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Abstract: Amidst excitement for the data revolution’s potential benefits, concerns mount over its
negative impact as unequal data distribution, access, and use widen disparities between individuals
and groups, highlighting the urgent need for advanced theoretical and empirical frameworks. This
study investigated the impact of open government data (OGD) on the urban–rural income divide in
China. Our theoretical analysis shows that the nonrival nature of data initially widens the urban–rural
income divide before eventually mitigating it, resulting in an inverted U-shaped relationship. Using
a multiperiod difference-in-differences specification, we found that OGD widened the urban–rural
income divide between 2010 and 2019. Furthermore, cities with initially wider urban–rural income
divides experienced a greater impact from OGD in expanding this divide. These findings provide
valuable insights in the role of open data in addressing income inequality, and contribute to our
understanding of data inequalities in the context of the data revolution.

Keywords: digital economy; open government data; rural China; data divide; income divide; data
for development

1. Introduction

Data are growing exponentially in volume, velocity, and variety, creating unprece-
dented opportunities to inform and transform society. Governments, businesses, re-
searchers, and citizen organizations are all exploring, innovating, and adapting to the
new world of data [1]. However, data also raise critical questions about access, value, and
impact. Who benefits from data and who is left behind? How does data production and
use shape the surrounding world? To address these questions, interdisciplinary studies
have emerged to examine the social and economic implications of data. They believe that
the practices involved in producing, accumulating, and analyzing data have significant con-
sequences on inequality of opportunity and harm [2–4]. While a longer history of research
on information and digital inequalities is useful, the data revolution is also producing new
forms of inequality that are not easily captured by traditional concepts of digital inequalities
and the digital divide. A deeper engagement with critical standpoints in research and
practice could help to address these.

In this article, we closely engage with a manifestation of this inequality that can be
observed in China, where a salient characteristic is the dichotomy between urban and rural
areas. This gives rise to the emergence of an urban–rural divide, wherein the progress
of the data revolution in rural sectors lags significantly behind that of urban sectors. We
argue that there are positive correlations between open access to data and rural–urban
income inequality based on open government data (OGD) in China. We propose an open
government data and income inequality model and examine the economic effects of data
opening from the perspective of the urban–rural income gap. Our analysis expands the
connotation of the urban–rural digital divide to a new generation of data-driven digital
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divide and provides policy recommendations for accelerating the balanced development of
digital villages and cities to narrow the digital divide.

In the context of the data revolution and data for development (D4D), this paper
addresses the issue of data inequality by focusing on a more specific topic: the consequences
of open government data on the urban–rural income divide in China. This paper makes
several marginal contributions to the literature in the fields of economics of data and critical
data studies.

Firstly, while most relevant studies attempt to fit data inequality into broader ICT
gaps and digital divides (such as mobile phones, computers, the Internet, and e-commerce),
conventional understandings of digital inequalities are not always sufficient to explain and
address some causes, forms, and consequences of emerging inequalities resulting from the
data revolution [5,6]. Therefore, this article examines diverse data inequalities, ranging
from imbalanced data production and unequal data access and utilization by different
social groups to income distribution. We attempt to distill the divide into an economic
model of data production and income distribution, whereby data inequalities between
urban and rural sectors are shaped accumulatively.

Secondly, the difficulty in measuring data amounts and distinguishing the effect of data
from the overall technology effect hinders most current studies from devoting sufficient
resources towards deeper engagement with evaluating data inequality. In this article, we
attempt to address this shortage by studying a prototypical setting: open government
data in China and its consequence on the urban–rural income divide using multiperiod
difference-in-differences estimation.

Section 2 provides a comprehensive review of the literature, highlighting the concern-
ing impact of technological progress and the economics of data in a digital age. Building
on this, in Section 3, we develop an economic model to examine the effects of open data
access on the urban–rural income divide. Our model yields a critical prediction that guides
our subsequent empirical analysis. In Section 4, we describe our data sources, variables,
and methodology, which employs a difference-in-differences estimation approach. We
exploit the exogenous variation in the timing of government data openness across cities
and years to assess its causal impact on the urban–rural income divide. Section 5 presents
our econometric results and robustness tests. Through this analysis, we contribute to the
literature regarding the impact of open data access on the urban–rural income divide,
which has important implications for policy and economic development.

2. Related Literature

While the exact extent of rural–urban income disparity in China is debated due to dis-
crepancies in data sources and methods, it is generally acknowledged to be significant [7],
with China having one of the highest urban–rural income ratios globally [8,9], and nu-
merous studies have investigated this divide. The urban–rural income gap accounts for
a substantial portion of China’s overall income inequality, ranging from over 50 percent
in most studies to approximately one quarter [9]. Xie and Zhou found that this gap con-
tributes to over 10 percent of total national inequality in China but is negligible in the United
States [10]. Overall, the majority of studies indicate that urban–rural income disparity is
the primary contributor to China’s income gap [11,12].

Many studies have attempted to identify the fundamental causes of rising income
inequality in China. The most often suggested, tested, and examined causes are as follows.
First, early political strategies promoted heavy industries and manufacturing [13]. Conse-
quently, urban expansion was fostered by investments, favorable policies, and financial
aid. Agriculture lagged and was utilized to build other industries. Urban capital buildup
and subsidies were funded by agricultural surplus. State control of agricultural output and
procurement, food price reduction, and Hukou system limits on rural–urban movement
harmed rural inhabitants’ incomes.

Second, industrial restructuring increases the conflicts between state industry and
staple agriculture. Since the reform of the economy in 1978, China’s primary, secondary,
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and tertiary industries have changed from 28 percent, 48 percent, and 24 percent of GDP
in 1978 to 7 percent, 41 percent, and 52 percent in 2018, respectively (China Statistical
Yearbook, 2019). The relationship between industrialization and income change has been
extensively studied [14].

Third, the influx of rural residents into cities drives urbanization, allowing for the
flow of people, skills, capital, goods, and information, which contributes to the urban–rural
income gap [15]. Li’s survey data suggest that rural migration boosts rural income by
enhancing labor productivity of migrant workers and improving allocation of nonmigrant
workers [16]. Urbanization may also narrow the urban–rural income gap.

The development of financial sectors may be the fourth reason for income disparity.
Studies show an inverted U-shaped relationship between financial development and in-
come distribution, as well as a significant widening of the urban–rural income gap due to
financial intermediary evolution [17]. There is also positive and negative causality between
financial development and efficiency and the urban–rural income gap [18,19].

Scholars have also looked at the gap through the lens of human capital. Guo found
that low human capital accumulation in rural areas leads to stagnant income growth,
while urban areas have more sustainable and balanced growth with high human capital
accumulation [20].

The effect of China’s opening up reforms on urban–rural income inequality is incon-
clusive. Wei and Yi found that the reforms narrowed the gap in around 100 cities [21], while
Hertel and Fan argued that WTO accession and market reforms reduced inequality [22]. In
contrast, Jeanneney and Hua found that the exchange rate policy affected inequality [23],
and Wei and Zhao proved that international trade increased the gap through employment
and remuneration effects [24].

