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Introduction: Private health insurance (PHI) is an important supplement to the basic health

insurance schemes in the Chinese healthcare system. However, there is an absence of

evidence on whether the strategy of engaging PHI to reduce burden is effective in China.

As such, we aimed to investigate the association between supplemental PHI and the out-of-

pocket (OOP) burden of household healthcare expenditure in China.

Methods: We conducted a panel data analysis using data from three waves of China Health

and Retirement Longitudinal Study (CHARLS). Specifically, a two-part model (TPM) with

a first-stage probit and second-stage generalized linear model (GLM) framework was used to

analyze the data. To account for individual-level random effects in both stages and their

correlation in the TPM analysis, we proposed a generalized structural equation modeling

(GSEM) approach to implement the estimation. The proposed approach allowed us to

simultaneously analyze the association of PHI with the probability of having any healthcare

and the OOP burden conditional on having any healthcare expenditure.

Results: Using the GSEM estimates, we found that supplemental PHI was significantly

associated with a higher probability (4.29 percentage points) of having any OOP healthcare

expenditure but a lower OOP burden conditional on having any expenditure (−2.37 percen-

tage points). Overall, supplemental PHI was insignificantly associated with a lower OOP

burden (−1.05 percentage points).

Discussion: Our findings suggested that supplemental PHI in China may be able to

effectively improve access to healthcare while keeping the OOP healthcare expenditure

burden flat. Also, GSEM is a feasible method to estimate random-effect TPMs.
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Introduction
Although the basic public health insurance coverage in China increased from 50%

to a near-universal rate of 95% during 2005–2011,1,2 the high out-of-pocket (OOP)

rate associated with public health insurance that ranges from 40% to 70% remains

a financial challenge to patients with severe illness.1,3,4 In the meantime, the

government medical insurance fund is running on a tight budget in the context of

a continuously aging population.5,6 As an attempt to avoid overloading itself, the
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government has proposed a “multi-level health insurance

system” in which public health insurance is supposed to

secure basic healthcare need and private health insurance

(PHI) is an important supplement that mainly focuses on

high-cost care.7 However, the coverage rate of supplemen-

tal PHI in China has barely reached 4%.1,3

Naturally, the scheme of supplementing public health

insurance with PHI only works if PHI can effectively

improve access to costly service, reducing the OOP burden

or both. However, empirical evidence on the association of

the current supplemental PHI in China with the burden of

out-of-pocket (OOP) healthcare expenditure is still absent

in the literature. In addition, such association cannot be

inferred using evidence from other regions because the

regulation of the PHI market and the PHI plans in China

are not comparable. For example, discrimination based on

pre-existing conditions is not prohibited in the Chinese

PHI market. In addition, PHI policies usually do not pro-

vide real-time reimbursement based on actual service

costs. Instead, they pay a lump sum for a narrow set of

conditions if the diagnosis and its eligibility for reimbur-

sement is confirmed.4,8 Once the one-time benefit is

claimed, the renewal of enrollment becomes unlikely.4

Therefore, the enrollees who survive a health shock will

possibly become exposed to potential future financial risk

because of losing the supplemental PHI coverage.

These aspects of supplemental PHI in China raise

several theoretical concerns that may undermine its finan-

cial protection effect. First, the absence of real-time reim-

bursement and the lack of a priori knowledge of the

reimbursement eligibility of the services in need can

make patients cautious about using services because

there is a risk that a patient is not reimbursed subsequently.

Second, the lump sum payment may reserve individual

motivation to spend frugally because any remaining cash

becomes the beneficiary’s wealth. Finally, the lack of

commitment to continuous enrollment by the commercial

insurers may disincentivize highly risk-averse individuals

to claim the benefit if these individuals expect more costly

medical occurrence in future.

Given these atypical properties of PHI in China, it is

important to obtain China-specific empirical evidence on

the association between PHI and the burden of OOP

healthcare expenditure. Hence, the primary objective of

the present study is to investigate whether PHI in China

is associated with a lower burden of OOP healthcare

expenditure. We define burden as the proportion of OOP

healthcare expenditure out of total household

consumption, which is the same metric that catastrophic

healthcare expenditure is based on.9

In the current analysis, we used the China Health and

Retirement Longitudinal Study (CHARLS) data. CHARLS

is an aging survey of 45 years and older people and their

spouses in China that used a multistage probability sam-

pling to allow nationally representative estimates.3,10,11 The

longitudinal surveys collected healthcare expenditure and

total household consumption data from the respondents,12

which allowed us to exploit the panel structure of the data.

