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Health shocks and household education burden influence levels of expenditure on
healthcare and education, which are two major non-discretionary expenditures for
households. From the perspective of relative poverty alleviation in China and based
on the peer effects theory, this study uses the dataset from the rural areas in CFPS
database and employs the spatial Durbin model and spatial DID model to investigate —
when a household suffers health shocks —the influence of such impact on the education
burden of closely related households and to test the effect of single rescue policy in this
circumstance. Further, this study employs a spatial mediating effect model to analyze the
spatial transmission mechanism. The results indicate that when a household has health
shocks, it can aggravate the education burden of closely related households through
inter-household social networks. The findings substantiate that the targets of different
rescue policies have cross effects and that single rescue policy does not have significant
effect on the targets of other policies. To avoid the situation where rescue policies operate
in silos and to reduce the internal coordination cost between different policies within
a system, a coordinating mechanism should be established between different rescue
policies to better alleviate relative poverty.

Keywords: health shocks, household education burden, peer effects, relative poverty, alleviation

INTRODUCTION

Poverty and anti-poverty are among the major challenges that are facing today’s world. As of the
end of 2020, China had achieved the goal of comprehensively eliminating absolute poverty. In
the future, the focus of the battle against poverty will shift from “absolute poverty” to “relative
poverty”!. Different from absolute poverty, which is measured by the monetary value of food
consumption, relative poverty relates to “relative deprivation” and is reflected through inequity in
income allocation and access to public services and through lower levels of education, healthcare,
senior care, and social security (1, 2). In comparison with absolute poverty, relative poverty is
ever-developing, multidimensional, structured, and related to special groups (3). Existing study
has indicated that there are significant differences in the measures required to alleviate the two

'The Fourth Plenary Session of the 19th Central Committee of the Communist Party of China called for “winning the tough
battle against poverty and establishing long-term mechanisms for eliminating relative poverty”.
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types of poverty. Relative poverty has broader implications and
much larger coverage; identifying people living in relative poverty
requires not only consideration of the income dimension, which
is the focus of absolute poverty, but also consideration of the
needs (or expenditure) dimension, which is unique to relative
poverty (4). As a result, previous approaches to alleviating
absolute poverty, which mainly used income level to assess
poverty, did not necessarily have a one-to-one corresponding
relationship with targets of relative poverty alleviation and may
have seriously underestimated the extent of poverty (5) and
undermined the sustainability of poverty alleviation policies
(6). The impact of relative poverty on individual development
tends to last for a long time (7). Poverty alleviation through
the social security system plays a more important role than
does development-oriented poverty alleviation (8). As such, the
government should ensure that a needs-oriented social security
system is in place, focusing more on expenditures on education,
healthcare, and housing, which are of critical significance to
people’s rights to subsistence and development (9, 10), and
developing equitable public policies that are favorable to people
living in relative poverty (11).

Based on the above discussion, this study is of the view
that relative poverty alleviation should focus more on the
sustainability of providing support through public finance. To
avoid the situation in which rescue policies operate in silos and
are not connected with one another, there is a need to develop a
mechanism that coordinates various rescue policies or different
social security programmes so that a comprehensive synergistic
effect can be achieved.

In developing a coordinating mechanism, first, the
government should investigate and test whether the targets
of different rescue policies influence one another, as well as
the mechanism by which the influences occur; this will serve
as a foundation for the various rescue policies to achieve a
coordinated effect. Existing study does not provide a definite
conclusion on this issue. Certain studies have examined changes
in households’ decisions on spending when they experience an
external shock and investigated the effect of single rescue policy.
Take studies of the impact of health shocks on households’
spending decisions as an example. Most studies find that the
increased healthcare expenditures as a result of household
members experiencing health shocks inevitably affect various
aspects of household life, including the time allocation between
work and leisure (12), consumption-savings ratio (13), and
preference for investment risks (14), forcing the household to
adjust their behaviors in making economic-related decisions
(15) and ultimately creating a significant crowding-out effect on
other household expenditures, such as income, labor supply, and
education (16). This effect is more evident in rural households
and households with a medium-level income (17, 18). Further,
when an individual household member suffers health shock,
the shock will spread within the entire household (19) and
indirectly affect the economic life of other household members,
thereby increasing the probability that the entire household
will fall into relative poverty (20). Studies have found that
fiscal expenditures on rescue policies, especially increased
fiscal expenditures on social programmes, such as subsidies for

healthcare and education for low-income residents, are more
effective in alleviating relative poverty in rural areas than are
development-oriented fiscal expenditures (21); this is because
the former has a more significant effect on raising the cost of
labor supplied by the poverty-stricken population (22).

