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Abstract: This study develops a double machine learning model to empirically assess 4 

the influence of carbon emissions trading system (ETS) on the digital transformation 5 

of manufacturing enterprises (MDT) using panel data from Chinese A-share listed 6 

manufacturing enterprises. The empirical findings indicate a substantial positive impact 7 

of ETS on the MDT, a conclusion that remains robust across various tests. Furthermore, 8 

ETS is shown to enhance the MDT by enhancing energy efficiency and promoting green 9 

economic efficiency. Moreover, at the macro-regional level, the facilitating impact of 10 

ETS on the MDT is particularly pronounced in the pilot cities of Broadband China, 11 

cities along the Yangtze River Economic Belt and cities with moderate to low levels of 12 

green financial development. At the micro-enterprise level, the facilitating impact of 13 

ETS on the MDT is notably stronger in non-state-owned enterprises and in 14 

manufacturing enterprises at mature and declining stages. The study findings serve as 15 

a solid foundation for the formulation and enhancement of ETS, as well as the 16 

establishment and execution of incentives to drive the MDT in developing countries. 17 
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1. Introduction 20 

The manufacturing industry serves as the cornerstone of the national real economy, 21 

the vital essence of the national economy, and a crucial sector in the development of a 22 

modernized industrial system (Liu et al., 2023). Motivated by technological 23 

advancements, shifts in energy paradigms, and alterations in market requirements, the 24 

manufacturing industry is intensifying its efforts towards intellectualization, 25 

digitalization, decarbonization, and servitization (Ching et al., 2022). For instance, 26 

Germany initiates early efforts in policy design, standardization, and digital education, 27 

completing a comprehensive strategic framework for the transformation and 28 

development of its manufacturing industry in the digital economy context (Ohlert et al., 29 

2022). The United States has established a four-tier vertically integrated strategic 30 

framework—comprising law, innovation, manufacturing, and advanced manufacturing 31 

strategies—achieving a systematic design that spans from national-level strategic 32 

planning to the execution of advanced manufacturing initiatives (Brodeur et al., 2023). 33 

Japan has shifted its development focus from traditional manufacturing to upstream 34 



areas such as advanced materials, parts, and technology development, as well as 35 

downstream areas like distribution and sales, completing the transition from 36 

manufacturing to smart manufacturing while adapting flexibly to global market changes 37 

(Tsukada et al., 2024). India has implemented the 'Make in India 1.0,' 'Make in India 38 

2.0,' and 'Digital India' initiatives to actively promote the development of digital 39 

infrastructure, research and innovation in digital technologies, and enhance the 40 

integration of digital technology with manufacturing and other industries (Dubey et al., 41 

2024; Dutta et al., 2020). 42 

As an important engine of global economic growth, China has occupied the first 43 

place in the proportion of global manufacturing value-added for 14 consecutive years, 44 

and the proportion of global manufacturing value-added has already reached about 30% 45 

in 2023, which is a well-deserved “global manufacturing factory” The "Made in China 46 

2025" initiative explicitly highlights the necessity to expedite the digital transformation 47 

of the manufacturing industry, drive the convergence of industrialization and 48 

informatization, and prioritize intelligent manufacturing. Digital transformation of 49 

manufacturing industry is the process of relying on digital technology, tools and 50 

platforms to drive industrial change, product, service and even management model 51 

innovation, thus improving business performance and shaping sustainable competitive 52 

advantage (Xu et al., 2023). Although the MDT has become the micro-foundation for 53 

the development of China's digital economy, the transformation process is still full of 54 

challenges. According to China's National Information Center, the digitalization 55 

penetration rate of China's manufacturing industry in 2021 is projected to be only 19.5%, 56 

significantly lower than the average level of 33% in developed countries. Meanwhile, 57 

Accenture's “2022 China Enterprise Digital Transformation Index Research Report” 58 

shows that only 25% of enterprises have successfully realized digital transformation, 59 

and only 17% of Chinese enterprises' digital inputs have been transformed into 60 

operational performance. How can manufacturing companies achieve high-quality 61 

digital transformation? This requires us to start the discussion with the drivers and 62 

influencers of MDT. 63 

Established research findings have established that the MDT is an inherent 64 

consequence resulting from a convergence of internal and external determinants. 65 

Regarding internal factors, the adoption of advanced digital management technologies, 66 

strategic implementation of digital frameworks (Wang et al., 2023), and the presence of 67 

digitally astute leaders and teams collectively propel the progression of digital 68 



metamorphosis within manufacturing organizations (AlNuaimi et al., 2022). In terms 69 

of external factors, the institutional environment (Wang and Shao, 2024), the social 70 

environment (Svarc et al., 2021) and the business environment (Llopis-Albert et al., 71 

2021) are the main factors affecting the MDT. Additionally, existing studies have 72 

primarily employed empirical methods such as the fixed effects model (Sui et al., 2025), 73 

Tobit model (Zhang et al., 2023), difference-in-differences model (Zhang et al., 2023), 74 

and OLS regression (Xu et al., 2024) to explore the factors influencing the MDT, both 75 

within internal and external environments. 76 

It is evident that while existing research has extensively investigated the drivers 77 

and influencers of digital transformation, notably limited studies have delved into the 78 

repercussions of external environmental policies, such as environmental regulations, on 79 

the MDT. MDT may be influenced by both internal and external factors; however, 80 

existing studies predominantly examine these influences from a linear perspective, 81 

generally overlooking potential non-linear effects (Alon et al., 2025). At present, the 82 

strengthening of ecological and environmental constraints has profoundly affected the 83 

development of manufacturing industry and the pattern of development. External 84 

environmental policies provide antecedent constraints for the formation of new 85 

competitive advantages resulting from digital transformation.  86 

China is the first developing country in the world to control carbon emissions 87 

through a cap-and-trade system (Jiang et al., 2016). In recent years, China has 88 

promulgated and enforced a diverse array of command-and-control as well as market-89 

driven environmental regulatory measures. Compared with the command-and-control 90 

environmental regulation, the ETS, as a major institutional innovation based on carbon 91 

pricing and starting with local pilots to realize the market incentives for carbon emission 92 

reduction, has been on line since 2013 (see Fig. 1), which can give full play to the role 93 

of market mechanism as an incentive to reduce the negative impact on the production 94 

behaviors of the manufacturing enterprises, and is more conducive to the promotion of 95 

the manufacturing industry to realize the transformation and upgrading of the industry, 96 

and at the same time, may also play a certain role in alleviating the financial pressure 97 

on the government (Chen et al., 2022). Positive results have been achieved in the ETS 98 

(See Fig.2). Therefore, studying how ETS influences the synergistic development of 99 

MDT and stable growth is of significant practical importance, taking into account the 100 

combined impact of internal and external factors on MDT. 101 



Source: China Development and Reform Commission  102 

Fig. 1. ETS Area 103 
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Source: Public disclosure of China's ETS markets 107 



Fig. 2. Status of China’s ETS Implementation 108 

Our study provides incremental contributions in the following aspects. Initially, 109 

our study centers on elucidating the potential exogenous contribution of the ETS to the 110 

MDT. We delve into two conceivable impact mechanisms—energy efficiency and green 111 

economy efficiency—to unveil the theoretical nexus between the ETS and the MDT. 112 

