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Abstract

This study examines the impact of China’s New"Rural/Pension Scheme (NRPS) on the
labor supply and health-related risk behaviors of the rural elderly. Using panel data from
the China Health and Retirement, Longitudinal Survey (CHARLS, 2011-2018) and robust
econometric methods, including two-way fixed effects, staggered difference-in-differences,
and double machine learning, we’find that NRPS receipt significantly reduces agricul-
tural labor participation by approximately 10 percentage points, while its effects on non-
agricultural work are smaller and less robust. This disparity is likely attributable to intra-
household labor division patterns. We also document evidence of moral hazard: men with
agricultural hukou increase their drinking frequency in anticipation of benefit eligibility.
While the' NRPS provides crucial financial security, our results suggest its effectiveness

could besenhanced with complementary targeted public health interventions.
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1 Introduction

Over the past four decades, China has achieved the world’s largest scale of poverty alleviation
and most rapid economic growth, a success largely attributable to its transformative economic
reforms and opening-up policies (Qian, 2017). Yet, concurrently, the country has undergone one
of the most profound demographic transitions globally, shifting from one of the fastest-growing
populations to a nation with one of the lowest total fertility rates among developing countries.
This demographic shift has precipitated rapid population aging, posing the/central challenge
of “growing old before getting rich.” As noted by Meng and Tuo (2022),-this phenomenon
exacerbates the national dependency burden and manifests in-significant disparities across
regions, industries, and between urban and rural-areas.

A further consequence of China’s profound!econemic transformation is its pronounced
urban-rural disparity. The income gap between urban and rural areas has continued to widen in
the twenty-first century, driven by differentials.in himan capital investment, access to economic
opportunities, and the provision of essential-services ranging from finance to social security.
A critical aspect of this inequality is.the unequal access to health insurance and social protec-
tion programs, which exposes rural residents to markedly different, and often more binding,
economic constraints, thereby Tesulting in substantial welfare disparities.

To alleviatesrural-poverty and safeguard the basic livelihood of the elderly, the Chinese
government launched a pilot of the New Rural Pension Scheme (NRPS) in 2009. According to
the State Couneil (2009), this system integrates “individual contributions, collective assistance,
and government subsidies, while combining social pooling with individual accounts.” By 2013,
the scheme had achieved full coverage across all county-level administrative units. Under the

NRPS, insured individuals become eligible to receive a fixed monthly pension upon reaching



age 60. This feature makes pension receipt a useful natural experiment for examining its impact
on the labor supply (Ning et al., 2016), occupational choices, and health-related risk behaviers
(Cheng et al., 2018) of the rural elderly.

Theoretically, pension income affects labor supply through two channels: an income effect
and a substitution effect. The former allows older adults to work less by providing non-work
income, while the latter makes leisure more attractive by effectively lowering the wage.for con-
tinued work. Empirical literature has documented that pensions generally reduce labor supply
in both developed and developing countries (de Carvalho Filhe; 2008); suggesting that the in-
come effect typically dominates. For non-means-tested programs like'the NRPS, where benefits
are not contingent on retirement, the substitution effect should theoretically be negligible, as
the scheme does not alter the opportunity cost of leisure." However, existing studies on the
NRPS have produced heterogeneous estimates of itsdimpact on labor supply; see, e.g., Ning
et al. (2016) and Huang and Zhang, (2021). To address this inconsistency, this paper employs
a longer panel dataset to provide a more,robust assessment of how these cash transfers shape
the work decisions of older adults.

Generally speaking;isocial pension programs exert comprehensive influences on individual
and household behavior. Regarding human capital investment, Tang et al. (2021) utilized data
from the China Family Panel ‘Studies (CFPS) and a propensity score matching difference-in-
differences (PSM-DID). approach to demonstrate that the NRPS significantly increased ed-
ucational expenditures for children aged 0-16 by 33.44 percent, with an even larger effect
(45.29 pereent) among school-aged samples. This underscores the significant spillover effects
of non-educational social security policies on human capital accumulation.

The evidence on elderly labor supply, however, is more mixed. Several studies documented

! A non-means-tested pension program is a retirement benefit paid to individuals based solely on their age
and/or prior contributions, without any consideration of their current income or wealth.



a reduction in labor participation. Huang and Zhang (2021), using CHARLS and CFPS data
within a DID framework, found that the NRPS reduced labor supply among rural residents
aged 60 and above by 3 percentage points, with agricultural labor participation falling by
3.6 percentage points, while also improving health outcomes. Similarly, Huang et al. (2014)
reported that each additional yuan of NRPS pension income reduced annual*labor time by
approximately 0.01 days, with a stronger suppressing effect on agricultural work. /Their-study
also identified heterogeneous effects by gender (stronger for men), age (more prenounced near
age 60), and region (larger in the West than the East/Central regions).“Zhang et al. (2015)
further confirmed that the NRPS increased the personal income.of rural elderly individuals,
particularly non-labor income, reduced household poverty incidence<incidence by up to 11
percentage points under the old poverty line;~and modestly reduced the supply of labor by
increasing the propensity to retire. Furthermore, the/pension scheme modestly stimulated
household consumption, enhanced*subjective well-being, as evidenced by reduced depressive
symptoms and greater life satisfaction. In centrast, Ning et al. (2016), employing a regression
discontinuity DID (RD-DID) design, found no significant negative effect of NRPS on overall
labor force participation. among the.rural elderly, except for a slight reduction among those in
poor health. The authors attribute this null result to the program’s modest benefit levels and
potential crowding-out of inter-generational transfers.

Finally, while not focused on pensions, the work of Fu et al. (2017) on the New Rural
Cooperative Medical ‘Scheme (NCMS) provides a relevant parallel. They documented ex-ante
moral hazard, wherein healthier individuals reduced preventive health behaviors, highlighting
how. behayvioral responses to social security programs can vary significantly across subgroups.
This type of heterogeneity could also help explain the mixed findings on the NRPS.

This paper investigates the impact of pension receipt on labor supply and health-related



risk behaviors among rural residents in China. We utilize four waves of data from the China
Health and Retirement Longitudinal Survey (CHARLS), which provides a larger sample'size
and a longer panel period than those used in prior studies, such as Ning et al. (2016).. This
extended temporal dimension not only offers greater statistical power to identify the long:-term
effects of the pension program on various outcomes but also facilitates a more comprehensive
set of robustness checks. Methodologically, this study advances upon the existing literature by
employing a suite of robust econometric techniques. Our estimation'strategy-includes two-way
fixed effects (TWFE), aggregated and separate estimators using the.recent causal inference
methods for staggered adoption (CSDID), comprising.event study; group study, and calen-
dar time study approaches, as well as double machine learning methods. This multi-faceted
approach allows for a more credible and nuanced comparison of estimates.