Existing study has mainly focused on changes in spending
decisions within households that have experienced health shocks
but fall short of examining the impact of spending decisions
made by the household in question on other households via the
social networks between households. As a result, in alleviating
relative poverty in the future, there might exist a connection cost
between individual rescue policies that each aim at a single target;
in other words, because a rescue policy focuses on one public
service area, the impact of the policy is limited. Further, there
may be an interactive effect between different rescue policies, and
the effect of multiple overlapping rescue policies is unknown;
this may cause issues such as the inaccurate identification of
people in relative poverty and the low sustainability of poverty
alleviation policies.

In summary, this study proposes that it is necessary to reduce
the scope within which the identification of people in poverty
is conducted. By examining how household spending decisions
affect one another in a social network as well as the mechanism
by which the influences occur, we can reveal the patterns of
behaviors of special groups and therefore overcome the challenge
of identifying people in relative poverty. Furthermore, we should
take into full consideration the complex consequences of a
rescue policy and, by developing a coordinating mechanism
between rescue policies, effectively alleviate relative poverty. In
view of this, this study uses the dataset from the rural areas
in the China Family Panel Studies (CFPS) database and two
major non-discretionary household expenditures—healthcare
and education—as examples to investigate the two major issues.
First, this study employs the spatial Durbin model and spatial
difference in differences (DID) model to investigate—when a
household suffers health shocks—the influence of the event
on the education burden of other households that are close
to the household in question and to test the effect of an
existing single rescue policy in this circumstance. Second, this
study employs the spatial mediating effect model to analyze
the transmission mechanism between the health shocks and
household education burden.

This study carries the following contributions. In terms of
the perspectives, this study takes the peer effects as theoretical
basis, and explores the feasibility of establishing a coordinating
mechanism. The research findings are helpful to improve the
accuracy of identifying relatively poverty objects, eliminate
the inequality and inequity of rescue policy objects in policy
acquisition. With regard to the contents, the analysis of the
impact of education and other household expenditure after
household suffering from health shocks is no longer limited to
a single household. It extends to the spatial dimension. The
empirical tests in this study can help develop a coordination
mechanism between healthcare rescue policies and education
rescue policies so that the rescue policies operating in silos
can be eliminated and the connection costs between different
policies within a system can be reduced. In terms of the
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methods, the research models and analysis methods used in
this study clearly cover three aspects of the research topic,
namely, the correlation between target variables, the transmission
mechanism and the effectiveness of current policies. It has laid
a foundation for building a systematically integrated, effective,
and multi-level social security system that will improve relative
poverty alleviation.

RESEARCH DESIGN

Theoretical Basis and Research
Hypothesis

China is a typical relationship-based society where people
frequently interact with each other. As a result, an individual’s
behaviors are subject to the influence of the behaviors of
surrounding groups that have similar characteristics (23); in
other words, peer effects significantly affect people’s behaviors
(24). Peer effects are considered externalities that spill over from
peers’ characteristics and behaviors (25). Research has verified
that peer effects exist in many aspects, such as children’s behavior,
household investment and consumption decision-making and so
on (26, 27). Neighbors and relatives may directly affect the skills,
information, and social opportunities of other members of the
society who are, to a certain extent, close to these households
(28, 29). In this case, when a household suffers health shocks,
the event may not only widen the gap in wellbeing between the
household experiencing health shocks and those in the same
social space not experiencing such shocks, but also increase the
probability that similar groups in the same social space will
fall into relative poverty, resulting in the spatial transmission
effect of poverty caused by health shocks. Despite the growing
volume of research on the impact of peer effects on the behaviors
of individuals and households, the issue above has not been
empirically tested in previous research.