However, at least two challenges can arise in the analysis of

healthcare expenditure using panel data. The first challenge

is that expenditure data is often semi-continuously distrib-

uted such that they have a large mass at zero, making

single-index models inappropriate. In cross-sectional ana-

lyses, two-part models (TPMs) are often used to model two

data-generation processes of which the first one predicts

incurrence of expenditure and the second one predicts the

intensity of expenditure conditional on having any.13

The second challenge is treating individual-specific effects

in panel data. In econometrics, there are two general

approaches to individual-specific effects in the analysis of

panel data, namely fixed effects model and random effects

model.14 To generate consistent estimates of coefficients,

the two approaches make different assumptions about the

correlation between unobserved individual-specific effects

and included variables.15 Fixed effects models assume the

unobserved individual-specific effects are time-invariant but

correlated with the independent variable of interest, whereas

random effects models assume the unobserved individual-

specific effects can be time-varying yet uncorrelated with

the independent variable of interest.16 With a few excep-

tions where conditional maximum likelihood estimators

exist, fixed effect estimators including the first difference

estimator, the within-group estimator and the dummy vari-

able approach are biased in nonlinear models with small

group sizes.14,17 Therefore, we focus the present analysis

using random effects. In particular, we propose a new

approach to implement TPMs with random effects, which

is the secondary objective of the present study.

Review of Related Literature
Review of the Association Between Supplemental

PHI and the Burden of OOP Healthcare Expenditure

To our knowledge, the association between supplemental

PHI and the burden of OOP healthcare expenditure have

not been specifically investigated in the literature in China

or other countries. However, such association has been
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examined as part of studies on other topics in two US

studies. Gross et al18 found that, among poor Medicare

beneficiaries, those who had supplemental PHI had

a significantly higher average OOP spending than those

who did not have supplemental PHI. By contrast, Goldman

and Zissimopoulos19 found that Medicare beneficiaries

with supplemental PHI spent significantly less out of

pocket than those without. Evidence on the association

between having PHI and OOP spending in other regions

has yet to be documented.

It should be noted that these studies did not investigate

the proportion of total household consumption spent as

OOP healthcare expenditure. The latter is arguably

a better measure of household financial burden because

the same amount of payment can cause drastically differ-

ent consequences to different families.9,20

It is also worth reiterating that the effects of supple-

mental PHI heavily depend on the institutional settings.

Especially, the Chinese PHI market is different from the

PHI markets in the western countries for the reasons

aforementioned. In addition, to what extent the basic

health insurance addresses healthcare need can affect the

behavior of supplemental PHI beneficiaries.21 Hence, the

findings in the US do not necessarily bring implications to

Chinese policymakers.

Review of TPMs and Random Effects in

TPMs
In a cross-sectional setting without random effects, the

TPM separately models

I Yi>0ð Þ ¼ f W
0
iθþ �i

� �
(1)

and

Yi Yij i0 ¼ g W
0
i δþ μi

� �
(2)

where Yi is the semi-continuous outcome variable, I() is an

indicator of the condition in the parentheses, and Wi is

a vector of independent variables. A TPM with a logistic or

probit first part and a generalized linear model (GLM) second

part is among the most popular specifications in health

econometrics.22 However, other specifications such as ordin-

ary least squares (OLS) and log-transformed models can be

used in the second part depending on the distribution of

explained variables.22 For healthcare expenditure data, nat-

ural logarithm is considered the appropriate link in the

GLM.22 Advantages of using a GLM with a log link com-

pared with OLS and the log-transformation of expenditure

data, respectively, are that GLM allows non-negative yet

skewed distribution and circumvents the retransformation

bias issue of coefficient estimates to costs.13 The specifica-

tion of the TPMmodel with a probit-GLM framework would

take the following form if the data were cross-sectional and

lacked random effects:

Φ�1 Pr Yi>0jWið Þ½ � ¼ W
0
iθ (3)

log E YijYi>0;Wið Þ½ � ¼ W
0
i δ (4)

where Φ�1 is the probit link function. Combining the two

equations, we have

E YijWið Þ ¼ Pr Yi>0jWið Þ � E YijYi>0;Wið Þ (5)

