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Abstract
This paper empirically examines the causal effects of population concentration on household
consumption in China and explores the underlying mechanisms. After addressing endogeneity
concerns from various sources, our results show that a 1% increase in urban population density leads
to a 0.43 percentage point increase in household average propensity to consume and a 59.73 yuan
increase in per capita consumption expenditure. Mechanism analysis reveals that, beyond the effects
of urban income premiums, population density reduces consumption transaction costs and enhances
social interactions, both of which encourage higher consumption. Additionally, population density
raises non-housing consumption among some households by driving up housing prices.
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1. Introduction

Low household consumption has persistently constrained China’s sustained economic growth
(Ouyang et al., 2016). The existing literature has examined this issue through various lenses,
including liquidity constraints (Wan et al., 2001), precautionary savings (Yang and Chen,
2009), income distribution (Gan et al., 2018), habit formation (Lei, 2009), cultural factors
(Cheng and Zhang, 2011), and housing prices (Li, 2018). However, no research has
approached this problem from the perspective of population concentration. The existing
literature primarily documents correlations between population density and consumption
(Glaeser et al., 2001; Rosenthal and Strange, 2004). Yet, there remains a lack of formal causal
analysis examining how population concentration affects household consumption.

Population concentration generates both positive and negative externalities
simultaneously. Existing literature demonstrates that urban population concentration produces
positive externalities (Rosenthal and Strange, 2004), primarily manifested in productivity and
income gains (Baum-Snow and Pavan, 2012), which subsequently stimulate consumption.
Other studies document negative externalities of population concentration, such as crime
(Mejia and Restrepo, 2016) and air pollution (Kang et al., 2019), which suppress
consumption.

Assuming the aforementioned positive externalities dominate, if consumption also
positively affects population concentration, this would lead to overestimation of the
consumption effects of population concentration. Additionally, consumption preferences and
residential location choices may be jointly determined by certain unobservable factors. If
these unobservable confounding factors affect urban population density and household
consumption in the same direction, the impact of population concentration on consumption
would also be overestimated. For instance, high-skilled residents with preferences for
consumption variety are more likely to choose to reside in large cities to fulfill their
consumption needs (Lee, 2010).

Conversely, if certain confounding factors simultaneously affect population
concentration and consumption in opposite directions, the relationship between them would

be underestimated. Figure 1 illustrates a weak negative correlation between population



density and per capita household consumption expenditure across 89 cities in 2016.! Simple
correlation analysis alone cannot establish whether this relationship reflects dominant
negative externalities or endogeneity concerns. Our identification strategy addresses this
challenge by accounting for different sources of endogeneity, enabling formal causal analysis
of the consumption effects of population concentration and examination of the underlying
mechanisms.

Figure 1: Population Density and Household Per Capita Consumption
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Notes: The above figure presents a scatter plot of population density and household consumption for 89
prefecture-level and above cities in China in 2016. The horizontal axis represents the natural logarithm of urban
population density (persons per square kilometer), while the vertical axis represents the natural logarithm of
mean household per capita consumption (yuan). The definition and calculation of population density are detailed
in the variable description section below. The calculation of urban average household per capita consumption
employs household sampling weights. Data sources: China Household Finance Survey (CHFS) 2017, China
City Statistical Yearbook, and LandScan database.

This paper employs panel microdata from the China Household Finance Survey (CHFS)

spanning 2013 to 2017, utilizing two-way fixed effects models and instrumental variable

' In this paper, "cities" refers to municipal districts of prefecture-level and above cities.



methods to examine the causal relationship between population concentration and household
consumption. Our findings reveal that, after controlling for different sources of endogeneity,
population concentration exerts significant and robust positive effects on household
consumption. A 1% increase in population density raises the average household propensity to
consume by 0.430 percentage points and increases per capita household consumption
expenditure by 0.355%. Mechanism analysis demonstrates that, given urban income
premiums, population concentration reduces consumption transaction costs and enhances
social interaction, providing both objective and subjective support for household
consumption growth. Furthermore, evidence suggests that increased population density also
raises non-housing consumption among households engaged in housing transactions or with
housing purchase intentions by driving up housing prices.

This paper is the first study to directly quantify the causal effects of population density
on household consumption using household microdata. The paper makes three primary
contributions. First, by analyzing the causal relationship between population concentration
and consumption and integrating existing consumption theory, we provide further empirical
evidence for agglomeration economies. Second, this paper makes an important addition to the
analysis of factors affecting household consumption. Urban population density constitutes a
significant determinant of household consumption, with effects transmitted not only through
income but also through reduced consumption transaction costs, increased social interaction,
and elevated housing prices. Finally, this paper offers policy insights for boosting domestic
consumption. Facilitating labor mobility and raising consumption across cities of varying

sizes could promote more balanced regional development while sustaining economic growth.

2. Theoretical Framework

2.1 Consumer
The consumer’s utility functionis U(C,H) = (C - ¢(dj)6_')aH1_“, where a € (0,1).
To capture the impact of social interactions on household consumption, we model

consumption using an external habit formation specification, where C represents non-

housing consumption, C denotes the average consumption of other consumers (assumed



exogenous), and d)(d]-) € (0,1) represents the information set regarding other consumers. A

higher value of d)(d]-) indicates greater knowledge about other consumers’ behavior, thereby

amplifying the effect of relative consumption on utility. While many factors influence
information transmission, this paper focuses primarily on the effects of population density.
The existing literature demonstrates that geographic proximity has a positive impact on social
learning and information diffusion (Bikhchandani et al., 1998), leading us to specify the
information set as a function of population density (d;) in region j. Additionally, H
represents housing consumption in the utility function.

We assume that the representative consumer supplies one unit of labor to earn income

W for consumption, subject to the budget constraint W = C (1 + T(dj)) + HPy (dj). Here,

PH(dj) denotes the housing price in region j, and T(dj) = 0 represents generalized

transaction costs, which include frictions in consumption matching as well as negative
externalities generated by population concentration.?
Solving the consumer’s utility maximization problem yields the consumption demand

function:

a _
c =mw+(1—a)¢>(dj)6- (1)

2.2 Firm

Following Glaeser and Mar¢ (2001), we assume the firm’s profit function is
A(dj)K“Ll“’ — W;L — RK, where o € (0,1). Here, K represents the capital stock with
rental rate R, L denotes labor input, and W; is the local average wage rate. A(dj)
represents productivity determined by agglomeration economies (Rosenthal and Strange,
2004). From the first-order condition of the profit maximization problem, we obtain:

o a 1
W; = (1 — 0)oT-oR 1-7A(d;) 0. 2)

This equation represents an expression for the urban wage premium. Extensive literature

2 For discussion of T(dj), see Appendix 1.



documents the existence of urban wage premiums (Glaeser and Mar¢, 2001; Chen and Su,
2021), providing substantial evidence for agglomeration economies. Beyond agglomeration

economies, worker wages are influenced by other factors, which can be expressed as W =
W(dj) + w, where w represents wages and assets not determined by agglomeration

economies. Combining Equation (2), we can rewrite Equation (1) as:
a a _
— +——F—w+ (1 -a)p(d;)C.
= Toa@) ) gy e T 9e) ®)
This equation demonstrates that, given the model parameters, population density affects
consumption through its impact on wage income, generalized transaction costs, and social

interaction.

2.3 Consumption Effects of Population Concentration and Mechanisms
Through comparative static analysis, we examine the consumption effects of population
concentration and their transmission channels. Taking the derivative of Equation (3) with

respect to population density d; yields:

dcC a dW; a(Wj + w) dt; _do;
= - +(1-a)C——— 4
ddj (1 + Tj) ddj (1 + Tj)z dd] dd] ( )

Since T(dj) is nonlinear, if d; / dd; <0 (i.e., when positive externalities dominate), then

dC/dd; > 0.If dt;/dd; > 0, then dC/dd; > 0 if and only if the consumption increase

from wage premiums and social interaction exceeds the consumption decrease from increased

a iy 1- a)Cd(l)] S a(W]+w) dr;

(147 )dd (121, aa; ; otherwise, dC/dd; <

transaction costs, i.e., when

0. Therefore, determining the sign of the consumption effect of population concentration is an
empirical question. However, we cannot yet attribute the negative correlation shown in
Figure 1 to the dominance of negative externalities from population concentration, as

endogeneity may exist in the data-generating process, which we will discuss in detail in
Section 3. Moreover, since we cannot specify the exact functional form of T(dj), we employ

a reduced-form approach in our empirical analysis. Based on the above discussion, our

estimates should be interpreted as the net effect after offsetting positive and negative



externalities.

Equation (4) also reveals three channels through which population concentration
affects household consumption. First, the marginal propensity to consume from local average
wages is:

ac o«

€ (0,1).

Therefore, population concentration promotes consumption by increasing local average
wages. Second,
ac  a(W +w)
= ey SO
] (1 + T])
The lower the transaction costs of consumption, the higher the consumption level. As

previously discussed, the impact of population concentration on transaction costs is nonlinear.

Higher population density improves the quality and opportunities for consumption matching,
reducing T(dj) and thereby increasing consumption. Simultaneously, negative externalities
such as congestion, crime, and pollution generated by increased population density raise

T(d]-), thereby suppressing consumption. Finally,

9¢ (1-a)C >0
—_— —
0;

Increased population density enhances social interaction, potentially leading to greater peer-
influenced and conspicuous consumption.

Furthermore, if the utility function takes a constant elasticity of substitution form,
u(c, H) = (a(C - qb(dj)(f)p + (1 — @)HP)'/?, population density may also affect

consumption through its impact on housing prices:
1

s =< : )[(1+231'(‘1_a)l_l_p[(lJrTf)(C_d’fC)+PHfH]
p

+7,)1—a)| °
e L

If p > 0, meaning the elasticity of substitution between housing and non-housing



Lp > 1, then aa_c > 0. The housing demand effect of increased

consumption § =
PHj

population density may drive up housing prices, and this effect is amplified because housing
supply elasticity tends to be lower in areas with higher population density (Ahlfeldt and
Pietrostefani, 2019). Rising housing prices generate substitution effects (Ahlfeldt and
Pietrostefani, 2019) and wealth effects (Yan and Zhu, 2013) that reduce housing consumption
while increasing non-housing consumption. However, if housing demand is inelastic, rising
house prices may crowd out non-housing consumption under liquidity constraints (Fan and
Liu, 2015; Li, 2018). Therefore, the theoretical impact of population density on consumption
through housing prices remains ambiguous, which we will explore further in our subsequent

empirical analysis.

