
Introduction

The Cultural and Creative Industries (CCI), which 
emerged from British cultural theory research in the 
early 2000s, span culture, creativity, art, and design. 
These industries aim to provide a variety of cultural 

products and services, catering to people’s spiritual 
desires and driving socio-economic growth. The CCI, 
including sectors like film, publishing, performing arts, 
gaming, and tourism, drives economic development by 
shifting traditional industries towards more knowledge-
based, innovative models [1-3]. Studies indicate 
that CCI is a key contributor to economic growth, 
especially in post-industrial cities. Its practitioners, who 
excel in analyzing trends, generating creative ideas, 
and using intellectual property effectively, produce 
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Abstract

This study examines the impact of digital progress on the green development of China’s cultural 
industries, a critical factor in improving their environmental sustainability. We applied the super-
efficient SBM model, incorporating undesirable outputs, to evaluate the green development efficiency 
of the cultural industry in 31 Chinese provinces from 2013 to 2021. The research also involved using  
the ArcGIS tool to investigate spatial patterns and temporal changes in the efficiency of cultural 
industries across these provinces. Furthermore, we developed an index to measure the digital 
advancement of Chinese provinces and its influence on the cultural industry’s green development 
efficiency. Our findings indicate a three-phase evolution of green efficiency in China’s cultural 
industries: an initial rise, a period of decline, and a recent upswing, reflecting a pattern of fluctuation 
and recovery. Significant spatial variation in green development efficiency is noted among provinces, 
with more efficient outcomes in lower-latitude areas. Importantly, our analysis indicates that increasing 
digitization levels positively affect the green development efficiency of China’s cultural industries.
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significant economic and cultural value. This activity 
not only enhances cultural and spiritual experiences 
for individuals but also supports ongoing economic 
development. Therefore, robust research into the role 
of cultural industries in promoting economic growth is 
essential. To achieve this, increased funding and a focus 
on innovative methodologies are needed [4-8].

The rapid development of digital technology has 
positioned the digital economy as a major influence 
on economic and social advancement [9]. Digital 
technologies are viewed as essential catalysts that 
empower and drive innovations in business models 
within the creative industries [10]. Digitization can not 
only reduce resource consumption and environmental 
pollution but also promote innovation and development 
in the cultural and creative industries. It provides crucial 
support for achieving sustainable development in the 
cultural and creative industries. Thus, assessing the 
effect of the digital economy on the ecological efficiency 
of cultural industries is a critical task.

Digital technologies are offering new opportunities 
and challenges for the cultural industries. While digital 
technology improves production efficiency and provides 
a richer variety of cultural products, it also introduces 
challenges like environmental pollution and resource 
depletion. For example, digital technologies provide 
powerful tools for creation and production in the 
cultural and creative industries, offering new avenues 
and platforms for the dissemination and promotion of 
cultural and creative works. However, digitalization 
technologies require significant energy support; for 
instance, data centers, servers, and other equipment 
necessitate substantial electricity supply. The production 
of electricity may lead to increased carbon emissions, 
potentially adding to environmental burdens. Therefore, 
identifying strategies for sustainable growth in cultural 
industries, considering the digital economy, is crucial. 
The concept of green development in these industries 
emphasizes environmental protection, efficient use of 
resources, and reducing emissions. In the case of China, 
the cultural industries are advancing towards green 
development, but challenges like high energy use and 
environmental pollution remain [11]. Therefore, it is 
necessary to identify effective methods to improve the 
efficiency of green development in cultural industries 
from a digitalization perspective.

Upon reviewing relevant literature and conducting 
an analysis, this paper finds that the digital economy 
has a mixed impact on the green development efficiency 
of cultural industries. On one hand, digital technology 
significantly boosts production efficiency and 
convenience, broadening the range and customization of 
cultural products, thus improving the overall efficiency 
of cultural industries [12]. On the other hand, it leads 
to environmental pollution and resource waste, which 
may reduce the green development efficiency of these 
industries. Green development is a new trend in the 
development of China’s cultural industry. Many scholars 
have assessed the efficiency of green development 

in China. The cultural industries are a promising 
area within China’s service sector. However, existing 
literature shows a lack of research addressing the 
efficiency of green development in cultural industries. 
Hence, this study makes two primary contributions. 
First, it examines the spatiotemporal evolution of 
green development efficiency within China’s cultural 
industries. Second, it is how digitalization affects the 
green development efficiency of China’s cultural sector.

