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ABSTRACT

We investigate the causal effect of big data on regional digital innovation by using the staggered
difference-in-differences method based on panel data from 281 cities in China between 2011 and
2019. We find that big data positively affects regional digital innovation, especially in eastern
China, regions with low economic policy uncertainty, high online attention, and strong legal
environment. This innovation-promoting effect is achieved through enriching market opportu-
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nities and agglomerating production factors. This paper provides new empirical evidence that big

data promotes digital innovation.

l. Introduction

In current digital era, digital innovation serves as
a key driver for regional economic growth (Pedota
2023). Stimulating local digital innovation vitality
is a crucial objective for governments. At the same
time, big data is regarded as a vital raw material
driving the development of the digital economy
(Chen and Zhang 2014). A natural question arises:
Can government encouragement of big data devel-
opment promote regional digital innovation? In
theory, the abundance of big data at the regional
level can generate more digital entrepreneurial
opportunities, enabling greater participation of
market entities in digital innovation activities
(Sahut, Iandoli, and Teulon 2021). Moreover,
enhancements in enterprise big data analytics cap-
abilities can also elevate innovation prowess
(Mikalef and Krogstie 2020; Mikalef et al. 2019,
2020). However, the question of whether and how
big data can promote regional digital innovation
has not been fully explored in empirical research,
particularly in the context of developing countries.

The main difficulties in exploring the causal
relationship between big data development and
regional digital innovation lie in two main aspects:
Firstly, in the data source, scholars cannot accu-
rately measure the unit’s big data stocks. Secondly,
in the identification strategy, there is a reverse

causality between big data and regional digital
innovation, wherein an increase in digital innova-
tion helps regions gather more big data.
Furthermore, both big data and regional digital
innovation might be influenced by some common
unobservable factors. These difficulties make the
result obtained from ordinary least square estima-
tion unreliable.

China, a typical centralized country, launched
a pilot policy named National Comprehensive Big
Data Pilot Zones (NCBDPZ) in 10 provinces and
57 cities in two rounds in 2015 and 2016, providing
an ideal quasi-natural experiment. This policy
urges pilot areas to open public data, build big
data centres, and reform big data systems, resulting
in an exogenous increase in local big data stocks.
Recent studies utilize this exogenous shock to han-
dle the difficulties mentioned above (Wang et al.
2023; Wei, Jiang, and Yang 2023). Following this
identification strategy, we analyse the overall
impact, mechanism, and heterogeneity of big data
on regional digital innovation based on a staggered
difference-in-differences (DID) setting and vali-
date the robustness of regression results with
a battery of tests. We find that the development of
big data significantly promotes regional digital
innovation. This effect is stronger in eastern

China, areas with lower economic policy
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uncertainty, higher online attention, and strong
legal environments. Moreover, this promoting
effect is achieved through enriching market oppor-
tunities and aggregating production factors.

This study enriches existing literature in two
aspects. First, it provides new empirical evidence
that big data promotes regional digital innovation
based on data from China. Previous studies have
discovered that companies in developed countries
can stimulate innovation by enhancing their big
data analytics capabilities, such as Greece (Mikalef
et al. 2019, 2020) and Norway (Mikalef and
Krogstie 2020). However, literature discussing
regional digital innovation in developing countries
remains relatively scarce. Second, our study
enriches the literature on the economic and social
effects of big data development. Previous studies
have discussed the impact of big data development
on the sustainable development of enterprises
(Wang et al. 2023) and regional low-carbon devel-
opment (Wei, Jiang, and Yang 2023). However, to
the best of our knowledge, due to difficulties in data
acquisition, there has been no discussion of its
impact on regional digital innovation.

Il. Research design
Empirical model

To investigate the causal relationship between big
data and digital innovation, we view the establish-
ment of the NCBDPZ as an exogenous shock on
local big data stocks and implement a staggered
DID estimate:

DigitInnovy = « + 3 x BigData; + Z;y;6 + y; + A,
+ &
(1)

