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Abstract 11 

Green innovation is commonly assessed through patent counts or aggregate 12 

efficiency measures, while the recombination structure of regional technological 13 

knowledge remains underexplored. This study examines whether university–industry 14 

collaboration is associated with greater recombination distance and diversity and 15 

whether these dimensions are related to urban carbon intensity. Using a balanced panel 16 

of 212 Chinese cities from 2003 to 2021, we construct IPC-based indicators of 17 

recombination distance and diversity and estimate the proposed relationships using 18 

three-stage least squares, supplemented by alternative estimators, indicator 19 

specifications, and heterogeneity tests. University–industry collaboration is positively 20 

associated with both recombination dimensions, although the first-stage evidence is 21 

statistically modest. Greater recombination distance and diversity are negatively 22 

associated with subsequent urban carbon intensity in the baseline and conventional 23 

robustness specifications. Regional green innovation efficiency consistently 24 

strengthens the collaboration–distance relationship, whereas its moderating effect on 25 

recombination diversity is weaker and sensitive to the efficiency specification. The 26 



 

negative recombination–carbon-intensity association is more pronounced among cities 27 

with high initial carbon intensity and remains evident under both mean- and median-28 

based initial-period classifications. Dynamic specifications and exclusion-restriction 29 

sensitivity tests yield less stable estimates after accounting for carbon-intensity 30 

persistence and allowing FiscalRD to enter the outcome equation directly. The findings 31 

are therefore interpreted as conditional associations consistent with the proposed 32 

pathway rather than as definitive causal effects. Overall, the results suggest that the 33 

structure, rather than only the volume, of green innovation is associated with low-34 

carbon transition, although the strength of this relationship depends on model 35 

specification, regional conditions, and instrument strength. 36 

Keywords 37 

Carbon intensity; Green knowledge recombination; University–industry collaboration; 38 

Regional innovation systems; Green innovation efficiency 39 

Highlights 40 

 University–industry collaboration shows modest positive associations with 41 

recombination distance and diversity. 42 

 Baseline and conventional robustness estimates show negative associations 43 

between both recombination dimensions and urban carbon intensity. 44 

 Regional green innovation efficiency robustly strengthens the collaboration–45 

distance relationship. 46 

 The recombination–carbon-intensity association is stronger in cities with high 47 

initial carbon intensity. 48 

1 Introduction 49 

Reducing carbon intensity requires more than expanding the stock of green 50 

technologies; it also depends on how regions combine and deploy technological 51 

knowledge. China provides a particularly relevant setting because its low-carbon 52 



 

transition must proceed alongside continued industrial upgrading and economic 53 

development. Existing studies have linked green patents, green total factor productivity, 54 

environmental regulation, and technological spillovers to regional carbon performance 55 

(Chen et al., 2023; Ke et al., 2023; K. Liu et al., 2023). These indicators capture the 56 

volume or efficiency of green innovation, but reveal less about the internal composition 57 

of regional technological knowledge. A city may generate many green patents while 58 

remaining dependent on a narrow technological trajectory, whereas another may 59 

combine knowledge across several technological domains to develop broader low-60 

carbon solutions. 61 

This study focuses on two dimensions of green knowledge recombination. 62 

Recombination distance captures the technological separation between the knowledge 63 

fields combined within a regional green knowledge base, while recombination diversity 64 

captures the breadth and distribution of those combinations. Distant recombination may 65 

facilitate departures from established high-carbon technological paths, and diverse 66 

recombination may support the integration of complementary solutions in energy 67 

efficiency, cleaner production, and environmental management (Lin et al., 2023; X. Liu 68 

et al., 2024). Both dimensions may also raise search, coordination, and integration costs; 69 

whether they are associated with lower carbon intensity therefore remains an empirical 70 

question. 71 

Regional innovation systems shape the ability to generate and absorb such 72 

combinations (Mao et al., 2023). Evolutionary economic geography emphasizes that 73 

technological change is embedded in inherited regional capabilities and development 74 

paths (Boschma & Martin, 2007), while the Triple Helix framework highlights the 75 

complementary roles of universities, firms, and public institutions (Etzkowitz & Zhou, 76 

2017). Universities can broaden firms’ technological search, firms provide production 77 

problems and application settings, and regional institutional conditions affect whether 78 

collaboration can be translated into usable technological combinations. Although 79 

previous research has examined collaboration intensity, knowledge transfer, and 80 



 

innovation output (Cowan & Zinovyeva, 2013; Rybnicek & Königsgruber, 2019; J. A. 81 

Zhang et al., 2024; Zhao et al., 2024), the effect of university�industry collaboration 82 

on the structure of green knowledge recombination remains less well understood. 83 

We examine this relationship using panel data for 212 Chinese cities from 2003 to 84 

2021. IPC-based indicators are constructed to measure recombination distance and 85 

diversity, and linked equations are estimated to assess whether university�industry 86 

collaboration is associated with these recombination structures and whether the 87 

structures are, in turn, associated with urban carbon intensity. We also examine whether 88 

regional green innovation efficiency conditions the collaboration–recombination 89 

relationship and whether the recombination–carbon-intensity association differs 90 

between cities with high and low initial carbon intensity. 91 

This study makes three contributions. First, it extends the measurement of green 92 

innovation beyond patent volume and aggregate efficiency by distinguishing the 93 

technological distance and diversity of regional knowledge combinations. Second, it 94 

develops a temporally ordered empirical framework linking university–industry 95 

collaboration, green knowledge recombination, and subsequent carbon intensity, while 96 

avoiding the assumption that collaboration has a direct environmental effect. Third, it 97 

identifies regional green innovation efficiency and initial carbon-intensity level as 98 

conditions under which these relationships vary. The contribution lies primarily in the 99 

structural measurement of regional green knowledge bases and the identification of 100 

their empirical boundary conditions, rather than in establishing definitive causal 101 

mediation.  102 

2 Literature review 103 



 

2.1 Green technology and carbon intensity  104 

Carbon intensity measures the carbon emissions generated per unit of economic 105 

output and provides an indication of whether economic growth is becoming less carbon 106 

dependent. At the city level, variation in carbon intensity reflects differences in 107 

industrial composition, energy systems, technological capability, and economic 108 

development (C. He et al., 2022; Ke et al., 2023). The STIRPAT framework groups 109 

these determinants into population, affluence, and technology, and has therefore been 110 

widely applied to analyses of regional environmental performance (Dietz & Rosa, 111 

1997). 112 

Green technology can reduce carbon intensity by improving energy efficiency, 113 

facilitating cleaner energy use, and supporting carbon capture and resource reutilization 114 

(Haider & Mishra, 2021; Leung et al., 2014; T. Yang et al., 2023). It may also increase 115 

the economic output generated from a given resource base through improvements in 116 

green total factor productivity and industrial upgrading (Sohag et al., 2019). Empirical 117 

studies consequently tend to measure green innovation through patent counts, 118 

innovation efficiency, or green productivity (Chen et al., 2023; Ye et al., 2020). 119 

These measures capture innovation scale and performance but not the organization 120 

of technological knowledge. Regions with similar patent output may differ substantially 121 

in the distance and diversity of the fields they combine. Because technological change 122 

is conditioned by inherited regional capabilities and development paths (Boschma & 123 

Martin, 2007), the key question is whether recombination structure explains variation 124 

in carbon intensity beyond conventional measures of innovation quantity and efficiency. 125 



 

2.2 Triple Helix collaboration and regional innovation 126 

systems 127 

Regional innovation systems emphasize that technological change emerges from 128 

interactions among firms, knowledge-producing institutions, and public organizations 129 

rather than from isolated actors (Cooke, 2010; Pino & Ortega, 2018). The Triple Helix 130 

framework formalizes this interaction by distinguishing the knowledge-producing role 131 

of universities, the application and commercialization role of firms, and the institutional 132 

and coordinating role of government (Etzkowitz & Zhou, 2017; Strand & Leydesdorff, 133 

2013). This framework is especially relevant to green innovation, which often combines 134 

scientific knowledge, industrial application, and institutional support. 135 

University�industry collaboration can provide firms with access to scientific 136 

fields beyond their established technological routines, while universities gain access to 137 

practical production problems and application environments. Previous studies have 138 

examined how such collaboration affects innovation capability, cooperation intensity, 139 

technological output, and collaborative strategy (Doblinger et al., 2019; Z. Yang et al., 140 

2021). Regional institutional conditions may further affect whether these exchanges 141 

result in sustained innovation by reducing information barriers and coordination costs. 142 

The literature nevertheless focuses mainly on the amount of collaboration, 143 

knowledge transfer, and resulting innovation output. Less attention has been paid to 144 

whether university�industry interaction changes the technological composition of the 145 

regional knowledge base. The environmental contribution of collaboration may 146 

therefore depend not only on whether it produces additional green patents, but also on 147 

whether it enables combinations across more distant and more diverse technological 148 

fields. 149 



 

2.3 Green knowledge recombination and carbon intensity 150 

Knowledge recombination refers to the creation of new technological possibilities 151 

through novel combinations of existing knowledge elements (Arthur, 2007; 152 

Schumpeter & Swedberg, 2021; Weitzman, 1998). Green innovation may be 153 

particularly dependent on recombination because environmental problems cut across 154 

energy, production, materials, transport, information technology, and pollution-control 155 

systems (Barbieri et al., 2020). Studies have consequently examined whether green 156 

technologies draw on broader or more novel knowledge combinations than non-green 157 

technologies and whether academic inventors contribute to regional green 158 

diversification (Ghisetti et al., 2015; Orsatti et al., 2024). 159 

Two dimensions are central to the present analysis. Recombination distance 160 

captures how far apart the combined technological fields are within the IPC hierarchy. 161 

Greater distance may introduce knowledge that supports technological path renewal, 162 

but may also increase uncertainty and integration costs. Recombination diversity 163 

captures the richness and distribution of technological combinations. Greater diversity 164 

may facilitate complementary low-carbon solutions, but may become difficult to 165 

coordinate where regional absorptive capacity is limited. 166 

Existing studies have linked green recombination to innovation and technological 167 

diversification, but have rarely examined the complete empirical sequence from 168 

university�industry collaboration to recombination structure and then to city-level 169 

carbon intensity. The present study tests this sequence by treating distance and diversity 170 

as distinct dimensions of regional green knowledge bases. 171 

3 Hypotheses 172 

Figure 1 summarizes the proposed framework. University–industry collaboration 173 

is expected to influence recombination distance and diversity, which are in turn 174 



 

associated with subsequent carbon intensity. Regional green innovation efficiency is 175 

introduced as a conditioning factor on the collaboration–recombination relationship. 176 

