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Abstract

How does housing wealth affect people’s health outcomes and health behaviors?
We study such an effect on the middle-aged and older population in China by
exploiting a discontinuity in housing wealth generated by two housing policies
under a regression discontinuity design (RDD) framework. These policies gave
tax and down-payment breaks to owners of houses 90 m2 or smaller. We find
that increased housing wealth leads to exacerbated counts of self-reported health
conditions. However, objective biomarker indicators only point to a negative effect
on lung functionality. Other objective indicators, such as mortality and stroke, also
point to the null effects. One explanation for such a discrepancy is that wealth
not only has a direct impact on health but may also increase the possibility of
having a health condition diagnosed. These hypotheses are also supported by our
findings that increased housing wealth is accompanied by more frequent healthcare
use. The negative effect of housing wealth on lung health, as indicated by both
objective and subjective measures, can be attributed to worsened smoking habits.
The results of our paper highlight several important biases that arise when the
diagnostic effect is ignored in using subjective health indicators.
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I. Introduction

Housing is one of the most important assets for middle-class households in many

countries. Changes in housing wealth could have profound impacts on individuals’

behaviors and spending (Daysal et al., 2021; Lovenheim, 2011; Lovenheim and Mumford,

2013). In this paper, we leverage an exogenous housing wealth change in China to

study the effect of housing wealth on health outcomes and behaviors. Older adults

could be particularly suitable for exploring such an effect as they have accumulated

significant wealth throughout their lives and are becoming more susceptible to severe

health problems. Understanding the effect of housing wealth on health outcomes and

behaviors of the elderly population is of tremendous value to policymakers and researchers

in an aging world.

Disentangling the impact of wealth on health remains challenging, as causality can

run in either direction (Smith, 1999). While individuals with higher socioeconomic

status often have better access to healthcare resources and thus live healthier lives,

adverse health conditions may hinder a person’s ability to engage in wealth-accumulating

activities. Beyond estimating the causal effect, it is equally important to explore the

mechanisms through which wealth influences health. Increased monetary resources

can promote better health, as healthcare expenditures tend to increase sharply along

with income or wealth growth (Hall and Jones, 2007; Chernew and Newhouse, 2011;

Tran, Gannon, and Rose, 2023). However, wealth increases may also negatively impact

health by encouraging unhealthy lifestyles, such as tobacco use and alcohol consumption

(Apouey and Clark, 2015).

A further challenge lies in the accuracy of the health information. Despite common

biases associated with self-reporting, existing literature has nevertheless overwhelmingly

relied on self-reported health indicators from survey responses. Admittedly, self-reported

indicators, such as self-rated health status, can convey useful information for predicting

hospitalization and mortality (Nielsen, 2016). However, the estimated effect of wealth

on health from many studies using self-reported health indicators could represent a
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combination of health and diagnostic effects of wealth. In other words, on top of its

direct influence on health, wealth may also affect diagnostic patterns if increased wealth

prompts people to see doctors more often or use tests with improved accuracy. This paper

utilizes objective health indicators from blood and physical test records to mitigate the

biases present in self-reported data. To the best of our knowledge, this is the first time

rich objective health indicators have been used to examine the relationship between

wealth and health. We also supplement our analysis with other objective indicators,

such as mortality and stroke.

We establish a causal effect of housing wealth on health-related outcomes using

a regression discontinuity design (RDD) that leverages two Chinese housing policies

introduced in the mid-2000s. In May 2006, the State Council unexpectedly issued

“Suggestions on Adjusting Housing Supply Structure to Stabilize Housing Price”, which

reduced the required down payment for houses sized 90 m2 or smaller from 30% to 20%.

Shortly after, in November 2008, the Ministry of Finance and the State Administration

of Taxation mandated a reduction of property deed tax for houses sized less than or

equal to 90 m2 from 3% to 1%.

These two policies made houses 90 m2 or smaller more attractive compared to larger

ones, as they are entitled to lower down payments and transaction costs.1

The introduction of the 2006 policy was prompted by the unexpected appreciation

of the housing market during that period, with the goal of providing more affordable

housing options for low-income households. Notably, prior to this policy, the 90 m2

threshold had never been employed as a regulatory benchmark in the housing market.

Hence, we expect to see these policies creating exogenous variations in housing wealth for

homeowners with properties just below and above the 90 m2 threshold. We then leverage

such discontinuity to identify the causal effect of housing wealth on health outcomes. To

address concerns regarding the potential sorting across the 90 m2 threshold by real

estate developers and informed households in response to the two policies, our anlaysis
1Li et al. (2020) was the first to use this discontinuity to study the impact of housing wealth on labor

supply in China. Later, Kong, Cheng, and Liu (2021), Li et al. (2023), and Ang et al. (2024) adopted
the same research design to examine the effect of housing wealth shocks on stock market participation,
childhood development, and fertility rate, respectively.
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focuses solely on homeowners who purchased their homes before 2006, when neither of

the policies was in effect. Another potential confounder could be access to mortgages

or other debt. However, only about 5% of survey respondents report having any debt,

and among them, only 3% report having a mortgage. This is likely because they are less

active in property acquisition, have passed the typical house-buying age, or may have

already paid off their mortgages due to their age. Therefore, the confounding impact of

mortgage and debt access on households’ health outcomes is expected to be minimal.

It is also critical to understand how changes in housing wealth, a largely illiquid

asset, influence individual behavior (Lovenheim, 2011; Atalay and Edwards, 2022). This

can be explained through the lens of the life-cycle consumption model with borrowing

constraints. An increase in housing wealth raises the present discounted value of an

individual’s wealth. Consumption smoothing motives subsequently encourage higher

current-period consumption. However, for those facing credit constraints, the impact

of rising housing wealth may be limited, as it cannot be easily liquefied into immediate

purchasing power.2 Given the widespread borrowing constraints among middle-class

households in China (Waxman et al., 2020), we expect the impact of housing wealth to

be more significant and pronounced for individuals who are not credit-constrained.3

We find that the housing policies significantly increase property values for homes just

below 90 m2 compared to those slightly larger. Specifically, houses just below 90 m2 have

a 0.7 to 1.3 percentage point (pp) higher annual percent growth in housing price than

those that are just above the 90 m2 threshold. Given that the average housing value

in the control group during the sample period (2011–2018) is CNY 1,120,000 (USD

160,000), this number translates to an annual housing wealth increase of CNY 7,840 to

14,560 (USD 1,120 to 2,080).

Leveraging this housing wealth discontinuity, we find some evidence that increased

housing wealth raises the number of self-reported chronic diseases by approximately
2It is very difficult to obtain a mortgage loan for general consumption purposes. Regulators require

that loan funds be restricted to major expenses, such as studying abroad or purchasing a car. In fact,
only 3% of survey respondents in our dataset report having any type of mortgage.

3The credit unconstrained can achieve the smooth consumption motive by financing additional
consumption in the current period with their bank savings.
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0.2 (18%), and this number rises to 0.38 (37%) when focusing on credit-unconstrained

individuals. However, biomarker indicators reveal a statistically significant deteriorating

effect only on lung functionality, with the abnormal rate of peak expiratory flow increasing

by 12 to 14 percentage points. We also do not find significant impacts of housing wealth

on mortality or stroke. A potential explanation for this discrepancy is that wealth not

only affects health directly but increases the likelihood of diagnosing diseases. This is

supported by our further findings that higher housing wealth is associated with more

frequent doctor visits and increased healthcare spending. The negative link between

housing wealth and lung functionality, reflected in both self-reported and objective

measures, could be attributed to increased smoking as we show.

Related Literature

Our study connects to the literature in exploring the impact of wealth or income

on health. Two types of exogenous shocks were exploited most often by the previous

empirical literature: inheritance reception Meer, Miller, and Rosen (2003); Kim and

Ruhm (2012); Van Kippersluis, Galama et al. (2013), and lottery winning Lindahl (2005);

Gardner and Oswald (2007); Van Kippersluis, Galama et al. (2013); Apouey and Clark

(2015); Kim and Koh (2021). Many of these works agree that an improved economic

condition usually leads to better mental health but its effect on physical health could be

more debatable.

More specifically, our study closely relates to research that identifies the impact of

housing wealth on health and health-related behaviors. Tran, Gannon, and Rose (2023)

finds that utilization of healthcare services by US older adults trends positively with

housing wealth. Yilmazer, Babiarz, and Liu (2015) studies the psychological impact of

the housing price crash in 2008 and finds that the housing price crash increases people’s

stress in the US. Fichera and Gathergood (2016) found that increased housing wealth

leads to improvements in self-reported health status in Britain. Jou, Mas, and Vergara-

Alert (2020) found that housing prices improve homeowners’ self-reported mental health

in the US. Atalay, Edwards, and Liu (2017) also found some similar results in Australia.
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In two related and parallel works, Shi (2022) and Xu and Wang (2022) study the

impact of housing wealth on health in China, and their �ndings are con
icting: Shi

(2022) �nds that housing wealth decreasesself-reported hypertension, smoking habits,

while increasesself-reported dyslipidemia and depression. Meanwhile, Xu and Wang

(2022) �nd that an increase in housing wealth leads to increased rates ofself-reported

chronic diseases. The divergence of their results may come from the diagnosis e�ects since

both papers rely solely on self-reported health indicators, which capture a combination

of the diagnosis and the health e�ects. It is di�cult to determine the true impact of

housing wealth on health without using objective health indicators. Additionally, the

identi�cation assumption used in Shi (2022) may be too strong. Shi (2022)'s results

rely heavily on the exogeneity of city and provincial-level housing price 
uctuations.

