated group (blue and green shades),
and the right side additionally includes treated group’s locations (red dots). As indicated by the color bar on the right side of each
submap, darker shades represent larger differences. The parameters are set to δ0 = 0.012, δ1 = 0.29, and w = 1.
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F.3 Quantification

We quantify the model using HDB housing transaction data in Singapore, covering the period from 1990

to 2024. We set the time period to a monthly frequency. We use imputed real wages at the subzone level

in 2015 to capture wage heterogeneity across locations.

External Parameters. The parameter α captures the relative preference for consumption versus

housing services in the Cobb–Douglas utility function. To calibrate α, we use historical annual data on

the composition of private consumption investments in Singapore from 1990 to 2024. Data is obtained

from “data.gov.sg”, Singapore’s open data portal, which collaborates with government agencies to provide

access to official public data.17 For each year, we compute the share of consumption allocated to housing-

related categories, including Housing and Utilities, Furnishings, Household Equipment and Routine

Household Maintenance, and Accommodation Services, treating these as proxies for housing expenditure.

Then we take the average ratio across all years from 1990 to 2024 to obtain the calibration of housing

services share, denoted by 1 − α. Accordingly, we will also get the value of α, which is 0.7577.

The parameter w represents the effective income level of agents. We incorporate wage heterogeneity

across locations by assigning each subzone its imputed wage level in 2015.18 We show the spatial

distribution of wages in Figure F.4.

Figure F.4: Distribution of subzone-level income in 2015

Notes: This heatmap shows the distribution of subzone-level income in 2015. As indicated by the color bar on the right, darker
shades represent higher income levels. For subzone CKSZ07, which lacks the housing-price data required for the imputation, we
use the average wage of its corresponding towns as a proxy.

17https://data.gov.sg/datasets?query=consumption+investment&page=1&resultId=d_718c30d80ca1c8994b6cfd9741
2bdb39&dataExplorerPage=2

18We impute each subzone’s wage from local housing prices, using an income-price relationship estimated at the planning-
area level (see the note to Table F.1). Subzone CKSZ07 lacks the housing-price data required for this imputation, so we
use the average wage of the towns to which it belongs as a proxy.
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Estimation. While the parameters listed above were pinned down outside of the model, we jointly

estimate all the other parameters based on the model solutions. Combined with the results from Table

1, we adopt a quantification strategy. In our model, agents make choices only over consumption c(i)

and housing services h̃(i), and they allocate their entire income between consumption c(i) and housing

expenditure h(i). Since housing services are entirely determined by the sum of agents’ own expendi-

ture and the externalities from others’ expenditure, they fully capture the economic value of housing.

Therefore, h̃(i) can be directly interpreted as corresponding to housing prices in the data. We use the

Generalized Method of Moments (GMM) to estimate the parameters that govern the externality effects

and the government’s subsidy, Θ = {δ0, δ1, σ}. Details of the joint calibration and the corresponding

identification are provided in Appendix F.4.

The estimation results are reported in Table F.1. The estimated parameters are δ0 = 0.012, δ1 = 0.29,

and σ = 280. All of them are significant at the 1% level. The objective function is well-behaved in a

wide neighborhood around our point estimate, as shown in Figure F.5.

Table F.1: Parameter Calibration and Estimation

(a) External Parameters
Name Value Source Notes
α 0.7577 data.gov.sg cobb–douglas utility weight on consumption
w – imputation wage by subzone

(b) Estimation and Joint Calibration
Name Value s.e. Notes
δ0 0.012 0.0020 spatial decay rate of the externality
δ1 0.29 0.0359 intensity of neighborhood externality impact
σ 280 28.0565 subsidy to housing services

Notes: Panel (a) reports parameters externally calibrated from functional assumptions or auxiliary data. Wage w is
derived by combining income data from GHS 2015 with housing prices: we first infer an income-price relationship at
the planning-area level, then use subzone-level housing prices to impute for each subzone. Panel (b) reports parameters
estimated from the model, with standard errors in the third column. δ0 reflects the spatial decay of externality, δ1 captures
its magnitude, and σ corresponds to the subsidy level.