3. Empirical Framework and Data
3.1 Identification Strategy

Based on the theoretical framework above, we estimate the following reduced-form of
Equation (3):

consumption;j, = alndensity;. + X;;j:p + &t (5)

where the dependent variable consumption;j, represents the consumption measure for
household i incity j attime t. We employ two approaches to measure household
consumption: the natural logarithm of household per capita consumption expenditure and
household average propensity to consume. Household per capita consumption expenditure
measures the absolute quantity of consumption, while household average propensity to
consume represents the household consumption rate, calculated as household consumption
expenditure divided by household disposable income. The key explanatory variable
Indensity;j; is the natural logarithm of population density in city j attime t. « is the
parameter of interest, representing the consumption effect of population concentration. X,
is a set of control variables. ¢&;;; is the error term. As shown in Figure 1, estimating Equation
(5) using ordinary least squares (OLS) may yield a negative value for «, but we cannot
conclude that negative externalities of population concentration dominate. This is because

accurate estimation of @ may be affected by the following channels.



First, unobservable confounding factors leading to sorting effects may bias OLS
estimates in different directions. Assuming the true value of a is positive, if certain
unobservable factors simultaneously affect population density and consumption in the same
direction, OLS will overestimate a. For example, individuals with preferences for
consumption variety are more likely to reside in high-density cities to satisfy their
consumption needs. Conversely, if some unobservable factors have opposite effects on
population density and consumption, OLS will underestimate «. For instance, individuals
may accept lower real wages (and thus reduced consumption capacity) in order to work in
large cities where their preferred career opportunities are concentrated. If this confounding
effect dominates, then a could be negative. To reduce bias from omitted variables, we
control for relatively exogenous observable variables in the model as much as possible.
However, controlling for all exogenous confounding variables is impossible. This paper
utilizes the panel nature of the data and employs two-way fixed effects models to address
time-invariant household-level unobservable factors. The model specification is as follows:

consumption;j, = alndensity;. + X;;:p + M,y + ¢@; + 7 + Wjy, (6)
where ¢; represents household fixed effects and m, represents time fixed effects. Since the
main explanatory variable in the equation is at the city level, we control for some observable
city-level variables M, to examine the impact of such confounding factors. Additionally,
time-varying unobservable confounding factors may also bias estimates. To explore the
potential impact of such confounding factors, we employ two strategies. First, we augment
Equation (6) by adding linear time trends for baseline values of household and city-level
variables:

consumption;j = alndensity;. + X;j:p + My + @; + 1 + Ki(jjot + lije,  (7)
where K;(;) represents baseline values of household and city-level variables. Second, we
use instrumental variables to reduce the impact of such endogeneity. This paper constructs a
“shift-share” type instrumental variable (Bartik, 1991). We treat the annual population growth
rate of other cities in the same province (excluding the city where the observed household
resides) as an exogenous shock, and use the product of urban built-up area and the minimum

distance to the Yangtze River, Yellow River, or coastline as weights. The product of these two



components serves as the instrumental variable (IV1). Using the product of urban built-up
area and minimum distance to water bodies as weights is based on the following
considerations: On one hand, extensive literature documents a strong correlation between
population density and distance to coastlines (Beeson et al., 2001; Cai, 2019). Rivers and
coastlines are typically areas of population concentration because they provide convenient
access to water resources, transportation, and commercial activities. On the other hand, the
minimum distance to water bodies combined with urban built-up area jointly characterize the
constraints on urban development. Generally, land near rivers and coastlines is more
restricted and may be affected by flood control measures, planning restrictions, or ecological
protection, thereby influencing urban expansion. Urban built-up area refers to areas within a
city’s administrative boundaries that have been developed in clusters with basic municipal
utilities and public facilities, and its size directly affects the city’s population capacity.
Combining these two factors provides a more complete measure of urban development
constraints and thus better predicts population density.

Second, areas with high consumption levels may reflect superior consumption
opportunities, potentially attracting migration inflows that increase population density. This
potential reverse causality may overestimate a. The fixed effects model above cannot
address this type of endogeneity. This paper uses instrumental variables to reduce the impact
of such endogeneity. We use the linear time trend of urban population density in 1953 as an
instrumental variable (IV2). Urban population data for 1953 comes from the first Census of
the People’s Republic of China in 1953. Using historical data as instrumental variables to
mitigate bias from reverse causality is common in the literature (Lu et al., 2012). The
literature typically uses historical values of urban population density as instruments for
current values (Quintero and Roberts, 2023), with the advantage that the dependent variable
is contemporaneous and cannot directly affect historical variables. Following Nunn and Qian
(2014), we use the linear time trend of 1953 urban population density as an instrumental
variable to satisfy model estimation conditions.

The two instrumental variables used in this paper target different sources of endogeneity.
The “shift-share” instrumental variable (IV1) primarily addresses time-varying unobservable

confounding factors; the historical data instrumental variable (IV2) primarily addresses



reverse causality. The validity of IV1 requires further discussion. A valid “shift-share”
instrumental variable requires both the shock and weight components to be exogenous
(Goldsmith-Pinkham et al., 2020). The shock component of IV1 is arguably exogenous; its
weight component is the product of urban built-up area and minimum distance to water
bodies, which may affect consumption through channels other than population density, thus
raising questions about its exclusion restriction. This paper uses dual instrumental variables
in regression analysis, which provides conditions for alleviating this concern: First, since the
two instrumental variables have different sources of exogeneity, we can compare their
independent estimation results to assess instrument validity. Second, using both instrumental
variables simultaneously allows for overidentification tests to assess joint validity. Finally, we

conduct strict exogeneity tests for IV1 following Grieser and Hadlock (2019).

3.2 Data and Variables

The main data sources for this paper include the China Household Finance Survey
(CHFS) (Yin et al., 2015), LandScan, China City Statistical Yearbook, Amap POI data,
Chinese General Social Survey (CGSS), CEIC database, and Juhui data.> The dependent
variables are household average propensity to consume and the natural logarithm of
household per capita consumption expenditure. The consumption expenditure in our main
analysis refers to non-housing consumption expenditure. The key explanatory variable is
urban population density.*

The model also controls for household income and wealth variables, including
household per capita income, household per capita financial assets, homeownership status,
household per capita housing assets, and housing debt status; household characteristics,
including self-employment status, youth dependency ratio, elderly dependency ratio,
proportion of unemployed household members, pension insurance coverage for household
heads and spouses, and medical insurance coverage for household heads and spouses; and

household head characteristics, including risk preference, gender, age, years of education,

3 Detailed descriptions of data sources are provided in Appendix II.

4 Construction of key variables is detailed in Appendix IIL



marital status, health status, and hukou type. Additionally, this paper attempts to control for
city-level variables that may affect household consumption, including GDP, tertiary industry
share of GDP, financial development level, digital inclusive finance, housing prices.’
Sample restrictions are as follows: We retain household samples that have not relocated
since 2013; exclude samples with zero total household consumption, non-positive total
income, or household heads younger than 20 or older than 80 years; exclude samples with
missing or obviously erroneous key variables. This yields a balanced panel of 12,804
observations from 6,402 households across 83 cities in 29 provinces and centrally-
administered municipalities, constituting our final dataset. Descriptive statistics for main

variables are reported in Table 1. Unless otherwise specified, all empirical procedures use

household survey weights to ensure population-representative estimates.

Table 1: Descriptive Statistics of Main Variables

Variable Mean Std. Dev. Min Max
Dependent Variables
Ln(household per capita consumption) 9.354 0.863 3.790 13.296
Household average propensity to consume 1.055 0.757 0.269 3.929
Main Explanatory Variable
Ln(population density) 9.573 0.340 8.408 10.480
Household Income and Wealth Variables
Ln(household per capita income) 9.368 1.360 -1.894 14.852
Ln(household per capita financial assets) 7.639 2.571 0.000 15.406
Homeownership status 0.894 -- 0 1
Ln(household per capita housing value) 7.421 5.484 0.000 15.742
Housing debt status 0.240 -- 0 1
Household Characteristics
Self-employment status 0.138 -- 0 1
Youth dependency ratio 0.103 0.152 0 0.778
Elderly dependency ratio 0.158 0.300 0 1
Share of unemployed members 0.504 0.322 0 1
Number with pension insurance (respondent
and spouse) 1.495 0.739 0 2
Number with medical insurance (respondent
and spouse) 1.705 0.571 0 2
Household Head Characteristics
Risk preference 4.108 1.180 1 5
Gender 0.768 -- 0 1

5 Specific variable descriptions are provided in Appendix IIL.



Age 52.296 12.661 20 80

Years of education 9.506 3.786 0 22
Marital status 0.889 -- 0 1
Health status 2.617 1.168 1 5
Hukou type 0.525 -- 0 1
City Characteristics
Ln(GDP) 16.762 1.514 13.693 19.179
Tertiary sector share of GDP 0.495 0.119 0.273 0.797
Financial development (loans/GDP ratio) 1.601 0.879 0.188 8.894
Ln(housing prices) 8.297 0.862 6.096 10.360
Ln(digital inclusive finance) 5.665 0.160 5.316 6.136

Note: Sample restrictions are described in the text. The sample includes 6,402 households observed over 2 years, yielding
12,804 observations. Sample households are located across 83 cities in 29 provinces and centrally-administered
municipalities. All non-percentage variables are in natural logarithms. Household average propensity to consume has 10,883
observations after excluding outliers. Sample sizes reported represent the raw data sample; effective sample sizes used in
empirical procedures may be smaller. Effective sample sizes for all empirical procedures are available from the authors upon

request. All results use household sampling weights.

4. Empirical Results

Table 2 presents the regression results from pooled Ordinary Least Squares (OLS) for
Equation (5) and the fixed effects models for Equations (6) and (7). Panel A uses
household average propensity to consume as the dependent variable, while Panel B uses the
natural logarithm of household per capita consumption.® In Column (1), we control only for
population density, which shows a positive but insignificant correlation with household
average propensity to consume. In Panel B, consistent with the relationship shown in Figure
1, the elasticity between population density and household per capita consumption is negative
but not significant. To control for potential confounding factors, Column (2) adds household
asset variables, household characteristics, and household head characteristics. The results
show that population concentration has a positive effect on household consumption, though it
remains statistically insignificant. The OLS results preliminarily suggest that the relationship
between population concentration and household consumption may be aftected by omitted
variables, with confounding factors that adversely affect both population density and
consumption playing a dominant role, leading to an underestimation of the consumption

effect of population concentration.

¢ Detailed results for Table 2 are reported in Appendix IV.