Our analysis reveals a consistently significant negative effect of receiving NRPS benefits on
agricultural labor supply. In contrast; the effect on non-agricultural labor supply is smaller and
less robust, showing variation across model specifications. We hypothesize that this divergence
is driven by intra-household'division of labor patterns in rural areas, a mechanism supported
by our heterogeneous effect analyses.

Furthermore, this studysexamines potential behavioral changes resulting from increased
leisure time, an aspect often overlooked in the literature. We identify an intriguing anticipa-
tion effect: males with,agricultural hukou are more likely to increase their drinking frequency
in thevperiod{immediately preceding pension eligibility. This finding suggests that although
pension programs effectively provide financial security and leisure, they may also introduce
moral hazard, potentially encouraging risky behaviors. Consequently, our results indicate that
policymakers should consider complementing such programs with targeted health interventions

to mitigate these unintended consequences.



The remainder of this paper is organized as follows. Section 2 gives a short introduction
on the NRPS in China. Section 3 describes the data. The empirical strategy and results are
provided in section 4. Section 5 conducts some robustness checks and tests about moral-hazard.

Section 6 presents a heterogeneous analysis. Section 7 concludes.

2 Background on New Rural Pension Scheme

The New Rural Pension Scheme (NRPS) is a pension program designed speeifically for rural
hukou holders. It operates as a pay-as-you-go system, financed primarily by the central govern-
ment and supplemented by local government subsidies. Rural residents can enroll voluntarily,
beginning contributions at age 45 and starting to.receive pension;benefits at age 60. If an indi-
vidual’s contribution period is less than 15 years upon reachingrage 60, a lump-sum payment
is required to cover the deficit. In the initial 2009 pelicy; individuals aged 60 or above in 2009
became eligible for benefits without making eontributions, provided their adult children were
enrolled in the scheme. This family binding requirement was later abolished.

Participants can choose their annual contribution tier, typically ranging from 100 to 500
yuan, though some affluent coastal regions permit higher tiers (e.g., 2,500 yuan per year).
Local governments provideia minimum annual subsidy of 30 yuan per participant, irrespective
of the chosen tier. The central government fully subsidizes the basic pension in central and
western regions, while covering 50% of the cost in eastern regions.

Before 2014; the minimum monthly pension was 55 yuan. Although modest in absolute
terms, this amounted to roughly one-quarter of the median monthly income of the rural elderly,
estimated by Huang and Zhang (2021), and thus had considerable welfare effects. The basic
pension was increased to 75 yuan per month nationally in 2014, with provisions for future

adjustments.



The labor supply decisions of the elderly are shaped by the NRPS through the standard
economic lenses of income and substitution effects. First, the pension generates an income
effect: by providing non-labor income, it relaxes budget constraints and reduces thé'meed to
work to maintain consumption. Evidence from Huang and Zhang (2021) supports this, showing
that the NRPS increased household income by 18% and raised food expendituresby 9.6%, while
simultaneously decreasing overall labor force participation by 3.0 percentage points...Second,
the scheme’s specific rules can create a substitution effect by changing the opportunity cost of
leisure. The design of contribution requirements and benefit caléulations alters the relative price
of labor versus leisure and thereby indirectly encourages or discourages work. For example,
if pension rules were designed such that continued work beyond the eligibility age increased
the amount of benefits or accrued interest, one‘could expect. this to encourage participants
to remain in the labor force. Conversely, if ' work income or pension contributions beyond the
eligibility age were no longer eligible(for.tax or subsidy benefits, individuals might instead be
incentivized to reduce labor supply.

A critical institutional feature of the WNRPS is that it is not means-tested. Pension receipt
is not conditional on retirement/or meeting any other strict eligibility thresholds beyond age
and contribution history. Thus, the program does not impose any additional restrictions on
receiving pension payments ornce enrolled participants reach age 60. Consequently, this design
implies that the estimated effects of the pension are likely driven primarily by a pure income
effectyresulting from'the direct financial transfer.

However, the NRPS may also distort labor supply decisions before payments begin. The
program requires individuals to contribute for at least 15 years to qualify for a full pension
atrage 60, which often pressures those who enroll in their late 40s or 50s, creating liquidity

constraints until payments commence at age 60 (Ning et al., 2016). In rural areas, where adult



children traditionally provide substantial support, these public pension transfers may crowd
out private filial support. If this reduction is not offset by the modest pension, older adults may
remain in the labour force to maintain living standards. Ning et al. (2016) found that.NRPS
receipt did not reduce, and may have slightly increased, elderly labor supply. They speculated
that the initial family-binding rule (which required adult children to contribute for their parents
to receive the basic pension) could reduce transfers, but their test for this crowd-out-effeet was
not statistically significant. They attributed this partly to data limitations; as.the first wave
of CHARLS included many individuals already over 60 when the NRPS launched. In contrast,
Huang and Zhang (2021) propose a complementary explanation centered on labor reallocation
for working-age participants. They argue that the need to make annual contributions (100-500
yuan) incentivizes individuals under 60 to shift-from agricultural work to better-paid local wage
labor, which provides the immediate cash-needed toaever.costs. Consequently, the observed
reduction in agricultural labor is replaced by non-agricultural work, leading to no significant
net improvement in economic or. health welfare for the working-age cohort.

For further details on the institutional background, see Ministry of Finance and Ministry
of Human Resources and Social Security (2011), Ma and Zhou (2014), Ning et al. (2016), and

Huang and Zhang (2021).

3 Data

This section’describes the dataset and presents summary statistics.

3.1. Data Description

This study utilizes data from the China Health and Retirement Longitudinal Survey (CHARLS),

a nationally representative longitudinal survey of Chinese residents aged 45 and older conducted
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by Peking University every two or three years (Zhao et al., 2014).2 The dataset provides com-
prehensive information on the elderly population. To analyze the effect of the NRPS on labor
supply and behavioral outcomes, variables were selected from four core modules: demographic
background, health status and functioning, health care and insurance, and work, retirement,
and pension. The analysis uses all waves prior to the COVID-19 pandemic, namely, 2011, 2013,
2015, and 2018, to avoid potential confounding effects from pandemic-related lockdowns and
behavioral changes.?

