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Abstract: Against the backdrop of new carbon peak and carbon neutrality targets, China must
address livestock carbon emissions (LCEs), which account for the largest proportion of agricultural
carbon emissions in China. China has been promoting network infrastructure construction (NIC) for
digital transformation. This study explores whether NIC can affect LCEs. To capture the potential
effects of NIC, a conceptual framework is constructed originally and its impacts on LCEs are tested
empirically through a two-way fixed effect model. The results show that NIC can significantly reduce
LCEs. The results hold steady in various robustness checks, and the impacts express heterogeneities
across provinces with different LCE levels, NIC levels, and regions. Mechanism analysis reveals that
NIC can increase LCEs through the livestock industry scale effect, which is nevertheless outweighed
by technological innovation and factor allocation’s reduction effects triggered by NIC. Additionally,
transportation infrastructure construction serves a moderating role by reinforcing the reduction effect
of NIC on LCEs. The conclusions are crucial for advancing the understanding of NIC’s potential
benefits and policymaking for carbon emissions reduction in China.

Keywords: livestock carbon emissions; network infrastructure construction; two-way fixed effect
model; mediating effect; moderating effect

1. Introduction

Currently, climate change caused by greenhouse gases is harmful to human survival
and sustainable economic development, and controlling greenhouse gas emissions, such as
carbon dioxide, has become a global consensus [1]. China has consistently held the title of
the world’s foremost emitter since 2007. As of 2021, China’s carbon emissions have soared
to 11.47 billion tons, accounting for 31.6% of the global carbon emissions. To cope with
climate change and assume corresponding carbon reduction responsibilities, China has
embarked on its carbon peak and neutrality targets (The dual-carbon target refers to the
carbon peak target and carbon neutrality target. China’s carbon peak target is to achieve
peak carbon dioxide emissions by 2030, and China’s carbon neutrality goal is to achieve
carbon neutrality by 2060), and promised to lower CO2 emissions per unit of GDP by over
65% from the 2005 level and to increase the share of non-fossil fuels in primary energy
consumption to around 25% [2].

To achieve these goals, China has implemented a series of policies to control carbon
emissions in various fields. Aiming at reducing industrial emissions, China has imple-
mented policies such as a carbon emission trading system and renewable energy subsidies.
As a result of these measures, industrial carbon emissions witnessed a decline in recent
years [3]. China has also made efforts to reduce agricultural emissions, the typical policies
include the introduction of the “Management Measures for Modern Agricultural Produc-
tion Development Funds from the Central Government” [4] and the “National Agricultural
Sustainable Development Plan (2015–2030)” [5]. However, the impact of these measures on
agricultural carbon emissions has been limited, as evidenced by the fluctuating and rising
agricultural carbon emissions in recent years [6].
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China’s agriculture sector still has a large potential for carbon reduction. For China
to forge ahead in its endeavors toward agricultural carbon reduction, it is imperative to
depart from the hitherto generalized policies at the overall level of agriculture and further
subdivide the agriculture sectors with detailed policies to fully tap into the potential of
carbon reduction in specific fields. As a part of agriculture, the livestock subsector emitted
a considerable 300 million tons of carbon dioxide equivalent in 2020, accounting for nearly
half of the aggregate greenhouse gas emissions arising from the agriculture sector [7].
Therefore, addressing the issue of livestock carbon emissions (LCEs) is a challenge that
China must overcome in the process of promoting comprehensive and in-depth carbon
abatement endeavors.

The elevated LCEs can be ascribed to several factors. Primarily, China’s livestock
production adopts a substantial scale. The livestock production reached 0.45 billion pigs,
98.17 million cattle, 0.32 billion sheep, and 6.79 billion poultry in 2021 [8]. Secondly, the
breeding technology is relatively backward [9]. In some regions, conventional and less
efficient livestock production methods, such as free-range and semi-free-range practices,
persist. Farmers often lack access to scientific breeding techniques and modern facilities to
adequately treat livestock and poultry waste in a low-carbon way. Thirdly, the factor allo-
cation efficiency of the livestock industry is relatively low. The inadequate marketization
brings a disjunction between supply and demand aspects, as well as upstream–downstream
misalignments within the production chain, which gives rise to wasteful production prac-
tices and resource underutilization, consequently augmenting LCEs [10]. In summary,
to reduce LCEs, China can start by adjusting the livestock industry scale, improving
livestock technology innovation, and promoting the efficiency of factor allocation in the
livestock industry.

As an important component of new infrastructure construction, network infrastructure
construction (NIC) engenders transformative shifts in the production process across diverse
industries [11], which hold a close nexus with the genesis of carbon emissions [12]. After
the implementation of a series of policies such as Broadband China (On 17 August 2013,
the State Council of China released the Broadband China strategic implementation plan,
deploying broadband development goals and paths for the next 8 years) and Made in China
(2025) (Made in China 2025 is a strategic document that was issued by the State Council
of China in May 2015. The document points out the need to strengthen the construction
of internet infrastructure) by the Chinese government, China’s NIC has achieved rapid
development, with the number of Internet access ports in China reaching 946 million, and
with the initial completion of construction of backbone networks [13]. The existing literature
has revealed that NIC exerts a substantial reduction in regional carbon emissions [14].
Nonetheless, its specific impact on LCEs remains indeterminate. While past studies have
yet to furnish a definitive answer, they do present a coherent chain of reasoning. Research
has revealed that the NIC facilitates the mitigation of factor misallocation and fosters
progress in technology innovation [15]. Furthermore, the reduction of factor misallocation
and the improvement of technology innovation in the livestock industry are conductive
to reducing LCEs [16,17]. However, no literature combines the two aspects of research to
explore whether NIC can affect LCEs and the potential transmission pathways.

This study aims to establish a framework for examining the effects of NIC on LCEs.
Based on the panel data of 30 provinces in China from 2011 to 2020, this study uses a
two-way fixed effects model that controls year and provincial effects to probe the impact of
NIC on LCEs. After endogenous treatment, rigorous robustness checks, and heterogeneity
analysis, the study delves into mediation mechanisms, which encompass the livestock
industry scale effect, technology innovation effect, and factor allocation effect. The potential
contributions of this study are as follows: (1) it extends the research on the environmental
effects of NIC to the field of livestock industry. (2) This study concludes that NIC can
suppress LCEs, providing policy references for the coordinated realization of NIC goals
and dual-carbon targets. (3) This study explores the mechanism of the impact of NIC on
LCEs, providing reference for specific measures to suppress LCEs.
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2. Background
2.1. Development of NIC in China

NIC refers to the process of building and maintaining a series of technical systems
in support of network communication aimed at providing stable and efficient network
connections for various devices, applications, and services. Hardware components such as
servers, routers, and switches, as well as software products like operating systems, database
management systems, and security solutions, are all part of it. In addition, the development
of new technologies, such as big data analysis and the Internet of Things, is also involved
in NIC.

To promote NIC, China has taken several measures, by first accelerating fiber optic
network construction, 4G/5G base station construction, and accelerating broadband inter-
net port access to form a high-speed network covering the entire nation. Second, drive the
research and application of 5G, big data, and Internet of Things technologies by promoting
cooperation between schools and enterprises and establishing comprehensive experimental
zones. The NIC in China has achieved significant results. China’s internet penetration rate
had reached 76.4%, with 29.37 million 5G base stations by 2023.

2.2. How Does NIC Affect LCEs: Examples from China

The development of China’s NIC not only includes the development of networks but
also covers deep integration with industries. In the field of livestock industry, NIC can
reduce LCEs through the deep integration of new generation information technologies (dig-
ital twins, cloud computing, artificial intelligence, and big data) and livestock industries.

First, animal gut digestion and fecal pollution during livestock production are the
direct causes of greenhouse gas production. Therefore, optimizing the feeding and fecal
treatment of livestock and poultry through network technology can reduce the production
of LCEs from the source. For example, Tu et al. (2010) have built an intelligent feeding
system that connects pig farm feeding equipment through network terminal devices,
allowing for scientific feed allocation and feeding of live pigs in farms remotely, reducing
LCEs generated in the digestion process of livestock and poultry from the source by
optimizing feeding [18]. Furthermore, as a traditional livestock county in Hebei Province,
Haixing County produces 922,400 tons of livestock and poultry manure annually. To timely
and reasonably handle livestock and poultry manure, Haixing County has developed and
applied a computer intelligent system to complete the automated process of separating,
collecting, filtering, and producing organic fertilizer materials [19]. This has improved the
full utilization of livestock and poultry manure and reduced the greenhouse gas generated
by manure stacking.