Finally, the impact of technological progress on the income divide has been exten-
sively studied and discussed by scholars, particularly in the era of the “new economy”.
Acemoglu argues that the technological progress represented by information technology in
the third industrial revolution is generally skill-biased, which can explain the wage divide
between skilled labor and unskilled labor in recent decades [25]. Regarding the income
gap between urban and rural areas, Zou and Liu find that there is a matching gap between
the agricultural skills possessed by rural residents and the industrial skills required by
the urban industrial sector, leading to lower wages in informal employment [26]. Accord-
ing to Acemoglu and Aghion [25,27,28], the skill bias of technological progress polarizes
remuneration growth for high-skilled and low-skilled labor. This is the same factor that
exacerbates China’s urban–rural income inequality. The Kuznets inverted U hypothesis
has been extensively applied to analyze the impact of technology on this inequality [29–31].
The literature suggests that technology can lead to an initial increase in income inequality
due to the concentration of technological innovation in urban areas, but, after a certain
threshold, further technological progress can lead to a decrease in income inequality due
to the diffusion of technology to rural areas. Conversely, Ji et al. argue that technological
progress in China widens the income gap rather than narrowing it, contradicting Kuznets’
inverted U hypothesis [32]. Li et al. and Luo and Hu find a positive correlation between
technological progress and the urban–rural income gap, with knowledge capitalization
being a significant contributor [33,34]. However, as Acemoglu notes, different technologies
have different effects due to their nature, and the “data” concerned in this paper are differ-
ent from the technological progress in most of the current literature [25]. Thus, the impact
of differentiation, especially on the urban–rural income gap, deserves attention as a critical
research problem in economics.

The interdisciplinary studies examining the social and economic implications of data
are rapidly growing, and this paper aims to provide a perspective on the inequality that
arises from open data. Our focus has similarities with the literature on information eco-
nomics, the data market, and data access. In particular, the concept of data as an input
of economic activity has been studied in the literature on information economics. For
example, Refs. [35,36] view data as a form of labor, and highlight that people may not be
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adequately compensated for the data they provide. Our analysis of open data access effects
centers on a market for data, which is related to the market for ideas in [37]. However,
unlike the market for ideas, where only one firm can use an idea at a time, our market
for data enables multiple firms to use nonrival data simultaneously. It is closest to the
literature of Ali et al [38], which examines the sale of nonrival information in a search and
matching decentralized market and demonstrates that nonrivalry can result in inefficiency
due to the underutilization of information. Moreover, Ichihashi studied competition among
data intermediaries [39], while Akcigit and Liu investigated the social value of sharing
information across firms in a growth context [40].

Although our paper emphasizes the effect of data access on labor, most of the existing
literature is interested in the effect of data access on industrial organization. Varian provides
a general discussion on the economics of data and machine learning, and notes that data
are nonrival, suggesting that data access may be more important than data ownership [41].
Farboodi and Veldkamp explore the implications of expanding access to data for financial
markets [42], while Farboodi and Veldkamp suggest that access to big data has led to a rise
in firm size inequality [43]. Finally, Hughes-Cromwick and Coronado view government
data as a public good and study their value to US businesses [44].

3. Concept, Background, and Model of Data
3.1. Data Concept

The literature frequently confuses the three terms “data”, “information”, and “knowl-
edge” due to their overlapping usage. Hence, to establish the conceptual boundaries of
“data”, it is important to understand the distinctions among the three. In essence, the term
“data” refers to raw facts and figures, which in turn convey “information”. The assimila-
tion of “information” generates “knowledge” at a collective level within a specific social
context [45], which can fuel innovation and contribute to improvements in productivity
and services. Moreover, knowledge spillovers have emerged as a significant driver of
economic growth, particularly in situations where resources are scarce [46]. In contrast to
“information”, which refers to meaningful, structured data, “data” are often meaningless
and unstructured [47]. Extracting information from data requires specialized tools and
techniques collectively referred to as data analytics [48].

3.2. Economic Nature of Data

Scholars often compare “data” to oil, as evidenced by [15,49,50]. Unlike oil, however,
data are nonrival, which implies that they are inexhaustible. To generate value, data need to
be processed, interpreted, and analyzed by either human beings or automated systems [47],
and their usefulness is dependent on application technology and specific scenarios [51].

From an economic and social perspective, data can be classified into various categories,
such as public- and private-sector data, open and closed data, personal and nonpersonal
data, and user-generated and machine-generated data. Of these, open and closed data are
most closely associated with data-driven economic growth and improved living standards.
Since data are nonrival, opening data can maximize their application in downstream
production, and the spillover effects of knowledge, as suggested by Frischmann, can
enhance the economic and social value of data, resulting in increased returns to scale [52].

3.3. Open Government Data (OGD)

The opening of government data in China represents one of the most significant events
in data management as it provides private firms access to a vast amount and diverse types
of data collected by the government in delivering public services. This open government
data (OGD) initiative has the potential to enhance government transparency, enable the
public to monitor government performance and hold it accountable for wrongdoings, and
create new opportunities for economic growth and social innovation. Private enterprises
can utilize OGD to develop new products and services, such as real-time roadway traffic
monitoring and business trend analysis, leading to increased income [53,54].
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Opening up government data is of particular importance as it can drive knowledge-
based economic growth, and this has been supported by recent academic literature [55,56].
Furthermore, research shows that the commercial utilization of OGD can result in a positive
impact on the performance and productivity of firms, leading to enhanced competitive-
ness [57,58].

3.4. An OGD and Income Inequality Model

Drawing on the idea of the TKC and the data production model proposed by Jones and
Tonetti [59], we develop a model to examine the relationship between open government
data (OGD) and income inequality in the rural–urban divide. Given China’s unique
dual rural–urban structure, we assume that the economic system comprises only two
sectors: rural and urban. The rural sector produces Nr varieties of consumer goods, while
the urban sector produces Nu varieties. Aggregate output in each sector, Yr and Yu, is
symmetrically expressed in the production function. Therefore, we can construct their
production functions as follows:

Yr =

(∫ N

0
Y

σ−1
σ

ri di
) σ

σ−1
= Nr

σ
σ−1 Yri, (1)

Yu = Nu
τ

τ−1 Yui. (2)

Variety i is produced by combining an idea of quality Ai and labor Li:

Yi=AiLi. (3)

Since data can be used to train artificial intelligence algorithms, data D can be regarded
as used to improve the quality of knowledge A:

Ai=Dη
i , (4)

where η determines the importance of the data. Jones and Tonetti [59] suggested that η
might take a value of 0.03 to 0.10, so we require it as a small positive number, much smaller
than 1. Substitute (4) into (3), and then the production function of variety i is

Yi=Dη
i Li=Dη

i L/N, (5)

where L is the total amount of labor in the industry, symmetrically distributed to
each variety.

The consumption of a product generates a corresponding set of data. For instance,
the operation of a self-driving car produces data for every kilometer traveled, which
can be utilized to improve the efficiency of future trips. Furthermore, data on traffic
and driving patterns, collected and managed by the government, can be valuable to self-
driving companies. It is assumed that there exists a constant proportional relationship
between open government data (OGD) for rural and urban sectors, denoted as xrg and
xug, respectively, and overall OGD, which is represented by xg. Specifically, rural OGD is
xrg = θxg and urban OGD is xug = (1 − θ)xg. Therefore, the data generated in rural and
urban sectors can be expressed as follows:

Dri=(xiYri)
α(θxgNrYri

)1−α (6)

Dui=(xiYui)
β[(1 − θ)xgNuYui]

1−β. (7)

where Yri and Yui denote the amount of data generated by a single firm i in the rural and
urban sector, respectively; xi is the proportion of data available to firm i. The quantities
NrYri and NuYui are the amounts of data generated by other varieties in the two sectors
because variety i is infinitesimal for the firms that are symmetric. Therefore, θxgNrYri and
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(1 − θ)xgNuYui are the amounts of data that can be used simultaneously by any firm in
rural and urban sectors, depending on the nonrival nature of data.

