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Insurance of China: a
semi-parametric estimation
approach

Yue Wu* and Jiaxi Xu

School of Insurance, Central University of Finance and Economics, Beijing, China

Introduction: This study investigated the causes of excessive medical resources
consumption, by disentangling and estimating the adverse selection and
moral hazard within China’s Urban and Rural Resident Basic Medical Insurance
(URRBMI), with the aim of proposing targeted solutions to this issue.

Methods: The analysis employed a utility optimization model of residents’
medical consumption. Parameters were estimated via kernel density estimation,
moment estimation, and bootstrap methods, using data from the China Family
Panel Studies (32,822 observations across 31 provinces for 2020 and 2022).
Adverse selection was assessed by comparing the health distributions of the
insured and uninsured derived from the model, while moral hazard was examined
by constructing a counterfactual scenario based on Slutsky decomposition
within the modeling framework.

Results: The results indicate that the insured had poorer average health status
than the uninsured in both 2020 and 2022, demonstrating adverse selection
in URRBMI. This issue intensified by 2022 following a premium increase. Moral
hazard was also identified, particularly among the older population, higher-
income, less healthy, and more educated enrollees. Specifically, the moral
hazard incidence rate was 46.63% in 2020, leading to per capita medical
over-consumption of 204.57 yuan, accounting for 13.8% of total medical
expenditures. Following the implementation of DRG/DIP payment reform, the
over-consumption decreased in 2022 to 187.63 yuan, with the proportion falling
to 10.6%.

Discussion: To address the excessive medical resources consumption,
policymakers should focus on two key measures: expanding insurance coverage
while increasing government premium subsidies to mitigate adverse selection,
and advancing payment system reforms to curb the moral hazard induced
medical over-consumption.

KEYWORDS

adverse selection, kernel density estimation, moment estimation, moral hazard, Urban
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1 Introduction

In recent years, China has actively pursued reforms to its medical
insurance system in an effort to enhance the overall health of the
population and improve accessibility to healthcare services. Since
2016, the government has integrated the New Cooperative Medical
Scheme (NCMS) and the Urban Resident Basic Medical Insurance
(URBMI) into Urban and Rural Resident Basic Medical Insurance
(URRBMI) to improve the benefits of the basic medical insurance (1).
According to the Statistical Bulletin of China’s Health and Health
Development, Chinas total healthcare expenditure reached
9,057.58 billion yuan in 2023, of which personal healthcare
expenditure accounted for 27.3%, down 15.61% from 2016. And the
average growth rate of personal healthcare expenditure over the past
decade was 10.69%, which was lower than the 13.63% growth rate of
total healthcare expenditure. It is evident that the reform has alleviated
the healthcare burden on residents to some extent. However, the
continuous expansion of basic medical insurance coverage and
enhancement of benefits have also spurred an increase in total
healthcare expenditure, particularly in government and social
healthcare expenditure, thereby generating funding pressures within
the medical insurance system. Fundamentally, the exacerbation of
information asymmetry issues among medical insurance
administrative departments, insured residents, and the healthcare
providers serves as the primary driver of the rapid growth in total
healthcare expenditure.

Specifically, the consequences arising from information
asymmetry are adverse selection and moral hazard (2). Chinas
URRBMI is a non-compulsory public insurance scheme, and its
premium is set according to the regional economic levels and
participants’ type, such as students, the older adult, and flexible
workers. Such a design, however, may lead to adverse selection, as
residents in poorer health are more likely to be insured. Additionally,
the moral hazard arises when the insured are more likely to consume
healthcare services than the uninsured, divided into ex-ante MH
(neglecting health management after enrollment) and ex-post MH
(increased healthcare demand due to insurance coverage). Obviously,
both adverse selection and moral hazard would lead to excessive
growth in healthcare expenditure and misallocation of medical
resources. However, addressing the problems caused by adverse
selection or moral hazard often exacerbates the market inefficiency
caused by the other. Therefore, investigating the issue of information
asymmetry, particularly by integrating adverse selection and moral
hazard into a unified analytical framework for assessment holds a
substantial significance.

For a long time, the study of information asymmetry has been a
significant research topic in health economics. Arrow (2) was the first
to point out that information asymmetry between the supply and
demand sides of healthcare services, as well as with insurance
providers, would lead to adverse selection and moral hazard, thereby
causing the excessive medical resources consumption and market
inefficiency. Subsequently, numerous scholars have embarked on
empirical analyses to determine the existence and extent of adverse
selection and moral hazard in the health insurance market (3-5). The
central idea of identifying adverse selection is to test whether there is
a positive correlation between insurance coverage and risk level (6-9).
Chiappori and Salanie (10) firstly proposed a positive correlation test
based on a two-sided discrete choice model and estimated the degree
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of insurance coverage and risk level separately. Adverse selection was
then identified by examining whether the error terms of the two
models exhibited positive correlation. However, the examination of
moral hazard is often intertwined with adverse selection. This is
because a positive correlation between enrollment and healthcare
utilization cannot provide sufficient evidence of moral hazard, for the
variable of enrollment can no longer satisfy the exogeneity
requirement in the presence of adverse selection (11-13). Even
without adverse selection, attributing the rise in enrollees’ medical
expenditure to moral hazard is still biased, since the release of normal
medical demand due to enrollment can also lead to an overestimation
of moral hazard (14-16). Therefore, integrating adverse selection and
moral hazard into a unified framework for analysis and identification
has become a focal point in the empirical study of
information asymmetry.

The commonly employed identification methods in the existing
literature can be categorized into three types. The first is randomized
or natural experiment method. The fundamental concept of the
randomized experiment method involves researchers artificially
creating exogenous shocks and observing the impact of these shocks
on the behavior of the insured. A representative example is the field-
controlled health insurance experiment conducted by the RAND
corporation in the United States from 1974 to 1982, commonly
referred to as the “RAND Experiment” In this experiment, the
participants were randomly divided into two groups and offered
health insurance with different coverage to different groups (17).
Ultimately, it was found that group members offered higher coverage
had significantly higher medical consumption than other groups.
Since the samples were randomly grouped, eliminating the influence
of adverse selection, the results of the experiment confirmed the
existence of moral hazard (18).

Because randomized experiments consume considerable labor
and material resources, scholars have begun to make more use of
natural experiments (19-22). The natural experiment approach
primarily identifies adverse selection and moral hazard based on
exogenous shocks resulting from changes in insurance policies. For
instance, Chiappori et al. (19) tested moral hazard using a policy
change in 1994, in which French social health insurance changed from
full benefit to co-payment. Similarly, Culter and Reber (20) detected
adverse selection by studying the rollout of a new employee health
insurance plan at Harvard University. In the Chinese context, Zhao et
al. (21) exploited a natural experiment arising from the integration of
urban and rural medical insurance in Chengdu. After controlling for
adverse selection, their findings revealed the evidence of moral hazard.
Complementing this, Xiang et al. (22) employed a quasi-experiment
derived from differential adjustments in reimbursement policies
during the transition from county-level to municipal-level insurance
coordination in two adjacent counties. Using 2008-2013 panel data
on hospitalization expenditures, they obtained an estimate of moral
hazard after netting out the influence of adverse selection.

The second approach is based on the characteristics of
insurance market, which were first used in the automobile
insurance market (23). Cohen (23) found that the positive
correlation between enrollment and indemnity differed significantly
among different driving age groups. Novice drivers can be
considered without adverse selection because of their low mastery
of driving risks; therefore, the positive correlation between
enrollment and indemnity that occurs in the higher driving age
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group can be used as evidence of adverse selection. For health
insurance, some scholars have also used local health insurance
characteristics to distinguish between adverse selection and moral
hazard (24-28). Nguyen (27) analyzed differences between
compulsory and voluntary insurance participants in Vietnam,
estimating moral hazard through medical consumption disparities
and identifying adverse selection by comparing insured
characteristics across both insurance types. Similarly, Feng et al.
(28) utilized data from the China Family Panel Studies (CFPS) and
leveraged the unique characteristic in China where flexible
employment groups can voluntarily enroll in the Urban Employee
Basic Medical Insurance (UEBMI). By empirically disentangling
the adverse selection effect from moral hazard, their study verified
that flexible workers who chose to participate in the UEBMI were
those with higher medical expenses, thereby confirming the
presence of adverse selection.