Secondly, we effectively address the motivation behind the digital transformation of 113 

manufacturing enterprises, leveraging market-driven environmental regulations as a 114 

key incentive factor. Additionally, we make a theoretical contribution to the harmonious 115 

advancement of the digital economy and green economy. Lastly, we employ a novel 116 

double machine learning model to investigate the policy implications of the ETS. This 117 

innovative approach allows for the inclusion of a broader array of variables compared 118 

to conventional linear econometric models, enabling a precise evaluation of the ETS's 119 

influence on the MDT. 120 

2. Theoretical analysis and research hypothesis 121 

2.1 The Direct Impact of ETS on the MDT 122 

We utilize institutional theory to examine the impact of ETS on MDT. Institutional 123 

theory posits that the institutional environment imposes coercive pressures on 124 

organizations, stemming from regulatory demands by government authorities, 125 

normative pressures associated with specialization, and mimetic pressures arising from 126 

the tendency to imitate those who are perceived as more legitimate or successful in their 127 

respective fields (Liu et al., 2024). The institutional foundation of ETS lies in the 128 

mandatory obligation for emission reduction compliance. The constraints imposed by 129 

carbon emission quotas increase production costs for enterprises and compress their 130 

profit margins (Lv and Bai, 2021). Consequently, this compels manufacturing firms to 131 

integrate advanced data technologies with manufacturing management, organizational 132 

operations, and research and innovation. Such integration aims to reduce search and 133 

matching costs, enhance the accuracy of market demand predictions, optimize 134 

production and inventory management, and replace low-skilled labor, thereby 135 

preventing resource wastage. Ultimately, these efforts contribute to improved efficiency 136 

in resource utilization and increased profitability (Wang and Li, 2024). Simultaneously, 137 

the ETS mandates that companies regularly disclose third-party-verified carbon 138 

emissions data, establishing a norm of 'data visibility.' This requirement compels 139 

manufacturing enterprises to implement foundational data collection systems and 140 

utilize AI algorithms to optimize production processes, thereby reducing carbon 141 



emissions per unit of output to comply with carbon accounting requirements (Wang and 142 

Li, 2024). Furthermore, market orientation theory underscores the importance of firms 143 

closely monitoring market demand and competitive dynamics to inform their strategic 144 

decisions (Wang et al., 2025). In the face of significant competitive pressure, 145 

manufacturing firms will strive to align with the technological frontier of the industry 146 

by imitating and learning from the practices of leading firms within the sector (Tian et 147 

al., 2023). We therefore propose hypothesis H1: 148 

H1: ETS can facilitate MDT. 149 

2.2 The heterogeneity effects of ETS for MDT 150 

2.2.1. Regional dimensions 151 

Zheng et al. (2024) shows that the information infrastructure represented by 152 

broadband network is an important engine to drive the manufacturing industry to realize 153 

high-quality development. China initiated the implementation of the Broadband China 154 

Strategy in 2014, as illustrated in Fig. 3. This strategy delineates broadband networks 155 

as pivotal strategic public infrastructure, expediting the establishment of a 156 

comprehensive next-generation national information infrastructure that is broadband, 157 

converged, secure, and omnipresent. Such infrastructure is envisioned to play an 158 

integral supportive role in economic advancement, societal service delivery, and 159 

enhancement of people's livelihood. The Broadband China Strategy establishes a fertile 160 

ground for the advancement of informatization within the designated implementation 161 

regions, enabling manufacturing enterprises to access cutting-edge core technologies 162 

and highly efficient machinery with greater ease (Zhang et al., 2022). Consequently, 163 

this initiative facilitates the overhaul of informatization practices within manufacturing 164 

firms and expedites the MDT process. Furthermore, the implementation of the 165 

Broadband China Strategy effectively facilitates manufacturing enterprises in 166 

leveraging digital services to access the positive externalities of technological 167 

advancement at a reduced cost, thereby effectively mitigating risks associated with the 168 

region's green transformation (Hong et al., 2023). This, in turn, enhances the efficacy 169 

of ETS in accentuating the impact of the MDT. This leads us to hypothesis H2a. 170 

H2a: The facilitating effect of ETS on MDT is more obvious in regions where the 171 

Broadband China strategy has been implemented. 172 



Source: China Development and Reform Commission  173 

Fig.3. Implementation of Broadband China 174 

The Yangtze River Economic Belt is known for its diverse economic, geographic 175 

and environmental characteristics, with more than 40% of China's population and 176 

economy, and is a key area for the development of China's advanced manufacturing, 177 

high-tech and service industries (Wang et al., 2024) (The distribution of China's Yangtze 178 

River Economic Belt is shown in Fig. 4). As a prominent regional development strategy 179 

in China, the development strategy of the Yangtze River Economic Belt consistently 180 

incorporates initiatives aimed at bolstering the core competitiveness of the 181 

manufacturing sector, fostering the growth and diversification of advanced 182 

manufacturing industries, and expediting the progress of strategic emerging industries 183 

and future-oriented sectors (Feng et al., 2024). This also creates a solid base for the 184 

MDT. Simultaneously, in contrast to other regions, the Yangtze River Economic Belt 185 

boasts prominent scientific research capabilities, a wealth of talent, and developmental 186 

advantages. The provinces and municipalities along this corridor exhibit tightly-knit 187 

economic relationships, showcasing robust digital technology innovation capacities and 188 

significant potential for digital and intellectual integration development (Feng et al., 189 

2024). Consequently, the implementation of ETS can effectively drive the expansion of 190 

strategic industries within the Yangtze River Economic Belt, fostering the growth of 191 

burgeoning sectors and hastening the digitalization, networking, and intelligent 192 

transformation of the manufacturing industry. This leads us to hypothesis H2b. 193 



H2b: The facilitating effect of ETS on the MDT is more obvious in areas along the 194 

Yangtze River Economic Belt. 195 

Source: China Development and Reform Commission  196 

Fig.4. Cities along the Yangtze River Economic Belt 197 

The essence of green finance is to realize the effective allocation of financial 198 

resources under the constraints of environmental governance, with green credit as the 199 

main support method (Yi et al., 2023). In regions characterized by a limited presence 200 

of green finance, financial institutions continue to allocate significant volumes of non-201 

green capital, thereby exacerbating issues of "greenwashing" in corporate investment 202 

and financing. This phenomenon hampers the attainment of the environmentally 203 

sustainable and low-carbon objectives central to the mandate of green finance (Lan et 204 

al., 2023). In regions characterized by a robust presence of green finance, the inherent 205 

environmental regulatory features of green finance subject manufacturing enterprises 206 

to not only the penalties and enforcement measures of government environmental 207 

regulations but also the dual pressures arising from financing constraints and increased 208 

financing costs associated with green finance. As a result, the intended promotional 209 

impact of the ETS on MDT is impeded. Therefore, the “weak Porter hypothesis”, i.e., 210 

that appropriate green finance development enables ETS to exert a catalytic effect on 211 

the MDT, is only likely to be valid in regions with moderate levels of green finance 212 

(Fabrizi et al., 2024). This leads us to hypothesis H2c. 213 



H2c: The facilitating effect of ETS on the MDT is more obvious in regions with a 214 

moderate level of green finance development. 215 

2.2.2. Enterprise dimensions 216 

Subsequently, we posit potential heterogeneity among enterprises in the nexus of 217 