Figure F.5: Local Grid Search around the Point Estimate

Notes: This figure shows the objective function in equation F.11 for each parameter, with all other parameters fixed at their
estimated value shown in Table F.1. The dashed lines represent the estimated values of the parameter in question.

Results and Counterfactuals. Based on the external and estimated parameters, we present the

quantitative results. We first assess welfare outcomes, and then turn to the counterfactual analyses.
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Specifically, we consider three scenarios: (i) no externalities; (ii) replacing the housing subsidy with a

cash transfer; and (iii) varying neighborhood density.

Since our model is based on location-specific population density n(i), aggregate welfare is computed

by multiplying each location’s utility by its population and summing across all locations. Accordingly,

aggregate welfare before the subsidy is:

W =
∑
i∈N

n(i) · c(i)α · h̃(i)1−α (F.9)

and aggregate welfare after the subsidy is:

Wp =
∑
i∈N

n(i) · cp(i)α · h̃p(i)1−α (F.10)

Therefore, the aggregate welfare gain is Wp − W , and the corresponding welfare change rate is Wp−W
W .

We use the housing stock data as in Figure A.1 as a proxy for population density. Results are shown

in Table 2. For the total sample, after direct housing subsidy, total welfare increases by 0.35% relative

to the pre-subsidy level. Within subsamples, welfare rises by 3.35% for treated groups and by 0.11% for

untreated groups. However, in the absence of neighborhood externalities, untreated groups do not benefit

from the housing subsidy, and the welfare gain for treated groups declines to 2.43%. Consequently, the

overall welfare gain for the total sample falls to 0.18%. This is intuitive: without externalities, households

cannot enjoy the positive spillover effects from their neighbors.

We also show the counterfactual results under the direct cash transfer policy. Specifically, if the

government provides households with a lump-sum transfer rather than a housing subsidy, the household

optimization problem becomes:

max
cT (i),hT (i)

cT (i)α · h̃T (i)1−α

subject to

cT (i) + hT (i) = w, for i ∈ N \ A

cT (i) + hT (i) = w + σ, for i ∈ A

The corresponding solutions become:

h̃∗
T (i) = h∗

T (i) + δ1
∑
k ̸=i

e−δ0dik h∗
T (k) = (1 − α)

w + δ1
∑
k ̸=i

e−δ0dik h∗
T (k)

 , for i ∈ N \ A
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h̃∗
T (i) = h∗

T (i) + δ1
∑
k ̸=i

e−δ0dik h∗
T (k) = (1 − α)

w + δ1
∑
k ̸=i

e−δ0dik h∗
T (k) + σ

 , for i ∈ A

As shown in Column (2) of Table 2, if the policy changes to a lump-sum transfer, the welfare gain

for the total sample rises by 0.18% relative to the pre-subsidy level, which is nearly half of the gain

under the direct housing subsidy (0.35%). The treated group’s welfare increases by 2.36%, and the

untreated group’s welfare rises only marginally, by 0.01%. The possible explanation is that when the

government provides a lump-sum transfer, all households re-optimize their choices and the economy

moves to a new equilibrium. In this new equilibrium, treated households have looser budget constraints

and increase their housing expenditure proportionally, which strengthens neighborhood externalities

that nearby households can enjoy. Because neighbors already benefit from these spillovers, some of them

optimally reduce their own housing expenditure and instead allocate more resources to consumption. As

a result, part of the subsidy does not translate into additional externality-generating expenditure (i.e.,

housing expenditure). Consequently, the aggregate welfare gain is smaller than under a housing-subsidy

policy, where the subsidy directly increases housing expenditure and thereby yields greater spillovers

across neighborhoods.

In addition, in the absence of externalities, a cash transfer yields a larger welfare gain than the housing

subsidy. The reason is that cash transfer allows households to re-optimize the allocation between housing

expenditure and goods consumption without earmarking. Consequently, in the absence of externalities,

the unconstrained optimum under a cash transfer dominates the constrained allocation induced by in-kind

housing subsidies. Therefore, equilibrium welfare is higher under cash transfers than housing subsidies.