Building on this understanding, this paper initially 
examines the spatial and temporal characteristics of 
green development efficiency in China’s provincial 
cultural industries. Following this, it investigates the 
influence of the digital economy on the improvement 
of green development efficiency in the cultural sector. 
The paper concludes by offering recommendations for 
augmenting the efficiency of green development in the 
cultural industry within the digital economy framework.

Literature Review

In the context of increasing globalization and the 
rise of the knowledge economy, the cultural and creative 
industries have become a significant driver of economic 
growth. This has led to a growing interest in research 
related to this field [13-15]. Examining the efficiency 
of the cultural and creative industries is a complex 
and multifaceted task, requiring analysis from various 
angles and dimensions [16-19].

The cultural and creative industries have seen 
considerable growth recently, becoming an important 
part of the national economy in many countries and 
regions. Accurately measuring their efficiency has 
attracted attention in both academic and industrial 
circles [20, 21]. Various researchers have utilized 
different Data Envelopment Analysis (DEA) methods to 
assess the efficiency of cultural and creative industries 
and their components within specific countries or 
regions. For instance, Lin [22] used the Fuzzy Delphi 
method for managing input-output variables and 
applied DEA to evaluate the efficiency of cultural and 
creative industry parks in China. De Jorge-Moreno 
[23] utilized the meta-frontier DEA method to calculate 
the comprehensive efficiency index of the cultural and 
creative sectors in several European cities in 2017. 
Extending this line of inquiry, Li [24] employed a three-
stage Data Envelopment Analysis alongside stochastic 
frontier analysis, assessing the operational efficiency 
of 56 publicly listed cultural and creative enterprises in 
China. However, with the increasing emphasis from both 
the government and the public on energy conservation 
and emission reduction in production and daily life, 
green development in the cultural and creative industries 
is also receiving more attention from relevant authorities 
and researchers. For instance, Zhang [25] discussed the 
impact of green financing in the cultural industry on the 
green growth trajectory of 32 provinces in China from 
2010 to 2021. Hu [26] analyzed the impulse response 
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relationship between tourism development and green 
development efficiency in the Yangtze River Delta 
region from 2000 to 2018, as well as the impact of 
tourism development on green development efficiency.

The efficiency of the cultural and creative industries 
is shaped by several key factors, as revealed in recent 
research. Studies focusing on industrial agglomeration, 
such as those by Černevičiūtė [27], Yu [28], Chi [29], 
and Chen [30], show its significant influence on the 
efficiency of cultural industries in various contexts. 
Complementing this view, Bellini (2015) examined the 
impact of innovations in information and communication 
technology on these industries in Europe, revealing 
a different aspect of efficiency drivers. Similarly, the 
influence of public policies was explored by Kaymas 
[31], who analyzed how Turkey’s cultural policies relate 
to the sustainable development of creative industries. 

Lee [32] contributed to this discourse by evaluating 
Taiwanese government policies aimed at supporting 
cultural and creative industries, offering a governmental 
perspective on efficiency enhancement. In a more recent 
study, Yang analyzed the influence of marketization 
on resource allocation efficiency in Chinese cultural 
enterprises, adding a market-oriented dimension to the 
discussion [33]. The necessity of digital transformation 
as a means to improve efficiency was highlighted 
by Lu [34], emphasizing its relevance in the digital 
economy era. Černevičiūtė (2019) proposed a balanced 
approach to supply and demand in regional CCIs to 
achieve sustainable development, suggesting a strategy 
focusing on market equilibrium [27]. These diverse 
research strands collectively indicate that technological 
innovation, policy intervention, and market orientation 
are instrumental in enhancing the efficiency and 
sustainability of cultural and creative industries.

The unprecedented growth of information 
technology has rendered digitization a key characteristic 
of our era. The green development of the cultural 
industry, a significant sector in the global economy, is 
essential for promoting sustainable development [35]. 
However, the relationship between increased digitization 
and the cultural industry’s green development is still an 
open question.

The level of digitization refers to the extent to 
which information technology, such as big data, cloud 
computing, and artificial intelligence, is used to digitize 
the cultural industry [36]. 

Research in this area can generally be classified 
into three types: studies examining how digitization 
technology fosters green transformation and resource 
efficiency in the cultural industry [37]. research 
developing evaluation indices for digitization level and 
green development [38]. and analyses of how policy and 
legal frameworks impact the application of digitization 
technology in the cultural industry’s green development 
[39]. 

Most studies posit a positive effect of digitization 
on the green development of the cultural industry, 
suggesting that digital technology can effectively foster 

green transformation and resource efficiency while 
reducing pollution. Nonetheless, there are limitations in 
the current research, particularly in assessing the green 
development efficiency of China’s cultural industry 
with a focus on carbon emissions. Therefore, this paper 
constructs a provincial indicator system to reassess 
the green development efficiency of China’s cultural 
industry and provide policy recommendations in the 
context of the digital economy.