ETS and MDT. In contrast to managers in non-state-owned enterprises, those directing 218 

state-owned manufacturing enterprises exhibit a preference for a risk-averse 219 

developmental approach geared towards short-term gains and performance 220 

enhancement (Zhang et al., 2023). This makes state-owned manufacturing enterprises 221 

relatively insensitive to ETS in carrying out digital transformation. Conversely, non-222 

state-owned enterprises exhibit a pronounced financial imperative and proclivity for 223 

innovation, coupled with a heightened requirement to secure a sustainable competitive 224 

edge through digital innovation endeavors, rendering them more attuned to the 225 

implications of the ETS. This leads us to hypothesis H3a. 226 

H3a: The facilitating effect of ETS on the MDT is more obvious in non-state-227 

owned manufacturing enterprises. 228 

The life cycle theory posits that enterprises in varying stages of development 229 

exhibit substantial disparities in their digital technology infrastructure, capital raising 230 

capabilities, and readiness to undergo transformative processes (Tamym et al., 2023), 231 

which may affect the ETS-MDT relationship. In particular, the inadequate financial 232 

backing for manufacturing enterprises in the growth phase of development exacerbates 233 

the costs associated with trial-and-error in embarking on digital transformation 234 

initiatives, potentially impeding the transformative impact of the ETS on MDT. In 235 

mature manufacturing enterprises, ample financial reserves and robust management 236 

systems enhance management's propensity to partake in digital innovation endeavors 237 

(Fan et al., 2022), with the objective of securing novel market breakthroughs through 238 

the proactive pursuit of first-mover advantages stemming from digital transformation 239 

initiatives. For enterprises in recession, the implementation of ETS eases their financing 240 

constraints, allowing external investors to increase their confidence in their investments, 241 

and increasing their willingness and ability to devote resources to digitization projects. 242 

This leads us to hypothesis H3b. 243 

H3b: The facilitating effect of ETS on the MDT is more obvious in maturing and 244 

declining manufacturing enterprises. 245 

2.3 Mediation analysis of ETS-MDT 246 

Lastly, we conduct a comprehensive examination of the potential mechanisms 247 



through which the ETS influences MDT. The implementation of the ETS provides a 248 

commodity attribute for carbon emissions, leading to an optimal allocation of resources 249 

and factors. Through the "price-signal" mechanism, the ETS effectively distinguishes 250 

the competitive advantage of enterprises employing advanced abatement technologies 251 

with low pollution levels, while concurrently highlighting the competitive disadvantage 252 

of enterprises exhibiting lower productivity coupled with high pollution and emissions. 253 

This process facilitates the transition of the societal production mode from extensive to 254 

intensive, fostering overall green technological advancement within society. 255 

Consequently, it promotes the enhancement of energy utilization efficiency (Song et al., 256 

2023). The enhancement of energy utilization efficiency typically coincides with a 257 

transition process from conventional energy sources to intelligent energy systems and 258 

emerging renewable energy technologies. In light of the Chinese government's 259 

concerted efforts to introduce incentives such as research and development (R&D) 260 

subsidies, tax exemptions, and purchase subsidies to support the advancement of new 261 

energy vehicles in recent years, there has been a notable alleviation of financial 262 

constraints faced by manufacturing enterprises (Lv et al., 2020). This strategic initiative 263 

has spurred these enterprises to leverage contemporary digital technologies to assist the 264 

demand side in attaining objectives related to energy conservation, consumption 265 

reduction, and the transition towards environmentally sustainable and low-carbon 266 

practices. This leads us to hypothesis H4a. 267 

H4a: The implementation of ETS can promote the MDT by enhancing energy 268 

efficiency. 269 

Beyond the ETS-Energy Use Efficiency-MDT mechanism, we believe that ETS 270 

may facilitate MDT by enhancing green economic efficiency. The ETS represents a 271 

governmental environmental policy that operates within a market framework. Through 272 

the allocation of carbon emission quotas within the carbon market and the direct 273 

imposition of carbon emission reduction targets on enterprises, the ETS positions 274 

businesses as central actors in carbon reduction efforts. This approach serves to 275 

consolidate corporate responsibility, compelling key industries to effectively manage 276 

and control carbon emissions. While reducing carbon at low cost, ETS also promotes 277 

the innovation of climate investment and financing tools, providing basic support and 278 

financial support for investment and financing of low-carbon, zero-carbon, and carbon-279 

negative technologies (Lv and Bai, 2021), which in turn enhances the efficiency of the 280 

green economy. According to firm competition theory, enhanced efficiency within the 281 



green economy not only boosts the potential of the green consumption market but also 282 

triggers an "innovation compensation" effect. This effect incentivizes manufacturing 283 

firms to adopt advanced digital technologies to amplify productivity gains through 284 

green innovation incentives, efficiency enhancements, and resource reallocations 285 

(Rubashkina et al., 2015). This leads us to hypothesis H4b. 286 

H4b: The implementation of ETS can promote the MDT by enhancing green 287 

economic efficiency. 288 

Fig. 5 shows the framework of the study 289 

Source: author's own production 290 

Fig.5. Research framework 291 

3. Methodology and data 292 

3.1 Variable selection 293 

3.1.1. Dependent variable: MDT. 294 

For publicly listed companies in the manufacturing industry, the information 295 

disclosed in their annual reports from preceding years serves as a reliable indicator of 296 

the company's business strategy, competitive strengths, industry trends, and signifies 297 

the focal areas of corporate attention and resource allocation. Therefore, we adopt the 298 
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research method of Wang et al. (2023) and Zhao et al. (2023) and compile a digital 299 

transformation feature word data pool based on enterprise experience and national 300 

policy reports. First, using Python crawler technology, we employ text analysis methods 301 

to segment the Management Discussion and Analysis (MD&A) sections of annual 302 

reports from pairs of manufacturing companies. We then perform word frequency 303 

statistics and summation on the text. The MD&A section is crucial for reflecting the 304 

strategic direction of listed companies and has been widely utilized in the literature as 305 

a measure of strategic direction. Second, we use a dictionary related to digital 306 

transformation to extract keywords concerning the digital transformation direction from 307 

the MD&A sections (see Table S1 for the list of keywords). Finally, we add 1 to the 308 

total word frequency of digital-related keywords in the annual reports and take the 309 

natural logarithm to quantify the firms' digital transformation. The annual reports used 310 

in this analysis are sourced from publicly available reports of listed companies, verified 311 

by third-party organizations, ensuring objectivity in the selection of digital-related 312 

keywords (Hu et al., 2023; Li et al., 2023). This approach offers advantages such as 313 

accessibility and broad coverage. 314 

3.1.2 Independent variable: treat*post 315 

China's National Development and Reform Commission (NDRC) has opened ETS 316 

in Shenzhen, Shanghai, Beijing, Guangdong, Tianjin, Hubei, Chongqing and Fujian 317 

since 2013. We designate the geographical area where the carbon emissions trading 318 

market is established as the treatment dummy variable, denoted as treat and the period 319 

when the carbon emissions trading market commences operation as the post-treatment 320 

dummy variable, denoted as post. Furthermore, we define the interaction term 321 

treat*post, which takes a value of 1 if the carbon emissions trading market is officially 322 

launched in the corresponding region and 0 otherwise. 323 

3.1.3 Control variables 324 

The double machine learning approach we employ effectively addresses scenarios 325 

with high-dimensional control variables through the utilization of its regularization 326 

algorithm. Hence, in order to enhance the precision of estimating the impact of ETS on 327 

manufacturing digital transformation, we refer to the research conducted by Li et al. 328 