Second, the production process of the livestock industry is affected by the spread of
epidemics, which lead to the death of a large number of livestock and poultry, resulting
in the decay of corpses and waste of production capacity. This is one of the reasons for
the generation of excess LCEs. The remote-control function developed by the Internet
of Things-related technology can resolve this problem. The pig networking pig breeding
service platform developed by He (2019) can intelligently monitor abnormal environments
in pig houses by connecting devices such as temperature and humidity sensors and carbon
dioxide sensors in the farm, thereby providing timely intervention and treatment for
livestock and poultry to prevent the epidemics [20]. The application of internet technology
can timely prevent the common epidemics of the livestock industry, thereby preventing the
generation of excess carbon dioxide due to the decay of animal carcasses and overcapacity.

Third, due to the requirement of freshness preservation of livestock and poultry
products, the disconnection between livestock production, processing, transportation, and
sales may lead to product deterioration, resulting in waste of production capacity and the
generation of excess LCEs. In the tide of “Internet plus + animal husbandry”, various
platforms have emerged. For example, the “crowdfunding pork” model emerged in many
cities in China. It uses social media to select different parts of pork and crowdfunding a
whole pig. After receiving the order, the enterprise starts breeding, and a few months later,
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the slaughtered and frozen fresh pork can be delivered to the doorstep [21]. The integration
of internet technology and the livestock industry has improved the connection between
livestock production, processing, transportation, and sales, avoiding the generation of
excess LCEs due to inventory, deterioration, and waste.

The deep integration of network infrastructure with the livestock industry will cer-
tainly lead to the digital, intelligent, and efficient transformation of production in these
industries. This transformation may affect several key factors that influence LCEs (such
as livestock industry scale, technology innovation, and factor allocation efficiency), which
will be discussed in detail in Section 4.

3. Literature Review

Macro-level influencing factors are mainly probed through the adept utilization of
factor mathematical decomposition models. Chen et al. (2014) utilized the LMDI model
to uncover that economic increase and a higher scale of agriculture engender increased
LCEs, while the enhancement of livestock production efficiency is identified as a key driver
for diminishing LCEs [22]. Yao et al. (2017) extended the Kaya model and combined
it with the LMDI analysis method, revealing that improving the livestock production
efficiency and increasing urbanization rate would inhibit LCEs, while an increased share
of livestock industry output, increased agricultural production per agricultural worker,
and population growth would promote LCEs [23]. Zou and Xiang (2016) employed the
truncated regression model with censored dependent variables (Tobit model) to perform
factor decomposition, and the results demonstrated that labor education level positively
reduces LCEs, while the level of livestock industry economic development, agricultural
industrial structure, and the proportion of cattle and pig farming can increase LCEs [24].
Other studies used empirical methods to explore the macro-influencing factors of LCEs.
Sun et al. (2022) used the spatial econometric model to reveal that the economic growth,
the scale of beef cattle breeding, mechanization, environmental regulation intensity, the
educational level of livestock laborers, and the urban-rural income gap exert significant
impacts on the LCEs [25]. Hao et al. (2023) used a two-way fixed effects model and found
that the LCEs were affected by livestock breeding structure, technical level, and livestock
scale [26]. Shang et al. (2023) employed the spatial Durbin model and found that the
optimization of livestock structure, the elevation of livestock labor’s educational level, and
the augmentation of urbanization levels could reduce LCEs [27].

The micro-level influencing factors predominantly draw upon livestock experiments
conducted on farms. Van Middelaar et al. (2013) found that the promotion of balanced feed
effectively mitigates carbon emissions stemming from the digestion process of livestock and
poultry [28]. Vida and Tedesco (2017) have demonstrated that the integration of a renewable
energy system with anaerobic digestion exerts a tangible reduction in greenhouse gas
emissions during milk production [29]. Van Den Oever et al. (2021) found that using more
manure storage technology can reduce the production of greenhouse gases in the livestock
industry [30]. Kumari et al. (2020) proposed that improving the level of aquaculture
management could reduce LCEs [31].

To date, no literature has explored the direct specific impact of NIC on LCEs. Never-
theless, extant studies posit that NIC has the potential to influence the underlying factors
affecting LCEs. First, NIC can exert a notable impact on factors that foster the progress of
technology innovation in livestock industry. The establishment and growth of NIC play a
pivotal role in facilitating the exchange and dissemination of knowledge among researchers
located across disparate regions [32], thereby driving technological advancements in the
livestock industry, which will help to reduce LCEs. Second, NIC affects the factors that re-
duce the misallocation of factors in the livestock industry. The advent of sophisticated NIC
curtails transaction costs and mitigates asymmetry in commercial information [33], thereby
fostering a harmonization of factors within the livestock sector. This factor alignment, in
turn, will augment production efficiency and rationalize the production structure within
the livestock industry, ultimately culminating in a reduction of LCEs. Lastly, NIC influences
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the factors that induce shifts in livestock industry scale. By fostering interregional collabo-
ration [34], NIC promotes economic progress. Moreover, it effectively curtails information
asymmetry within the market [35], thereby guiding more factors such as capital and labor
force engaging in the livestock industry, a domain that yields comparatively higher returns
within the agriculture sector [36]. This process will precipitate the expansion of the livestock
industry scale, inevitably resulting in an upswing in LCEs.

Although the literature on the impact of NIC on LCEs is currently lacking, research
from related fields offers valuable references and support for the research methods, the-
oretical analysis, and conclusions. Luo and Yuan (2022) applied the double difference
model and illuminated the potential of NIC to effectively ameliorate carbon emissions
through the facilitation of green technology advancements, enhancements in energy effi-
ciency, the optimization of industrial structure, and the establishment of robust financial
mechanisms [37]. Awan et al. (2022) applied the innovative Method of Moments Quantile
Regression, illuminating the link between augmented internet usage and a commensurate
reduction in environmental degradation [38]. Bai et al. (2023) utilized spatial measurements
to demonstrate that the rapid development of China’s NIC in recent years effectively limited
the spatial transfer of carbon emissions [39]. Wang et al. (2022) employed the instrumental
variable-generalized method of moments (IV-GMM) approach, unearthing the dynamic
wherein the internet economy exerted an indirect influence on carbon emission efficiency.
This phenomenon is engendered through the facilitation of human capital promotion, the
fostering of clean technological innovations, and the diversification of the energy mix away
from coal. Consequently, the NIC will significantly contribute to the reduction of carbon
emissions [40]. Kou and Xu (2022) utilized static panel and panel quantile regression
models, elucidating the role of NIC in fostering carbon emissions reduction [41]. Pan et al.
(2023) employed the dual fixed effects model and ascertained that NIC played a crucial
role in driving the low-carbon transformation of cities. This is achieved through upgrading
the industrial structure, promoting green innovation, and strengthening environmental
regulations [42].

4. Theoretical Analysis and Hypotheses

NIC affects LCEs through the livestock industry scale. On the one hand, NIC facilitates
the expansion of livestock production. First, the establishment of network infrastructure
exerts a transformative influence on conventional livestock production methods, fostering
their seamless digitization and intelligent evolution, leading to the establishment of a
modernized livestock production system [43]. The transformation of digitization and mod-
ernization has made livestock industry production more efficient, resulting in an expansion
in livestock industry scale. For example, the Kangde Egg Industry Corporation in Jiangsu
Province has achieved the automation process of egg collection, cleaning, separation of egg
white and egg liquid, and production through intelligent monitoring and complex network
technology, greatly improving production efficiency and reducing costs, reaching the scale
of managing 60,000 chickens per person [44]. It can be seen that the intelligent reform of the
traditional livestock industry brought about by NIC is conducive to quantifying production.
Second, the NIC augments the transparency of information flow, facilitating expeditious
and seamless transmission and exchange of data [45]. This process improved the visibility
of the factor return rate. Consequently, factors such as capital and labor force entry into the
livestock industry offer the highest returns within the agriculture sector, thereby promoting
the expansion of the livestock industry scale. On the other hand, the expansion of the
livestock industry scale contributes to increased LCEs. First, LCEs predominantly originate
from animal enteric fermentation and manure management, hence the enlargement of
the production scale inevitably increases LCEs. Second, the expansion of the livestock
industry scale may lead to malicious competition in the entire industry due to its high
agglomeration, which may open up barriers to high carbon emissions [46]. Specifically,
some livestock enterprises may pursue profits excessively regardless of environmental
protection in harsh competitive environments, such as using cheap but high-carbon feed.
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Moreover, the expansion of the livestock industry scale entails increased demand for related
activities such as feed production, transportation, and logistics, entailing amplified energy
consumption that, in turn, increases LCEs. Based on the above analysis, the following
research hypothesis is proposed:

Hypothesis 1. NIC can expand the livestock industry scale, thereby increasing LCEs.