The logic of this spatial transmission process is presented
in Figure 1, as follows. A serious disease first changes the
spending structure of the patient’s household j, and the urgent
health expenditures crowd out other household spending. When
the total health expenditure exceeds the household js total
wealth, the household j may ask for help from relatives,
friends, and neighbors, such as household i. This amounts to
redistributing the economic risk caused by the health shocks
to other households in the social network and reducing the
consumption budget constraints of the households offering help,
thereby increasing their economic burden. If the social network
of the patient’s household lacks the ability to bear such economic
burdens, the health shock is highly likely to increase the risk
that other households in the network will fall into relative
poverty, resulting in the spatial transmission of relative poverty
via the social network. Here, we focus on the spatial relativity of
relative poverty.

Based on the analyses above, this study puts forward the
following three hypotheses:

H1: Health shock not only affects the consumption
decision-making of household in question, but also affects

the consumption decision-making of households with similar
characteristics to a certain extent.

H2: The possible transmission mechanism of this impact
depends on the social network, which is completed in the form
of transfer payments between closely related households.

H3: The effect of single rescue policies on the targets of other
rescue policies is not clear.

Methods and Variable Selection

To test the above hypotheses, this study utilizes the spatial
Durbin model, and constructs a spatial DID model and spatial
mediating effect model, respectively, to empirically analyse—
when a household suffers health shocks—the influence of such
impacts on the education burden of closely related households
and the effect of single rescue policy in this circumstance. It also
analyses the influencing mechanism between the health shocks
and household education burden that form through transfer
payments between households.

The advantages of selecting the above models are as follows.
First, the spatial econometric model has been widely adopted
in analyzing social interactions between individual economic
entities (30). Together, the spatial lag model, spatial error model,
and spatial Durbin model constitute a spatial econometric model
system. The spatial Durbin model not only can represent the
impact of the core explanatory variables of the closely related
households on the explained variables of the household in
question, but also quantify the effects of other explanatory
variables. Considering the distribution characteristics of the
explained variables, this study adopts the spatial Tobit Durbin
model to describe the impact on the household education burden
after a closely related household suffers health shocks. Second,
while the analysis of the effect of the integrated urban and
rural medical insurance (IURMI) system performed using the
spatial DID model can represent changes in household education
burden in regions that first adopt the policy, it further reflects
peer effects in household education burden in these regions. In
addition, compared with the regular DID model, the spatial DID
model can produce more consistent estimates; the greater is the
spatial autocorrelation coefficients of the dependent variables, the
more valid is the policy effect estimated by the spatial DID model
(31). Third, with regard to the path through which the health
shocks influence the household education burden of closely
related household, based on the spatial Durbin model, the study
draws from the mediating effect model of Wen et al. (32) to
construct a spatial mediating effect model.

In summary, in the first part of the empirical analysis, the
spatial Durbin model (model 1) and the spatial DID model
(model 2) are constructed, as follows:

EDU; = pwEDU; + f1CHE; + 8,wCHE; + pX
+SwX + 1 (model 1)
EDU; = pwEDU; + y, T* Treated; + y,wT* Treated; + 1 CHE;
+81wCHE; + BX + dwX + u (model 2)

In model (1), the explained variable EDU; denotes the education
burden of household i, which is measured by the household’s
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FIGURE 1 | The logic of spatial transmission process between health shocks and household education burden.

total education expenditure as a proportion of its total disposable
income within the year, and its value is between 0 and 1. The
core explanatory variable CHE; is the catastrophic healthcare
expenditure of closely related household j. The definition of
catastrophic healthcare expenditure is based on the criteria of
the World Health Organization (WHO); if, during the past 12
months, the ratio between the household’s healthcare expenditure
and the household’s total expenditure, minus expenditures on
food, is higher than 40%, then the household is deemed to
have incurred a catastrophic healthcare expenditure and suffered
health shocks, and the variable is assigned a value of 1; otherwise,
it is assigned a value of 0. w denotes the spatial geographic
weight matrix factor, namely, the distance between households
in the sample. Rural villages in China are usually distributed
based on family lines; households in the same village tend to
belong to the same family tree and residents have the same
family name. The shorter is the distance between households,
the closer is the blood-based relations between the households,
and the greater is the possibility that households will provide
economic support to each other. Considering the statements
above, this study uses “whether the households belong to the
same village” to construct the spatial weight matrix. p denotes

the spatial correlation between household education burden;
when p < 0, it is deemed there is a spatial substitute effect
between the education burdens of closely related households;
when p > 0, there is a spatial spillover effect between the
education burdens of closely related households; and when p
= 0, there is no spatial effect between the education burdens
of closely related households. Control variable X represents the
household income level, preferred object for borrowing, whether
the household receives government subsidies, the degree of
the household’s participation in social medical insurance, and
whether the household has a mortgage. ;v denotes the error.