This assumption may be violated since city and provincial-level housing prices often

correlate with many macroeconomic indicators that may also a�ect people's health, like

unemployment (Ruhm, 2000), economic growth, and stock market 
uctuations (Schwandt,

2018).

Our contribution is three-fold. First, this paper uses objective biomarkers to explore

the impact of wealth on health. The existing literature has overwhelmingly relied on

self-reported health and disease status (Yilmazer, Babiarz, and Liu, 2015; Schwandt,

2018; Jou, Mas, and Vergara-Alert, 2020; Shi, 2022; Xu and Wang, 2022). Using such

measures may be subject to critical pitfalls when studying the relationship between

wealth and health. The probability of being diagnosed with a disease is the product of

the probability of having the disease in the �rst place and the probability of having it

diagnosed conditional on having the disease. The e�ect of wealth on self-reported disease

diagnosisP r(diagnose) could come from either the health channel, through its e�ect on

Pr(disease), or the diagnose channel, through its e�ect onPr(diagnosejdisease). We

use objective health indicators from the blood and physical tests, which enables us to

examine the health channel explicitly. Moreover, these self-reported disease dummies

may not distinguish between past and current disease status, and there is usually a

substantial gap between self-reported and objective measures of diseases (Baker, Stabile,
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and Deri, 2004). Adopting objective biomarker information enables us to work around

the issues mentioned above and focus on the pure health e�ect of wealth.

Second, we adopt an RDD identi�cation strategy that is not widely used in studying

the impact of wealth on health. Many existing studies utilize the variations in housing

values across time to study its health implications (Yilmazer, Babiarz, and Liu, 2015;

Fichera and Gathergood, 2016; Shi, 2022). However, housing values are usually correlated

with macroeconomic indicators, such as unemployment and stock market booms, that

could have direct health implications (Ruhm, 2000). Other studies (Gardner and Oswald,

2007; Van Kippersluis, Galama et al., 2013; Apouey and Clark, 2015; Kim and Koh, 2021)

aim to take advantage of the randomness nature of lottery winning. However, lottery

prize is positively correlated with lottery spending, which is itself in
uenced by many

confounding factors such as income and risk attitudes.4 Further, mental accounting

might further distort people's behavior following winning a lottery and thus put doubts

on the external validity of using a lottery to study the health implications of wealth.

Therefore, instead of adopting the research designs mentioned above, we implement

RDD, which imposes fewer restrictions in identifying the impact of wealth on health.

Finally, we carefully examine the potential mechanisms through which wealth a�ects

health (Schwandt, 2018; Kim and Koh, 2021; Lovenheim and Mumford, 2013). We

exploit the link between housing wealth and healthcare utilization, individuals' smoking

behaviors, and households' medical expenditures and spending on tobacco and alcohol.

Exploring these mechanisms enhances our understanding of the role of housing wealth

on health and increases the external validity of our results (Bo and Galiani, 2019).

The remainder of this paper proceeds as follows: Section 2 introduces the background.

Section 3 discusses the data. Section 4 shows the empirical framework and discusses

potential threats to identi�cation. Section 5 reports our empirical results. Finally,

Section 6 concludes the study.

4Among these works, Kim and Koh (2021) is the only one that controls for lottery spending.
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II. BACKGROUND

A. Housing Policies

In the late 1990s, China initiated market-oriented reforms in the housing sector,

leading to a rapidly expanding real estate market and substantial increases in housing

prices. To stabilize the housing market and provide a�ordable housing to middle-

and low-income households, the Chinese government introduced National Article Six

in June 2006. This policy mandated a 20% down payment for homes with a 
oor area

of 90 m2 or smaller and a 30% down payment for homes exceeding 90m2. Later,

during the 2008 recession, the Chinese government sought to counteract the economic

downturn by reducing property deed taxes from 3% to 1% for homes of 90m2 or less

in November 2008. This policy aimed to stimulate housing demand and alleviate the

�nancial burden on low- and middle-income buyers. These two policies created incentives

favoring homes smaller than 90m2 due to their lower transaction costs and reduced

upfront payment requirements. Although various other housing market regulations and

broader macroeconomic policies have been implemented since then, such as \three red

lines" that aim to reduce the debt ratio for real estate developers, President Xi's \houses

are for living, not for speculation" framework (Chen et al., 2024), and localized measures

like price controls on new housing markets in some cities (Zhou, 2023), none of these

policies relied on the 90m2 discontinuity used in this paper, which is central to our

identi�cation strategy.

It is worth noting that the housing wealth e�ect should be regarded as a perceived

wealth e�ect. Homeowners who perceive their housing wealth to have risen can increase

present consumption by reducing current savings (if they have any) rather than borrowing

against or liquidating their homes. Therefore, we expect the increase in housing wealth

to have a bigger impact on liquidity-unconstrained households (those with some savings),

as they can reduce their savings to �nance current consumption while anticipating future

gains from rising housing values.
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B. Healthcare Sector

Between 2000 and 2020, China's healthcare sector underwent substantial transformation,

marked by signi�cant reforms and a strong push for universal health coverage. Over

95% of the urban residents have access to basic health insurance, predominantly through

public programs. In our sample, around 4% of urban households have private insurance.5

Public health insurance eligibility is not tied to retirement status, and individuals retain

the same type of insurance coverage before and after retirement.

In general, copayment levels and deductibles are relatively high even with public

insurance coverage, and Chinese households spend a non-negligible portion of their

annual expenses on healthcare. There is also a relatively low insurance payment ceiling

(i.e., patients must pay 100% of medical expenses that exceed this ceiling). For instance,

for a resident in Beijing participating in the Urban Resident Basic Medical Insurance

(URBMI) in 2018, the deductible is 550 Chinese yuan (or 78 USD) for outpatient services

and 1,300 Chinese yuan (or 186 USD) for inpatient services. The copayment is 50%

for medical expenses above this deductible. The annual insurance payment ceiling is

4,500 Chinese yuan (or 643 USD) for outpatient services and 250,000 Chinese yuan (or

35,714 USD) for inpatient services. In our sample, the average annual household medical

expenditure is 3,983 Chinese yuan (or 569 USD), which accounts for around 12% of their

annual total expenditures.

III. Data

We use the China Health and Retirement Longitudinal Study (CHARLS) which

surveys a nationally representative middle-aged and older population (aged 45 and above)

in China. Our analysis focuses on homeowners, since housing wealth predominantly

a�ects homeowners in this group, and approximately 90% of the CHARLS respondents

are homeowners. The CHARLS questionnaire includes information on demographics,

health status, healthcare utilization, income, consumption, and household assets. Four

5More than 80% of households with private insurance also have public insurance. The private
insurance mainly serves as a complement to public coverage.

9



waves of CHARLS are available as of writing (2011, 2013, 2015, 2018). Our study utilizes

both subjective and objective health measures - self-reported health information from

the main CHARLS survey, and objective health indicators from physical test reports and

blood sample analyses.

A. Self-reported Indicators

Self-reported measures are pooled together across four waves of CHARLS to construct

our sample. This consists of about 11,000 individuals in our analysis sample (i.e.,

individuals in the urban area and purchased their houses before 2006), splitting between

about 5,000 \treated" individuals who own at least one house that is less than or equal

to 90 m2, and about 6,000 \control" individuals, whose housing properties areall larger

than 90 m2. Summary statistics for the analysis sample are presented in Table 1, column

(1). Additional summary statistics for the treatment group (� 90 m2) and the control

group ( > 90m2) can be found in Table 1 columns (2) and (3).

We study the e�ect of housing wealth on a spectrum of self-reported indicators which

includes chronic disease statuses, smoking patterns, health expenditures, and utilization

of healthcare resources. Chronic disease indicators are constructed using respondents'

answers to whether they had ever been diagnosed with the following diseases: hypertension,

dyslipidemia, diabetes, cancer, lung diseases, liver diseases, heart diseases, kidney diseases,

stomach diseases. Smoking patterns are measured by individuals' cigarette consumption

and households' spendings on alcohol and tobacco.6 Lastly, healthcare utilization is by

their outpatient visits and their medical expenditures.

B. Biomarker Indicators

Physical test information was collected as part of the main survey in the 2011, 2013,

and 2015 waves with response rates of 79%, 71%, and 78% respectively. Our analysis

sample for biomarker measures consists of about 4,600 individuals, among which 1,800

6For expenditure, CHARLS reports only the combined household expenditure on alcohol and tobacco
products, making it impossible to distinguish between expenditures on each. For consumption, CHARLS
provides data on the daily number of cigarettes consumed.
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are in the treatment group (� 90 m2) and 2,800 are in the control group (> 90m2).

Anthropometric measurements recorded include blood pressure, pulse rate, and peak

expiratory 
ow.