Materials and Methods

With the rapid development of cultural industries 
around the world, efficiency measurement has become 
a key area of academic inquiry [40]. Current methods 
primarily focus on input and output metrics but often 
overlook slackness in the input-output relationship. This 
gap is particularly evident in traditional DEA models, 
which emphasize the economic efficiency of anticipated 
outputs while disregarding unintended outputs such 
as energy consumption. This can result in inflated 
efficiency estimations and misrepresentations in the 
efficiency analysis of cultural industries.

Super-SBM Model with Undesirable Outputs

The Super-Efficiency SBM model, developed by 
Tone in 2001, incorporates slack variables, overcoming 
the shortcomings of traditional radial DEA models. This 
method also facilitates the ranking of decision-making 
units, gaining popularity in efficiency assessments 
across different sectors [22, 41-43]. Tone’s further 
refinement in 2004 introduced unintended outputs into 
the model, enhancing its capability to evaluate efficiency 
comprehensively [44]. In this research, the Super-
Efficiency SBM model is adapted to include unintended 
outputs like carbon emissions from electricity 
consumption in cultural industries. The model operates 
as follows:

In this model, let the symbols n, m, s1, s2 denote the 
number of decision-making units, the quantity of input 
indicators, the count of expected output indicators, and 
the number of unintended output indicators, respectively. 
These are utilized in assessing the green development 

of cultural industries. The variables x, yd, yu correspond 
to the inputs, the expected outputs, and the unintended 
outputs, respectively. Here , , 

. The matrices X, Yd, and Yu are defined as 
,  , 

and , providing a structured 
framework for the model’s application. The detailed 
structure of the model is outlined as follows:

	 	 (1)
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	 (2)

In this formula, ρk is used to measure the efficiency 
of green development in the cultural industry of a 
specific province in China, designated as province k. 
When ρk​ is less than 1, it indicates inefficiency in the 
production unit, suggesting a need for enhancement and 
refinement in operational practices. On the other hand, a 
ρk​ value of 1 or more indicates that the production unit 
is operating efficiently, with higher values correlating to 
greater efficiency. The terms , ,  serve as slack 
variables for inputs, desired outputs, and undesired 
outputs, respectively. These variables help identify 
potential improvements in the input-output relationship. 
The weight vector λr constrained to non-negative values 
(λr≥0) is a key component of the model. The condition 

 incorporates the Variable Returns 
to Scale assumption, allowing for a more flexible and 
realistic assessment of efficiency across different scales 
of operation.

A Two-Way Fixed Effects Model

Following the results of the Hausman test, a fixed 
effects model is selected. This model is essential for 
addressing individual and temporal differences and 
minimizing estimation errors due to unseen factors, 
thereby enabling a more precise estimation of the 
relationship between digitization level and green 
development efficiency in the cultural industry. 
Recognizing that macroeconomic factors also influence 
the green development efficiency of the cultural 
industry, this study includes variables like per capita 
regional GDP, industrial structure, marketization degree, 
financial sector development, energy consumption 
elasticity, consumption structure, and residents’ income 
elasticity as control variables. These additions aim 
to minimize the error that might arise from omitted 

variables. The following two-way fixed effects model is 
proposed:

	
(3)

In Equation (3), i represents the province, t the year, 
greenculture the efficiency of green development in the 
cultural industry, α a constant term, digitalindex the 
level of digital economy development, X a set of control 
variables, β and η the parameters to be estimated, and ε 
the random error.

Variables and Data Sources

Variable Descriptions

Dependent variables: The efficiency of green 
development in China’s cultural industries, denoted 
as “greenculture”, necessitates an indicator system 
encompassing the fundamental attributes of cultural 
industry activities. Considering the complexity of these 
activities, the paper opts for representative indicators, 
drawing on prior efficiency measures in the cultural 
industry, which often include human resources and 
capital elements as inputs, and added value and business 
income as outputs [22, 45-49]. Adhering to principles 
of comparability, authenticity, and simplicity, this study 
selects input and output indicators detailed in Table 1. 
The analysis involves 31 Decision Making Units 
(DMUs), corresponding to 31 provinces, with 3 input 
and 2 output indicators, fulfilling the Data Envelopment 
Analysis (DEA) requirements.