(2022), Wang et al. (2023), Zhao et al. (2023), Zhong et al. (2023), and the work by 329 

Zhuo and Chen (2023). We leverage their insights to delineate the city and firm 330 

dimensions, respectively, encompassing factors that may influence the digital 331 

transformation within the manufacturing industry, as detailed in Table 1. 332 



Table 1 333 

Descriptive statistics 334 
Variable 

classification 
Variables Vriable measurement Obs Mean 

Std. 

dev. 
Min Max 

Enterprise 

level 
Total assets / 10,920 22.14 1.239 17.04 27.54 

 Age of business / 10,920 22.46 5.033 12 46 

 Shareholding checks 

and balances 
/ 10,920 2.213 3.047 -2.07 126.9 

 Ssset-liability ratio / 10,920 0.428 0.308 0.7 133.9 
 Book-to-market ratio / 10,920 0.352 0.477 0 1 

 Institutional investor 

shareholding 
/ 10,920 0.392 0.227 0 1.514 

 Proportion of 

independent directors 
/ 10,920 0.373 0.055 0.181 0.8 

 Tobin's Q / 10,920 2.297 0.703 0 3.433 

 
Profit from main 

Business as a 

percentage 

/ 10,920 4.648 124.1 -6092 10194 

Urban level 
Financial 

development 

Balance of loans 

from financial 

institutions at the end 

of the year 

10,920 15500 18700 91203 81000 

 Economic 

development 
Real GDP 10,920 69800 69100 13688 30300 

 Industrial structure 

Ratio of tertiary 

industry to total 

industry 

10,920 50.36 12.45 10.15 83.87 

 Human capital 
Expenditure on 

education 
10,920 18449 26545 10067 11400 

 Openness level 

Number of foreign-

invested enterprises 

above designated 

size/number of 

industrial enterprises 

above designated 

size 

10,920 0.112 0.091 -0.01 0.436 

 Technological level 

Expenditures on 

science and 

technology 

10,920 76036 12233 753 55498 

  
Infrastructure 

development 

Investment in urban 

environmental 

infrastructure 

completed for the yea 

10,920 304.6 1230. -0.18 10471 



3.1.4. Mechanism variables 335 

In order to corroborate whether the mechanisms of hypotheses H4a and H4b are 336 

valid, we selected the following mechanism variables for mechanism testing. 337 

(1) Energy efficiency (Eff): in order to test hypothesis H4a, drawing on the research 338 

results of Guo and Liu (2022), we used Eq.1 to measure to get the urban energy 339 

utilization efficiency. Where Energy denotes the three energy resources used by each 340 

city, fuel oil (tons), natural gas (10,000 m3) and electricity (kWh), which are multiplied 341 

by their respective discounted standard coal coefficients (see Table 2), and finally 342 

summed to obtain the total amount of energy consumed. GDP indicates the real GDP 343 

of each city for the calendar year (in billions of dollars). 344 

𝐸𝐸𝐸𝐸𝐸𝐸 =
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸
𝐺𝐺𝐺𝐺𝐺𝐺

                                                            (1) 345 

Table 2 346 

Standard coal coefficients 347 
Energy Coefficients Unit 

Fuel oil 1.7143 tons of standard coal/ton 

Natural gas 13.3 Tons of standard coal per 10,000 m3 

Electricity 1.229 Tons of standard coal per 10,000 kWh 

(2) Green economic efficiency (gee): To examine hypothesis H4b, building upon 348 

the work of Ji et al. (2022), we integrate land and energy constraints into our analysis. 349 

Employing the non-expected output super-efficiency SBM model, we calculate the 350 

green economic efficiency of the city. This metric serves to capture the impact of 351 

resource and environmental limitations on the prevailing economic development 352 

trajectory. The specific process is described in Eq. 2 and Eq. 3. 353 
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Eq.2 is the objective function and Eq. 3 is the qualification. Where n is the number 356 

of decision making units (DMUs) and m is the number of input variables. s1 and s2 357 

represent desired and non-desired outputs, respectively. x, y & z are the elements in the 358 

input, desired output and undesired output matrices, respectively, and λ is the weight 359 

vector. The selection and measurement of input indicators, desired outputs and non-360 

desired outputs are shown in Table 3. 361 

Table 3 362 

Description of input-output indicators 363 
Primary indicator Secondary indicator Measurement method 

Input indicators Capital Inputs Fixed capital stock 

 Energy Inputs Total energy consumption 

 Labor Inputs Employment 

desired outputs Economic Output Real GDP 

Non-desired outputs Industrial Waste Industrial sulfur dioxide emissions 

  Industrial soot emissions 

  Industrial wastewater emissions 

3.2 Model specification 364 

In constructing models for assessing the effects of ETS implementation, most of 365 

the established studies have used traditional linear models such as difference in 366 

differences and propensity score matching methods for empirical testing, which 367 

inevitably leads to limitations such as unpredictability of nonlinear relationships and 368 

non-isolation of multicollinearity (Lv and Bai, 2021; Zhang et al., 2022). Hence, we 369 

draw on the research methodology of Chernozhukov et al. (2018) to construct a double 370 

machine learning model to accurately identify the relationship between MDT and ETS. 371 

This approach relaxes the linearity assumption governing the relationships among 372 

individual variables, thereby accommodating potential nonlinear and interactive 373 

associations among them. Furthermore, it facilitates the concurrent inclusion of high-374 

dimensional control variables, enhancing the accuracy of estimating causal 375 

relationships. We construct our model as follows: 376 

𝑀𝑀𝑀𝑀𝑀𝑀 = 𝛽𝛽0𝐸𝐸𝐸𝐸𝐸𝐸 + 𝑔𝑔(𝑋𝑋) + 𝑈𝑈,𝐸𝐸[𝑈𝑈|𝑋𝑋,𝐸𝐸𝐸𝐸𝐸𝐸] = 0                                     (4) 377 

𝐸𝐸𝐸𝐸𝐸𝐸 = ℎ(𝑋𝑋) + 𝑉𝑉,𝐸𝐸[𝑉𝑉|𝑋𝑋] = 0                                                  (5) 378 

Eq.4 and Eq.5 are the double machine learning models we constructed. Where 379 

MDT is the explanatory variable in this paper and denotes MDT. ETS is the core 380 

explanatory variable of the paper and denotes ETS. X is the set of high-dimensional 381 

control variables, and U and V are perturbation terms. β0 is the treatment effect we are 382 

interested in, and from Eq.4 and Eq.5, the control variable vector X affects the MDT 383 



and ETS through the function g(X) and the function h(X), respectively. 384 

Next, we estimate 𝑔𝑔�(𝑋𝑋) = 𝐸𝐸[𝑀𝑀𝑀𝑀𝑀𝑀|𝑋𝑋]  using Eq.4 to further estimate the 385 

treatment effect 𝛽𝛽0�, and the treatment process is described in Eq.6: 386 

𝐸𝐸𝐸𝐸𝐸𝐸 − 𝑔𝑔�(𝑋𝑋) = 𝛽𝛽0𝑀𝑀𝑀𝑀𝑀𝑀 + 𝑈𝑈,𝐸𝐸[𝑈𝑈|𝑋𝑋,𝐸𝐸𝐸𝐸𝐸𝐸] = 0                                      (6) 387 

To obtain unbiased estimates of the disposition coefficients, we further remove the 388 

effect of X on the MDT to eliminate the estimation bias of 𝑔𝑔�(𝑋𝑋). We orthogonalize the 389 