To further investigate the effect of an existing single rescue
policy interacting with the goals of other policies, model (2)
introduces a spatial DID model to test the impact of two social
security policies—the IURMI policy—on household education
burden. The main content of the TURMI policy is the integration
of the New Rural Cooperative Medical Scheme with the Urban
Resident Basic Medical Insurance Scheme; the goal of this
policy is to ensure that rural residents in regions where the
policy is implemented have access to basic medical insurance
that is comparable to that provided to urban residents, thereby
increasing the medical insurance level of rural residents. In
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TABLE 1 | Descriptive statistics.

Variable Mean Standard deviation Min Max
Household education burden 0.2193 0.2141 0 1
Catastrophic healthcare expenditure (occurrence is 1, non-occurrence 0.0763 0.2657 0 1
is 0)

Net transfer payment (occurrence is 1, non-occurrence is 0) 0.3344 0.4720 0 1
Household income level (take logarithm) 10.3460 1.2967 2.5649 12.8212
Preferred object for borrowing (from 0 to 6, the objects are from banks 3.1979 2.0809 0 6
and financial institutions to parents, relatives and friends. The larger the

value, the closer the economic relationship is)

Household receipt of a fiscal subsidy (occurrence is 1, non-occurrence 0.5729 0.4949 0 1
is 0)

Degree of participation in social medical insurance (expressed by the 0.8252 0.3799 0 1
ratio of household insured persons to household size)

Mortgage (occurrence is 1, non-occurrence is 0) 0.1180 0.3228 0 1

practice, as the time when the IURMI policy was implemented
differs among China’s provinces, in referencing the approach
described by Ma et al. (33), this study selects Chongging
(began implementation in 2008), Tianjin (began implementation
in 2010), and Guangdong (began implementation in 2012),
which were the first jurisdictions to implement the policy,
as the treatment group; the other provinces (gradually began
implementation after 2016) constitute the control group.
Considering the lag of policy effect, the CFPS datasets for 2014
and 2018 are used as the pre-test and post-test data, respectively,
to analyze the policy effect. Building on this, this study further
incorporates into the model whether a household receives a
general fiscal subsidy from the government, so as to examine
the combined effect of the TURMI policy and general fiscal
government subsidies. The general fiscal subsidy refers to the
government’s transfer payments made to low-income groups and
people experiencing difficulties in everyday living to ensure that
these groups can afford normal subsistence expenses. In model
(2), Treated denotes whether a household in a province has
implemented the IURMI policy. T denotes the point in time
at which the ITURMI policy began to demonstrate effects. The
policy effects are measured based on whether y;, the coefficient
of T*Treated,, is significant. If y; is negative and significant, the
TURMI system or general fiscal subsidies are effective in reducing
household education burden; if y, is negative and significant,
the policies’ influences on household education burden have peer
effects. The definitions of the other variables in model (2) are the
same as those in model (1).

In the second part of the empirical analysis, the following
spatial mediating effect model is constructed to test the spatial
transmission mechanism. At stage 1, we perform a regression
analysis for the catastrophic healthcare expenditure of a closely
related household CHE; and the education burden EDU; of
household i using the spatial Durbin model. At stage 2, we
perform a regression analysis of the catastrophic healthcare
expenditure of a closely related household CHE; and the net
transfer payment M; by the household i using the spatial
Durbin model. At stage 3, we perform a regression analysis
of the catastrophic healthcare expenditure of a closely related

household CHE;, the net transfer payment M; by the household i,
and the education burden EDU; of household i using the spatial
Durbin model.