The following hypotheses distinguish these pathways. 177 

 178 

Fig. 1. Research framework 179 

3.1 University–industry collaboration and green 180 

recombination distance 181 

Universities provide firms with access to scientific and technological knowledge 182 

beyond their established production routines (Trajtenberg et al., 1997). This function is 183 

especially relevant in emission-intensive industries, where incremental improvements 184 

within existing technological paths may be insufficient for substantial low-carbon 185 

transformation. University�industry collaboration can broaden firms’ technological 186 

search and facilitate the translation of distant scientific knowledge into production 187 

settings, thereby reducing some of the uncertainty associated with cross-domain 188 

recombination (Ahuja & Katila, 2004; Tsouri et al., 2022). 189 

Greater recombination distance may connect established industrial capabilities 190 

with technological fields that support cleaner production and energy-system 191 



 

transformation. It may therefore widen the range of low-carbon options available to 192 

regional firms. Because distant knowledge also creates integration and coordination 193 

costs, the expected environmental benefit should be understood as an average 194 

relationship within the observed sample rather than as an unlimited gain from increasing 195 

distance. 196 

H1a. University � industry collaboration is positively associated with green 197 

technology recombination distance. 198 

H1b. Green technology recombination distance is negatively associated with urban 199 

carbon intensity. 200 

3.2 University–industry collaboration and green 201 

recombination diversity 202 

Firms commonly develop specialized knowledge around established production 203 

and market requirements, whereas universities draw on broader scientific and 204 

disciplinary domains (Rosenberg & Nelson, 1994; Trajtenberg et al., 1997). 205 

Collaboration can therefore connect specialized industrial knowledge with a wider 206 

range of technological fields (Nan et al., 2018; Wirsich et al., 2016). This breadth is 207 

relevant to carbon-intensity reduction because energy efficiency, materials innovation, 208 

cleaner production, digital control, and environmental treatment often function as 209 

complementary rather than isolated solutions. 210 

Diverse recombination may improve the capacity of a regional knowledge base to 211 

address complex environmental problems, although excessive diversity can increase 212 

coordination costs where absorptive and integrative capabilities are weak. As with 213 

distance, the empirical expectation concerns the average relationship observed across 214 

cities. 215 

H2a. University � industry collaboration is positively associated with green 216 

technology recombination diversity. 217 



 

H2b. Green technology recombination diversity is negatively associated with 218 

urban carbon intensity. 219 

3.3 The moderating role of regional green innovation 220 

efficiency 221 

Green innovation involves environmental externalities, uncertain returns, and long 222 

development cycles, while university�industry projects may face divergent objectives, 223 

information asymmetry, and opportunistic behaviour (De Marchi, 2012; Z. Yang et al., 224 

2021). The extent to which collaboration produces meaningful technological 225 

recombination therefore depends partly on the regional capacity to convert knowledge 226 

and resources into innovation outputs. 227 

Regional green innovation efficiency captures this capacity. It is treated as an 228 

outcome-based indicator of the regional innovation environment rather than a direct 229 

measure of government capability or policy quality. Higher efficiency should help 230 

partners identify complementary expertise, coordinate research, and translate 231 

heterogeneous knowledge into patentable green technologies. Accordingly, the positive 232 

association between collaboration and recombination is expected to strengthen as 233 

regional green innovation efficiency increases. 234 

H3a. Regional green innovation efficiency positively moderates the relationship 235 

between university � industry collaboration and green technology recombination 236 

distance. 237 

H3b. Regional green innovation efficiency positively moderates the relationship 238 

between university � industry collaboration and green technology recombination 239 

diversity. 240 

4 Methodology  241 



 

4.1 Data collection and processing 242 

The empirical analysis uses a balanced panel of 212 Chinese cities from 2003 to 243 

2021, comprising 208 prefecture-level cities and four municipalities directly under the 244 

central government. Hong Kong, Macao, Taiwan, and prefecture-level administrative 245 

units in Tibet are excluded because of incomplete data coverage. Cities with no 246 

recorded green patent applications for six consecutive years or with more than 25% 247 

missing observations for any control variable are also excluded. Limited gaps in the 248 

retained socioeconomic series are filled using linear interpolation. These screening 249 

criteria are necessary because the construction of the recombination indicators requires 250 

sustained and observable green patenting activity, whereas extensive interpolation 251 

would increase measurement uncertainty. The resulting sample therefore represents 252 

cities with relatively active and consistently recorded green innovation systems, and the 253 

findings should not be generalized directly to all Chinese cities. 254 

The sample begins in 2003 because city-level fiscal expenditure on science and 255 

technology becomes consistently available from that year. It ends in 2021 to reduce 256 

right-censoring in the patent data. The analysis retains green invention patents that were 257 

eventually granted but assigns them to their application year, which more closely 258 

approximates the timing of knowledge creation than the grant year (Albino et al., 2014). 259 

Because the examination and authorization of invention patents commonly require 260 

several years, applications filed near the end of the observation period may not yet have 261 

completed the examination process and would consequently be underrepresented if 262 

more recent years were included (Huang et al., 2022). 263 

Patent data are obtained from the IncoPat database. Green patents are identified 264 

using the Cooperative Patent Classification tagging scheme, including Y02B, Y02C, 265 

Y02D, Y02E, Y02P, Y02T, Y02W, and Y04S (Angelucci et al., 2018). Only granted 266 

patents are retained because they have undergone substantive examination and are less 267 

likely than unexamined applications to represent inventions of limited technological 268 



 

value (Messeni Petruzzelli et al., 2011). Patents filed solely by individuals are excluded 269 

because the analysis focuses on organizational innovation and university�industry 270 

collaboration. University�industry collaborative patents are identified when at least 271 

one firm and at least one university or research organization are jointly listed as 272 

applicants. Supplementary Table S1 reports the technological categories included in the 273 

green patent sample. Because several green-technology categories contain relatively 274 

few observations at the city-year level, the baseline analysis pools all categories rather 275 

than estimating category-specific recombination patterns. 276 

Annual city-level CO₂ emissions are obtained from the China Emission Accounts 277 

and Datasets database (CEADs). The CEADs estimates are matched to the city-year 278 

panel and used together with reported city-level GDP to calculate carbon intensity. 279 

Socioeconomic data, including GDP, registered population, average employee income, 280 

fiscal expenditure on science and technology, the number of enterprises above 281 

designated size, and the number of higher-education institutions, are collected from the 282 

China City Statistical Yearbook and the China Regional Economic Statistical Yearbook. 283 

Variables are matched consistently by city and year, and city names and administrative 284 

codes are harmonized across different yearbook editions to account for changes in 285 

administrative naming and statistical reporting. 286 

The complete balanced panel contains 4,028 city-year observations. Because 287 

university� industry collaboration is lagged by two years and the recombination 288 

indicators and control variables are lagged by one year in the empirical models, the 289 

baseline estimation sample contains 3,604 observations covering 212 cities from 2005 290 

to 2021. 291 



 

4.2 Indicator construction and validation 292 

This section defines the variables used to measure carbon intensity, university–293 

industry collaboration, green knowledge recombination, regional green innovation 294 

efficiency, and the relevant controls. 295 

4.2.1 Dependent and independent variables 296 

The dependent variable is carbon intensity, measured as city-level carbon dioxide 297 

emissions divided by regional GDP: 298 

 299 𝐶ܫ௜௧ =
CO2,itܦܩ ௜ܲ௧ (1)

where 𝐶ܫ௜௧ denotes the carbon intensity of city ݅ in year ݐ; CO2,it denotes the total 300 

carbon dioxide emissions of city ݅ in year ݐ; and ܦܩ ௜ܲ௧ denotes the regional GDP of 301 

city ݅ in year ݐ. A lower value of 𝐶ܫ௜௧ indicates that a city generates less carbon 302 

dioxide emissions per unit of economic output, reflecting better low-carbon economic 303 

performance. 304 

The main explanatory variable is the incidence of university–industry collaboration 305 

in green technology. It is measured as the share of green patents jointly owned by 306 

universities or research organizations and firms in the total number of green patents: 307 

UniversityIndustry௜௧ =
𝐶݋GreenPatent௜௧

GreenPatent௜௧  (2)

where ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ௜௧ denotes the incidence of university�industry 308 

collaboration in green innovation in city ݅and year ݐ; 𝐶ݐ݊݁ݐܽܲ݊݁݁ݎܩ݋௜௧ denotes the 309 

number of green patents jointly applied for by firms and universities or research 310 

organizations; and ݐ݊݁ݐܽܲ݊݁݁ݎܩ௜௧ denotes the total number of green patents in the 311 

corresponding city-year. The indicator ranges from zero to one, with a higher value 312 

representing a larger collaborative share of the city’s green patenting activity. 313 



 

For city-years with no green patent applications, ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ௜௧ is 314 

mathematically undefined. In the baseline coding, these observations are assigned a 315 

value of zero to indicate that no patent-based university�industry collaboration is 316 

observable in the corresponding city-year. This operational treatment may not fully 317 

distinguish the absence of green patenting activity from the absence of collaboration 318 

among active green innovators and is therefore acknowledged as a measurement 319 

limitation. To reduce simultaneity concerns and preserve the temporal ordering of the 320 

proposed pathway, ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ is lagged by two years when explaining 321 

subsequent green knowledge recombination. 322 

4.2.2 Mechanism variables  323 

The mechanism variables of this paper are recombination distance and diversity of 324 

regional green technology. Green knowledge recombination is measured through 325 

technology-code combinations observed in green patents. Specifically, for each green 326 

patent, four-digit IPC codes are used to construct unordered IPC-code pairs, and all IPC 327 

pairs observed in city ݅ up to and including year ݐ are used to describe the accumulated 328 

structure of the city’s green knowledge base. The first four-digit IPC codes are used 329 

because four-digit IPC codes are sufficient to describe the key technological features of 330 

patents while avoiding excessive fragmentation at more detailed classification levels 331 

(Jiancheng Guan & Liu, 2015). 332 

Recombination distance is measured using a hierarchical Hamming-distance 333 

approach. The Hamming-distance approach can capture differences between IPC pairs 334 

at different hierarchical levels without relying on subjective semantic interpretation of 335 

technology categories, thereby reducing measurement subjectivity (Caviggioli, 2016). 336 

For a given IPC pair ݌, the distance score ݀௣ is determined by the highest IPC hierarchy 337 

at which the two codes differ. Differences at the section level indicate the greatest 338 