The primary independent variable is an interaction term, NRPS60;: sconstructed as N RP.S;;-
1{Age;+ > 60}, where 1{-} is the indicator function and WV RPSj is a dummy variable that
takes value 1 if individual ¢ participates in the NRPS at year ¢ This'captures the local average
treatment effect of being both enrolled in the NRPS and. over the eligibility age of 60, following
the identification strategy of Chang (2013); Zhang et al. (2015), and Ning et al. (2016). For
robustness, an alternative treatment, variable, O APy, is used, which directly indicates whether
the respondent i received old-age pension payments from the NRPS at year ¢t. The correlation
between NRPS60 and OAP is high (0.9), supporting the use of OAP as a valid alternative
measure.

The dependent variables include two labor supply measures: Agricultural and Non-agricultural,
both of which are dummy wvariables. The former indicates whether the individual engaged in
agricultural work for more than 10 days, while the latter indicates whether they worked for at
least-one hour in‘the previous week (capturing wage-earning work). To test for moral hazard
agsociated with receiving a pension, smoking status and monthly drinking frequency are also

used as outcomes, yielding the variables Smoke and Drink, respectively.

2The-CHARLS project begins sampling from age 40 to account for future attrition; respondents are then
followed up biennially, though some may drop out in subsequent waves.

3The 2020 wave was excluded as it did not collect pension and social security data, and the pandemic and
the lock-down policy may have drastically altered economic behavior and labor market conditions.
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Following Fu et al. (2017) and Ning et al. (2016), we select control variables based on
their exogeneity and low missing rates. These include hukou status (Hukou), education level
(Edu), marriage status (Marriage), pain level (Pain), availability of a helper (Helper), in-
come (Income), self-rated health condition (Health), and enrollment in other resident pension

programs (Resident__pension). Variable definitions are provided in Table 1.

Table 1: Variable Definitions

Variables Definition

Agricultural Dummy: 1 if engaged in agricultural*work for more than 10 days;
0 otherwise.

Non-Agricultural Dummy: 1 if worked (earn a‘wage, run/your own business and

unpaid family business work) for at least/one hour in the previous
week; 0 otherwise.

Smoke Dummy: 1 if currently-smeokes; 0 otherwise.

Drink Monthly drinking frequency: nome (0), drink but less than once a
month (1), drink more than, once a month (2).

NRPS60 Interaction: 1 if-participates’in the NRPS and aged 60 years or
older; 0 otherwise:

NRPS Dummyz 17if participates/in the NRPS; 0 otherwise.

OAP Dummyz. 1hif receives NRPS old-age pension; 0 otherwise.

Age Age in years (current year minus birth year).

Hukou Hukou“type: agricultual hukou (1), non-agricultural hukou (2),
unified Residence hukou (3), do not have hukou (4).

Edu Education’level:=from no formal education illiterate (1) to post-
graduate, master’s degree (10)

Marriage Marital'status: married with spouse present (1), married but not

living with spouse (2), separated (3), divorced (4), widowed (5),
never married (6), cohabitating (7). For Regression: Dummy vari-
able: 1 if married with spouse present; 0 otherwise.

Gender Dummy: 1 (male); 0 (female).

Pain Dummy: 1 if currently has body pain; 0 otherwise.

Helper Dummy: 1 if expects future help; 0 otherwise.

Income Dummy: 1 if received wage/bonus last year; 0 otherwise.
Health Dummy: 1 if self-rated health is "good” or better; 0 otherwise.
Resident/pension Dummy: 1 if enrolled in other pension programs; 0 otherwise.
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3.2 Summary Statistics

The data from the four waves were merged using individual IDs to construct a balanced panel.
To ensure identification for causal analysis, individuals who were always treated “(i.e., those
received NRPS pension income for all four periods, thus exhibiting no variatien in treatment
status) were excluded from the sample. The final balanced panel consists ‘of 3;396 individuals
observed across all four waves, with ages ranging from 22 to 95.

Table 2 presents the summary statistics. As shown, females constitute 86% of. the sample.
This gender imbalance likely stems from two factors: a higher likelihoed of male absence from
the household due to migrant labor during survey periods and a potentially higher survey
response rate among females. Since the analysis relies on a balanced panel, applying the sam-
pling weights provided by CHARLS was deemed inappropriate. To address concerns regarding
sample representativeness, robustness checks were conducted using an unbalanced three-wave
panel and by restricting the age range to include.more male respondents.

The summary statistics in. Table.2 further reveal that approximately 60% of the sample
engaged in agricultural work, while 13% participated in non-agricultural employment. This
labor pattern is reflected in‘income sources, with only about 13% of respondents having received
wages or a bonus-in the previous year. Regarding pension coverage, nearly 80% of the elderly
were enrolled in a resident pension program (including but not limited to the NRPS), while
20% specifically receivedthe NRPS old-age pension. Finally, health-related risk behaviors were
relatively uncommon in this predominantly female sample: the rate of smoking was close to
zero, and the average monthly drinking frequency was not high.

This study introduces several refinements relative to the existing literature. First, health
status is measured as the average of three self-reported health scores (on a 1-6 scale from very

good to very poor), providing a more robust measure. Second, the variable Resident_pension
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is included to control for the influence of other public pension schemes. Third, rather than
controlling for regional fixed effects (e.g., east v.s. central China), we employ individual fixed
effects in the panel data models to account for time-invariant individual heterogeneity, following

the standard approach for fixed effects panel data analysis.