The coefficients in TPMs do not represent the magnitude

of effects in the original scale of the dependent variable

and are therefore not necessarily of interest to researchers

and policymakers. The marginal effect (incremental effect

for dichotomous variable, Appendix 1; for simplicity, both

are referred to as marginal effects in the rest of the paper),

which denotes the change in Yi in response to a unit

change in the jth independent variable, wij, is more inter-

pretable than coefficients. With equations (3) and (4), the

marginal effect is

@Yi
@wij

¼ @½r Yi>0ð Þ � PE YijYi>0ð Þ�
@wij

¼ Pr Yi>0ð Þ @E YijYi>0ð Þ
@wij

þ E YijYi>0ð Þ @Pr Yi>0ð Þ
@wij

¼ Pr Yi>0ð ÞδjE YijYi>0ð Þ þ E YijYi>0ð ÞθjϕðW 0
iθÞ

(6)

where θj and δj are the coefficients of wij in the first

and second equations of the model, respectively. Not only

the total marginal effects need to take into consideration the

effects of wij in both the first part and the second part, but

also the standard error estimation of the total marginal

effects should incorporate the uncertainty in both equations.

The closed form solution of the standard errors of the total

marginal effects is highly complicated if not impossible.

Hence, the standard error is usually estimated using the

delta method,23 which involves the variance-covariance

matrices of the estimates from both equations. This addi-

tional complication makes it undesirable to separately esti-

mate the two equations because obtaining the covariance of

the two sets of estimates and manually combining the

variance-covariance remains a challenge. Modern statistics

software such as Stata have routines to estimate TPMs

coefficients in cross-sectional settings in one step.13 In
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fact, the Stata routine even estimates the total marginal

effects and their standard errors in cross-sectional settings.13

When unobserved individual-specific random effects

are accounted for in the TPM using panel data, the

model specification would be

Φ�1 Pr Yit>0jWitð Þ½ � ¼ W
0
itθþ Vi (7)

log E YitjYit>0;Witð Þ½ � ¼ W
0
itδþ Ui (8)

where Vi and Ui are the random intercepts in the two

equations for the ith individual and were assumed to be

uncorrelated with Wi. To our knowledge, there are cur-

rently no routines in any package to estimate the TPMs

with random effects. Several potential approaches to esti-

mate TPMs with random effects have been proposed.

Olsen and Schafer24 used a logistic model first part and

an OLS second part, and assumed the random intercepts to

be jointly normally distributed. Tooze, Grundwald, and

Jones proposed a similar approach but used a log-

transformed linear model for the second part.25 However,

both of these approaches not only required manual assem-

bly of the likelihood function but also lacked the capacity

to accommodate GLMs in the second part. More recently,

Liu et al extended the previous approaches and developed

the likelihood function for the TPMs in which the first part

was a logistic regression and the second part was a GLM

with a generalized gamma distribution.26 In their

approach, the unobserved individual-specific random

effects also had a joint normal distribution. Like the pre-

vious approaches, the approach proposed by Liu et al

required setting up the likelihood function manually. In

addition, all the methods proposed so far did not mention

how to obtain the marginal effects and the standard errors

of the marginal effects following the coefficient estima-

tion. In this study, we propose to implement TPMs with

random effects as generalized structural equation models

(GSEMs) that are easy to implement and can estimate

marginal effects and their standard errors without sophis-

ticated additional steps, which are described with more

details in the methods section.

Methods
Data
The present analysis used data from the 2011, 2013 and

2015 waves of CHARLS. CHARLS is an aging survey of

45 years and older Chinese and their spouses in China that

used a multistage probability sampling to allow nationally

representative estimates.3,10,11 In the survey, respondents

were asked about 1) socioeconomic information including

age, sex, education, residence (rural or urban), income,

total household consumption, and health insurance sta-

tus; 2) health information including self-reported general

health, thirteen physician-diagnosed chronic conditions,

memory problem, had any hospitalization in the

past year, had any outpatient visit in the past month, and

household out-of-pocket healthcare expenditure; and 3)

behavioral questions including smoking status and alcohol

ingestion frequency. More information on CHARLS has

been described elsewhere.10,27 To investigate the proper-

ties of PHI as supplemental insurance, we used the sub-

sample that had public health insurance coverage at all

interviews in this analysis. Household consumption and

health care expenditures were only asked of the family

respondents who were the family members that answered

household questions on behalf of their families. In addi-

tion, we excluded the responses that reported non-positive

or missing total household consumption. Hence, the final

analytical sample was not necessarily a balanced panel

because a response of certain individuals might have

been excluded from analyses while the rest responses of

the same individuals might have been included.