We further apply the model to Los Angeles and Birmingham, both of which have different population

densities from Singapore, to examine how policy outcomes vary with neighborhood density. For reference,

Singapore’s population density is 8,207 persons per square kilometer.19 In comparison, Los Angeles has

3,210 persons per square kilometer (about 40% of Singapore’s density).20 Birmingham has only 530

persons per square kilometer (roughly 6% of Singapore’s density).21

As shown in Table 3, welfare gains from the housing subsidy policy decline when there are fewer

neighbors. This result is intuitive since with less neighborhood exposure, externalities are weaker, and

thus the welfare benefits from neighbors are smaller. By contrast, under the cash transfer policy, treated

groups obtain larger welfare gains in low-density settings. With fewer neighbors, a smaller share of

the treated group’s subsidy is indirectly transferred to untreated groups, allowing treated households to
19Department of Statistics Singapore (2024). https://www.singstat.gov.sg/find-data/search-by-theme/populatio

n/population-and-population-structure/latest-data.
20United States Census Bureau. Los Angeles city, California. https://data.census.gov/profile/Los_Angeles_city,_

California?g=160XX00US0644000.
21United States Census Bureau. Birmingham city, Alabama. https://data.census.gov/profile/Birmingham_city,_A

labama?g=160XX00US0107000.
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retain more of the welfare gain.

F.4 Estimation Details

With a guess of Θ, we have all the information to match Table 1 and perform the estimation. In detail,

we use the coefficients of the own effect after billing (0.1147), and the real neighboring effects after

announcement (0-500m: 0.0015; 500-1000m: 0.0000; 1000-1500m: -0.0010) from Table 1 as the moment

conditions β̄. We first solve the equilibrium solution before subsidy and use the corresponding housing

services as the beginning housing prices for all buildings i. We do not assume that agents change their

decision after the subsidy and get a new equilibrium, but add the subsidy directly to their housing

services. Therefore, if building i is subsidized in a certain year and month, we will add the subsidies

to its housing services and then recalculate housing services for all buildings. We iterate this procedure

for every building in each month from January 1990 to December 2024, and get the final panel data

of housing services which includes all HDB buildings and covers all months from 1990 to 2024. Based

on the estimated panel data, we use the following regression to estimate the corresponding coefficients

β(Θ̂):

ln(housing servicesi,t) = β0 + β1(Θ̂) · 1(announce)b(i),t

+ β2(Θ̂) · neighbor0−500
b(i),t + β3(Θ̂) · neighbor500−1000

b(i),t + β4(Θ̂) · neighbor1000−1500
b(i),t

+ β5 · areai,t + αft(i) + αsr(i) + αfm(i) + αb(i) + αym(t) + αs(i)y(t) + εit

We then use E[β̄ − β(Θ̂)] as our moment functions.

Denote the moment conditions in the data as the vector β̄, and the counter-parts in the model as

β(Θ̂) = {β1(Θ̂), β2(Θ̂), β3(Θ̂), β4(Θ̂)}. Our estimation strategy is to find Θ̂ to minimize the Euclidean

distance between the data and the model moments:

min
Θ̂

[
β̄ − β(Θ̂)

]
W

[
β̄ − β(Θ̂)

]′
(F.11)

where W is the weighting matrix. In this context, the weighting matrix is the diagonal matrix with

entries equal to the inverse of the variance matrix of the data moments β̄, getting from the standard

errors reported in Table 1.

We employ a grid search to infer the parameter vector Θ̂. To ensure the estimates are consistent with

theoretical constraints, we impose the following bounds: δ0 > 0.0122, δ1 > 0, and σ > 0. The objective

function is well-behaved in a wide neighborhood around our point estimate, as shown in Figure F.5.
22As Table 1 shows, when the distance between neighbors and focal HDB flats exceeds 500 meters, the neighboring effects

are negligible. Therefore, we assume that δ0 is sufficiently large such that, once the distance is greater than 500 meters,
the effects approach almost zero.
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With the estimated parameters, we construct the simulated panel data and run the same regression

as in Table 1. The results, shown in Table F.2, indicate that the coefficients in Column (3) closely match

the empirical results in Table 1, confirming the robustness of our estimation.