Where DigitInnov; is digital innovation for city i
in year t, which measured by the digital invention

patents granted per 10,000 people. A patent will be
identified as a digital patent when its international
patent classification belongs to the Reference
Relationship Table between the Digital Economy
Core Industry Classification and the International
Patent Classification (2023). BigData;; is a dummy
that equals one if city i is affected by the NCBDPZ
at year t and zero otherwise. Following Feng et al.
(2023), We add a series of control variables Z;; that
may affect regional digital innovation vitality. For
example, we include economic development
(EcoDev), measured using real GDP per capita, as
higher economic development levels generally
enhance market returns for innovation outcomes;
population density (PopDen), measured by the
ratio of population to area, as higher population
density leads to scale effects that promote innova-
tion vitality; financial development (Finance), mea-
sured by the ratio of the loan balance to GDP, as
innovation activities rely on financial support;
research and development investment (R&D),
measured by the percentage of science expenditure
in fiscal expenditure, as increased investment in
R&D generally leads to more innovation output;
openness (Open), measured by the percentage of
foreign direct investment in GDP, as higher
degrees of openness leads to easier absorb foreign
technologies; marketization level (Market), mea-
sured by the ratio of GDP to fiscal expenditure, as
regions with higher levels of marketization are
more likely to generate innovation. More details
on these variables are reported in the left half of
Table 1.

Data

Patent data was from the PatSnap database. The
core dependent variable is manually curated.
Control variables were from the China City
Statistical Yearbook. We first collected all available

Table 1. Definitions, constructions, and descriptive statistics of key variables.

Variable Description Construction Obs. Mean Std. Min Median Max
Digitinnov  Regional digital innovation Digital invention patents granted per 10,000 people 2529 2215 8.533 0 0.288  150.127
BigData Treatment status A dummy variable equals 1 if the city is affected 2529 0.093 0.290 0 0 1
EcoDev Economic development Real GDP per capita 2529 0.553 0.498 0.080 0.397 4.810
PopDen Population density The ratio of population to area 2529 0.443 0344 0.005 0.365 2.759
Finance Financial development The ratio of the loan balance to GDP 2529 0.985 0.614 0.118 0.811 9.622
R&D R&D investment The percentage of science expenditure in fiscal expenditure 2529 1.654 1.668 0.060 1.154 20.683
Open Openness The percentage of foreign direct investment in GDP 2529 1.718 1.752 0.000 1.220 19.880
Market Marketization level The ratio of GDP to fiscal expenditure 2529 6.043 2466 1.092 5.730 22.789




sample data, then excluded 19 cities with severe
data missingness, such as Chaohu, Laiwu, and
Sansha. The final sample is a balanced panel data
from 281 cities between 2011 and 2019. We report
the descriptive statistics of key variables in the right
half of Table 1.

lll. Empirical results
Baseline estimate

We estimate the empirical model and report the
results in Table 2. It shows that BigData is consis-
tently significantly positive at a 5% level with or
without control variables, indicating that the big
data, made richer by NCBDPZ impacts, can boost
regional digital innovation. According to column
(2), big data can increase digital invention patents
granted per 10,000 people by 1.472 compared to
the untreated cities.

Mechanism tests

We propose that big data can promote regional
digital innovation through enriching market
opportunities and agglomerating production fac-
tors. To verify the market opportunities channel,
we use three different indicators: the number of
digital companies per capita (DigComCount), the
scale of digital companies per capita
(DigComScale), and the spirit of innovation
(InnovSpirit) to measure regional market opportu-
nities. To verify the factor agglomeration channel,

Table 2. Baseline estimate results.

m )
Variables Digitinnov Digitinnov
BigData 2.845%* 1.472%*
(1.286) (0.684)
EcoDev 15.686***
(2.904)
PopDen 45.819%**
(8.195)
Finance 0.461%**
(0.231)
R&D 0.311%*
(0.152)
Open —0.302%**
(0.107)
Market —0.544%**
(0.123)
Obs. 2529 2529
Adj. R? 0.873 0.938

Standard errors in parenthesis are clustered at city level. *, **, and *** denote
significant at the 10%, 5%, and 1% levels respectively. All columns include
individual fixed effects and time-fixed effects.
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we use the proportion of ICT employees to mea-
sure the degree of talent agglomeration (Talent)
and use the ‘outside investment’ sub-index of
IRIEDEC, complied by Dai et al. (2022) to measure
the degree of capital agglomeration (Capital). We
use these variables as dependent variables and
report the results in Table 3. It shows that the
coefficients of BigData are significantly positive,
suggesting that the market opportunities channel
and the factor agglomeration channel are verified.