To further control for unobservable household confounding factors, we employ a two-
way fixed effects model in Column (3) to eliminate the influence of time-invariant household
characteristics. Panel A results show that a 1% increase in population density leads to a 0.357
percentage point increase in household average propensity to consume, significant at the 1%
level. In Panel B, a 1% increase in population density raises average household consumption
expenditure by 0.271%, significant at the 5% level. Compared with Column (2), we find that
pooled OLS estimates underestimate the consumption effect of population concentration.
This suggests that time-invariant unobservable factors cause a systematic sorting pattern
where high-consumption households are more likely to locate in low-density areas, thereby
masking the true positive effect of population concentration on consumption. In Column (4),
we further control for city characteristics. The results show that a 1% increase in population
density increases household average propensity to consume by 0.430 percentage points
(significant at the 1% level) and household per capita consumption by 0.355% (significant at
the 1% level). Additionally, the coefficient for city average housing prices is not significant.

As discussed in the identification strategy, time-varying unobservable confounding
factors may also bias estimates, so we estimate equation (7). Column (5) of Table 2 reports
estimation results controlling for linear time trends of baseline values of household and city-
level variables, which show no qualitative changes compared to Column (4). We also conduct
further exploration using instrumental variable methods. Column (1) of Table 3 presents two-
stage least squares (2SLS) estimation results using the product of urban built-up area and
minimum distance to water bodies multiplied by the annual population growth rate of other
cities in the same province as an instrumental variable (IV1). Results show that a 1% increase
in population density leads to a 0.459 percentage point increase in household average
propensity to consume and a 0.381% increase in household per capita consumption. The first-
stage F-statistics are 978.044 and 1098.765, respectively, indicating minimal risk of weak
instrument problems. The generalized Hausman test p-values are 0.199 and 0.142,
respectively, suggesting we cannot reject the null hypothesis at conventional significance
levels, meaning the 2SLS estimates in Column (1) of Table 3 are not statistically different
from the OLS estimates in Column (4) of Table 2. Therefore, based on the above evidence,

the impact of time-varying unobservable confounding factors on estimates may be limited.



Table 2: Impact of Population Concentration on Household Consumption

OLS FE FE + Time Trends
(M 2) 3) “4) ®)
A. Dependent Variable: Household Average Propensity to Consume
0.017 0.040 0.357"* 0.430™" 0.404™**
Ln(Population Density)
(0.061) (0.040) (0.122) (0.134) (0.132)
-0.056 -0.034
Ln(Housing Price)
(0.041) (0.040)
B. Dependent Variable: Ln(Household Per Capita Consumption)
-0.101 0.004 0.271* 0.355* 0.343*
Ln(Population Density)
(0.178) (0.065) (0.119) (0.137) (0.146)
-0.037 -0.011
Ln(Housing Price)
(0.033) (0.045)
Household Controls No Yes Yes Yes Yes
City Controls No No No Yes Yes
Household Fixed Effects No No Yes Yes Yes
Year Fixed Effects No No Yes Yes Yes
Time Trends No No No No Yes

Notes: Household controls include: household per capita income, household per capita financial assets, homeownership
status, household per capita housing value, housing debt status, self-employment in business, demographic structure
(including youth dependency ratio, elderly dependency ratio, and proportion of unemployed household members), number of
respondents and spouses with pension insurance, number of respondents and spouses with medical insurance, household
head characteristic variables (including risk preference, gender, age, years of education, marital status, health status, and
household registration type). City controls include: GDP, share of tertiary industry in GDP, financial development level,
housing prices, and digital inclusive finance. All variables represented as discrete integers are entered into the regression as
dummy variables. Time trends refer to linear time trends of baseline values of household and city-level variables. All results
use household sampling weights. Robust standard errors clustered at the city level are in parentheses. Sample sizes for all
columns in Panel A are 10,883; sample sizes for all columns in Panel B are 12,804. ** and *** indicate significance at the

5% and 1% levels, respectively.

As discussed earlier, besides omitted variable bias, endogeneity between population
density and household consumption may also arise from reverse causality. Column (3) of
Table 3 reports two-way fixed effects estimation results using the linear time trend of 1953
city population density as an instrumental variable (IV2). The 2SLS results show that a 1%
increase in population concentration leads to a 0.431 percentage point increase in household
average propensity to consume and a 0.356% increase in household per capita consumption
expenditure. The generalized Hausman test p-values are 0.742 and 0.848, respectively,
indicating that these 2SLS estimates are not statistically different from the OLS coefficients

in Column (4) of Table 2. This may be because in the model of Column (4) in Table 2, the



dependent variable is at the household level, and its impact on the entire city’s population
density is minimal, so bias from reverse causality is negligible.

A potential concern with the above instrumental variable estimation is that the weight
component of IV1, which is the product of urban built-up area and minimum distance to
water bodies, may affect current household consumption by influencing the local institutional
environment and economic development levels. Since the exclusion restriction of
instrumental variables cannot be directly tested, we use indirect evidence to alleviate this
concern. First, [IV1 and IV2 have different sources of exogeneity. If their independent
estimation results are similar, it suggests both instrumental variables may be valid. As
mentioned earlier, the 2SLS estimation results in Columns (1) and (3) of Table 3 are not
statistically different from the OLS results in Column (4) of Table 2. Therefore, both
instrumental variables may be valid. Second, Column (4) of Table 3 reports 2SLS estimation
results using both IV1 and IV2 as instrumental variables. The Hansen J statistic p-values are
0.139 and 0.194, respectively, indicating we cannot reject the null hypothesis at conventional
significance levels, meaning all instrumental variables are jointly valid. The generalized
Hausman test also shows this estimation result is not statistically different from the OLS
estimates in Column (4) of Table 2. Finally, following Grieser and Hadlock (2019), we
conduct a strict exogeneity test for IV1. If the instrumental variable is valid, then fixed effects
and first-difference models should yield consistent estimates. Column (2) of Table 3 reports
2SLS estimation results for the first-difference model, with generalized Hausman test p-
values of 0.128 and 0.207. Therefore, like the fixed effects model 2SLS results in Column
(1), they are not statistically different from the OLS estimation results in Column (4) of Table
2, preliminarily indicating that IV1 has strict exogeneity. For further verification, Column (5)
of Table 3 reports formal strict exogeneity test results. Adding the forward term of IV1 to the
model, if its estimated coefficient is significantly different from zero, then IV1 does not have
strict exogeneity. The estimated values of the forward IV1 term reported in Column (5) are
not significant at conventional significance levels, indicating that we cannot reject that [V1
has strict exogeneity. Additionally, the generalized Hausman test also shows this estimation
result is not statistically different from the OLS estimates in Column (4) of Table 2. Based on

the above evidence, our instrumental variable estimation results are credible, but they are not



statistically different from OLS estimates, further indicating that potential endogeneity from
time-varying unobservable confounding factors and reverse causality is limited. For
estimation efficiency considerations, we will use the model in Column (4) of Table 2 as the

benchmark model specification in subsequent analysis.

Table 3: Two-Stage Least Squares Estimation

v1 v2 V1 A1 1V2 IVl
FE-2SLS FD-2SLS FE-2SLS FE-2SLS FE-2SLS
) 2) 3) 4 &)
A. Dependent Variable: Household Average Propensity to Consume
Ln(Population 0.459™* 0.522"** 0.431™* 0.432"* 0.486™"
Density) (0.139) (0.154) (0.136) (0.136) (0.166)
IV1 Forward 0.030
Term (0.128)
First-Stage F-
Statistic 978.044 962.383 10147.091 5252.027 742.363
Generalized
Hausman Test 2.152 2319 0.108 0.010 2.145
x? Statistic [0.142] [0.128] [0.742] [0.920] [0.143]
[p-value]
Hansen J Statistic 2.187
[p-value] B B - [0.139] -
B. Dependent Variable: Ln(Household Per Capita Consumption)
Ln(Population 0.381"*" 0.416™" 0.356™" 0.356"*" 0.336"
Density) (0.136) (0.142) (0.137) (0.137) (0.176)
IV1 Forward -0.048
Term (0.120)
First-Stage F-
Statistic 1098.765 1100.254 9521.712 4995.011 817.563
Generalized
Hausman Test 1.649 1.589 0.037 0.009 1.845
x? Statistic [0.199] [0.207] [0.848] [0.923] [0.174]
[p-value]
Hansen J Statistic 1.688
[p-value] - B B [0.194] B

Notes: Except for Column (5) which additionally controls for the lead term of IV1, all model specifications are consistent
with Column (4) of Table 2. Columns (1), (3), (4), and (5) report fixed effects two-stage least squares estimates; Column (2)
reports first-difference two-stage least squares estimates. The instrumental variable IV1 used in Columns (1), (2), and (5) is
the product of urban built-up area and minimum distance to water bodies, multiplied by the annual population growth rate of
other cities in the same province during the corresponding sample years. The instrumental variable IV2 used in Column (3)
is the linear time trend of 1953 city population density. Column (4) uses both IV1 and IV2 as instrumental variables. Sample
sizes for Columns (1), (3) — (5) in Panel A are 10,883, Column (2) is 4,701; sample sizes for Columns (1), (3) — (5) in Panel
B are 12,804, Column (2) is 6,402. All results use household sampling weights. Robust standard errors clustered at the city



level are in parentheses; p-values are in brackets. * and *** indicate significance at the 10% and 1% levels, respectively.

The above analysis provides evidence that population concentration has a significant
positive impact on household consumption.” Based on the benchmark model, a 1% increase
in population concentration (calculated at the mean value, this equals 152 people per square
kilometer) leads to a 0.430 percentage point increase in household average propensity to
consume and a 0.355% increase in household per capita consumption expenditure (calculated
at the mean value, this equals 59.73 yuan). Unobservable confounding factors causing sorting
effects significantly underestimate this causal relationship, implying that high-consumption
populations tend to be non-randomly distributed in low-density areas, while low-consumption
populations tend to concentrate in high-density areas. This source of endogeneity has

important implications for policy design.

5. Mechanism Tests

In the theoretical framework presented in Section II, we discussed potential channels through
which population concentration affects household consumption: generating urban wage
premiums, reducing consumption transaction costs, increasing social interaction, and driving
up housing prices. Given that extensive literature documents urban income premiums
(Glaeser and Mar¢, 2001; Chen and Su, 2021), we focus our analysis on testing the latter
three mechanisms, subject to data availability. On the one hand, the consumption effects of
population concentration require cities to provide objective supply-side conditions that reduce
transaction costs. On the other hand, population concentration increases social interaction,
which may subjectively enhance residents’ consumption propensity. Finally, we examine

whether population density affects non-housing consumption by driving up housing prices.