NIC affects LCEs through the technology innovation effect. On the one hand, NIC
facilitates the enhancement of technology innovation in the livestock industry. First, tra-
ditional infrastructure only enables unidirectional information transmission, limiting the
multifaceted exchange and dissemination of knowledge. In contrast, the NIC, encompass-
ing broadband and mobile communication, possesses the capacity for seamless information
dissemination across temporal and spatial boundaries, facilitating boundless information
flow on a large scale. This virtuous mechanism fosters the dissemination, sharing, and
amplification of innovative livestock advancements from disparate regions, thereby inciting
a spillover effect for progressive livestock technologies [47]. For example, the promotion
of the “smart ranch” model based on cloud platforms and big data in China can achieve
information sharing and business linkage among multiple livestock enterprises and im-
prove the dissemination of the latest technology nationwide [48]. Second, the paucity of
information resources in the livestock technology market, predominantly controlled by
a limited number of enterprises, has spawned pronounced information asymmetry and
hampered the efficacy of livestock technology innovation endeavors. The transmissibility
facilitated by NIC serves as a solution to information asymmetry within the livestock tech-
nology market, extending access to cutting-edge technology for more enterprises, thereby
enhancing the efficiency and quality of livestock technology innovation. On the other hand,
the incorporation of low-carbon-friendly technologies within the livestock industry exerts a
positive impact on curtailing wastes and optimizing resource utilization, and, consequently
yielding a contribution to mitigate LCEs. For example, the research and application of
biodegradation technology can effectively treat organic waste in the livestock industry
achieve resource recycling and reuse, and reduce pollution and emission. Based on the
above analysis, the following research hypothesis is proposed:

Hypothesis 2. NIC is conducive to promoting technology innovation in the livestock industry,
thereby reducing LCEs.

NIC affects LCEs through the factor allocation effect. On the one hand, NIC facilitates
the efficiency of factor allocation. First, it instigates a departure from the conventional mode
of factor allocation. Traditional factor flows are typically limited within specific sectors or
regions. Networks inherently embody characteristics of intertemporal and unrestricted dis-
semination, thereby facilitating the seamless conversion and recombination of labor, capital,
and information among diverse individuals, sectors, and regions. These transformative
characteristics effectively mitigate factor misallocation and rectify imbalances in supply
and demand stemming from spatial constraints and information asymmetry within the
livestock industry, ultimately culminating in the enhancement of factor allocation efficiency.
For example, using big data technology to establish a talent pool for the livestock industry
can timely understand the expertise of experts in this field, providing guarantees for the
rational flow of experts [49]. Second, the progress in NIC accelerates the speed of factor
allocation. With the further development of NIC, more data centers, cloud computing
platforms, and other cutting-edge information hubs are established. These platforms can
afford augmented computing and storage capacities, thereby expanding the pathways for
factor allocation and fostering factor mobility within the livestock industry [50]. Thus, the
overall efficiency of factor allocation can be enhanced. On the other hand, the improvement
in factor allocation efficiency contributes to a suppression of LCEs. Heightened factor
allocation efficiency mitigates imbalances that might otherwise arise between the upstream
and downstream segments of the production chain, as well as between the demand and
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supply sides, thus curbing resource wastes in production processes and the attendant re-
duction of unnecessary LCEs [51]. For example, the NIC has flourished in the development
of e-commerce platforms, which can integrate various supply and demand information,
thereby providing effective sales channels and price information for livestock producers,
reducing inventory and unsold risks, and ultimately reducing carbon emissions caused
by unnecessary waste. Based on the above analysis, the following research hypothesis
is proposed:

Hypothesis 3. NIC will improve the efficiency of factor allocation, thereby reducing LCEs.

The development of NIC represents a pivotal opportunity for alleviating LCEs. As
analyzed earlier, while NIC can impart a livestock industry scale effect leading to an
increase of LCEs, it simultaneously facilitates mitigation of LCEs through technology
innovation and factor allocation effects. However, the potential influence of the livestock
industry scale effect may be superseded by the concurrent ameliorating impact of the
technology innovation effect and factor allocation effect. As a result, NIC might emerge
as an environmentally friendly venture, fostering a decline in LCEs. Based on the above
analysis, the following research hypothesis is proposed:

Hypothesis 4. NIC will mitigate LCEs.

The level of transportation infrastructure construction moderates the impact of NIC
on LCEs. First, the transportation of materials, devices, and products, as well as the smooth
flow of the labor force within the livestock industry, rely significantly on well-developed
transportation infrastructure construction. Consequently, well-developed transportation
infrastructure construction might facilitate the factor allocation effect triggered by NIC,
thereby strengthening the emission-reducing effect of NIC on LCEs [51]. Second, developed
transportation infrastructure construction enables the mobility of researchers, facilitating on-
site exchanges and mutual learning among them, which fosters the technology innovation
effect triggered by NIC, thereby strengthening the emission-reducing effect of NIC on LCEs.
Based on the above analysis, the following research hypothesis is proposed:

Hypothesis 5. The transportation infrastructure construction plays a moderating role by strength-
ening the emission-reducing effect of NIC on LCEs.

In summary, NIC can increase LCEs through livestock industry scale effect, and can
reduce LCEs through technological innovation effect and factor allocation effect. And
the emission reduction effects triggered by technological innovation and factor allocation
efficiency exceeds the emission increasing effect of livestock industry scale, so NIC will
reduce LCEs. In addition, the transportation infrastructure construction will strengthen the
reducing effect of NIC on LCES. The entire conceptual framework can be seen in Figure 1.
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5. Methods and Data
5.1. Econometric Model

This study employs a two-way fixed effects model controlling year and provincial
effects to examine the impact of NIC on LCEs:

LCEit = α0 + α1NICit + ∑ β jXit + µi + ϑt + εit (1)

where subscript i represents the ith province and subscript t represents the t year. LCEit
denotes the explained variable, which represents LCEs in province i in year t. NICit
represents the level of NIC, and its coefficient α1 reflects the effect of NIC on LCEs. Xit
represents control variables that capture the impact of time-varying factors specific to each
province on LCEs. ϑt represents year fixed effects, µi represents province fixed effects, and
εit is the residual term. The unit of the explained variable, LCEs, is measured in kilotons
and varies between hundreds and millions across provinces.

5.2. Variable Selection
5.2.1. Explained Variable

The accounting methods of LCEs have evolved from the OECD measurement, the
Intergovernmental Panel on Climate Change (IPCC) coefficient method, and Life cycle
assessment (LCA). At present, the IPCC coefficient method is widely used due to its high
accuracy and strong operability [52]. The greenhouse gas emissions from livestock mainly
come from methane (CH4) produced by ruminant animal enteric fermentation and methane
(CH4) and nitrous oxide (N2O) produced by livestock manure management. In this study,
we selected cattle, sheep, horses, mules, donkeys, camels, pigs, poultry, and rabbits as the
carbon emission accounting objects. We calculated the CH4 and N2O emissions based on
the greenhouse gas emission coefficient and average feeding number of various livestock
and poultry. Then we converted CH4 and N2O into CO2 equivalents based on their global
warming potentials. The conversion factors used were 25 for CH4 and 298 for N2O. The
calculation formula for livestock greenhouse gas emissions is as follows:

LCE = LCECH4 + LCEN2O = ∑ Ni × δi + ∑ Ni × θi (2)
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where LCE, LCECH4 , and LCEN2O represent the total greenhouse gas emissions from
livestock, CH4 emissions, and N2O emissions, respectively. Ni represents the average
feeding number of the ith type of animal being raised, while δi and θi represent the CH4
and N2O emission coefficient for the ith type of animal.