Venous blood samples were collected in the 2011 and 2015 waves with response rates

of 67% and 64% respectively. Our analysis sample consists of about 2,000 individuals

with blood test results, among which about 1,400 are in the treatment group (� 90 m2)

and 600 are in the control group (> 90m2). The blood samples were assayed for total

cholesterol (TC), low-density lipoprotein (LDL) cholesterol, triglycerides, and glucose.

Summary statistics for these biomarker variables could be found at the bottom of Table

1.

To address potential concerns regarding sample attrition in biomarker and physical

test data, we perform the following robustness checks for our main results. We limit our

sample to survey respondents with both objective and subjective health information.

Our empirical �ndings remain robust after imposing this restriction. Additionally, we

examine whether the 90m2 threshold impacts the participation rate in physical and

blood tests, and �nd no signi�cant di�erences. These results can be found in Figure A1.

We use biomarkers described above to capture objective disease status for diabetes,

hypertension, dyslipidemia, and lung diseases. Speci�cally, lung status is proxied by Peak

Expiratory Flow (PEF), with a lower PEF score corresponding to worse lung condition;7

Dyslipidemia, or abnormal levels of the fat substance in the blood, is re
ected in blood

Cholesterol and Triglycerides (TG) (Liu et al., 2013);8 Hypertension could be readily

identi�ed from readings of systolic blood pressure (SBP) and diastolic blood pressure

(DBP); Lastly, the blood glucose level is used as a diagnostic test for diabetes. We

shy away from discussing other diseases in our subjective measures due to the lack of

a well-established correspondence between disease diagnosis and biomarker indicators.

Many diseases have complex pathological origins and may not be easily diagnosed from

lab reports of blood samples or physical test results.

7Peak Expiratory Flow (PEF) is the maximal rate that a person can exhale during a short maximal
expiratory e�ort after a full inspiration.

8Various Cholesterol readings are available from CHARLS. For dyslipidemia, we focus on total
Cholesterol (TC) and Low-Density Lipoprotein (LDL) Cholesterol.
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C. Housing Information

Housing information in CHARLS is recorded at the household level. Our housing

variables are again constructed by pooling houses owned by surveyed households across

four waves of CHARLS. Our primary variables of interest are current value, size, purchase

time, and cost of acquiring the house. The rapid appreciation of the housing prices in

China keeps enlarging theabsolutehousing price di�erence for houses that are located at

di�erent sides of the 90m2 threshold, even though the price ratio between the treatment

and the control group may remain constant after the tax and down-payment reduction.

To incorporate this persistent wealth e�ect, we construct the annual percent change in

the housing price as the key dependent variable, which is computed using the formula

Gi = 100 �
h

pi;t � pi;t 0
t � t0

=pi;t

i
. Where pi;t is the self-reported market value of housei in year

t and pi;t 0 is the self-reported cost of acquiring housei in year t0.9

We exclude houses located in rural settings where most of them were self-built and do

not have market valuation. To avoid the potential sorting and selection e�ects, we only

focus on the houses that were built and purchased before the policy e�ective year 2006.

Our �nal analysis sample holds about 3,051 urban houses purchased before 2006 whose

summary statistics are shown at the top of Table 1. Additional summary statistics for

the treatment group (housing size� 90m2) and the control group (housing size> 90m2)

are presented in Table 1 columns (2) and (3). In our sample, housing wealth accounts

for 83.08% of a household's total wealth.

[Table 1 about here ]

To supplement our analysis, we also acquire housing valuation data from Lianjia.com -

the largest second-hand housing trading platform in China. The data we obtained covers

697,428 transaction records in three big cities - Shanghai, Shenzhen, Chengdu, and seven

medium-sized cities{Luoyang, Zhongshan, Shaoxing, Huizhou, Wenzhou, and Langfang,

from 2010 to 2020. It contains detailed information about the housing size, location,

9The annual percent change in the housing price is crucial to our research design, but it could only
be calculated if the survey respondent provides all three pieces of information: purchase time, price,
and current value. Among all 7,818 houses that we identi�ed from the original CHARLS dataset, we
manage to computeGi for 3,101 houses.
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transaction price, transaction date, number of bedrooms, bathrooms, and decoration

types.

IV. Empirical Framework

A. Econometric Model

We adopt RDD to identify treatment e�ects at the policy threshold. Since the policies

a�ect houses that are below the 90m2 threshold, households whose houses are just above

90 m2 form a counterfactual for those whose houses are just below the threshold. Using

housing size as the assignment variable, we set treatment statusD i = 1 if housing size

is less than 90m2 and D i = 0 otherwise.

We �rst use data on housing information described at the top of Table 1 to assess

the e�ect of housing policy on housing wealth by estimating the following local linear

regression forX i 2 [c � h; c + h]:

Yi = � 0 + � 1D i + � 2(X i � c) + � 3(X i � c)D i + Ci + � i (1)

whereYi is the annual percent change in housing value for housei ; X i is the size of house

i ; h is the bandwidth; c = 90 m2 is the policy threshold; D i represents the treatment

status of housei , with D i = 1 if X i � 90 m2 and D i = 0 otherwise; Ci is a vector of

control variables that includes a dummy variable that switches on if housing size is a

multiple of ten10, survey-year �xed e�ects, and city �xed e�ects. Information on housing

characteristics, amenities, and 
oor plans are not included in the regression as they are

reported only by a subset of survey respondents. We do, however, use them as covariates

and check for their continuity at the 90 m2 threshold. Our coe�cient of interest is � 1

which captures the local average treatment e�ect (LATE) of the policy on annual percent

change in the value of the houses.

To estimate the health e�ects of the housing policy, we refer to individual-level data

10Li et al. (2020) used such multiples of ten dummy so that the e�ects at other multiples of ten (i.e.,
70 m2, 80 m2, 100 m2 etc.) are used to di�erence out the bunching e�ect at 90 m2.
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described in the bottom half of Table 1. We again adopt an RDD with the same

discontinuity and speci�cation as equation (1). Our outcome variables are grouped

into �ve categories: self-reported chronic disease status; objective disease status from

blood and physical test data; healthcare utilization and spendings; and, lastly, smoking

behavior and spendings. The set of controlsCi here is now a list of individual-level

predetermined characteristics that include age, squared age, gender, level of education,

literacy, marital status, and household size. In our regression, we again include a dummy

for multiples of ten, survey-year �xed e�ects, and city �xed e�ects. It is worthwhile to

note that since our sample includes individuals who are 45 or older, only about 5% of

the survey respondents report having any debt. Consequently, the impact of debt on

households' health outcomes should be limited.

We also focus on a subsample of survey respondents who report a positive amount of

bank deposits. Facing a shock in housing wealth, these households could easily increase

their spending by consuming their savings. While for households without any savings,

credit constraints may limit their ability to �nance current consumption with future

money.11

To make the results comparable, we present all results using the same bandwidth of

15. Such choice of bandwidth is the median of the optimal bandwidths for all outcome

variables calculated by Imbens and Kalyanaraman (2012)'s approach. We conduct

separate tests to verify whether our estimates are sensitive to bandwidth selection or

confounding factors. We carefully check the robustness of our results using various

bandwidths from 10 to 20 in Figure A2. We also demonstrate the continuity of covariates

at the policy threshold by re-estimating equation (1) withYi replaced by various house-

and individual-level covariates. There may also be concerns that confounders, such as

air pollution, could bias our results. We collected city-level pollution data and found no

evidence that air pollution levels di�er signi�cantly between the treatment and control

groups. In addition to conducting covariate checks and bandwidth checks for the RD

analysis, we also perform placebo tests using two placebo policy cuto� points: 70m2

11Credit constraint is highly prevalent in the Chinese context (Waxman et al., 2020). In our sample,
only about 5% of individuals report having any debt.
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and 110m2.

To account for potential speci�cation errors, we cluster all standard errors at the

house size level following Lee and Card (2008). One may argue that spillover among

members in the same household implies that the standard errors should be clustered

at the household-level. However, clustering at the housing-size-level provides a more

conservative estimate since members in the same household are assigned the same housing

size.

B. Threats to Identi�cation

We now discuss potential threats to our identi�cation strategy. First, real estate

developers may strategically build more houses just below the 90m2 cuto� after the

policies were put in place to take advantage of the higher appreciation rate. Moreover,

the housing market regulation policies may also have a sorting e�ect on house buyers.

To deal with such concerns, we follow Li et al. (2020) by only focusing on houses that

were purchased before 2006, when none of the policies were in e�ect. We also assess the

possibility of manipulation empirically using a McCrary density check. From Figure A4,

we do not see evidence for manipulation at the policy threshold.

Second, survey data could su�er from rounding errors, which may attenuate the

estimation results (Bound, Brown, and Mathiowetz, 2001). While measurement errors

in the outcome variables merely result in more noisy estimates, rounding errors with

the assignment variable could lead to biased results. In our context, such a bias may

be larger if rounding errors occur around the policy threshold. For instance, individuals

with a 90.5 m2 house may report their housing size as 90m2, which makes it di�cult

for us to distinguish the real treatment status of those who report a 90m2 house. The

situation we are facing is analogous to Almond et al. (2010) where natural rounding

leads to heaping at multiples of ten. To alleviate such concerns, we follow Barreca et al.