Substitute (6) and (7) into the (1) and (2) aggregate output:

Yr =

[
N

1+η(1−α)(σ−1)−ησ
σ−1

r

(
xα

i θ1−αx1−α
g

)η
Lr

] 1
1−η

. (8)

Yu =

[
N

1+η(1−β)(τ−1)−ητ
τ−1

u

(
xi

β(1 − θ)1−βxg
1−β
)η

Lu

] 1
1−η

. (9)

With a multiplier 1
1−η , the more people who consume the variety, the more data

received. This increases productivity and consumes more, which in turn generates more
data. Therefore, 1

1−η is considered the key exponent in the production function. Lr and Lu

represent, respectively, labor input of the rural and urban sector. α and β are the marginal
output elasticity of rural and urban firms, respectively. Assuming that the market is
perfectly competitive and the production function has constant returns to scale, the income
level of rural and urban residents, Ir and Iu, is therefore equal to the marginal income of
their labor, which can be calculated as

Ir =
∂Yr

∂Lr
=

1
1 − η

Nr
1+η(1−α)−ησ
(σ−1)(1−η)

(
xi

αθ1−αxg
1−α
) η

1−η Lr
η

1−η , (10)

Iu =
∂Yu

∂Lu
=

1
1 − η

N
1+η(1−β)−ητ
(τ−1)(1−η)

u

(
xβ

i (1 − θ)1−βx1−β
g

) η
1−η L

η
1−η
u . (11)

Equations (9) and (10) show that the marginal income of the labor is proportional to
the size of the economy in each sector, raised to some power. The exponent, η

1−η , captures
the degree of increasing returns to scale in the economy that reflects the increasing returns
associated with the nonrivalry among data. It increases in η, the importance of data to the
economy. This confirms the idea that a larger economy is richer because it produces more
data, which then feed back and make all firms more productive.

Thus, the rural–urban income gap (GAP) can be measured by

GAP =
Ir

Iu
=

N
1+η(1−α)−ησ
(σ−1)(1−η)

r
(
xα

i θ1−αxg
1−α
) η

1−η L
η

1−η
r

N
1+η(1−β)−ητ
(τ−1)(1−η)

u

(
xβ

i (1 − θ)1−βx1−β
g

) η
1−η L

η
1−η
u

. (12)

Finally, to analyze how the rural–urban income gap has changed in relation to OGD,
we take the first derivative of GAP with respect to OGD, which can be expressed as:

∂GAP
∂xg

=
(β − α) η

1−η N
1+η(1−α)−ησ
(σ−1)(1−η)

r N
1+η(1−β)−ητ
(τ−1)(1−η)

u x
(α+β)η

1−η

i θ
(1−α)η

1−η (1 − θ)
(1−β)η

1−η x
(3−α−β)η−1

1−η
g L

η
1−η
r L

η
1−η
u{

N
1+η(1−β)−ητ
(τ−1)(1−η)

u

(
xiβ(1 − θ)1−βx1−β

g

) η
1−η L

η
1−η
u

}2 . (13)

where the denominator is greater than zero and the numerator can be positive or negative,
depending on the sign of β − α, since η

1−η > 0 (0 < η < 1). From Kuznets’ view [60], the
marginal production elasticity of urban capital is greater than that of rural capital during
the early stages of economic development when β>α stage. Since production in the digital
economy is data-driven, data are endogenous and the stage of economic development
depends on them, so that ∂GAP

∂xg
> 0 and OGD worsens the gap; as the economy develops,

when β = α, the rural capital marginal output elasticity equals the marginal output elasticity
of urban capital, at which point the gap peaks. Beyond this point, then, β < α, ∂GAP

∂xg
< 0.

Economic development and data drive benefit the rural sector more than the urban sector,
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and, finally, OGD decreases. Based on the analysis of the theoretical model above, we
can confirm that the data, similarly to other technological advances, have an inverted
U-shaped effect on income inequality, meaning that the gap increases and then decreases as
OGD grows.

This relationship between OGD and income inequality can be explained through the
transition process. As individuals move from the rural sector to the advanced urban sector,
OGD would at first improve the income of those moving to the latter but exacerbate income
inequality for those who remain in the less developed rural sector. The disparity in the
amount of data opened by the government between urban and rural areas in Figure 1 has
provided us some clues. However, as the transition process concludes, OGD can narrow the
income gap by increasing the data utilization capacity and data amount in the rural sector.
This improvement in capacity allows rural communities to benefit from OGD, thereby
reducing income inequality.

Figure 1. Graphical analysis regression of OGD timing and the urban–rural income inequality Theil
index.

As China is currently in the process of achieving balanced and sustainable develop-
ment between its urban and rural sectors and is at the beginning of a data-driven economy,
we believe that the relationship between OGD and urban–rural income inequality is experi-
encing its initial stage. Therefore, we propose the following proposition:

Between 2010 and 2019, there was a positive correlation between the opening of
government data and the widening of the urban–rural income divide.

4. Data and Methodology

To evaluate the impact of OGD on income disparity between urban and rural sectors,
we collected data on the timing of government data availability, as well as information on
the distribution of income in both urban and rural regions and other pertinent regional-level
characteristics. This section provides an overview of the data that we have gathered, as
well as a description of the econometric methods that we employed.

4.1. OGD Context in China

In the 1990s, before the liberalization of the planned economy in China, government
and individual information were not disclosed to the public. All information was cen-
tralized for government use only, and individuals were not active agents in the planned
economy. Since liberalization, there has been a transformation in the relationship between
individuals and the government, which has increased the power of individuals and made
the government more responsive to their needs. As technology has developed and the
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government’s capability of utilizing it has grown, China has gradually collected and limited
the disclosed information of government and individuals to ensure the right to be informed
and information equivalence in a market economy [61].

Shanghai was the first city to launch the “Shanghai Municipal Government Data
Service Network” in June 2012, and other cities, such as Beijing, Foshan, and Wuhan, have
also launched government open data platforms in subsequent years. The Chinese State
Council issued the “Action Plan to Promote Big Data Development” in August 2015, stating
that “data has become a fundamental strategic resource of the country, and China will
gradually promote the opening of government data resources to society”. By the first half
of 2020, 130 government data opening platforms had been launched, compared to 18 in
2017, 56 in 2018, and 102 in 2019 [62]. Table A1 provides the year in which each city opened
its government data.

The Chinese government’s 2015 Action Program for Promoting the Development of
Big Data mandated the opening of various datasets, primarily in the fields of trade and
business, social livelihood, organizations, and medical and health care, as depicted in
Figure A1 [54]. In contrast, agricultural and rural areas and credit services have the fewest
open datasets. This disparity in datasets between urban and rural areas provides important
context for our subsequent research.