 

technological distance, followed by differences at the class level and then at the subclass 339 

level. The distance score is defined as follows: 340 ݀ₚ = ,ܿ݁ݏܫܿ݁ݏݓ ݌ + ,ݏݏ݈ܽܿܫݏݏ݈ܽܿݓ ݌ + ,ܾݑݏܫܾݑݏݓ  ݌
(3)

where ܫ௦௘௖,௣ = 1if the two IPC codes in pair ݌differ at the section level and 0 341 

otherwise; ܫ௖௟௔௦௦,௣ = 1if they share the same section but differ at the class level and 0 342 

otherwise; and ܫ௦௨௕,௣ = 1if they share the same section and class but differ at the 343 

subclass level and 0 otherwise. ݓ௦௘௖, ݓ௖௟௔௦௦, and ݓ௦௨௕denote the weights assigned to 344 

section-, class-, and subclass-level differences, respectively. In the baseline 345 

specification, they are set to 9, 4, and 1. 346 

The recombination distance of city ݅ in year ݐ is then calculated as the average 347 

distance of all accumulated four-digit IPC pairs: 348 

௜௧݁ܿ݊ܽݐݏ݅ܦ =
1௜ܲ௧ ∑ ݀௣௉೔೟

௣=1  (4)

where ݁ܿ݊ܽݐݏ݅ܦ௜௧  denotes the average recombination distance of green 349 

technology in city ݅  up to and including year ݐ; ௜ܲ௧  denotes the total number of 350 

accumulated four-digit IPC pairs in city ݅  up to and including year ݐ ; and ݀௣ 351 

denotes the hierarchical distance score of IPC pair ݌. In the baseline specification, 352 ݓsec, ݓclass, and ݓsub are set to 9, 4, and 1, respectively. This weighting structure 353 

reflects the hierarchical nature of the IPC system: a section-level difference 354 

represents a broader technological boundary than a class-level or subclass-level 355 

difference. The 9�4�1 setting therefore gives greater weight to more distant 356 

cross-section recombination while still allowing within-section technological 357 

differences to contribute to the distance measure. 358 

Because the numerical weighting scheme may affect the distance measure, 359 

the baseline 9�4�1 specification is compared with a 3�2�1 alternative. The latter 360 

reduces the relative gap between section-, class-, and subclass-level differences. 361 



 

Re-estimating the models with this alternative indicator assesses whether the 362 

findings depend on the baseline weighting choice. 363 

Recombination diversity is measured using the Simpson diversity index. This 364 

index captures not only the richness of technological combinations but also the 365 

balance of their distribution across different IPC-pair types (Leydesdorff, 2015). 366 

It is defined as follows: 367 

௜௧ݕݐ݅ݏݎ݁ݒ݅ܦ = 1 −∑ (݊௥௜௧௜ܲ௧ )2ோ೔೟
௥=1  (5)

where ݕݐ݅ݏݎ݁ݒ݅ܦ௜௧ denotes the recombination diversity of green technology in city 368 ݅ up to and including year ݐ; ܴ௜௧  denotes the number of distinct IPC-pair types; ݊௥௜௧ 369 

denotes the number of occurrences of IPC-pair type ݎ; and ௜ܲ௧ denotes the total number 370 

of accumulated IPC pairs. A higher value of ݕݐ݅ݏݎ݁ݒ݅ܦ௜௧ indicates that the city’s green 371 

knowledge base combines a broader and more balanced set of technological fields. 372 

To validate the diversity indicator, this study also uses the Margalef diversity index 373 

as an alternative measure in robustness tests. While the Simpson index reflects both 374 

richness and balance, the Margalef index places greater emphasis on the number of 375 

distinct recombination types. Consistent results across these two measures would 376 

indicate that the estimated relationship is not dependent on a single diversity formula. 377 

4.2.3 Regional green innovation efficiency 378 

The conditioning variable, regional green innovation efficiency, is estimated using 379 

a variable-returns-to-scale super-SBM model (Li et al., 2022). It captures the observed 380 

efficiency with which regional inputs are transformed into green innovation outputs and 381 

is not interpreted as a direct measure of government capability, institutional quality, or 382 

policy effectiveness. The variable is defined as follows: 383 ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ௜௧ = ௜௧ௌ஻ெߩ = ,௜௧ܺ)ܯܤܵݎ݁݌ݑܵ ௜ܻ௧) (6)



 

where ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ௜௧ denotes the regional green innovation 384 

efficiency of city ݅ in year ߩ ;ݐ௜௧ௌ஻ெ denotes the corresponding super-SBM efficiency 385 

score; ܺ௜௧denotes the vector of green innovation inputs; and ௜ܻ௧denotes the vector of 386 

green innovation outputs. The input set represents the regional industrial application 387 

base, knowledge-production capacity, public R&D support, and economic resource 388 

base, while the outputs capture overall and university–industry collaborative green 389 

innovation. 390 

The super-SBM model is estimated under variable returns to scale. No undesirable 391 

outputs are included, and efficiency scores above one indicate that an efficient decision-392 

making unit remains super-efficient relative to the reference frontier formed by the 393 

remaining units. 394 

The selection of inputs follows endogenous growth theory, which emphasizes the 395 

role of innovation actors, knowledge institutions, and capital input in technological 396 

progress (Romer, 1987). Enterprises above designated size capture the industrial 397 

application base of green innovation; institutions of higher education capture the local 398 

knowledge-production base; fiscal-scientific expenditures capture public R&D support; 399 

and regional GDP captures the overall economic resource base. The outputs are selected 400 

to reflect both general green innovation output and university–industry collaborative 401 

green innovation output. The specific input and output indicators used to measure 402 

regional green innovation efficiency are summarized in Table 1. 403 

Table 1. Inputs and outputs used to measure regional green innovation efficiency 404 

Inputs/ outputs Variables 

Inputs Enterprises above Designated Size 

Institutions of higher education 

Fiscal-scientific expenditures 

Regional GDP 

Outputs Number of green patents 

Number of collaboration green patent 



 

4.2.4 Control variables  405 

The control variables are selected based on the STIRPAT framework, which 406 

explains human impacts on the environment through three dimensions: population, 407 

affluence, and technology. This framework is suitable for modelling carbon intensity 408 

because carbon emissions per unit of output are closely related to demographic scale, 409 

economic conditions, and technological capability. 410 

For the technology dimension, the baseline models control for both the total 411 

number of green patents and the number of university�industry collaborative green 412 

patents. ݐ݊݁ݐܽܲ݊݁݁ݎܩcaptures the overall scale of regional green innovation, whereas 413 𝐶ݐ݊݁ݐܽܲ݊݁݁ݎܩ݋captures the absolute scale of collaborative green patenting. Their 414 

simultaneous inclusion allows ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒto represent the relative incidence 415 

of collaboration after accounting for differences in both total and collaborative patent 416 

output. Because 𝐶ݐ݊݁ݐܽܲ݊݁݁ݎܩ݋ also constitutes the numerator of 417 ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ , the collaboration coefficient should be interpreted as a 418 

conditional association rather than as an unrestricted measure of the total contribution 419 

of collaborative patenting. Fiscal expenditure on science and technology is included in 420 

the recombination equation because public R&D resources may influence the formation 421 

of regional green knowledge recombination (JianCheng Guan & Yam, 2015). As 422 

explained in Section 4.3, ܦܴ݈ܽܿݏ݅ܨis used as a first-stage variable under the maintained 423 

exclusion restriction rather than as a general control in the baseline carbon-intensity 424 

equation. 425 

For the affluence dimension, this study includes average employee income and the 426 

2003-based producer price index. Average employee income reflects local income and 427 

development conditions (Dong & Zhao, 2017), while the producer price index captures 428 

price-level changes that may affect industrial production and carbon-intensity 429 

performance (Y. He & Lin, 2018). For the population dimension, registered population 430 



 

is included to control for the effect of city size and demographic pressure on carbon 431 

intensity (Martínez-Zarzoso et al., 2007). 432 

All control variables are lagged by one year in the empirical models to reduce 433 

simultaneity concerns and to allow time for socioeconomic and technological factors to 434 

affect carbon-intensity outcomes. Table 2 summarizes the variables used in this study. 435 

Table 2. Variables 436 

Variable 

types 
Name Meaning 

Depende

nt 

variable 

CI Carbon intensity of GDP 

Indepen

dent 

variable 

UniversityIndustr

y 

Incidence rate of university–industry collaboration 

in green technology 

Mechani

sm 

variable 

Distance  
Average recombination distance of four-digit IPC 

pairs 

Diversity Diversity of four-digit IPC-pair combinations 

Conditio

ning 

variable 

GreenInnovation

Efficiency 
Regional green innovation input–output efficiency 

Control 

variable 

GreenPatent Number of green patents 

Income Average employee income 

PPI Producer price index, with 2003 as the base year 

Pop Registered population 

CoGreenPatent Number of collaboration green patent 

First-

stage 

variable 

FiscalRD 
Fiscal-scientific expenditures, used in the first-

stage recombination equation 



 

4.3 Baseline simultaneous-equation models 437 

Equations (7)–(10) specify the proposed collaboration–recombination–carbon-438 

intensity pathway. Equations (7) and (8) form the recombination-distance system, while 439 

Equations (9) and (10) form the recombination-diversity system. Because 440 

recombination distance and diversity are modelled both as outcomes of university–441 

industry collaboration and as explanatory variables for carbon intensity, the linked 442 

equations are estimated jointly using three-stage least squares (3SLS). This approach 443 

accounts for correlations among the disturbances across equations and may improve 444 

estimation efficiency relative to estimating each equation separately (Wang et al., 2022; 445 

Zellner & Theil, 1992; Y.-J. Zhang & Du, 2025).  446 𝐶ܫ௜௧ = 0ߙ + ௜,௧−1݁ܿ݊ܽݐݏ݅ܦ1ߙ + 2ܺ௜,௧−1ߙ + ௜ߤ + ௧ߣ +  ௜௧ߝ
௜,௧−1݁ܿ݊ܽݐݏ݅ܦ(7) = 0ߚ + ௜,௧−2ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ1ܷ݊݅ߚ + ௜,௧−2ܦܴ݈ܽܿݏ݅ܨ2ߚ

+ 3ܺ௜,௧−2ߚ + ௜ߤ + ௧ߣ +  ௜௧ߥ
(8)𝐶ܫ௜௧ = 0ߠ + ௜,௧−1ݕݐ݅ݏݎ݁ݒ݅ܦ1ߠ + 2ܺ௜,௧−1ߠ + ௜ߤ + ௧ߣ + ௜,௧−1ݕݐ݅ݏݎ݁ݒ݅ܦ௜௧ (9)ߝ = 0ߜ + ௜,௧−2ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ1ܷ݊݅ߜ + ௜,௧−2ܦܴ݈ܽܿݏ݅ܨ2ߜ