MDT to obtain the orthogonal regression quantity 𝑉𝑉� = 𝑀𝑀𝑀𝑀𝑀𝑀 − ℎ�(𝑋𝑋). Combining Eq.6, 390 

we obtain the Eq.7 for 𝛽𝛽0�. 391 

𝛽𝛽0� = (
1
𝑛𝑛
�𝑉𝑉�𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖
𝑖𝑖

)−1
1
𝑛𝑛
�𝑉𝑉�𝑖𝑖(𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 − ℎ�(𝑋𝑋𝑖𝑖))                                      (7)
𝑖𝑖

 392 

Eq.7 can also be approximated as Eq.8: 393 

√𝑛𝑛�𝛽𝛽0� − 𝛽𝛽0� = [E(𝑉𝑉2)]−1
1
√𝑛𝑛

�𝑉𝑉𝑖𝑖𝑈𝑈𝑖𝑖
𝑖𝑖

+ �E(𝑉𝑉2)]−1
1
√𝑛𝑛

�[
𝑖𝑖

𝑔𝑔�(𝑋𝑋𝑖𝑖) − 𝑔𝑔(𝑋𝑋𝑖𝑖)� �ℎ�(𝑋𝑋𝑖𝑖) − h(𝑋𝑋𝑖𝑖)� (8) 394 

[𝐸𝐸(𝑉𝑉2)]−1
1
√𝑛𝑛

�𝑉𝑉𝑖𝑖𝑈𝑈𝑖𝑖~𝑁𝑁(0,�)
𝑖𝑖

                                                 (9) 395 

In the case of satisfying Eq.9, �𝐸𝐸(𝑉𝑉2)]−1 1
√𝑛𝑛
∑ [𝑖𝑖 𝑔𝑔�(𝑋𝑋𝑖𝑖) − 𝑔𝑔(𝑋𝑋𝑖𝑖)� �ℎ�(𝑋𝑋𝑖𝑖) − ℎ(𝑋𝑋𝑖𝑖)� 396 

has an upper limit of √𝑛𝑛𝑛𝑛−(𝛾𝛾1+𝛾𝛾2) , 𝛾𝛾1  and 𝛾𝛾2  denote the rate of convergence of 397 

𝑔𝑔�(𝑋𝑋𝑖𝑖) to 𝑔𝑔(𝑋𝑋𝑖𝑖) and ℎ�(𝑋𝑋𝑖𝑖) to ℎ(𝑋𝑋𝑖𝑖), respectively, and can converge to zero. With the 398 

help of Eq.8, we are able to obtain unbiased estimates of the disposition coefficients 399 

(i.e., the coefficients of the ETS on the MDT). 400 

3.3 Data sources 401 

The primary dataset utilized in this study comprises two main components: ETS 402 

and MDT. The ETS is derived from public information on the official website of the 403 

National Development and Reform Commission of China (https://www.ndrc.gov.cn/), 404 

while the data pertaining to the MDT is extracted from the annual reports of the selected 405 

enterprises in our sample. Furthermore, the city-level control variables and mechanism 406 

variables employed in the empirical analysis are sourced from the China Statistical 407 

Yearbook and the China Urban Statistical Yearbook. The firm-level control variables 408 

are extracted from the CSMAR database and the Wind database. Restricted by the 409 

availability of data and in order to guarantee the authenticity of the data as much as 410 

possible, we set the sample range from 2011 to 2020 and exclude the samples of ST, 411 

*ST, PT companies and the samples of missing values, and finally get 1092 listed 412 

companies with a total of 10,920 initial observations. 413 

4. Results and discussions 414 

4.1 Benchmark regression results 415 



To test hypothesis H1, a double machine learning model is constructed, employing 416 

the random forest algorithm for regression prediction. It is worth noting that the sample 417 

split ratio was set to 1:4. Following Zhao et al. (2024), the random forest model 418 

comprises 1,000 trees—a number determined through preliminary analysis to optimally 419 

balance computational efficiency and model accuracy. To mitigate estimation bias 420 

caused by potential overfitting in machine learning algorithms, this study employs K-421 

fold cross-validation to enhance the robustness of the estimation, and the regression 422 

outcomes are presented in Table 4. It can be found that the coefficients on ETS are all 423 

significantly positive at least at the 5% level, regardless of whether we control for 424 

individual firm fixed effects, year fixed effects, or city fixed effects, which suggests 425 

that our empirical results corroborate Hypothesis H1, that is, the implementation of the 426 

ETS promotes the MDT. 427 

Table 4 428 

Benchmark regression results 429 
 (1) (2) (3) (4) (5) 

 MDT MDT MDT MDT MDT 

ETS 0.0442*** 0.0274*** 0.0434*** 0.0261*** 0.0228** 

 (4.02) (3.18) (3.79) (2.90) (2.16) 

Control variables Yes Yes Yes Yes Yes 

Individual effect No Yes No Yes Yes 

Year effect  No No Yes Yes Yes 

City effect No No No No Yes 

_cons -0.0071*** 0.0075*** -0.0076*** 0.00810*** 0.0073*** 

 (-4.53) (9.32) (-4.80) (9.90) (9.02) 

N 10920 10920 10920 10920 10920 

Note: t statistics in parentheses, ** p < 0.05, *** p < 0.01 430 

Our study shares similarities with the research conducted by Zhao et al. (2023), as 431 

both studies confirm the supportive function of environmental regulations in driving 432 

MDT. However, it is important to note that Zhao et al. (2023) adopt a stringent 433 

constraint perspective centered on command-and-control environmental regulations to 434 

assess the influence of low-carbon city pilots on the MDT. Their study underscores 435 

environmental regulations as external pressures that prompt manufacturing enterprises 436 

to adopt a passive "end-of-the-pipe" strategy in implementing digital transformation 437 

initiatives. Chen and Fan (2025), on the other hand, reach similar conclusions primarily 438 

using the DID model, tested on Chinese A-share listed firms. This phenomenon is 439 

further substantiated by stakeholder theory, which posits that companies engage in 440 

digital transformation not solely to maximize revenues but also to fulfill their 441 



environmental responsibilities, particularly in terms of pollution prevention. 442 

In contrast to Zhao et al. (2023), we highlight that ETS possesses both "incentive" 443 

and "constraint" attributes, and can serve to offset the environmental costs incurred by 444 

regulated enterprises. It is crucial to emphasize that ETS not only imposes constraints 445 

but also provides incentives, thereby aiding in the mitigation of environmental expenses 446 

for regulated entities. Specifically, the ETS provides incentives for manufacturing 447 

enterprises to adopt more advanced digital collection, production, detection and early 448 

warning technologies to dynamically control their own energy consumption and 449 

pollutant emissions through the effective transmission of the “price-signal” mechanism. 450 