The implementation of the Chinese government’s open data policy has progressed
through three stages, starting with a slow period of development, followed by a period of
in-depth development with little noticeable change, and, finally, a period of continuous
improvement, leading to an OGD boom beginning in 2014 [63]. By the second half of 2021,
many cities had datasets exceeding 100 million, with Dongguan reaching nearly 400 million,
and a single average dataset volume exceeding 880,000. These high-capacity datasets are
rich in content related to commerce, society, market regulation, law enforcement, and other
aspects [64]. Utilizing high-capacity datasets can provide more value and better reflect the
level of openness of a dataset.

4.2. Urban–Rural Income Divide Data

The income information for rural and urban areas was obtained from various sources,
including the China City Statistical Yearbook, China Rural Statistical Yearbook, and local
statistical yearbooks of cities and provinces in China. These annual surveys provide
extensive data on incomes and other household characteristics across China, making them
ideal for capturing substantial variation and analyzing trends over time. While they are
nationally representative samplings of the population, they do not track individuals over
time. They provide information on the disposable income of urban and rural residents, as
well as a wide array of demographic characteristics in the year prior to the surveys.

To measure the urban–rural income divide, we used the Theil index for each city and
year. While the ratio of per capita disposable income of urban and rural residents is a
commonly used indicator, it cannot fully reflect the impact of changes in the proportion
of the urban and rural population. The Gini coefficient is a more rigorous measure, but
it requires decomposition among people of different classes and is sensitive to income
changes in the upper class. The Theil index, on the other hand, is decomposable to study
differences in urban versus rural populations and captures changes at both ends of the
income spectrum [65–67]. It represents our study’s income divide between urban and rural
residents. A larger result indicates a more significant urban–rural income divide.

Theili,t=
∫ 2

i=1

(
Yi,t

Yt

)
×ln

 Yi,t
Yt

Xi,t
Xt

, (14)

where i = 1 represents the urban and i = 2 represents the rural. Yi,t stands for urban or
rural disposable income in the year t; Yt stands for total disposable income in the year t;
Xi,t represents the urban or rural population figures in the year t; and Xt represents the
total population in the year t.
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Cities in China are administratively divided into township-level units, which are
further subdivided into village-level units for rural areas and district-level units for urban
areas. However, these units are not independent of each other, and both rural and urban
areas are integral parts of cities. Given this, many studies examining the urban–rural divide
in China have used city-level data. To better understand this divide, our study focuses on
households in villages and urban neighborhoods under the administration of 326 cities
from 2010 to 2019 as most OGD are available at the city level. Our sample includes 2121 city
year observations.

In Table A2, we present descriptive statistics on the Theil index of the urban–rural
income divide, which is measured at the city year level. In addition to reporting the mean,
minimum, and maximum values of the Theil index, we also present the standard deviations
of the Theil index across cities, within cities, and within city years. The cross-city standard
deviation of Theil is the standard deviation of (Theilct − Theilc), where Theilc is the average
value of Theil index in city c over the sample period. The within-city standard deviation of
the Theil index is the standard deviation of (Theilct − Theilt), where Theilt is the average
value of the Theil index in the year t. The within city year standard deviation of the Theil
index is the standard deviation of (Theilct − Theilc − Theilt), where Theilc is the average
value of Theil index in city c and Theilt is the average value of the Theil index in year t.
These standard deviations help in assessing the economic magnitude of the impact of OGD
on the urban–rural income divide.

4.3. Methodology

Following the launch of the “Shanghai Municipal Government Data Service Network”
in June 2012, Beijing, Foshan Nanhai, Wuhan, and other regions have also launched
government open data platforms successively. Since government data were opened in
different years in different cities, it provides a natural setting for an event study to use
multiperiod difference-in-differences (DID) specification to assess the relation between
OGD and urban–rural income divide [68]. As an extension of the standard DID method,
multiperiod DID allows for more than two periods of data. It is used to estimate the
causal effect of a policy intervention that begins at different times in different cities. In
our scenario, the DID method compares the change in outcomes over time between the
treatment group (cities that opened government data) and the control group (cities that did
not open government data). The regression is set up as follows:

Yct = α + βDct + γXct + Ac + Bt + εct, c = 1, · · · ; t = 2010, · · · , 2019. (15)

In Equation (15), Yct represents Theil index of the income divide between urban and
rural residents in city c in year t. Ac and Bt are the dummy variables, representing the city
and year fixed effects, accurately reflecting the city and year characteristics. Xct is a series
of city-level control variables that change over time. These variables were chosen based
on the most extensively examined causes of the income divide, as discussed in Section 2.
We accounted for changes in a city’s economy over time by controlling the following
factors: local government influence, changes in industrial structure, level of urbanization,
development of financial sectors, opening-up effect, and level of human capital. The
variables included in Xct are general public budget expenditure as a proportion of the
regional GDP (publicout-gdp), the proportion of employment in secondary and tertiary
industry (rindustry2nd, rindustry3rd), urbanization (urban), loans of the national banking
system at year end as a proportion of regional GDP (loan-gdp), number of students enrolled
at regular institutions of higher education per 100 persons (collegestu-100), amount of
foreign capital actually utilized as a proportion of the regional GDP (foreigncapit-gdp). εct
is the error term. Dct is the dummy variable in which we are interested. If the government
of city c opens its data in the year t, the value of Dct equals 1; otherwise, it is 0. The
coefficient β reflects the impact of OGD on the urban–rural income divide. If β is positive
and significant, it indicates that OGD promotes the growth of the Theil index; that is, it
widens the urban–rural income divide. On the contrary, if β is negative and significant, the
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divide is narrowed by OGD. The DID model enables us to solve the problem of omitted
variables to a large extent. We include year fixed effect dummy variables to control the
influence of shocks and trends that change over time on the urban–rural income divide,
consisting of the business cycle, trends in income distributions between different classes,
and changes in other policies and regulations. Meanwhile, we include city fixed effect
dummy variables to control the influence of unobserved time-invariant city characteristics
on the divide. (All the calculations were run in Stata).

5. OGD and Urban–Rural Income Divide
5.1. Preliminary Result

Our empirical analysis is based on the fact that the timing of OGD was unaffected by
the income divide. In order to test this premise, we conducted a regression on the OGD
timing to the urban–rural income Thiel index (graphical result shown in Figure 1) and
its changes (graphical result shown in Figure 2). According to the insignificant results
of Figures 1 and 2, before and on the OGD, neither the urban–rural income Thiel index
changes nor the Thiel index itself can explain the timing of the OGD. This shows that
the timing of OGD does not change with the degree of pre-existing urban–rural income
inequality, which is consistent with the basis of the empirical analysis in our study.

Figure 2. Graphical analysis of OGD timing and urban–rural income inequality Theil index changes.
Figure 1 shows a scatter plot of the average Theil index of urban–rural income divide prior to OGD
and the year of OGD. Figure 2 shows a scatter plot of the average change in Theil index of urban–rural
income divide prior to OGD and the year of OGD. According to the regression results, the coefficient
is statistically insignificant, and no obvious trend can be found in Figures 1 and 2.