+ 3ܺ௜,௧−2ߜ + ௜ߤ + ௧ߣ + ߱௜௧ (10)

where 𝐶ܫ௜௧  denotes the carbon intensity of city ݅  in year ݐ ௜,௧−1݁ܿ݊ܽݐݏ݅ܦ ;  and 447 ݕݐ݅ݏݎ݁ݒ݅ܦ௜,௧−1 denote the one-year-lagged recombination distance and recombination 448 

diversity of the city’s green knowledge base; ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ௜,௧−2 denotes the 449 

two-year-lagged incidence rate of university–industry collaboration in green 450 

technology; ܦܴ݈ܽܿݏ݅ܨ௜,௧−2 denotes fiscal-scientific expenditures used in the first-stage 451 

recombination equation; ܺ  denotes the vector of control variables;  ߤ௜  denotes city 452 

fixed effects;  ߣ௧ denotes year fixed effects; and ߝ௜௧, ߥ௜௧, and ߱௜௧ are error terms. 453 

  The lag structure reflects the temporal ordering of the proposed pathway. 454 

University�industry collaboration is measured two years before the carbon-intensity 455 

outcome because collaboration is expected to precede the formation and subsequent 456 



 

application of recombined green knowledge. Recombination distance and diversity 457 

are measured one year before carbon intensity to allow time for technological 458 

combinations to influence production processes, energy use, and environmental 459 

performance. The control variables are lagged correspondingly to reduce simultaneity 460 

concerns. 461 

Identification of the carbon-intensity equations relies on excluding 462 ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ and ܦܴ݈ܽܿݏ݅ܨ from the baseline outcome equations. The 463 

maintained assumption is that, conditional on green patenting activity, socioeconomic 464 

controls, city fixed effects, and year fixed effects, these variables are associated with 465 

subsequent carbon intensity primarily through the structure of green knowledge 466 

recombination. This restriction may be contestable because university�industry 467 

collaboration and public science expenditure could also affect carbon intensity 468 

through direct technology-transfer, investment, or implementation channels. 469 

The exclusion restrictions are therefore examined using two augmented 470 

specifications. The first adds lagged ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ directly to the carbon-471 

intensity equation, leaving ܦܴ݈ܽܿݏ݅ܨ as the excluded instrument for the 472 

recombination variable. The second adds ܦܴ݈ܽܿݏ݅ܨ directly to the carbon-intensity 473 

equation, leaving ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ as the excluded instrument. The two variables 474 

are not included jointly because doing so would leave no excluded instrument for the 475 

recombination variable under the baseline instrument set. These specifications are 476 

interpreted as sensitivity analyses rather than equally strong alternative identification 477 

strategies, because the strength of the remaining instrument varies across models. 478 

The 3SLS framework does not by itself establish causal mediation. The estimated 479 

coefficients are therefore interpreted as conditional associations within a temporally 480 

ordered system rather than as definitive causal indirect effects. 481 



 

4.4 Conditioning role of regional green innovation efficiency 482 

To test H3, this study introduces mean-centered interaction terms between 483 

university�industry collaboration and regional green innovation efficiency into the 484 

simultaneous-equation models. The conditioning effect is specified on the relationship 485 

between university�industry collaboration and green knowledge recombination 486 

because the theoretical framework assumes that a more efficient regional innovation 487 

system facilitates the conversion of collaborative knowledge into more distant and 488 

more diverse technological combinations. 489 

 are mean-centered 490ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ andݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒܷ݅݊

before constructing their interaction term to reduce multicollinearity and facilitate the 491 

interpretation of the component coefficients. Equations (11) and (12) examine the 492 

conditioning effect on recombination distance, while Equations (13) and (14) examine 493 

the corresponding effect on recombination diversity. 494 

𝐶ܫ௜௧ = 0ߙ + ௜,௧−1݁ܿ݊ܽݐݏ݅ܦ1ߙ + 2ܺ௜,௧−1ߙ + ௜ߤ + ௧ߣ +  ௜௧ߝ
௜,௧−1݁ܿ݊ܽݐݏ݅ܦ(11) = 0ߚ + ௜,௧−2ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ1ܷ݊݅ߚ

+ +௜,௧−2ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ2ߚ ×௜,௧−2ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒܷ݅݊)3ߚ (௜,௧−2ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ + ௜,௧−2ܦܴ݈ܽܿݏ݅ܨ4ߚ
+ 5ߚ ௜ܺ,௧−2 + ௜ߤ + ௧ߣ +  ௜௧ߥ

(12)

𝐶ܫ௜௧ = 0ߠ + ௜,௧−1ݕݐ݅ݏݎ݁ݒ݅ܦ1ߠ + 2ܺ௜,௧−1ߠ + ௜ߤ + ௧ߣ + ௜,௧−1ݕݐ݅ݏݎ݁ݒ݅ܦ௜௧ (13)ߝ = 0ߜ + ௜,௧−2ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ1ܷ݊݅ߜ
+ +௜,௧−2ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ2ߜ ×௜,௧−2ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒܷ݅݊)3ߜ (௜,௧−2ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ + ௜,௧−2ܦܴ݈ܽܿݏ݅ܨ4ߜ
+ 5ܺ௜,௧−2ߜ + ௜ߤ + ௧ߣ + ߱௜௧ 

(14)



 

where ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ௜,௧−2  denotes the two-year-lagged local 495 

policy and resource environment proxy, measured by green innovation input�output 496 

efficiency; ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ௜,௧−2 × ௜,௧−2ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ  denotes 497 

the interaction term between university�industry collaboration and the local policy 498 

and resource environment proxy. Other variables are defined as in Section 4.3. 499 

A significantly positive interaction coefficient indicates that regional green 500 

innovation efficiency strengthens the positive association between university�industry 501 

collaboration and green knowledge recombination. In other words, collaboration is 502 

more strongly associated with recombination distance or diversity where regional 503 

innovation inputs are more efficiently transformed into green innovation outputs. 504 

4.5 Robustness and sensitivity analyses 505 

4.5.1 Alternative estimators and indicator construction 506 

To assess the sensitivity of the baseline findings, the simultaneous-equation models 507 

are re-estimated using robust two-stage least squares and two-stage generalized 508 

method of moments. Alternative recombination measures are also considered: the 509 

baseline 9–4–1 IPC weighting for Distance is replaced by a less differentiated 3–2–1 510 

scheme, while the Simpson index for Diversity is replaced by the Margalef index. In 511 

addition, five-year rolling-window indicators are constructed to reduce potential 512 

dependence on cumulative patent stocks. The corresponding estimates are reported in 513 

Supplementary Tables S2–S4.514 

 516 



 

4.5.2 Cross-sectional dependence and dynamic persistence 517 

Cross-sectional dependence is assessed using Pesaran’s CD test, and covariance 518 

sensitivity is examined using Driscoll–Kraay and city-clustered standard errors. To 519 

assess temporal persistence, the carbon-intensity equation is augmented with lagged 520 

carbon intensity and estimated using dynamic fixed-effects, instrumental-variable, and 521 

two-step system GMM specifications. The latter use collapsed instrument sets and are 522 

evaluated using Hansen and Arellano–Bond diagnostic tests. Results are reported in 523 

Supplementary Tables S5 and S6.524 

 525 

4.5.3 Robustness of the conditioning effect 526 

The conditioning analysis is repeated using two alternative measures of regional 527 

green innovation efficiency: one excludes regional GDP from the input set, and the 528 

other excludes collaborative green patents from the output set. These specifications 529 

reduce potential mechanical overlap with variables used elsewhere in the models. 530 

Results are reported in Supplementary Table S7. 531 

4.6 Heterogeneity by initial carbon-intensity conditions 532 

The heterogeneity analysis examines whether the recombination�carbon-intensity 533 

relationship varies according to cities’ initial carbon-intensity conditions. Cities are 534 

classified using their average carbon intensity during the initial period of 2003�2005. 535 

A city is defined as high-carbon-intensity if its initial-period average exceeds the 536 

corresponding sample mean; otherwise, it is classified as low-carbon-intensity. This 537 

predetermined classification avoids assigning cities on the basis of carbon-intensity 538 

outcomes observed later in the sample period. 539 



 

To assess sensitivity to the cutoff, the analysis is repeated using the median of 540 

initial-period carbon intensity. Group-specific slopes are estimated within a common 541 

interaction framework, and Wald tests are used to determine whether the relevant 542 

coefficients differ statistically between the two groups. The city classification is 543 

predetermined and remains fixed throughout the estimation period. 544 

5 Results 545 

5.1 Descriptive Statistics 546 

Figure 2 shows a general decline in urban carbon intensity between 2003 and 547 

2021, accompanied by persistent spatial variation. Relatively high values are observed 548 

in parts of northern and western China, whereas lower values are more common in 549 

several eastern and southeastern cities. These descriptive patterns motivate the 550 

subsequent econometric analysis but do not by themselves identify their underlying 551 

industrial, economic, or technological causes. 552 

Table 3 reports descriptive statistics for the complete balanced panel before the 553 

lag structure is applied; the baseline regressions use 3,604 city-year observations. The 554 

mean value of carbon intensity is 2.495, with a standard deviation of 2.460, indicating 555 

substantial variation in carbon-emission performance across cities and years. The 556 

mean value of ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ is 0.028, suggesting that university�industry 557 

collaborative green patents account for a relatively small share of total green patenting 558 

activity on average. Its maximum value of 1.000 indicates that, in some city-years, all 559 

recorded green patents involved university�industry collaboration. The mean values 560 

of recombination distance and diversity are 4.947 and 0.759, respectively, revealing 561 

considerable heterogeneity in both the technological distance and the breadth of green 562 

knowledge recombination across Chinese cities. 563 



 

Green patenting activity is also highly uneven across the sample. The average 564 

number of green patents is 135.995, whereas the standard deviation is 606.613 and the 565 

maximum reaches 16,134. The corresponding number of collaborative green patents 566 

displays a similarly skewed distribution. These patterns indicate substantial cross-city 567 

heterogeneity in the scale and collaborative structure of regional green innovation and 568 

motivate the inclusion of city and year fixed effects in the subsequent empirical 569 

analysis.  570 



 

 571 

Fig. 2 Spatial distribution of urban carbon intensity in 2003, 2012, and 2021 572 

Table 3 Descriptive statistics 573 

Variable Obs Mean 
Std. 