Specifically, through the effective transmission of the “price-signal” mechanism, the 451 

ETS provides incentives for manufacturing enterprises to dynamically control their own 452 

energy consumption and pollutant emissions by adopting more advanced digital 453 

collection, production, detection and early warning technologies (Stallkamp and 454 

Schotter, 2021), with the aim of reducing the consumption of resources in the industrial 455 

chain in order to offset the increase in unproductive inputs and obtain additional income 456 

from emission reductions. On the other hand, we differentiate our approach from Chen 457 

and Fan's (2025) findings by incorporating a broader set of control variables, both 458 

internal and external to the firms, and assessing the impact of ETS on MDT from a 459 

nonlinear perspective using a double machine learning model. Our results extend their 460 

conclusion, demonstrating that the relationship between ETS and MDT is not only 461 

linear but also exhibits nonlinear effects. 462 

4.2 Robustness tests 463 

4,2,1. Reinventing Machine Learning Models 464 

The double machine learning model could introduce bias in the setup, potentially 465 

influencing the regression outcomes. To ensure the robustness of our empirical findings, 466 

we perform a robustness analysis by adjusting the sample split ratio and substituting 467 

the machine learning algorithm. First, we set the sample split ratio to 1:5 and regress it 468 

again, and the regression results are shown in column (1) of Table 5. We find that the 469 

coefficient of ETS is significantly positive at the 1% level, which indicates that the 470 

empirical results remain robust after resetting the sample split ratio again. Furthermore, 471 

we substitute the random forest algorithm previously employed with the neural network 472 

utilizing the gradient boosting algorithm and re-run the regression analysis. The 473 

outcomes are presented in columns (2) and (3) of Table 5. Notably, the coefficients 474 

associated with ETS remain significantly positive at the 1% level even after this 475 



algorithmic transition, reaffirming the robustness of our empirical findings. 476 

4.2.2. Consideration of other policies during the sample period 477 

The degree of external openness is intricately connected to the MDT, whereby 478 

regions exhibiting high levels of external openness witness the inflow of high-quality 479 

FDI, thereby fostering technological spillovers that drive the digital transformation and 480 

enhancement of enterprises (Nambisan et al., 2019). Therefore, we need to exclude pilot 481 

free trade zones (test ports) policies that may interfere with the ETS-MDT relationship 482 

during the concurrent period. Moreover, beyond the ETS, the low-carbon city pilot 483 

policy may also influence MDT during the sample period. To account for this, we re-484 

estimate the baseline regressions by incorporating dummy variables for the pilot free 485 

trade zone and low-carbon city pilot policies. The results, presented in columns (4) and 486 

(5) of Table 5, show that the coefficient of ETS remains significantly positive at least 487 

at the 5% level, confirming the robustness of our findings after controlling for 488 

additional policy influences. 489 

4.2.3. Consideration of outliers 490 

The inclusion of numerous control variables in our model may introduce bias into 491 

the regression results, particularly in the presence of a significant number of data 492 

outliers. To achieve this, we apply a 1% shrinkage to the control variables and conduct 493 

a regression analysis based on the treated samples. The outcomes of this test are 494 

presented in column (6) of Table 5. It can be found that the coefficient of ETS remains 495 

significantly positive after removing the effect of outliers. This indicates that our results 496 

remain robust. 497 

4.2.4. Placebo tests 498 

To mitigate the potential impact of random factors in the estimation process, 499 

placebo tests were conducted by shifting the ETS implementation time to construct 500 

counterfactual scenarios. Assuming ETS was implemented one and two years earlier, if 501 

the direction and significance of the treatment coefficients remain consistent with the 502 

baseline results, it may suggest the influence of other confounding factors. Conversely, 503 

differing results would support the conclusion that ETS has a genuine positive effect on 504 

MDT. The results of the placebo test are presented in columns (7) and (8) of Table 5, 505 

where the ETS coefficients are found to be statistically insignificant, indicating the 506 

robustness of our conclusions. 507 

Table 5 508 

Robustness tests 509 
 (1) (2) (3) (4) (5) (6) (7) (8) 



 MDT MDT MDT MDT MDT MDT MDT MDT 

ETS 0.0272*** 0.6104*** 0.0573*** 0.0431** 0.0465*** 0.0198*   0.0163 0.0116 

 (2.76)   (78.40)    (78.40) (2.38) (3.64) (1.95)   (1.52) (0.65) 

Control 

variables 

Yes Yes Yes Yes Yes Yes Yes Yes 

Individual 

effect 

Yes Yes Yes Yes Yes Yes Yes Yes 

Year effect  Yes Yes Yes Yes Yes Yes Yes Yes 

City effect Yes Yes Yes Yes Yes Yes Yes Yes 

_cons 
0.0072*** 4.1e+03*** 0.0012 0.0081*** -0.0079*** 0.0074*** 0.0065*** 0.0055*** 

(8.84)     (22.78)   (0.86)    (8.57)    (-5.00) (9.05)    (7.84) (6.39) 

N 10920 10920 10920 10920 10920 10920 10920 10920 

Note: t statistics in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01 510 

5. Further analysis and discussions 511 

5.1 Heterogeneity analysis 512 

5.1.1. Regional heterogeneity 513 

To examine hypothesis H2a, the sample is segmented into subsamples of non-514 

Broadband China pilot cities and Broadband China pilot cities based on the Broadband 515 

China pilot program. Subsequent regression analyses are conducted, and the outcomes 516 

are displayed in columns (1) - (2) of Table 6. The sub-sample of non-Broadband China 517 

pilot cities includes 354 manufacturing enterprises, while the sub-sample of Broadband 518 

China pilot cities includes 738. It can be found that the coefficient of ETS is positive 519 

but not significant in the non-Broadband China pilot city subsample. In contrast, in the 520 

broadband China pilot city subsample, the coefficient of ETS is significantly positive at 521 

the 10% level. This indicates that the promotion effect of the ETS on the MDT is more 522 

significant in the broadband China pilot city subsample, and hypothesis H2a is verified. 523 

This phenomenon can be attributed to the primary objective of Broadband China city 524 

initiatives, which focus on expediting information infrastructure development and 525 

leveraging information consumption to stimulate industrial growth. This approach 526 

fosters interregional and interdisciplinary knowledge exchanges, facilitating the 527 

integration of information technology throughout the entirety of product production 528 

management within manufacturing enterprises (Wang et al., 2022). By establishing 529 

extensive connections among individuals, machinery, and processes in production 530 

management, this strategy elevates the interconnectedness and intelligence levels of 531 

systems and equipment. Therefore, it provides valuable technical support for the 532 

facilitating effect of ETS on the MDT. 533 

In the pursuit of testing hypothesis H2b, the sample is bifurcated into two distinct 534 



subsamples based on their affiliation with cities along the Yangtze River Economic Belt. 535 

Subsequent regression analyses are conducted, and the findings are illustrated in 536 

columns (3)-(4) of Table 6. The subsample of cities along the Yangtze River Economic 537 

