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Abstract

Background: China recently established a series of pilot regional health data centers with a mandate to acquire, consolidate,
analyze, and translate data into evidence for health policy decision-making. This experiment with “big data” has the poten-
tial to influence population health and is the focus of this study.

Methods: This study used national longitudinal survey data from the China Family Panel Studies over the period 2014-2020
to empirically assess the impact of China’s establishment of pilot regional health data centers on population health and
health inequality. A difference-in-differences model was employed to investigate the policy effect on population health,
with additional exploration of possible mechanisms of influence. The corrected concentration index was used to measure
health inequality, while Wagstaff decomposition method was applied to examine the marginal influence of the policy effect
on health inequality.

Results: Overall health status of local residents has improved after the establishment of the pilot regional health data centers.
Using mechanism analysis, the findings demonstrated that improvements to population health were driven by promoting
healthy lifestyles and innovations in medical practices. Furthermore, due to differences in individual e-health literacy, the
pilot centers produced “pro-rich” health inequality where high-income groups benefited more from the establishment of
the pilot centers in terms of health than low-income groups.

Conclusions: This study has highlighted the potential to improve population health, in general, with the advent of big data
centers, but for these benefits be unevenly distributed among the resident population.
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critically dependent on access to and the availability of data,
methods, and expertise so that health policy decision-making
was evidence-based. With enhanced data collection tools, the

Introduction

While good health by most metrics has improved over the past
century' and is crucial for human development, > health
inequality remains a common problem.*® Health inequality

is often manifest in differences in health outcomes between
different socioeconomic groups’® with income-related health
inequality shown to be greater than solely income or health
inequality.”!! Inequalities in health among socioeconomic
groups have been a focus of public health policy in many
countries.'?

To advance population health and to address income-related
health inequality, China has embarked on a series of ambitious
health system reforms.'>'* The success of these reforms was
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advent of an array of valid, reliable, and linkable data sets, and
the availability of sophisticated data storage, retrieval, and ana-
lysis systems, the opportunities to employ such “big data
systems” to inform health policy decision-making in China is
at a vital and promising stage of development.

For example, the Chinese State Council issued a circular
in 2016 concerning the application and development of “big
data” in the health and medical sectors.'” This initiative
aimed to acquire, consolidate, analyze, and translate data
into evidence for health policy decision-making. The
council acknowledged the importance of “big data” as a stra-
tegic national resource and as a tool to foster the development
of health systems and to enhance population health."®

Medical big data represent the specialized application of
“big data” in the medical domain,'”'® and it bears signifi-
cant potential in addressing contemporary medical chal-
lenges and in fostering evidence-based health policy
decision-making.'® Medical big data are becoming increas-
ingly pivotal as a resource for crafting more effective perso-
nalized treatments and services for patients,'” enhancing
healthcare delivery and patient outcomes,'® and minimizing
resource wastage.'’

The use of “big data” in healthcare plays an increasingly
important role in medical diagnosis and management.?’~>2
Existing research primarily focuses on two areas. The first
provides a general overview of how big data can enhance
population health management or improve health outcomes
for specific diseases, such as enhancing precision health
management,” improving cardiovascular care,'® and
advancing precision treatment for breast cancer.”* The
second focuses on the technical applications of “big data”
in healthcare, such as its use in reducing medical errors,*
supporting clinical decision-making,® achieving real-time
health evaluations, and assisting in remote monitoring.?’
While these studies highlight the positive role of big data
in improving population health and the quality of medical
services, the direct impact of big data on health outcomes
has rarely been empirically explored. There is also limited
understanding of how big data may influence the health
of individuals and populations. Specifically, research on
China’s regional health data center pilots is primarily
limited to descriptive theoretical analyses regarding policy
implications and future trends.'® No relevant empirical
studies on health outcomes have been conducted. China’s
regional health data center pilots serve as a testing ground
for the application of big data in healthcare in China’s
healthcare system. Understanding the impact of these
center pilots on people’s health and health inequalities is
crucial for the further development of big data in healthcare.
Consequently, the purpose of this study is threefold: First,
to evaluate the health consequences of China’s establish-
ment of a series of regional health data centers; Second,
to assess their potential mechanisms of influence; and
third, to estimate the impact of the pilot programs on
socioeconomic-related health inequality.

This study makes three key contributions. First, this is the
first study to empirically examine the impact of pilot regional
health data centers on population health. Previous studies were
mostly descriptive and aimed at the analysis of the practical
application of “big data” in healthcare. Our study provides evi-
dence for the health effects of pilot regional health data centers
from an empirical perspective. Second, this study examines
the mechanisms by which pilot programs affect population
health. We suggest that healthcare big data can support
healthy lifestyles and foster medical innovations, thereby pro-
moting population health. Finally, this study focuses on
e-health literacy and examines the unequal distribution of
health benefits resulting from the pilot programs, which par-
ticularly favor the wealthy. This reminds policymakers to be
wary of the uneven benefits of digital welfare across popula-
tions caused by the characteristics of pilot programs.

This paper is organized as follows: the second section
introduces the policy background and puts forward a theor-
etical framework. The third section reports on the data,
model, and econometric procedures employed. The empir-
ical results are presented in the fourth section, followed by a
discussion in the fifth section. The final section concludes
the manuscript.