Dev. 
Min Max 



 

CI 4028 2.495 2.460 0.045 26.023 

UniversityIndustry 4028 0.028 0.084 0.000 1.000 

Distance 4028 4.947 2.314 0.000 9.000 

Diversity 4028 0.759 0.371 0.000 0.998 

GreenInnovationEfficiency 4028 0.757 0.149 0.201 1.134 

FiscalRD 4028 10.247 35.527 0.000 554.982 

GreenPatent 4028135.995606.613 0.000 16134.000

CogreenPatent 4028 4.672 26.342 0.000 682.000 

Income 4028 4.507 2.704 0.633 20.150 

PPI 4028129.569 20.851 89.520 236.136 

Pop 4028487.951330.56341.600 3416.000 

5.2 Specification tests 574 

Table 4 reports the identification and endogeneity diagnostics for the baseline 575 

simultaneous-equation models. The Kleibergen–Paap LM statistics reject 576 

underidentification in both systems. The Anderson–Rubin, Kleibergen K, and 577 

conditional likelihood ratio tests provide weak-instrument-robust inference for the 578 

endogenous recombination coefficients under the maintained instrument set. However, 579 

the first-stage partial F statistic is 7.17 for the Distance specification and 14.95 for the 580 

Diversity specification. Instrument strength is therefore more satisfactory for Diversity, 581 

whereas the Distance specification remains potentially vulnerable to weak-instrument 582 

bias. 583 

Taken together, the diagnostics support the relevance of the selected instruments, 584 

particularly in the Diversity specification, but they do not establish the substantive 585 

validity of the exclusion restrictions. The Distance estimates are interpreted with 586 

additional caution because their first-stage statistic is below the conventional reference 587 

value of 10. 588 

Table 4 Specification tests 589 

 Distance as  Diversity as  



 

mechanism variable mechanism variable 

Under-identification test   

Kleibergen-Paap LM 23.054*** 20.747*** 

Weak-identification-robust test   

Anderson-Rubin 13.27*** 13.27*** 

Kleibergen K 4.34** 6.44** 

Moreira CLR 8.42*** 10.36*** 

Over-identification test   

Sargan 1.759 0.742 

Hansen J 1.562 0.703 

Durbin-Wu-Hausman test   

Durbin 7.091*** 8.233*** 

Wu-Hausman 6.642** 7.714*** 

First-stage partial F  7.17 14.95 

Note: ***, ** and * indicates significance at the 1%, 5%, 10% level. The same applies hereafter. 590 

5.3 Baseline effects of university–industry collaboration 591 

Table 5 presents the baseline 3SLS estimates for the proposed collaboration�592 

recombination�carbon-intensity pathway. The upper panel reports the associations 593 

between university�industry collaboration and the two dimensions of green 594 

knowledge recombination, corresponding to H1a and H2a, while the lower panel 595 

reports the associations between recombination structure and subsequent carbon 596 

intensity, corresponding to H1b and H2b. 597 

݌ ,0.484)݁ܿ݊ܽݐݏ݅ܦ is positively associated with ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒܷ݅݊ < 0.10) 598 

and ݌ ,0.064) ݕݐ݅ݏݎ݁ݒ݅ܦ < 0.10). Because ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒranges from zero to 599 

one, a one-percentage-point increase in the collaboration incidence rate corresponds to 600 

increases of 0.00484 in recombination distance and 0.00064 in recombination 601 

diversity, respectively. These estimates provide modest, rather than strong, support for 602 

H1a and H2a. 603 



 

݌ ,0.373−) ݁ܿ݊ܽݐݏ݅ܦ < 0.05) and ݌ ,2.373−) ݕݐ݅ݏݎ݁ݒ݅ܦ < 0.01) are both 604 

negatively associated with subsequent carbon intensity. These findings support H1b 605 

and H2b and suggest that the structure of green knowledge recombination contains 606 

explanatory information beyond the volume of green innovation alone. Taken 607 

together, the estimates are consistent with the proposed empirical sequence, but they 608 

do not constitute a formal test of causal mediation.   609 

Table 5 Baseline models testing H1a–H2b  610 

 (1) (2) 

 3SLS 3SLS 

Dependent variables: recombination 

equation 
Distance Diversity 

UniversityIndustry 0.484* 0.064* 

 (1.72) (1.87) 

cons 1.657** 0.122 

 (2.36) (1.46) 

Dependent variables: carbon-intensity 

equation 
CI CI 

Distance -0.373**  

 (-2.33)  

Diversity  -2.373*** 

  (-2.77) 

cons 6.722*** 6.394*** 

 (13.34) (15.65) 

Controls Yes Yes 

Year fixed effects Yes Yes 

City fixed effects Yes Yes 

R² 0.7968 0.8266 

N 3604 3604 



 

5.4 Conditioning role of regional green innovation efficiency 611 

Table 6 reports the baseline estimates for the conditioning role of regional green 612 

innovation efficiency. The interaction coefficients are positive for both recombination 613 

dimensions, but the evidence is stronger for ݁ܿ݊ܽݐݏ݅ܦ ݌ ,10.043)  < 0.01) than for 614 ݌ ,0.755) ݕݐ݅ݏݎ݁ݒ݅ܦ < 0.10). The results therefore provide strong support for H3a and 615 

limited support for H3b. Because ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ and 616 ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ  are mean-centred before constructing the interaction 617 

term, the coefficient of ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ represents its association with 618 

recombination when ݕ݂݂ܿ݊݁݅ܿ݅ܧ݊݋݅ݐܽݒ݋݊݊ܫ݊݁݁ݎܩ is at its sample mean. The 619 

insignificant main effect of ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ does not imply an absence of 620 

association at other efficiency levels. Section 5.5.4 examines the sensitivity of these 621 

interaction effects to alternative measures of regional green innovation efficiency. 622 

Table 6 Conditioning role of regional green innovation efficiency 623 

 (3) (4) 

 3SLS 3SLS 

Dependent variables: recombination equation Distance Diversity 

UniversityIndustry -0.541 -0.028 

 (-1.21) (-0.53) 

Universityindustry*GreenInnovationEfficiency 10.043*** 0.755* 

 (2.79) (1.76) 

GreenInnovationEfficiency 6.484*** 0.804*** 

 (8.10) (8.43) 

cons -4.812*** -0.681*** 

 (-4.54) (-5.38) 

Dependent variables: carbon-intensity 

equation 
CI CI 

Distance -0.183***  

 (-3.28)  

Diversity  -1.586*** 



 

  (-3.68) 

cons 6.406*** 6.297*** 

 (16.92) (16.91) 

Controls Yes Yes 

Year fixed effects Yes Yes 

City fixed effects Yes Yes 

R² 0.8500 0.8488 

N 3604 3604 

5.5 Robustness and sensitivity analyses 624 

This section evaluates the sensitivity of the baseline findings to alternative 625 

estimators and indicators, cross-sectional dependence, dynamic persistence, alternative 626 

efficiency measures, and the maintained exclusion restrictions. 627 

5.5.1 Alternative estimators and indicator construction 628 

Supplementary Tables S2–S4 show that the principal coefficient patterns are 629 

retained under alternative estimators, IPC weighting schemes, diversity measures, and 630 

five-year rolling-window indicators. UniversityIndustry remains positively associated 631 

with recombination, while Distance and Diversity remain negatively associated with 632 

subsequent carbon intensity. The rolling-window results also reduce concern that the 633 

baseline findings are driven solely by the cumulative construction of the recombination 634 

indicators, although instrument strength remains weaker for Distance. 635 

5.5.2 Cross-sectional dependence and covariance sensitivity 636 

Supplementary Table S5 shows evidence of cross-sectional dependence in the 637 

Distance-based carbon-intensity equation but not in the Diversity-based equation. The 638 

recombination coefficients remain negative under alternative covariance estimators, 639 



 

although their statistical significance varies. The baseline relationships should therefore 640 

be interpreted cautiously with respect to statistical precision. 641 

5.5.3 Dynamic persistence 642 

Supplementary Table S6 shows that carbon intensity is highly persistent. Once this 643 

persistence is included, the Distance and Diversity coefficients become insignificant in 644 

the dynamic fixed-effects and instrumental-variable models. System GMM estimates 645 

either fail the AR(2) diagnostic or become unstable under deeper lag restrictions. These 646 

results do not confirm an immediate causal effect and support interpreting the baseline 647 

estimates as medium-term associations. 648 

5.5.4 Robustness of the conditioning effect 649 

Supplementary Table S7 shows that the positive conditioning effect of regional 650 

green innovation efficiency on recombination distance remains robust across alternative 651 

efficiency measures. By contrast, the corresponding interaction for diversity is less 652 

stable. The results therefore provide stronger support for H3a than for H3b. 653 

5.5.5 Sensitivity of the exclusion restrictions 654 

Supplementary Table S8 shows that the negative recombination coefficients 655 

remain significant when UniversityIndustry is allowed to enter the carbon-intensity 656 

equation directly. They become insignificant when FiscalRD is included directly, but 657 

the remaining instruments are weak. The baseline interpretation therefore remains 658 

sensitive to the exclusion restriction imposed on FiscalRD. 659 



 

5.6 Heterogeneity by initial carbon intensity 660 

Supplementary Table S9 reports the heterogeneity estimates based on cities’ 661 

average carbon intensity during the initial period of 2003–2005. The mean of initial-662 

period carbon intensity is used as the baseline cutoff, while the corresponding median 663 

provides an alternative classification. The interaction-based specification estimates the 664 

high- and low-initial-carbon slopes within a common model and uses Wald tests to 665 

evaluate whether the coefficients differ statistically across the two groups. 666 

Panel A reports the relationship between university�industry collaboration and 667 

green knowledge recombination. The group-specific coefficients should be interpreted 668 

together with the formal equality tests rather than on the basis of within-group 669 

significance alone. The results indicate that the principal heterogeneity does not arise 670 

in the initial collaboration � recombination relationship, because the high� low 671 

coefficient differences are not statistically significant under either cutoff. 672 

Panel B reports the relationship between green knowledge recombination and 673 

subsequent carbon intensity. Under both mean- and median-based initial-period 674 

classifications, the coefficients of Distance and Diversity are more negative among 675 

cities with high initial carbon intensity, and the Wald tests reject equality of the high- 676 

and low-initial-carbon coefficients. The consistency of this pattern across the two 677 

predetermined cutoffs reduces concern that the finding is driven by an arbitrary 678 

classification threshold. The heterogeneity evidence therefore indicates that the 679 

principal difference lies in the recombination�carbon-intensity relationship rather than 680 

in the collaboration�recombination relationship. 681 

6 Discussion and policy implications 682 

The analyses yield three main patterns. University–industry collaboration is 683 

modestly associated with greater recombination distance and diversity, and both 684 