5.1 Consumption Matching
Since transaction costs cannot be directly measured, we examine this mechanism from

the perspective of consumption matching quality. Appendix I demonstrates that higher

7 Robustness check results and discussions are provided in Appendix V, with main results remaining robust. Due to space
limitations, heterogeneity analysis is presented in Appendix VI.



population density leads to a smaller expected distance to product characteristics, resulting in
higher consumption matching quality. To estimate the expected distance to product
characteristics, we assume that the distribution of product characteristics y demanded by
consumers remains constant. The greater the variety of available product characteristics, the
smaller the expected distance to desired product characteristics. Entropy measures the
expected information needed to purchase products with characteristic x: H(x) =

— Y p(x) Inp(x), where p(x) is the probability of purchasing products with characteristic
x. Higher entropy H(x) indicates greater diversity of unique product characteristics
available in the market, a higher likelihood of satisfying consumers’ specific needs, and
higher consumption matching quality.

We use the variety of locally non-tradable services (Li et al., 2019) to represent different
product characteristics for calculating the entropy of local non-tradable service markets.
Existing research finds a positive correlation between population concentration and non-
tradable services (Glaeser et al., 2001; Li et al., 2019), and people are willing to accept lower
real income to live in large cities in order to consume these non-tradable services (Lee, 2010).
Specifically, we use the number of service types within five categories of points of interest
(POI) in each city: dining services, shopping services, education and cultural services, daily
life services, and sports and leisure services. These serve as product characteristics to
calculate the entropy of non-tradable service markets in each city.® Entropy density, obtained
by dividing entropy by urban built-up area, measures consumption matching quality per unit
area within cities.

Table 4 reports estimation results for the impact of population concentration on entropy
density. Column (1) presents results where the dependent variable is the total entropy density
of non-tradable services in each city. Columns (2)-(6) show results for entropy density of
dining services, shopping services, education and cultural services, daily life services, and
sports and leisure services, respectively. Results indicate that population concentration
significantly enhances entropy density for both aggregate and individual service categories.

This demonstrates that population concentration affects consumption by improving

8 Non-tradable service data comes from Amap POI data for 2014 and 2016.



consumption matching quality.’

Table 4: Impact of Population Concentration on Consumption Matching Quality

Dependent Variable
Education &
Non-tradable Shopping Daily Life Sports &
Dining Service Cultural
Service Service Service Leisure Service
Matching Service
Matching Matching Matching Matching
Quality Matching
Quality Quality Quality Quality
Quality
&) () 3) 4 ) (6)
Ln(Population 0.047"" 0.020™" 0.035™ 0.029"™ 0.034™ 0.023"™*
Density) (0.010) (0.004) (0.008) (0.007) (0.009) (0.006)
Sample Size 166 166 166 166 166 166

Notes: The dependent variables are entropy density for various non-tradable services. All regressions are unweighted.
Control variables include: GDP, tertiary industry share of GDP, financial development level, housing prices, digital inclusive
finance, city dummies, and year dummies. Standard errors clustered at the city level are reported in parentheses. ***

indicates significance at the 1% level.

5.2 Social Interaction

In relatively dense urban areas, social interaction is more easily achieved (Glaeser and
Gottlieb, 2006), enabling individuals to more readily obtain consumption information from
others, which affects their consumption preferences (George and Waldfogel, 2003) and
consumption behavior (Kuhn et al., 2011).

In Column (1) of Table 5, we first examine the correlation between population
concentration and social interaction using data from the China General Social Survey (CGSS)
2013. Results show a significant positive correlation between population concentration and
social interaction. To further explore whether population concentration affects household
consumption through social interaction, we replace the dependent variables in our baseline
model with total household gift expenditure and per capita gift expenditure using CHFS data.
Gift expenditure is defined as the actual monetary value of gifts and cash given to non-
household members during traditional holidays and ceremonial events. On one hand, relevant
literature (Guo and Liang, 2014) indicates that household gift expenditure can serve as a
proxy for household social interaction levels. On the other hand, gift expenditure in the form

of presents can be viewed as consumption expenditure arising from social interaction,

° Appendix VII presents results for the impact of population concentration on non-tradable service density.



providing direct evidence for this channel. Gift expenditure in cash form increases recipients’
budgets, thereby increasing consumption expenditure. Columns (2) and (3) of Table 5 report
the impact of population concentration on household gift expenditure. Results show that
higher urban population concentration increases residents’ social spending. This reflects both

deeper social engagement and represents a direct form of consumption.

Table 5: Impact of Population Concentration on Residents’ Social Interaction

Dependent Variable
Social Frequency Ln(Total Gift Expenditure) Ln(Per Capita Gift
Expenditure)
) (2 3)
Ln(Population Density) 0-259" 19707 1713
(0.119) (0.929) (0.815)
Control Variables Yes Yes Yes
Household Fixed Effects No Yes Yes
Year Fixed Effects No Yes Yes
Sample Size 3,027 12,804 12,804

Notes: Column (1) dependent variable is social frequency, using data from the China General Social Survey (CGSS).
Respondents were asked to rate “How frequently do you engage in social and recreational activities with neighbors” and
“How frequently do you engage in social and recreational activities with other friends” on a scale from 1-7, ranging from
“never” to “almost daily.” The social frequency measure is the average of these two responses, with higher values indicating
more frequent social activities. Columns (2) and (3) dependent variables are the natural logarithms of total household gift
expenditure and per capita gift expenditure, respectively, using data from the China Household Finance Survey (CHFS).
Model specifications for Columns (2) and (3) are identical to Table 2 Column (4) except for the dependent variables. Control
variables in Column (1) include: household income, gender, age, years of education, marital status, health status, household
registration type, self-rated socioeconomic status, GDP, tertiary industry share of GDP, financial development level, housing
prices, and digital inclusive finance. All discrete integer variables are included as dummy variables. All results use sampling

weights. Standard errors clustered at the city level are reported in parentheses. ** indicates significance at the 5% level.

5.3 Housing Prices

First, we estimate the relationship between population density and housing prices.
Columns (1) and (2) of Table 6 show that both new and existing housing prices exhibit
positive elasticity with respect to population density. This initially supports the possibility
that population density affects household non-housing consumption through housing prices.
Groups that are more sensitive to housing prices, including households that engaged in
housing transactions or have housing purchase plans during the sample period, are more
likely to have their non-housing consumption affected by population density through housing

prices. Results in Columns (3) and (4) of Table 6 show that for households insensitive to



housing prices, a 1% increase in population density increases household per capita
consumption expenditure by 0.384%, while population density increases have no significant
effect on their per capita housing expenditure.!® For households sensitive to housing prices,
increases in population density both raise per capita non-housing consumption expenditure
and significantly reduce per capita housing expenditure. This suggests that higher population
density may create substitution effects between non-housing consumption and housing

expenditure by driving up housing prices. We therefore test this mechanism further.

Table 6: Impact of Population Concentration on Housing Prices and Consumption

Dependent Variable
Ln(Household Per
Ln(New Housing Ln(Existing Housing Ln(Household Per
) ) ) ) Capita Housing
Prices) Prices) Capita Consumption) )
Expenditure)
(1) (2) (3) “4)
Ln(Population 0.351" 0.323" 0.384™" -0.127
Density) (0.178) (0.182) (0.135) (0.352)
Price Sensitive x
-0.002 -0.035™"
Ln(Population
(0.003) (0.008)
Density)
Housing Debt x
-0.157* -0.230
Ln(Population
] (0.076) (0.187)
Density)
Price Sensitive x
Housing Debt x 0.003 0.002
Ln(Population (0.006) (0.013)
Density)
Household Controls No No Yes Yes
City Controls Yes Yes Yes Yes
Household Fixed
No No Yes Yes
Effects
City Fixed Effects Yes Yes No No
Year Fixed Effects Yes Yes Yes Yes
Sample Size 166 97 12,804 12,355

Notes: Control variables in Columns (1) and (2) include: GDP, tertiary industry share of GDP, financial development level,
digital inclusive finance, city dummies, and year dummies. Price sensitive is a dummy variable that equals 1 if households
engaged in housing transactions or have home purchase plans during the sample period, and 0 otherwise. Housing debt is a
dummy variable that equals 1 if households have housing debt during the sample period, and 0 otherwise. Columns (3) and
(4) follow the same model specification as Table 2 Column (4), except for the addition of interaction terms between price

sensitivity and housing debt with the natural logarithm of population density. See text for detailed variable and sample

10 For rental households, housing expenditure is actual rent; for owners, housing expenditure is estimated using the
estimated city average rent-to-price ratio multiplied by housing value. See Appendix VIII for specific estimation methods.



descriptions. Columns (1) and (2) use city population as weights, while the remaining columns use household sampling
weights. Standard errors clustered at the city level are reported in parentheses. *, **, and *** indicate significance at the

10%, 5%, and 1% levels, respectively.

New and existing housing prices may have different effects on household consumption
decisions, so we distinguish between new and existing housing prices in subsequent tests.
Panel A of Table 7 presents results for new housing prices. Column (1) shows that for price-
sensitive households, after controlling for new housing prices, the impact of population
density remains positive but is no longer significant. The coefficient for new housing prices
on household average non-housing consumption propensity is positive but also lacks
statistical significance. Therefore, we cannot definitively conclude that population density
affects non-housing consumption of these residents through housing prices. These results
may be due to non-random entry into the price-sensitive sample, affecting our estimation of
population concentration’s consumption effects. We therefore use the two-step Heckman
method to correct for potential sample bias. Column (2) of Panel A reports results using new
housing prices as the exclusion restriction. The exclusion restriction here assumes that new
housing prices only affect household average non-housing consumption propensity through
influencing housing transactions or purchase intentions. Results show that after correcting for
sample bias, the estimated consumption effect of population concentration is numerically
larger than in Column (1) and achieves statistical significance. This means that if we
randomly sample households sensitive to housing prices, a 1% increase in population density
would increase their household average non-housing consumption propensity by 1.693
percentage points. The significant inverse Mills ratio coefficient also confirms the existence
of sample selection bias. Therefore, combining these results, we can conclude that population
concentration affects non-housing consumption of price-sensitive households by driving up
housing prices.

To verify whether this mechanism also holds for households insensitive to housing
prices, Columns (3) and (4) of Panel A report placebo test results. Column (3) shows that
after controlling for new housing prices, the estimated consumption effect of population
concentration in the price-insensitive sample does not differ significantly from our main

results. The coefficient for new housing prices is also insignificant. Column (4) uses the



Heckman method to correct for the non-randomness of households being insensitive to
housing prices. Results show no significant sample selection bias problem, and the random
sample results remain robust compared to main results. Therefore, we can further confirm
that the mechanism of population concentration affecting household consumption through
housing prices operates in the price-sensitive sample.