The third method mainly uses the dynamic panel data, which was
first proposed by Abbring et al. (29) in the automobile insurance
market, and was theoretically analyzed for its feasibility (30). In the
study of health insurance, numerous scholars have employed
dynamic panel data to analyze adverse selection and moral hazard
(31-37). Dong (34) developed structural equations using panel data
from the U. S. Health and Retirement Study to empirically examine
the causal relationships between health insurance status, health
behaviors, and medical utilization, effectively distinguishing adverse
selection from moral hazard. Similarly, Bardey and Buitrago (35)
established the presence of adverse selection by demonstrating a
positive correlation between prior medical consumption and
insurance enrollment, thereby ruling out moral hazard. In the
Chinese research, Yuan et al. (36) used panel data from the CHNS
database from 1989 to 2009 to estimate adverse selection and moral
hazard using the logit model and fixed effects model, respectively. Yin
and Liu (37) also dynamically distinguished and tested moral hazard
and selection effects in commercial health insurance by analyzing the
relationship between current enrollment choice and previous
health status.

In summary, empirical studies on information asymmetry have
focused on obtaining accurate assessments of adverse selection and
moral hazard by excluding the effects of other factors. However, the
commonly used methods all face certain limitations, such as
requirements for policy shock, market characteristics, or data
continuity. Departing from the aforementioned approaches, our study
based on the foundational model introduced by Bajari et al. (38),
employing a unified framework to investigate the adverse selection
and moral hazard within the URRBMI. While Zhong et al. (39)
applied the same model to estimate residents’ latent health status and
assess adverse selection without extending to moral hazard, Wang and
Zhu (40) only focused on estimating moral hazard by constructing
counterfactual scenario when uninsured residents transition to being
insured based on Bajari et al. (38). Our study advances this research
by estimating both adverse selection and moral hazard-the latter
through constructing counterfactual scenario based on Slutsky
decomposition. Furthermore, by leveraging the natural experiment of
China’s medical insurance payment reform since 2022, we identify the
causal effect of the reform and moral hazard. These findings provide
a scientific basis for proposing targeted solutions to address the issue
of excessive medical resources consumption, and refining China’s
medical insurance system.
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2 Materials and methods
2.1 Background

The Urban and Rural Residents Basic Medical Insurance is a social
insurance program established by the Chinese government to fulfill
the basic healthcare needs of urban and rural populations. It primarily
aims to cover those not insured under the Urban Employee Basic
Medical Insurance (UEBMI), including children, students, older
adults, the unemployed, and other non-working residents. The
premium levels are determined according to regional economic
development, varying across localities and time periods. Financing is
structured through a combination of individual contributions and
government subsidies, with the latter covering a major portion to
ensure affordability and broad accessibility. Reimbursement rates,
meanwhile, are contingent upon the healthcare services type and the
tier of the healthcare facility. Generally, inpatient services generally
enjoy higher reimbursement rates than outpatient care, and higher-
level hospitals tend to apply lower reimbursement rates compared to
primary-level institutions.

Taking city S, a northern provincial capital, as an example, the
annual individual premiums in 2022 were 300 yuan for children, 240
yuan for university students, and 360 yuan for adult residents,
respectively. And the reimbursement rules for the 2022 URRBMI in
city S are as shown in Table 1. Firstly, the general outpatient
expenditure refers to medical expenses incurred by insured residents
for common outpatient illnesses covered by the medical insurance
catalog at primary hospitals. Under city Ss 2022 URRBMI, the
reimbursement rate for general outpatient in primary hospitals is 50%,
with no deductible but a reimbursement cap of 500 yuan. And the
visits for general outpatient services at secondary and tertiary hospitals
are not be covered by the URRBMI in city S. However, patients with
certain chronic or special diseases (e.g., malignant tumors, uremic
dialysis, coronary heart disease) often require long-term outpatient
treatment with substantial associated costs. To alleviate the financial
burden imposed by managing such conditions and prevent
unnecessary hospitalization, the URRBMI has established dedicated
reimbursement protocols. Based on the 2022 regulations in city S, 21
chronic and special diseases were designated for enhanced outpatient
coverage. Patients receiving treatment for these conditions at primary,
secondary, and tertiary hospitals are eligible for reimbursement rates
of 80, 70, and 60%, respectively. Additionally, the annual
reimbursement cap for outpatient of chronic or special diseases is
combined with inpatient reimbursement, totaling 250,000 yuan.
Finally, as indicated in Table 1, all inpatient reimbursements are
subject to a deductible, which increases with higher hospital tiers. And
the reimbursement rate decreases as the hospital level increases, set at
80, 70, and 60% for primary, secondary, and tertiary hospitals
respectively, with a unified reimbursement cap of 250,000 yuan.

2.2 Database

Our study employs the 2020 and 2022 China Family Panel Studies
(CFPS) database for its empirical analysis. Launched in 2010 by the
Institute of Social Science Survey at Peking University, the CFPS
project is designed to conduct longitudinal tracking surveys of
Chinese households. The initial sample encompassed 16,000
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TABLE 1 Reimbursement rules of URRBMI in City S for 2022.

10.3389/fpubh.2025.1723767

Deductible Reimbursement rate Reimbursement
. : . . ca
Primary Secondary Tertiary Primary Secondary Tertiary P
hospital hospital hospital hospital hospital hospital
General
0 - - 50% - - 500
outpatient
Outpatient for
chronic and
0 200 200 80% 70% 60% 250,000
special
diseases
Inpatient 400 400 1,000 80% 70% 60% 250,000

The units of deductible and reimbursement cap are yuan; Primary hospital serves as primary healthcare institutions, offering integrated medical, preventive, rehabilitative, and general
healthcare services to local communities. Secondary hospital acts as regional healthcare centers, providing services to multiple communities. Tertiary hospital, the highest tier, provides

healthcare services at the regional, provincial and even national levels.

households across 25 provinces in China, with the survey scope
progressively expanding over time. The database provides extensive
individual-level information, including gender, age, income, as well as
the insurance status, total outpatient and inpatient medical expenses,
insurance reimbursement, and out-of-pocket payments during the
survey years. With its broad sampling scope and comprehensive
coverage, the database is highly suitable for supporting our study. To
investigate the information asymmetry in URRBMI, we exclude
residents enrolled in the UEBMI and the supplement medical
insurance. This process yields 17,027 valid observations for 2020 and
15,795 for 2022. Descriptive statistics for the sample are summarized
in Table 2.

In the sample analyzed for our study, the enrollment rate in the
URRBMI stood at 86.66% in 2020, which subsequently rose to 90.16%
by 2022. Analysis of the 2020 data reveals that a mere 24.01% of
residents who sought outpatient services were eligible for
reimbursement, with the mean reimbursement rate standing at 49.4%.
And a substantial 79.27% of residents who underwent inpatient
treatment were reimbursed, with a higher average reimbursement rate
of 59.5%. Secondly, compared to the insured, the uninsured exhibit
lower probabilities of both outpatient and inpatient visits, and their
average medical expenditures were also lower than those of the
insured, providing a preliminary indication of adverse selection and
moral hazard. In terms of individual characteristics, data from both
2020 and 2022 indicate that the uninsured are, on average, younger
and have higher proportions of being unmarried and childless. Given
that these residents generally report better health statuses,
preliminarily suggesting the presence of adverse selection in URRBMI.