Empirical methods
We examined the association between supplemental PHI

and household OOP healthcare expenditure as percentage

of total household consumption. To that end, we estimated

a TPM with random effects using the probit-GLM frame-

work and proposed a GSEM approach to implement the

estimation. Based on equations (7) and (8), our specifica-

tion of the model was the following:

Φ�1½PrðHCPit>0jPHIit;XitÞ� ¼ α0 þ α1PHIit þ X
0
itα2 þ Vi

(9)

log½EðHCPitjHCPit>0;PHIit;XitÞ� ¼ β0 þ β1PHIit

þ X
0
itβ2 þ Ui

(10)

whereHCPit is OOP healthcare expenditure as percentage of

total household consumption, HCPit>0 means having any

OOP household healthcare expenditure, Vi and Ui carry the

same meaning as in equations (7) and (8), and Xit is a vector

of controlled variables. Specifically, Xit represented 1)

age; 2) whether the respondent’s residence area was

rural; 3) annual income (in ¥1000); 4) health information

including a self-reported general health variable and
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indicators of thirteen chronic diseases; and 5) health-related

risk behavior including smoking and alcohol ingestion fre-

quency (daily or more often). The self-reported general

health question had five categories (1 excellent, 2 very

good, 3 good, 4 fair, 5 poor).When conducting the regression

analyses, we created a general health indicator variable for

fair or better health status because the median category was

fair. The indicator for rural residence area was the only time-

invariant variable we included. Sex and education were also

attempted to be included as time invariant variables.

However, including these variables led to multicollinearity

and failure of identification. Hence, sex and education were

not included in the regressions. Again, equation (9) is a probit

model and equation (10) is a GLMwith a gamma distribution

and a log link. Following the rationale of random effects

models, our identifying assumption was that Vi and Ui were

uncorrelated with PHIit conditional on Xit. We simulta-

neously estimated equations (9) and (10) of the TPM with

random effects as a GSEM of which the structure is illu-

strated in Figure 1. GSEM can be used to estimate a series of

correlated equations simultaneously. One of the important

features of GSEM is that some or all of the equations in the

structure can take nonlinear forms, such as probit and

GLM.28 Hence, a TPM can be implemented using the

GSEM approach by specifying the equations the same way

as the preferred TPM framework. Another important feature

is that some equations in the structure are allowed to use

subsamples yet all the equations can still be estimated

simultaneously.28 For example, GSEM can be used to esti-

mate a Heckman sample selection model of which the first

equation used the full sample for the analysis of selection and

the second equation used a subsample of the first equation for

the analysis of the intensity of the continuous part.28 This

feature is also desirable in the estimation of TPMs because

a TPM resembles a Heckman model in that the second equa-

tion uses a subsample of the first equation. A third important

feature that can specifically be exploited by a TPM with

random effects is that individual-level random effects can

be specified as latent variables.28 The first and the second

features allow the GSEM to estimate a conventional TPM,

but the third feature additionally enables the GSEM to esti-

mate a TPM with random effects. In the GSEM, the indivi-

dual-specific random effects, Vi and Ui, were considered

individual-specific latent variables that had a joint normal

distribution conditional on the observed variables:28

Vi

Ui
jPHIit;Xit

� �
,N

0
0

� �
;

σ2V σVU
σVU σ2u

� �� �
(11)

With that, it is possible to identify the parameters of the

structure using maximum likelihood by including the con-

ditional density functions of Vi and Ui in the likelihood

function. Once the coefficients were estimated, the mar-

ginal effect of the independent variables can be estimated

as predictions of user-specified expressions by program-

ming the “margins” routine in Stata to calculate the corre-

sponding formulas (eg equation 6). The “margins” routine

then estimated the standard errors of the predictions of

user-specified expressions using the delta method

(Appendix 2) as its built-in capacity. As byproducts of

the TPM, the association of supplemental PHI with the

probability of having any OOP household healthcare

expenditure and the association of supplemental PHI

with the burden of OOP healthcare expenditure among

those who had any were also estimated in the first

and second equations, respectively.

We also implemented two alternative estimation

approaches of the same TPM framework. In the first

alternative estimation approach, we separately estimated

the first-stage probit and the second-stage GLM each of

which incorporated individual-level random effects.

A major drawback of this method was that the total mar-

ginal effects and their standard errors could not be esti-

mated. Another drawback was that the correlation between

the random effects could not be accounted for. The second

alternative approach was a TPM without random effects

estimated using the Stata TPM routine,13 which was able

to estimate the two equations of the TPM simultaneously.