Theoretical framework

Policy background

Since October 21, 2016, a national pilot program has been
initiated in stages for constructing regional health data
centers across China. The program aims to diminish data
barriers and enhance the application of “big data” in health-
care. A total of six regional health data centers have been
established. The first batch of pilot centers was announced
on October 21, 2016, and comprised two regional data
center pilots in Fujian and Jiangsu Provinces. The second
batch of pilot centers was announced on December 12,
2017, and comprised data centers in Shandong, Anhui,
and Guizhou Provinces. The third announcement was
made in July 2018 and resulted in the establishment of
the Ningxia Hui Autonomous Region Regional Data
Center. These centers were designed to integrate existing
regional “big data” in healthcare, including health data,
administrative data, and electronic medical records, to
effectively address persistent medical challenges, support
academic research, and provide evidence for decision-
making.'®

Theoretical hypotheses

The Chinese government’s pilot policy on regional health
data centers is approached from two key perspectives: the
demand side, representing individual citizens with health
needs, and the supply side, involving the supply and innov-
ation level of medical services. The primary goal is to
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diminish data barriers for all individuals and enhance the
application of “big data” in healthcare. From a supply per-
spective, pilot centers facilitate the sharing of “big data”
resources in healthcare, which creates an accessible data
foundation for medical innovation. Moreover, the govern-
ment stresses the application of “big data” in healthcare,
including support for the development of various internet
medical enterprises and the promotion of clinical and scien-
tific research, thereby driving innovation in medical practice.
Medical innovations aid healthcare decision-making,*®*°
improve the safety and accuracy of healthcare,® and help
to enhance the way in which healthcare is organized and
delivered.®’ From the perspective of client demand, the
establishment of the pilot centers helps to promote the
importance of health and helps to form a variety of health
applications, wearable devices, and ‘“new technology” for
people to use.*'*? The applications can help users and
patients to improve people’s awareness of health, improve
health planning, and encourage healthy lifestyles. The
users or patients can become advocates for their own health.
Therefore, China’s regional health data centers have the
potential to drive innovation in medical practice and
promote healthy lifestyles, thereby improving population
health. Three research hypotheses have been proposed.

Hypothesis 1: The pilot regional health data centers can
enhance population health.

Hypothesis 2: The pilot regional health data centers can
enhance population health by promoting healthy lifestyles.

Hypothesis 3: The pilot regional health data centers can
enhance population health by enhancing innovation in
medical practices.

E-health literacy refers to the population’s subjective
acceptability of accessing health information online and their
ability to evaluate health information and solve health problems
on electronic resources.>>** The pilot regional health data
centers emphasize the use of “new technologies.” The accept-
ance and use of “new technologies” are based on people’s
strong digital skills. People with good digital skills and high
subjective acceptance can benefit more from new medical
methods.>* However, due to differences in e-health literacy
among populations, people’s acceptance of “new technologies”
varies. For instance, higher socioeconomic groups typically
exhibit greater e-health literacy,® are more willing to try
new types of technology platform,*® and are more prone to
explore the internet for health information, showing higher
subjective acceptance of new technologies. Therefore, due to
differences in e-health literacy, groups with higher socio-
economic status may benefit more from the pilot regional
health data centers, which in turn affects health status and
leads to health inequality.

Hypothesis 4: The pilot regional health data centers have
varying health impacts across socioeconomic groups,
leading to “pro-rich” health inequality.

Figure 1 shows the research framework.

Methods

Data

In this empirical study, microdata were drawn from the
Chinese Family Panel Studies (CFPS). The CFPS is a
national longitudinal survey initiated by the Institute of
Social Science Survey of Peking University in 2010 and
conducted biennially. It documents changes in Chinese
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Figure 1. Research framework.
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society, economy, demographics, education, and health to
support academic research and inform public policy ana-
lysis.37 As of 2020, six survey waves had been conducted
comprising 2010, 2012, 2014, 2016, 2018, and 2020.*
The survey spans 25 provinces, municipalities, and autono-
mous regions in China, representing approximately 95% of
the total population.*® The CFPS adopts proportional prob-
ability sampling with implicit stratification, multistage,
multilevel, and population proportionality to enhance the
validity and representativeness of its sample.*’ It is also
supported by the Survey Research Center at the
University of Michigan and other authoritative institutions
responsible for survey design and methodology.*' The
target sample size is 16,000 households, with all household
members in the selected households included as survey
respondents. Prior to the launch of the CFPS national base-
line survey in 2010, two pilot surveys were conducted in
Beijing, Shanghai, and Guangdong in 2008 and 2009,
respectively, to review the reliability and validity of the
survey.>® In 2008, while the target sample size was 2400
households, the resulting data were collected from 2375
households across 24 counties and districts. In 2009, a
follow-up survey was conducted with the households
sampled in 2008, with data collected from 1995 house-
holds.** The pilot survey sample constitutes 15% of the
expected sample size of the formal survey, indicating
good validity of the questionnaire. In 2010 (baseline
survey), the response rates to the CFPS at the household
and individual levels were 81.28% and 84.14%,
respectively.*?

The CFPS is a representative and authoritative source of
microdata for academic research and public policy ana-
lysis’’ and has been used widely in academic
research.*'***> The CFPS is selected as the main database
for microindividual analysis because of its high representa-
tiveness and authority, which provides a reliable data foun-
dation for this study. The CFPS also encompasses
multidimensional data across almost all age groups, includ-
ing health, education, migration, and socioeconomic
status,*®*” thereby supporting the comprehensive analysis
of various issues from multiple perspectives. It should,
however, be noted that although the initial sample of the
CFPS is broad in coverage, it is less representative in
some remote and ethnic minority areas.*! In addition, due
to the long period of CFPS data collection, some indicators,
such as exercise-related variables, may be investigated only
in some survey waves. In our study, we only used four
waves (2014, 2016, 2018, and 2020) of the CFPS due to
the absence of key variables, such as “exercise frequency,”
in the 2010 and 2012 surveys.

We restricted the analysis to adult respondents aged 16
and above, as defined by CFPS. Missing values in the
dependent and demographic variables were excluded.
Finally, we obtained an unbalanced panel comprising
42,547 observations from 14,282 respondents.

Apart from that, patent-related data were sourced from
the China National Intellectual Property Administration,
as referenced in Howell’s study.*® Information on the
number of medical enterprises and entrepreneurship came
from QICHACHA, which provides detailed information
such as address and establishment date of the enterprise.*’
Socioeconomic characteristics at the city level were
obtained from China’s Urban Statistical Yearbooks.