2.3 The model

2.3.1 Utility function

Our model relies on the assumption of a rational resident who
maximizes his utility function by choosing his optimal healthcare
services m and consumption of composite goods c subject to a budget
constraint. Firstly, following the model specification in Bajari et al.
(38), we assume that the resident’s utility function is Equation 1:

U(c,m; 49,)/)=F[c,(1—0),y1]+H[m,9,y2] (1)

Frontiers in Public Health

where H| [m,,é?,,yz: and F [c,,(l - 9),, 7/1] represent the utility
derived from healthcare services m and composite goods consumption
¢, which includes all expenditures other than healthcare services. The
parameters ) and y, denote the resident’s risk aversion coeflicients for
composite goods consumption and medical expenditure, respectively.
The 6 6[0,1- is interpreted as a proxy for health status and is the
resident’s pri_vate information. A value of @ closer to 1 indicates poorer
health, leading to an expectation of higher medical expenditure to
improve utility.

The utility function satisfies the following four properties:

(1) U, >0 and U, >0, indicating the marginal utilities of
composite goods and healthcare services are both positive;

(2) U, <0andU,,,, <0, implying diminishing marginal utility for
both types of consumption;

(3) Uy =0, assuming that the consumption of composite goods
does not affect the marginal utility of medical services, and
vice versa;

4 U, (0,m,49)=oo and U, (6,0,0)=00 , indicating that the
marginal utility of either good approaches infinity as its
consumption approaches zero.

To theoretically disentangle adverse selection from moral hazard
while satisfying the above functional assumptions, we adopt the
Equation 2 as individual’s utility function for identification:

Cil_}/ =7,

I-n

mj

1-72

U(cimi»0,71572) =(1-6;) +0;

)

Firstly, ; and 1—6; indexes the weight that resident i places on
consumption of healthcare services and composite goods, respectively.
The greater the value of 6, the higher the medical expenditure
required for resident i to achieve utility maximization-indicating
poorer health status. While 8, is observed to the resident i, it is not
observed by the insurer. Therefore, our model provides a method to
test for adverse selection by comparing differences in health status
distributions between the insured and the uninsured.

Second, the coefficient of resident’s risk aversion is closely
related to individual characteristics such as education level, age, and
gender, demonstrating certain heterogeneity across different
subgroups (41). To account for this heterogeneity, we will select
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TABLE 2 Descriptive statistics.

Variables

10.3389/fpubh.2025.1723767

The insured Outpatient medical 2 100,000 1,886.256 7,958 1 60,000 2,146.651 7,901
expenses
Outpatient out-of- 0.000 5,500 1,502.929 7,958 0 60,000 1,800.512 7,901
pocket
Outpatient 0.002 1.000 0.494 1,911 0.003 1.000 0.468 1,838
reimbursement rates
Inpatient medical 50 72,000 7,.977.377 1,158 100 90,000 8,779.833 1,291
expenses
Inpatient out-of- 0.000 50,000 4,026.286 1,158 0 63,000 4,606.746 1,291
pocket
Inpatient 0.067 1.000 0.595 918 0.083 1.000 0.578 996
reimbursement rates
Income 3,000 5,000,000 31,411.82 14,756 3,000 6,886,000 38,881.34 14,241
Age 16 92 45.638 14,756 16 97 46.207 14,241
Gender 0 1 0.501 14,756 0 1 0.494 14,241
Education 1 4 1.710 14,756 1 4 1.722 14,241
Marriage 0 1 0.795 14,756 0 1 0.777 14,241
Children 0 1 0.677 14,756 0 1 0.688 14,241
The uninsured Outpatient medical

10 100,000 1,338.326 1,147 3 80,000 1,997.383 728
expenses
Inpatient medical

40 180,000 6,441.500 113 500 35,000 7,292.474 39
expenses
Income 3,000 2,011,200 36,941.40 2,271 3,000 3,794,000 53,711.91 1,554
Age 11 93 39.26 2,271 16 88 39.203 1,554
Gender 0 1 0.491 2,271 0 1 0.492 1,554
Education 1 4 1.878 2,271 1 4 1.832 1,554
Marriage 0 1 0.580 2,271 0 1 0.537 1,554
Children 0 1 0.474 2,271 0 1 0.472 1,554

The units of medical expenses are yuan; The gender variable is encoded with 0 representing female and 1 representing male; The education level is range from 1 to 4: 1 signifies the completion

of primary education, 2 denotes high school graduation, 3 represents the attainment of an undergraduate degree, and 4 indicates the completion of either a master’s or doctoral degree;

Marriage is encoded with a binary classification, where 0 denotes unmarried and 1 denotes married; The number of children is coded as 0 for no children and 1 for having children.

appropriate covariates for grouping and perform group-specific
estimation of the coeflicient in subsequent analyses. Considering
the feasibility of estimation, we assume that the risk aversion
coeflicients are heterogeneous only across groups but remains
constant within each group.

2.3.2 Budget constraint

In our model, consumers face the budget constraint that total
spending may not exceed their income. Under the assumption that the
market price ratio between composite goods and healthcare services
is unity, the effective price of healthcare for an insured resident is
determined by the insurance reimbursement rate ;. By contrast, the
uninsured pay the full market price, incurring neither a premium nor
any reimbursement. Accordingly, the budget constraint faced by
resident i can be expressed as Equation 3:

ci+mi(1—a;) < y; — p; 3)
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where y; is the per capita disposable income of households during
an insurance period (1 year in our study); p; is the premium; g; is the
actual reimbursement rate, that is, the rate of the actual reimbursement
amount to total medical expenses during the insurance period. A
difficulty the resident i faces is that a; will be uncertain at the time that
m; is chosen. This is because medical insurance reimbursement is a
specialized process managed entirely by relevant departments, and
patients often lack sufficient professional knowledge to fully
understand the reimbursement details. Therefore, when making
medical consumption decisions, patients can only estimate the actual
reimbursement rate based on reimbursement policies and their prior
medical experiences.

Through the above analysis, it can be seen that the core of
constructing our model lies in characterizing resident’s cognitive
process regarding a;. Following Bajari et al. (38), we model a; as a
stochastic variable with a conditional probability density
function fj (a,-|m,- ) This specification allows to vary by healthcare
service type j (outpatient or inpatient) and hospital tier k, while also
capturing its dependence on medical expenditures.
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2.3.3 Hypothesis

In our model, rational residents aim to maximize their utility
by making consumption decisions based on their privately observed
health status. Considering the randomness of actual reimbursement
rate, the resident i’s expected utility function can be written as
Equation 4, where the subscript ¢ indicates the year. The optimal
choice mj; chosen by resident i in year ¢ is determined by a first
order condition that EU,, =0, as illustrated in Equation 5. By
solving Equation 5, the optimal m;; can be obtained. After further
processing, we finally obtain the Equation 6 for the resident i’s latent
health status, where f,-t is a definite integral of a;, as illustrated in
Equation 7.!