Green development efficiency, as discussed in 
this paper, extends beyond traditional technological 
efficiency, which primarily focuses on economic 
outcomes. It encapsulates the transition towards more 
environmentally friendly technological practices, 
offering a thorough evaluation that encompasses both 
energy consumption and environmental pollution. 
Accordingly, the output variables are categorized into 
two groups: expected outputs and unintended outputs.

Expected output indicators. These indicators aim 
to quantify the economic benefits accruing from the 

Table 1. Input-output indicators for green development efficiency in China’s cultural industry.

Variable Name Indicator description Source

Expected Output 
Indicators Revenues Operating income (100 million yuan) China Culture and Related Industries Statistical Yearbook, 

China Statistical Yearbook
Unintended 

Output Indicators Carbon Carbon emissions from electricity 
consumption (10,000 tons)

China Energy Statistical Yearbook ,The Provincial 
Greenhouse Gas Inventory Compilation Guide”.

Input variables

Expenditure General public finance budget 
expenditures (100 million yuan)

China Culture and Related Industries Statistical 
Yearbook,China Statistical Yearbook

Labor Number of employees (10,000 people) China Culture and Related Industries Statistical Yearbook

Patent Number of Patents Granted (Items) China Culture and Related Industries Statistical Yearbook
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stock of cultural industries, this paper follows the 
methodology proposed by Wu [48] and others, selecting 
this variable as a representative of capital input. To 
account for price variations over time, this variable 
is normalized to real values using the consumer price 
index, taking 2013 as the base year.

(3) Technology input. The total number of patent 
authorizations in cultural and related industries 
is a key indicator of the industry’s innovation and 
technological advancement. These authorizations reflect 
the industry’s capability for sustainable growth and 
long-term competitiveness. Following the approach of 
Zhang [50] and other researchers, this paper chooses 
the total number of patent authorizations as a measure 
of technological input, acknowledging the challenges 
of interdisciplinary overlap and integration in project 
selection. 

Independent variable: In this study, the primary 
independent variable is the digital economy development 
level (digitalindex). The research aims to examine the 
impact of digitization levels on green development 
efficiency within the cultural industry. Following the 
framework proposed by Wang [51], a provincial-level 
indicator system has been devised to measure the 
extent of digitization in China. This comprehensive 
system includes three key indicators: digital economy 
infrastructure, digital industry maturity, and industry 
digitization degree. 

Digital economy infrastructure considers factors 
such as mobile phone and internet penetration, 
information transmission capacity, signal coverage, 
broadband internet infrastructure, and investment in 
digital services. Digital industry maturity is evaluated 
based on the development stages of sectors including 
post and telecommunications, electronic information 
manufacturing, and software and information 
technology services. Industry digitization is assessed 
by examining enterprise digitization progress and the 
degree of digital inclusion. The entropy weight method 
is utilized to calculate the digitalization level across 
China’s provinces, with the detailed index calculation 
method presented in Table 2.

Control Variables: Following the framework of Lee 
[52], the following control variables were considered  
in this study:
1.	 Logarithm of per capita GDP (lngdp): To address 

variations in economic development across Chinese 
provinces, per capita gross regional product is 
employed as a control variable.

2.	 Logarithm of industrial structure (lnstr): This 
variable captures the ratio of the tertiary sector’s 
GDP to the regional GDP, delineating the industrial 
structure in each province.

3.	 Logarithm of the marketability index (lnmarket): 
The degree of marketability is integrated as a control 
variable, given its possible effect on the advancement 
of regional cultural industries.

4.	 Level of development of the financial sector 
(financial): The growth of the financial sector, 

green development of cultural industries across regions 
(Table 1). Drawing on research by Lu [45] and Wu [48], 
this study selects the business income of cultural and 
related industries in each region as the output indicator, 
reflecting the profitability of the cultural industry. 
To control for price variations, 2013 is set as the base 
year, with the variable adjusted to real values using the 
consumer price index.

Unintended output indicators. These indicators 
focus on quantifying the carbon emissions attributed to 
energy consumption in the green development process 
of cultural industries. Considering the comprehensive 
nature of the cultural industry and the absence of 
specific data on resource consumption in cultural 
and related industries in China, this study calculates 
carbon emissions relative to the overall business income 
of the cultural industry, proportionate to the Gross 
Domestic Product (GDP) of each region [49]. Utilizing 
the Provincial Greenhouse Gas Inventory Compilation 
Guide and considering the operational characteristics of 
China’s power grid, carbon emissions from electricity 
consumption in cultural industries are determined. 
The average emission factor for regional power grids 
is calculated by dividing the CO2 emissions from fossil 
fuel combustion by the total power output of the grid.