(2011) and implement a \donut RD" strategy as a robustness check (i.e., excluding the

individuals who report a 90m2 housing size).

Third, it is possible that household moving patterns may vary across the 90m2
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thresholds. Our analysis sample only includes the households that did not move from

2006 through the survey years. If the two housing policies in 2006 and 2008 had changed

moving patterns across the 90m2 threshold, they could have resulted in di�erences

between households just above and below the threshold in our analysis sample, even

if they were similar when they purchased their homes before 2006. Ideally, we would

have panel data from the pre-treatment period (before 2006) to directly track household

movement. However, our panel data only starts in 2011. To alleviate the concern, we

�rst provide evidences in Figure A5, A6, and A7 that households' and houses' observable

characteristics are continuous across the 90m2 threshold. In addition, we collected data

on household moves during our sample period (2011 to 2018). We �nd that only 13.7%

of households had any record of moving during this time, corresponding to an annual

moving rate of 1.6%. We then examine whether there is a discontinuity in house moving

at the cuto� during our sample periods (from 2011 to 2018), and we report the results

in Figure A8. The insigni�cant and small di�erences in house moving at the cuto� in

the 2010s suggest that endogenous house moving from 2006 to the survey years may not

be a signi�cant issue in our study.

Fourth, the chronic diseases studied in this paper may have developed before treatment

occurred (i.e., before 2006). This leads to the measurement error in the outcome variable.

Classical measurement error in the outcome variable could lead to imprecise estimates but

would not bias the results, provided that trends and levels in the error are similar on both

sides of the RD threshold. Since the housing policy generates relatively random variation

around the 90m2 cuto� point, we do not expect di�erential trends or levels in chronic

disease prevalence among respondents prior to 2006. However, if a signi�cant portion

of the chronic diseases developed before the policy's introduction in 2006, measurement

error in the outcome variables could be signi�cant, potentially undermining the statistical

power of our results. To address this concern, we examined the trend in chronic disease

development over time during our sample period. We found a signi�cant increase in

self-reported chronic diseases over time due to the aging population, with the average

number of chronic diseases per survey respondent rising from 0.91 in 2011 to 1.75 in
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2018. A linear extrapolation of this trend back to 2006|the year the �rst policy was

implemented|suggests that respondents would have had an average of only 0.4 chronic

diseases. This implies that over 75% of chronic diseases were developed after the policy's

implementation.

C. Multiple Hypothesis Testing

Multiple-hypotheses testing is a natural concern due to the large number of outcome

variables in our study. To control for false rejection of the null hypotheses, we use

bootstrapping-based resampling technique to develop robust and consistent Romano-

Wolf (R-W) corrected p-values (Clarke, Romano, and Wolf, 2020). These R-W corrected

p-values are then reported in our result tables in addition to the estimated coe�cients

and standard errors.

V. Results

A. Wealth E�ect

We �rst focus on the policy e�ect on housing wealth by estimating equation (1).

As aforementioned, we only focus on the houses that were built and purchased before

2006 when neither of the policies was in e�ect to deal with the concerns regarding the

potential sorting across the 90m2 threshold after the policy. Formal regression results

are presented in Table 2. The coe�cient of interest is� 1 which corresponds to the

estimates in the �rst row. Column (1) includes the full analysis sample. We include city

�xed e�ects in columns (2) and (4) to account for unobserved location characteristics. In

columns (3) and (4), we drop observations with housing size equal to 90m2 to construct

a \donut" RD estimate following Barreca et al. (2011). The estimated treatment e�ects

are all positive and signi�cant at the 5% level.

We take column (2) as our preferred speci�cation which includes a dummy variable for

multiples of ten, survey-year �xed e�ects, city �xed e�ects, bandwidth equal to 15, and a

linear �t. The results suggest that houses just below 90m2 have a 0.7 to 1.3 percentage

17



point (pp) higher annual percent growth in housing prices than those that are just above

the 90 m2 threshold. We also �nd consistent graphical evidence of the discontinuity in

housing wealth at the threshold in Figure 1. Given that the average housing value in the

control group during the sample period (2011{2018) is CNY 1,120,000 (USD 160,000),

this number translates to an annual housing wealth increase of CNY 7,840 to 14,560

(USD 1,120 to 2,080). The magnitude of the wealth e�ect is large given that the annual

household expenditures are CNY 36,358 in our sample. The size of the housing wealth

shock studied in this paper is larger than that in the literature on lottery winnings. For

instance, the average lottery win in Apouey and Clark (2015) is GBP 245 (USD 318) in

the United Kingdom, and in Singapore, this amount is SGD 1,088 (USD 788) in (Kim

and Koh, 2021). It is worthwhile to note that the housing wealth appreciation rate is

calculated based on households' self-estimated housing value. The results should thus

be interpreted as the perceived wealth e�ect.

[Table 2 about here ]

[Figure 1 about here ]

To deal with the concerns surrounding the missing data in housing wealth and

households' misreporting of their house value in the CHARLS dataset, we use the market

transaction data from the Lianjia platform, the largest real estate agency in China, to

support the housing wealth e�ect of these two policies at the 90m2 cuto� point. The

Lianjia transaction data come from nine cities in China.12 The results in Table A1

suggest qualitatively similar �ndings to the results using CHARLS data: houses with a

size slightly smaller than 90m2 are 4% more expensive than their counterparts with an

area slightly larger than 90m2, and the results are statistically signi�cant.

We here present a series of robustness checks for our RD design. (1) We present

the results using a quadratic �t in Figure A9. (2) We look for any di�erence in housing

characteristics, amenities, and 
oor plans at the policy threshold.13 Figure A5 and Figure

12These cities not only include metropolis like Shanghai, Shenzhen and Chengdu, but also include
some medium-sized cities: Wenzhou, Langfang, Huizhou, Luoyang, Zhongshan, and Shaoxing.

13Housing characteristics include if the house is also being used for business, how many stories the
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A6 show that there are no noticeable discontinuities in these covariates. (3) The density

of the running variable is presented in the upper half of Figure A4. We do not see a

signi�cant discontinuity in density at the policy threshold. (4) We conduct a bandwidth

check by estimating equation (1) with various bandwidths. The estimated coe�cients

and their 95% con�dence intervals are plotted in Panel (a), Figure A2. We can see that

the RD estimate is robust to bandwidth selection and remains statistically signi�cant

for most bandwidth choices. We consider these �ndings to be evidence that it is unlikely

to have a discontinuity of such magnitude in the percent change in housing value in the

absence of the housing policies.

The dynamic e�ects are explored in Panel (a), Figure A10. Speci�cally, we divide

the sample into two periods: 2011 and 2013 data (the �rst two waves of the survey)

and 2015 and 2018 data (the last two waves). Our analysis reveals that the e�ect of the

policies on housing wealth appreciation for homes under 90m2 is a bit larger (though

not statistically distinguishable) in the medium term (2011 and 2013) than in the long

term (2015 and 2018), with both estimates statistically signi�cant at the 5% level. This

suggests the policy e�ect on housing wealth may level out over time.

B. Health E�ect

We now turn our attention to various self-reported and objective diseases indicators

to explore if changes in housing wealth have any e�ect on the diseases susceptibility of

individuals. The self-reported diseases we consider include hypertension, dyslipidemia,

diabetes, cancer, and several organ-speci�c conditions, such as those a�ecting the lungs,

liver, heart, kidneys, and stomach. The objective health indicators we examine are the

PEF (peak expiratory 
ow), LDL cholesterol, total cholesterol, triglycerides, systolic

and diastolic blood pressure, and glucose levels. These indicators have clear clinical

implications for diagnosing chronic diseases. Based on the clinical thresholds reported

in Table A2, we transform these variables into a dummy variable that equals 1 if the

apartment building has, which story is the apartment located on, elevator accessibility, and if the
building is equipped with any handicapped facilities. Housing amenities consist of houses' access to
running water, shower and bath, gas, heating, telephone, and internet. Floor plans refer to the number
of bedrooms, living rooms, toilets, kitchens that the apartment has.
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individual has an abnormal status. In addition to the objective biomarkers, we also

examine the impact of housing wealth on mortality and stroke.

The results are reported in Table 3. In Panel A, we report the results using the

summation of nine self-reported diseases as the outcome variable. In Panel B, the

outcome variable is the summation of seven objective biomarkers.1415 Panels C and

D explores the impact of housing wealth on two other objective indicators: mortality

and stroke, respectively.

We �nd evidence that owning a house with a size less than or equal to 90m2 is

associated with an increase in self-reported diseases among survey respondents. Speci�cally,

when analyzing the full sample, we observe a 0.2 increase (or 18%) in self-reported chronic

diseases among individuals owning a house� 90m2, though the coe�cients are somewhat

imprecisely estimated. The e�ect increases to 0.38 (or 37%) when focusing on credit-

unconstrained individuals, and is statistically signi�cant at the 95% level. This supports

our hypothesis: facing increased housing wealth, a largely illiquid asset, the credit-

unconstrained individuals could readily adjust their spending patterns by decreasing

their deposits, which may have health implications.16.