 

dimensions are negatively associated with subsequent carbon intensity in the baseline 685 

and conventional robustness models. Regional green innovation efficiency robustly 686 

conditions the collaboration–distance relationship, whereas the diversity interaction is 687 

weaker. These associations are stronger in cities with high initial carbon intensity, but 688 

the dynamic and covariance-sensitivity results limit causal interpretation. 689 

6.1 Theoretical implications 690 

The first implication concerns the relationship between regional technological 691 

evolution and environmental performance. Evolutionary economic geography 692 

emphasizes path dependence, inherited knowledge bases, and the creation of new 693 

technological trajectories, whereas environmental economic geography focuses on the 694 

spatial differentiation of environmental outcomes and transition processes (Bridge, 695 

2008; Patchell & Hayter, 2013). The present findings connect these perspectives by 696 

showing that urban carbon intensity is associated not only with the scale of green 697 

innovation, but also with the structure through which technological knowledge is 698 

combined. Green knowledge recombination therefore provides a concrete analytical 699 

link between changes in regional technological capabilities and differences in 700 

environmental performance (Lin et al., 2023; Sovacool et al., 2024). 701 

The results also refine the interpretation of university�industry collaboration 702 

within regional innovation systems. Previous research has emphasized both its benefits 703 

and its organizational costs. Collaboration can broaden access to scientific knowledge, 704 

accelerate technological application, and support knowledge transfer, but it can also 705 

create divergent objectives, coordination difficulties, and unequal control over 706 

resources (Cooke, 2010; Hou et al., 2019; Xu et al., 2023). The present analysis suggests 707 

that collaboration should not be evaluated only by the number of patents or projects it 708 

produces. One of its potential contributions lies in changing the technological 709 

composition of the regional knowledge base. Universities and research organizations 710 



 

may broaden firms’ search beyond established production routines, while firms provide 711 

the application settings through which scientific knowledge can be converted into 712 

technologically relevant combinations. The marginal significance of the baseline first-713 

stage coefficients, however, indicates that this relationship is not uniformly strong 714 

across cities. 715 

Recombination distance and diversity capture different aspects of this structural 716 

transformation. The negative coefficient of recombination distance is consistent with 717 

the argument that knowledge drawn from technologically separated fields can support 718 

departures from established high-carbon paths. Such recombination may connect 719 

existing industrial capabilities with new approaches to energy use, production processes, 720 

materials, or environmental management. Recombination diversity, by contrast, reflects 721 

the breadth and distribution of technological combinations and may facilitate the 722 

integration of complementary low-carbon solutions. This extends existing research 723 

linking green innovation to energy efficiency and cleaner production by showing that 724 

the internal organization of the knowledge base may also matter (Haider & Mishra, 725 

2021; Khan et al., 2022; Lin et al., 2023; T. Yang et al., 2023). 726 

These relationships should not be interpreted as implying that greater distance or 727 

diversity is always beneficial. Technologically distant knowledge can be difficult to 728 

absorb and translate into production, while a highly diverse knowledge base may 729 

increase search and coordination costs. The supplementary nonlinearity tests 730 

(Supplementary Table S10) do not identify a robust nonlinear relationship between 731 

either recombination dimension and carbon intensity, but this absence of statistical 732 

nonlinearity does not imply that integration costs are irrelevant. Rather, the estimated 733 

coefficients describe average relationships within the observed sample. The practical 734 

value of recombination is likely to depend on regional absorptive capacity, engineering 735 

capability, and the ability to coordinate heterogeneous actors. 736 

Regional green innovation efficiency robustly strengthens the collaboration–737 

distance relationship, suggesting that efficient regional innovation systems help actors 738 



 

search across, translate, and integrate distant technological fields (Sovacool et al., 2024; 739 

Zhao et al., 2024). The weaker and less consistent interaction for recombination 740 

diversity indicates that the breadth and balance of technological combinations may 741 

depend on additional organizational or sectoral conditions not fully captured by an 742 

aggregate input–output efficiency measure. Because the efficiency measure reflects the 743 

joint performance of firms, universities, public resources, markets, and the wider 744 

economic base, it should be interpreted as an outcome-based regional condition rather 745 

than as a direct measure of government capability or an independent government effect. 746 

6.2 Heterogeneity and boundary conditions 747 

The heterogeneity analysis indicates that initial carbon intensity conditions the 748 

downstream recombination–carbon-intensity relationship rather than the upstream 749 

collaboration–recombination relationship. This pattern is stable across mean- and 750 

median-based initial-period cutoffs. 751 

A plausible explanation is that cities with high initial carbon intensity have greater 752 

scope for applying new technological combinations to energy-intensive production 753 

systems and industrial upgrading. Cities with lower initial carbon intensity may already 754 

have relatively cleaner production systems or more mature low-carbon technologies, 755 

leaving less room for additional reductions through technological recombination alone 756 

(Ke et al., 2023; Xing et al., 2024). 757 

The dynamic estimates provide an additional boundary condition. Carbon intensity 758 

displays strong temporal persistence, and the recombination coefficients become 759 

statistically insignificant when lagged carbon intensity is introduced into dynamic 760 

fixed-effects and instrumental-variable models. The system GMM estimates either fail 761 

the second-order serial-correlation diagnostic or produce unstable coefficients under 762 

deeper lag restrictions. The baseline findings should therefore be understood as 763 

medium-term associations consistent with the proposed regional innovation pathway, 764 



 

rather than as definitive evidence of an immediate causal effect. Persistent industrial 765 

structure, energy systems, and accumulated capital stock may dominate short-run 766 

changes in urban carbon intensity (Herman et al., 2025; Sovacool et al., 2024). 767 

The exclusion-restriction tests provide a further boundary condition. The 768 

recombination coefficients remain negative and significant when a direct 769 

UniversityIndustry pathway is introduced, but become insignificant when FiscalRD is 770 

allowed to enter the carbon-intensity equation directly. Because the latter specifications 771 

rely on weak remaining instruments, they cannot be treated as decisive evidence against 772 

the baseline estimates. Nevertheless, they show that the interpretation of the 773 

recombination pathway remains dependent on the maintained exclusion restriction for 774 

fiscal R&D expenditure. 775 

The covariance-sensitivity analysis leads to a similar qualification. The 776 

recombination coefficients remain negative under both Driscoll�Kraay and city-777 

clustered inference, but statistical significance varies across covariance estimators. In 778 

addition, the supplementary analyses (Supplementary Table S11) reveal no systematic 779 

differences in the recombination–carbon-intensity relationship across broad 780 

geographical regions or administrative categories. Taken together, these results suggest 781 

that carbon-intensity level is a more informative boundary condition in the present 782 

sample than regional location or administrative status, although stronger identification 783 

strategies are needed before drawing firm causal conclusions. 784 

6.3 Policy implications 785 

First, university�industry policy should focus on the technological content and 786 

application relevance of collaboration rather than on the number of partnerships or 787 

patents alone. Collaborative programmes can be organized around clearly identified 788 

regional decarbonization problems, with universities contributing scientific and cross-789 

disciplinary expertise and firms providing production knowledge and implementation 790 



 

settings (Sovacool et al., 2024). In high-carbon-intensity cities, such collaboration may 791 

be particularly valuable when it broadens technological search beyond established 792 

industrial routines. However, support for distant recombination should be matched with 793 

local absorptive and engineering capabilities rather than treated as an objective in itself 794 

(Herman et al., 2025; Sovacool et al., 2024). 795 

Second, regional policy should strengthen the mechanisms through which 796 

collaborative knowledge is converted into usable technological combinations. 797 

Intermediary organizations, applied research centres, pilot-testing facilities, 798 

technology-transfer services, and long-term collaborative research arrangements can 799 

reduce information barriers and coordination costs (Kerstens & Langley, 2025; Sun et 800 

al., 2025). The stronger and more robust conditioning effect found for recombination 801 

distance suggests that these supporting arrangements are especially important when 802 

collaboration crosses technological boundaries. Public support should therefore 803 

consider whether projects facilitate knowledge integration, testing, adaptation, and 804 

deployment, rather than relying primarily on patent or project counts. 805 

Third, low-carbon innovation policy may be differentiated according to cities’ 806 

initial carbon-intensity conditions (Ma et al., 2025). Cities with high initial carbon 807 

intensity may place greater emphasis on collaboration that supports technological path 808 

renewal and the integration of knowledge relevant to industrial decarbonization. Cities 809 

with lower initial carbon intensity may obtain greater value from improving the 810 

application, diffusion, and integration quality of their existing technological portfolios 811 

(Ke et al., 2023; Xing et al., 2024). This distinction should not be converted into a rigid 812 

policy classification, because the initial-period mean and median are sample-specific 813 

analytical cutoffs rather than universal policy thresholds. 814 

Finally, innovation evaluation should distinguish between the scale and structure 815 

of green technological activity. Patent counts remain useful indicators of innovation 816 

output, but they do not show whether regional actors are combining knowledge across 817 

technological fields or building complementary technological portfolios (X. Liu et al., 818 



 

2024). Recombination distance and diversity can therefore serve as supplementary 819 

diagnostic indicators. They should, however, be interpreted together with evidence on 820 

absorptive capacity, implementation, industrial relevance, and environmental 821 

performance, rather than being used as stand-alone policy targets. 822 

7 Conclusion 823 

This study examines how university–industry collaboration is related to the 824 

structure of green knowledge recombination and how this structure is associated with 825 

urban carbon intensity. Drawing on evolutionary economic geography, environmental 826 

economic geography, and the Triple Helix framework, it shifts attention from the 827 

volume of green innovation to the technological composition of regional knowledge 828 

bases. Using a balanced panel of 212 Chinese cities from 2003 to 2021, the study 829 

constructs IPC-based measures of recombination distance and diversity and estimates 830 

the proposed relationships within a simultaneous-equation framework. 831 

The results provide modest evidence that university–industry collaboration is 832 

positively associated with both recombination distance and diversity. In the baseline 833 

3SLS models and conventional robustness specifications, greater recombination 834 

distance and diversity are associated with lower subsequent carbon intensity. Regional 835 

green innovation efficiency consistently strengthens the collaboration–distance 836 

relationship, whereas its conditioning effect on recombination diversity is weaker and 837 

sensitive to the efficiency specification. The negative recombination–carbon-intensity 838 

association is also more pronounced among cities with high initial carbon intensity 839 

under both mean- and median-based classifications. This heterogeneity arises mainly 840 

in the downstream recombination–carbon-intensity relationship rather than in the 841 

upstream collaboration–recombination relationship. 842 

These findings support evaluating green innovation not only by output volume but 843 

also by recombination structure. University–industry programmes should therefore 844 