Measures

Dependent variable. This study used the “self-assessed
health (SAH)” variable in the CFPS questionnaire as an
indicator of individual health status. Despite the potential
for subjective measurement errors, SAH can serve as a rela-
tively accurate measure of health and is widely used in pre-
vious literature.’®>"  Self-assessed  health  reflects
respondents’ perception of their own health status, and
offers a comprehensive measure of health status. It was
selected from the question, “How do you assess your
health?.” Among the answers, 1 represents “excellent,” 2
represents “very good,” 3 represents “good,” 4 represents
“fair,” and 5 represents “poor.” To enhance the interpretabil-
ity of health status, we inverted the health variable, assigning
values 1 through 5 to denote “poor” to “excellent.”

Additionally, the “health change” variable was used as
an alternative dependent variable for robustness checks.
Respondents were asked about the change in health status
compared to one year ago. Answer 1 indicates that the
health status had not changed or had improved, while
answer 0 indicates that the health status had deteriorated.

Two main measures have been used in the literature to
capture health inequality: single health inequality and
socioeconomic-related health inequality. This study focused
primarily on socioeconomic-related health inequality. The
unequal distribution of wealth and power is a fundamental
cause of health inequalities.’> Attaining a higher social
status not only ensures a more conducive and relaxed work
environment but also alleviates economic constraints faced
by patients during medical treatment, facilitating access to
high-quality medical resources.

This study used the corrected concentration index (ccp*t
to measure socioeconomic-related health inequalities, as the
SAH is a bounded variable. We further employed the
Wagstaff-type decomposition method to assess the contribu-
tion of pilot programs to health inequality.>

Independent variables. The core independent variable was
“pilot policy,” which represented the establishment of the
pilot regional health data centers and was labeled as
“DID.” The process of implementation started on October
21, 2016, and continued until 2018. Given the lag in initi-
ation of the data centers after implementation, this study
designated 2017, 2018, and 2019 as date of intervention
for the three sets of pilot data centers. Consequently,
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Fujian and Jiangsu provinces were designated as having
operational data centers from 2017, Shandong, Anhui,
and Guizhou provinces from 2018, and Ningxia Hui
Autonomous Region from 2019. All other regions were
assigned as control groups.

Mechanism variables. The first mechanism through which
the pilot programs may improve health is by promoting
healthy lifestyles. Healthy lifestyles can be reflected in
both prolonged exercise duration and increased exercise
frequency.’®>’ This was assessed through two variables:
“exercise hours” and “exercise frequency,” extracted from
CFPS questionnaire queries: “How often did you exercise
last week?” and “How many hours did you spend exercis-
ing last week?,” respectively. The “exercise hours” indi-
cates the time individuals allocate to physical activity,
while “exercise frequency” denotes the regularity of phys-
ical activity. The classification for exercise frequency was
as follows: (1) for less than once a week, (2) for once or
twice a week, (3) for three to four times a week, (4) for
five to seven times a week, and (5) for more than seven
times per week. The term “exercise” encompassed various
activities, including daily walking, running, jogging, moun-
tain climbing, martial arts, indoor and outdoor physical
exercise, ball games, and water sports. This comprehensive
definition captured an individual’s daily physical activity.
Longer exercise time and more frequent exercise indicate
a healthier lifestyle.>®

The second mechanism through which the pilot pro-
grams may improve health is by enhancing innovations in
medical practice. Drawing on the study of Fritsch and
Wyrwich,”® this study selected indicators to measure innov-
ation in medical practice based on innovation output. Three
indicators were employed: the number of medical patent
applications applied for by hospitals (i.e., Medical patent
applications variable), the number of medical patent inven-
tors in hospitals (i.e., Medical patent inventors variable),
and the number of medical enterprise entrepreneurship
(i.e., Medical enterprises entrepreneurship variable).

Control variables. Following the Grossman model of the
demand for medical care®® and insights from prior research,
this study categorized control variables into individual
demographic characteristics and medical treatment status
characteristics. The demographic characteristics included
gender, age, age squared, retirement status, marital status,
household registration status (i.e., hukou status), education,
number of cigarettes smoked per day (i.e., smoking), and
total income in the past year. Medical treatment status char-
acteristics included whether the respondent had been hospi-
talized in the past year (i.e., hospitalized) and their
out-of-pocket medical expenses in the past year. The total
income and out-of-pocket medical expenses were log-
transformed in 2020 RMB (1.00 USD=6.9 RMB). All
variables are defined in Table 1.

Empirical strategy

Step 1: The impacts of the pilot regional health data centers
on health and its mechanisms of influence.

We employed a time-varying difference-in-differences
(DID) model, as referenced by Zhou et al.,*° to investigate
the impacts of China’s pilot regional health data centers on
population health. The DID model is a widely used econo-
metric method for evaluating the impact of nonrandomized
interventions. This model assumes that, in the absence of
treatment, the change in outcomes between the pre- and
postintervention periods for the treatment group is similar
to that of the control group. The implementation of the
DID model involves two steps. First, in a natural experi-
ment, a treatment group and a control group are selected:
the treatment group consists of individuals affected by the
intervention or policy, while the control group includes
those unaffected. Second, the DID estimator (represented
by the pilot policy variable in this study) is calculated.®'
This estimator captures the pure treatment effect by com-
paring how outcomes change before and after an interven-
tion between individuals who have been exposed to the
intervention (treated) and those who have not (untreated).®?
The DID model effectively controls for confounding
factors, such as permanent differences between treatment
and control groups, and time trends in outcomes unrelated
to the interve:ntion,63 which enables us to estimate a rela-
tively pure policy effect. Finally, the following regression
model is estimated:

Health;.; = a9 + o DID; + 00 Xier + pe + v, + &ier (1)

where i represents the individual, ¢ represents the county,
and ¢ represents the survey year. Health;, represents the
SAH of individual i in county c at year ¢. DID,, represents
a policy dummy variable, indicating whether county c is a
policy pilot county at year f. X, contains a series of
control variables, including out-of-pocket medical
expenses, whether hospitalized in the past year, total
income, education, age, age squared, hukou status,
gender, marital status, retirement status, and number of
cigarettes smoked. p. represents county fixed effects, v,
represents year fixed effects, and €;, represents random
error term. The variable of interest is DID,,. A statistically
significant and positive DID., value suggests a positive
impact of the pilot regional health data centers on popula-
tion health, while a nonsignificant DID,, value indicates
that the policy has no effect on population health.