When it comes to the objective health indicators (i.e.,P r(disease)), the impact

of housing wealth becomes insigni�cant. Speci�cally, we do not �nd any signi�cant

relationship between housing wealth and individuals' biomarker-implied disease statuses.

The magnitude of the impact of housing wealth on these objective indicators is also

smaller than those using self-reported indicators reported in Panel A. Panel C and D

explore the impact of housing wealth on two other \objective" indicators: mortality and

stroke. The results are consistent with those using biomarker indicators in Panel B.

Increased housing wealth does not have a statistically signi�cant impact on mortality

or stroke. One possible explanation for such a discrepancy between the self-reported

14Since only CHARLS 2011 and 2015 contain survey respondents' blood and physical test results, the
sample size in Panel B is smaller than that in Panel A. The results remain robust when we restrict the
sample to individuals with both subjective and objective health indicators, as reported in Table A3.

15When we compare the objective health indicator results in Panel B of Table 3 and Panel B of Table
A3, they both are close to zero and statistically insigni�cant. The absolute di�erence between them
represents only 3.8% (= (0 :204� 0:128)

1:95 ) of the control mean.
16In Figure A11, we present separate RD coe�cients using each self-reported disease status dummy

as the dependent variable.
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and objective indicators is that wealth a�ects not only health directly but also increases

the possibility of diagnosing a disease. We will test this channel in the next subsection.

Figure 2 presents the RD graphs for the above results.

[Table 3 about here ]

[Figure 2 about here ]

The dynamic e�ects of housing wealth on self-reported and objective health outcomes

reveal that, consistent with the patterns in housing wealth, the impact of housing wealth

on individuals' self-reported chronic diseases is concentrated in the medium term (2011

and 2013 data). The e�ect on objective biomarkers, however, remains statistically

insigni�cant in both the medium and long term. This is consistent with our overall

null results in objective biomarkers reported in the paper.

To further understand the impact of housing wealth on health, we present the results

using each individual disease as the outcome variable. We focus on four types of diseases

that have clear clinical diagnosis standards in blood or physical tests: dyslipidemia,

hypertension, diabetes, and lung diseases. Speci�cally, we use the blood concentration of

low-density lipoprotein (LDL) cholesterol, total cholesterol, and triglycerides as objective

indicators for dyslipidemia; systolic and diastolic blood pressure for hypertension; blood

concentration of glucose for diabetes; and Peak Expiatory Flow (PEF) for lung diseases.

Table 4 presents the results using self-reported and objective indicators as the outcome

variables.

[Table 4 about here ]

From Table 4, Panel A, we observe that both objective and subjective indicators show

a negative e�ect of increased housing wealth on lung functionality. The donut sample

yields a similar estimated magnitude, although the standard errors are larger due to the

smaller sample size. Owning a house 90m2 or smaller is associated with a 7 pp increase

in the likelihood of self-reporting to have a chronic lung condition. For the objective

indicator, owning a house 90m2 or smaller leads to a 12 pp increase in the likelihood of
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having an abnormal PEF test. The e�ects are comparable for people with positive bank

deposit amounts.17

Table 4, Panel B demonstrates that although increased housing wealth leads to more

prevalent reporting of dyslipidemia, it nevertheless has almost no impact on biomarker

indicators associated with blood fat such as cholesterol and triglycerides. People a�ected

by the housing policy are on average 16 pp more likely to report dyslipidemia compared

to individuals just above the policy thresholds, but their actual blood fat levels are

no di�erent. A signi�cant subjective dyslipidemia indicator thus highlights the critical

role of diagnostic bias in the self-reported measure. Such diagnostic bias is relevant

for dyslipidemia, which can be diagnosed by a blood test. It is not hard to imagine a

situation where increased housing wealth has no e�ect on blood fat but prompts people

to go to doctors more often and thus more likely to be diagnosed with dyslipidemia.

Table 4 Panel C shows that changes in housing wealth have no e�ect on either

subjective or objective indicators for hypertension. Lastly, Table 4 Panel D shows that

changes in housing wealth lower the chance of reporting diabetes in the sub-sample where

the individuals report both self-reported disease statuses and valid blood and physical

test results. However, the full sample results reported in Figure A11 suggest overall null

results, and the coe�cients are close to zero. There is also no noticeable di�erence in

the actual blood sugar levels among survey respondents at the policy threshold. Testing

for hypertension and diabetes is easy and accessible in China, as indicated by the small

gap between self-reported and objective indicators. Consequently, the diagnostic channel

may not play a signi�cant role here.

To explicitly test the diagnostic channel of the four diseases investigated in Table 4,

we construct a missed diagnosis dummy variable that equals 1 if an individual is not

diagnosed with a disease but has an abnormal biomarker for that disease, and 0 if the

individual is diagnosed with the disease. The results are reported in Figure A12 and

are consistent with our �ndings in Table 4: an increase in housing wealth signi�cantly

decreases the missed diagnosis probability of dyslipidemia, while its impact on other

17To alleviate the impact of air pollution, in Table A4 we show that the air quality did not deteriorate
for the treatment group.
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diseases is not statistically distinguishable from zero.

An additional concern for our research design is the potential for individuals above

and below the policy threshold to di�er in their disease-treatment behaviors or exercise

activities, which could bias the biomarker readings. To address this concern, we analyze

medical treatment data for each disease. The results, presented in Appendix Table

A5, indicate no statistically signi�cant di�erences in the usage of Chinese, Western, or

alternative medical interventions around the 90m2 policy threshold. Similarly, we �nd

no signi�cant association between housing wealth and exercise activities among survey

respondents. However, it is important to acknowledge that the relatively small sample

size in the medical treatment data results in large standard errors, and these �ndings

should therefore be interpreted with caution.

We explore the heterogeneous e�ects of housing wealth on health outcomes by age

and gender. The results are reported in the upper panel of Figure A13 (i.e., the panel

titled \Main Results"). To ensure comparability, we normalize all outcome variables

in this �gure to a distribution with a mean of zero and a standard deviation of one.

We do not �nd substantial heterogeneity in housing wealth e�ects between males and

females. However, regarding age, we observe that the impact of housing wealth on stroke

is more pronounced among older individuals. This may be due to increased engagement

in risky health behaviors, such as smoking, following a wealth shock, which has a stronger

association with stroke in older populations (Lee et al., 1995).

The middle panel of Figure A13 (titled \Individual Self-reported Conditions") examines

the heterogeneity in each self-reported disease status. A notable �nding is in heart

disease, where females, particularly older females, are more likely to be a�ected by

housing wealth compared to males.18 This aligns with medical literature indicating that

women's risk of cardiovascular diseases increase sharply after menopause (Ryczkowska

et al., 2023).

The lower panel in Figure A13 (i.e., the panel titled \individual biomarker-implied

18A detailed analysis suggests that the point estimate for females aged 60 or above is 0.23 and is
signi�cant at the 95% level, while the point estimate for females no older than 60 is 0.13 and is not
signi�cant at the 95% level.
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conditions") reports the heterogeneous e�ects of housing wealth on individuals' biomarkers.

Consistent with the overall null results in Table 4 and Panel B of Table 3 , we do not

�nd noticeable heterogeneous e�ects of housing wealth on individuals' biomarkers by age

or gender.

C. Mechanisms

C.1. Healthcare Utilization

One possible explanation for the discrepancy in the impact of housing wealth on

individuals' objective and subjective health indicators, as reported in Section B.1, is

that increased housing wealth may raise individuals' healthcare utilization. This increase

enables them to diagnose diseases at an earlier stage (i.e., it increasesPr(diagnosejdisease)).

In this section, we investigate how the increase in housing wealth changes individuals'

consumption of healthcare resources (diagnostic channel). The main dependent variables

we use include (a) total number of outpatient visits in the last month and (b) the

logarithm of the household medical expenditure last year. Regression results are reported

in Table 5, and graphical evidence is presented in Figure 3. We utilize the Zero-In
ated-

Poisson (ZIP) regression for the outpatient visits as outpatient visits are count variables

with excessive zeros. Additionally, we show the results for self-assessed unhealthy individuals,

whose utilization patterns may be most a�ected by the increase in housing wealth.

[Table 5 about here ]

[Figure 3 about here ]

The results suggest that individuals a�ected by the housing policy visit outpatient

services 0.66 log points more often compared to house-owners who are not a�ected by

the policy. The average number of outpatient visits in our sample is 0.32, corresponding

to an increase of approximately 0.3 visits per month. These observations align with the

�ndings in Tran, Gannon, and Rose (2023), who found that increased housing wealth in

the U.S. leads households to spend more on healthcare.
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The result in Panel B suggests that the increase in housing wealth does not signi�cantly

a�ect medical expenditures for the entire sample. The estimated coe�cients become

larger and more salient when focusing on unhealthy households with positive bank

deposits. Increased housing wealth raises medical expenditures for unhealthy households

by around 1 log points.

Overall, the results in Table 5 provide evidence that the increase in housing wealth

induces individuals to increase healthcare utilization. It also provides evidence to explain

the discrepancy between the coe�cients in self-reported and the objective indicators in

Table 4 from the perspective of the diagnosis channel.