Modern economic production theory identifies 
land, labor, capital, and entrepreneurship as key 
elements. When applying DEA in the public sector, data 
availability is crucial, leading to the selection of variables 
like space, labor, and capital as inputs [48]. Owing  
to the challenges in defining land usage for cultural 
industries in China and its minimal impact on the 
development of these industries, this study excludes land 
as a production input element. Consequently, the chosen 
input indicators are labor, capital, and technology.

(1) Labor input: The cultural industry’s reliance on 
human resources is profound, as creativity and talent 
form the backbone of its development. These human 
elements bring unique contributions that cannot be 
replicated by machines or automated processes. The 
quality and quantity of labor are directly linked to the 
capacity for creating and innovating cultural products, 
significantly influencing the industry’s efficiency. Due 
to the absence of detailed measures for labor time and 
quality in public statistics, this study utilizes the number 
of employees in cultural and related industries at year-
end as a metric for labor input.

(2) Capital Input: The study uses public financial 
expenditure on culture, sports, and media as a measure 
of capital input in the cultural industry. Capital input 
plays a fundamental role in the operations and growth 
of all industries, with its application having a direct 
bearing on the efficiency of industrial activities. In line 
with the approach in existing studies, where fixed asset 
investment or total assets are often used for measuring 
capital input in cultural and related industries, this 
research chooses public financial expenditure on 
culture, sports, and media for its analysis [48,49]. 
Acknowledging the scarcity of direct data on the capital 
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indicated by the proportion of financial sector GDP 
to regional GDP, is a significant control variable for 
each province.

5.	 Elasticity coefficient of energy consumption 
(energy): This coefficient is included to examine the 
relationship between the cultural industry’s green 
development efficiency and regional energy use.

6.	 Consumption structure (consumer): Reflecting 
population consumption habits, this variable is 
defined by the ratio of essential consumption 
expenditure to total expenditure in each province.

7.	 The elasticity of residents’ income (income): This 
measures the sensitivity of residents’ consumption 
to income changes, represented by the ratio of 
consumption growth rate to income growth rate.

Data Sources

Given the evolving nature of cultural and related 
industries and the National Bureau of Statistics of 
China’s multiple revisions of statistical standards, panel 
data from 2013 to 2021 across 31 provinces (excluding 
Hong Kong SAR, Macao SAR, and Taiwan region) was 
selected for this empirical study. The green development 
efficiency in China’s cultural industry is analyzed 
as per the National Bureau of Statistics’ regional 
division. Data on business income, employee numbers, 
patent authorizations, and public financial expenditure 
in culture, sports, and media are derived from the 
“China Culture and Related Industries Statistical 

Yearbook” (2014-2022) [53]. The consumer price 
index from the “China Statistical Yearbook” (2014-
2022) [54] and carbon emissions data from the “China 
Energy Statistical Yearbook” (2014-2022) [55] and the 
“Provincial Greenhouse Gas Inventory Compilation 
Guide” are also utilized [56].

Table 3 presents the descriptive statistics for the 
study’s input and output variables. Table 4 presents 
the descriptive statistics of variables required for panel 
regression. The results of the Kolmogorov-Smirnov test, 
which are significant, reveal that all these variables do 
not follow a normal distribution. This finding suggests 
the suitability of non-parametric models for the analysis.

Results and Discussion

Analysis of Green Development Efficiency 
in China’s Provincial Cultural Industries

Efficiency Measurement and Temporal Analysis

Utilizing the super-efficiency SBM model with 
unintended outputs, this study evaluates the green 
development efficiency of cultural industries across 31 
provinces in China from 2013 to 2021. The analysis 
includes annual averages and compares the average 
efficiencies across China’s four main regions. As 
illustrated in Table 5, the average green development 
efficiency of cultural industries nationwide during 

Table 2. Framework for assessing provincial digitization levels in China.

Primary 
Indicators Secondary indicators Description of indicators

Digital economy 
carriers

Cell phone penetration Number of cell phone users per 100 people (households/100 people)

Internet Penetration Number of Internet users as a proportion of resident population (%)

Information transmission breadth Density of fiber-optic cable lines (kilometer/square kilometer)

Signal Coverage Breadth Density of cell phone base stations (pcs/km2)

Internet broadband infrastructure Internet broadband access port density (pcs/km2)

Strength of investment in digital 
services

Per capita fixed asset investment in information transmission, computer 
services and software industry (yuan/person)

Digital 
industrialization

Development level of post and 
telecommunications industry

Total telecommunications business per capita (yuan/person);Total postal 
business per capita (yuan/person);Volume of express delivery (ten 

thousand pieces)