Table 2: Summary Statistics

Variables N Mean SD Min Max
Agricultural 13,584 0.599 0.490 0 1
Non-Agricultural 13,584 0.129 0.335 0 1
Smoke 13,584 0.00272 0.0521 0 1
Drink 13,584 0.301 0.668 0 2
NRPS60 13,584 0.206 0.404 0 1
NRPS 13,584 0.460 0.498 0 1
OAP 13,584 0.188 0:391 0 1
Age 13,584 59.42 8.938 22 95
Hukou 13,584 1.193 0.418 1 4
Edu 13,584 3.108 1.926 1 10
Marriage 13,584 1:535 1.297 1 7
Gender 13,584 0:140 0.347 0 1
Pain 13,584 0.439 0.496 0 1
Helper 13,584 0:709 0.454 0 1
Income 13,584 0.134 0.340 0 1
Health 13,584 3:180 0.924 1 5
Resident__pension 13,584 0.782 0.413 0 1

4 Empirical Results

This section presents the empirical results, beginning with a baseline difference-in-differences
(DIDY estimationtand then applying the method of Callaway and Sant’ Anna (2021) to account

for staggered treatment adoption.
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4.1 Baseline DID Estimation

First, we consider the standard panel with two way fixed effects (TWFEs) to identify the causal
effect:

Worky = 8- NRPS60; + ' Xit + N + & + €t (1)

where Work;; denotes agricultural work or non-agricultural work, N RP560;; is the interaction
term defined in the last section, X;; denotes a collection of the control variables, A; and ¢,
are individual fixed effects and year fixed effects, respectively, and-e;; is the idiosyncratic error
term. The core parameter of interest is § in Equation(1). We treat the model in (1) as a

baseline model.

Table 3: Baseline DID"Estimation

Type of Work

Variables (1) (2) (3) (4)
Agricultural “Agricultural Non-Agricultural Non-Agricultural
NRPS60 -0.024+* -0.026** -0.003 -0.006
(0.011) (0:011) (0.007) (0.007)
Pain 0:006 -0.018%**
(0.008) (0.006)
Helper 0.025*** -0.008
(0.008) (0.006)
Income -0.018 0.250%**
(0.012) (0.014)
Health -0.005 -0.010%**
(0.005) (0.004)
Resident_ pension -0.019 0.035**
(0.022) (0.018)
Constant, 0.604*** 0.616*** 0.130%*** 0.116***
(0.002) (0.024) (0.001) (0.019)
Hukou, Edu, Marriage v v
TWFE v v v v
Observations 13,584 13,584 13,584 13,584
R-squared 0.669 0.671 0.570 0.603

Note: Robust standard errors are in parentheses, *** p < 0.01, ** p < 0.05, and * p < 0.1. Hukou, Edu
and Marriage are dummy variables here.
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Table 3 reports the estimation results for the baseline model, where columns (1) and (3)
do not include any control variables, whereas columns (2) and (4) include the control variables
described previously. In all specifications, both individual and time fixed effects are included.
Since Hukou, Edu and Marriage are time-invariant variables that do not change over this
short time span, their coefficients cannot be identified once the individual effect term \; is
included and are therefore absorbed by it.

According to Table 3, the inclusion of control variables has.ounly a slight. effect on the
magnitude of the coefficient for N RPS60. The results indicatethat receiving the NRPS pension
significantly reduces the probability of participating in agricultural work. In contrast, its
effect on non-agricultural work is statistically insignificant. This disparity can potentially be
explained by several factors. First, the majority of elderly individuals in the sample hold
agricultural hukou and thus have limited engagement in. wage-earning employment. Second,
intra-household labor specialization.in rural areas may play a role: women often specialize in
agricultural activities, while men are more likely toseek off-farm wage work. This interpretation
is consistent with the high proportion of female respondents in the dataset. The remainder of
this section examines these conjectures'through a heterogeneous effects analysis.

Furthermore, individuals with-familial or social support (i.e., those with family members,
relatives, or friends to care for them) exhibit a higher probability of participating in agricultural
work. The magnitude of this effect is comparable to that of receiving pension payments.
Turning ‘to non-agricultural work, individuals reporting physical pain are significantly less
likely toparticipate, a finding consistently supported by the significantly negative coefficient on
Health, a composite measure of self-evaluated health status. Conversely, higher income levels
and enrollment in other resident pension programs (a potential proxy for urban residence) are

associated with a greater likelihood of engaging in non-agricultural work. This suggests that
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urban residents and those living in county towns are primarily motivated by wage earnings to
remain in the labor force. For these individuals, NRPS benefits likely constitute only a small
portion of their total income and therefore have limited impact on their labor supply decisions,

even if they are enrolled in the scheme.

4.2 Callaway and Sant’Anna’s Methods

Since this study features staggered treatment adoption, the traditional two-way fixed effects
estimator (TWFE) is susceptible to bias from negative weights (De Chaisemartin and d’” Hault-
foeuille, 2020). This issue implies that the TWFE estimate is not a proper weighted average of
treatment effects; it can overweight certain comparisons-andj. in extreme cases, even produce
an estimate with the opposite sign of the true average treatment effect on the treated (ATT).

To address this issue, we employ the method proposed by Callaway and Sant’ Anna (2021),
which is specifically designed for DID"estimation with staggered adoption (CSDID). This ap-
proach first identifies group-time‘average treatment effects ATT(g,t) separately and then ag-
gregates these parameters using appropriate weights. Here, each ATT(g,t) is identified by
comparing a given treatment group g to-an appropriate control group consisting only of units
that are not yet treated at time t.. The overall effect is then aggregated using non-negative and
interpretable weights. This approach ensures that the estimator is robust to treatment effect
heterogeneity. and avoids the negative weighting problem inherent in TWFE. The resulting es-
timator is particularly useful for examining effect heterogeneity, including dynamic responses
based onsthelength of exposure to the treatment (event study), as well as differential effects
across various treatment groups. It is worth noting that while other robust estimators have
been proposed for staggered DID designs, e.g., Sun and Abraham (2021) and Borusyak et al.

(2024), we adopt the CS estimator for its intuitive aggregation of group-time effects. Formally
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comparing these methods remains a valuable avenue for future research.

The dynamic effects of receiving NRPS payments are presented in Figure 1 (agricultural
work) and Figure 2 (non-agricultural work). These event-study plots estimate the AT T relative
to the time of treatment adoption, using the never-treated group as the control and including
the same set of control variables as in the baseline DID specification. The results indicate a
significant reduction in labor supply, for both agricultural and non-agricultural work;.following
the receipt of NRPS payments. Furthermore, the pre-treatment ATT estimates are statistically
insignificant, lending support to the parallel trends assumptionunderlying our research design.

This also provides no evidence of anticipation effects prior to the actual receipt of the pension.