It is noteworthy that the Chinese government’s selection
process for the pilot regional health data centers may be
subject to potential selection bias. The decision-making
process may be guided by the evaluation of local capabil-
ities and resources for the storage, management, and utiliza-
tion of high-quality, high-capacity medical data. Therefore,
the government may prioritize provinces with high levels of
healthcare, abundant medical resources, and advanced
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Table 1. Definition of variables.

Dependent
variable

Independent
variable

Mechanism
variable

Control variables

Health

Health changes

Pilot policy (DID)

Exercise frequency

Exercise hours

Medical patent applications

Medical patent inventors

Medical enterprises
entrepreneurship

Out-of-pocket medical
expenses

Total income

Hospitalized

Education

Age
Age squared

Hukou status

Gender

Marital status

Self-accessed health (SAH) of respondents;
1=poor, 2 =fair, 3=good, 4=very good, 5= excellent.

Change in health status compared to a year ago;
1=no change or better, 0=worse.

Whether the province was a pilot of China’s regional heath data centers in that year;
1=yes, 0=no.

How often respondents exercise (frequency); 1 = less than once a week, 2 =once or
twice a week, 3 =three to four times a week, & =five to seven times a week, 5=
more than 7 times a week.

Hours of exercise per week.

Number of medical patent applications per 10,000 people in the province in that
year, i.e., the number of patent applications in the province in the current year/the
household registration population at the end of the year in the province (in 10,000
people).

Number of medical patent inventors per 10,000 people, i.e., the number of inventors
in the province in the current year/the household registration population at the
end of the year in the province (in 10,000 people); where medical patent inventors
refer to a person who makes a creative contribution to the invention.

Number of start-ups of medical enterprises per 10,000 people in the province in that
year, i.e., the number of start-ups in the province in the current year/the
registered population at the end of the year in the province (in 10,000 people).

Out-of-pocket expenses for medical expenses excluding the part that has been
reimbursed or is expected to be reimbursed (10,000 yuan), in natural logarithm
form.

Total individual income from all jobs in the past year (10,000 yuan), including salary
income, bonuses, cash benefits, and in-kind subsidies, in natural logarithm form.
It is greater than or equal to 0.

Whether hospitalized last year ;1 =yes, 0=no.

Level of education ;1 =lliterate/semi-illiterate, 2= primary school, 3 =junior high
school, & = high school/technical school/vocational high school, 5=junior
college, 6 = undergraduate, 7= master, 8= Doctor.

The age of the respondents.

Respondent’s age squared.

Household registration status
1=urban, 0 =rural.

1=male, 0 =female.

1=married (with spouse), 0 =unmarried.

(continued)
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Table 1. Continued.

Retirement status

Smoking

developmental statuses, while excluding areas with limited
medical resources. Given the potential selection bias in this
empirical setting, a DID-based propensity score matching
(PSM-DID) model was employed to manage potential
selection bias.®* Propensity score matching is a widely
used technique that minimizes selection bias.°" The
purpose of the matching procedure is to identify a group
of nonpilot provinces that exhibit characteristics similar to
those of the pilot provinces, thereby minimizing the poten-
tial for bias.®> We also incorporated county-fixed effects
into our regression models to minimize the impact of
regional characteristics on the selection of pilot programs.
The county fixed effects controlled for any unobserved var-
iations in the region, including the quality of care, the
adequacy of medical resources, and access to healthcare.

Step 2: The mechanisms through which pilot programs
influence health.

Besides examining the direct effect specified in equation
(1), this study also delves into potential mechanisms of
influence. Given the substantial endogenous bias inherent
in traditional mediation effect tests, this study draws upon
the study by Dell°® to validate the causality channel in the
mechanism test. In practice, we replaced the dependent
variable in the regression with a healthy lifestyle (as cap-
tures by exercise) and medical innovation output:

EXGI‘CiSC,’C; = BO + ﬁlDIDcr + ﬁinct + He + Y: + Eict

2
MedInov., = vy + v, DID¢ + Y2 Zict + B + ¥, + €ict

(€)]

The first potential mechanism of influence is through pro-
moting individual’s healthy lifestyles. Equation (2) assesses
the influence of pilot programs on individual’ lifestyle, with
Exercise;; denoting the healthy lifestyle of individual i in
county c at year t. X;.; incorporates a set of control variables
identical to those in equation (1).

The second mechanism of influence is through enhan-
cing innovation in medical practices. Equation (3) is
employed to examine the impact of pilot programs on
local medical innovation, where MedInov. represents
medical innovation in county c at year ¢. Consistent with
prior literature, Z;.; encompasses a set of control variables
influencing innovation output. The remaining variables in
equations (2) and (3) are configured identically to those in
equation (1).

Whether the respondent is retired ;1 =yes, 0 =no.

Number of cigarettes smoked per day.

Step 3: Estimate the impact of pilot regional health data
centers on health inequality.

This study utilized the CCI°* to measure socioeconomic-
related health inequalities and employed the Wagstaff-type
decomposition method to assess the contribution of pilot
programs to health inequality.®’

(1) Corrected CI

The CI, as introduced by Wagstaff et al.,®® quantifies the
degree to which inequalities in health-related variables are
consistently associated with socioeconomic status. The
formula used for the CI is:

2 n
Cl= " Z Health,R; — 1 “)
i=1

where Health; is the health status of individual i. p is the
mean of the health variable. R; represents the i’ individual’
relative rank in the income distribution.