C.2. Smoking

Analysis in previous sections suggested that we should look further at survey respondents'

smoking patterns to understand why an increase in housing wealth worsened both self-

reported and objective lung conditions. Researchers have discovered consistent and

robust links between smoking and lung diseases since the 1950s (Chaloupka and Warner,

2000; Strulik, 2018). In this section, we provide direct evidence to support the link

between the increase in housing wealth and the prevalence of chronic lung disease. The

dependent variables that we look at include (a) daily cigarette consumption, and (b)

households' expenditures on alcohol and tobacco products. It is worth noting that the

variable for households' expenditures on alcohol and tobacco products in CHARLS is a

single measure, without separate measures for each.

The RD estimates and graphical evidence are presented in Table 6 and Figure 4,

respectively. Table 6 suggests that increased housing wealth is associated with more

cigarette consumption. Again, the e�ect is more salient for the households with positive

deposits. These results are in line with Apouey and Clark (2015)'s �ndings that lottery

winning leads to the increase in smoking behavior.19

Focusing on gender heterogeneity, we �nd that the positive e�ect of housing wealth

19It is worthwhile to note that the adverse e�ects of smoking extend beyond lung functionality to
include blood pressure and the cardiovascular system. However, these e�ects may be too small to be
detected using our sample with physical test responses.
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on daily cigarette consumption is almost entirely driven by males. For males with

positive deposits, increased housing wealth is associated with an additional 3.8 cigarettes

consumed daily, while the e�ect for females is smaller and imprecisely estimated.

The results in Panel B, Table 6 demonstrate that households who own a house slightly

below the 90m2 threshold are also likely to have spent more on alcohol and tobacco

products. This e�ect is higher for households with positive amount of bank deposits.

Note that we cannot identify alcohol and tobacco expenditure separately as they are

reported as a single variable in the CHARLS survey. The result in Panel B echoes

our �ndings in Panel A, and supports the relationship between housing wealth and the

prevalence of chronic lung disease in both objective and subjective indicators reported

in Table 4. The results also provide suggestive evidence for our argument that because

of the borrowing constraints, the increase in housing wealth has a more salient e�ect on

individuals with positive deposits through the consumption smoothing channel.

As a robustness check, we test whether housing wealth a�ects households' total

expenditures. The e�ect of housing wealth on households' expenditures should not be

limited to medical spending and alcohol and tobacco products. We expect to see an

overall positive link between housing wealth and households' total expenditures. The

results reported in Table A6 are in line with our expectations.

[Table 6 about here ]

[Figure 4 about here ]

C.3. Other mechanisms

The increased housing wealth may a�ect health through other mechanisms, including

family-based support, household compostion, and retirement (Nielsen, 2019). We explicitly

test these channels using the data from CHARLS surveys.

In Figure A14, we assess the impact of housing wealth on household size, marital

status, and �nancial support received from adult children. We do not �nd a statistically

signi�cant link between housing wealth and these variables. This lack of evidence for
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household composition may be explained by the relatively stable household composition

in China, as well as the low divorce rate (1.32%) among individuals over 60, which likely

limits the scope for substantial changes in these areas.

In Panel (a) Figure A15, we examine the impact of housing wealth on individuals'

retirement decisions. Panel (b) uses the early retirement dummy as the outcome variable,

which equals 1 if the survey respondents retire before the national age threshold (i.e.,

60 for males and 55 for females). We also do not �nd a signi�cant link between housing

wealth and households' retirement decisions.

VI. Conclusion

We study the impact of housing wealth on health outcomes and health behaviors of

Chinese middle-aged and older population leveraging two housing policy changes that

exogenously increased the housing wealth of people owning houses no larger than 90m2

in size. Using an RD design, we �nd that increased housing wealth leads to exacerbated

self-reported diseases. However, using biomarker indicators as the outcome variable

reveals only a deteriorating e�ect on lung functionality. One possible explanation for

this discrepancy is that self-reported disease status represents a combination of health

and diagnostic e�ect of housing wealth. On top of its direct e�ect on health, wealth may

also a�ect diagnostic patterns through increased utilization of healthcare resources. This

is consistent with our further results that increased housing wealth is associated with

more doctor visits and healthcare spending. The negative link between housing wealth

and lung functionality in both self-reported and objective indicators can be explained

by increased smoking. The results of our paper highlight several important biases that

arise when the diagnostic e�ect is overlooked in subjective health indicators.

So far, the related literature relies on self-reported disease status to identify the

impact of wealth or income on health. This paper is the �rst to adopt objective health

indicators to study the e�ect of wealth on health. The results of our paper point to the

limitations of self-reported health status and call for the application of objective data in

future research.
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This study has some limitations and we see several directions for future research.

Although the RD design improves internal validity, issues in external validity warrant

attention. The housing wealth e�ect is identi�ed for individuals with a housing size of

around 90m2. Households with houses further away from 90m2 may respond di�erently

to housing wealth shocks. Besides, CHARLS covers individuals aged 45 and above. The

middle-aged and older adult population usually do not have a mortgage burden. It would

be interesting to examine the e�ect of housing wealth on younger populations.
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Table 1: Summary Statistics - Housing and Health Information

(1) (2) (3)
Analysis Sample Treatment Group (� 90 m2) Control Group (> 90m2)

#Obs. mean s.d. #Obs. mean s.d. #Obs. mean s.d.
Housing Information

Purchase price (thousands) 3,051 129.80 1252.93 1,855 98.89 761.35 1,196 177.74 1761.70
Purchase year 3,051 1994.98 9.38 1,855 1994.33 9.14 1,196 1996.00 9.64
Housing size (m2) 3,021 93.07 87.87 1,855 54.36 27.85 1,166 154.65 112.25
Current value (thousands) 3,051 836.29 5895.20 1,855 653.24 4723.58 1,196 1120.19 7345.20
Annual percent change� 100 2,793 3.99 2.06 1,733 3.97 2.01 1,060 4.03 2.13

Household (HH) Characteristics

HH size 11,193 3.279 1.742 5,093 3.002 1.562 6,100 3.511 1.849
HH total asset (thousands) 11,200 119.154 1526.355 5,096 92.516 299.999 6,104 141.394 2049.118
HH total exp last year (thousands) 10,489 36.358 61.591 4,793 35.471 63.858 5,696 37.104 59.612
HH exp on alcohol & tobacco last week 10,960 55.250 170.494 4,991 48.351 137.480 5,969 61.019 193.652
HH medical exp last year (thousands) 10,755 5.624 17.583 4,922 5.702 19.423 5,833 5.558 15.867

Individual Characteristics

Age 11,180 60.982 9.811 5,092 61.877 10.179 6,088 60.234 9.428
Female (=1) 11,200 0.525 0.499 5,096 0.528 0.499 6,104 0.522 0.500
Received higher education (=1) 11,200 0.094 0.291 5,096 0.116 0.321 6,104 0.075 0.263
Literate (=1) 11,164 0.843 0.364 5,088 0.861 0.346 6,076 0.827 0.378
Married with spouse present (=1) 11,198 0.839 0.367 5,094 0.833 0.373 6,104 0.845 0.362
Bank deposit (thousands) 11,199 23.744 116.521 5,096 26.534 95.613 6,103 21.414 131.418
Disabled (=1) 11,187 0.254 0.435 5,090 0.253 0.435 6,097 0.255 0.436
Public insurance (=1) 11,200 0.949 0.220 5,096 0.949 0.220 6,104 0.949 0.219

Self-reported Indicators

Outpatient visits last month 11,186 0.405 1.376 5,088 0.409 1.415 6,098 0.401 1.343
Hypertension (=1) 11,038 0.359 0.480 5,027 0.378 0.485 6,011 0.344 0.475
Dyslipidemia (=1) 10,987 0.225 0.417 4,999 0.249 0.432 5,988 0.205 0.404
Diabetes (=1) 11,032 0.127 0.333 5,023 0.138 0.344 6,009 0.117 0.322
Cancer (=1) 11,041 0.021 0.142 5,027 0.023 0.150 6,014 0.019 0.135
Lung (=1) 11,041 0.118 0.322 5,027 0.131 0.337 6,014 0.106 0.308
Liver (=1) 11,040 0.055 0.227 5,025 0.059 0.235 6,015 0.051 0.221
Heart (=1) 11,036 0.197 0.398 5,028 0.230 0.421 6,008 0.169 0.375
Kidney (=1) 11,030 0.087 0.282 5,021 0.096 0.295 6,009 0.080 0.271
Stomach (=1) 11,041 0.251 0.433 5,026 0.246 0.431 6,015 0.254 0.436
Daily cigarette consumption 3,540 18.463 23.564 1,527 18.409 32.672 2,013 18.503 12.925

Biomarker Indicators

Systolic reading (mmHg) 4,632 130.542 20.830 1,815 131.302 20.816 2,817 130.052 20.828
Diastolic reading (mmHg) 4,632 76.498 12.511 1,815 77.001 12.301 2,817 76.174 12.637
Peak Expiratory Flow (PEF) (L/min) 4,521 288.325 120.191 1,769 286.828 123.233 2,752 289.287 118.208
Fasting Blood Sample (=1) 1,927 0.874 0.332 576 0.882 0.323 1,351 0.870 0.336
Glucose (mg/dl) 1,937 108.560 38.909 587 110.953 44.150 1,350 107.520 36.364
Total Cholesterol (mg/dl) 1,938 188.245 37.055 589 188.826 35.930 1,349 187.991 37.546
Triglycerides (mg/dl) 1,938 153.943 100.169 589 148.932 102.682 1,349 156.131 99.011
LDL Cholesterol (mg/dl) 1,938 107.523 31.882 589 111.410 33.057 1,349 105.826 31.216

Notes: The table above summarizes characteristics of the survey respondents, the houses that they own, and the amount of household expenditures
across various categories. Column (1) describes the entire sample. Column (2) focuses on the sub-sample who own at least one house that is 90m2 or
smaller and thus a�ected by the housing policy (treatment group). Column (3) focuses on the rest of survey respondents who were not a�ected by the
housing policy.
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Table 2: Wealth E�ect

Dependent Variable: Annual Percent Change in Housing Value� 100

(1) (2) (3) (4)
Baseline City F.E. Baseline Donut Donut City F.E.