Development Level of Electronic 
Information Manufacturing Industry

Income of Electronic Information Manufacturing Industry 
(yuan);Number of Electronic Information Manufacturing Enterprises 

(number)

Software and Information Technology 
Service Industry

Software business revenue (ten thousand yuan);Information 
transmission, software and information technology service industry 

Number of employees (ten thousand)

Industrial 
digitization

Degree of enterprise digitalization 
development

Number of websites owned by enterprises (number);Share of enterprises 
with e-commerce trading activities (%);E-commerce transaction volume 

(billion yuan)

Digital Inclusive Finance Breadth of Digital Financial Coverage Index;Depth of Digital Financial 
Usage Index;Level of digital financial digitization
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the study period was 0.8048, suggesting a potential 
improvement margin of 19.52% to achieve full 
efficiency. Region-wise, efficiencies in descending order 
are observed in the eastern (0.8561), central (0.8427), 
western (0.7635), and northeastern (0.7229) regions.

Fig. 1 presents green development efficiency in 
China’s provincial cultural industries from 2013 to 2021. 
The overall efficiency initially increased, subsequently 
declined, and recently showed signs of recovery, 
indicating a dynamic adjustment with fluctuations. 

In 2021, the efficiency was 0.7860, marking a 1.48% 
increase from the previous year but a 2.18% decline 
from 2013, with an average annual decrease of 0.4%. 
The trend demonstrates fluctuation, with a peak in 2016, 
a decline until 2020, and a rebound in 2021.

The efficiency trend in green development efficiency 
in China’s provincial cultural industries, as depicted 
in Fig. 1, consistently aligns across its four major 
regions and can be segmented into three distinct stages.  
These stages reveal a notable time lag at major turning 

Table 3. Input-output variable descriptive statistics for China’s cultural industry green development efficiency.

Table 4. Descriptive statistics of panel regression variables.

Variable Obs Mean Std. dev. Min Max

Revenues 279 3701.519 4835.577 20.578 21945.710

Labor 279 64.020 70.508 1.585 360.250

Expenditure 279 93.911 56.926 15.721 356.914

Patent 279 4386.530 9571.316 3.000 92090.000

Carbon 279 2532.127 3169.159 7.481 14626.760

 Variables  Obs  Mean  Std. Dev.  Min  Max

greenculture 270 0.796 0.142 0.402 1.000

digitalindex 270 0.133 0.112 0.023 0.647

Lngdp 270 10.909 0.423 10.003 12.142

Lnstr 270 3.912 0.154 3.547 4.432

Lnmarket 270 1.920 0.310 0.928 2.524

Financial 270 0.076 0.031 0.032 0.196

Energy 270 -3.312 3.562 -13.830 15.900

Consumer 270 0.394 0.059 0.178 0.576

Income 270 0.013 0.028 -0.069 0.294

Table 5. Average green development efficiency in China’s cultural industry (2013-2021).

Year Central East Northeast West CHINA

2013 0.8230 0.8484 0.7362 0.7947 0.8118 

2014 0.8424 0.8770 0.7437 0.8183 0.8347 

2015 0.8448 0.8473 0.7323 0.7864 0.8121 

2016 0.8453 0.8761 0.7256 0.8028 0.8272 

2017 0.8579 0.8832 0.7233 0.7757 0.8212 

2018 0.8508 0.8352 0.7152 0.7362 0.7883 

2019 0.8487 0.8387 0.7119 0.7329 0.7874 

2020 0.8301 0.8449 0.7067 0.7051 0.7745 

2021 0.8418 0.8546 0.7114 0.7195 0.7860 

Mean 0.8427 0.8561 0.7229 0.7635 0.8048 
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points across different regions. In the initial phase of 
fluctuating growth, the eastern and central regions 
exhibited this trend for four years, the western for three, 
and the northeastern for only one year. Conversely, in 
the period of decline, the duration varied, with the 
northeastern region experiencing it for six years, the 
western for four, the central for three, and the eastern 
for just one year. However, in 2021, all regions showed 
promising signs of recovery in their green development 
efficiency. Throughout the study period, the green 
development efficiency in China’s provincial cultural 
industries ranked highest in the eastern region, followed 
by the central, western, and northeastern regions, 
respectively. Notably, the eastern and central regions 
maintained efficiencies above the national average, while 
the western and northeastern regions lagged behind, 
displaying a progressive decrease in efficiency from east 
to northwest.