Pre-treatment
= Post-treatment

Pre-treatment =
E
* Post-treatment <

i
i
:
C

-.05

T T T T T T T T T T
-2 -1 0 1 2 -2 -1 0 1 2
Periods Periods

Figure 1: Event Studyfor Agricultural Work Figure 2: Event Study for Non-Agricultural Work

Table 4 presents the aggregated ATT across all treatment groups and time periods. These
results are consistent with thé event-study estimates, indicating that receiving NRPS reduces
the probability of participating in agricultural work by approximately 10 percentage points
and non-agricultural work by about 3 percentage points. The difference in effect magnitude
between the two types of work may be attributed to several factors. First, it likely reflects
the predominant hukou type among the elderly in the sample, which shapes their occupational
access. Individuals with agricultural hukou typically have lower incomes. Consequently, the

NRPS payment constitutes a larger share of their monthly income, leading to a stronger income
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effect compared to those with non-agricultural hukou or those already engaged in wage-earning
employment. Furthermore, agricultural work is generally more physically demanding than non-
agricultural jobs. The pension income thus allows elderly individuals to preferentially~reduce

their engagement in the more strenuous agricultural activities.

Table 4: Aggregate ATT of CSDID Estimation

Type of Work

Variables (1) (2) (3) 4)
Agricultural Agricultural Non-Agricultural Non-Agricultural
ATT -0.050%** -0.097%** -0.019%** -0.031**
(0.013) (0.031) (0:008) (0.013)
Control Variables v v
Observations 13,584 13,584 13,584 13,584

Note: Robust standard errors in parentheses, ***p <.0.01,7* p <0.05, * p < 0.1. Control variables
are same as baseline DID, which include Pain, Helper, Income, Health, Resident, as well as Hukou,
Education and Marriage dummy.

5 Robustness Analyses and Tests

This section presents aiseries of’analyses that bolster our main findings, including an explo-
ration of effect heterogeneity, robustness checks, tests of our identifying assumptions, results
from alternative estimation strategies, and a test for moral hazard. First, we explore treat-
ment effect heterogeneity by estimating the ATT for cohorts based on their initial treatment
periodior calendar time (Section 5.1). Next, we conduct a series of robustness checks on our
aggregated.result. In Section 5.2, we replace the key independent variable, NRPS60, with
OAP. Section 5.3 considers alternative definitions of the control group. We then examine
the overlap assumption required for the Callaway and Sant’ Anna (2021) estimator in Section

5.4. Subsequently, we assess robustness to sample composition using a shorter panel of only
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three waves (Section 5.5) and two narrower age-restricted panels for individuals aged 50-70 and
55-65, respectively (Section 5.6). Finally, in Section 5.7, we employ an alternative estimation
strategy, applying the double machine learning (DML) method to estimate the ATT-and we

extend our analysis to perform a test for moral hazard in Section 5.8.

5.1 ATT by Groups and Calendar Time

The identification of distinct group-time average treatment effects enables the use of alternative
weighting schemes to analyze effect heterogeneity across cohorts-or over calendar time. Figures
3 and 4 show the ATT by group for agricultural work and nen-agricultural work, respectively. In
our study, individuals are classified into four treatment, cohorts (groups) based on the calendar
year in which they first became eligible for and. began receiving the NRPS pension. In the
figures, group G2 corresponds to the cohort-first treated in the second wave (2011-2013), G3
to the cohort treated between 2013 and 2015, and G4 to the cohort treated between 2015 and
2018. When reporting the ATT' by group, we track the outcome dynamics for each cohort
relative to its own pre-treatment baseline period. The results, presented in Figures 3 and 4,
show that the group-averaged ATT remains significant and negative for both agricultural work
and non-agricultural work. However, when disaggregated by groups, the significant effects are
more specific. For agricultural. work, a significant negative effect is observed only in Group 2
(at the 5% level). For.non-agricultural work, a significant effect is also found only in Group 2,
though at the weaker 10% level. One potential explanation for this pattern is that the marginal
treated umits(i.e., the new additions) in the 2015 and 2018 cohorts are considerably smaller
than the baseline group in 2013.4

In addition to analyzing effects by group, we also examine the evolution of the ATT over

4The number of treated units was 781 in 2013, compared to 166 new units in 2015 and 120 in 2018.
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calendar time. For this analysis, we aggregate across groups to obtain the average treatment
effect in a given survey wave, using individuals who have not yet been treated as controls.
Figures 5 and 6 present the ATT trends for engagement in agricultural and non-agricultural
work, respectively. The calendar-time-averagedi ATT is significantly negative for both sectors.
However, while the ATT is negative and/statistically.significant in every time period for agri-
cultural work, the effects for non-agricultural work are statistically indistinguishable from zero
in all periods. This suggests that the incomereffect of the NRPS is more pronounced in agri-
cultural work, both in terms.of 'magnitude and statistical significance. This aligns with the
earlier observation that, for individuals engaged in agriculture, the pension represents a more
substantial portion of their overall wealth and income. Moreover, as shown in Figures 5 and
6, the treatment effect of-pension receipt is persistent and shows no sign of decay beyond the
initial treatment period: the average treatment effects on the treated (ATT) for T2, T3, and
T4-(the second, third,and fourth periods after treatment) remain consistent in both size and
statistical significance. This indicates that the impact of pension income is stable over time
and represents a long-term effect, consistent with the policy’s original intent. It is worth noting
that-such*an analysis would not be feasible without a longer panel dataset, making this finding

an important supplement to earlier studies such as Ning et al. (2016); Huang et al. (2014) and
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Huang and Zhang (2021).
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5.2 Alternative Treatment Variables

As mentioned in Section 3.1, OAP is an alternative, self-reported measure for NRPS partici-
pation, in contrast to the objective, data-derived N.RPS60variable. To test the robustness of
the main findings, we replicate the.event study analysis using CSDID with the O AP variable.
The results, presented in Figures'7 and 8, show that the effect on agricultural work participa-
tion remains consistent with the baseline'analysis. For non-agricultural work, we find negative
pre-treatment effects”in the two peériods preceding treatment, though the effects in all other
periods remain unchanged. We:.caution against interpreting this as a violation of the parallel
trends assumption, as.the ATT is not significant in the first pre-treatment period. It is unclear
why participants would reduce labor supply two periods before treatment due to anticipation
but not in the period immediately prior. Moreover, these pre-treatment effects disappear when
altering the measurement of the dependent variable, an change that does not affect the overall

post-treatment results.
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5.3 Alternative Control Group

Since participation in the NRPS is voluntary, using “never-treated” units as the comparison
group may be problematic due to potential selection ‘bias. Te address this concern and test
the robustness of the results, we employ a contrel group comprising “not-yet-treated” units,
as suggested by Callaway and Sant’ Anna<(2021). This approach relies on the assumption of
conditional parallel trends between.currently treated groups and those that have not yet been
treated. Figures 9 and 10 presént the dynamic/ATT for agricultural and non-agricultural work,
respectively. The results show that theestimated coefficients for the pre-treatment periods are
statistically insignificant, supporting the validity of the parallel trends assumption, and that
the post-treatment effect estimates are consistent with those derived using the “never-treated”
control group.