D i 1.030*** 0.695** 1.277*** 0.891***
(0.344) (0.306) (0.366) (0.333)

X i � 90 0.063* 0.043 0.057 0.034
(0.036) (0.031) (0.036) (0.030)

D i � (X i � 90) -0.013 -0.002 0.020 0.029
(0.037) (0.032) (0.043) (0.037)

#Obs. 798 788 720 712
Ctr Mean 4.271 4.271 4.271 4.271

Survey-year Fixed E�ects X X X X
Multiples of ten dummy X X X X
City Fixed E�ects X X
Excluding size = 90 m2 X X
Bandwidth 15 15 15 15

Notes: Results in this table are acquired from estimating regression equation (1) for the analysis
sample. Column (1) presents the baseline result. City �xed e�ects are further included in column
(2) and (4). Column (3) and (4) excludes observations with housing size equal to 90m2. All
standard errors are clustered at housing-size-level following Lee and Card (2008) to allow for
speci�cation error.

* Signi�cant at the 10% level.
** Signi�cant at the 5% level.
*** Signi�cant at the 1% level.
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Table 3: Health E�ect

(1) (2) (3) (4)
Full sample Donut full sample Deposit > 0 Donut deposit > 0

Panel A. Dependent variable: Summation of subjective health indicators (0-9)

RD coef. 0.219* 0.192 0.383** 0.424**
(0.122) (0.165) (0.164) (0.192)

#Obs. 4,652 3,971 2,941 2,513
Ctr Mean 1.184 1.184 1.127 1.127

Panel B. Dependent variable: Summation of objective health indicators (0-7)

RD coef. 0.128 0.092 0.179 0.180
(0.409) (0.498) (0.442) (0.553)

#Obs. 877 742 765 646
Ctr Mean 1.946 1.946 1.937 1.937

Panel C. Death (=1)

RD coef. -0.001 0.007 0.002 0.018
(0.010) (0.012) (0.011) (0.015)

#Obs. 2,967 2,544 2,206 1,874
Ctr Mean 0.018 0.018 0.016 0.016

Panel D. Stroke (=1)

RD coef. -0.001 -0.006 0.033 0.018
(0.022) (0.023) (0.023) (0.026)

#Obs. 4,783 4,077 3,015 2,570
Ctr Mean 0.042 0.042 0.037 0.037

Survey-year Fixed E�ects X X X X
Demographic Controls X X X X
City Fixed E�ects X X X X
Excluding size =90 m2 X X
Bandwidth 15 15 15 15

Notes: The sample size in Panel B is smaller than that in Panel A for two reasons: Firstly, only CHARLS
2011 and 2015 contain survey respondents' blood and physical test results; Secondly, only a subset of survey
respondents participated in the blood and physical tests. The results remain robust when we restrict the
sample to individuals with both subjective and objective health indicators, as reported in Table A3. Column
(1) utilizes all observations in the analysis sample. Column (2) excludes observations with housing size
equal to 90 m2. Column (3) and (4) focus on individuals with positive deposits. Column (3) utilizes all
observations with positive deposits while column (4) disregard those with housing size equal to 90m2.
Demographic controls include a dummy variable for multiples of ten, age, age squared, gender, literacy, and
higher education. All standard errors are clustered at housing-size-level following Lee and Card (2008) to
allow for speci�cation error.

* Signi�cant at the 10% level.
** Signi�cant at the 5% level.
*** Signi�cant at the 1% level.
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Table 4: Self-reported and Biomarker-implied Disease Status

(1) (2) (3) (4)
Full Sample Donut full sample Deposit > 0 Donut deposit> 0

A: Lung

PEF (abnormal=1) 0.121** 0.119 0.145** 0.161
(0.055) (0.072) (0.071) (0.096)

R-W p-value [0.028] [0.056] [0.048] [0.094]
Ctr Mean 0.360 0.360 0.370 0.370

Self-reported (=1) 0.072** 0.069* 0.068* 0.054
(0.031) (0.036) (0.036) (0.042)

R-W p-value [0.028] [0.056] [0.048] [0.142]
Ctr Mean 0.065 0.065 0.068 0.068

#Obs. 1,977 1,702 1,463 1,247

B: Dyslipidemia

LDL Cholesterol (abnormal=1) 0.123 0.146 0.116 0.148
(0.127) (0.154) (0.127) (0.153)

R-W p-value [0.529] [0.487] [0.601] [0.495]
Ctr Mean 0.085 0.085 0.090 0.090

Total Cholesterol (abnormal=1) 0.008 -0.054 0.032 -0.037
(0.101) (0.134) (0.097) (0.124)

R-W p-value [0.962] [0.854] [0.894] [0.886]
Ctr Mean 0.376 0.376 0.360 0.360

Triglycerides (abnormal=1) -0.019 -0.004 0.006 0.002
(0.098) (0.119) (0.115) (0.134)

R-W p-value [0.962] [0.970] [0.958] [0.996]
Ctr Mean 0.369 0.369 0.349 0.349

Self-reported (=1) 0.165** 0.238** 0.121** 0.211**
(0.064) (0.089) (0.059) (0.093)

R-W p-value [0.022] [0.020] [0.100] [0.034]
Ctr Mean 0.136 0.136 0.124 0.124

#Obs. 1,064 905 944 803

C: Hypertension

Systolic (abnormal=1) -0.091 -0.062 -0.037 -0.001
(0.090) (0.096) (0.088) (0.093)

R-W p-value [0.433] [0.729] [0.778] [0.988]
Ctr Mean 0.298 0.298 0.301 0.301

Diastolic (abnormal=1) -0.023 0.024 0.015 0.084
(0.052) (0.064) (0.068) (0.076)

R-W p-value [0.778] [0.860] [0.778] [0.379]
Ctr Mean 0.119 0.119 0.120 0.120

Self-reported (=1) 0.000 -0.025 -0.054 -0.086
(0.074) (0.089) (0.069) (0.090)

R-W p-value [0.996] [0.860] [0.657] [0.429]
Ctr Mean 0.278 0.278 0.260 0.260

#Obs. 2,022 1,745 1,496 1,277

D: Diabetes

Glucose (abnormal=1) -0.045 -0.005 -0.063 -0.018
(0.047) (0.056) (0.050) (0.060)

R-W p-value [0.272] [0.928] [0.186] [0.711]
Control Mean 0.119 0.119 0.126 0.126

Self-reported (=1) -0.108** -0.102 -0.125** -0.114
(0.046) (0.065) (0.050) (0.070)

R-W p-value [0.038] [0.204] [0.036] [0.160]
Control Mean 0.085 0.085 0.087 0.087

#Obs. 1,069 907 950 805

Survey-year Fixed E�ects X X X X
Demographic Controls X X X X
City Fixed E�ects X X X X
Excluding size =90 m2 X X
Bandwidth 15 15 15 15

Notes: Romano-Wolf corrected p-values in square brackets to account for multiple hypotheses testing. Four panels of outcome variables
are presented: lung diseases (A), dyslipidemia (B), hypertension (C), and diabetes (D). Each panel is further break down into subjective
and objective evaluation of the disease status whose results are presented separately. Column (1) utilizes all observations in the analysis
sample. Column (2) excludes observations with housing size equal to 90m2 . Column (3) and (4) focus on individuals with positive
deposits. Column (3) utilizes all observations with positive deposits while column (4) disregard those with housing size equal to 90 m2 .
Demographic controls include a dummy variable for multiples of ten, age, age squared, gender, literacy, and higher education. Standard
errors, clustered at the housing-size level following Lee and Card (2008) to account for speci�cation error, are reported in parentheses.
Statistical signi�cance levels are calculated based on these standard errors.