(J’it — Pit — My (1 —4ait ))li}/l

EU (mis11.72) = [ (1-60)

1-n
m'lt_72
Fike (aielmiy ) dagg + 6 — (4)
=72
1771
aEU(.):i J'l(l_git)(yit_Pit_mit(l_ait))
amit ami[ 0 1_}/]
Fike (aielmiz )da
1_72
+ 9] g, M | (5)
omy | 1-72
O =——it (©)
i (1-1)
it— ;}2
mi
i, = 1 _(1_7;1)(1_ait)(yit_Pit_mit(l_ait))_}/‘
0 fjkt (“it|miz)
1 ()’it — Pit —my (1—‘111))17}/l
daj, + o| O jkt (aielmir ) day, @
amit

We assume that all individuals recorded in the CFPS are rational
economic agents. Consequently, their observed medical expenditures
reflect utility-maximizing decisions m;; made by each resident based on
their insurance status, income level, and health status 6. Therefore, by
substituting the observed income y;; and medical expenditure 1, from
the CFPS into Equation 6 and estimating the unknown parameters, we
can derive the estimation of residents’ latent health status. The regional
insurance premium p;; for each resident is sourced from official policy
documents, and the national average premiums for URRBMI in 2020
and 2022 were 250 yuan and 380 yuan, respectively. The remaining

a]}jkt (aitlmit) .

unknowns in Equation 6 are f i (a,-t|mit ), , 71 and 7,

6mit

which will be estimated in Section 2.4. Our estimation yields a more
accurate and objective assessment of health compared to self-assessed

. Of ikt (aitlmie) i
1 Forthe uninsured: Pit =0, ikt (aitlmit) =0,nd Omjy Vai G[O’IA
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data. Accordingly, we can identify adverse selection by comparing the
distribution of the latent health status between insured and uninsured
residents, and propose the first hypothesis:

H,: The latent health status’s cumulative distribution function of
the insured is first-order stochastic dominant over the uninsured;
that is, the average health level of enrollees is worse than that of
the uninsured, meaning that there is adverse selection in the
URRBMI enrollment.

According to the price elasticity of demand theory, when the
price of goods declines, it will generate two distinct effects. Firstly,
the substitution effect occurs because the relative price of the goods
decreases, prompting consumers to substitute it for other goods in
their purchasing decisions. This effect reflects market distortions
caused by price changes, potentially leading to moral hazard and
deadweight loss. Secondly, the income effect arises from changes in
consumer’s real income due to the price change. A price decrease
effectively raises the purchasing power of money (i.e., “hidden
income”), which does not inherently distort market behavior but
instead releases suppressed demand. In the healthcare market,
medical insurance reduces the price of healthcare services faced by
the insured, thereby triggering both effects. Notably, the income
effect manifests as increased healthcare utilization, representing the
normal release of medical demand and an improvement in social
welfare. Conversely, the substitution effect drives overutilization of
healthcare services due to insurance coverage, which can be
quantified as moral hazard (15).

Following the methodology of Bajari et al. (38), Wang and Zhu
(40) and Nyman et al. (42), our study also constructs a
counterfactual scenario where a resident transitions from insured
to uninsured status to quantify the moral hazard in
URRBMI. Specifically, to quantify the substitution effect resulting
from insurance enrollment, we employ the Slutsky decomposition
theory to construct the counterfactual scenario. We maintain the
utility function for resident i as specified in Equation 2, under the
assumption that insurance enrollment affects only the resident’s
budget constraint. According to the Slutsky decomposition, the
change in the optimal consumption decision when resident i
transitions from insured to uninsured status is decomposed into the
following steps:

(1) Initial Scenario: Assume the resident i is enrolled in the
URRBM], with the budget constraint given by Equation 8.

ci+(1=a;)m; < y; — p; ®)

Where the resident i faces a relative price of healthcare services to

P,
composite goods given by P—mzl—ai and a disposable income of
C

y; —p;- Under this constraint, solving the utility maximization
problem yields the optimal consumption bundle (cl,ml )

(2) Decomposition Process 1: Measuring the change in the optimal
consumption bundle induced exclusively by the variation in the
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relative price of goods, while maintaining purchasing power
constant. This step corresponds to the measurement of the
substitution effect.

First, when resident i transitions from an insured to an uninsured
status, the relative price of goods increases from 1—-a; to 1. Second, to
hold the residents purchasing power unchanged, we compute the
compensatory income variation necessary to sustain the initial
consumption bundle (cl,ml ), as expressed in Equation 9.

P (P
| (B (B o D-1-a)Jom =m0

Under the new budget constraint specified in Equation 10, the
optimal consumption bundle obtained by solving the utility
maximization problem is (cz,mz ) The magnitude of the substitution
effect is given by Am® =m, —my .

Ci+m; S yi— pi +aym (10)
(3) Decomposition Process 2: Measure the change in the demand
for healthcare services resulting from the alteration in

purchasing power induced by the price change, which
constitutes the income effect.

In contrast to Decomposition Process 1, the relative price of goods
faced by resident i remains increased from 1—a; to 1, but the
assumption of constant purchasing power is relaxed. The resident’s
income maintained at the initial level y; — p;. Under this new budget
constraint specified in Equation 11, solving the utility maximization
problem yields the optimal consumption bundle (C3,m3). The
magnitude of the income effect is quantified as Am" =m3 —my, .

Ci+m; < yi—pi (€3))

(4) Final Scenario: Assume the resident 7 is uninsured, facing a
relative price of healthcare services to composite goods of 1,
and has an income of y;. The budget constraint given by
Equation 12.

ci+m; < Yi (12)

Compared to Decomposition Process 2, the final scenario
incorporates the direct income increase due to the absence of
insurance premium payments, which also contributes to the income
effect. Under the budget constraint in Equation 12, utility
maximization yields the optimal consumption bundle (64,m4). The
total income effect is quantified as Am" =my —m; .

Overall, Am=m; —my captures the total difference in medical
expenditure for the same resident under insured versus uninsured
status. This gap can be decomposed into two components: a
substitution effect, driven by the change in relative prices, and an
income effect, reflecting the combined impact of the price change on
purchasing power and the income variation due to premium payment
status. The substitution effect, measured by Am’ =my —my ,
constitutes the primary focus of our study.
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Based on the above analysis, we propose the following approach
for estimating moral hazard. First, insured residents from the CFPS
are selected as our research subjects, with their observed medical
expenditure denoted as mj. By altering their budget constraint to
Equation 10 and resolving the utility maximization problem, we
construct a counterfactual scenario and obtain the optimal medical
expenditure under this counterfactual scenario, denoted as m,. A
comparison between my and m, provides an estimate of the
substitution effect, which is interpreted as the measure of moral
hazard. It is noteworthy that, as resident’s medical consumption
decisions are influenced by both self-selection and the physician’s
diagnosis, the moral hazard estimated in this study is derived from
both demand-side and supply-side. Accordingly, we propose
Hypothesis 2:

H,: Some residents’ m, is significantly less than their m, indicating
that these residents use less healthcare services and increase the
consumption of other goods under the counterfactual scenario; in
other words, these residents have a medical over-consumption in
the actual scenario and have moral hazard problems.

2.4 Estimation

2.4.1 Estimation for conditional probability
density
We use the 2020 and 2022 data from CFPS to estimate the

conditional probability density f ikt (a,», | ) and the partial derivative
f e (aie|mi .
%ﬂlu) in Equation 6 for the first step. Firstly, the fjx (a,-t|m,-t)

o

can be calculated by dividing the estimated by the probability density
of medical expenditure, as illustrated in Equation 13:

Y, fjkt (ait)mit)
fike (aig|my ) ===————= (13)
pellmi) Fike (i)

There are two methods to estimate population distribution by the
sample data: parametric and nonparametric methods. The former
requires assumptions about the specific form of population
distribution, such as normal distribution, Poisson distribution, or
binomial distribution. And the unknown parameters in the probability
density function are then obtained by calculating the sample’s
numerical characteristics. Therefore, the accuracy of parameter
estimation depends on the rational specification of the distribution
function form. To avoid biases caused by functional form
misspecification, we employ the nonparametric method of kernel
density estimation (KDE) for estimation, which is first proposed by
Rosenblatt (43). First, we employ the Epanechnikov kernel, which
theoretically minimizes the integrated mean square error (IMSE) as
the kernel function for our estimation. Second, given that the medical
expenditure data often exhibits a significantly right-skewed
distribution in reality, where a small minority bears the majority of
medical costs, the modified Silverman’s rule is employed as the basis
for selecting the optimal bandwidth (44). The conditional distribution
is calculated for a grid that breaks reimbursement percentages into
100 categories. Both more and fewer grids were used, with very little
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TABLE 3 The sensitivity analysis of kernel density estimation.