In a more detailed regional comparison to the base 
period, the green development efficiency enhancements 
in China’s provincial cultural industries were evident 
only in the eastern and central regions, whereas 
the other regions faced varying degrees of decline. 
Specifically, the central region marked a significant 
increase in efficiency by 2.28%, with a key shift 
in 2018 and subsequent declines over three years. 
The eastern region observed a moderate increase of 
0.73%, the second-highest among the regions. Despite 
significant declines in 2015 and 2018, this region showed 
improvements in other years relative to the preceding 
ones. On the other hand, the western region experienced 
a pronounced downward trend, registering a cumulative 
decrease of 9.46% in efficiency over the study period. 
The northeastern region, while experiencing an overall 
decline of 3.37%, saw occasional increases in 2014 and 
2021 but otherwise declined in comparison to previous 
years.

Analysis of Regional Green Development 
Efficiency in Cultural Industries

This study presents a detailed calculation of 
the average green development efficiency for each 
province’s cultural industries, as illustrated in Fig. 2. 
The spatial analysis reveals a noticeable unevenness in 
the distribution of green development efficiency across 
China’s provinces during the study period. Shanghai 
stands out with the highest average efficiency at 0.9933, 
closely approaching full efficiency. In contrast, the 
Xinjiang Uyghur Autonomous Region records the 
lowest efficiency at 0.5679, which is merely 57.17% of 
Shanghai’s efficiency. Other provinces like Chongqing 
(0.9873), Hunan (0.9871), Guangdong (0.9782), Tibet 

Fig. 2. Average green development efficiency in China’s provincial cultural industries (2013-2021).

Fig. 1. Trend of green development efficiency in China’s cultural 
industry (2013-2021).
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(0.9704), Beijing (0.9672), and Hubei (0.9496) also 
exhibit efficiencies above 0.9. Remarkably, provinces 
such as Chongqing, Hunan, Tibet, and Hubei, despite 
being in the inland central and western regions, 
showcase high efficiency in their cultural industries. 
This reflects their effective management and resource 
allocation strategies in cultural industry development.

This paper also utilizes the ArcGIS tool for an 
intuitive representation of the efficiency evolution in 
cultural industries across China’s provinces. Fig. 3 offers 
a spatiotemporal evolution map, providing insights into 
efficiency trends from 2013 to 2021. The map in Fig. 3 
highlights the substantial spatial disparity in green 
development efficiency across the provinces. High and 
stable efficiency levels are observed in provinces like 
Guangdong, Hubei, Hunan, and Tibet, whereas the 
western region’s provinces consistently exhibit lower 
efficiency, forming a cluster in these areas. 

The year 2021 shows significant latitudinal variation 
in the efficiency of cultural industries, with higher 
efficiency typically seen in lower-latitude regions. 
Beijing, Guangdong, Shanghai, and Tibet achieved peak 
efficiency values, while Qinghai reported the lowest at 
0.4018. The provinces are divided into five categories 
based on their efficiency, with Beijing and other high-
performing provinces constituting 16.13% of the total 

sample and lower-efficiency provinces like Hebei and 
Shanxi making up 22.58%. Between 2013 and 2021, 
17 provinces displayed increased efficiency, with 
Fujian Province leading the improvement at 11.99%.  
In contrast, 14 provinces showed a decline in efficiency, 
with Qinghai seeing the most significant decrease.

Table 6 presents the annual distribution of provinces 
across different efficiency levels. Since 2018, there 
has been a noticeable steadiness in provinces with 
efficiencies above 0.85, primarily in the central region. 
Meanwhile, an increase in provinces with efficiencies 
below 0.75, mainly in the western region, indicates  
a shift towards more balanced development in the 
cultural industries of these areas.

Impact of Digitalization on Green Development 
Efficiency in Cultural Industries

Table 7 presents the results from the two-way fixed 
effects model, examining the influence of digitalization 
on the green development efficiency of the cultural 
industry. The regression outcomes, depicted in 
columns (1) and (2), reveal that the digitalization level 
is significantly and positively associated with green 
development efficiency at the 1% significance level. This 
finding remains consistent regardless of the inclusion 

Fig. 3.  Trend of green development efficiency in China’s provincial cultural industries (2013-2021).
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of control variables, indicating that an increase in 
digitalization positively impacts the efficiency of green 
development in the cultural industry.