Panel B of Table 7 reports corresponding results replacing new housing prices in Panel A
with existing housing prices. Column (5) shows that in the price-sensitive sample, after
controlling for existing housing prices, the consumption effect of population concentration is
significant and numerically large. Although the coefficient for existing housing prices is
positive, it is not significant. Column (6) shows that after correcting for significant sample
selection bias, the consumption effect of population concentration increases numerically.
These results are similar to those in Panel A, indicating that in the price-sensitive sample,
population concentration affects household consumption by driving up housing prices.
Results in Columns (7) and (8) are similar to corresponding results in Panel A, showing

insufficient evidence for this mechanism in the price-insensitive sample.

Table 7: Housing Price Mechanism of Population Concentration’s Consumption Effects

Dependent Variable: Household Average Consumption Propensity

A. New Housing Prices

Price Sensitive Price Sensitive Price Insensitive Price Insensitive
6] (@) 3 “
FE Heckman FE Heckman
Ln(Population 0.446 1693 0.359° 0422
Density) (0.747) (0.881) (0.191) (0.247)
[0.796] [0.249]
Ln(New Housing 0.740 -0.043
Prices) (0.616) (0.180)
23.118" -1.246
Inverse Mills Ratio (10.363) (2.485)
[9.354] [2.374]
Sample Size 2,390 2,390 8,493 8,493
B. Existing Housing Prices
Price Sensitive Price Sensitive Price Insensitive Price Insensitive
(€)) (6) (N ®)
FE Heckman FE Heckman
Ln(Population 4.541™ 4.681™ 0.640™ 0.652"**

Density) (0.940) (0.904) (0.310) (0.310)




[0.733] [0.305]

Ln(Existing Housing 1.739 0.161
Prices) (1.062) (0.254)
18.553™ -0.817
Inverse Mills Ratio (6.784) (1.307)
[5.024] [1.262]
Sample Size 1,817 1,465 6,054 5,242

Notes: The samples in Columns (1), (2), (5), and (6) are price-sensitive samples, namely households that have engaged in
housing transactions or have housing purchase intentions during the sample period; the samples in Columns (3), (4), (7), and
(8) are the remaining price-insensitive samples. The model specifications for odd-numbered columns are consistent with
Column (4) of Table 2 except for housing prices; even-numbered columns use the two-stage Heckman method for
estimation, with model specifications consistent with Column (4) of Table 2 except for the exclusion restriction variables in
the second stage. Panel A uses new housing prices as the exclusion restriction variable in Heckman estimation, while Panel B
uses existing housing prices. All results use household sampling weights. Numbers in parentheses are robust standard errors
adjusted for city-level clustering; numbers in brackets are Wild Bootstrap standard errors. *, **, and *** indicate
significance levels of 10%, 5%, and 1%, respectively; significance levels are based on p-values calculated using clustered

standard errors.

6. Policy Implications

China’s economy is at a critical juncture of structural transformation. Boosting domestic
consumption is essential for sustainable economic growth. Our analysis of household
microdata from 2013 — 2017 establishes a positive causal link between population
concentration and household consumption, with significant implications for regional policy
design.

China’s regional policies involve a fundamental efficiency-equity trade-oft.
Economically, concentrating resources and population in productive regions would maximize
overall efficiency. Yet concerns about equity have driven policies that favor less productive
areas to reduce regional disparities (Lu et al., 2015). This equity focus may sacrifice
economic efficiency. Meanwhile, China’s hukou (household registration) system restricts
population mobility and hampers regional development (Lu et al., 2012; Zhang et al., 2020).
Studies suggest that removing migration barriers and allowing market forces to guide
population flows would create larger, denser cities concentrated in major metropolitan areas
(Zhong et al., 2020). While this would boost economic efficiency, it might worsen regional
imbalances.

Our findings shed new light on the efficiency-equity debate. We confirm that population



density generally boosts economic efficiency and household consumption. However, this
positive relationship becomes statistically insignificant in the largest metropolitan areas,
where population density no longer exerts a meaningful effect on household consumption
behavior. These findings indicate that population concentration beyond optimal thresholds
generates diseconomies of scale, calling into question the assumption that unrestricted urban
expansion maximizes efficiency.

Our results point toward a potential solution: redirecting population from megacities to
smaller urban centers could reduce inefficiencies in large cities while allowing smaller cities
to reap agglomeration benefits. This approach might achieve regional balance without
sacrificing overall efficiency. While our analysis is limited to consumption effects, the
evidence of diminishing returns in this domain raises questions about whether the efficiency-
equity trade-off in regional policy may be less severe than commonly assumed.

Before these findings can inform policy decisions, several important questions require
further research. First, effective population policies require understanding the factors that
drive household sorting, particularly why high-consumption households gravitate toward
low-density areas while low-consumption households concentrate in high-density areas.
Second, policies designed to stimulate urban consumption should also account for
distributional concerns, as boosting aggregate consumption may not address underlying
inequality within metropolitan areas. Finally, further research is needed to examine whether
the consumption effects of population concentration represent level effects or growth effects

for migrant residents.



Appendix I: Population Density and Transaction Costs

The quality and opportunities of consumption matching are influenced by population
density. The quality of consumption matching refers to the gap between consumers’
idiosyncratic preferences for product characteristics and the product characteristics available
in the market. Higher population density leads to better consumption matching quality,
reducing the discrepancy between consumers’ preferences for product characteristics and the
characteristics of products available in the market. This can be explained using the unit circle
model commonly employed in urban labor market studies (Duranton and Puga, 2004; Helsley
and Strange, 1990).

Assume there are n consumers, each corresponding to a unique preference for product
characteristics. These heterogeneous product characteristics are uniformly distributed on a
unit circle with coordinates y, where n represents the population density in this unit circle
space. In the same space, assume there are m heterogeneous firms. Each firm provides a
product with unique characteristics based on consumer demand, with these product
characteristics located at coordinates x on the unit circle. The quality of consumption
matching is measured by the distance between the product characteristics provided by firms
and those desired by consumers, |x — y|; the smaller the distance, the higher the matching
quality. Different consumers can consume products with the same characteristics. Let Y (x)
denote the coordinate set of all consumers who consume products with characteristic x.
According to the proof by Helsley and Strange (1990), the expected total characteristic
distance for product characteristic x is E Yy (lx — y| = n/4m?. Since each firm provides
products with consistent market coverage 6, we have E Yylx —y| = 62 /4n. Clearly, the
first derivative of this expression with respect to n is negative; therefore, the greater the
population density, the smaller the expected total characteristic distance, and the higher the

expected consumption matching quality. From the perspective of consumption matching
quality, T(dj) is a decreasing function of d;.

We provide a numerical example of product characteristic matching. Assume each

consumer corresponds to a unique product characteristic preference, and these characteristic



preferences are uniformly distributed on a unit circle. Figure I1 below shows a case with four
consumers. These four consumers, or four types of heterogeneous product characteristics, are
uniformly distributed clockwise on a unit circle. For analytical simplicity, assume consumer
1I’s coordinate is 0. The coordinate set for consumers is {0, 1/4, 1/2, 3/4}. Firms enter the
market and provide products with unique characteristics. Assuming each firm’s market
coverage can serve two consumers, there are 2 firms in this example. Firm 1 provides
products with characteristic coordinate 1/8, and Firm 2 provides products with characteristic
coordinate 5/8. Each consumer faces a characteristic distance of 1/8, and the total
characteristic distance for each product is 1/4.

Now assume the number of consumers increases to 6, with other conditions unchanged.
As shown in Figure 12, the coordinate set for consumers becomes {0, 1/6, 1/3, 1/2, 2/3, 5/6},
with three firms providing products with characteristics {1/12, 5/12, 3/4} respectively. Each
consumer now faces a characteristic distance of 1/12, and the total characteristic distance for
each product becomes 1/6. Figure I3 shows the case where the number of consumers
increases to 12, with 6 firms. Each consumer faces a characteristic distance of 1/24, and the
total characteristic distance for each product is 1/12. This demonstrates that as consumer
density increases, characteristic distance decreases, consumption matching quality improves,
consumers are willing to pay more for products that better match their preferences, and

therefore consumption expenditure increases.
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On the other hand, population density may affect consumption matching opportunities.
If we view successful transactions as successful matching between buyers and sellers, then
the more buyers and sellers in a region, the greater the opportunities for consumption
transactions to occur. Duranton and Puga (2004) provide a comprehensive review of search
and matching models that explain this mechanism. Although these models are built on job-
search scenarios, Duranton and Puga (2004) also note that these models essentially model the
matching between buyers and sellers.

The first strand of literature studies non-coordinated random matching. This approach
yields an aggregate matching function with decreasing returns to scale, but as the number of
trading parties increases, the degree of decreasing returns to scale diminishes, approaching
constant returns to scale in the limit. The second strand of literature focuses on how search
frictions are endogenously generated when market participants choose their locations to
better target their search objectives; this model also yields an aggregate matching function
with constant returns to scale. In the third type of model, Coles (1994) and Coles and Smith
(1998) obtain an aggregate matching function with increasing returns to scale, indicating that
consumption behavior tends to concentrate in areas with high participant density. Therefore,
while population density improves consumption matching opportunities, this may occur with
constant returns to scale. Nevertheless, due to improved consumption matching quality,

increased population density will still increase total household consumption expenditure.



The negative externalities generated by population concentration may increase
transaction costs and suppress consumption. Increased population density leads to traffic
congestion, resulting in longer commuting times. Longer commute times may crowd out
leisure time, indirectly reducing individuals’ consumption time and consumption demand.
The literature shows that densely populated cities have higher crime rates (Glaeser and
Sacerdote, 1999). Increased crime rates distort household consumption decisions,
significantly reducing household consumption of conspicuous goods (Mejia and Restrepo,
2016). Higher population density in cities may lead to more severe overall pollution (Gaigné
et al., 2012). Worsening pollution makes people reluctant to go out to purchase goods and
services, thereby affecting consumption behavior. Evidence shows that air pollution
significantly reduces offline consumption, and this negative impact is unlikely to be offset by

online shopping (Kang et al., 2019).
In summary, r(dj) may be nonlinear, but similar to the nonlinearity of agglomeration

economies (Glaeser and Gottlieb, 2008), its specific functional form is difficult to determine.



Appendix II: Data Sources

The primary data used in this study are drawn from three waves of the China Household
Finance Survey (CHFS) conducted by the Survey and Research Center for China Household
Finance at Southwestern University of Finance and Economics from 2013 to 2017. The
CHEFS collects comprehensive information on household demographics, wealth, income and
expenditure, insurance coverage, and employment status, providing detailed records of
household income and consumption patterns that offer reliable data support for studying
household consumption behavior (Yin et al., 2015).