10.3389/fpubh.2025.1723767

Year Method @ Outpatientin = Outpatientin  Outpatient in Inpatient in Inpatient in Inpatient in
primary secondary tertiary primary secondary tertiary
hospital hospital hospital hospital hospital hospital
mijt ajt mjt ai mi, ai mi i Mis i Mis

Silverman
. 6.132 0.031 10.107 0.031 12.529 0.026 256.846 | 0.014 | 370.608 0016  408.183 | 0.022
rule

2020

Cross-

5.279 0.034 12.957 0.035 15.043 0.033 221051 | 0015 | 352257 0.020 387.731 | 0.026
validation
Silverman
k 9.723 0.035 9.492 0.033 12,611 0.029 250.540 | 0.026 = 318.907 0.018 379.709 | 0.021
rule

2022

Cross-
7.646 0.042 7.546 0.041 10.529 0.037 227.346 | 0.022 | 299.963 0.021 359.047 | 0.023
validation

The optimal bandwidths for the joint probability density )?jkt (a,'t ,m,'t) are reported in the table, with all values derived from computations performed in R (version 2022).

change in the estimates. Finally, we can derive the conditional
distributions f Tkt (a,-t I )

However, the results of kernel density estimation are closely
related to the choice of the optimal bandwidth (45). If the selected
bandwidth is too large, the estimated result becomes overly smooth
and may obscure distributional details (such as bimodality).
Conversely, if the bandwidth is too small, the estimated curve becomes
rugged and more sensitive to noise. To examine the sensitivity of our
KDE results, the cross-validation method was further employed to the
optimal bandwidth calculation. Taking the estimation of joint
probability density f ikt (a,-t M ) in Equation 13 as an example, Table 3
reports the optimal bandwidth calculated using the modified
Silverman rule and the cross-validation method, respectively. It can be
observed that for different years, types of medical services, and
hospital tiers, the optimal bandwidth values derived from the two
criteria show no significant differences, demonstrating the robustness
of our estimation results.

Taking the hospitalization reimbursement in 2022 as an example,
Figures 1A-C, respectively present the estimated probability density
distributions of the actual reimbursement rate for inpatient care in
primary, secondary, and tertiary hospitals during 2022. The figures
reveal that when the resident’s inpatient medical expense is low, the
probability of the actual reimbursement rate being zero is consistently
highest across all hospital tiers. As medical expenses increases, the actual
reimbursement rate exhibits an upward trend, progressively stabilizing.
This phenomenon is primarily attributable to the deductible threshold
provisions in the inpatient reimbursement policy, as discussed in the
Section 2.1. However, there are notable differences between the three
figures: Firstly, the probability of incurring high medical expenditure is
highest in tertiary hospitals and decreases progressively with lower
hospital tiers. Secondly, the actual inpatient reimbursement rate across
all expenditure levels demonstrates a declining trend as the hospital tier
increases. Specifically, the actual reimbursement rate for primary,
secondary, and tertiary hospitals concentrates at approximately 70, 60,
and 50%, respectively.

Based on the estimation of the conditional probability density, the
partial derivative of conditional probability density with respect to

aj} jkt (ait | )
Mg

total medical expenditure is then calculated according

to the definition of partial derivative in Equation 14.
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jjkt (ait|mit + Am) - ]}jkz (“it|mit )
Am

8} jkt (“it | )

14
o (14)

= lim
Am—0

2.4.2 Estimation for risk aversion coefficients
Subsequently, we substitute the estimates of fjx (a,-t|m,-t) and

5fA jkt (ait |t )

3 into Equation 6 to estimate the risk aversion coefficient
Mt

71 and 7, for the second step. According to the assumptions outlined
in Section 2.3.1, we first select variables related to the risk aversion
coefficients to group the population. Based on a review of relevant
literatures, we choice gender and individual’s educational level as the
grouping variables (41, 46, 47). Specifically, we classify residents with
high school education or above as a high-education-level group, while
classifying the remainder as a low-education-level group. The gender
grouping variable is then incorporated, ultimately resulting in # (n = 4)
subgroups.

In this section, we will implement the moment estimation method
to obtain the risk-aversion coefficient estimators 7;,, and 75,,. The core
idea of this method is to use sample moments to substitute the
population moments and then obtain parameter estimates; the
difference with the traditional method is that we do not make
assumptions about the specific form of the distribution of health status
but use the assumption that the distribution of each subgroup is
constant between the 2 years, that is, the random variables 920,, and
ézzn have the same distribution. The assumption adopted in our study
is consistent with the approach employed by Bajari et al. (38), Zhong
et al. (39), Wang and Zhu (40), thus validating its appropriateness.
Table 4 also presents the numerical characteristics of the self-assessed
health data from the CFPS for waves 2020 and 2022. As illustrated in
the table, the first to four central moments of the self-assessed health
variable-namely the mean, variance, skewness, and kurtosis-remain
relatively stable between the 2 years in each subgroup. And the results
of K-S test in Table 4 also indicate that, at the 10% significance level,
the null hypothesis that the self-assessed health data across different
subgroups share the same distribution between the 2 years cannot be
rejected, further validating the hypotheses.

Equation 15 is the formula for the mean of the health variables 8;
of group 7 in year t, where N, is the resident’s number (n=1,2,3,4;
t = 2020 and 2020). The first moment condition Equation 16 is
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FIGURE 1
The estimation of the conditional probability density distribution of inpatient in 2022. The x-axis of subfigure (A, B) and (C) represents the total medical
expenses of residents in primary, secondary and tertiary hospital, respectively; The y-axis of subfigure (A, B) and (C) represents the actual
reimbursement rate in primary, secondary and tertiary hospital, which is the ratio of actual insurance reimbursement amount to total medical
expenses; The z-axis shows the conditional probability density value.

formulated based on the difference in the mean of the health variables
between 2020 and 2022, where @ = (mit YitsPitof ikt ) .

1
He, (71n,7’2n)=ZZ"{N—@t(}’lm}’zn) (15)

nt
(@1 720)= 5, (1n72n) = 1, (Vins72n) (16)

Similarly, three other moment conditions can be constructed
using the variance, skewness, and kurtosis, respectively. The moment
conditions hy, h3, and hy are expressed in terms of the differences in
variance, kurtosis, and skewness of the health variables between 2022
and 2020.

Given that the health distributions of different subgroups remain
consistent over the two period, it follows that E [hl (a), }/)] =0
(I=1,2,3,4). The moment estimator 7, and 7,,, is defined as the value
that minimizes the sum of all four squared sample moment conditions,
which can be written as the objective function Equation 17. Referring
to Bajari et al. (38), the value intervals of the risk aversion coeflicients
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in this study were set as: 71n E[Lﬂ and 72n 5[1’9]. We divide equally
grids on the plane consisting of their possible values, and then
substitute each combination of grid values for y;,, and y,,, into the
sample moments. The optimal estimate is the one which makes the
sum closest to zero.

“aA A X 4
FwPan )= argminy | h? (17)

Table 5 illustrates the estimation of risk aversion coefficients of
subgroups, and the standard errors in parentheses are obtained by
bootstrap iterations. Bootstrapping is a self-service resampling
method that creates a “bootstrap sample” with the same size as the
original sample by sampling with the replacement. Then this process
is repeated several times to obtain a set of bootstrap samples, which
are used for statistical inferences. This method is used independent of
the population distribution and does not require assumptions about
it, which can effectively avoid the problem of invalid estimates due to
incorrect distribution assumptions. We conduct 100 bootstrap
iterations and perform the grid search under three different grid sizes.
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TABLE 4 Descriptive statistics of self-assessed health data in CFPS.