EDU; = pwEDU; + p1CHE; + 8;wCHE; + BX
+IwWX 4+ 1 (Stage 1)
M; = pwM; + B1CHE; + 5§ wCHE; + BX
+IwX + u (Stage 2)
EDU; = pwEDU; + B1M; + 81wM; + B2CHE; + 8, wCHE;
+BX + SwX + 1 (Stage 3)

In the model, the explained variable EDU is the household
education burden. The core explanatory variable CHE is
the household’s catastrophic healthcare expenditure. M is a
mediating variable that is measured by whether the household
has a net transfer payment over the past 12 months, namely,
the difference between the total transfer payment the household
made to other households at no cost and the total transfer
payment the household received from other households at no
cost. A positive value for M indicates a net transfer payment,
and the variable is assigned a value of 1; otherwise, a value of 0 is
assigned to the variable. During the three stages of the regression
analysis, if the regression coefficients of the core explanatory
variable at stage 1 and stage 2 and the mediating variable at stage
3 are all significant, then there is a mediating effect. p denotes
the spatial correlation of the household education burden and
the mediating variable; p < 0 indicates that there is a spatial
substitute effect; p > 0 denotes that there is a spatial spillover
effect, and p = 0 denotes that there is no spatial effect. The
definitions of other variables are the same as those in model (1).

Dataset

The CFPS datasets for 2014 and 2018 collected by the Institute
of Social Science Survey of Peking University are used for this
study for two main reasons. First, the datasets contain abundant
information on households expenditures on healthcare and
education, transfer payments, and public service utilization.
Further, the full implementation of the ITURMI programme
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TABLE 2 | Regression resullts.

Va;ial;le M°f'e'\ Spatial Dobbin model Spatial DID model Spatial DID model
~—__ (model 1) (model 2) (model 2)
w* catastrophic healthcare expenditure 0.0017* 0.0031** 0.0038***
(0.0010) (0.0012) (0.0014)
w* household income level 0.0008*** 0.0013*** 0.0016™*
(0.0002) (0.0001) (0.0001)
w* preferred object for borrowing 0.0003* 0.0002* 0.0003*
(0.0002) (0.0001) (0.0001)
w* household receipt of a fiscal subsidy —0.0001 —0.0001
(0.0007) (0.0001)
w* degree of participation in social medical insurance —0.0007
(0.0008)
w* mortgage ~0.0010 0.0002 0.00007
(0.0011) (0.0011) (0.0012)
T* Treated ~0.0012 0.0008
(0.0024) (0.0008)
w*T ~0.0015** ~0.0015*
(0.0006) (0.0007)
w* Treated ~0.0007 ~0.0036*
(0.0016) (0.0019)
w* T* Treated ~0.0010 0.0007
(0.0026) (0.0007)
P ~0.0014* ~0.0034*** ~0.0038***
(0.0007) (0.0007) (0.0008)
LM test [0.0000] [0.0000] [0.0000]
Wald test [0.0000] [0.0000] [0.0000]
Adjusted R? 0.5412 0.5304 0.5296
(1) The brackets are heteroscedasticity robust standard errors.
(2)", ", and " are statistically significant at the significance levels of 10, 5, and 1%, respectively.

(3) The result of LM test and Wald test are marked with p-value.

across China began in 2016; however, Chongging, Tianjin, and
Guangdong implemented the policy prior to that date. Therefore,
the datasets for 2014 and 2018 provide appropriate information
to analyze the influences of health shocks and the education
burden and to analyze the spatial transmission mechanism of the
influences, against the backdrop of the IURMI policy. Second, the
data selected reflect three different micro levels (i.e., individual,
household, and community) and provide a vivid picture of the
changes in China’s education, healthcare, and social welfare.

As the 2018 dataset does not contain a village code, in
constructing the weight matrix, villages are matched with their
codes in 2014. Further, records with missing information or
inappropriate records within raw data were eliminated; therefore,
a sample of 1,665 valid records was obtained.

RESULTS

Descriptive Statistics

Table 1 presents the descriptive statistics of the 2018 dataset.
Households’ average level of education burden is 21.93%. As a
non-discretionary expenditure, education spending accounts for
a relatively high proportion of households’ daily consumption,
indicating that using household education burden to examine
the spatial influence of households’ spending decisions is

reasonable. The probability of occurrence of catastrophic
healthcare expenditure is 7.63%. 33.44% of households receive a
net transfer payment. The average household income is 19,632.17
yuan (about 3,100 US dollars), and 57.29% of the households in
the sample receive general fiscal subsidies. The high proportion
of households receiving general fiscal subsidies indicates that
when both the household education burden and catastrophic
healthcare expenditure are considered together, the overall risk
of relative poverty increases. Among the households in the
sample, 82.52% participate in social medical insurance. Further,
the standard deviation of each indicator is relatively large, an
indication that currently, there are significant differences in the
living conditions among rural households in China.