5.2. Main Result

The results in Table 1 show that the openness of government data to a certain extent
aggravates the urban–rural income divide. We use two regression models to evaluate
the impact of government data opening on urban–rural income inequality. In these, the
coefficient of government data openness is positive and significant. The second regression
results show that, even after controlling for several time-varying city characteristics, OGD
is still positively correlated with widening the urban–rural income divide (significant at
the 5 percent level). The regression results showed that opening government data in a city
would lead to a 0.84 percent increase in the urban–rural income Thiel index without control
variables and a 0.58 percent increase with control variables. To measure its economic effect,
we compared the coefficient of OGD with the 1.3 percent standard deviation of the Theil
index after accounting for the city and time fixed effects. The standardized coefficient is
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64.6 percent without control variables and 44 percent with control variables, suggesting that
OGD can explain more than 40 percent of rural–urban income inequality after controlling
for changes in the urban–rural income divide caused by city and time effects. The city and
year fixed effects explain much more of the total variation in the urban–rural income divide
than OGD. To assess potential collinearity effects and ensure the suitability of our model,
we employed variance inflation factors (VIFs) for each predictor. The aim was to investigate
whether the high R2 values (0.921) were influenced by collinearity. Our findings revealed
that all VIF values were below 5, indicating no significant correlation among the predictors.
These results provide evidence that open government data (OGD) does indeed influence
the income disparity between urban and rural areas.

Table 1. Regression results of government data opening on urban–rural income divide.

(1) (2)
VIF Theil Theil

OGD 1.1193 0.0084 *** 0.0058 **
(2.68) (2.16)

publicout-gdp 1.6865 −0.0538 **
(−2.12)

rindustry2nd 1.0291 0.0000
(0.40)

rindustry3rd 1.6854 −0.0004 ***
(−3.72)

urban 2.3866 −0.1824 ***
(−2.85)

loan-gdp 1.8877 0.0023
(1.61)

collegestu-100 1.9854 0.0008
(0.70)

foreigncapit-gdp 1.0054 0.1707 *
(1.84)

cons 0.0839 *** 0.2039 ***
(639.47) (5.60)

N 2236 2102
R2 0.921 0.921

t statistics in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.

5.3. Robustness Tests
5.3.1. Placebo Test

To assess the possible association of other time-varying city characteristics with the
timing of OGD and changes in the urban–rural income divide that may be present if the
main analysis is flawed but should not be present otherwise, it is necessary to test the
exclusivity of the effect of OGD on the urban–rural income divide. We designed a placebo
test by advancing the OGD time for 3 years. The result was insignificant, indicating that
the “fake-policy dummy variable” cannot explain the change in urban–rural income divide
in the fake scenario, and the change in the explained variable is unlikely to be affected by
other policies or random factors, which passes the test.

5.3.2. Bootstrap Test

Since the OGD began from 2012 in China, the number of available samples has been
limited. We tried to use bootstrap and SUR standard error estimators to test the results
by creating bootstrap samples from the original dataset by sampling with replacement.
We randomly extracted the observation results from the data and calculated the impact
of government data opening on the urban–rural income divide with the city and time
fixed effects. We took 500 such samples and estimated the impact of government data
openness on the rural–urban income divide by a factor of 500. The standard deviation of
the result estimate was bootstrap. Then, the SUR standard error was estimated and the
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nondiagonal elements of the weighted matrix were restricted to be invariant. The result
was also significant.

5.3.3. Parallel Trends Test

To ensure the results meet the unbiasedness, the trend of parallel hypothesis between
the treatment and control groups needs to be met. If the pretreatment trends of the treatment
and control groups are different, parallel trends do not hold, which questions whether the
income divide changes are not caused by the OGD but by other trends. Therefore, it is
necessary to verify whether there is a parallel trend in the income divide of treatment cities
and control cities before the OGD.

Just like the classical DID model, multiperiod DID can also be decomposed and
analyzed for the dynamic economic effects of policies through the event study method,
but the policy time needs to be treated centrally (the time of each period minus the policy
implementation time). The regression model is

Yct = α +
N

∑
τ=−M

βτ Dc,t−τ + γXct + Ac + Bt + εct, (16)

where ∑N
τ=−M βτ Dc,t−τ is a dummy variable; M and N are the periods before and after

OGD, respectively. If city c opens government data in time t−τ, the dummy variable equals
1; otherwise, 0. For example, when τ = 2, Dc,t−τ represents city c opening government data
in time t − 2; the regression estimates the effects in the second year after data opening. βτ

represents the current period of opening government data; β−M to β−1 represent the 1 − M
time period before opening government data; β1 to βN represent the 1 − N time period
after opening government data. If the result is significant and equals 0 in the period of β−M
to β−1, it indicates that there is no significant difference between the treatment and control
groups in period 1 − M before the opening of government data, which asserts that parallel
trends hold.

The result in Figure 3 shows that the confidence interval on the left side of 0 includes
0, and the confidence interval on the right side of 0, where the vertical line at each point
intersects with the X-axis, departs from 0. It indicates no significant difference (heteroge-
neous time trend) between the treatment group and the control group before the opening
of government data. Our model satisfies the assumption of parallel trends, so the estimated
result is unbiased and pure.

According to the main regression and robustness test results above, we can conclude
that H1 can be accepted. There is a positive relationship between government data open-
ing and the widening of the urban–rural income divide, and, at the present stage, this
relationship is becoming stronger and stronger over time.

5.4. Impact of OGD and Initial Conditions

To assess whether the impact of OGD on income inequality varies in predictable ways
across cities with different initial conditions, we built a quantile regression model for the
initial urban–rural income Theil index with fixed effects. The quantiles selected were 0.2,
0.4, 0.6, and 0.8, respectively. The lower the quantile, the greater the initial income divide,
and vice versa.

Table A3 presents the results, showing that OGD has a significant impact on the
urban–rural income divide at quantiles 0.2, 0.4, and 0.8, all of which are positive. The
absolute value of the coefficient is the largest at quantile 0.2, while the absolute value of the
coefficient is the largest at quantile 0.8 among all significant results. The results indicate
that OGD exerted a larger negative impact on the urban–rural income divide in regions
with wider such divides before opening and a smaller negative impact on the divide in
the regions where it was initially narrower. This provides more empirical evidence of the
mechanisms through which OGD influences the divide, and also reduces concerns about
reverse causality.
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Figure 3. The dynamic impact of OGD on the Theil index of income inequality. The figure plots the
impact of OGD on the Theil index of income inequality between urban and rural sectors according to
the estimated coefficients and the corresponding standard error information from the above parallel
trend test regression. We consider a 14-year window, spanning from 7 years before OGD until 7 years
after. The dashed vertical lines represent 95% confidence intervals. If the vertical lines have an
intersection with the X-axis, it indicates no significant difference (heterogeneous time trend) between
the treatment group and the control group, and vice versa.

6. Conclusions

Beyond the enthusiasm for the potential advantages of the data revolution, there is
growing concern regarding its possible detrimental effects. The unequal distribution, acces-
sibility, and utilization of data exacerbate developmental disparities between individuals
and groups. This complexity necessitates the advancement of theoretical and empirical
frameworks. Building on the nonrival nature of data, we propose a model in which data
serve as both an input and an output in the production process. Products created using
data generate new data through consumption and usage, which are then fed back into
production (e.g., self-driving cars; see Section 3.4). By constructing a theoretical model
of this economic process and examining the role of open government data within it, we
demonstrate the critical function of open government data and its inverted U-shaped
impact on labor income inequality. Our empirical investigation provides evidence that
the opening of government data in recent years has positively impacted the widening of
the urban–rural income divide in China at the current stage. This finding is robust to an
array of sensitivity analyses, and we find no evidence that reverse causality drives the
results. Moreover, the impact of OGD on income distribution varies across cities with
distinct initial economic characteristics. Due to the recent opening of government data
in China over the past few years, the exact amount of data opened by each city has not
been scientifically measured. Although we were unable to obtain precise data aligned with
the continuous variables used in our theoretical models (as described in Section 3.4), we
treated the occurrence of OGD as a binary variable in a DID regression for our empirical
study. Despite this limitation, the empirical study is still meaningful as it provides initial
insights into the potential impact of OGD policy on the urban–rural income divide at the
early stages of its implementation in each city.