This robustness.check also suggests that the selected covariates are sufficient to control
for observable differences between the treated and control groups. The consistency of results
across alternative‘control group definitions indicates that, conditional on these covariates, the
selectionvinto NRPS participation is as good as random with respect to labor supply outcomes,

thereby mitigating concerns about selection bias on unobservables.
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5.4 Test for the Overlap Condition

A key assumption of the Callaway and Sant’ Anna (2021).estimator.is the overlap condition,
which requires that the estimated propensity score is bounded. away from both zero and one.
To assess this assumption, we plot the distribution of propensity scores for the treatment
and control groups in Figure 11. These scores were estimated using a logit model. The plot
indicates that some units indeed have propensity/scores very close to zero or one, which can be
problematic as these observations'may exert, excessive influence and dominate the estimation
results.

A standard approach to mitigate this issue is truncation, whereby units with propensity
scores above or below specified thresholds are excluded from the analysis. To test the robustness
of our findings, we truncate the sample by dropping observations with propensity scores above
0.9 or below 0.1. This.process ensures common support and retains 2,487 units, representing
approximately 73% of the original sample. The results obtained from this truncated sample,
presented in Figures 12 and 13, are largely consistent with the baseline estimates. The only
notable difference is that the ATT for non-agricultural work in the first post-treatment period,
which was previously significant only at the 10% level, is no longer significant in this robustness

check.
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5.5 The Results for a Shorter Panel

A further concern regarding the previous analyses stems from the high proportion of female
respondents in the sample, which may affect the generalizability of the findings. To assess
whether the results are sensitive to sample composition over time, we test their robustness by
shortening the panel-and.remoying the 2018 period. This choice is motivated by the finding
in Section 5.1 that the ATTs are primarily driven by the 2013 treatment group. The results
are presented in Table 5. Columns (1) and (2) use NRPS60 as the treatment variable, while
columns (3) and (4) use-OAP. The dependent variables are agricultural work in columns (1)
and”(3) and/nen-agricultural work in columns (2) and (4). The results for non-agricultural
work differ from the full panel; the coefficients for both N RP.S60 and OAP are no longer sta-
tistically significant. In contrast, the results for agricultural work remain significantly negative,

confirming the robustness of the main findings.
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Table 5: The Results for a Shorter Panel

NRPS60 OAP
Variables (1) (2) 3) (4)
Agricultural Non-Agricultural Agricultural Non-Agricultural
ATT -0.055%* -0.019 =0.052* -0.020
(0.026) (0.014) (0:027) (0.013)
Control Variables v v v v
Observations 11,694 11,694 11,694 11,694

Note: Robust standard errors in parentheses, ***'p <'0.01, ** p < 0.05, * p < 0.1. Control variables
are same as before. All the results«are estimated by CSDID.

5.6 Robustness Analysis Using Panels with Restricted Age Ranges

A potential concern is' that the broad age range in the sample may bias the results. To mitigate
this, we conduct a robustness check by restricting the analysis to two narrower, balanced age
panels: ‘individuals aged 50 to 70 and a stricter cohort aged 55 to 65. The estimates from
these subsamples, reported in Table 6, yield results consistent with the main findings in Table
4. Specifically, the effect of the pension on labor supply remains negative and statistically
significant for‘both agricultural and non-agricultural work. The sharp decrease in sample size
explains-slight fluctuations in the magnitude and precision of the coefficients, but the core

findings remain unchanged, underscoring the overall robustness of the analysis.
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Table 6: Results for the Panels with Restricted Age Ranges

Age between 50 and 70 Age between 55 and 65
Variables (1) (2) (3) (4)
Agricultural Non-Agricultural Agricultural Non-Agricultural
ATT -0.075%** -0.039%*** -0.049* -0.062%+*
(0.026) (0.013) (0.029) (0.020)
Control Variables v v v v
Observations 8,896 8,896 5,444 5,444

Note: Standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p <“0.1..Control variables are same
as before. All the results are estimated by CSDID.

5.7 Double Machine Learning with Fixed Effects

The validity of both standard and staggered DID estimators crucially depends on the parallel
trends assumption, which is often difficult to justify empirically./Furthermore, recent advances
in the econometrics literature have shown that-staggered DID designs are susceptible to bias
in the presence of treatment effect heterogeneity over time or across cohorts, as comparisons
between earlier- and later-treated units can become contaminated. To provide more robust
evidence for our results, we.implement the double machine learning (DML) estimator proposed
by Chernozhukov et al. (2018). . This semi-parametric approach is less reliant on functional
form assumptions and helps mitigate misspecification bias by using machine learning methods
to flexibly estimate the nuisance parameters, specifically the propensity score and the outcome

model. The:DML framework specifies the data generating process (DGP) as:

Yi = 60D;+ go(Xi) + ¢, (2)

D; = mo(X;) + v, (3)
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where D; is the treatment variable, X is a vector of pre-treatment covariates, g is the treatment
effect parameter of interest, go(-) and mg(-) are unknown functions, and ¢; and v; are_error
terms with Ele;|X;, D;] = 0 and E[v;|X;] = 0. Taking conditional expectations on bothsides of

Equation (2) and then subtracting from it yields
Y — E[Yi|Xi] = 6o (Di — E[Di| X]) + & (4)

Let §(X;) = E[Y;|X;] and m(X;) = E[D;|X;] denote some machine learning estimators of
E[Y;| X;] and E[D;|X;] respectively. They can be obtained by some kind-of machine learning
algorithm such as LASSO, random forest, boosting, ‘and neural/network. Then we follow

Chernozhukov et al. (2018) and consider the regression model:
Yi - BYi|X,] = 60/ D ~E[D X)) + 1, (5)

where 7, is the error term that incorporates the‘estimation errors from the first-stage nuisance
models. This orthogonalization step is key to debiasing the estimator. This approach allows
us to consistently estimate the catsal ‘effect of the treatment while flexibly controlling for
potential confounders, providing a_more robust alternative to DID that is less vulnerable to its
core identifying assumptions.