Given that the health variable (i.e., SAH) in our study
was bounded, the CCI was utilized to measure the health
inequality. It is commonly used to measure socioeconomic
inequality in bounded SAH.®® The CCI is calculated as
follows:

4
ccr=—* cr (5)
b—a

where b and a represent the upper and lower bounds of the
health variable, respectively. In this study, b equals to 5 and
a equals to 1. The CCI ranges between —1 and 1. If CCI>
0, it indicates a “pro-rich” inequality. If CCI<O, it indicates
a “pro-poor” inequality. If CCI =0, then there is no inequality.
A larger absolute value of CCI indicates greater inequality.

(2) Wagstaff decomposition

In order to assess the impact of pilot programs on health
inequality, a Wagstaff-type decomposition method>> was
employed as referenced by Gu et al.*” The decomposition
starts from the following equitation:

Health; — a

q

=

where A, A>..., Aq represent the coefficients for independ-
ent variables Xi, X5..., Xq. 0; represents the random error
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term. A; equals to ﬁai, where o; is obtained using
equation (1).

Substituting equation (4) and equation (5) into equation
(6), we get:

q 2 n
CCl =4 [Z AGCl + > > 6,~R,~j| )
j=1 i=1

where x; represents the determinants of Health;, including
the main explanatory variable DID, and a series of
control variables X, in equation (1), and X; is the mean
of x;. CI; is the CI of determinants x;. The contribution of
determinants x; to the total health inequality is 44;x;CL;,

and the contribution rate is % X 100%.

Results

Sample description

Table 2 provides an overview of the sample characteristics.
Respondents, on average, reported a health status of 2.7,
indicating generally good health. Approximately 62% of
respondents perceived no change or improvement in their
health compared to the previous year. 3.7% of observations
were covered by the policy pilot. Nearly half (47.6%) of the
respondents were male, and approximately 31% of the
respondents held urban hukou. On average, respondents
engaged in physical activity once or twice a week, accumu-
lating seven hours of exercise per week. After logarithmic
transformation, the mean total income was 4.440, with a
median of 0. This is primarily because the sample includes
individuals aged 16 and above, encompassing both teen-
agers attending school and retired elderly individuals,
most of whom have an income of 0.

Figure 2 plots the average health status for the treatment
and control groups across each survey year. As shown in
Figure 2, the health status for both groups exhibited a down-
ward trend from 2014 to 2016, with the control group con-
sistently reporting better overall health than the treatment
group. By 2016, the health status of the two groups was
largely comparable. Following the announcement of the
first batch of pilot regional health data centers in 2016,
the health status improved significantly for both groups,
with the treatment group benefiting more. By 2018, the
treatment group reported better health than the control
group. Consequently, Figure 2 suggests that the notable
improvement in health among the treatment group may be
linked to the pilot programs.

The health impact of the pilot programs

Results of the DID method. The baseline regression results
are presented in Table 3. The first column showed the
results from the univariate regression, followed by inclu-
sion of all control variables in the second column. The

third column provided the comprehensive results incorpor-
ating all control variables, county-fixed effects, and year-
fixed effects. Regression results across the three columns
showed minimal change, with the coefficient of the DID
variable remaining significantly positive at the 1% statis-
tical level. The results in the third column indicate that
the implementation of the pilot programs has led to a
slight improvement in the overall health status of the popu-
lation in the pilot area by 0.166 units. Hypothesis 1 is
confirmed.

The baseline regression passed the parallel trends test
(see Supplementary Table A1), which verified noteworthy
treatment effects on individuals’ health conditions during
and after policy implementation. Additionally, we replaced
the dependent variable “health” with the “health changes”
variable for additional robustness testing, as shown in
column (4) of Table 3. The results remain unchanged,
thus confirming hypothesis 1 once again.

For other control variables, higher total income, good
education, and being married were associated with better
health, while increased out-of-pocket medical expenses,
hospitalization, and older age were linked to reduced health.

Robustness test and endogenous processing. There may be
several endogeneity issues to be considered in this study.
One pertains to the nonrandom selection of policy pilots.
As we discussed in the third section, the inherent medical
advantages of pilot provinces may not only elevate the
chances of being chosen for the pilot but also impact the
health status of local residents. To tackle this issue, this
study employed the PSM-DID method, and the results
closely corresponded with the baseline regression findings
(see Supplementary Table A2 and Table A3). Another con-
sideration involves the potential bias caused by omitted
variables, where certain unobservable contemporaneous
policies or other influencing factors could interfere with
policy outcomes. A placebo test was conducted to
exclude the interference of the above factors, demonstrating
the inherent effectiveness of the policy (see Supplementary
Figure Al). Consequently, our results remained consistent
and robust after addressing endogenous issues, such as
the potential selection bias, omitted variable bias.
Hypothesis 1 is again confirmed.

Mechanisms analysis

Table 4 displays the outcomes related to healthy lifestyles
as an influencing mechanism. Both the coefficients in the
first and second columns were significantly positive, sug-
gesting that the implementation of the pilot programs had
notably increased both the hours and frequency of exercise
per week. This increase is attributed to the promotion of
various healthcare apps in the pilot programs and the
emphasis on developing industries such as health manage-
ment, health consultation, and health culture. These efforts
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Table 2. Sample characteristics.

Dependent Health 42547
variable
Health changes 40,187
Independent DID 42,547
variable
Mechanism Exercise frequency 42,547
variable
Exercise hours 17,105
Medical patent applications 37,124
Medical patent inventors 37,124
Medical enterprises 37,124
entrepreneurship
Control variables ~ Out-of-pocket medical 42,547
expenses (log)
Total income (log) 40,189
Hospitalized 40,115
Education 42,547
Age 42,547
Age squared 42,547
Hukou status 42,547
Gender 42,547
Marital status 42,547
Retirement status 42,547
Smoking 40,115

have fostered a positive atmosphere for health management
and fitness in society, motivating people to invest more time
in exercise and promoting healthy lifestyles. Healthy life-
styles further contribute to the improvement of individuals’
health status. Hypothesis 2 is confirmed.