 

emphasize problem-oriented knowledge integration and adapt support to cities’ initial 845 

carbon-intensity conditions, while treating recombination distance and diversity as 846 

diagnostic rather than stand-alone policy targets. 847 

Several limitations qualify these conclusions. First, patent classifications capture 848 

codified technological combinations but do not fully represent non-patented innovation, 849 

informal knowledge exchange, implementation quality, or commercial application. 850 

Coding ܷ݊݅ݕݎݐݏݑ݀݊ܫݕݐ݅ݏݎ݁ݒ as zero in city-years without green patent applications 851 

may also fail to distinguish the absence of patenting activity from the absence of 852 

collaboration among active green innovators. Second, the distance measure depends on 853 

the hierarchical structure and weighting of IPC codes. Although alternative weighting 854 

schemes and diversity measures produce broadly consistent results, future research 855 

could validate these indicators using patent citations, technology networks, or semantic 856 

measures of technological similarity. Third, the simultaneous-equation design, lagged 857 

variables, and fixed effects reduce but do not eliminate endogeneity concerns. The 858 

recombination coefficients become statistically insignificant once carbon-intensity 859 

persistence is modelled explicitly, and their statistical precision is sensitive to the 860 

treatment of cross-sectional dependence. The interpretation of the recombination 861 

pathway also depends on the exclusion restriction imposed on ܦܴ݈ܽܿݏ݅ܨ ; when 862 ܦܴ݈ܽܿݏ݅ܨenters the carbon-intensity equation directly, the recombination coefficients 863 

become insignificant, although the remaining instruments are weak. The findings 864 

should therefore be interpreted as medium-term conditional associations rather than 865 

definitive causal effects. 866 

The measurement of carbon intensity may also be sensitive to the price basis used 867 

for city-level GDP, and future work could assess robustness using constant-price GDP 868 

measures and harmonized city-level deflators. In addition, regional green innovation 869 

efficiency is an outcome-based measure jointly shaped by firms, universities, public 870 

resources, markets, and the wider economic base. Its patent-based outputs partly 871 

overlap with the variables used to measure collaboration and innovation activity. 872 



 

Finally, the sample primarily represents cities with sustained and observable green 873 

patenting activity, limiting direct generalization to cities with weak or intermittent 874 

innovation systems. 875 

Overall, the study shows that the recombination structure of green technological 876 

knowledge complements conventional measures of innovation quantity. By 877 

distinguishing technological distance from diversity and identifying the conditions 878 

under which their relationships with carbon intensity vary, the analysis provides a more 879 

differentiated account of how regional innovation systems are associated with low-880 

carbon transition. 881 

Reference 892 

Ahuja, G. & Katila, R. (2004). Where do resources come from? The role of 893 

idiosyncratic situations. Strategic Management Journal, 25(8‐9), 887–907. 894 

Albino, V., Ardito, L., Dangelico, R. M. & Petruzzelli, A. M. (2014). Understanding 895 

the development trends of low-carbon energy technologies: A patent analysis. 896 

Applied Energy, 135, 836–854. 897 

Angelucci, S., Hurtado-Albir, F. J. & Volpe, A. (2018). Supporting global initiatives 898 

on climate change: The EPO’s “Y02-Y04S” tagging scheme. World Patent 899 

Information, 54, S85–S92. 900 

https://doi.org/https://doi.org/10.1016/j.wpi.2017.04.006 901 

Arthur, W. B. (2007). The structure of invention. Research Policy, 36(2), 274–287. 902 

Barbieri, N., Marzucchi, A. & Rizzo, U. (2020). Knowledge sources and impacts on 903 

subsequent inventions: Do green technologies differ from non-green ones? 904 

Research Policy, 49(2), 103901. 905 

Boschma, R. & Martin, R. (2007). Constructing an evolutionary economic geography. 906 

In Journal of economic geography (Vol. 7, Issue 5, pp. 537–548). Oxford 907 

University Press. 908 



 

Bridge, G. (2008). Environmental economic geography: A sympathetic critique. 909 

Geoforum, 39(1), 76–81. 910 

https://doi.org/https://doi.org/10.1016/j.geoforum.2007.06.005 911 

Caviggioli, F. (2016). Technology fusion: Identification and analysis of the drivers of 912 

technology convergence using patent data. Technovation, 55–56, 22–32. 913 

https://doi.org/https://doi.org/10.1016/j.technovation.2016.04.003 914 

Chen, H., Yi, J., Chen, A., Peng, D. & Yang, J. (2023). Green technology innovation 915 

and CO2 emission in China: Evidence from a spatial-temporal analysis and a 916 

nonlinear spatial durbin model. Energy Policy, 172, 113338. 917 

Cooke, P. (2010). Regional innovation systems: development opportunities from the 918 

‘green turn.’ Technology Analysis & Strategic Management, 22(7), 831–844. 919 

Cowan, R. & Zinovyeva, N. (2013). University effects on regional innovation. 920 

Research Policy, 42(3), 788–800. 921 

De Marchi, V. (2012). Environmental innovation and R&D cooperation: Empirical 922 

evidence from Spanish manufacturing firms. Research Policy, 41(3), 614–623. 923 

Dietz, T. & Rosa, E. A. (1997). Effects of population and affluence on CO2 924 

emissions. Proceedings of the National Academy of Sciences, 94(1), 175–179. 925 

Doblinger, C., Surana, K. & Anadon, L. D. (2019). Governments as partners: The role 926 

of alliances in US cleantech startup innovation. Research Policy, 48(6), 1458–927 

1475. 928 

Dong, Y. & Zhao, T. (2017). Difference analysis of the relationship between 929 

household per capita income, per capita expenditure and per capita CO2 930 

emissions in China: 1997–2014. Atmospheric Pollution Research, 8(2), 310–319. 931 

https://doi.org/https://doi.org/10.1016/j.apr.2016.09.006 932 

Etzkowitz, H. & Zhou, C. (2017). The triple helix: University–industry–government 933 

innovation and entrepreneurship. Routledge. 934 



 

Ghisetti, C., Marzucchi, A. & Montresor, S. (2015). The open eco-innovation mode. 935 

An empirical investigation of eleven European countries. Research Policy, 44(5), 936 

1080–1093. 937 

Guan, Jiancheng & Liu, N. (2015). Invention profiles and uneven growth in the field 938 

of emerging nano-energy. Energy Policy, 76, 146–157. 939 

https://doi.org/https://doi.org/10.1016/j.enpol.2014.11.024 940 

Guan, JianCheng & Yam, R. C. M. (2015). Effects of government financial incentives 941 

on firms’ innovation performance in China: Evidences from Beijing in the 1990s. 942 

Research Policy, 44(1), 273–282. 943 

https://doi.org/https://doi.org/10.1016/j.respol.2014.09.001 944 

Haider, S. & Mishra, P. P. (2021). Does innovative capability enhance the energy 945 

efficiency of Indian Iron and Steel firms? A Bayesian stochastic frontier analysis. 946 

Energy Economics, 95, 105128. 947 

He, C., He, S., Mu, E. & Peng, J. (2022). Environmental economic geography: Recent 948 

advances and innovative development. Geography and Sustainability, 3(2), 152–949 

163. 950 

He, Y. & Lin, B. (2018). Time-varying effects of cyclical fluctuations in China’s 951 

energy industry on the macro economy and carbon emissions. Energy, 155, 952 

1102–1112. https://doi.org/https://doi.org/10.1016/j.energy.2018.05.072 953 

Herman, K. S., Hall, J. K., Sovacool, B. K. & Iskandarova, M. (2025). The industrial 954 

decarbonization paradigm: Carbon lock-in or path renewal in the United 955 

Kingdom? Ecological Economics, 235, 108628. 956 

https://doi.org/https://doi.org/10.1016/j.ecolecon.2025.108628 957 

Hou, B., Hong, J., Wang, H. & Zhou, C. (2019). Academia-industry collaboration, 958 

government funding and innovation efficiency in Chinese industrial enterprises. 959 

Technology Analysis & Strategic Management, 31(6), 692–706. 960 

https://doi.org/10.1080/09537325.2018.1543868 961 



 

Huang, H., Mbanyele, W., Wang, F., Song, M. & Wang, Y. (2022). Climbing the 962 

quality ladder of green innovation: Does green finance matter? Technological 963 

Forecasting and Social Change, 184, 122007. 964 

https://doi.org/https://doi.org/10.1016/j.techfore.2022.122007 965 

Ke, N., Lu, X., Kuang, B. & Zhang, X. (2023). Regional disparities and evolution 966 

trend of city-level carbon emission intensity in China. Sustainable Cities and 967 

Society, 88, 104288. 968 

Kerstens, A. & Langley, D. J. (2025). An innovation intermediary’s role in enhancing 969 

absorptive capacity for cross-industry digital innovation: Introducing an 970 

awareness capability and new intermediary practices. Journal of Business 971 

Research, 196, 115426. 972 

https://doi.org/https://doi.org/10.1016/j.jbusres.2025.115426 973 

Khan, K., Su, C. W., Rehman, A. U. & Ullah, R. (2022). Is technological innovation a 974 

driver of renewable energy? Technology in Society, 70, 102044. 975 

https://doi.org/https://doi.org/10.1016/j.techsoc.2022.102044 976 

Leung, D. Y. C., Caramanna, G. & Maroto-Valer, M. M. (2014). An overview of 977 

current status of carbon dioxide capture and storage technologies. Renewable and 978 

Sustainable Energy Reviews, 39, 426–443. 979 

Leydesdorff, L. (2015). Can technology life-cycles be indicated by diversity in patent 980 

classifications? The crucial role of variety. Scientometrics, 105(3), 1441–1451. 981 

https://doi.org/10.1007/s11192-015-1639-x 982 

Li, G., Wang, P. & Pal, R. (2022). Measuring sustainable technology R&D innovation 983 

in China: A unified approach using DEA-SBM and projection analysis. Expert 984 

Systems with Applications, 209, 118393. 985 

https://doi.org/https://doi.org/10.1016/j.eswa.2022.118393 986 

Lin, S., Long, X., Huang, J. & Gao, R. (2023). Green technology diversification, 987 

technology vertical spillovers, and energy intensity in Chinese cities. Energy for 988 



 

Sustainable Development, 76, 101281. 989 

https://doi.org/https://doi.org/10.1016/j.esd.2023.101281 990 

Liu, K., Dong, S. & Han, M. (2023). Exploring the impact of green innovation on 991 

carbon emission intensity in Chinese metropolitan areas. Ecological Indicators, 992 