Impacts of Health Shocks on Household

Education Burden

In order to verify the rationality of spatial Durbin model selected
in this study, we first conducted Moran’s I test and LM test.
Moran’s I test is widely used to verify the spatial correlation
of variables and LM test provides suggestions for spatial model
selections (34). Moran’s I test results of household education
burden and net transfer payment are —0.3215 (significant at
1% level) and —0.2852 (significant at 1% level), respectively.
The result shows that two variables have spatial correlation. In
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Table 2, based on the LM test, the null hypothesis that there is
neither spatial nor error dependence is rejected at the 1% level
under all three models. In this case, the spatial Durbin model
is superior to other spatial models (35). Next, we conducted
Wald test. The results show that the Wald tests all reject the null
hypothesis. It is reasonable to use the spatial Durbin model in
terms of data.

In addition, we used the CFPS datasets over the years to carry
out the parallel trend test. The dots in Figure 2 below represent
the average level of household education burden in each year.
Before the implementation of the [IURMI policy, the trend of the
treatment group is parallel to that of the control group between
2010 and 2014, and the average household education burden of
the control group is higher than that of the treatment group,
which may be related to the high level of economic development
of Tianjin, Chonggqing and Guangdong.

In Table 2, column 2 presents the results for the spatial Durbin
model; column 3 presents the result for the spatial DID model in
which adoption of the IURMI policy is the explanatory variable,
and column 4 presents the result for the spatial DID model
in which the interaction between two variables (i.e., adoption
of the TURMI policy and the receipt of a fiscal subsidy) is the

explanatory variable. The regression coefficient of w*catastrophic
healthcare expenditure, which warrants special attention in all
three models, is positive and significant at the 1, 5, and 10%
levels; this finding indicates that when a household suffers
health shocks, the catastrophic healthcare expenditure incurred
by this household will significantly increase the education burden
of closely related households, suggesting that currently, the
two non-discretionary household expenditures—healthcare and
education—influence each other. Further analysis indicates that
neither variables w*household receipt of a fiscal subsidy and
w*degree of participation in social medical insurance in model
1 nor the coefficients of T*Treated and w*T*Treated in model
2 and 3 are significant at the 10% level. This finding suggests
that both the [IURMI policy and the government’s general fiscal
subsidy do not significantly reduce household education burden.
The above results indicate that the targets of different social
security policies may have interactive influences on each other
through specific spatial transmission mechanisms. Although
single rescue policy (e.g., the medical insurance policy) may be
effective with a single policy goal (e.g., a household’s catastrophic
healthcare expenditure), after considering the social network
relations between households and the interactive influences
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TABLE 3 | Regression resullts.

~—_ Model

- 1 2
Variable Stage Stage Stage 3
w'catastrophic healthcare expenditure 0.0017* 0.0006* 0.0036*
(0.0010) (0.0003) (0.0019)
net transfer payment 0.0027*
(0.0017)
w*household income level 0.0008*** 0.0004*** 0.0012***
(0.0002) (0.0000) (0.0004)
w*preferred object for borrowing 0.0003* 0.00071*** 0.0006***
(0.0002) (0.0000) (0.0003)
w* household receipt of a fiscal subsidy ~0.0001 ~0.0005* 0.0006
(0.0007) (0.0002) (0.0015)
w'degree of participation in social medical insurance —0.0007 ~0.001 1+ ~0.0014
(0.0008) (0.0003) (0.0016)
w* mortgage ~0.0010 ~0.0004 ~0.0020
(0.0011) (0.0003) (0.0021)
o ~0.0014* ~0.0005** ~0.0028*
(0.0007) (0.0002) (0.0015)
LM Test [0.0000] [0.0000] [0.0000]
Wald test [0.0000] [0.0000] [0.0000]
Adjusted R? 0.5412 0.4981 0.5473
(1) The brackets are heteroscedasticity robust standard errors.
()", ", and " are statistically significant at the significance levels of 10, 5, and 1%, respectively.

(3) The result of LM test and Wald test are marked with p-value.

between different policy targets, the original rescue policy
does not have a spillover effect on other policy goals (e.g.,
household education burden). This conclusion further validates
the importance of establishing the mechanism proposed by this
study to coordinate different rescue policies.