The data for our dependent variables come from CHFS household consumption and
income records. Since CHFS collects consumption and income data for the year preceding
the survey year, the 2015 and 2017 survey data actually reflect consumption and income for
2014 and 2016, respectively. For analytical convenience, we use the 2015 and 2017 survey
data (representing actual 2014 and 2016 outcomes) to construct our dependent variables,
while using data from the same tracked households in 2013 and 2015 to construct control
variables. The calculation of our main explanatory variable, namely urban population density,
also uses 2013 and 2015 data. Consequently, all control variables in our regression models
are introduced in lagged form.

Urban population data is sourced from the LandScan population database. The
LandScan Global Population Distribution Database utilizes high-quality census data and
employs spatial data analysis, imagery analysis, and multivariate dasymetric modeling
techniques, combined with movement patterns and collective mobility behaviors, to estimate
the spatial distribution of ambient population. This database has been widely applied in
population research (Li and Liu, 2018). Compared to administrative statistical data, LandScan
population data is high-resolution gridded data, offering the advantage of enabling
researchers to extract population data at various geographic scales using geographic
information system software to meet diverse research needs. Given that systematic
differences in consumption behavior may exist between urban and non-urban areas, our study
defines “cities” as municipal districts of prefecture-level and above cities, for which

administrative statistical data on resident population is difficult to obtain. We therefore



leverage the aforementioned characteristics of LandScan population data to obtain resident
population data for municipal districts. A potential limitation of LandScan global population
data is that its model parameter calibration may not fully align with China’s specific
circumstances, potentially introducing non-random bias in population estimates that could
lead to attenuation bias in our study’s estimates. To assess the impact of this potential bias on
our empirical results, we also use prefecture-level population density calculated from
administrative statistical data in our robustness checks. Prefecture-level resident population
data are obtained from the China Regional Economic Statistical Yearbook and the CEIC
China Economic Database. Urban area data come from the China City Statistical Yearbook.
Additionally, digital inclusive finance data is sourced from the Digital Finance Research
Center at Peking University. Related data for mechanism testing comes from Amap POI data,
the Chinese General Social Survey (CGSS), and JuHui Data. Consumer price index data is
sourced from provincial statistical yearbooks, city statistical yearbooks, and municipal
national economic and social development statistical bulletins. Specific data sources for

individual variables are detailed in Appendix III.



Appendix III: Variable Descriptions

The main dependent variables include household per capita consumption expenditure,
measured as the natural logarithm of total household consumption divided by household size,
and household average propensity to consume, calculated as total household consumption
divided by household disposable income. All nominal variables are converted to real values
using provincial consumer price indices with 2010 as the base year. Total household
consumption includes expenditures on food, clothing, housing (including property
management fees, heating costs, and housing renovation and repair expenses), household
goods and services, durable goods, education and entertainment, transportation and
communication, healthcare, and other expenses.

The key explanatory variable, urban population density, is measured as the ratio of
population size in the municipal districts of cities to the built-up area of these municipal
districts. The LandScan dataset displays the resident population in each grid cell, with a grid
resolution of 30 arcseconds. The total population across all grid cells within the municipal
districts constitutes the urban population size. Built-up areas represent the land actually
requisitioned by cities for non-agricultural production and living purposes, serving as the
location for urban population and economic activities. Following Zhong et al. (2020), we use
built-up area to calculate urban population density.

Other control variables in the model include: household per capita income, household
per capita financial assets, housing ownership, household per capita housing assets, housing
debt status, self-employment status, demographic structure (including youth dependency
ratio, elderly dependency ratio, and proportion of unemployed family members), number of
respondents and spouses with pension insurance, number of respondents and spouses with
medical insurance, and household head characteristics (including risk preference, gender, age,
years of education, marital status, health status, and household registration type).
Additionally, this study controls for city-level variables that may affect household
consumption, including gross domestic product (GDP), share of tertiary industry in GDP,
financial development level, digital inclusive finance, and housing prices.

Detailed variable descriptions are presented in Table III1.



Table III1: Variable Descriptions

Variable Name

Variable Definition

Data Source

Dependent Variables

Household Per

Total household consumption (including expenditures on food,
clothing, housing [property management fees, heating costs, and

housing renovation and repair expenses], household goods and

Capita Consumption CHFS
services, durable goods, education and entertainment, transportation
(yuan)
and communication, healthcare, and other expenses, same definition
applies below) divided by household size
Household Average
Propensity to Total household consumption divided by household disposable income CHFS
Consume
Main Explanatory Variable
Urban municipal district population size (total population across grid
Population Density LandScan Dataset, Urban
cells within municipal districts) divided by built-up area of municipal
(persons/km?) Statistical Yearbook
districts
Family Asset Variables
Household Per
Capita Income  ||[Household disposable income divided by household size CHFS
(yuan)
Total household financial assets (including demand deposits, time
Household Per
deposits, stocks, funds, wealth management products, bonds,
Capita Financial CHFS
derivatives, non-RMB assets, gold, other financial assets, cash, and
Assets (yuan)
loans made) divided by household size
Homeownership ||Binary variable, 0 = no housing, 1 = owns housing CHFS
Household Per
Total household housing value divided by household size CHFS

Capita Housing




Variable Name

Variable Definition

Data Source

Value (yuan)
Housing Debt Status||Binary variable, 0 = no housing debt, 1 = has housing debt CHFS
Family Characteristic Variables
Self-Employment
Binary variable, 0 = not self-employed, 1 = self-employed CHFS
Status
Youth Dependency |[Number of household members aged 14 and below divided by
CHFS
Ratio household size
Elderly Dependency ||[Number of household members aged 65 and above divided by
CHFS
Ratio household size
Share of
Unemployed Number of unemployed household members divided by household size CHFS
Members
Number with
Number of respondents and spouses with pension insurance CHFS
Pension Insurance
Number with
Number of respondents and spouses with medical insurance CHFS
Medical Insurance
Household Head Characteristic Variables
Risk preference measured through the following question: “If you had
a sum of money, which investment project would you choose?”
Options: 1. High-risk, high-return projects; 2. Slightly high-risk,
Risk Preference ||slightly high-return projects; 3. Average risk, average return projects; CHFS
4. Slightly low-risk, slightly low-return projects; 5. Unwilling to take
any risks. We assign values 5, 4, 3, 2, 1 to options 1-5 respectively,
with higher values indicating greater risk preference
Household Head
Binary variable, 0 = female, 1 = male CHFS

Gender




Variable Name

Variable Definition

Data Source

Household Head
Survey year minus birth year CHFS
Age (years)
Converted based on education level categories: 0 = no schooling, 6 =
primary school, 9 = junior high school, 12 = senior high
Household Head
school/technical secondary school/vocational high school, 15 = CHFS
Years of Education
college/higher vocational education, 16 = undergraduate degree, 19 =
master’s degree, 22 = doctoral degree
Household Head
Binary variable, 0 = unmarried, 1 = married CHFS
Marital Status
Household Head ||Scale from 1-5: 1 = very poor, 2 = poor, 3 = fair, 4 = good, 5 = very
CHFS
Health Status good
Household Head ||Binary variable, 0 = agricultural household registration, 1 =non-
CHFS
Hukou Type agricultural household registration
City Characteristic Variables
GDP (yuan) City GDP Urban Statistical Yearbook
Share of Tertiary
Tertiary industry GDP divided by city GDP Urban Statistical Yearbook
Industry in GDP
Financial

Development Level

Year-end balance of loans from financial institutions divided by GDP

Urban Statistical Yearbook

Housing Prices

(yuan/m?)

Household housing market value divided by housing floor area, then
weighted at the municipal district level using household survey

weights

CHFS

Digital Inclusive

Finance

For detailed compilation process, see Guo et al. (2020)

Peking University Digital

Finance Research Center

Other Variables

Non-tradable

Entropy of non-tradable services (for specific definition of information

Amap POI Data, Urban




Variable Name Variable Definition Data Source

Service Matching ||entropy, see description in main text, same applies below) divided by Statistical Yearbook
Quality built-up area of municipal districts
Dining Service Amap POI Data, Urban
Entropy of food services divided by built-up area of municipal districts
Matching Quality Statistical Yearbook
Shopping Service |[|Entropy of shopping services divided by built-up area of municipal Amap POI Data, Urban
Matching Quality ||districts Statistical Yearbook

Education and
Entropy of educational and cultural services divided by built-up area ofl]] Amap POI Data, Urban
Cultural Service

municipal districts Statistical Yearbook
Matching Quality
Daily Life Service Amap POI Data, Urban

Entropy of life services divided by built-up area of municipal districts
Matching Quality Statistical Yearbook
Sports and Leisure

Entropy of sports and recreation services divided by built-up area of Amap POI Data, Urban
Service Matching

municipal districts Statistical Yearbook

Quality

CGSS asks respondents about “frequency of social and recreational
activities with neighbors” and “frequency of social and recreational

activities with other friends.” Based on response options ranging from
Social Interaction

“never” to “almost daily,” values 1-7 are assigned respectively. The CGSS
Frequency
average of these two questions represents respondent’s social
interaction frequency, with higher values indicating more frequent
social activities
Actual monetary value of gifts and cash given to non-family members
Total Gift
during traditional holidays and ceremonial occasions (weddings, CHFS
Expenditure (yuan)
funerals, celebrations)
Actual monetary value of gifts and cash given to non-family members
Per Capita Gift

during traditional holidays and ceremonial occasions, divided by CHFS
Expenditure (yuan)
household size




Variable Name

Variable Definition

Data Source

New Housing Prices

(yuan/m?)

Prefecture-level city total residential sales revenue divided by total

residential sales area

CEIC China Economic

Database

Existing Housing

Prices (yuan/m?)