These findings align with the research conducted by Farboodi [43] and Jones and
Tonetti [59]. Farboodi suggests that goods or services that heavily rely on data generate
higher income compared to others due to the use of data for prediction and the subsequent
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reduction in uncertainty, which enhances firm profitability. Similarly, Jones and Tonetti
argue that data have the potential to generate substantial income, with data-intensive goods
or services yielding higher income than other goods or services.

In our study, the causal relationship between OGD and the urban–rural income divide
can be primarily explained by the disparity in the incorporation of data in the production
and consumption of goods between the urban and rural sectors. The nonrival nature of
data implies that those who generate and utilize data stand to gain significant benefits.
Theoretically, a greater quantity of data results in higher returns. Regarding urban–rural
income distribution, differences in the marginal production elasticity of capital between
urban and rural areas, as well as variations in infrastructure, professional expertise, and
digital firms, lead to rural areas generating and utilizing less data compared to urban areas
during the early stages of economic development. This imbalance in economic competitive-
ness persists when government data become available, resulting in rural residents earning
lower profits from data.

Furthermore, the causal relationship can be also explained by the disparity in the
marginal production elasticity of urban and rural capital in China. Despite the government’s
efforts to eliminate it, the dual urban–rural system still exists. Currently, urban capital
exhibits higher marginal production elasticity than rural capital. As demonstrated in our
OGD and income inequality model in Section 3.4, this pre-existing disparity serves as
one of the factors contributing to the positive relationship between OGD and the urban–
rural income divide observed in our empirical study. From a data-centric perspective, we
propose increasing the availability of data in relatively low-income areas. This could be
achieved through the provision of comprehensive broadband infrastructure, transportation,
and logistics in rural communities, enabling rural residents to access the digital world in
their daily lives and work. Additionally, we recommend encouraging the development of
information technology firms focused on the rural market and promoting digital agriculture.
We believe that providing rural residents with opportunities to derive equal value from the
rapid growth of data will gradually reduce the income gap with urban areas and promote
equitable development in the digital age.
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Figure A1. Number of OGD sets in different fields in 2017.

Table A1. Timing of OGD.

City Id Year of Opening City Id Year of Opening

Beijing 1 2012 Hena 159 2018
Tianjin 2 2019 Wuhan 178 2015
Wuhai 30 2018 Jingmen 184 2016

Haerbin 62 2016 Huanggang 187 2019
Jiamusi 69 2019 Changsha 191 2016

Shanghai 74 2012 Changde 197 2019
Jiangsu 75 2019 Yongzhou 201 2019
Najing 76 2018 Andong 204 2016
Moxi 77 2014 Anzhou 205 2016

Xuzhou 78 2019 Shaoguan 206 2019
Changzhou 79 2019 Shenzhen 207 2016

Suzhou 80 2018 Zhuhai 208 2018
Natong 81 2019 Shantou 209 2019

Lianyungang 82 2019 Foshan 210 2014
Huaian 83 2019 Jiangmen 211 2018

Yangzhou 85 2018 Zhanjiang 212 2015
Taizhou 87 2019 Maoming 213 2019
Suqian 88 2019 Zhaoqing 214 2015

Zhejiang 89 2014 Huizhou 215 2018
Ningbo 91 2018 Meizhou 216 2016
Huzhou 94 2019 Shanwei 217 2019
Bangbu 104 2019 Heyuan 218 2019

Maanshan 106 2018 Yangjiang 219 2016
Huangshan 110 2019 Qingyuan 220 2019

Fuyang 112 2019 Dongguan 221 2016
Liuan 115 2018 Zhongshan 222 2018

Xuancheng 118 2018 Chaozhou 223 2019
Fujian 119 2019 Jieyang 224 2019

Fuzhou 120 2019 Yunfu 225 2019
Shamen 121 2019 Naning 227 2019
Jiangxi 129 2018 Haina 241 2019
Fuzhou 139 2019 Sanya 243 2019

Shandong 141 2018 Sichuan 245 2019
Jina 142 2018 Chengdou 246 2018

Qingdao 143 2015 Luzhou 249 2019
Zibo 144 2018 Mianyang 251 2019

Zaozhuang 145 2018 Anyuan 252 2019
Dongying 146 2018 Suining 253 2019
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Table A1. Cont.

City Id Year of Opening City Id Year of Opening

Yantai 147 2018 Neijiang 254 2019
Weifang 148 2018 Yaan 261 2019

Jining 149 2018 Guizhou 264 2016
Taian 150 2018 Guiyang 265 2017

Weihai 151 2018 Liupanshui 266 2019
Rizhao 152 2018 Zunyi 267 2019
Laiwu 153 2018 Shanxi 280 2018
Linyi 154 2018 Ningxia 306 2018

Dezhou 155 2018 Yinchuan 307 2018
Liaocheng 156 2018 Danzuishan 308 2018
Binzhou 157 2018 Zhongwei 311 2019

Heze 158 2018 Tongren 316 2018
Xinjiang 312 2019

Table A2. Descriptive statistics.

Standard Deviation

N Mean Min Max Across Cities Within
Cities

Within City
Years

Theil index 2121 0.083 −0.357 0.283 0.023 0.045 0.017

Table A3. Quantile regression of urban–rural income Theil results.

Quantile 0.2 Quantile 0.4 Quantile 0.6 Quantile 0.8

OGD 0.008 *** 0.0021 * 0.001 0.002 **
(3.44) (1.84) (1.19) (2.42)

N 409 400 409 416
R2 0.8194 0.8356 0.7694 0.9661

* p < 0.1, ** p < 0.05, *** p < 0.01.

References
1. Data Revolution Group. A World That Counts–Mobilising the Data Revolution for Sustainable Development. Independent Expert

Advisory Group on a Data Revolution for Sustainable Development. 2014. Available online: https://www.undatarevolution.org/
wp-content/uploads/2014/12/A-World-That-Counts2.pdf (accessed on 23 April 2023).

2. Boyd, D.; Crawford, K. Critical questions for big data: Provocations for a cultural, technological, and scholarly phenomenon. Inf.
Commun. Soc. 2012, 15, 662–679. [CrossRef]

3. Ribes, D.; Jackson, S.J. Data bite man: The work of sustaining a long-term study. In “Raw data” Is an Oxymoron; MIT Press:
Cambridge, MA, USA, 2013; pp. 147–166.

4. Dalton, C.M.; Taylor, L.; Thatcher, J. Critical data studies: A dialog on data and space. Big Data Soc. 2016, 3. [CrossRef]
5. Robinson, L.; Cotten, S.R.; Ono, H.; Quan-Haase, A.; Mesch, G.; Chen, W.; Schulz, J.; Hale, T.M.; Stern, M.J. Digital inequalities

and why they matter. Inf. Commun. Soc. 2015, 18, 569–582. [CrossRef]
6. Cinnamon, J. Data inequalities and why they matter for development. Inf. Technol. Dev. 2020, 26, 214–233. [CrossRef]
7. Li, S.; Sicular, T. The distribution of household income in china: Inequality, poverty and policies. China Q. 2014, 217, 1–41.