Belt includes 575 manufacturing enterprises, while the subsample of cities not along 538 

the Belt includes 517.It can be found that the coefficient of ETS is not significant in the 539 

subsample of cities along the non-Yangtze River Economic Belt, while it is significantly 540 

positive at the 5% level in the subsample of cities along the Yangtze River Economic 541 

Belt. This indicates that the promotion effect of ETS on the MDT is more significant in 542 

the subsample of cities along the Yangtze River Economic Belt, and hypothesis H2b is 543 

verified. China's emphasis on scientific and technological innovation within the 544 

Yangtze River Economic Belt development strategy has facilitated the conversion of 545 

the region's scientific research and talent strengths into developmental assets (Sun and 546 

Li, 2022). This strategic focus aims to advance ecological environmental protection and 547 

integrated economic and social development, laying a robust foundation for MDT 548 

initiatives. Simultaneously, the development strategy of the Yangtze River Economic 549 

Belt facilitates the effective resource allocation within the region and bolsters the intra-550 

regional market competition mechanism. Leveraging the market selection effect, 551 

inefficient manufacturing enterprises in the Yangtze River Economic Belt area are 552 

compelled to exit the intra-regional market, thereby enabling efficient manufacturing 553 

firms to achieve economies of scale more readily (Yang and Zhou, 2023). This 554 

environment is conducive for enhancing the market incentive attribute of ETS to drive 555 

the advancement of MDT. 556 

Table 6 557 

Regional heterogeneity regression results 558 
 (1) (2) (3) (4) (5) (6) (67 

 MDT MDT MDT MDT MDT MDT MDT 

ETS 0.0200 0.0284*   0.0285** 0.0551   0.0138 0.0497** 0.0300 

 (1.55) (1.75)    (2.16)    (1.54)    (0.77) (2.23)    (1.47)    

Control 

variables 

Yes Yes Yes Yes Yes Yes Yes 

Individual 

effect 

Yes Yes Yes Yes Yes Yes Yes 

Year effect  Yes Yes Yes Yes Yes Yes Yes 

City effect Yes Yes Yes Yes Yes Yes Yes 

_cons 
0.0026** 0.0079*** 0.0053*** 0.0052*** 0.0054*** 0.0093*** 0.0166*** 

(2.36)    (7.46)    (4.51)    (4.73)    (4.40)    (5.59)    (7.97)    

N 3540 7380 5750 5170 3560 3590 3760 



Number of 

enterprises 

354 738 575 517 356 360 376 

Note: t statistics in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01 559 

To examine the construction of H2c, we draw on the research methodology of Yi 560 

et al. (2023) to measure the level of green finance and divide it into three sub-samples 561 

of low, medium, and high to re-register, and the results are shown in columns (5)-(7) of 562 

Table 6. The three sub-samples of manufacturing enterprises with low, medium, and 563 

high green finance levels include 356, 360, and 376 enterprises, respectively. It can be 564 

found that the coefficient of ETS is significantly positive at the 5% level in the medium 565 

green finance subsample, while it is not significant in the remaining two subsamples. 566 

This indicates that the promotional effect of ETS on the MDT is more significant in the 567 

medium green finance development subsample and hypothesis H2c is verified. Our 568 

findings reaffirm the findings of (Saintpaul, 1992). The substantial financial investment 569 

required by the MDT to address elevated sunk capital costs and associated business 570 

risks during the transition phase poses a challenge. This scenario hampers the ability of 571 

ETS to catalyze the development of the MDT, particularly in regions with limited green 572 

finance availability. In regions with elevated levels of green finance, stringent 573 

environmental regulations and heightened government oversight are common. 574 

Consequently, manufacturing firms face pressure to escalate unproductive expenditures, 575 

leading to a crowding out effect on productive investments. This dynamic diminishes 576 

firms' competitiveness and impedes the progress of MDT. 577 

5.1.2. Enterprise heterogeneity 578 

To test hypothesis H3a, manufacturing enterprises are segmented into sub-samples 579 

based on state ownership status. Subsequently, these sub-samples, comprising state-580 

owned and non-state-owned enterprises, are subjected to regression analysis. The 581 

outcomes of this analysis are presented in columns (1)-(2) of Table 7. Of these, 408 582 

state-owned manufacturing enterprises and 684 non-state-owned manufacturing 583 

enterprises were involved. It can be found that the coefficient of ETS is positive but not 584 

significant in the sub-sample of state-owned enterprises. Whereas in the non-state-585 

owned enterprises subsample, the coefficient of ETS is significantly positive at the 1% 586 

level. This suggests that the facilitating effect of ETS on the MDT is more significant 587 

in the non-state-owned enterprises subsample, and hypothesis H3a is verified.  588 

There are discrepancies between our results and the findings of some established 589 

studies (Du et al., 2023; Javeed et al., 2024). Why did state-owned enterprises, as 590 

important participants in energy efficiency and emission reduction efforts, not profit 591 



from the incentive effect of the ETS? This phenomenon can be attributed to the close 592 

relationship between state-owned Enterprises and the government, facilitating their 593 

access to state subsidies. Nonetheless, a significant portion of these subsidies is directed 594 

towards energy-saving facility upgrades, resulting in instances of "subsidy cheating" 595 

where energy-saving equipment or process enhancements are implemented without 596 

actual utilization. This practice diminishes the efficacy of ETS in promoting emission 597 

reductions. Conversely, Chinese state-owned enterprises  leverage their institutional 598 

advantages to secure substantial market shares, potentially leading to a lack of intrinsic 599 

drive and motivation for engaging in long-term, high-risk digital transformations. In 600 

contrast, non-state-owned enterprises exhibit greater responsiveness to policy trends 601 

and societal needs, displaying a heightened eagerness for the MDT to swiftly establish 602 

a competitive edge within the dynamic market landscape. 603 

To examine hypothesis H3b, we adopt the methodology outlined in the study by 604 

Lai et al. (2012). Following the life cycle theory, the sample is partitioned into three 605 

sub-samples representing growth, maturity, and decline stages. Subsequently, 606 

regression analysis is conducted on these sub-samples, with the outcomes detailed in 607 

columns (3)-(5) of Table 7. Of these, 275, 295, and 522 manufacturing firms were 608 

involved in the growth, maturity, and decline phases, respectively. It can be found that 609 

the coefficients of ETS are significantly positive at least at the 5% level in the maturity 610 

and decline subsamples, except for the growth period subsample, which suggests that 611 

the promotional effect of ETS on the MDT is more significant in the maturity and 612 

decline subsamples, and hypothesis H3b is verified. 613 

Table 7 614 

Enterprise heterogeneity regression results 615 
 (1) (2) (3) (4) (5) 

 MDT MDT MDT MDT MDT 

ETS 0.0100 0.0537*** 0.0131 0.0234** 0.0405** 

 (0.60) (3.69)   (0.60) (2.19)    (2.40)   

Control variables Yes Yes Yes Yes Yes 

Individual effect Yes Yes Yes Yes Yes 

Year effect  Yes Yes Yes Yes Yes 

City effect Yes Yes Yes Yes Yes 

_cons 
0.00477*** 0.00828*** 0.00279* 0.00353** 0.000761    

(4.45)      (7.32)   (2.21)    (2.84)    (0.57)    