10.3389/fpubh.2025.1723767

Subgroup Male & low education = Male & high education Female & low Female & high

level level education level education level
Year 2020 2022 2020 2022 2020 2022 2020 2022
Min 1 1 1 1 1 1 1 1
Max 5 5 5 5 5 5 5 5
Mean 2.810 2761 2,572 2.595 3.057 3.028 2.688 2.722
Variance 1.520 1.542 1.073 1.061 1.59% 1.581 0.960 0.951
Skewness 0.152 0.204 0.203 0.223 0.006 0.067 0.178 0.251
Kurtosis 2.277 2.290 2,947 3.105 2.175 2.227 3.301 3.474
N 5,978 5,521 2,526 2,271 6,266 5,934 2,257 2,069
K-S Statistic 0.017 (0.894) 0.018 (0.283) 0.028 (0.157) 0.014 (0.986)

1-5 represent five levels of self-assessed health status, with the level of health decreasing as the level increases; The self-assessed health status value of 1 represents “very healthy,” 2 represents
“quite healthy,” 3 represents “relatively healthy,” 4 represents “fair,” and 5 represents “unhealthy.’; The null hypothesis of K-S test is the self-assessed health data in 2020 and 2022 have the same
distribution, and the alternative hypothesis is that the data in 2020 and 2022 do not have the same distribution, the p value in parentheses.

TABLE 5 Estimation for risk aversion coefficients.

Grids Male & low education Male & high education Female & low education Female & high education
level level level level
20*20 40*40 50*50 20*20 40*40 50*50 20*20 40*40 50*50 20*20 40*40 50*50
4.079 4.256 3.867 5.421 5.069 5.357 5.251 4.969 5.354 5.545 5.769 5.835
n (1.005) (0.945) (0.804) (2.053) (1.976) (2.028) (1.575) (1.342) (1.045) (1.765) (1.845) (2.118)
6.059 5.821 6.001 7.048 7.274 7.141 6.747 6.923 6.802 7.828 8.020 7.958
72 (1.073) (1.379) (1.505) (2.305) (1.907) (2.341) (1.045) (1.170) (1.027) (2.115) (1.789) (1.959)
N 11,499 4,797 12,200 4,326

Standard errors in parentheses.

The mean value of the estimates from 100 iterations is taken as the
final coeflicient estimates under different grid sizes.

The estimates derived from varying grid sizes show no significant
differences within subgroups; therefore, the average of the three grid-
size estimates is used as the final measure. Specifically, the risk
aversion coeflicients for composite goods and medical expenditures
are 4.067 and 5.960 for the male low-education group, and 5.282 and
7.154 for the male high-education group. Corresponding values for
the female low-education group are 5.191 and 6.823, and for the
female high-education group, 5.716 and 7.935. The results indicate,
first, that risk aversion coefficients for medical expenditures are
systematically higher than those for composite goods. A higher
medical utilization risk aversion coeflicient is consistent with the
notion that individuals are more risk averse with respect to their
health, as it often cannot be regained once lost. Second, significant
variations exist across subgroups. Females show higher risk aversion
than males for both categories of consumption, a result aligned with
the findings of Jianakoplos and Bernasek (47). Additionally, higher
education is associated with stronger risk aversion across consumption
types, which corroborates intuitive expectations.

3 Results
3.1 Test for adverse selection in URRBMI

Substituting the estimates in Section 2.4 into Equation 6, we can
finally calculate the latent health status of each resident. Provides
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descriptive statistics for the latent health status of the overall sample,
the insured and the uninsured in 2020 and 2022, respectively. The
columns (1) and (4) of Table 6 reveal that the mean of residents’
health status were 0.232 in 2020 and 0.252 in 2022, with both years
exhibiting identical minimum and maximum values of 0 and 1,
suggesting no statistically significant differences in health
distribution between the two periods. Table 6 also shows that the
mean of health status of the insured éw,,m,- is greater than that of the
uninsured é,,m,- in both 2020 and 2022. In other words, the insured
exhibit significantly lower average health levels compared to the
uninsured, confirming the presence of adverse selection in both
2020 and 2022. A longitudinal comparison across years further
reveals that in 2020, the mean of émm,i and énmi were 0.239 and
0.192, respectively-only a 0.047 difference. By 2022, the mean of
health status shifted to 0.263 for insured and 0.145 for the
uninsured, with the gap statistically expanding to 0.118. This
that healthier
increasingly opted out of insurance coverage in 2022 compared to

phenomenon indicates relatively residents
2020, suggesting exacerbated adverse selection issues during the
2022 enrollment.

Figure 2 further plots the distribution histograms of latent health
status for the insured and uninsured in 2020 and 2022. As illustrated,
both in 2020 and 2022, the group with a latent health status value of 0
accounts for the highest proportion, indicating that most of the
samples are in good health with no medical visits within the year,
which is consistent with the real-world situation. Secondly, the value
of latent health status is denser near 1 and less dense near 0 for the

insured group compared to the uninsured group. This indicates that
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TABLE 6 Descriptive statistics of latent health status’s estimations.

‘ é22urrmi

522nmi
Min 0 0 0 0 0 0
Max 1 1 1 1 1 1
Mean 0.232 0.239 0.192 0.252 0.263 0.145
Std. Dev 0.404 0.407 0.376 0.415 0.421 0.335
N 17,027 14,756 2,271 15,795 14,241 1,554

égo, égowrm/ and ézonm/ denote the latent health status of the overall, insured, and
uninsured samples in 2020, respectively; 09, @22 ;rrmj and @22nm; denote the latent
health status of the overall, insured, and uninsured samples in 2022, respectively.

more residents with poor health are pooled in the insured group.
Furthermore, Table 7 illustrates the results of K-S test. The results
reject the null hypothesis and support that the health distribution
function of the insured lies below that of the uninsured at the 1%
significance level. Combining the Table 6, Figure 2 with the K-S test
results, it can be concluded that the latent health status of the insured
has first-order stochastic dominance over the uninsured. Thus,
Hypothesis 1 is accepted; that is, the average health level of the insured
is lower than the uninsured, which means there is adverse selection in
the URRBMI.

3.2 Test for moral hazard in URRBMI

We employ the counterfactual scenario established in Section
2.3.3 to assess the presence and magnitude of moral hazard. If the
optimal medical expenditure derived under the counterfactual
scenario is lower than the resident’s actual medical expenditure,
confirming the presence of moral hazard. Furthermore, the difference
between actual medical expenditure and counterfactual expenditure
can serve as an estimate of moral hazard.

Table 8 provides descriptive statistics on the actual medical
expenditures that exceed the counterfactual expenditures for the
insured samples in 2020 and 2022. Among the 14,756 samples
enrolled in 2020, 46.63% of patients had actual medical expenditures
exceeding their counterfactual medical expenditures. This
proportion decreased to 44.76% in 2022, suggesting that this
segment of enrollees may had an over-consumption of medical
utilization. On average, this behavior increased resident’s medical
expenditure by 204.57 yuan, 13.8% of the actual medical
expenditure in 2020, and by 187.631 yuan, 10.6% of the actual
medical expenditure in 2022. The findings show no significant
differences compared to the results of relevant empirical research
and do not exhibit extreme estimates, thereby confirming the
plausibility of our findings (14, 16, 22, 26, 40). Based on the results,
our study identifies the presence of moral hazard in URRBMI; thus,
Hypothesis 2 is accepted. Additionally, a comparison of the moral
hazard between 2020 and 2022 reveals a significant decline in its
magnitude by 2022. Specifically, the proportion of medical over-
consumption to the actual medical expenditures decreased by
approximately 3.2. This phenomenon may be associated with the
implementation of China’s Diagnosis-Related Groups (DRG) and
Diagnosis-Intervention Packet (DIP) payment reforms since 2020.
Section 3.3 will further analyze the correlation between these
reforms and the observed decline in moral hazard, exploring the
underlying mechanisms.
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Prior studies indicate that moral hazard is associated with
individual characteristics such as gender, income, health status,
education, and marital status. We therefore examine heterogeneity in
moral hazard by grouping individuals based on these socioeconomic
and demographic factors, additionally incorporating the variables of
individuals” health risk awareness-proxied by exercise and smoking
habits. Figure 3 plots the empirical cumulative distribution function
of medical over-consumption share in each group. Subfigures (A)-(E)
show similar distributions by gender and marital status, but significant
differences by age, income, education, and health status. For example,
subfigure (A) reveals first-order stochastic dominance in the group
with people over 65, indicating more severe moral hazard relative to
younger individuals. Similarly, the moral hazard problem is more
severe among groups with higher incomes, higher education levels, or
poorer health status. Additionally, subfigures (F) and (G) show no
significant difference by health habits. This can be primarily attributed
to the fact that our estimation reflects the ex-post moral hazard, which
may uncorrelated with these ex-ante health risk variables.