[CrossRef]
8. Eastwood, R.; Lipton, M. Rural and urban income inequality and poverty: Does convergence between sectors offset divergence

within them? Inequal. Growth Poverty Era Lib. Glob. 2004, 4, 112–141.
9. Sicular, T.; Ximing, Y.; Gustafsson, B.; Li, S. The urban-rural income gap and income inequality in China. In Understanding

Inequality and Poverty in China; Springer: Berlin/Heidelberg, Germany, 2008; pp. 30–71.
10. Xie, Y.; Zhou, X. Income inequality in today’s china. Proc. Natl. Acad. Sci. USA 2014, 111, 6928–6933. [CrossRef]
11. Wan, G. Understanding regional poverty and inequality trends in China: methodological issues and empirical findings. Rev.

Income Wealth 2007, 53, 25–34. [CrossRef]
12. Chen, J.; Fang, F.; Hou, W.; Li, F.; Pu, M.; Song, M. Chinese Gini coefficient from 2005 to 2012, based on 20 grouped income

datasets of urban and rural residents. J. Appl. Math. 2015, 2015, 939020. [CrossRef]

https://www.undatarevolution.org/wp-content/uploads/2014/12/A-World-That-Counts2.pdf
https://www.undatarevolution.org/wp-content/uploads/2014/12/A-World-That-Counts2.pdf
http://doi.org/10.1080/1369118X.2012.678878
http://dx.doi.org/10.1177/2053951716648346
http://dx.doi.org/10.1080/1369118X.2015.1012532
http://dx.doi.org/10.1080/02681102.2019.1650244
http://dx.doi.org/10.1017/S0305741014000290
http://dx.doi.org/10.1073/pnas.1403158111
http://dx.doi.org/10.1111/j.1475-4991.2007.00216.x
http://dx.doi.org/10.1155/2015/939020


Sustainability 2023, 15, 9867 17 of 18

13. Yang, D.T. Urban-Biased Politics and Rising Income Inequality in China. Am. Econ. Rev. 1999, 89, 306–310. [CrossRef]
14. Yang, D.T.; Zhou, H. Rural-urban disparity and sectoral labour allocation in China. J. Dev. Stud. 1999, 35, 105–133. [CrossRef]
15. Murphy, W. Data Is the New Oil | by Will Murphy | towards Data Science. 2017. Available online: https://towardsdatascience.

com/data-is-the-new-oil-f11440e80dd0?gi=1c5b75e356b3 (accessed on 7 February 2022).
16. Li, S. Effects of labor out-migration and income growth and inequality in rural china. In China’s Economy: Rural Reform and

Agricultural Development; World Scientific: Singapore, 2009; pp. 161–185.
17. Greenwood, J.; Jovanovic, B. Financial development, growth, and the distribution of income. J. Political Econ. 1990, 98, 1076–1107.

[CrossRef]
18. Zhang, Q. Development of financial intermediaries and urban–rural income inequality in China. China J. Financ. 2004, 11, 71–79.
19. Yao, Y. An empirical analysis of financial development and urban-rural income gap in China. Study Financ. Econ. 2005, 2, 5–12.
20. Guo, J. Human capital, the birth rate and the narrowing of the urban-rural income gap. Soc. Sci. China 2005, 3, 27–37.
21. Wei, S.; Yi, W. Globalization and Inequality: Evidence from within China; Technical Report; National Bureau of Economic Research:

Cambridge, MA, USA, 2001.
22. Hertel, T.; Fan, Z. Labor market distortions, rural-urban inequality and the opening of China’s economy. Econ. Model. 2006,

23, 76–109. [CrossRef]
23. Jeanneney, S.G.; Hua, P. Appreciation of the renminbi and urban-rural income inequality in China. Revue D’économie Du

Développement 2008, 22, 67–92.
24. Wei, H.; Zhao, C. Effects of international trade on urban-rural gap income in China. Financ. Trade Econ. 2012, 1, 78–86.
25. Acemoglu, D. Technical Change, Inequality, and the Labor Market. J. Econ. Lit. 2002, 40, 7–72. [CrossRef]
26. Zou, W.; Liu, Y. The Dynamics of Skilled Labor, Economic Transformation and Income Inequality. J. World Econ. 2010, 33, 81–98.
27. Acemoglu, D.; Shimer, R. Wage and Technology Dispersion. Rev. Econ. Stud. 2000, 67, 585–607. [CrossRef]
28. Aghion, P.; Howitt, P.; Violante, G.L. General Purpose Technology and Wage Inequality. J. Econ. Growth 2002, 7, 315–345.

[CrossRef]
29. Oshima, H.T. Kuznets’ Curve and Asian Income Distribution Trends. Hitotsubashi J. Econ. 1992, 33, 95–111.
30. Kim, S.Y. Technological kuznets curve? technology, income inequality, and government policy. Asia Res. Policy 2012, 3, 33–49.
31. Qiu, L.J.; Zhong, S.B.; Sun, B.W.; Song, Y.; Chen, X.H. Is internet penetration narrowing the rural–urban income inequality? A

cross-regional study of China. Qual. Quant. 2021, 55, 1795–1814. [CrossRef]
32. Ji, Y.; Zhang, Y.; Dai, S. Technological Progress and Household Income Distribution Gap. Contemp. Econ. Res. 2005, 55–58+73.
33. Luo, X.; Hu, D. Research on the Contribution of Scientific and Technological Progress to Narrowing Rural-Urban Income Gap.

Sci. Technol. Prog. Policy 2011, 28, 47–49.
34. Li, B.; Chen, C.; Wan, D. Technology Progress Contribution and Resident Income Distribution Gap. J. Hunan Univ. (Soc. Sci.)

2012, 26, 56–61.
35. Arrieta-Ibarra, I.; Goff, L.; Jiménez-Hernández, D.; Lanier, J.; Weyl, E.G. Should We Treat Data as Labor? Moving beyond “Free”.

AEA Pap. Proc. 2018, 108, 38–42. [CrossRef]
36. Posner, E.A.; Weyl, E.G. Radical Markets: Uprooting Capitalism and Democracy for a Just Society; Princeton University Press: Princeton,

NJ, USA, 2018.
37. Akcigit, U.; Celik, M.A.; Greenwood, J. Buy, keep, or sell: Economic growth and the market for ideas. Econom. J. Econom. Soc.