Table F.2: The Impact of Main Upgrading on Housing Prices — Model Simulation

(1) (2) (3)

Own Effect – After Announcement
and Before Billing

0.1157∗∗∗ 0.1160∗∗∗ 0.1160∗∗∗

(0.0012) (0.0012) (0.0012)

Own Effect – After Billing 0.1149∗∗∗ 0.1150∗∗∗ 0.1149∗∗∗

(0.0012) (0.0012) (0.0012)

Neighboring Effect (0-500m) –
After Announcement

0.0016∗∗∗ 0.0015∗∗∗ 0.0015∗∗∗

(0.0001) (0.0001) (0.0001)

Neighboring Effect (500-1000m) –
After Announcement

-0.0000 -0.0000
(0.0000) (0.0000)

Neighboring Effect (1000-1500m) –
After Announcement

-0.0001∗∗∗

(0.0000)

N 334878 437488 531836
adj. R2 0.999 0.999 0.999
Year x Month FE Yes Yes Yes
Street x Year Trend Yes Yes Yes
Building FE Yes Yes Yes
Flat FE Yes Yes Yes

Notes: This table reports regression estimates from the model-simulated panel data, using the estimated parameters from
Table F.1. The dependent variable is the log of model-implied housing services. The specification mirrors the baseline
empirical regression in Table 1. All specifications control for flat size and include fixed effects for flat type, storey range,
flat model, building, and year-month. Clustered standard errors at the building level are reported in parentheses. * p <
0.1, ** p < 0.05, *** p < 0.01.

We estimate the asymptotic standard errors following Cameron and Trivedi (2005). In particular, we

use:

v̂ar(Θ̂) =
(

Ĝ′WĜ
)−1

Ĝ′WΣ̂WĜ
(

Ĝ′WĜ
)−1

(F.12)

In the equation above, Ĝ is an estimate of the gradient matrix, in which the ith row and the jth

column is the partial derivative of the ith moment with respect to the jth parameter, evaluated at Θ̂.

We numerically approximate the gradient matrix. Σ̂ is an estimate of the variance-covariance matrix of

the moment conditions, getting from the regression results in Table 1. We set W =
(

Σ̂
)−1

. With the

optimal weighting matrix, equation F.12 simplifies to:

v̂ar(Θ̂) =
(

Ĝ′Σ̂
−1

Ĝ
)−1

which we use to estimate the standard errors as reported in Table F.1.

We provide further details on the identification in the GMM. Although all parameters are jointly
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identified by all moment conditions, we can still map the identification of each parameter to specific

groups of moment conditions, as illustrated in the gradient matrix in Figure F.6. Specifically, the

gradient matrix Ĝ contains the partial derivatives of the ith moment with respect to the jth parameter

in the ith row and jth column. We show the 4-by-3 gradient matrix in Figure F.6.

Figure F.6: Gradient Matrix

Notes: This figure shows the estimated gradient matrix, Ĝ, around the baseline estimates. Each panel reports the partial
derivatives of the 4-moment conditions with respect to the parameters δ0, δ1, and σ.

F.5 Welfare Computation

Table F.3: Welfare Computation: Treated Groups

With Externality Without Externality
Housing
Subsidy

Cash
Transfer

Housing
Subsidy

Cash
Transfer

Initial welfare W (billion) 3.0022 2.6160
Post-subsidy welfare Wp (billion) 3.1027 3.0732 2.6795 2.6821
Relative gain (Wp − W )/W 0.0335 0.0236 0.0243 0.0253
Gain-to-cost ratio (Wp − W )/σ 2.6779 1.8917 1.6931 1.7629

Notes: This table shows the detailed quantitative results for the treated groups. σ = 0.0375 billion.

F.6 Proof of Proposition 1

Consider a finite set of locations {1, . . . , I}, wage w > 0, spatial decay rate δ0 > 0, externality intensity

δ1 > 0, and preference parameter α ∈ (0, 1). Let the distance matrix (dik) be symmetric and finite.