Heterogeneous effects

To explore the heterogeneous effects of big data on
regional digital innovation, we divide all cities into
two groups based on four different classification
methods and implement subsample regression.
Considering the significant regional disparities in
the Chinese economy, with the eastern coastal
regions being more developed compared to non-
eastern regions, our first heterogeneity analysis
divides cities into eastern and non-eastern groups
based on geographical location. The corresponding
regression results are reported in columns (1) and
(2) of Table 4. The test for differences in coeffi-
cients between the groups indicates a significant
disparity, with big data only promoting digital
innovation in the eastern regions. This suggests
a strong correlation between digital innovation
and the local level of economic development.
Considering that one of the mechanisms
through which big data promotes regional digital
innovation is by enriching market opportunities,
and economic policy uncertainty affects the reali-
zation of market opportunities, we categorize all
cities into high uncertainty and low uncertainty
groups based on the median of the China provin-
cial economic policy uncertainty index compiled
by Yu et al. (2021). The corresponding regression
results are reported in columns (3) and (4) of
Table 4. The test for differences in coefficients
between the groups indicates a significant dispar-
ity, with big data only promoting digital innovation
in the regions with lower economic policy uncer-
tainty. This suggests that lower economic policy
uncertainty facilitates the realization of market
opportunities and leads to more digital innovation.
Considering that big data promotes digital
innovation by attracting external digital talent,
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Table 3. Mechanism test results.

(M (@) 3 4 (5)
Market opportunities channel Production factors channel
Variables DigComCount DigComScale InnovSpirit Talent Capital
BigData 9.178** 16.276** 1.801%** 0.214%** 2.849*
(4.076) (7.602) (0.910) (0.074) (1.633)
Obs. 2529 2529 2520 2529 2529
Adj. R 0.931 0.993 0.894 0.750 0.829
Table 4. Heterogeneous test results.
m @) 3) @) (5) (6) @) 8)

Geographical location

Economic policy uncertainty

Online attention Legal environment

Non-eastern Eastern Low High Low High Weak Strong
BigData —0.066 2.931%* 1.972%* 0.361 -0.125 2.560%** 0.092 6.167%**
(0.229) (1.426) (0.873) (0.838) (0.116) (0.975) (0.174) (2.357)
Empirical p-value 0.000%** 0.000*** 0.000%** 0.000%**
Obs. 1629 900 1413 1116 1260 1269 1053 1476
Adj. R? 0.763 0.956 0.959 0.880 0.784 0.949 0.726 0.953

The dependent variables of all columns are Digitinnov. The empirical p-values are obtained by bootstrap 1000 times.

and regions with higher attention are more likely
to attract talent, we categorize all cities into high
online attention and low online attention groups
based on the median of the Baidu Index corre-
sponding to cities’ name. The regression results,
reported in columns (5) and (6) of Table 4, show
that the difference between different group is
statistically significant, and big data only promot-
ing digital innovation in the regions with higher
online attention. This suggests that regions with
higher attention are more prone to digital
innovation.

Considering that innovation outcomes require
protection by a favourable legal environment, we
categorize all cities into groups with strong and
weak legal environments based on the strength of
intellectual property protection in each city. The
regression results, reported in columns (7) and (8)
of Table 4, show that the difference between differ-
ent group is statistically significant, and big data
only promoting digital innovation in the regions
with strong legal environment. This suggests that
regions with strong legal environment are more
prone to digital innovation.

IV. Conclusion

This paper utilizes the NCBDPZ to explore the
causal relationship between big data and regional
digital innovation. We find that big data can pro-
mote regional digital innovation through market

opportunities channel and factor agglomeration
channel. We also document that in the areas
located in eastern China, areas with low economic
policy uncertainty, high online attention, and
strong legal environment, big data has a more sub-
stantial innovation promotion effect.

This paper theoretically explores the mechanism
by which big data promotes regional digital inno-
vation, while also providing practical implications.
On one hand, we argue that local governments can
foster digital innovation by enriching local big data
reserves. On the other hand, to fully leverage the
innovation-promoting role of big data, local gov-
ernments also need to focus on reducing economic
policy uncertainty, enhancing online attention, and
strengthening the legal environment.