District existing housing prices weighted at the municipal district level
by district population share (district population size divided by

municipal district population size)

LandScan Dataset, Juhui

Data

Urban Statistical Yearbook,

Product of city built-up area and nearest distance to the Yangtze River, Chinese Academy of
Instrumental
Yellow River, or coastline, multiplied by annual population growth rate Sciences Resource and
Variable IV1
of other cities in the household’s province excluding the city itself Environmental Science Data
Center, LandScan Dataset
First National Population
Instrumental
Linear time trend of 1953 city population density Census Data 1953, Urban
Variable [V2

Statistical Yearbook




Appendix IV: Detailed Results of Table 2

Table IV1: Detailed Results of Table 2

A. Dependent Variable: Average Propensity to Consume

FE + Time
OLS FE
Trends
&) 2) 3) “4) )
0.017 0.040 0.357" 0.430™" 0.404"*"
Ln(Population density)
(0.061) (0.040) (0.122) (0.134) (0.132)
Ln(Per capita household -0.531™ -0.688™" -0.689™" -0.696™"
income) (0.017) (0.026) (0.026) (0.028)
Ln(Per capita household 0.037""" 0.007 0.008 0.006
financial assets) (0.006) (0.006) (0.006) (0.008)
Ln(Per capita household housing 0.009"™" 0.000 0.001 -0.003
value) (0.003) (0.002) (0.002) (0.003)
-0.415™ -0.391™ -0.403™ -0.353"
Youth dependency ratio
(0.101) (0.175) 0.177) (0.186)
-0.215™ 0.128 0.123 0.155
Elderly dependency ratio
(0.062) (0.140) (0.139) (0.132)
0.241"" 0.064 0.068 0.046
Share of unemployed members
(0.051) (0.071) (0.071) (0.079)
0.101 0.098
Ln(City GDP)
(0.156) (0.150)
-0.040 -0.143
Share of tertiary industry
(0.496) (0.553)
0.064™ 0.069™
Level of financial development
(0.022) (0.034)
Ln(Housi o) -0.056 -0.034
n(Housing price
=P (0.041) (0.040)
Ln(Digital inclusive finance -0.216 0.187
level) (0.278) (0.529)
Time trend of Ln(Per capita -0.001
household income) (0.012)
Time trend of Ln(Per capita -0.002
household financial assets) (0.004)
Time trend of Ln(Per capita -0.002
household housing value) (0.002)
Time trend of youth dependency 0.048
ratio (0.059)
Time trend of elderly 0.061"
dependency ratio (0.033)
Time trend of share of -0.023

unemployed members (0.028)




Time trend of homeownership

Time trend of housing debt

Time trend of self-employment

Time trend of pension coverage
=1
Time trend of pension coverage
=2
Time trend of health insurance
coverage = 1
Time trend of health insurance

coverage = 2
Time trend of Ln(City GDP)

Time trend of share of tertiary
industry
Time trend of level of financial

development

Time trend of Ln(Housing price)

Constant

Number of observations

0.892
(0.580)
10,883

5.344"
(0.428)
10,883

4.135™"
(1.232)
10,883

3.342
(4.034)
10,883

-0.030
(0.028)
-0.050°"
(0.026)
-0.032
(0.027)
0.023
(0.039)
0.011
(0.029)
-0.086™
(0.040)
-0.023
(0.033)
0.001
(0.013)
-0.017
(0.125)
0.005
(0.015)
0.017
(0.017)
-99.237
(390.401)
10,883

B. Dependent Variable: Ln(Per Capita Household Consumption)

FE + Time
OLS FE
Trends
(1) (2) 3) 4) (5)
) ) -0.101 0.004 0.271" 0.355™ 0.343"
Ln(Population density)
(0.178) (0.065) (0.119) (0.137) (0.146)
Ln(Per capita household 0.184™* 0.110™* 0.110™* 0.116™
income) (0.012) (0.011) (0.011) (0.016)
Ln(Per capita household 0.060™" -0.004 -0.004 -0.009
financial assets) (0.005) (0.006) (0.006) (0.007)
Ln(Per capita household housing 0.016™" 0.000 0.000 -0.007**
value) (0.003) (0.002) (0.002) (0.003)
) -0.740™" -0.397** -0.409™" -0.302*
Youth dependency ratio
(0.081) (0.129) (0.129) (0.141)
) -0.315™ 0.266" 0.257" 0.304""
Elderly dependency ratio
(0.082) (0.106) (0.106) (0.107)
0.273"** -0.017 -0.011 -0.017
Share of unemployed members
(0.050) (0.051) (0.051) (0.056)
Ln(City GDP) 0.169 0.171




Share of tertiary industry

Level of financial development

Ln(Housing price)

Ln(Digital inclusive finance
level)

Time trend of Ln(Per capita
household income)
Time trend of Ln(Per capita
household financial assets)
Time trend of Ln(Per capita
household housing value)
Time trend of youth dependency
ratio
Time trend of elderly
dependency ratio
Time trend of share of

unemployed members

Time trend of homeownership

Time trend of housing debt

Time trend of self-employment

Time trend of pension coverage
=1
Time trend of pension coverage
=2
Time trend of health insurance
coverage = 1
Time trend of health insurance

coverage = 2
Time trend of Ln(City GDP)

Time trend of share of tertiary
industry
Time trend of level of financial

development
Time trend of Ln(Housing price)

Constant

10.324™*

7.004***

5.769"**

(0.175)
0.329
(0.502)
0.053"
(0.013)
-0.037
(0.033)
-0.338
(0.277)

4.113

(0.173)
0.076
(0.578)
0.095"
(0.026)
-0.011
(0.045)
-0.104
(0.466)
0.009
(0.007)
-0.005
(0.004)
-0.005™*
(0.002)
0.117"
(0.050)
0.055"
(0.029)
-0.015
(0.023)
-0.057*
(0.030)
-0.029
(0.021)
-0.037*
(0.019)
0.055™
(0.027)
-0.013
(0.028)
-0.136™*
(0.042)
-0.033
(0.038)
0.007
(0.010)
-0.134
(0.130)
0.025™
(0.012)
0.005
(0.017)
-79.683




(1.664) (0.628) (1.195) (4.245) (272.323)
Number of observations 12,804 12,804 12,804 12,804 12,804

Notes: This table presents the detailed results of Table 2 in the main text. For brevity, only results for continuous variables
are reported. Variables represented as discrete integers are included in the model as dummy variables, with some results
unreported, including: homeownership, housing debt, self-employment, risk preference, gender, age, years of education,
marital status, health status, household registration type, city fixed effects, and year fixed effects. Time trends refer to the
linear time trends of the baseline values of household- and city-level variables. All results use household sampling weights.
Numbers in parentheses are robust standard errors clustered at the city level. *, ** and *** indicate statistical significance at

the 10%, 5%, and 1% levels, respectively.



Appendix V: Robustness Checks

Table V1 reports the results of a series of robustness checks.!! Since the CHFS data
does not survey the purchase years of durable goods, it is impossible to amortize usage
expenses (Li, 2018). In Column (1) of Table V1, we subtract durable goods expenditure from
household consumption expenditure and then calculate the average propensity to consume,
using this as the dependent variable to test the robustness of our main results after avoiding
the aforementioned amortization issue. The results are quite robust.

This paper focuses on residents’ real consumption expenditure. To eliminate the effects
of price changes, as mentioned earlier, we convert nominal variables to real variables using
provincial consumer price indices. Price levels often differ among cities within the same
province, so we collected city-level consumer price indices for the sample period.!? Column
(2) of Table V1 reports the results after deflating nominal variables using city-level consumer
price indices. The results are highly robust compared to the baseline estimates.

To examine the robustness of results using administrative data, in Column (3) of Table
V1, we replace the LandScan-based population density of municipal districts with population
density calculated from prefecture-level administrative data on resident population.'* The
results remain robust compared to the baseline estimates.

Considering that urban population in China is mainly concentrated in central urban
areas, particularly in certain monocentric megacities, our population density calculation
method may underestimate the degree of population concentration in these cities. This may
cause measurement error problems, leading to attenuation bias in the estimates. The
instrumental variable results in the main text show that the consumption effects estimated
using population density changes induced by exogenous shocks do not differ significantly

from the OLS estimates. This alleviates, to some extent, concerns about significant bias that

1" For ease of exposition, this paper only discusses the results in Table V1 using household average propensity to consume
as the dependent variable. Table V2 presents the results for household per capita consumption expenditure.

12 Due to missing data for some cities, we still use provincial-level consumer price indices for the baseline analysis.

13 We also follow the approach of Zhong et al. (2020), using employment density in built-up areas of municipal districts
(total employment in secondary and tertiary industries/built-up area) to measure population density. The results still confirm
that population concentration has a significantly positive effect on household per capita consumption.



measurement error might cause. For rigor, we exclude from the sample certain distinctive
cities where population density may be underestimated, including Beijing, Shanghai,
Guangzhou, Shenzhen, Chongqing, and Tianjin. Additionally, as China’s major metropolitan
areas, these cities are subject to special policy treatments that could bias our estimates.
Column (4) of Table V1 shows that the estimation results remain robust, although they are
somewhat larger in magnitude; we cannot determine whether they differ significantly from
the main estimation results.

To further reduce measurement error, Column (5) of Table V1 excludes samples where
respondents do not live in the same district/county as the main household members.
Considering that household heads who are too elderly may not be the primary decision-
makers for household consumption activities, Column (6) of Table V1 excludes samples
where the household head is older than 70. Households with excessively large population
sizes may have characteristics, preferences, and consumption behaviors that differ from
typical households; Column (7) of Table V1 excludes samples with household size greater
than 8. Due to data quality concerns, Column (8) of Table V1 includes only households where
the household head or spouse was interviewed. The estimation results are robust across all

specifications.

Table V1: Robustness Checks (Household Average Propensity to Consume)

ey 2 3) (4)
Excluding durable ) o o Excluding
] City price index Administrative data S
goods expenditure distinctive cities
) ) 0.418" 0.443™" 0.353™ 0.459""
Ln(Population density)
(0.126) (0.135) (0.150) (0.114)
Sample size 10,884 9,971 10,883 7,736
%) (6) @) @)
Excluding non-local Excluding Excluding Excluding non-
residents household heads household size >8 head/spouse
aged >70 interviews
0.475™" 0.402"" 0.478"" 0.434™"
Ln(Population density)
(0.147) (0.151) (0.133) (0.145)
Sample size 9,579 9,800 10,824 9,975

Notes: The dependent variable is the original household average propensity to consume for all columns except Column (1),
which uses the household average propensity to consume calculated after subtracting durable goods expenditure from total
household expenditure. All results in the table are obtained using the model specification from Column (4) of Table 2 in the
main text. For specific variable and sample settings, please refer to the main text. Numbers in parentheses are robust

standard errors clustered at the city level. ** and *** indicate significance at the 5% and 1% levels, respectively.



Table V2: Robustness Checks (Natural Logarithm of Household Per Capita
Consumption Expenditure)

)] 2 3) 4)
Excluding durable Excluding
) City price index Administrative data
goods expenditure distinctive cities
0.375™* 0.377"" 0.319™ 0.386™"
Ln(Population density)
(0.134) (0.133) (0.138) (0.130)
Sample size 12,804 11,706 12,804 9,196
&) (6) (7 ®)
Excluding non-local Excluding Excluding Excluding non-
residents household heads household size >8 head/spouse
aged >70 interviews
] ] 0.402"" 0.312" 0.386™" 0.347™
Ln(Population density)
(0.128) (0.152) (0.135) (0.141)
Sample size 11,146 11,519 12,726 11,726

Notes: The dependent variable is the natural logarithm of original household per capita consumption expenditure for all
columns except Column (1), which uses the natural logarithm of household per capita consumption expenditure calculated
after subtracting durable goods expenditure from total household expenditure. All results in the table are obtained using the
model specification from Column (4) of Table 2 in the main text. For specific variable and sample settings, please refer to
the main text. Numbers in parentheses are robust standard errors clustered at the city level. ** and *** indicate significance

at the 5% and 1% levels, respectively.