Given that different types of animals have varying feeding cycles, it is necessary to
adjust the average number of animals raised based on the number of animals slaughtered
and the year-end stock. Following the approach by Hu (2011) [53], when the slaughter rate
exceeds 1, the average number of animals raised is calculated as follows:

Ni = Daysalivei ×
Listingi

365 (3)

where Daysalivei represents the lifecycle of the ith type of animal, with lifecycles of 200 days
for pigs, 55 days for poultry, and 105 days for rabbits.

For animals with a slaughter rate less than 1, the average number of animals raised is
calculated as follows:

Ni =
1
2 × (Stockit + Stockit−1) (4)

where Stockit and Stockit−1 represent the end-year stock of the ith type of animal for the
current year and the previous year, respectively.

The CH4 emission coefficients for animals in this study are sourced from the 2006 IPCC
Guidelines for National Greenhouse Gas Inventories, while the N2O emission coefficients
are sourced from Hu (2010) [53]. For non-dairy cattle, it is derived as the average of buffalo
and water buffalo. The specific emission coefficients are provided in Table 1.

Table 1. Greenhouse gas emission coefficients of livestock and poultry (kg/hedd/year).

Type Dairy
Dow

Non-Dairy
Cow Horse Mule/

Donkey Pig Camel Sheep Rabbit Poultry

CH4
emission coefficient

Enteric
fermentation 68 51.4 18 10 1 46 5 0.254 —

Manure
management 16 1.5 1.64 0.9 3.5 1.92 0.16 0.08 0.02

N2O
emission coefficient

Manure
management 1 1.37 1.39 1.39 0.53 1.39 0.33 0.02 0.02

5.2.2. Explanatory Variables

Drawing on the approach of Shen et al. (2022), using the number of internet access
ports to represent the level of NIC can directly reflect the level of network infrastructure
supply [54]. Although the number of internet users and telecommunications business
volume in China are directly related to the supply of internet infrastructure, they are
influenced by consumer communication demand [55], hence these two indicators are used
for robustness checks.

5.2.3. Control Variables

The control variables include: (1) Urbanization rate. As urbanization advances, a
growing influx of rural residents migrates to urban centers, engendering a decline in the
agricultural workforce. As a consequence, the number of laborers involved in livestock
farming diminishes, culminating in a reduction in LCEs [33]. To measure urbanization rate,
this study uses the ratio of urban permanent population to total population. (2) Agricultural
structure. In the realm of agriculture, a direct correlation is confirmed between the esca-
lation of the livestock industry’s proportion and the concomitant rise in LCEs [56]. To
measure the relative scale of livestock industry production, this study adopts the ratio
of the total output value of the livestock industry to that of agriculture, forestry, animal
husbandry, and fishery. (3) Education level. As the education level of livestock industry
practitioners advances, they are more easily to learn novel low-carbon technologies and
efficient resource-saving management methods within the production process, thereby
achieving a reduction in LCEs [30]. To measure the education level, this study adopts the
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ratio of higher education and secondary school students to the total permanent population
within each province. (4) Livestock fiscal expenditure. The extent of financial support
by the government to the livestock industry exhibits a direct correlation with the devel-
opment of livestock production, thereby indirectly influencing the volume of LCEs [57].
This study employs the ratio of annual agricultural, forestry, and water fiscal expenditure
to the total fiscal expenditure within each province as a metric to represent the level of
livestock fiscal expenditure. (5) Income level. As income level rises, so does the purchasing
power and demand for meat, eggs, and dairy products across the nation. This upswing in
consumer demand fosters the scale of the livestock production, which will simultaneously
bring higher LCEs [31]. This study uses China’s per capita disposable income to represent
income level.

5.2.4. Intermediate Variables

Based on the theoretical analysis in the previous sections, it can be inferred that the
NIC affects LCEs through three pathways: livestock industry scale effect, technology
innovation effect, and factor allocation effect. This study employs the logarithm of total
livestock output value to represent the livestock industry scale. The number of patents
granted in each province per year is used to indicate the level of technology innovation.
Following the approach of Bai and Liu (2018) [58], the capital misallocation index and labor
misallocation index are calculated to measure the degree of factor allocation. Lower the
indexes, higher the degree of factor allocation. The capital misallocation index and labor
misallocation index are computed as follows:

γKi =

(
Ki
K

)
(

siθKi
θK

) , γLi =

(
Li
L

)
(

siθLi
θL

) (5)

where si = Yi/Y represents the share of output Yi in the total output Y of the economy
for region i. θK = ∑N

i siθKi represents the output-weighted contribution of capital. Ki/K
represents the actual proportion of capital used in region i relative to the total capital stock.
siθKi/θK represents the theoretical proportion of capital that should be used in region i
under efficient allocation. The ratio of Ki/K to siθKi/θK reflects the deviation between the
actual amount of capital used and the amount that would be used under efficient allocation,
indicating the degree of capital misallocation in region i. θL = ∑N

i siθLi represents the
output-weighted contribution of labor. Li/L represents the actual proportion of labor force
in region i relative to the total labor force. siθLi/θL represents the theoretical proportion of
labor that should be used in region i under efficient allocation. The ratio of Li/L to siθLi/θL
reflects the deviation between the actual labor force and the labor force that would be used
under efficient allocation, indicating the degree of labor misallocation in region i.

To calculate the capital output elasticity (θK) and labor output elasticity (θL), we
emploied the Solow residual method. Assuming a constant return to scale C-D production
function, the production function is defined as follows:

Yit = AKθKi
it L1−θKi

it (6)

By taking the natural logarithm of the variables in the above equation and regressing
them using historical data, we obtain the values of θKi and θLi. The output variable Yit is
represented by the GDP of each province, the labor input Lit is represented by the average
annual employment in each province, and the capital input Kit is calculated using the
perpetual inventory method, as defined by the following formula:

Kt = ItPt + (1 − δt)Kt−1 (7)

where Kt represents the current stock of fixed capital. It represents the total formation of
nominal fixed assets in the current period. Pt is the price index for fixed asset investment.
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δt represents the depreciation rate, with a value of 9.6% [59], and Kt−1 represents the fixed
capital stock from the previous period.

Finally, after calculating the capital misallocation index and labor misallocation index,
for convenience in subsequent regression analysis, we take the absolute values of all the
capital misallocation index and labor misallocation index.

5.2.5. Moderating Variable

Due to the regulatory role of transportation infrastructure construction in livestock
industry, which generally occurs during the transportation of goods, the variable of trans-
portation infrastructure construction is represented by freight volume.

5.3. Data Sources and Descriptive Statistics of Variables

This study utilizes panel data from 30 provincial-level administrative regions (ex-
cluding Tibet, Hong Kong, Taiwan, and Macau) for the period 2011 to 2020. The original
data for the explained variable, LCEs, is sourced from the China Livestock and Veterinary
Yearbook. Other variables’ original data is derived from the China Statistical Yearbook.
Detailed descriptions and descriptive statistics of variables are presented in Table 2.

Table 2. Descriptive statistics of variables.

Variable Variable Description Average Standard
Deviation

Minimum
Value

Maximum
Value

Livestock carbon
emissions (LCE)

The calculation method is
shown above.

Unit: Million tons.
11,942.1171 8446.4051 254.7788 34,273.7254

Network
infrastructure

construction (NIC)

Represented by the number of
internet access ports.

Unit: 10,000 units.
2034.2150 1695.2786 62.0000 8653.2300

Represented by the number of
internet users.

Unit: 10,000 people.
2421.6647 1711.5861 207.0000 10,922.6693

Represented by the
Telecommunications

business volume.
Unit: 100 million CNY.

1488.0157 2038.0154 45.9000 16,294.3700

Urbanization rate

Represented by the ratio of
the urban permanent

population to the total
permanent population in each
province. This variable has a

small order of magnitude,
therefore multiply it by 1000.

583.3763 121.4284 349.6000 896.0000

Agricultural
structure

Represented by the ratio of
the total output value of

livestock industry to the total
output value of agriculture,
forestry, animal husbandry,

and fishin. This variable has a
small order of magnitude,

therefore multiply it by 1000.

286.6129 89.9452 105.0898 581.9365
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Table 2. Cont.

Variable Variable Description Average Standard
Deviation

Minimum
Value

Maximum
Value

Educational level

Represented by the ratio of
students in higher education

and secondary schools in each
province to the total

permanent population. This
variable has a small order of

magnitude, therefore multiply
it by 1000.