The paper has two main limitations. Firstly, in
this paper, pilot policy shocks are used to proxy the
level of regional big data development. In future
research, more suitable methods could be explored
to directly measure local big data reserves or devel-
opment levels, thereby more precisely assessing the
role of big data. Secondly, this paper utilizes regio-
nal-level data for analysis. In the future, using firm-
level data could provide a more detailed examina-
tion of the key role played by big data in the
production and operations of enterprises.
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Appendix A. Robustness tests

A.1. Pre-event parallel trends tests

Following La Ferrara et al. (2012), we examine the pre-event
parallel trends based on the event study method. Figure Ala
shows that the coefficients are insignificant at a 5% level in
pre-event periods, suggesting no significant difference
between the treatment and control groups before the estab-
lishment of the NCBDPZ. However, Sun and Abraham (2021)
proved that the coefficient of dynamic treatment term has no
direct meaning while heterogeneous treatment effects exist.
To eliminate the potential impact of this issue, we re-
implemented this test using the method proposed by Sun
and Abraham (2021). Figure A1b presents the new test results,
which are very similar to Figure Ala and support the robust-
ness of the baseline result.

A.2. Policy exogeneity test

Our identification strategy assumes that the pilot policy is
exogenous. If this hypothesis holds true, innovation entities
should not be able to anticipate the occurrence of the policy or
change their innovation levels before the introduction of the
NCBDPZ. Conversely, if they do, it suggests that the hypoth-
esis is not valid. To test this assumption, we introduce two
dummy variables in the empirical model, representing the
first period (Llevent) and second period (L2event) before
the event, respectively, and report the results in columns (1)
and (2) of Table Al. It shows that these dummy variables are
insignificant, indicating that cities cannot anticipate the
implementation time of NCBDPZ before the event, suggesting
that the policy has a certain exogeneity. Therefore, our base-
line regression results should reflect the causal relationship
between big data development and regional digital
innovation.

Coefficient

5 4 3 2 - 0 1 2 3 4
Year since the treatment

a. Test using La Ferrara et al. (2012)

Figure A1. Pre-event parallel trends test results.

A.3. Considering unobservable factors

Following Kong and Qin (2021), we implement two tests to
mitigate the interference of unobservable factors. The first
introduces the interaction between city-fixed effects and
time trends in the empirical model. The result, reported in
column (3) of Table Al, shows that BigData is significant at
a 10% level. The second one permutes BigData with a random
variable and repeats 500 times. Figure A2 shows that the
kernel distribution of coefficients is around 0 and is like the
normal distribution; most p-values exceed 0.05; and the base-
line estimate falls outside the kernel curve. In summary, our
baseline results are robust to considering unobservable
factors.

A.4. More robustness tests

Firstly, to alleviate the measurement error in the depen-
dent variable, in columns (4) and (5) of Table Al, we
replace the dependent variable with digital invention
patents applied per 10,000 people (DigitApply) and digital
patents granted per 10,000 people (DigitGrant), respec-
tively. Secondly, considering a time lag between policy
announcing and implementation, in column (6) of Table
A1, we replace the key independent variable with its time
lead term (F.BigData). Thirdly, to mitigate the self-
selection bias, in column (7) of Table 3, we re-estimate
the model with the PSM-DID method. Lastly, to exclude
the impact of other innovation incentive policies, in col-
umns (8) and (9) of Table Al, we introduce two dummy
variables representing ‘Broadband China’
(BroadbandChina) and Credit System
Construction Pilot’ (SocialCredit), respectively. Overall,
the coefficients of big data are significant, indicating that
the baseline result is robust.

‘Social

Coefficient

2 -1 0 1
Year since the treatment

b. Test using Sun and Abraham (2021)



Table A1. Robustness test results.
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M ) @3) 4 (5) (6) 7) 8) 9
Variables Digitinnov Digitinnov Digitinnov DigitApply DigitGrant Digitlinnov Digitlnnov Digitinnov Digitinnov
BigData 1.462%* 1.488%* 0.640* 1.891** 3.076** 0.928* 1.471%* 1.362%*
(0.736) (0.685) (0.334) (0.837) (1.381) (0.518) (0.680) (0.676)
L1event —0.045
(0.362)
L2event 0.078
(0.289)
F.BigData 1.775%*
(0.741)
BroadbandChina 0.769**
(0.332)
SocialCredit 2.274%**
(0.785)
city x trend No No Yes No No No No No No
Obs. 2529 2529 2529 2529 2529 2529 2451 2529 2529
Adj. R? 0.938 0.938 0.986 0.940 0.937 0.938 0.869 0.938 0.940

Standard errors in parenthesis are clustered at city level *, **, and *** denote significant at the 10%, 5%, and 1% levels, respectively. All columns include
individual fixed effects, time-fixed effects, and control variables. The same is below.

P Value

Figure A2. Permutation test result.

Estir;'\ator

°o P Value

Estimator

Density
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