3.3 Further discussion of moral hazard

Moral hazard in medical insurance, particularly its extent and
manifestations on the supply side, is closely linked to the payment
method of medical insurance (48). In 2021, the National Healthcare
Security Administration of China formulated the “Three-Year Action
Plan for DRG/DIP Payment Reform,” requiring all coordinated
regions to implement the reform by 2024 (49). Since then, multiple
provinces introduced their local DRG/DIP payment reform measures
in 2022. As the sample selected in our study spans the periods before
and after the reform, and the estimation of moral hazard showed
significant changes between the 2 years. We further employ the DID
regression to analyze the causal relationship between payment reform
and the decline in moral hazard, in order to provide targeted
recommendations for addressing the moral hazard issues. We identify
21 provinces as the treatment group, where the reform had been
implemented in most of their city-level coordinated regions by the end
of 2022. The remaining 10 provinces, serve as the control group. The
DID regression model is specified as Equation 18:

Yipr =ag +aqTreat, * Posty + X,fpt0+ Z;,t19+/1, +ipt (18)

Ypr is the dependent variable, representing the medical over-
consumption induced by moral hazard for resident i at province p in
year t, which can derive from Section 3.2. In order to investigate the
influence mechanism, Yy, also include the resident’s outpatient and
inpatient expenditure, fund payment, and out-of-pocket payment;
Treatp, is a dummy variable indicating whether province p
implemented the reform in 2022 (taking 1 if reform implemented, and
0 otherwise); Post; is a time dummy variable, taking the value 0 for
2020 and 1 for 2022; X, and Zj; are the individual-level and
province-level control variables; 4; denotes the time-fixed effects and
Gipt is the random error term. The coefficient o captures the net effect
of the reform on the dependent variables.

However, the reform implementation across provinces was not
randomly assigned but a result of governmental arrangements based
the local medical and economic conditions. These factors may also
affect the dependent variables, thereby creating the endogeneity issues.
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FIGURE 2
Distribution curves of latent health status. The x-axis of subfigure (A) and (B) represents the latent health status of samples in 2020 and 2022,
respectively; The y-axis shows the value of probability density; The blue bars represent the samples without medical insurance, and the yellow bars
represent the samples enrolled in the URRBMI.

TABLE 7 Two-sample Kolmogorov—Smirnov test.

K-S statistic Null hypothesis Alternative Outcome
hypothesis
2020 0.123 0.000 urrmi and Gpmj have the ‘ The CDF of g7 lies below Reject the null hypothesis ‘
2022 0.188 0.000 same distribution that of Opm;j Reject the null hypothesis ‘

TABLE 8 Descriptive statistics of medical over-consumption.

Actual medical Counterfactual Medical over- Medical over-
expenditure medical expenditure consumption consumption share
Min 2 1.714 0.286 0.000
Max 55,000 52,922.050 5,275.519 0.226
2020 Mean 1,693.258 1,488.688 204.570 0.138
Std. Dev 2,837.256 2,555.788 316.603 0.024
N 6,880 6,880 6,880 6,880
Min 1 0.887 0.112 0.000
Max 80,000 75,690.030 5,795.035 0.201
2022 Mean 2,100.173 1,912,542 187.631 0.106
Std. Dev 4,183.504 3,872.021 353.621 0.024
N 6,374 6,374 6,374 6,374

Medical over-consumption is the proportion of actual medical expenditure higher than counterfactual medical expenditure, serving as a measure of moral hazard; Medical over-consumption

share is the amount of medical over-consumption as a proportion of the actual medical expenditure.

For example, economically developed regions may contain larger
populations with higher income or education levels, that may relate to
the moral hazard. To address this issue, we apply the Propensity Score
Matching (PSM) method to construct a control group with individual
characteristics similar to the treatment group, then perform the DID
regression using the matched sample.

The procedures of PSM are as follows: First, we estimate the
propensity score using a logit model, which represents the
conditional probability p(Xi) = P(Treat,- =1X= X,-) that resident i
is assigned to the treatment group given the covariates X;. The
covariates we select are listed in Table 9, which are the observable
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variables that influence whether an individual enters the treatment
group and may also affect the outcome variable. Finally, we perform
the one-to-one nearest neighbor matching using the propensity
score as the distance metric.

Figure 4 presents the covariate balance test results, showing a
substantial reduction in differences between the two groups across
most covariates after matching, which indicates satisfactory matching
quality. As shown in Figure 5, the common support test confirms that
most observations in both the treatment and control groups remain
within the common support region, implying that the matching
procedure avoided a significant loss of sample size. Using the matched
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FIGURE 3
The x-axis represents the medical over-consumption share, and the y-axis shows the value of the cumulative distribution function; We divide samples
into high-income and low-income groups according to whether income levels exceed the overall average; We classify individuals with high school
education or above as a high-education-level group, while classifying the remainder as a low-education-level group; Using the resident’s actual health
status measured in Section 3.1, samples are divided into two groups based on the mean of overall health levels; Residents who reported never
engaging in physical exercise in the past 12 months are categorized as a no-exercise-habit group, with the remainder classified as an exercise-habit
group; We employ “whether smoked in the past month” as the measurement criterion for resident’s smoking habit.

sample constrained to the common support range, we conducted a
DID regression. The results are reported in Table 10.

Columns (1) and (2) of Table 10 report the impact of the reform
on the amount of medical over-consumption and its share in actual
medical expenditure, respectively. The results demonstrate that the
2022 medical insurance payment reform significantly reduced
moral hazard-induced overuse, decreasing it by 7.4% and its share
by 0.02 percentage points. Further analysis of outpatient and
inpatient expenditures shows that the reform reduced inpatient
insurance fund payments and total inpatient costs by 14.6 and
15.7%, respectively. In contrast, it raised patients’ out-of-pocket
payments and total outpatient costs by 4.2 and 3.6%, while having
no statistically significant impact on outpatient insurance
fund payments.

To interpret these findings, we briefly explain the mechanisms of
DRG/DIP payment system. First, the reform applies exclusively to
inpatient care. Taking DRG payment as an example, patients within the
same diagnostic group are subject to a fixed payment standard, and any
expenses exceeding the standard must be borne by healthcare providers.
Under this system, physicians will face the financial risk associated with
the excessive prescribing of medications or examinations for the
inpatients, which can significantly mitigate the supplier-side moral
hazard. Second, to alleviate financial pressures, physicians may shift
certain services, such as the pre—admission examinations, treatments
for mild cases, and post-discharge management to outpatient
departments, leading to spillover effects on outpatient costs. The DID
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regression confirms the significant role of payment reform in reduced
both inpatient insurance expenditures and total costs, demonstrating
the reform’s effectiveness. On the other hand, it also indicates that the
reform exerts a minor spillover effect on outpatient expenses. Since our
measure of moral hazard encompasses both outpatient and inpatient
services, the results further reveal that the reform primarily curbs moral
hazard by reducing insurance expenditures on inpatient services,
effectively standardizing the physician behavior.