903.7477 130.5548 599.3058 1243.0020

Livestock fiscal
expenditure

Represented by the ratio of
ratio of annual agricultural,

forestry, and water fiscal
expenditure to total fiscal

expenditure. This variable has
a small order of magnitude,

therefore multiply it by 1000.

114.5450 32.8397 41.0973 203.8401

Income level

Represented by per capita
disposable income of

residents in each province.
Unit: CNY.

23,531.5184 11,158.4481 8025.3600 72,232.4000

Livestock industry
scale

Represented by the average
annual livestock and poultry
production in each province.

Unit: 10,000 units.

44,304.4078 44,377.3153 840.0869 250,532.3233

Technology
innovation

Represented by the number of
authorized patents per year in

each province.
Unit: 1 unit.

58,602.2167 89,366.5462 502.0000 709,725.0000

Capital
misallocation

The calculation method is
shown above. This variable

has a small order of
magnitude, therefore multiply

it by 1000.

339.7131 2857.5750 9.3209 392.1609

Labor
misallocation

The calculation method is
shown above. This variable

has a small order of
magnitude, therefore multiply

it by 1000.

270.8636 1437.7400 0.0315 217.2945

Transportation
infrastructure
construction

Represented by the freight
volume of each province.

Unit: 10,000 tons.
12,927.0200 17,538.2877 414.0000 92,002.0000

Instrumental
variable

Represented by the number of
fixed telephones per

100 people in each provincial
capital in 1984. This variable

has a small order of
magnitude, therefore multiply

it by 1000.

1241.7236 4079.2336 368.7024 746.5710

6. Empirical Analysis
6.1. Analysis of Baseline Regression Results

This study estimates the impact of NIC on LCEs. A two-way panel fixed effects model
with year and provincial fixed effects is employed. The regression results are presented in
Table 3. The regression results without control variables are presented in Column (1). The
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regression results with control variables but without fixed effects are shown in Column (2).
The results with control variables and provincial fixed effect are presented in Column (3).
The results with all control variables, as well as provincial and yearly fixed effects, are
presented in Column (4). The regression coefficient of NIC in Column (4) exhibits statistical
significance with the number of 0.7864, significant at the 1% level. The regression findings
convincingly indicate that NIC has a significant impact on reducing LCEs. More specifically,
a 10,000 increment in the count of internet access ports yields a decrease of 0.7864 million
tons in LCEs. This outcome is ascribed to the various benefits of NIC, which imparts
heightened efficiency in the diffusion of knowledge and information, thereby fostering
advancements in emission reduction technologies within the livestock domain. Moreover,
this infrastructural development curtails resource wastage resulting from misallocation,
thereby effectively reducing LCEs. In summary, the empirical evidence lends robust
support to the assertion of Hypothesis 4.

Table 3. Empirical results of panel two-way fixed effects model.

Variables
LCEs

(1) (2) (3) (4)

NIC
−0.9185 *** −0.5874 *** −0.7893 *** −0.7864 ***

(0.1118) (0.1195) (0.1185) (0.1160)

Urbanization
rate

−4.4955 1.6469 19.5329 ***
(3.3334) (3.3619) (6.0516)

Agricultural
structure

9.4436 *** 7.6727 *** 13.0177 ***
(2.6598) (2.5725) (2.6558)

Educational
level

−7.8218 *** −8.5838 *** −4.6788 ***
(1.3006) (1.2599) (1.3983)

Livestock fiscal
expenditure

20.7437 *** 13.5741 ** 17.2525 ***
(6.2549) (6.1672) (6.2025)

Income level
0.0206 0.0211 0.1914 ***

(0.0207) (0.0197) (0.0415)

Constant term
12,842.3653 *** 17,261.9112 *** 16,094.1921 *** −2000.2875

(222.1823) (2097.8643) (1708.9864) (4089.1964)

Observations 300 300 300 300
R-squared 0.4162 0.4228 0.5204
Number of
province 30 30 30 30

Provincial FE YES NO YES YES
Year FE YES NO NO YES

Note: *** and ** indicate significance at the 1% and 5% levels, respectively (t-values in parentheses).

6.2. Solution to Endogeneity

The three main reasons for endogeneity are reverse causality, omitted variables, and
measurement errors. For this study, objective carbon emissions cannot affect the subjective
behavior of NIC. Therefore, we analyze the possible reasons for endogeneity from two aspects:
omitted variables and measurement errors. This study discusses the endogeneity from two key
perspectives. First, the omitted variables. The model above considers a series of variables from
both the supply and demand sides and controls for provincial fixed effects and year-fixed
effects to account for unobservable variables varying with provinces like the primary livestock
species in each province [60], alongside controlling for unobservable variables varying with
time such as economic fluctuations. Nevertheless, even after controlling for year and province
effects, some variables that vary both over time and across provinces cannot be controlled,
such as the consumption habits toward livestock products and the agricultural environment in
each province. The omitted variables may result in potential disparities within the regression
outcomes. Second, measurement error. The emission coefficients used in calculating LCEs are
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based on unified data, as there is currently no research that provides emission coefficients for
specific livestock species in different regions in China. Hence, there is a measurement error in
LCEs, which could also contribute to inconsistencies in the regression results. In summary,
the model faces endogeneity issues.

To address endogeneity, we first used the instrumental variable method. The key to
using the instrumental variable method lies in identifying an appropriate instrumental
variable. In this study, the number of fixed phones per 100 people in 1984 serves as the
selected instrumental variable. This selection is based on the following considerations: first,
the selected instrumental variable satisfies the correlation requirement. Fixed telephony
has exerted an obvious influence on the emergence and evolution of regional NIC. As
a result, cities boasting higher fixed telephone penetration rates have correspondingly
witnessed notable advancements in communication infrastructure, accompanied by rela-
tively elevated levels of internet penetration. Second, the selected instrumental variable
fulfills the exogeneity requirement. With the rise of mobile phones and the appearance
of diverse communication platforms, fixed telephones have gradually receded from the
forefront of public consciousness. Consequently, the penetration rate of fixed phones in
1984 is unlikely to exert direct influences on LCEs from 2011 to 2020 (Since this instrumental
variable is a value that does not change over time and cannot be used for panel regression,
it is multiplied by the reciprocal of the year and multiplied by 1000 during regression).
The regression results presented in column (1) and column (2) of Table 4 indicate that after
employing the instrumental variable method, the significant negative effect of NIC on
LCEs persists. These findings verify the validity of Hypothesis 4, even after considering
the implications of endogeneity.

Table 4. Empirical result of instrumental variable method, Diff-GMM, and Sys-GMM.

Variables

NIC LCEs LCEs LCEs

(1)
First Stage of IV Method

(2)
Second Stage of IV Method

(3)
Sys-GMM

(4)
Diff-GMM

NIC
−1.9068 *** −0.1453 ** −0.3679 **

(0.6441) (0.0620) (0.1618)

Instrumental variable
308.0213 ***

(89.6242)

LCEs (one-year-lag) 0.9858 *** 0.5689 ***
(0.0138) (0.1227)

Urbanization rate
6.3972 * 30.5603 *** −2.1664 ** 9.7126
(3.2940) (9.4046) (0.9976) (14.9545)

Agricultural structure −5.0165 *** 8.2687 ** −0.9585 12.8074 *
(1.3964) (4.0939) (0.9707) (7.1480)

Educational level
−1.4400 * −5.8391 *** −1.8582 −1.5005
(0.7449) (1.7597) (1.1822) (1.8493)

Livestock fiscal
expenditure

−16.9400 *** −4.1687 0.5249 3.7449
(3.1234) (14.0541) (3.1539) (9.9517)

Income level
0.0503 ** 0.2126 *** 0.0053 0.1318
(0.0237) (0.0499) (0.0129) (0.0956)

Constant term
2515.1480 −2420.3176 2847.7800

(3946.7778) (4785.2655) (2209.2548)

Observations 300 300 270 240
R-squared 0.7614 0.3448 0.9874 0.5511

Number of id 30 30 30 30
Provincial FE YES YES YES YES

Year FE YES YES YES YES

Note: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively (t-values in parentheses).
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We then emploied the system Generalized method of moments (Sys-GMM) and
difference method of moments (Diff-GMM) to estimate the dynamic model to address
endogeneity. The dynamic model is as follows:

LCEit = γLCEit−1 + α0 + α1NICit + ∑ β jXit + µi + ϑt + εit (8)

where LCEit−1 is one-year-lagged LCEit, and other parts are similar to Formula (1). In
Table 4, Column (3) shows the regression outcome of Sys-GMM, while Column (4) shows
the regression outcome of Diff-GMM. The coefficients of NIC in Column (3) and Column (4)
are both significantly negative, which indicate that after employing GMM regress, the
emission reduction effect of NIC on LCEs still persists. These findings verify the validity of
Hypothesis 4, even after considering the implications of endogeneity.