Table 5 shows the results related to the mechanism of
enhancing innovations in medical practice. The notably
positive coefficient in the first column suggests that the
pilot programs had markedly enhanced the entrepreneurial
activities of medical enterprises in society. Furthermore,

2.749 1.207 1.000 3.000 5.000
0.617 0.486 0.000 1.000 1.000
0.037 0.190 0.000 0.000 1.000
2.189 1.457 1.000 1.000 5.000
6.962 8.827 0.017 4.700 105.000
0.037 0.071 0.001 0.013 0.394
0.043 0.086 0.001 0.014 0.471
0.626 0.609 0.100 0.520 3.003
6.287 2.202 0.000 6.399 13.142
4.440 5.061 0.000 0.000 16.148
0.175 0.380 0.000 0.000 1.000
3.053 1.575 1.000 3.000 8.000
48.097 17.170 16.000 48.000 101.000
2608.156 1715.636 256.000 2304.000 10,201.000
0.311 0.463 0.000 0.000 1.000
0.476 0.499 0.000 0.000 1.000
0.786 0.410 0.000 1.000 1.000
0.078 0.269 0.000 0.000 1.000
4.083 8.336 0.000 0.000 100.000

the coefficients in the second and third columns, both sig-
nificantly positive, signified a substantial increase in the
number of patent applications and patent inventors in hos-
pitals. This suggests that the pilot programs have led to
the continuous emergence of professional new treatment
instruments, new drugs, and new therapies. Consequently,
doctors’ intraoperative and postoperative medical diagno-
ses, as well as health monitoring, have become more
precise and efficient, thereby enhancing medical capabil-
ities and benefiting patients. Hypothesis 3 is confirmed.




10

DIGITAL HEALTH

2.8

2.7

2.6

25

24

2014 2016

Time trend of the health status

e {reatment e

2018 2020

control

Figure 2. Time trend of health status in the treatment and control group.
Note: The figure presented the average health status of both the treatment and control groups across each survey year. The y-axis
represented the average health status for both groups, while the x-axis displayed the survey years (2014, 2016, 2018, and 2020).

The impact of the pilot programs on
socioeconomic-related health inequality

The CCI and Wagstaff-type decomposition method were
used to investigate the impact of the pilot programs on
socioeconomic-related health inequality. Table 6 revealed
an overall CCI of 0.158, with a p<0.001. A positive
overall CCI suggested a prevalent “pro-rich” health
inequality. The contribution rate of the pilot programs to
the overall CCI was 1.7%, suggesting a notable positive
contribution to the socioeconomic-related health inequality.
Therefore, pilot regional health data centers directly
enhanced the health of all residents, but potential variations
in policy coverage resulted in a skew of medical resources
toward high-income groups. Hypothesis 4 is confirmed.

We further validated the robustness of this result by
stratifying the entire sample into “high-income” and “low-
income” groups based on the mean of the income variable
(see Supplementary Table A4). The regression coefficient
was greater for the “high-income” group, indicating a
greater impact of regional data centers on health among
this demographic. This reaffirms that the pilot regional
health data centers have widened the health gap between
high- and low-income groups, exacerbating health inequal-
ity among these groups.

Discussion

This is the first study to explore the impact of pilot regional
health data centers on population health and health

inequality in China. We found that pilot programs promoted
the overall health status of the residents in the pilot areas.
China’s “big data” in the health and medical sectors is
part of the national big data strategic layout. The use of
“big data” in healthcare spans various areas and presents
cost-effective opportunities for global healthcare improve-
ments.”” For example, during the COVID-19 pandemic,
“big data” in healthcare significantly aided Singapore,
Taiwan, South Korea, and Hong Kong in enhancing trad-
itional public health measures and curbing the spread of
SARS-CoV-2."! Additionally, “big data” can be applied to
public health promotion, healthcare management, drug and
medical device monitoring, and routine clinical practice.'®
All these practices provide opportunities for improving
people’s health. Our findings are consistent with previous
studies.”>”® Dash et al.”* highlighted the importance of “big
data” in healthcare to improve people’s health. Pastorino
et al.”® reported that “big data” in healthcare can benefit
patients from several aspects such as increasing earlier diagno-
sis and the effectiveness and quality of treatments by the dis-
covery of early signals and disease intervention, reduced
probability of adverse reactions.

Establishing medical big data centers to support equitable
discovery and innovation in digital healthcare is a significant
global concern.”* Health Data Research UK, for instance, is
committed to “uniting the UK’s health data to enable discover-
ies that improve people’s lives.””* Similarly, the Estonian
eHealth project focuses on improving the quality and efficiency
of health services and aims to digitize all patient information
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Table 3. Effect of pilot program on health status.

DID 0.268***

(8.706)

Out-of-pocket medical expenses

Total income

Hospitalized (yes vs no)

Education

Age

Age squared

Hukou status (urban vs rural)

Gender (male vs female)

Marital status (married vs unmarried)

Retirement status (retired vs not retired)

Smoking

County FE No
Year FE No

N 42547

0.067**
(2.451)
—0.135***
(—46.950)
0.013***
(9.486)
—0.224***
(—14.481)
0.024***
(5.728)
—0.063***
(—30.432)
0.000***
(21.461)
0.001
(0.079)
0.106***
(8.649)
0.112***
(7.586)
—0.046**
(—2.231)
0.002**
(2.459)

No

No

40,115

0.166***
(4.054)
—0.134***
(—26.765)
0.015***
(9.345)
—0.221***
(—12.411)
0.030***
(4.639)
—0.060***
(—21.768)
0.000***
(15.545)
0.025
(1.127)
0.106***
(7.340)
0.095***
(5.033)
—0.060**
(—2.436)
0.002*
(1.833)

Yes

Yes

39,776

0.034***
(2.605)
—0.137***
(—25.147)
0.014***
(8.512)
—0.221***
(—11.703)
0.031***
(4.531)
—0.060***
(—20.693)
0.000***
(14.750)
0.029
(1.225)
0.113***
(7.327)
0.095***
(4.597)
—0.059**
(—2.338)
0.002*
(1.666)

Yes

Yes

39,774

(continued)
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Table 3. Continued.