4 Discussion

In this study, we estimated adverse selection and moral hazard
within the URRBMI under a unified analytical framework. First, we
constructed and solved a utility maximization model for resident’s
medical consumption, and then estimated the unknown variables and
parameters using the kernel density estimation, moment estimation
and bootstrap methods. This allowed us to derive an estimate of
resident’s latent health status. The adverse selection was tested by
comparing the health status distributions between insured and
uninsured groups. By comparing the distribution of health status
between the insured and the uninsured, we obtained evidence of
adverse selection both in 2020 and 2022. Additionally, despite
enhanced reimbursement benefits, the adverse selection intensified in
2022, largely due to a concurrent substantial increase in individual
premium payments.
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TABLE 9 Selection and definition of covariates.

Variable type Variable name

Medical level

10.3389/fpubh.2025.1723767

Variable definition

Number of medical personnel per 1,000 population

Number of general practitioners per 10,000 population

Number of hospital beds per 1,000 population

Provincial characteristic
Economic level

The natural logarithm of per capita GDP

Financial pressure on medical insurance fund

The revenue-to-expenditure ratio of UEBMI

The revenue-to-expenditure ratio of URRBMI

Basic individual characteristics

Age, Gender, Income, Educational level, Marital status, Number of

children, Insurance type, Health status

Individual characteristic

Smoking habit (Measured by whether the individual smoked in the
past month; Yes/No)

Drinking habit (Measured by whether the individual consumed
alcohol in the past 3 months; Yes/No)

Exercise habit
Children number
Insurance type
Education level {--
Income level
Midday nap habit
Health level

Habit of stay-up-late
Smoking habit
Drinking habit |-

Health habit variables Exercise habit (Measured by whether the individual engaged in
physical exercise in the past year; Yes/No)
Habit of taking a midday nap (Yes/No)
Habit of staying up late (Defined as going to bed after 11:00 p.m.;
Yes/No)
InGDP (per captial)
URRBMI
UEBMI
General practitioners
Hospital beds
Medical personnel
Marriage status
Age
Gender |-

-1 ® Unmatched
x Matched

-5 0

FIGURE 4

T T

T
5 10 15 20

Standardized % bias across covariates

Plot for covariate balance test. The UEBMI and URRBMI in this figure represent the revenue-to-expenditure ratio of Urban Employee Basic Medical
Insurance fund and Urban and Rural Resident Basic Medical Insurance fund, respectively.

Subsequently, based on our model and the Slutsky decomposition
theory, we constructed a counterfactual scenario to measure the moral
hazard in URRBMLI. By comparing counterfactual with actual medical
expenditures, we identified significant moral hazard in both 2020 and
2022. The excessive medical consumption attributed to moral hazard
averaged 204.57 yuan in 2020, accounting for 13.8% of the actual
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spending. By 2022, this proportion declined to 10.6%. DID regression
further confirm that the reduction in moral hazard is associated with
the payment system reform of DRG/DIP initiated in 2022. By curbing
inpatient insurance expenditures, the reform has standardized
physicians” diagnostic and therapeutic behaviors, thereby effectively
mitigating the moral hazard. Finally, the heterogeneity test results
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FIGURE 5
Plot for common support assumption test.

suggested that the moral hazard was more severe among enrollees
who were older adults, had higher incomes, were in poorer health, or
had higher education levels.

Based on our findings, we propose the following recommendations
to mitigate excessive medical resources consumption and strengthen
China’s medical insurance system. First, although the reimbursement
benefits of URRBMI have improved, the substantial increase in individual
premiums has considerably dampened enrollment willingness among
healthier residents. The government should therefore enhance premium
subsidies while continuing to improve benefits. Second, since the
URRBMI enrollment relies heavily on mobilization by communities or
village committees, these entities can heighten residents’ awareness of
health risks alongside their understanding of medical insurance through
outreach campaigns and household education sessions, thereby
intensifying enrollment mobilization efforts. Although expanding
insurance coverage can improve population health, it may also exacerbate
excessive medical resources consumption due to moral hazard. Therefore,
China should strengthen the promotion of payment reforms, continuously
optimize them during implementation, and ultimately establish a
comprehensive, efficient, and sustainable payment mechanism.

In this study, we creatively used the model to estimate and
compare the latent health status of residents when testing adverse
selection, which is more accurate than using subjective data from
questionnaires. Furthermore, in estimating the model’s unknown
parameters, we diverged from prior researches by employing the semi-
parametric estimation approach. This method not only allowed us to
flexibly specify the insurance reimbursement schedules but also
avoided the bias caused by function mis-setting. Finally, to test moral
hazard, the behavioral changes of residents after enrollment were
studied by constructing a counterfactual scenario. On the one hand,
we assumed that the resident’s health status did not change in the
counterfactual scenario. Therefore, there was no adverse selection
among the factors that may lead to this excessive medical resources
consumption. On the other hand, we employed the Slutsky
decomposition to eliminate the influence of the income effect, thereby
excluding the impact of the release of normal medical demand due to
insurance enrollment on the estimation of moral hazard. The
methodological approach adopted in our study yields accurate
estimates of both adverse selection and moral hazard, offering a
conceptual framework for subsequent researches.
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TABLE 10 DID regression results on the impact of medical insurance payment reform.
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logarithm in the regression; The resulting estimated coefficients can be interpreted as the percentage change in the dependent variables induced by the reform. Standard errors in parentheses and the “*, **, #*#” indicate that the coefficients are significant at 10%, 5%,

The medical over-consumption is log-transformed (natural logarithm) in the regression to mitigate potential heteroscedasticity; And to avoid data loss, we add one to the total medical expenditure, fund payment and the out-of-pocket payment before taking the
and 1% significance levels, respectively.
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5 Limitation

Our study also has some limitations. First, we employed a grouped
estimation method in the process of risk aversion coefficient
estimation. Although this method can, to some extent, reflect the
heterogeneity of risk aversion coeflicients across different groups, it
still falls short of fully explaining the differences in risk aversion
coefficients among individuals. Additionally, the selection of grouping
variables for risk aversion coefficient is based solely on relevant
literatures, without conducting a more precise selection through
correlation analysis of the factors influencing the coefficients. And the
grouping method also demands a large sample size. While more
refined grouping can better approximate real-world conditions, it
simultaneously reduces the number of samples in each subgroup,
compromising estimation validity. Due to sample size constraints, we
only selected two characteristic variables for grouping. Overall, the
rough selection of grouping variables and the small sample size are key
limitations of the grouping method and represent an important
direction for future research optimization.

Second, when investigating the causal relationship between the
DRG/DIP payment reform and the decline in moral hazard, our study
divides the sample into treatment and control groups based on
whether the province where the sample is located has implemented
the payment reform. However, in some provinces, the reform has been
rolled out gradually-i.e., piloted in certain cities before being expanded
across the province. As a result, classifying treatment and control
groups at the city level would be more accurate. The CFPS database
does not publicly release the district or county-level data to maximize
the protection of respondents’ privacy. The unavailability of this data
thus constitutes a significant limitation for this part of the research.
When such data becomes available, this represents a potential
direction for future research refinement. Additionally, due to the
limited availability of variables, we only provide a preliminary
exploration of the mechanism through which the payment reform
affects moral hazard. However, the impact of payment reform also
encompasses many other dimensions, such as its influence on the
types and costs of medications and examination prescribed by
physicians, as well as potential issues such as “upcoding” and
“admission splitting” These factors may all affect the degree of moral
hazard. Research on the correlation between medical insurance
payment reform and moral hazard is currently a key topic and
warrants further in-depth investigation.
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