2016, 84, 943–984. [CrossRef]
38. Ali, S.N.; Chen-Zion, A.; Lillethun, E. Reselling information. arXiv 2020, arXiv:2004.01788
39. Ichihashi, S. Non-Competing Data Intermediaries; Technical report; Bank of Canada: Ottawa, ON, Canada, 2020.
40. Akcigit, U.; Liu, Q. The role of information in innovation and competition. J. Eur. Econ. Assoc. 2016, 14, 828–870. [CrossRef]
41. Varian, H. Artificial intelligence, economics, and industrial organization. In The Economics of Artificial Intelligence: An Agenda;

Agrawal, A., Gans, J., Goldfarb, A., Eds.; University of Chicago Press: Chicago, IL, USA, 2019; pp. 399–419.
42. Farboodi, M.; Veldkamp, L. Long-Run Growth of Financial Data Technology. Am. Econ. Rev. 2020, 110, 2485–2523. [CrossRef]
43. Farboodi, M.; Veldkamp, L. A Growth Model of the Data Economy. Available online: https://www.nber.org/papers/w28427

(accessed on 23 April 2023).
44. Hughes-Cromwick, E.; Coronado, J. The Value of US Government Data to US Business Decisions. J. Econ. Perspect. 2019,

33, 131–146. [CrossRef]
45. Fazekas, M.; Burns, T. Exploring the Complex Interaction between Governance and Knowledge in Education; Technical Report; OECD

Publishing: Paris, France, 2012.
46. Utterback, J.M. Mastering the Dynamics of Innovation; Harvard Business School: Boston, MA, USA, 2006.
47. Zins, C. Conceptual approaches for defining data, information, and knowledge. J. Am. Soc. Inf. Sci. Technol. 2007, 58, 479–493.

[CrossRef]
48. Silver, N. The Signal and the Noise: Why So Many Predictions Fail—But Some Don’t; A Penguin Book Economics/Politics/Sports;

Penguin Books: New York, NY, USA, 2020.
49. Rotella, P. Is Data The New Oil? 2012. Available online: https://www.forbes.com/sites/perryrotella/2012/04/02/is-data-the-

new-oil/?sh=561f1b267db3 (accessed on 7 February 2022).
50. Spijker, A. The New Oil: Using Innovative Business Models to Turn Data into Profit; Technics Publications: Basking Ridge, NJ,

USA, 2014.

http://dx.doi.org/10.1257/aer.89.2.306
http://dx.doi.org/10.1080/00220389908422575
https://towardsdatascience.com/data-is-the-new-oil-f11440e80dd0?gi=1c5b75e356b3
https://towardsdatascience.com/data-is-the-new-oil-f11440e80dd0?gi=1c5b75e356b3
http://dx.doi.org/10.1086/261720
http://dx.doi.org/10.1016/j.econmod.2005.08.004
http://dx.doi.org/10.1257/jel.40.1.7
http://dx.doi.org/10.1111/1467-937X.00146
http://dx.doi.org/10.1023/A:1020875717066
http://dx.doi.org/10.1007/s11135-020-01081-8
http://dx.doi.org/10.1257/pandp.20181003
http://dx.doi.org/10.3982/ECTA12144
http://dx.doi.org/10.1111/jeea.12153
http://dx.doi.org/10.1257/aer.20171349
https://www.nber.org/papers/w28427
http://dx.doi.org/10.1257/jep.33.1.131
http://dx.doi.org/10.1002/asi.20508
https://www.forbes.com/sites/perryrotella/2012/04/02/is-data-the-new-oil/?sh=561f1b267db3
https://www.forbes.com/sites/perryrotella/2012/04/02/is-data-the-new-oil/?sh=561f1b267db3


Sustainability 2023, 15, 9867 18 of 18

51. OECD. Introduction to Data and Analytics (Module 1): Taxonomy, Data Governance Issues, and Implications for Further Work; OECD:
Paris, France, 2013.

52. Frischmann, B. Infrastructure: The Social Value of Shared Resources; Oxford University Press: Oxford, UK, 2012.
53. Ubaldi, B. Open Government Data: Towards Empirical Analysis of Open Government Data Initiatives; Technical Report; OECD Working

Papers on Public Governance: Paris, France, 2013. [CrossRef]
54. Fudan University. China Local Government Open Data Report; Technical Report; Fudan University: Shaihai, China, 2017.
55. Janssen, M.; Charalabidis, Y.; Zuiderwijk, A. Benefits, adoption barriers and myths of open data and open government. Inf. Syst.

Manag. 2012, 29, 258–268. [CrossRef]
56. Lee, J.; Kwak, N. Open data, civic hacking, and government: Evidence from South Korea. Public Adm. Rev. 2017, 77, 697–707.

[CrossRef]
57. Lafortune, G. The Effect of Education on Economic Growth: A Case Study of Canada, 1926–2006. Can. J. Educ. 2013, 36, 120–148.

[CrossRef]
58. Zhu, X.; Yang, X. Does Education Promote Economic Growth? Evidence from China. China Econ. J. 2015, 8, 295–315. [CrossRef]
59. Jones, C.I.; Tonetti, C. Nonrivalry and the Economics of Data. Am. Econ. Rev. 2020, 110, 2819–2858. [CrossRef]
60. Kuznets, S. Economic Growth and Income Inequality. Am. Econ. Rev. 1955, 45, 1–28.
61. Li, D. Personal Privacy, Trade Secrets and openness of Credit Data–Interview with Yu Jingming, researcher of development

Research Center of The State Council and CEO of China Hua ’an Commercial Credit Risk Management Company. Chin.
Qual.-Thousands-Miles Travel 2001, 11, 42–44.

62. Fudan University. China Local Government Open Data Report; Technical Report; Fudan University: Shaihai, China, 2020.
63. Chen, L.; Duan, Y. Analyzing Implementation of the Chinese Government Open Data Policy Using Government Bulletin Text as

Example. J. China Soc. Sci. Tech. Inf. 2020, 39, 698–709.
64. Fudan University High-Capacity Datasets Open in Cities such as Dongguan. 2021. Available online: http://4cool.ifopendata.cn/

case (accessed on 27 June 2022).
65. Conceição, P.; Galbraith, J.K. Constructing Long and Dense Time-Series of Inequality Using the Theil Index. East. Econ. J. 2000,

26, 61–74.
66. Hong, M.; Zhang, W. Industrial structure upgrading, urbanization and urban-rural income disparity: Evidence from China. Appl.

Econ. Lett. 2021, 28, 1321–1326. [CrossRef]
67. Mao, C.C.; Xin.Ma, Z. The Analysis of the Regional Economic Growth and the Regional Financial Industry Development

Difference in China Based on the Theil index. Int. J. Econ. Financ. Stud. 2021, 13, 128–154.
68. Callaway, B.; Sant’Anna, P.H.C. Difference-in-Differences with multiple time periods. J. Econom. 2020, 219, 74–96. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1787/5k46bj4f03s7-en
http://dx.doi.org/10.1080/10580530.2012.716740
http://dx.doi.org/10.1111/puar.12747
http://dx.doi.org/10.2307/41759006
http://dx.doi.org/10.1080/17538963.2015.1093379
http://dx.doi.org/10.1257/aer.20191330
http://4cool.ifopendata.cn/case
http://4cool.ifopendata.cn/case
http://dx.doi.org/10.1080/13504851.2020.1813244
http://dx.doi.org/10.1016/j.jeconom.2020.12.001

	Introduction
	Related Literature
	Concept, Background, and Model of Data
	Data Concept
	Economic Nature of Data
	Open Government Data (OGD)
	An OGD and Income Inequality Model

	Data and Methodology
	OGD Context in China
	Urban–Rural Income Divide Data
	Methodology

	OGD and Urban–Rural Income Divide
	Preliminary Result
	Main Result
	Robustness Tests
	Placebo Test
	Bootstrap Test
	Parallel Trends Test

	Impact of OGD and Initial Conditions

	Conclusions
	Appendix A
	References