Adj.R? 0.002 0.225 0.241 0.126

Notes: *p<0.1, **p<0.05, ***p<0.01. T-values were reported in parentheses, which were estimated using the robust standard errors of cluster
heteroscedasticity at the county level. The first three columns displayed the results of the main regression, and the fourth column provided the result of the
robustness test. Columns 3 and &4 controlled for county-fixed effects, year-fixed effects and control variables related to the individual demographic
characteristics and medical treatment status characteristics.

Table &. The potential mechanism of the effect of pilot programs on health-promoting healthy lifestyles.

DID 1.094** 0.099*
(1.974) (1.668)
Out-of-pocket medical expenses 0.027 0.014***
(0.817) (3.121)
Total income —0.072*** —0.015***
(—3.582) (—7.059)
Hospitalized (yes vs no) 0.224 0.039*
(1.085) (1.803)
Education —0.353*** 0.104***
(—5.651) (12.461)
Age 0.106*** 0.020***
(3.515) (5.255)
Age squared —0.001** —0.000
(—2.142) (—1.639)
Hukou status (urban vs rural) —0.218 0.395%**
(—1.104) (13.246)
Gender (male vs female) 0.636*** 0.153***
(3.928) (8.381)
Marital status (married vs unmarried) 0.269 —0.095***
(1.384) (—4.420)

(continued)
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Table &. Continued.

Retirement status (retired vs not retired)

Smoking

County FE
Year FE
N

Adj.R?

0.025
(0.774)
—0.010***
(—10.212)
Yes
Yes

39,776

0.142

Notes: *p<0.1, **p<0.05, ***p<0.01. T-values were reported in parentheses, which were estimated using the robust standard errors of cluster
heteroscedasticity at the county level. All regressions controlled for county-fixed effects, year-fixed effects and control variables related to the individual

demographic characteristics and medical treatment status characteristics.

Table 5. The potential mechanism of the effect of pilot programs on health—cultivating medical innovation output.

DID

Regional GDP

Added value of the tertiary industry

Local fiscal healthcare expenditure

Number of domestic patent applications
accepted

Urban proportion

0.096**
(2.133)
—0.017
(—0.111)
0.093
(0.633)
0.210*
(1.694)

0.010***

(9.970)
0.318**

(2.185)

0.025**
(2.289)
0.089**
(2.530)
—0.075*
(—1.907)
0.040*
(1.818)

0.001***

(5.998)
—0.124***

(—5.612)

0.027**
(2.172)
0.086*
(1.923)
—0.074
(—1.491)
0.059**
(2.325)

0.001***

(6.524)
—0.152***

(—5.439)

(continued)
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Table 5. Continued.

Number of certified physician assistant in 0.011***
urban areas
(4.199)
Number of certified physician assistant in rural —0.006
areas
(=1.120)
Number of general hospital —0.000
(—0.764)
Number of traditional Chinese medicine —0.001*
hospital
(—1.818)
Number of specialized hospitals —0.001***
(—4.375)
County FE Yes
Year FE Yes
N 36,532
Adj. R2 0.975

0.003*** 0.003***
(4.301) (4.307)
—0.002 —0.002
(—1.175) (—1.105)
—0.000 —0.000*
(—1.603) (—1.737)
—0.001*** —0.001***
(—3.791) (—3.709)
—0.000 —0.000
(—1.040) (—1.247)
Yes Yes

Yes Yes
36,532 36,532
0.916 0.913

Notes: *p<0.1, **p<0.05, ***p<0.01. T-values were reported in parentheses, which were estimated using the robust standard errors of cluster

heteroscedasticity at the county level. All regressions controlled for county-fixed effects, year-fixed effects. The selection of control variables was based on
existing literature, including Regional GDP, added value of the tertiary industry, local fiscal healthcare expenditure, number of domestic patent applications
accepted, urban proportion, number of certified physician assistant in urban areas, number of certified physician assistant in rural areas, number of general
hospitals, number of traditional Chinese medicine hospitals, number of specialized hospitals. The first three variables were expressed in logarithmic form.

and prescriptions.” Additionally, the European Health Data
Space promotes the sharing of health data between EU coun-
tries to support research and public health surveillance. Our
study has revealed that the regional health data centers in
China are associated with improvements in population
health. It also offers valuable insights for the development of
“big data” in healthcare in other countries.

We also found that the improvements to population
health were driven by pilot programs promoting healthy
lifestyles. “Big data” in healthcare advocates for mobile
health and wellness services to implement novel and
innovative ways to deliver care and coordinate health as
well as wellness. Companies such as Apple and Google
have developed specialized platforms, such as Apple’s
Research Kit and Google Fit, for developing research

applications for fitness and health statistics.”> These appli-
cations can improve healthcare by accelerating interactive
communication between patients and healthcare providers.”
The applications can also help users and patients improve
health awareness, health planning and encourage healthy life-
styles. The users or patients can become advocates for their
own health. Our findings are similar to a study in Europe,
which identified 10 big data priority projects to be implemen-
ted in Europe to support the sustainability of the health system
by supporting healthy lifestyles.”

We also found that regional data center pilots can help
drive innovations in medical practices, and thus improve
population health. “Big data” in healthcare can promote
new medical technology that can improve the cure rate of
the disease.”’ Previous studies have demonstrated that the
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Table 6. Decomposition of health inequality.