* Signi�cant at the 10% level.
** Signi�cant at the 5% level.
*** Signi�cant at the 1% level.
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Table 5: Healthcare Utilization

(1) (2) (3) (4)
Full sample Donut full sample Deposit > 0 Donut deposit> 0

Panel A: Outpatient visits last month (Poisson)

Overall 0.663*** 0.452** 0.777*** 0.512*
(0.179) (0.223) (0.265) (0.295)

#Obs. 4,810 4,107 3,028 2,585
Ctr Mean 0.261 0.261 0.241 0.241

Unhealthy 0.645*** 0.398* 0.681** 0.297
(0.193) (0.228) (0.270) (0.293)

#Obs. 3,448 2,937 2,098 1,782
Ctr Mean 0.321 0.321 0.308 0.308

Panel B: Log(household medical expenditure last year)

Overall 0.175 0.108 0.358 0.376
(0.418) (0.493) (0.283) (0.375)

#Obs. 4,671 3,995 2,957 2,527
Ctr Mean 4,292 4,292 3,267 3,267

Unhealthy 0.302 0.383 1.086*** 1.292***
(0.324) (0.387) (0.316) (0.409)

#Obs. 3,360 2,865 2,063 1,752
Ctr Mean 4,864 4,864 3,783 3,783

Survey-year Fixed E�ects X X X X
Demographic Controls X X X X
City Fixed E�ects X X X
Excluding size =90 m2 X X
Bandwidth 15 15 15 15

Notes: Two panels of outcome variables are presented: (A) frequency of outpatient visits last month, and (B) logarithm
of household medical expenditure last year. Panel A is estimated using Poisson regression due to count nature of the
variable. The control mean in Panel B is the household medical expenditure last year in absolute terms of Chinese
yuan. Column (1) presents the baseline coe�cients. Column (2) excludes observations with housing size equal to 90
m2 . Column (3) and (4) focus on individuals with positive deposits. Column (3) utilizes all observations with positive
deposits while column (4) disregard those with housing size equal to 90 m2 . Demographic controls include a dummy
variable for multiples of ten, age, age squared, gender, literacy, and higher education. All standard errors are clustered at
housing-size-level following Lee and Card (2008) to allow for speci�cation error.

* Signi�cant at the 10% level.
** Signi�cant at the 5% level.
*** Signi�cant at the 1% level.
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Table 6: Smoking Behavior

(1) (2) (3) (4)
Full sample Donut full sample Deposit > 0 Donut deposit> 0

Panel A: Daily cigarette consumption

Overall 1.055* 0.973 1.849*** 1.644***
(0.585) (0.643) (0.555) (0.691)

#Obs. 4,862 4,148 3,069 2,617
Ctr Mean 5.181 5.181 5.039 5.039

Female 0.046 0.339 0.164 0.591*
(0.299) (0.344) (0.309) (0.340)

#Obs. 2,572 2,192 1,545 1,318
Ctr Mean 0.727 0.727 0.585 0.585

Male 1.929 1.562 3.805*** 3.011**
(1.224) (1.309) (1.320) (1.471)

#Obs. 2,290 1,956 1,524 1,299
Ctr Mean 10.31 10.31 9.677 9.677

Panel B: Log(household exp on tobacco and alcohol products last week)

Overall 0.642* 0.727* 0.910** 1.068**
(0.349) (0.430) (0.388) (0.516)

#Obs. 4,741 4,046 2,989 2,549
Ctr Mean 61.01 61.01 45.01 45.01

Survey-year Fixed E�ects X X X X
Demographic Controls X X X X
City Fixed E�ects X X X X
Excluding size = 90 m2 X X
Bandwidth 15 15 15 15

Notes: Two panels of outcome variables are presented: (A) daily cigarette consumption,
and (B) logarithm of the weekly spending on alcohol and tobacco. Column (1) utilizes all
observations in the analysis sample. Column (2) excludes observations with housing size equal
to 90 m2 . Column (3) and (4) focus on individuals with positive deposits. Column (3) utilizes
all observations with positive deposits while column (4) disregard those with housing size
equal to 90 m2 . Demographic controls include a dummy variable for multiples of ten, age,
age squared, gender, literacy, and higher education. All standard errors are clustered at the
house-size-level following Lee and Card (2008) to allow for speci�cation error.

* Signi�cant at the 10% level.
** Signi�cant at the 5% level.
*** Signi�cant at the 1% level.
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Figure 1: Discontinuity in Annual Percent Change in Housing Value

Notes: Figure is constructed by plotting the average housing size against the
conditional mean values of housing value growth rate within each respective bins
after controlling for purchase year, purchase price, survey-year �xed e�ects, city
�xed e�ects, and a dummy for multiples of ten. Solid lines are the �tted values
from linear speci�cation with bandwidth equal to 15, and the dashed lines are the
corresponding 95% con�dence bands.

38



Figure 2: Health E�ect Discontinuities

(a) Subjective Indicators (range: 0 - 9) (b) Objective Indicators (range: 0 - 7)

(c) Stroke (=1) (d) Death (=1)

Notes: Figures are constructed by plotting the average housing size against the
conditional mean of the outcome variable, controlling for a dummy for multiples of
ten, survey-year �xed e�ects, city �xed e�ects, and individual demographic controls.
The analysis is restricted to individuals with positive bank deposits. Solid lines
represent the �tted values from a linear speci�cation with a bandwidth of 15, while
dashed lines indicate the corresponding 95% con�dence bands.
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Figure 3: Discontinuities in Healthcare Utilization and Medical Expenditure

(a) Outpatient visits last month

(b) Log(household medical expenditure last year)

Notes: Figures are constructed by plotting the average housing size against the conditional mean of
the outcome variable, controlling for a dummy for multiples of ten, survey-year �xed e�ects, city �xed
e�ects, and individual demographic controls. The analysis is restricted to individuals with positive bank
deposits. Solid lines represent the �tted values from a linear speci�cation with a bandwidth of 15, while
dashed lines indicate the corresponding 95% con�dence bands.
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Figure 4: Discontinuities in Smoking Behavior and Tobacco and Alcohol Expenditure

(a) Daily cigarette consumption

(b) Household expenditure on tobacco & alcohol last week

Notes: Figures are constructed by plotting the average housing size against the conditional mean
values of the outcome variable after controlling for a dummy for multiples of ten, survey-year �xed
e�ects, city �xed e�ects, and individual level demographic controls. We focus on individuals with
positive bank deposits. Solid lines are the �tted values from linear speci�cation and the dashed lines
are the corresponding 95% con�dence bands.
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A Appendices

Figure A1: Participation in Blood and Physical Tests

(a) Blood Test

(b) Physical Test

Notes: Figures are constructed by plotting the average housing size against the conditional mean
values of the participation rate of (a) blood tests and (b) physical tests within each respective bins after
controlling for a dummy for multiples of ten, survey-year �xed e�ects, and city �xed e�ects. Solid lines
are the �tted values from linear speci�cation with a bandwidth equal to 15, and the dashed lines are
the corresponding 95% con�dence bands.

42



Figure A2: Bandwidth Check

(a) Housing Wealth (b) Subjective Health

(c) Objective Health (d) Cigarette

(e) Log(alcohol & tobacco exp) (f) Outpatient Visits

(g) Log(medical expenditure)

Notes: Plots are constructed by estimating regression equation (1) with various bandwidths from 10 to
20. All speci�cation includes a dummy for multiples of ten, purchase time and price control, survey-year
�xed e�ects, city �xed e�ects, and a linear �t. The red dots are RD estimates and the blue dashed lines
represent the 95% con�dence intervals of the coe�cients. Standard errors are clustered at housing size
level to allow for speci�cation error following Lee and Card (2008).
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Figure A3: Falsi�cation Tests with Placebo Policy Thresholds

(a) Placebo Threshold: 70m2

(b) Placebo Threshold: 110m2

Notes: The plot is based on estimates from regression equation (1) with placebo treatment thresholds
set at (a) 70 m2 and (b) 110 m2. All outcome variables are normalized to facilitate comparison on a
consistent scale. Each speci�cation includes a dummy for multiples of ten, survey-year �xed e�ects, city
�xed e�ects, demographic controls, and a linear �t. Standard errors are clustered at the housing size
level, addressing potential speci�cation error as per Lee and Card (2008). Diamonds represent the RD
estimates, spikes indicate the 95% con�dence intervals, and capped spikes denote the 90% con�dence
intervals.
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Figure A4: Observation Density along Housing Sizes

(a) Number of Houses

(b) Number of Individuals

Notes: Test statistics presented come from a McCrary test for the density distribution of (a) houses
and (b) individuals. The vertical dotted line is the 90 m2 policy threshold.
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Figure A5: Housing Covariates - 1

(a) used for business (b) when built

(c) how many stories (d) which story

(e) elevator (f) handicapped facility

(g) bedrooms (h) living rooms

Notes: Figures are constructed by plotting the average housing size against the conditional mean values
of various covariates within each respective bins. Solid lines are the �tted values from linear speci�cation
with bandwidth equal to 15, and the dashed lines are the corresponding 95% con�dence bands.
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Figure A6: Housing Covariates - 2

(a) toilets (b) kitchens

(c) balconies (d) running water

(e) shower and bath (f) gas

(g) heating (h) telephone

Notes: Figures are constructed by plotting the average housing size against the conditional mean values
of various covariates within each respective bins. Solid lines are the �tted values from linear speci�cation
with bandwidth equal to 15, and the dashed lines are the corresponding 95% con�dence bands.
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