However, an extra issue of the TPM routine beyond not

taking into account the random effects was that it could
Figure 1 Structure of the generalized structural equation model (GSEM) used to

estimate the two-part model (TPM) with random effects.
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not separately estimate the marginal effects in each of the

steps although it was able to estimate the total marginal

effects.

All analyses were carried out using Stata (version 15;

Stata Corp, College Station, TX, USA).

Results
We identified 24,301 responses representing 9032 indivi-

duals that met our inclusion and exclusion criteria.

Respondents reported having supplemental PHI in 480

(1.83%) of the responses. Descriptive statistics of the

analytical sample are shown in Table 1. Respondents

who reported having supplemental PHI were significantly

younger (mean: 53.9 vs 59.3 years, p<0.001), less likely to

live in rural areas (48.7% vs 66.5%, p<0.001), and less

likely to be in poor self-reported health status (14.3% vs

22.5%, p<0.001). Also, PHI beneficiaries had significantly

higher annual income (mean: ¥9633 vs ¥3927, p=0.001).

More, the percentages of PHI beneficiaries who reported

having any hospitalization in the past year (11.1% vs

11.5%, p=0.815) and having any outpatient visit in the

past month (20.4% vs 20.5%, p=0.992) were similar to

those of non-PHI beneficiaries. When examined descrip-

tively, the households of the respondents who had supple-

mental PHI were significantly more likely to have any

OOP healthcare expenditure (63.8% vs 57.2%, p=0.004)

yet had a significantly lower burden of OOP healthcare

expenditure (12.6% vs 15.2%, p<0.039).

The estimates of the parameter coefficients in the first-

stage probit model and the second-stage GLM using the

three different methods are presented in Table 2. Since the

coefficients themselves do not provide inferences, they are

not described here. However, it is noteworthy that the

coefficients of supplemental PHI were comparable in mag-

nitude across methods. It should also be called out that the

association between supplemental PHI and the burden of

OOP healthcare expenditure conditional on having any

OOP healthcare expenditure in the second-stage GLM

was not significant whereas it was significant in the two

methods that incorporated random effects. In addition, the

correlation between the random effects across the first and

the second steps were not significant.

The estimates of the total marginal effects and the

marginal effects in the first and second steps are listed in

Table 3. The GSEM estimator showed that having supple-

mental PHI was associated with a higher probability

[4.29 percentage points, standard error (SE): 1.69] of hav-

ing any OOP healthcare expenditure, but was also asso-

ciated with a lower OOP burden conditional on having any

OOP healthcare expenditure (−2.37 percentage points, SE:

Table 1 Characteristics of Respondents with and Without PHI in CHARLS 2011–2015

With PHI

[480 (1.83%)]

Without PHI

[23,821 (98.07%)]

Total

[24,301]

p-value

Age (years) 53.9 (7.4) 59.3 (9.0) 59.2 (9.0) <0.001

Male [N (%)] 251 (53.4) 11,662 (48.9) 11,913 (49.0) 0.055

Rural [N (%)] 229 (48.7) 15,843 (66.5) 16,072 (66.1) <0.001

Education high school or above 141 (30.0) 2723 (11.4) 2864 (11.8) <0.001

Mean number of chronic conditions 1.5 (1.5) 1.6 (1.5) 1. 6 (1.5) 0.380

Self-reported health status [N (%)] <0.001

Excellent 7 (1.6) 199 (1.0) 206 (1.0)

Very good 63 (14.8) 2006 (9.6) 2069 (9.7)

Good 73 (17.1) 2929 (14.1) 3002 (14.1)

Fair 223 (52.2) 11,018 (52.9) 11,241 (52.8)

Poor 61 (14.3) 4695 (22.5) 4756 (22.4)

Income

(Chinese ¥)

9633

(20,525)

3927

(18,346)

4035

(18,406)

<0.001

Had any hospitalization in the past year [N (%)] 52 (11.1) 2712 (11.5) 2764 (11.5) 0.815

Had any outpatient visit in the past month [N (%)] 94 (20.4) 4805 (20.5) 4899 (20.5) 0.992

The household had any out-of-pocket medical expenditure [N (%)] 300 (63.8) 13,639 (57.2) 13,939 (57.4) 0.004

Household out-of-pocket medical expenditure as percent of

household consumption (percentage points)

6.5 (12.6) 7.9 (15.2) 7.9 (15.1) 0.039

Notes: Results are presented as mean (standard deviation) unless otherwise specified. Repeated responses were pooled.