6.3. Robustness Checks

To ensure the reliability of the empirical findings presented earlier, this study conducts
the following robustness checks.

6.3.1. Quantile Regression

The parameter estimates derived from quantile regression can provide more com-
prehensive and informative outcomes, therefore this study employs quantile regression
as a robustness check. Specifically, quantile regressions are conducted at the 10th, 25th,
50th, 75th, and 90th percentiles of LCEs, with the resultant outcomes presented in Table 5.
Figure 2 depicts the variation of NIC coefficients with quantiles. The regression results
reveal that the coefficients of NIC exhibit significant negative effects at the 1% level across
all quantiles, with magnitudes aligning with those observed in the baseline regression.
Notably, the magnitude of the NIC coefficient manifests as larger at lower quantiles and
relatively smaller at higher quantiles, indicating diminishing marginal effects of NIC on
LCEs as the levels of LCEs ascend. The possible reason for this phenomenon is that vari-
ous factors, including capital and labor technology, have a characteristic of diminishing
marginal effects. Therefore, the role of NIC in driving technological progress and factor
allocation efficiency on LCEs is also marginal diminishing. In summary, the principal
findings of this study withstand rigorous scrutiny under the quantile regression analysis,
confirming the robustness and validity of the reported outcomes.
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Table 5. Empirical results of quantile regression.

Variables

LCEs

(1)
10%

(2)
25%

(3)
50%

(4)
75%

(5)
90%

NIC
−0.7852 *** −0.7885 *** −0.6049 *** −0.4038 *** −0.2623 **

(0.1555) (0.2151) (0.1005) (0.1172) (0.1039)

Urbanization rate
29.8301 ** 26.2004 *** 21.0773 *** 15.3809 ** 9.9724 ***
(11.5166) (4.6493) (5.2236) (7.7614) (3.0745)

Agricultural
structure

2.2780 2.7062 4.5807 ** 5.7508 *** 6.1814 ***
(2.2722) (2.2898) (2.1030) (1.5944) (1.5163)

Educational level
−3.2371 ** −2.7145 * −3.3776 ** −2.7973 −2.0489

(1.4517) (1.6426) (1.3073) (1.8958) (1.4195)
Livestock fiscal

expenditure
14.9656 *** 11.3090 * 7.5703 10.0728 6.9856 *

(5.3747) (6.1348) (5.4787) (8.2784) (3.8598)

Income level
0.2364 *** 0.1781 *** 0.1399 *** 0.0938 ** 0.0703 ***
(0.0897) (0.0566) (0.0429) (0.0367) (0.0190)

Constant term
−32,902.3336 ** −27,610.6074 *** −21,488.6849 *** −15,626.3721 * −10,710.2482 ***

(13,680.8804) (6374.9226) (5942.1624) (8911.1041) (3317.2659)

Observations 300 300 300 300 300
Number of pro 30 30 30 30 30

R-squared 0.9721 0.9769 0.9832 0.9810 0.9792
Firm FE YES YES YES YES YES
Year FE YES YES YES YES YES

Note: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively (t-values in parentheses).

6.3.2. Replacing Explanatory Variables

In the baseline regression, the explanatory variable of NIC is represented by the
number of internet access ports. As a part of the robustness checks, this study alternatively
uses the number of internet users and the volume of telecommunications business to
measure the level of NIC. While both the number of internet users and the volume of
telecommunications services can be influenced by consumer communication demands, they
nonetheless offer insightful reflections of the extent of NIC [61]. Table 6, with Column (1)
featuring regression results based on the number of internet users as the explanatory
variable and Column (2) presenting results with the volume of telecommunications services
as the explanatory variable, showcases the outcomes. In both Column (1) and Column (2) of
Table 6, the regression coefficients of the explanatory variables continue to evince significant
negativity, thereby corroborating the consistency of these results with those derived from
the baseline regression. Furthermore, in these two robustness checks, the coefficients of the
explanatory variables manifest as slightly smaller compared with those observed in the
baseline regression, thus affirming the appropriateness and accuracy of the explanatory
variable selection in the baseline regression. In conclusion, these outcomes validate the
robustness of the principal findings of this study, affirming the steadfastness and credibility
of the reported results.

The regression results presented above demonstrate that, under various robustness
checks, the regression coefficients of NIC are all significantly negative. This robustly
supports the conclusion that NIC has a suppressing effect on LCEs.

6.3.3. PCSE Method

Due to potential issues of heteroscedasticity and serial correlation within groups when
analyzing panel data, which can affect the robustness and consistency of estimation results,
the panel-corrected standard error (PCSE) regression method was employed to re-estimate
the regression results presented earlier, as shown in Column (3) of Table 6. The regression
results indicate that even after applying the PCSE model, the coefficient of the explanatory
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variable remains significantly negative, and its magnitude is close to that obtained in the
baseline regression. This confirms the robustness and reliability of the core findings of
this study.

Table 6. Empirical results of robustness checks.

Variables

LCEs

(1)
Internet Users

(2)
Telecommunications Business

(3)
PCSE

(4)
2016–2020

NIC
−1.7784 *** −0.4704 *** −0.7864 *** −1.3529 ***

(0.2079) (0.0666) (0.1682) (0.3160)

Urbanization rate
17.0839 *** 19.9216 *** 19.5329 *** 8.9275

(5.7249) (6.0154) (2.6420) (13.1879)

Agricultural structure 12.1715 *** 14.0615 *** 13.0177 *** 18.5247 ***
(2.5467) (2.6131) (1.5644) (3.9669)

Educational level
−4.3407 *** −4.9129 *** −4.6788 *** −7.1703 **

(1.3353) (1.3920) (1.1685) (3.0469)

Livestock fiscal
expenditure

14.5076 ** 22.7776 *** 17.2525 *** 23.5931 **
(5.9239) (5.9103) (6.4629) (9.3421)

Income level
0.1546 *** 0.2106 *** 0.1914 *** 0.3252 ***
(0.0397) (0.0414) (0.0304) (0.0951)

Constant term
2515.1480 −3614.8781 −24,872.4816 *** 816.2611

(3946.7778) (4071.3395) (3206.6826) (9864.4131)

Observations 300 300 300 150
R-squared 0.5601 0.5266 0.9874 0.5511

Number of id 30 30 30 30
Provincial FE YES YES YES YES

Year FE YES YES YES YES

Note: *** and ** indicate significance at the 1% and 5% levels, respectively (t-values in parentheses).

6.3.4. Changing the Window Period

The regression period of 2011–2020 is replaced with a shorter period, namely 2016–2020.
The results, shown in Column (4) of Table 6, demonstrate that the coefficient of the explana-
tory variables remain significantly negative. The absolute value of the coefficient of NIC
here is greater than that in the baseline regression, indicating that the integration of NIC
and livestock industry has become increasingly close in recent years, and related network
technologies are playing an increasingly important role in livestock production.

7. Further Analysis
7.1. Heterogeneity Analysis

The foregoing analysis establishes the substantial suppressed influence of NIC on the
increase of LCEs. Nonetheless, this analysis only scrutinizes the effect across the entire
sample, neglecting potential heterogeneity. In pursuit of more detailed and comprehen-
sive conclusions, this study extends its examination to probe the heterogeneity of NIC’s
impact on LCEs from three distinct dimensions: the level of LCEs, the level of NIC, and
geographical location.

7.1.1. Heterogeneity of LCEs Level

Given the regional differences in LCEs, the sensitivity of LCEs to the impact of NIC
may exhibit variations across different regions. To confirm it, the data are divided into two
distinct groups based on the average LCEs from 2011 to 2020. The first group encompasses
provinces characterized by higher average LCEs, while the second group includes provinces
with comparably lower average LCEs. The regression results are presented in Table 7,
with Column (1) unveiling the outcomes for the first group and Column (2) showing the
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results for the second group. The regression results indicate that the coefficients of the
explanatory variables are significantly negative for both groups, but the absolute magnitude
and significance are greater for the first group. The results suggest that NIC has a stronger
impact on LCEs in regions with higher LCEs. This phenomenon can be attributed to the
fact that in regions with higher LCEs, livestock farming tends to be more intensive in scale,
therefore the improvements in livestock farming techniques and practices brought about
by NIC can be applied more quickly and on a larger scale [61].