Robustness Tests

To ensure the robustness of the benchmark 
regression results, this paper implements two empirical 
testing approaches. Firstly, the standard errors are 
adjusted to cluster robust standard errors at the 
provincial level. Secondly, an instrumental variable for 
the digital development level is constructed. Following 
the methodologies of Nunn [57], this study uses the 
number of landline telephones per hundred people and 
the number of post offices per million people in 1984, 
along with the interaction term of the previous year’s 
national Internet investment, as instrumental variables. 
The rationale is rooted in China’s Internet evolution, 
where initial internet access heavily relied on telephone 
lines, and the distribution of fixed telephones formed the 
foundational infrastructure. Thus, using the historical 
data of landlines and post offices as instrumental 
variables for digitization level meets the relevance 
criterion and is unlikely to directly influence the green 
development efficiency of China’s cultural industry 
historically.

The regression results presented in columns 
(1) and (2) of Table 8 use clustered standard errors 
and instrumental variables at the provincial level, 
respectively. Column (1) of Table 6 shows that the 
digitization level remains significantly positive at the 
5% significance level with robust standard errors. 
Column (2) demonstrates that when using the number of 
landlines and post offices as instrumental variables, the 
digitization level is significantly positive at the 1% level. 
These outcomes collectively reinforce the robustness of 
the benchmark regressions.

Table 6. Provincial distribution by efficiency levels in China’s cultural industries (study period).

Efficiency range

Year Below 65% 65-75% 75-85% 85-95% 95-100%

2013 3 4 13 4 7

2014 4 2 12 4 9

2015 4 5 10 6 6

2016 5 3 9 5 9

2017 5 3 11 5 7

2018 7 5 8 5 6

2019 7 4 9 4 7

2020 7 4 8 5 7

2021 7 5 7 5 7

Table 7. Impact of digitization on green development efficiency 
of cultural industry.

(1) (2)

Greenculture Greenculture

Digitalindex
0.4576*** 0.4260***

(0.1284) (0.1258)

Lngdp
0.5577***

(0.1432)

Lnstr
0.7704***

(0.1852)

Lnmarket
-0.0158

(0.1176)

Financial
1.3594

(1.1200)

Energy
-0.0029*

(0.0017)

Consumer
-0.0766

(0.1383)

Income
-0.3082

(0.2291)

_Cons
0.7352*** -8.4074***

(0.0168) (2.0786)

Time fixed effect Yes Yes

Provincial fixed effect Yes Yes

N 270 270

R2 0.7822 0.8259

Adj-R2 0.7464 0.7909

Note: Levels of significance: ‘***’ at 1% and ‘*’ at 10%. 
Standard errors in parentheses are robust standard errors.
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Conclusions

This analysis, centered on the green development 
efficiency of China’s cultural industries, sheds light on 
both the temporal and spatial variations in efficiency, as 
well as the role of digital technology in shaping these 
trends.

Initially, the study finds that the green development 
efficiency of China’s cultural industries has undergone 
a complex pattern of increase, decline, and subsequent 
recovery. By 2021, a slight dip of 2.18% from 2013 levels 
was observed, bringing the efficiency to 0.7860. This 
pattern reflects a varied yet progressive adjustment in 
efficiency over time. When examined regionally, there’s 
a discernible stepwise reduction in green development 
efficiency from the eastern to the northeastern regions.

Furthermore, the study reveals pronounced spatial 
disparities in green development efficiency across 
different Chinese provinces. High-efficiency clusters 
are prominent in select provinces, including Beijing, 
Hubei, Hunan, Guangdong, and Tibet, achieving 
optimal efficiency levels. Conversely, Qinghai lags 
significantly behind. Over the eight-year period, 17 
provinces demonstrated upward efficiency trends, with 
Fujian leading the improvement, while 14 provinces 
experienced declines, with Qinghai witnessing the most 
substantial drop.

Lastly, the research underscores the significant 
positive influence of digitization on the cultural 
industry’s green development efficiency. This conclusion 
is supported by the consistent results obtained using 
both instrumental variable regression and robust 
standard error methods, emphasizing the integral role of 
digital advancement in fostering the cultural industry’s 
green growth.

This research underscores the importance of 
digitalization in advancing the green development of 
cultural industries, offering strategic directions for 
policymakers. A key recommendation is to intensify 
investments in digital infrastructure within cultural 
sectors. This approach could include the provision of 
grants or incentives for digital innovations and a stronger 
emphasis on the digital skills training of industry 
professionals. Equally important is addressing the 
geographical imbalance in green development efficiency. 
Policy interventions should be region-specific, with 
more resources and developmental programs allocated 
to the western and northeastern provinces. These 
initiatives should aim at enhancing local infrastructure 
and providing access to necessary technologies, thereby 
fostering a more equitable growth in green development 
efficiency across different regions.
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