Abbreviation: PHI, private health insurance.
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Table 2 Coefficient Estimates Using the Three Different Methods to Implement TPM Estimation

First Part Second Part

Probit with

RE Estimated

Separately

ProbitWithoutRE

Estimated Using

TPM Routine

Probit with

RE Estimated

Using GSEM

GLM with RE

ESTIMATED

Separately

GLM Without RE

Estimated Using

TPM Routine

GLM with RE

Estimated

Using GSEM

Having PHI 0.185*

(0.0720)

0.185*

(0.0749)

0.184*

(0.0726)

−0.182*

(0.0914)

−0.206

(0.105)

−0.241*

(0.0959)

Self-reported health fair or

above

0.192***

(0.0262)

0.192***

(0.0252)

0.186***

(0.0283)

−0.265***

(0.0356)

−0.221***

(0.0313)

−0.326***

(0.0380)

Living in rural area −0.0233

(0.0218)

−0.0233

(0.0199)

−0.0222

(0.0218)

0.119***

(0.0314)

0.120***

(0.0303)

0.0515

(0.0347)

Age 0.00602***

(0.00118)

0.00602***

(0.00108)

0.00587***

(0.00135)

0.0259***

(0.00178)

0.0215***

(0.00166)

0.0203***

(0.00197)

Annual personal income (in

thousand Chinese ¥)

0.000225

(0.000454)

0.000225

(0.000674)

0.000236

(0.000453)

−0.00738***

(0.00122)

−0.00834***

(0.00120)

−0.00903***

(0.00127)

Ever Had Condition

High blood pressure 0.0806***

(0.0243)

0.0806***

(0.0222)

0.0839***

(0.0247)

0.0473

(0.0333)

0.0184

(0.0316)

0.0133

(0.0363)

Diabetes 0.171***

(0.0425)

0.171***

(0.0376)

0.178***

(0.0436)

0.181***

(0.0528)

0.132**

(0.0451)

0.154**

(0.0573)

Cancer 0.256*

(0.103)

0.256**

(0.0868)

0.260*

(0.104)

0.396**

(0.122)

0.396***

(0.104)

0.353**

(0.131)

Lung disease 0.0659

(0.0357)

0.0659*

(0.0328)

0.0702*

(0.0358)

0.0787

(0.0479)

0.0708

(0.0437)

0.0626

(0.0517)

Heart problem 0.122***

(0.0318)

0.122***

(0.0281)

0.127***

(0.0325)

0.263***

(0.0411)

0.216***

(0.0349)

0.250***

(0.0446)

Stroke 0.124

(0.0672)

0.124*

(0.0585)

0.126

(0.0678)

0.143

(0.0847)

0.118

(0.0730)

0.132

(0.0908)

Psychiatric problem 0.207*

(0.0928)

0.207*

(0.0817)

0.217*

(0.0933)

0.278*

(0.112)

0.270**

(0.0968)

0.246*

(0.120)

Arthritis 0.106***

(0.0219)

0.106***

(0.0198)

0.108***

(0.0223)

0.0607*

(0.0302)

0.0414

(0.0294)

0.0164

(0.0328)

Dyslipidemia 0.175***

(0.0338)

0.175***

(0.0315)

0.180***

(0.0349)

0.109*

(0.0428)

0.0804*

(0.0378)

0.0849

(0.0462)

Liver disease 0.216***

(0.0515)

0.216***

(0.0470)

0.222***

(0.0524)

0.174**

(0.0641)

0.168**

(0.0566)

0.143*

(0.0692)

Kidney disease 0.180***

(0.0417)

0.180***

(0.0374)

0.182***

(0.0430)

0.111*

(0.0523)

0.0908

(0.0473)

0.0939

(0.0562)

Stomach/digestive disease 0.136***

(0.0240)

0.136***

(0.0214)

0.139***

(0.0248)

0.109***

(0.0329)

0.0443

(0.0301)

0.0578

(0.0358)

Asthma 0.118*

(0.0548)

0.118*

(0.0495)

0.124*

(0.0551)

0.0748

(0.0718)

0.0327

(0.0618)

0.0623

(0.0772)

Memory problem 0.222*

(0.0879)

0.222**

(0.0788)

0.229**

(0.0885)