Table 7. Empirical results of heterogeneity analysis.

Variables

Heterogeneity of LCEs Heterogeneity of NIC

(1)
High-Level

(2)
Low-Level

(3)
High-Level

(4)
Low-Level

NIC
−1.0232 *** −0.8085 *** −0.5681 *** −1.4317 ***

(0.1682) (0.1706) (0.1188) (0.2363)

Urbanization
rate

24.8898 *** 11.2973 28.1391 *** 11.4575
(5.9477) (11.1654) (6.2812) (11.3193)

Agricultural
structure

7.5310 ** 16.4140 *** 4.9197 14.7650 ***
(3.1719) (4.1497) (2.9823) (4.9987)

Educational
level

0.7262 −12.3718 *** −3.8938 ** −2.2844
(1.5649) (2.2791) (1.5881) (2.3268)

Livestock fiscal
expenditure

23.7360 *** −27.6642 * 26.1292 *** 17.6066 *
(6.0111) (14.9409) (6.9550) (10.2033)

Income level
0.1615 0.2103 *** 0.1429 *** 0.2825

(0.1221) (0.0693) (0.0387) (0.1727)

Constant term
−3670.1675 8730.6467 −10,531.5405 ** 2996.7266
(3753.0034) (8469.5847) (4458.0253) (6840.7090)

Observations 150 150 150 150
Number of
province 30 30 30 30

R-squared 0.5789 0.6046 0.5760 0.5909
Firm FE YES YES YES YES
Year FE YES YES YES NO

Note: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively (t-values in pa-rentheses).

7.1.2. Heterogeneity of NIC Level

The effects of NIC are different at distinct developmental stages. In the initial stage of
construction, the focus was on expanding network coverage, while in the advanced stage,
with the backbone of the NIC completed, the focus shifted towards the quality and stability
of the network [62]. Consequently, it is necessary to examine whether different levels of
NIC cause heterogeneity in their impact on LCEs. To accomplish this validation, provinces
are classified into two groups, grounded in specific criteria. Given the differences across
provinces, the explanatory variable in the baseline regression—the number of internet
access ports—is largely connected with the population and territorial expanse in different
provinces. To make meaningful comparisons between the levels of NIC in various provinces,
the proportion of internet users relative to the total population is selected as a more
appropriate metric. After computing the average proportion of internet users to the total
population for each province spanning from 2011 to 2020, the 15 provinces with higher
proportions are classified as possessing a higher level of NIC, while the 15 provinces
with lower proportions are classified as having a lower level. The regression outcomes,
presented in Table 7, unveil the results for the first group in Column (3) and the results for
the second group in Column (4).

The regression findings show that the coefficients of the explanatory variables in both
groups are significantly negative, denoting a significant suppressive impact on LCEs in
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regions characterized by diverse levels of NIC. Nevertheless, the coefficient in the second
group exhibits a larger absolute value, signaling a stronger inhibitory effect of NIC on LCEs
in regions distinguished by a lower level of NIC. This result indicates that the role of NIC
in reducing LCEs has a marginal decreasing characteristic. Therefore, it is necessary to
grasp the optimal period for NIC to play its role.

7.1.3. Regional Heterogeneity

The regional heterogeneity in the impact of NIC on LCEs may exist heterogeneity. To
unveil this heterogeneity, the study divided all provinces into three distinct groups based
on their geographical locations (eastern, central, and western regions), and subsequently
conducted separate regressions for each group. The outcomes of these regressions are
presented in Table 8, where Column (1), (2), and (3) distinctly delineate the regression
results for the eastern, central, and western regions, respectively. Remarkably, the regression
results indicate that in the central and western regions, the absolute value of the coefficient
of the explanatory variable proves larger and more robust in terms of statistical significance.
In contrast, the eastern region exhibits a smaller absolute value for this coefficient and
comparatively diminished statistical significance, thereby suggesting a relatively weaker
effect of NIC on reducing LCEs. This difference could potentially be attributed to the
relatively smaller livestock industry scale in the eastern region due to geographical and
natural limitations, consequently resulting in a less pronounced impact in comparison to
the central and western regions.

Table 8. Empirical results of regional heterogeneity analysis.

Variables

LCEs

(1)
Eastern Region

(2)
Central Region

(3)
Western Region

NIC
−0.4477 *** −2.6357 *** −0.9636 ***

(0.0959) (0.4689) (0.2149)

Urbanization rate
10.2196 * 1.1124 −28.6997 *
(6.1329) (20.5507) (16.1938)

Agricultural structure 4.7332 ** 20.1046 *** 4.8102
(2.3309) (6.5990) (5.1010)

Educational level
−2.8004 * −9.6133 *** 2.9701 *
(1.6683) (3.4425) (1.7385)

Livestock fiscal
expenditure

0.4147 −29.1748 * 11.9239
(8.4364) (16.9815) (8.5107)

Income level
0.1202 *** 0.6028 *** −0.2065
(0.0297) (0.2045) (0.2216)

Constant term
1050.5917 15,031.0674 22,792.8480 **

(4172.9919) (10,299.5881) (10,120.4738)

Observations 120 90 90
Number of provinces 12 9 9

R-squared 0.7659 0.7359 0.5897
Firm FE YES YES YES
Year FE YES YES YES

Note: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively (t-values in pa-rentheses).

7.2. Mechanism Analysis

Drawing upon the empirical findings, the results convincingly establish the significant
role of NIC in mitigating the rise of LCEs. Based on the theoretical analysis above, this study
further scrutinizes the mediating effects of livestock industry scale, technology innovation,
and factor allocation, while also considering transportation infrastructure construction
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development as the moderating variable. Through this comprehensive approach, the
proposed mechanisms are subjected to rigorous testing and analysis.

Following the approach employed by Ruan et al. (2014) [63], a two-step modeling
approach is employed to test the mediating mechanisms. The model is specified as follows:

Zit = α0 + α1NICit + ∑ β jXit + µi + ϑt + εit (9)

Formula (1) represents the first step of the two-step mediation approach, while For-
mula (9) represents the second step of the two-step mediation approach, where the mediat-
ing variable Zit is taken as the explained variable, and the explanatory variable NICit from
the baseline regression is used as the explanatory variable. The remaining control variables
are kept consistent with Formula (1). If the coefficient of NICit in Formula (9) is statistically
significant and has the expected sign, it indicates the presence of a mediating effect.

The test model for the moderation effect in this study is as follows:

LCEit = α0 + α1 Iit + α3TICit × NICit + α4Sit + ∑ β jXit + µi + ϑt + εit (10)

In Formula (10), TICit represents the moderating variable. If, after incorporating
the moderating variable and the interaction term between the moderating variable and
the explanatory variable, the coefficient of the explanatory variable remains significant
and the coefficient of the interaction term is also significant, it indicates the presence of a
moderation effect.

7.2.1. Mediating Mechanism of Livestock Industry Scale Effect

The regression outcomes exploring livestock industry scale as a mediating variable
are presented in Table 9, Column (1). These results unveil a significantly positive coeffi-
cient associated with the explanatory variable NIC, thereby indicating the presence of a
mediating effect of livestock industry scale. This observation suggests that NIC fosters an
expansion of livestock industry scale, subsequently leading to increased LCEs. In summary,
Hypothesis 1 has been proven.

7.2.2. Mediating Mechanism of Technology Innovation Effect

The regression results using technology innovation as the mediating variable are pre-
sented in Table 9, Column (2). These findings emphasize a significantly positive coefficient
attributed to the explanatory variable NIC, thereby proving the presence of a mediating
effect concerning technology innovation. This observation suggests that NIC exerts a sup-
pressive influence on LCEs by fostering technology innovation. In summary, Hypothesis 2
has been proven.