The above method ecan be readily adapted into a panel data setting like CHARLS dataset.
Clarke and Polselli (2025) showed that with usual panel data methods like within group trans-
formation/or. correlated random effects, one can apply DML after first transforming the data.

Thus, we use the following model to estimate the effect of receiving NRPS on labor supply:

QWork) — §(Q(Xar)) = 6° [Q(NRPS60;:) — i (Q(X))] + 03y — T
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where Q(Xj;) represents the within transformation X; — X; = X — T} Zle X, with
other variables defined similarly. Work; denotes agricultural work or non-agricultural work,
NRPS60;; is the interaction term denoting whether the elderly received NRPS, and X;;*denotes
the control variables. Here, ¢ (-) and m (-) can be regarded as the first-order approximation
(i.e., linear function of X;;) of go(-) and mg (-), which allows the use of Clarke and, Polselli

(2025)’s estimation procedure in CHARLS panel settings.

Table 7: Double Machine Learning with Fixed Effects

Q(Agricultural)
(1) (2) (3) (4)
Lasso Random Forest Gradient Boosting Neural Network
Q(NRPS60) -0.022%* -0.030** -0.025%% -0.026**
(0.011) (0.011) (0:011) (0.011)
Constant -0.000 0.005%* -0:000 -0.008%**
(0.002) (0.003) (0.002) (0.002)
Control Variables v v v v
Observations 13,584 13,584 13,584 13,584

Q(Non-Agricultural)
(1) (2) (3) (4)

Lasso Random Forest Gradient Boosting Neural Network
Q(NRPS60) -0.005 0.001 -0.000 -0.001

(0.006) (0.007) (0.006) (0.006)
Constant -0.000 -0.002 -0.000 -0.002

(0.002) (0.002) (0.002) (0.002)
Control Variables v v v v
Observations 13,584 13,584 13,584 13,584

Note: Robust standard ‘errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1. Q(-) refers
to the within group tranmsformation. Control variables are same as before, with their within group
transformation additionally.

Table 7 presents the estimation results using the DML approach on the transformed data.
The results are largely consistent with those in Table 5, though they differ from the estimates for

non-agricultural work reported in Tables 4 and 6. Moreover, since DML controls for confounders
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with unknown functional forms to enhance robustness, the estimated coefficients of N RP.S60
are generally smaller in magnitude across all regressions. In summary, the negative effect/of
NRPS receipt on agricultural labor supply is statistically significant and robust, while its effect
on non-agricultural work varies across models and estimation methods.

A key advantage of DML is its ability to nonparametrically estimate thenuisance functions
go () and mg (-), which ensures that endogeneity and selection bias due to observables are
effectively partialled out in the treatment effect estimation. As shown in Chernozhukov et al.
(2018), consistent estimation of either gy (-) and my () is sufficient for valid inference. This
offers additional robustness in our context against bias arising from the monlinear influence
of observed covariates on labor supply decisions. It is important t0 note, however, that due
to the use of within transformation in our panel setting,”we restrict the machine learning
models to linear functional classes. While this may limit the flexibility of DML, it aligns
with conventional panel methods such as TWFE and CSDID, which also operate under linear
assumptions. Thus, the DML ‘estimates still provide a meaningful improvement in robustness
compared to traditional approaches by miore effectively mitigating bias from complex patterns

in the observed confounders:.

5.8 Test of Moral Hazard

Given that receiving the NRPS reduces agricultural labor supply, it is interesting to examine
whether this additional leisure time leads to other behavioral changes among the elderly. To
investigate potential moral hazard effects, such as increased engagement in health-risk behav-
iors, we.analyze two outcomes: smoking and monthly drinking frequency. Figures 14 and 15
plot the ATT over the treatment timeline. Both outcomes exhibit some trending behavior;

however, the ATT for smoking is not statistically significant.
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A notable finding is evidence of an anticipation effect for drinking. Since eligibility for the
NRPS is determined by an individual’s 60th birthday (as recorded on one’s ID card), people
may begin to increase their drinking in the period immediately before they officially start
receiving pension payments. Furthermore, this pre-treatment increase in drinking is primarily

driven by males with agricultural hukou, while no significant effect is found forfemales.”
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Regarding the mechanism through which pensionischemes affect health-related risk behav-
iors, Fu et al. (2017) identified two potential.channels. First, by providing medical coverage,
pensions may reduce the incentive for preventive health actions, creating an ex-ante moral
hazard. Second, they-may-increaseexposure to health information, for instance, through more
frequent interactions with healthcare providers, thereby raising health awareness and encour-
aging preventive behaviors. Our findings align with Fu et al. (2017), showing that pension

schemes induce relatively little change in elderly risk behaviors such as smoking and drinking.

6. Heterogeneity Analysis

Heterogeneous effects are estimated using CSDID across three categories of variables. The first

dimension is gender; the results are presented in columns (1) and (2) of Table 8. Women are

®See Figures Al — A4 in the Appendix.
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more likely to reduce their agricultural labor supply, whereas men are more likely to reduce
their supply of non-agricultural work. These findings confirm the conjecture presented/in
Section 4.1, which posited that women typically spend more time on agricultural activities
and men on wage-earning jobs. According to the 2018 National Migrant Workers Monitoring
Survey Report issued by National Bureau of Statistics,® men accounted for 65.2 percent. of
all migrant workers,” while women accounted for 34.8 percent. Similaxly, the 2015 Report®
reported a share of 66.4 percent for men and 33.6 percent for women. These:proportions have
remained largely stable over the years from 2012-2023. Also; Cai and Huang (2017), using
data from the national population censuses and national agricultural censuses, documented a
clear trend of feminization in China’s agricultural labour force: According to the four national
population censuses conducted in 1982, 1990, 2000, and 2010, the proportion of women in
agricultural employment in mainland China increased from 46.24% to 47.48%, 48.57%, and
49.22%, respectively, which is an overall.rise of 2:98 percentage points over three decades.
Furthermore, columns (3) and (4) in Table8 show that elderly individuals with agricultural
hukou reduce their labor supply in both types of work. This result is intuitive and reinforces
the robustness of the main analysis,.as the NRPS is specifically designed to support those with
agricultural hukow and’without Urban Employees’ Basic Pension Insurance. Moreover, these
results suggest that the/differential impact of the NRPS on agricultural and non-agricultural
work is primarily linked to hukou type, given that the significant negative effects are concen-

trated+in the. agricultural hukou subgroup.