0.126

(0.102)

0.0776

(0.0809)

0.142

(0.109)

Smoke now −0.265***

(0.0236)

−0.265***

(0.0216)

−0.261***

(0.0256)

−0.179***

(0.0356)

−0.139***

(0.0362)

−0.216***

(0.0391)

Drink alcohol daily or more

often

−0.0801**

(0.0305)

−0.0801**

(0.0285)

−0.0789**

(0.0306)

−0.156***

(0.0448)

−0.114*

(0.0473)

−0.217***

(0.0478)

Covariance of random effects - −0.00759

(0.0306)

- −0.00759

(0.0306)

N observations 15,937 15,937 15,937 9373 9373 9373

N individuals 9032 9032 9032 6785 6785 6785

Notes: Standard errors in parentheses. *p < 0.05, **p < 0.01, ***p < 0.001.

Abbreviations: TPM, two-part model; RE, random effect; GSEM, generalized structural equation model; GLM, generalized linear model; PHI, private health insurance.
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0.946). Overall, having supplemental PHI was insignifi-

cantly associated with a lower OOP burden (−1.05 percen-

tage points, SE: 0.603) according to the GSEM estimates

of the total marginal effects. When the probit and the GLM

models with random effects were estimated separately,

having supplemental PHI was also associated with

a higher probability (6.99 percentage points, SE: 2.72) of

having any OOP healthcare expenditure and a lower OOP

burden conditional on having any OOP healthcare expen-

diture (−2.65 percentage points, SE: 1.33). As aforemen-

tioned, estimating the two steps with random effects

separately could not generate total marginal effects.

Similar to the GSEM estimate, the TPM routine estimates

showed that having supplemental PHI was insignificantly

associated with a lower OOP burden (−0.755 percentage

points, SE: 0.929) overall. As discussed earlier, the TPM

routine was not able to give marginal effects in each of the

steps.

Most of the covariates were associated with the OOP

healthcare expenditure burden in the expected direction.

However, a caveat was that smoking and frequent drinking

were associated with a lower OOP healthcare expenditure

burden. This was likely due to omitted variable bias. For

example, people who smoked and drank might have been

likely to spend less frugally overall or were less concerned

with health such that they were less motivated to seek

healthcare. Since this was not the focus of the present

study, it was not further explored.

Discussion
Using several empirical methods to analyze the CHARLS

data, we did not identify any statistically significant asso-

ciation between having supplemental PHI and the OOP

burden of healthcare expenditure. However, we did find

a significant positive association between having supple-

mental PHI and the probability of having OOP healthcare

expenditure. Also, we showed that having supplemental

PHI was significantly negatively associated with the OOP

burden of healthcare expenditure among those who had

any healthcare expenditure. To our knowledge, the present

study is the first in the literature to examine of the associa-

tion of supplemental PHI with the burden of OOP health-

care expenditure in China.

To the extent that the present study did not account for

potential omitted variable bias, such as the extent of finan-

cial protection from primary insurance coverage, we are

not able to make causal statements based on the results.

Hence, the results should only be comprehended as
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potentially causal, which is the foundation of our discus-

sion. For the present study, both the overall association

results and the results of each equation are important.

Although the by-step estimation approach is not desirable,

the inference of the results of each equation are critical for

policymakers. The overall association potentially suggests

that the supplemental PHI may not be sufficiently finan-

cially protective to reduce the OOP financial burden of

healthcare expenditure. However, denying the value of

supplemental PHI based on this observation alone can be

misleading and may result in a missed opportunity of

adopting supplemental PHI to improve access to health-

care and financially protecting part of the beneficiaries. In

China, seeking healthcare almost always incurs OOP

expenditure. Hence, a higher probability of having OOP

expenditure implies greater chances of receiving health-

care. More specifically, the lack of reduced overall burden

is possibly a result of increased access to healthcare and

decreased intensity of OOP burden provided that the ben-

eficiary seeks healthcare, both of which are among the

most desirable features of supplemental PHI. Therefore,

supplemental PHI coverage may still be able to improve

the overall well-being of the beneficiaries.

Our findings have important potential implications for

healthcare financing and PHI regulation in China. The

strategy of the Chinese government was to encourage

supplemental PHI to address the unmet need of healthcare

that basic insurance schemes do not provide.7 To that end,

the government deployed tax incentives to motivate the

uptake of PHI.29 Based on the current results, supplemen-

tal PHI may be able to effectively improve access to

healthcare while keeping the OOP healthcare expenditure

burden flat. Hence, the strategy is potentially feasible to

improve the overall healthcare of the population. In that

regard, policies including the tax incentives should be

encouraged to increase supplemental PHI coverage.