7.2.3. Mediating Mechanism of Factor Allocation Effect

The regression results for the mediating variable of factor allocation (capital misallo-
cation and labor misallocation) are shown in Columns (3) and (4) respectively of Table 9.
The results indicate that the coefficient of capital misallocation is significantly negative,
while the coefficient of labor misallocation is not significant. This suggests the presence of
a mediating effect of factor allocation efficiency, wherein NIC reduces factor misallocation,
thereby mitigating LCEs. However, the factor allocation effect of NIC mainly comes from
the process of capital allocation rather than the process of labor allocation, which indicates
that capital plays an important role in the productive process of livestock. The possible
reason for this phenomenon is that modern livestock enterprises largely rely on automated
management rather than worker management, so labor misallocation plays a small role in
influencing channels. In summary, Hypothesis 3 has been proven.
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Table 9. Empirical results of mechanism analysis.

Variables

Mediating Effects Moderating Effect of
Transportation
Infrastructure
Construction

Livestock Industry
SCALE Effect

Technology
Innovation Effect Factor Allocation Effect

(1)
Livestock Industry Scale

(2)
Technology Innovation

(3)
Capital Misallocation

(4)
Labor Misallocation

(5)
LCEs

NIC
3.5649 *** 36.6431 *** −0.0378 *** 0.0094 −0.5469 ***

(0.8675) (3.0656) (0.0098) (0.0060) (0.1369)

Transportation
infrastructure
construction

0.1254 ***

(0.0363)

NIC × Transportation
infrastructure
construction

−0.0000 ***

(0.0000)

Urbanization rate
−33.5463 −430.2482 *** −0.8371 −0.5013 −0.5469 ***

(45.2763) (159.9901) (0.5091) (0.3139) (0.1369)

Agricultural structure
71.0978 *** 103.6833 −0.1588 0.1694 18.0707 ***

(19.8697) (70.2123) (0.2234) (0.1377) (5.9496)

Educational level
10.8123 −143.1018 *** 0.4905 *** −0.0574 12.7421 ***

(10.4616) (36.9676) (0.1176) (0.0725) (2.6148)

Livestock fiscal
expenditure

−44.7134 −275.8578 * 0.9494 * 0.4568 −4.6591 ***

(46.4048) (163.9779) (0.5218) (0.3217) (1.4038)

Income level
−0.4496 2.3591 ** 0.0332 *** −0.0124 *** 18.9208 ***

(0.3101) (1.0959) (0.0035) (0.0021) (6.0989)

Constant term
33,473.4450 326,510.1119 *** −270.0558 701.0471 *** −2717.2566

(30,593.8976) (108,107.8647) (344.0142) (212.0736) (4045.3444)

Observations 300 300 300 300 300

Number of province 30 30 30 30 30

R-squared 0.3279 0.6691 0.5812 0.2777 0.5428

Provincial FE YES YES YES Yes YES

Year FE YES YES YES Yes YES

Note: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively (t-values in parentheses).

7.2.4. Moderating Effect of Transportation Infrastructure Construction

The regression outcomes encompassing transportation infrastructure construction as
the moderating variable are presented in Column (5) of Table 9. Remarkably, these results
indicate that even after incorporating the moderating variable of transportation infras-
tructure construction and the interaction term between this moderating variable and the
explanatory variable in the baseline regression, the coefficient of NIC remains significantly
negative. Additionally, the coefficient of the interaction term exhibits a significant nega-
tive association. This observation signifies that transportation infrastructure construction
serves as a catalyzing force, enhancing the reduction effect of NIC on LCEs. Specifically,
as transportation infrastructure construction attains greater levels of development, the
reduction effect of NIC on LCEs becomes more significant. Possible explanations for this
phenomenon are as follows: First, the hardware facilities involved in the process of trans-
portation infrastructure construction heavily rely on labor and raw materials. In regions
where transportation infrastructure construction is more developed, the flow of labor and
raw materials becomes more convenient, thereby providing a distinct advantage to the
development of NIC. Second, the impacts of NIC on technology innovation and factor
allocation efficiency also to some extent rely on the smooth flow and exchange of labor,
various raw materials, intermediate products, and final goods, while the process of flow
and exchange relies on transportation infrastructure construction. Therefore, the robust
development of transportation infrastructure construction further enhances the technology
innovation effect and factor allocation effect of NIC, and then effectively suppresses LCEs.
In summary, Hypothesis 5 has been proven.
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7.3. Limitations and Future Endeavors

First, due to the availability of data for variables such as LCEs and NIC, this study
only focused on the provincial level. However, in fact, there are significant differences in
the structure and development level of livestock industry within each province, as well
as the degree and coverage of network infrastructure construction. For example, within
Xinjiang Province in China, the northern Xinjiang region has a good ecological environment,
suitable climate conditions, and abundant grassland resources, making livestock industry
more developed, and the livestock production value of Ili Kazakh Autonomous Prefecture
in the northern Xinjiang region accounts for more than half of the province’s total; in
contrast, the northern Xinjiang region has relatively poor conditions for livestock industry
development due to its dry climate and scarce water sources. Provincial level data may not
fully reflect such differences, resulting in biased results. Therefore, future research should
further focus on the city-level or even county-level panel data to explore more valuable
economic information.

Second, the calculation of LCEs usually uses the Intergovernmental Panel on Climate
Change (IPCC) coefficient method, which considers the carbon emission coefficients of
animals of the same species as a unified one. However, this calculation method is relatively
crude, ignoring the differences in livestock and poultry in different regions. For exam-
ple, China has a vast territory, with the annual average temperature in the northernmost
province of Heilongjiang below 0 ◦C, while the annual average temperature in the south-
ernmost province of Hainan is above 25 ◦C. The metabolic rates of the same animals in
different regions with huge climate differences also vary, resulting in differences in carbon
emission coefficients. With the gradual improvement and refinement of global carbon
emission statistics, more accurate carbon emission data from the livestock industry can be
used for such research in the future.

Finally, due to the constraints of data, there is no distinction in empirical evidence
between whether the LCEs come from traditional small farmers or large-scale farming
enterprises. Raising livestock and poultry accounts for an important source of income
for Chinese farmers’ survival. If research focuses on traditional small farmers, it can
provide more targeted policy recommendations for assisting the low-carbon and efficient
transformation of the traditional domestic livestock industry, as well as poverty alleviation
and prosperity for farmers. In addition, the data on technological innovation is not detailed
enough, and it is not precise enough to include technological innovation in the livestock
industry. If there is suitable experimental data in the future, it can be used for research in
this area.

8. Conclusions and Implications

This study employed panel data encompassing 30 provinces in China over the period
of 2011–2020. Employing a province-year fixed effects model, this study demonstrated
that NIC exerts a mitigation effect on LCEs. This conclusion holds steadfastly even after
addressing potential endogeneity and conducting various robustness checks. Moreover, we
examined the heterogeneity of the reduction effect of NIC across diverse provinces, consid-
ering factors such as variations in the level of LCEs, levels of NIC, and geographical regions
(eastern, central, and western). Notably, this reduction effect is more obvious in regions
characterized by higher LCEs, and lower levels of NIC, as well as provinces situated in the
central and western regions of China. Furthermore, the mechanism analysis indicates that
NIC increases LCEs through the livestock industry scale effect, while it achieves a reduction
in emissions through technology innovation and factor allocation effects. In general, the
reduction effects outweigh the emission increase effect. Additionally, transportation infras-
tructure construction plays a moderating role in reinforcing the mitigation effect of NIC
on LCEs. This finding of moderating effect underscores the synergistic interplay between
both types of infrastructure can enhance the effective reduction in LCEs. In summation,
this study offers profound insights into the profound impact of NIC on LCEs.
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Based on the above findings, this study provides the following implications: First,
improving informatization and modernization construction of the livestock industry can
reduce LCEs. This strategic path constitutes a pivotal direction for the advancement of the
modern livestock sector, bestowing the capacity to elevate the efficiency and productivity
of livestock farming. In pursuit of this imperative, the government can augment its in-
vestments in the informatization construction of the livestock industry and the innovation
of livestock technologies. Second, implementing regional targeted policies for reducing
LCEs. Considering the heterogeneity observed across regions, tailored policies can be im-
plemented to address specific challenges and opportunities unique to each area. Provinces
with higher LCEs or those in the central and western regions may require targeted sup-
port to maximize the emission reduction effect of NIC. Third, implementing integrated
infrastructure planning. Recognizing the reinforcing moderating effect of transportation
infrastructure construction, an integrated approach to infrastructure planning is essential.
Coordinating NIC with transportation infrastructure construction projects will amplify the
emission reduction potential and yield more profound environmental benefits.
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