Appendix VI: Heterogeneity Tests

Table VI1 reports the results of heterogeneity tests.'* First, we examine whether
population concentration affects how households allocate their consumption spending. We
analyze the shares of essential, development-oriented, and discretionary consumption in total
household expenditure.'> The estimation results in Columns (1) — (3) of Panel A in Table VI1
show that population concentration reduces the shares of essential and development-oriented
consumption, though these effects are not statistically significant. However, a 1% increase in
population density significantly raises the share of discretionary consumption by 0.072
percentage points at the 5% significance level. As urban population density increases,
residents shift their spending toward discretionary goods and services such as cultural
entertainment and tourism, reflecting improved living standards. This suggests that
population concentration not only boosts overall household consumption but also drives a
shift toward higher-quality consumption patterns. From a policy standpoint, these findings
highlight the need for supply-side reforms that strengthen service sector development to meet
evolving consumer preferences.

Next, we further examine the impact of population concentration on consumption
expenditure across different income groups. Panel B of Table VI1 reports the regression
results.'® The results show that population concentration has heterogeneous effects on the
average propensity to consume across households with different income levels. For low-
income households, the consumption-promoting effect of population concentration is
significant at the 5% level. The impact of population concentration on the average propensity
to consume of middle-income households is positive but not significant. For high-income

households, population concentration has a significant promoting effect on the average

14 For convenience of exposition, this paper only explains the results in Table VII using the average propensity to consume
as the dependent variable. The results for household per capita consumption expenditure are shown in Table VI2.

15 Essential consumption covers food, clothing, household necessities, and housing; development-oriented consumption
includes transportation, communication, education, and healthcare; discretionary consumption encompasses household
services, durable goods, entertainment, travel, and luxury items.

16 Using CHFS 2017 income data as the standard, this paper classifies households with the lowest 30% of annual income as
low-income households; households with the highest 30% of income as high-income households; the remainder as middle-
income households.



propensity to consume. A 1% increase in population concentration raises the average
propensity to consume of low-income and high-income households by 0.957 and 0.578
percentage points, respectively. Table VI2 shows similar results using the natural logarithm of
household per capita consumption expenditure as the dependent variable. These findings
reveal that population concentration primarily boosts consumption among middle- and high-
income households. This pattern aligns with our earlier finding that population concentration
promotes discretionary consumption. While population concentration does increase the
average propensity to consume among low-income households, middle- and high-income
households show a stronger tendency toward consumption upgrading when measured by
actual expenditure levels. When formulating policies to promote consumption through
population concentration, policymakers should consider several key factors. First, they must
account for differences among target population groups and understand how sorting effects
may influence policy effectiveness. Specifically, understanding why high-consumption
groups tend to locate in low-density areas while low-consumption groups concentrate in high-
density areas is crucial for effective policy design and warrants further research. Second,
policymakers should recognize that such policies may exacerbate consumption inequality.
Future research should therefore examine strategies to promote consumption among low-
income households in high-density areas.

Finally, we consider the heterogeneity of consumption effects of population
concentration across different city sizes. Panel C of Table VII reports the results.!” We find
that the consumption effect of population concentration is mainly manifested in large city
samples. Population concentration has a positive but statistically insignificant impact on
household consumption propensity in small and medium-sized cities. In large cities, a 1%
increase in population density significantly increases the average propensity to consume by
0.335 percentage points at the 5% significance level. For megacities or super-large cities, the
estimate is positive but not significant. This suggests that population concentration’s effect on

consumption follows an inverted U-shaped pattern, initially rising with city size before

17 Using the 2015 population size of urban districts as the standard, this paper defines cities with less than 1 million people
as small and medium cities, cities with 1 to 5 million people as large cities, and cities with more than 5 million people as
megacities or super-large cities.



declining in the largest cities. Policymakers should therefore tailor their approaches based on
city size. In megacities and super-large cities, policies should focus on mitigating the negative
externalities of excessive population density. Large cities should leverage the strong positive
consumption effects of population concentration to foster economic growth. For small and
medium-sized cities, the priority should be promoting urban growth to reach optimal
population thresholds. Moreover, these city size differences suggest that strategic population
migration policies could potentially increase overall consumption. For instance, encouraging
migration from megacities to smaller urban areas could serve dual purposes: reducing
overcrowding pressures and consumption-dampening negative externalities in megacities
while simultaneously boosting consumption effects through increased population
concentration in smaller cities. This could yield net consumption gains across the urban
system.

However, empirical evidence remains limited on whether migrants from large cities
actually change their consumption behavior when they relocate to smaller cities. A key
unresolved question for future research is whether population concentration affects

consumption through level effects or growth effects for migrant populations.

Table VI1: Heterogeneity Tests (Average Propensity to Consume)

Dependent Variables
) Share of Essential Share of Development- Share of Discretionary
A. Consumption Structure ) ) ) )
Consumption Oriented Consumption Consumption
(1 2 (3)
) ) -0.030 -0.090 0.072""
Ln(Population Density)
(0.042) (0.082) (0.032)
Sample Size 12,804 12,804 12,804
Dependent Variable: Average Propensity to Consume
Low-Income Households Middle-Income High-Income Households
B. Household Income
Households
(M 2) )
) ) 0.957" 0.218 0.578™"
Ln(Population Density)
(0.426) (0.189) (0.168)
Sample Size 1,859 4,921 4,103
Dependent Variable: Average Propensity to Consume
o Small and Medium Cities Large Cities Megacities or Super-Large
C. City Size .
Cities
(M 2) )

Ln(Population Density) 0.117 0.335™ 0.226




(0.236) (0.131) (0.230)
Sample Size 1,657 4,517 4,709

Notes: The dependent variables in Panel A are the shares of household essential, development-oriented, and discretionary
consumption in total household consumption. The dependent variables in Panels B and C are the average propensity to
consume. Each column in Panel A uses all samples. Panel B uses samples of low-, middle-, and high-income households,
respectively. Panel C uses samples of households in small and medium cities, large cities, and megacities or super-large
cities, respectively. Except for the different dependent variables or samples mentioned above, the model specifications are
consistent with Column (4) in Table 2 of the main text. All results use household sampling weights. Robust standard errors

clustered at the city level are shown in parentheses. ** and *** indicate significance at the 5% and 1% levels, respectively.

Table VI2: Heterogeneity Tests (Natural Logarithm of Household Per Capita
Consumption Expenditure)

Dependent Variable: Ln(Household Per Capita Consumption)

Low-Income Households Middle-Income High-Income Households
A. Household Income
Households
&) 2 3)
) ) -0.053 0.397™ 0.479™"
Ln(Population Density)
(0.333) (0.183) (0.152)
Sample Size 2528 5394 4882
Dependent Variable: Ln(Household Per Capita Consumption)
o Small and Medium Cities Large Cities Megacities or Super-Large
B. City Size
Cities
(1 2 (3)
) ) -0.451 0.360" 0.351"
Ln(Population Density)
(0.431) (0.136) (0.125)
Sample Size 2006 5394 5404

Notes: The dependent variables in Panels A and B are the natural logarithm of household per capita consumption. Panel A
uses samples of low-, middle-, and high-income households, respectively. Panel B uses samples of households in small and
medium cities, large cities, and megacities or super-large cities, respectively. Except for the different dependent variables or
samples mentioned above, the model specifications are consistent with Column (4) in Table 2 of the main text. All results use
household sampling weights. Robust standard errors clustered at the city level are shown in parentheses. ** and *** indicate

significance at the 5% and 1% levels, respectively.



Appendix VII: Population Concentration and Non-tradable Service Density

As described in Appendix I, the expected product characteristic distance

E Yylx —y| = 6%/4n decreases as population density increases based on the assumption
: : . dm ;d T
that 6 remains constant. Under this assumption, it follows that Fm/ 771 = 1, indicating that

the elasticity of non-tradable service density with respect to population density is unit elastic,
with no scale effects present. The results reported in Table VII1 validate this assumption.
When using non-tradable service density as a proxy for consumption matching opportunities,
this result is also consistent with the theoretical framework, namely that the aggregate
matching function exhibits constant returns to scale in most of the literature. Based on the
results, population density enhances consumption matching opportunities. Although it does
not exhibit increasing returns to scale effects, overall, increases in population density reduce

consumption transaction costs to some extent, thereby promoting household consumption.

Table VII1: Impact of Population Concentration on Non-tradable Service Density

Dependent Variable
Ln(Non- o ) Ln(Education o Ln(Sports &
Ln(Dining Ln(Shopping Ln(Daily Life
tradable and Cultural Leisure
Service Service Service
Service Service Service
) Density) Density) ) Density) )
Density) Density) Density)
(1) @) 3) “ (5) (6)
Ln(Population 1.010™ 1.244" 1.141™ 1.057°" 0.752™ 1.219"
Density) (0.431) (0.661) (0.563) (0.196) (0.330) (0.206)
Unit Elasticity Test
0.982 0.713 0.803 0.773 0.455 0.290
P-value
Sample Size 166 166 166 166 166 166

Notes: The density of various non-tradable services is measured as the ratio of the total number of points of interest of each
category within the urban districts to the built-up area of the urban districts. Control variables include: GDP scale, tertiary
industry share of GDP, financial development level, housing prices, digital inclusive finance, city fixed effects, and year
fixed effects. Robust standard errors clustered at the city level are reported in parentheses. The null hypothesis for the unit
elasticity test is that the coefficient estimate of Ln(population density) equals 1. *, **, *** indicate significance at the 10%,

5%, and 1% levels, respectively.



Appendix VIII: Housing Expenditure Imputation

The CHFS2017 survey asked selected households two questions: “If this house were to
be rented out currently, how much rent could it generate per month?” and “What is the
current market value of this house?” Using the respondents’ answers, we calculated the rent-
to-price ratio for individual housing units by dividing the monthly rental income by the
market value. Since some households own multiple properties (CHFS2017 collected
information on up to six properties per household), we calculated rent-to-price ratios for each
housing unit owned by multi-property households. Based on this data, we computed weighted
average rent-to-price ratios at the city level using survey weights. For cities with missing
data, we used the mean value from other cities.

Given that urban housing market characteristics remain relatively stable in the short
term, we assumed that the average city-level rent-to-price ratios remained constant from 2013
to 2017. We then multiplied the city-level rent-to-price ratio by the market value of each
household’s owner-occupied housing to approximate the housing expenditure for owner-

occupying households.
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