156, 111115. 993 

Liu, X., Ji, X. & Ge, S. (2024). Does the complexity and embeddedness of knowledge 994 

recombination contribute to economic development? —— Observations from 995 

prefecture cities in China. Research Policy, 53(2), 104930. 996 

https://doi.org/https://doi.org/10.1016/j.respol.2023.104930 997 

Ma, L., Zhang, H. & Lu, Q. (2025). Multi-Perspective Assessment of Ecological 998 

Civilization Progress across Cities in the Yangtze River Economic Belt. 999 

Environmental and Sustainability Indicators, 101107. 1000 

Mao, B., Gu, J. & LU, Q. (2023). A Pipeline for Urban Knowledge Spillover: 1001 

Micromechanism Based on the Internal Linkage of Cross-Regional Multilocation 1002 

Enterprises. Cities, 143, 104585. 1003 

https://doi.org/https://doi.org/10.1016/j.cities.2023.104585 1004 

Martínez-Zarzoso, I., Bengochea-Morancho, A. & Morales-Lage, R. (2007). The 1005 

impact of population on CO2 emissions: evidence from European countries. 1006 

Environmental and Resource Economics, 38(4), 497–512. 1007 

https://doi.org/10.1007/s10640-007-9096-5 1008 

Messeni Petruzzelli, A., Maria Dangelico, R., Rotolo, D. & Albino, V. (2011). 1009 

Organizational factors and technological features in the development of green 1010 

innovations: Evidence from patent analysis. Innovation, 13(3), 291–310. 1011 

Nan, D., Liu, F. & Ma, R. (2018). Effect of proximity on recombination innovation in 1012 

R&D collaboration: an empirical analysis. Technology Analysis & Strategic 1013 

Management, 30(8), 921–934. 1014 



 

Orsatti, G., Quatraro, F. & Scandura, A. (2024). Green technological diversification 1015 

and regional recombinant capabilities: The role of technological novelty and 1016 

academic inventors. Regional Studies, 58(1), 120–134. 1017 

Patchell, J. & Hayter, R. (2013). ENVIRONMENTAL AND EVOLUTIONARY 1018 

ECONOMIC GEOGRAPHY: TIME FOR EEG2? Geografiska Annaler: Series 1019 

B, Human Geography, 95(2), 111–130. 1020 

https://doi.org/https://doi.org/10.1111/geob.12012 1021 

Pino, R. M. & Ortega, A. M. (2018). Regional innovation systems: Systematic 1022 

literature review and recommendations for future research. Cogent Business & 1023 

Management, 5(1), 1463606. 1024 

Romer, P. M. (1987). Growth Based on Increasing Returns Due to Specialization. The 1025 

American Economic Review, 77(2), 56–62. http://www.jstor.org/stable/1805429 1026 

Rosenberg, N. & Nelson, R. R. (1994). American universities and technical advance 1027 

in industry. Research Policy, 23(3), 323–348. 1028 

Rybnicek, R. & Königsgruber, R. (2019). What makes industry–university 1029 

collaboration succeed? A systematic review of the literature. The Journal of 1030 

Business Economics, 89(2), 221–250. 1031 

Schumpeter, J. A. & Swedberg, R. (2021). The theory of economic development. 1032 

Routledge. 1033 

Sohag, K., Taşkın, F. D. & Malik, M. N. (2019). Green economic growth, cleaner 1034 

energy and militarization: Evidence from Turkey. Resources Policy, 63, 101407. 1035 

Sovacool, B. K., Herman, K. S., Iskandarova, M. & Hall, J. K. (2024). “Oh Yes! Net-1036 

Zero”: Sociotechnical capabilities and regional innovation systems for British 1037 

industrial decarbonization. Environmental Innovation and Societal Transitions, 1038 

51, 100852. https://doi.org/https://doi.org/10.1016/j.eist.2024.100852 1039 

Strand, Ø. & Leydesdorff, L. (2013). Where is synergy indicated in the Norwegian 1040 

innovation system? Triple-Helix relations among technology, organization, and 1041 

geography. Technological Forecasting and Social Change, 80(3), 471–484. 1042 



 

Sun, J., Liu, X. & Cai, J. (2025). Intermediaries that facilitate university–industry 1043 

research partnerships: A systematic literature review. Journal of Business 1044 

Research, 194, 115365. 1045 

https://doi.org/https://doi.org/10.1016/j.jbusres.2025.115365 1046 

Trajtenberg, M., Henderson, R. & Jaffe, A. (1997). University versus corporate 1047 

patents: A window on the basicness of invention. Economics of Innovation and 1048 

New Technology, 5(1), 19–50. 1049 

Tsouri, M., Hansen, T., Hanson, J. & Steen, M. (2022). Knowledge recombination for 1050 

emerging technological innovations: The case of green shipping. Technovation, 1051 

114, 102454. 1052 

Wang, Y., Sun, B. & Zhang, T. (2022). Do polycentric urban regions promote 1053 

functional spillovers and economic performance? Evidence from China. 1054 

Regional Studies, 56(1), 63–74. https://doi.org/10.1080/00343404.2020.1841147 1055 

Weitzman, M. L. (1998). Recombinant growth. The Quarterly Journal of Economics, 1056 

113(2), 331–360. 1057 

Wirsich, A., Kock, A., Strumann, C. & Schultz, C. (2016). Effects of university–1058 

industry collaboration on technological newness of firms. Journal of Product 1059 

Innovation Management, 33(6), 708–725. 1060 

Xing, P., Wang, Y., Ye, T., Sun, Y., Li, Q., Li, X., Li, M. & Chen, W. (2024). Carbon 1061 

emission efficiency of 284 cities in China based on machine learning approach: 1062 

Driving factors and regional heterogeneity. Energy Economics, 129, 107222. 1063 

https://doi.org/https://doi.org/10.1016/j.eneco.2023.107222 1064 

Xu, A., Qiu, K. & Zhu, Y. (2023). The measurements and decomposition of 1065 

innovation inequality: Based on Industry − University − Research perspective. 1066 

Journal of Business Research, 157, 113556. 1067 

https://doi.org/https://doi.org/10.1016/j.jbusres.2022.113556 1068 



 

Yang, T., Li, F., Du, M., Huang, M. & Li, Y. (2023). Impacts of alternative energy 1069 

production innovation on reducing CO2 emissions: Evidence from China. 1070 

Energy, 268, 126684. 1071 

Yang, Z., Chen, H., Du, L., Lin, C. & Lu, W. (2021). How does alliance-based 1072 

government-university-industry foster cleantech innovation in a green innovation 1073 

ecosystem? Journal of Cleaner Production, 283, 124559. 1074 

Ye, C., Ye, Q., Shi, X. & Sun, Y. (2020). Technology gap, global value chain and 1075 

carbon intensity: Evidence from global manufacturing industries. Energy Policy, 1076 

137, 111094. 1077 

Zellner, A. & Theil, H. (1992). Three-Stage Least Squares: Simultaneous Estimation 1078 

of Simultaneous Equations BT  - Henri Theil’s Contributions to Economics and 1079 

Econometrics: Econometric Theory and Methodology (B. Raj & J. Koerts (eds.); 1080 

pp. 147–178). Springer Netherlands. https://doi.org/10.1007/978-94-011-2546-1081 

8_10 1082 

Zhang, J. A., O’Kane, C. & Bai, T. (2024). How do university-firm interactions affect 1083 

firm innovation speed? The case of Chinese science-intensive SMEs. Research 1084 

Policy, 53(7), 105027. 1085 

https://doi.org/https://doi.org/10.1016/j.respol.2024.105027 1086 

Zhang, Y.-J. & Du, M. (2025). Greening through digitalisation? Evidence from cities 1087 

in China. Regional Studies, 59(1), 2215824. 1088 

https://doi.org/10.1080/00343404.2023.2215824 1089 

Zhao, Y., Yongquan, Y., Jian, M., Lu, A. & Xuanhua, X. (2024). Policy-induced 1090 

cooperative knowledge network, university-industry collaboration and firm 1091 

innovation: Evidence from the Greater Bay Area. Technological Forecasting and 1092 

Social Change, 200, 123143. 1093 

https://doi.org/https://doi.org/10.1016/j.techfore.2023.123143 1094 

 1095 



 

Ethical Approval 1096 

This article does not contain any studies with human participants performed by any of 1097 

the authors. 1098 

Informed Consent 1099 

Not applicable. 1100 

 1101 



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

SupplementaryInformation0810.docx

https://assets-eu.researchsquare.com/files/rs-10519145/v1/8f2017954b9d0aaf4a07524c.docx

	Green Knowledge Recombination and Urban Carbon Intensity: University–Industry Collaboration and the Conditioning Role of Regional Green Innovation Efficiency
	1 Introduction
	2 Literature review
	2.1 Green technology and carbon intensity
	2.2 Triple Helix collaboration and regional innovation systems
	2.3 Green knowledge recombination and carbon intensity

	3 Hypotheses
	3.1 University–industry collaboration and green recombination distance
	3.2 University–industry collaboration and green recombination diversity
	3.3 The moderating role of regional green innovation efficiency

	4 Methodology
	4.1 Data collection and processing
	4.2 Indicator construction and validation
	4.2.1 Dependent and independent variables
	4.2.2 Mechanism variables
	4.2.3 Regional green innovation efficiency
	4.2.4 Control variables

	4.3 Baseline simultaneous-equation models
	4.4 Conditioning role of regional green innovation efficiency
	4.5 Robustness and sensitivity analyses
	4.5.1 Alternative estimators and indicator construction
	4.5.2 Cross-sectional dependence and dynamic persistence
	4.5.3 Robustness of the conditioning effect

	4.6 Heterogeneity by initial carbon-intensity conditions

	5 Results
	5.1 Descriptive Statistics
	5.2 Specification tests
	5.3 Baseline effects of university–industry collaboration
	5.4 Conditioning role of regional green innovation efficiency
	5.5 Robustness and sensitivity analyses
	5.5.1 Alternative estimators and indicator construction
	5.5.2 Cross-sectional dependence and covariance sensitivity
	5.5.3 Dynamic persistence
	5.5.4 Robustness of the conditioning effect
	5.5.5 Sensitivity of the exclusion restrictions

	5.6 Heterogeneity by initial carbon intensity

	6 Discussion and policy implications
	6.1 Theoretical implications
	6.2 Heterogeneity and boundary conditions
	6.3 Policy implications

	7 Conclusion
	Reference