Define the spatial weight matrix E ∈ RI×I and the all-ones vector 1 ∈ RI by

Eik =


e−δ0dik , k ̸= i,

0, k = i,

1 = (1, . . . , 1)⊤
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Table F.4: Welfare Computation: Untreated Groups

With Externality Without Externality
Housing
Subsidy

Cash
Transfer

Housing
Subsidy

Cash
Transfer

Initial welfare W (billion) 38.0057 32.5117
Post-subsidy welfare Wp (billion) 38.0480 38.0106 32.5117 32.5117
Relative gain (Wp − W )/W 0.0011 0.0001 0 0
Gain-to-cost ratio (Wp − W )/σ – – – –

Notes: This table shows the detailed quantitative results for the untreated groups. σ = 0 billion.

Table F.5: Welfare Computation: Total sample

With Externality Without Externality
Housing
Subsidy

Cash
Transfer

Housing
Subsidy

Cash
Transfer

Initial welfare W (billion) 41.0079 35.1277
Post-subsidy welfare Wp (billion) 41.1508 41.0838 35.1912 35.1938
Relative gain (Wp − W )/W 0.0035 0.0018 0.0018 0.0019
Gain-to-cost ratio (Wp − W )/σ 3.8055 2.0212 1.6931 1.7629

Notes: This table shows the detailed quantitative results for the full sample. σ = 0.0375 billion.

In the baseline (before subsidy) model, equilibrium h∗ ∈ RI is characterized by

(
I + αδ1E

)
· h∗ = (1 − α)w · 1 (F.13)

Assume the spectral small-externality condition αδ1ρ(E) < 1, where ρ(E) is the spectral radius of

E. Let A ≡ αδ1E. Then ρ(A) < 1. By a standard matrix result, if ρ(A) < 1 then I + A is invertible and

the Neumann series
∞∑

n=0
(−A)n

converges to (I + A)−1, i.e., (
I + αδ1E

)−1 =
∞∑

n=0
(−αδ1E)n

Therefore the linear system (F.13) has a unique solution

h∗ =
(
I + αδ1E

)−1(1 − α)w · 1

which establishes existence and uniqueness of the neighborhood equilibrium.

Remark 1 (Practical sufficient condition via row sums) If ρ(E) is inconvenient to estimate, a

conservative sufficient condition is

α · δ1 · ∥E∥∞ = α · δ1 · max
i

∑
k ̸=i

e−δ0dik < 1
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In this case I + αδ1E is strictly diagonally dominant by rows (its diagonal entries are 1), and thus

invertible by the Levy–Desplanques theorem. This condition implies but is stronger than the spectral

condition αδ1ρ(E) < 1, since ρ(E) ≤ ∥E∥∞.

Remark 2 (Symmetric case and the spectral norm) If distances are symmetric so that E is sym-

metric and nonnegative, then ∥E∥2 = ρ(E). Consequently, αδ1∥E∥2 < 1 is equivalent to αδ1ρ(E) < 1.

Remark 3 (Computation and bounds) Under αδ1∥E∥∞ < 1, the Neumann series implies ∥(I +

αδ1E)−1∥∞ ≤ (1 − αδ1∥E∥∞)−1 and hence

∥h∗∥∞ ≤ 1 − α

1 − αδ1∥E∥∞
· w

Moreover, define T (h) = (1 − α)w · 1 − αδ1Eh. Then

∥T (h) − T (h′)∥∞ ≤ αδ1∥E∥∞ ∥h − h′∥∞

so T is a contraction under αδ1∥E∥∞ < 1. Therefore the fixed-point iteration h(t+1) = (1 − α)w · 1 −

αδ1E · h(t) converges globally to h∗.

Remark 4 (Positivity and interior solutions) Although (F.13) characterizes h∗ as a solution in the

unconstrained space RI , in our quantitative implementation the computed equilibrium satisfies h∗(i) > 0

and c∗(i) = w − h∗(i) > 0 for all locations i. Moreover, since E is elementwise nonnegative and

δ1 > 0, it follows that h̃∗ = h∗ + δ1Eh∗ is componentwise strictly positive. Consequently, the interior

characterization based on the first-order conditions is valid and economically meaningful for our analysis.
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