DID 0.042
Out-of-pocket medical expenses —0.034
Total income 0.004
Hospitalized (yes vs no) —0.055
Education 0.008
Age —0.015
Age squared 0.000
Hukou status (urban vs rural) 0.006
Gender (male vs female) 0.027
Marital status (married vs unmarried) 0.024
Retirement status (retired vs not retired) —0.015
Smoking 0.001
Total CCI 0.158

0.410 0.003 0.017
0.027 0.023 0.154
0.552 0.036 0.247
—0.159 0.006 0.042
0.131 0.012 0.081
—0.084 0.242 1.634
—0.156 —0.172 —1.161
0.026 0.000 0.001
0.111 0.006 0.038
—0.015 —0.001 —0.008
—0.301 0.001 0.010
0.101 0.001 0.004

Notes: The results showed a Wagstaff-type decomposition of health inequality, with health inequality measured using the corrected concentration index (CCl).
The total CCl represented the overall health inequities within the entire sample. The contribution rate indicates the extent to which different factors contribute
to overall health inequalities. A higher contribution rate reflected a greater impact of a given factor on health inequality.

application of “big data” in healthcare based on digital tech-
nology can be used to reduce medical errors,? support clin-
ical decision-making,”® and achieve real-time health
evaluations and monitor remote patients.?” Innovative tech-
nology based on big data supports precision medicine.”?
We also found “pro-rich” health inequalities brought
about by the pilot programs. One explanation for this
finding was that high-income groups may benefit more
extensively from the establishment of the pilot programs
due to their higher e-health literacy. Health inequalities
arising from medical big data constitute a significant
global concern. Cruz’s analysis of the American case
demonstrates that to fully address health inequalities, both
technical and social factors must be considered with
medical big data.”® A previous study found that individuals
with good digital skills and high subjective acceptance can
benefit more from new medical methods.** Effectively
addressing health inequalities requires recognizing and con-
fronting the disparities between groups influenced by
factors such as socioeconomic status. Among these, the dif-
ference in digital literacy among different groups is an
important factor that prevents different groups from enjoy-
ing digital welfare equitably.”*~®' Digital literacy must be

integrated into digital health policies; otherwise, digital
health policies will exacerbate health inequalities.™

To ensure that China’s pilot regional health data centers
yield more equitable health outcomes, the Chinese govern-
ment should first implement a national e-health literacy pro-
motion program designed to enhance the population’s
ability to use health information services, particularly
among low-income and less educated groups. For
example, targeted education and training programs can be
developed to help these groups overcome barriers they
may encounter when using health information services,
such as unfamiliarity with technology, language barriers,
or difficulty understanding health information. To
improve the accessibility and ease of use of the platforms,
digital health platforms with intuitive interfaces should be
developed to lower the barriers to use for all users, espe-
cially those who are not familiar with technology.
Additionally, improvements should be made to advance
equity in digital access to medical services. The government
should accelerate the digital transformation of medical
infrastructure, facilitate seamless access to the national
health information platform for primary healthcare units,
and enhance the overall digital capacity of health services.
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This study has some limitations. First, we only used four
waves of CFPS data, so the study panel duration is shorter.
Future research could use more years of panel data to
explore the long-term impact of the pilot regional health
data centers on people’s health. Second, in addition to the
two mechanisms we proposed, other possible impact mechan-
isms of the pilot regional health data centers on people’s
health level can be further explored. For example, improving
the efficiency of medical matching based on data and promot-
ing the sharing of medical resources may also significantly
improve people’s health. Third, the utilization of health big
data faces several challenges, including heightened complex-
ity, challenges in acquisition, large volume and variety, and
privacy concerns.'® It can pose a significant challenge to
existing stakeholders within the health system, potentially dis-
rupting established authority and power structures. Moreover,
when confronted with an abundance of medical data, health
big data harbor the potential to generate new discoveries
and information. However, it can also deviate from estab-
lished practices and understanding, resulting in heightened
uncertainty until the information gains credibility. While
further exploration of these aspects bears notable importance,
it unfortunately lies beyond the purview of this paper’s study
model. All of these aspects are worth studying in the future.

Conclusion

This is the first study to explore the impact of China’s pilot
regional health data centers on population health and health
inequality. This study reveals that while the establishment of
healthcare big data centers was associated with an improve-
ment in population health, it was also associated with an
exacerbation in socioeconomic-related health inequality.
China’s regional health data centers can support healthy life-
styles and promote medical innovation, thereby improving
health.

This study has important policy implications for the
development of pilot regional health data centers. The
“big data” in healthcare helps to monitor the trends of
major diseases and provide evidence for policy-making in
healthcare. By leveraging opportunities for “big data”
development in healthcare, the Chinese government can
strengthen the popularization of health care knowledge
and investment in medical innovation, make full use of
information technology to strengthen health care work
and improve medical quality. While maintaining the stra-
tegic positioning of “big data” in health and medical care,
residents’ e-health literacy will be included in the scope
of policy attention, and attention will be paid to the health
inequality brought about by the policy. The government
should implement community-based digital health literacy
programs targeting vulnerable populations, such as the
elderly, low-income groups, and rural residents, to
enhance digital health skills. Efforts should also prioritize
the development of user-friendly digital health platforms

featuring intuitive interfaces and multilingual support to
cater to diverse populations. Furthermore, it is essential to
offer subsidies and incentives for digital health tools, which
will facilitate the acquisition of necessary devices and lower
the barriers to usage, thereby promoting digital health equity.

Future studies could further explore the dynamic nature
of health inequalities arising from medical big data, identi-
fying and assessing the extent and changing trends of health
inequality across different populations and regions.
Additionally, ethical issues associated with the use of
medical big data—including personal privacy protection,
data security, informed consent, and the impact on existing
health system stakeholders—warrant further investigation.
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