The other variables have the same signs in the regression
results under the three models; although certain variables are not
significant, such results are consistent with the expected results.
The coefficient of w*household income level is significant at the
1% level. This finding implies that the income level of closely
related households is positively correlated with the household
education burden and that the households are likely to bear
the risk together; if the social network of the household has a
fragile economic capacity, the health shocks will increase the risk
that households in the social network as a whole may fall into
relative poverty. w*preferred object for borrowing is significant
at the 10% level, indicating the assumption that rural households
decrease risk by borrowing from households in the same village
is to a certain extent reasonable; the higher the tendency that
the household borrows from parents, relatives, and good friends,
the more likely it is that the household education burden will be
aggravated. p is negative and significant, indicating that there is a
substitution effect between household education burden and that
close households in the same village may help each other with
paying for education.

Impact Mechanism Between Health
Shocks and Household Education Burden
The above conclusions confirm that there are interactive spatial
influences between health shocks and household education
burden, but do not clarify the influencing mechanism. Table 3

employs the spatial mediating effect to analyze the mechanism at
three stages.

For all three stages, the LM test and Wald test result
rejects the null hypothesis at the 1% level, indicating that the
spatial Durbin model is reasonable to use. The estimate of the
impact of catastrophic healthcare expenditure on household
education burden derived under the spatial Durbin model
at stage 1 of the analysis is exactly the same as the result
derived from model 1 in Table2. At stage 2, the results of
the spatial Durbin model that analyses catastrophic healthcare
expenditures and households’ net transfer payment indicate that
w* catastrophic healthcare expenditure is positive and significant
at the 10% level, indicating that if a household incurs a
catastrophic healthcare expenditure, the probability that the
household of closely related households will occur a net transfer
payment will increase; that is, closely related households in
the same village may borrow from each other. At stage 3, the
results of the spatial Durbin model that analyses households’
catastrophic healthcare expenditures, net transfer payments,
and education burden indicate that w*catastrophic healthcare
expenditure is still positive and significant at the 10% level,
once again substantiating that the targets of the two rescue
policies investigated by the study—healthcare and education—
may affect each other. Further, net transfer payment is also
positive and significant at the 10% level. The results of the three-
stage regression analysis using the comprehensive mediating
effect model confirm that when a household suffers health shocks
and incurs a catastrophic healthcare expenditure, the economic
impacts may increase the probability that the closely related
households in the same village will occur a net transfer payment,
and further change the consumption budget constraints and
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increase the education burden of closely related households. This
transmission of economic impacts occurs via the inter-household
social network when households provide economic support to
each other.

The regression results for other variables in Table 3 essentially
have the same signs as those in Table 2. p is negative at all three
stages of the regression analysis, indicating that both household
education burden and transfer payments have a spatial substitute
effect. This finding indirectly substantiates that transfer payments
are a mediating path through which households help each other
pay for healthcare.

CONCLUSIONS AND IMPLICATIONS

Conclusions

This study uses a dataset from rural areas in the CFPS database
and two major non-discretionary household expenditures (i.e.,
healthcare and education) as examples to investigate the two
major issues from the perspective of relative poverty alleviation.
First, this study employs a spatial Durbin model and spatial DID
model to investigate, when a household suffers health shocks,
the influence of the impacts on the education burden of closely
related households and to test the effect of an existing single
rescue policy in this circumstance. Second, this study employs
a spatial mediating effect model to analyze the transmission
mechanism for the health shocks and household education
burden. The results from this study indicate that in rural China,
when a household suffers health shocks, the economic impacts
may increase the probability that the closely related households
in the same village will occur a net transfer payment and further
change the consumption budget constraints and increase the
education burden of closely related households via the inter-
household social network when households provide economic
support to each other. This conclusion indicates that the targets
of the two rescue policies—healthcare and education—may
influence each other. The results from this study further confirm
that single rescue policy does not have a spillover effect on other
targets and offer evidence that supports establishing a mechanism
to coordinate different rescue policies.

Implications and Policy-Making
In the future, to develop a systematically integrated, efficient,
and multilevel social security system and achieve relative poverty
alleviation, system designs should focus more on three aspects of
governance coordination.

The first aspect is coordination between households with
similar characteristics. The development of rescue policies should
not be limited only to households that directly experience
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