However, several issues related to supplemental PHI

remain to be investigated. First, whether the increased prob-

ability of incurring healthcare services is a result of moral

hazard or improved access for those who are in need cannot

be ascertained. Evidence in this aspect is necessary to con-

firm the social efficiency of supplemental PHI before any

conclusions can be drawn on the utility of supplemental PHI.

Second, risk selection in the supplemental PHI market in

China needs to be clarified in future research to understand

who will likely benefit from tax deduction incentives. If the

relatively high-income and low-risk population are more

responsive to such incentives, then supplemental PHI may

not be able to fulfil its role in the healthcare system. Last but

not least, why supplemental PHI is not associated with

a lower overall OOP burden should be shed light on, follow-

ing which PHI may be regulated to work effectively in that

aspect.

We consider using GSEM to estimate TPM with random

effects an important contribution of the present study.

Exploiting the GSEM functionality to estimate TPM with

random effects has at least three advantages. First, not only

random effects in both equations but also their correlation

were incorporated in the estimation. Although the correlation

was not statistically significant in the present analysis, this

should not be generalized to all TPM with random effects.

Even though the unbiasedness of estimates are unaffected if

random effects are unaccounted for, the efficiency of the

estimates can be decreased. In our analysis, incorporating

random effects did result in more efficient estimates than

ignoring them. More specifically, PHI was estimated to be

significantly associated with a lower OOP burden in

the second step according to both the GSEM estimates and

the separate estimates of the TPM with random effects,

whereas the association was not significant in the TPM

model without random effects. Second, the two equations

in TPM with random effects can be estimated in one step.

This feature is useful for practical reasons. For computer

packages, this means the coefficient estimates and their

uncertainty data in both steps can be retrieved all together

to calculate additional statistics. Third, as demonstrated by

our analysis, GSEM generates estimates of marginal effects

in each step, total marginal effects, and the corresponding

standard errors. This property of GSEM is closely related to

the fact that it is estimated in one step so that all information

from the estimation can be used for additional calculation. As

demonstrated in our analysis, no other methods provide all

these advantages.

This study has several limitations. First, we could not rule

out the possibility of omitted variable bias although we used

multivariate regressions with a list of control variables. In

fact, omitted variable bias can be a non-trivial concern in the

analysis of supplemental PHI because there is almost always

self-selection due to unobserved risk attitude and, to a certain

extent, financial literacy. In the present study, the groups with

and without supplemental PHI were unbalanced with regard

to several characteristics including age, living in a rural or

urban area, education, self-reported health, and income. Such

unbalance may pose a threat to our identifying assumption

and cause endogeneity. Addressing endogeneity is particu-

larly challenging in this study in which the survey was the
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only data source and exogenous variation to be exploited is

absent. We did not use propensity score matching (PSM) to

balance the characteristics because PSM requires the same

identifying assumption to generate unbiased and consistent

estimates as does the multivariate regression approach. Also,

we did not take the fixed effect model approach to address

endogeneity. This was because fixed effect estimators are

biased in nonlinear models with the exception of conditional

logit models and Poisson models,14,17 which was discussed

in the introduction section. Second, the sample size of this

study is relatively limited, which could result in an under-

powered analysis. Given that our total marginal effect esti-

mates of supplemental PHI were statistically insignificant,

potential underpower could be a realistic concern. Third,

some of the variables were based on self-report and might

be subject to recall bias. Although electronic data provided

by insurers could be relatively more reliable research

resources, such data sources are not currently available in

China to our knowledge. Finally, the granularity of the OOP

healthcare expenditure information in the survey data was

limited. Hence, we could not investigate the effects of sup-

plemental PHI on high-value procedures or services that

represent genuine improved access or to examine the impacts

on health outcomes which are what health insurance should

ultimately contribute to.

Conclusions
Current supplemental PHI in China is potentially effective

at improving access to healthcare and providing financial

protection to those who incur healthcare expenditure.

Future studies should ascertain the causal effects of sup-

plemental PHI. To the extent that the current findings are

concerned, policies to encourage the uptake supplemental

PHI are necessary.

In addition, GSEM can be used as a random-effect

TPM estimator that can be relatively easily implemented

and generates useful post-estimation statistics.
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