N 4080 6840 2750 2950 5220 

Number of 

enterprises 

408 684 275 295 522 



Note: t statistics in parentheses, * p < 0.1, ** p < 0.05, *** p < 0.01 616 

Systems theory suggests that as the life cycle shifts from one stage to another, the 617 

system of elements that determine enterprise performance will be reconfigured 618 

(Karniouchina et al., 2013). During the growth stage, manufacturing enterprises 619 

undergo significant adjustments in their production infrastructure, technology mix, and 620 

equipment utilization, with ample room for adaptation. Given the limited internal 621 

resources at this juncture and a primary focus on profit generation, the emphasis on 622 

digital transformation remains restrained. Consequently, the impact of ETS on the MDT 623 

is not distinctly pronounced, aligning with findings from prior research such as that of 624 

Hu et al. (2023). In mature manufacturing enterprises, factors such as corporate market 625 

reputation, profitability, and market share exhibit greater stability, bolstering their 626 

resilience against external disruptions. Consequently, these enterprises can adeptly 627 

transition from the external influences of ETS to internal drivers, facilitating a smoother 628 

integration of enterprise-wide digital transformation initiatives. In contrast to 629 

manufacturing enterprises in the growth and maturity phases, those in the decline phase 630 

encounter a myriad of challenges including dwindling market share, escalating 631 

competitive pressures, outdated products or services, constrained cash flows, and 632 

inflexible organizational frameworks. When presented with external opportunities 633 

stemming from ETS adoption, these enterprises tend to navigate the digital 634 

transformation journey by fostering transparent environments of shared interests and 635 

value alignment with stakeholders. This approach, in turn, enhances the innovation 636 

ecosystem's resilience in confronting crises to a certain degree. 637 

5.2 Mechanism tests 638 

We examine the mechanism of ETS-promoted MDT conduction based on lasso 639 

regression by drawing on double machine learning causal mediated effects analysis, 640 

and the results are shown in Table 8. In Row 1 of Table 8, the outcomes of the energy 641 

efficiency mechanism test are displayed. The analysis reveals that the indirect impact 642 

of energy efficiency is notably positive, reaching statistical significance at least at the 643 

10% level for both the disposal and control groups. This suggests that the enhancements 644 

in energy efficiency resulting from the adoption of ETS play a substantial role in 645 

advancing the MDT. As a result, hypothesis H4a is verified.  646 

Our findings reaffirm the robustness of the conclusions drawn by Song et al. (2023) 647 

and introduce a novel research perspective to existing literature. While prior studies by 648 

Deng et al. (2024) and Wang and Wang (2024) have demonstrated that MDT can 649 



enhance energy efficiency, our research reveals a reciprocal relationship: energy 650 

efficiency can also serve as an incentive for the advancement of MDT. Hence, China 651 

and other developing nations should consider developing an energy regulatory 652 

framework tailored to the interconnected requirements of the carbon trading market and 653 

energy policies. This framework should integrate the carbon market with conventional 654 

and renewable energy pricing mechanisms, thereby offering robust institutional support 655 

for enhancing energy efficiency. By effectively channeling the policy impacts of the 656 

ETS towards the MDT, such an approach can optimize the transmission of policy effects 657 

while fostering improved energy efficiency. 658 

Table 8 659 

Mechanism test results 660 
 (1) (2) (3) (4) (5) 

 Total effect Disposal group 

direct effect 

Control group 

direct effect 

Disposal Group 

Indirect Effect 

Control Group 

Indirect Effect 

Energy efficiency  0.040*** 0.040*** 0.038*** 0.002* 0.000*   

Green economic 

efficiency 
0.062*** 0.058*** 0.053*** 0.009* 0.005* 

Note: t statistics in parentheses, * p < 0.1, *** p < 0.01 661 

In Row 2 of Table 8, the outcomes of the green economic efficiency mechanism 662 

test are displayed. The analysis reveals that the indirect impact of green economic 663 

efficiency is notably positive, reaching statistical significance at least at the 10% level 664 

for both the disposal and control groups. This suggests that the enhancements in green 665 

economic efficiency resulting from the adoption of ETS play a substantial role in 666 

advancing the MDT. As a result, hypothesis H4b is verified. Our conclusions are 667 

consistent with Wang and He (2022). Green economic efficiency can realize a shift in 668 

economic growth from crude to intensive. Hence, China and other developing nations 669 

should allocate increased financial resources towards the enforcement of ETS and other 670 

environmental regulatory measures. Enhancing infrastructure and policy support within 671 

industrial clusters is essential to foster a conducive environment for the advancement 672 

of green economic efficiency. By creating a supportive policy ecosystem, these regions 673 

can attract foreign investments, talent, data, technology, and other essential resources, 674 

thereby leveraging both internal and external synergies to cultivate new drivers for the 675 

MDT. 676 

6. Conclusions and limitations 677 

Our main conclusions include: (1) ETS is effective in facilitating the MDT, and 678 

this conclusion remains valid after a series of robustness tests. (2) The facilitation effect 679 



of ETS on MDT has significant regional heterogeneity and enterprise heterogeneity. At 680 

the macro level, the impact of ETS on the MDT is notably pronounced in the pilot 681 

regions of Broadband China, areas along the Yangtze River Economic Belt, and regions 682 

demonstrating a moderate level of green finance development. On a micro level, the 683 

influence of ETS on the MDT is particularly conspicuous within non-State-Owned 684 

Enterprises (non-SOEs) and manufacturing enterprises beyond the growth stage. (3) 685 

ETS facilitates the advancement of MDT through two primary mechanisms: enhancing 686 

energy efficiency and promoting green economic efficiency. 687 

Our findings demonstrate the positive policy effects of ETS on micro agents. 688 

Currently, developed regions such as the United States, European Union, Japan, and 689 

South Korea, as well as developing countries like India and Mexico, have implemented 690 

or are in the process of implementing ETS frameworks. Evidence from China's 691 

experience offers valuable insights for improving ETS systems in these countries. Our 692 

findings suggest that in implementing ETS, quota allocation strategies and enterprise 693 

entry thresholds should be tailored to the specific economic conditions, regional 694 

characteristics, and industry profiles. Additionally, financial instruments such as carbon 695 

taxes should be complemented with subsidies or tax incentives to encourage the 696 

participation of non-state-owned and small- to medium-sized enterprises, thereby 697 

promoting broader engagement in carbon trading and preventing market 698 

monopolization. On the other hand, promoting MDT should incorporate both 699 

government leadership and market regulation, adopt differentiated strategies, and 700 

integrate environmental protection throughout the entire industrial value chain. This 701 

approach supports the development of a green digital ecosystem and fosters the 702 

synergistic advancement of digital and green transformation. 703 

While our findings offer valuable insights that may guide the transition of the 704 

manufacturing industry and foster high-quality economic development in developing 705 

nations, it is important to acknowledge the presence of certain limitations. Our analysis, 706 

while innovative in its exploration of the drivers of MDT from an exogenous standpoint, 707 

was constrained by factors such as data availability, necessitating an examination of the 708 

endogenous drivers of MDT. Notably, the investigation of green innovation was 709 

regrettably overlooked. Nevertheless, we maintain the belief that our findings can offer 710 

valuable insights to developing countries, aiding them in achieving a mutually 711 

beneficial scenario of low-carbon development alongside high-quality economic 712 

growth. 713 
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