6See https:/ Avwwistats.gov.cn/sj/zxfb/202302/t20230203_ 1900299.html for detail.

"Here/migrant workers refer to individuals whose hukou remains rural, and are engaged either in local non-
agricultural sectors or in non-local employment for six months or longer.

8See https: /Y www.stats.gov.cn/sj/zxfb/202302/t20230203_1899104.html for detail.
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Table 8: Heterogeneous Treatment Effects by Subgroups

Agricultural Work

(1) (2) 3) (4) (5) (6)
Male Female  Agricultural Non-Agricultural Good Bad
Hukou Hukou Health Health
ATT -0.007  -0.114%** -0.100%** 0.114 -0.074% 4 -0.111%%*
(0.050) (0.032) (0.031) (0.099) (0.041) (0.040)
Control Variables v v v v v v
Observations 1,900 11,684 11,140 2,332 6,720 6,864

Non-Agricultural Work

(1) (2) (3) (4) (5) (6)
Male Female = Agricultural Non-Agricultural Good Bad
Hukou Hukou Health Health
ATT -0.113**  -0.023 -0.036%** -0.005 -0.053*%%*  -0.007
(0.046) (0:014) (0.013) (0.153) (0.018) (0.018)
Control Variables v v v v v v
Observations 1,900 11,684 11,140 2,332 6,720 6,864

Note: Robust standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1. Good health refers
to the health level of excellent, very good, good. Bad health refers to the health level of fair, poor, very
poor., Control variables are same as before, with their within group transformation additionally. All the

results are estimated by CSDID.
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Finally, we conduct a sub-sample analysis based on self-reported health status. Responses
of “excellent”, “very good”, and “good” are categorized as good health, while “fair”, “poor”,
and “very poor” are categorized as bad health. The results, presented in columns_(5)and (6),
indicate that elderly individuals in poor health are more likely to reduce their agricultural labor
supply. In contrast, those in good health reduce their supply in both agricultural and non-
agricultural work. A potential explanation for this finding is that individuals with/poor-health
are less likely to participate in non-agricultural work in rural areas to begin-with; they are, in
fact, more likely to remain at home. Consequently, the pension effect is more concentrated on
their agricultural activities.”

Overall, the results from the heterogeneity analysis are consistent with the main findings.
All statistically significant estimates are negativerand are of a:magnitude comparable to those

from the TWFE and CSDID estimators.

7 Conclusion

This paper examines the effect of réceiving benefits from the New Rural Pension Scheme
(NRPS) on the agricultural andnon-agricultural labor supply of the elderly in rural China. Em-
ploying a variety of methods such as the Two-Way Fixed Effects (TWFE), stacked Difference-
in-Differences (CSDID).in aggregate, event-study, and calendar-time specifications, as well as
Double Machine Learning (DML), we find a robust and significant negative effect of pension
receipt on agricultural labor supply. The effect on non-agricultural work is also generally
negative but less consistently significant across specifications. This pattern may be explained

by intra-heusehold labor division, where women (who comprise a larger share of our sample)

9The heterogeneous effects of NRPS receipt on drinking behavior are presented in Figures A1-A4 in the
appendix and are discussed in Section 5.6.
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traditionally engage more in agricultural work, while men are more involved in wage-earning
jobs. Heterogeneous analysis by gender provides evidence supporting this conjecture.

The robustness of these core results is confirmed through several checks: (1) ‘using an
alternative, self-reported measure of pension receipt (OAP); (2) shortening the panel to address
potential gender selection bias; and (3) restricting the age range to mitigate confounding factors.
The findings remain largely consistent with the baseline model and staggered DID results.

Our results challenge the findings of Ning et al. (2016), who reported an-inerease in labor
supply following pension receipt, and align with those of Huang and Zhang(2021), who em-
phasize job switching and deterrence effects. We attribute the discrepancy with Ning et al.
(2016) to our longer panel data, which tracks respondents over more waves.' The observed
negative income effect is theoretically sound for a non-means-tested program like the NRPS,
which is less susceptible to unobservable substitution effects. Furthermore, the liquidity con-
straint mechanism proposed by Ning et al. (2016) lacks empirical support in our data. Instead,
our findings indicate a clear reduction in eveérall labor market engagement, a nuance over-
looked in studies focused exclusively onjob switching among employed individuals. Huang and
Zhang (2021) suggested. that, in orderto finance pension contributions, rural residents may
shift toward better-paid nonsagricultural work, thereby leaving total labor supply unchanged.
This paper, however, employs‘a dummy variable capturing any form of work engagement and
focuses specifically-ontextensive margin participation. Our results provide clear evidence that
receiving pension’ payments reduces labor market engagement among NRPS participants.

A key contribution of this paper is the application of the Double Machine Learning (DML)
framework (Chernozhukov et al., 2018; Clarke and Polselli, 2025) to this question, providing

highly robust, semi-parametric estimates that corroborate the negative and significant effect

“Ning et al. (2016) have only two waves of survey data while either four or five waves of data are used in this
paper.

35



across multiple machine learning predictors (LASSO, Random Forest, Gradient Boosting, and
Neural Networks). The accumulated evidence strongly suggests that the pension payment can
reduce job market participation, which likely enhances welfare among the elderly population,
especially in rural areas.

Finally, we explore behavioral responses to increased leisure time and tuncover an antici-
pation effect among men with agricultural hukou, who increase their drinking in the .period
immediately before receiving NRPS payments.

Policy Implications: While pension programs like the NRPS provide crucial financial se-
curity and enhance welfare by reducing old-age labor_forece participation; they may also in-
advertently encourage harmful behaviors in the absence of ‘guided engagement. Therefore,
policymakers should consider complementing cash. transferswith public health initiatives, such
as increasing access to recreational facilities, promoting physical activity, and offering regular

health consultations and screenings:.

36



Appendix

The appendix presents additional tests for moral hazard by segmenting the population by

gender (male and female) and hukou type (agricultural and non-agricultural). The-zesults,

shown in Figures A1 — A4, can be compared with those in Section 5.8. As previously noted,

males with agricultural hukou are more likely to have increased drinking ome period<ahead of

the NRPS receipts, while no significant effect is observed among females.
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