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Abstract 

The efficiency of scientific and technological achievement transformation is constrained 
by supply–demand matching challenges. Concurrently, Artificial Intelligence (AI) offers 
novel pathways for digital-intelligence service platforms to mitigate this challenge. To re-
solve AI investment decision problems of such platforms, this study constructs a bilateral 
matching model involving high-quality/low-quality technology providers and high-capa-
bility/low-capability technology seekers. Based on expected value theory and Stackelberg 
games, it derives optimal AI investment strategies for the Commercial Platform (plat-
form’s expected revenue maximisation objective) and the Public Welfare Platform (social 
expected revenue maximisation objective). Findings indicate that higher AI investment 
contributes to a rise in the matching probability between high-quality providers and high-
capability demanders. Owing to incomplete benefit internalization, platforms of different 
types show divergent willingness for AI investment. The AI investment level of the Com-
mercial Platform is lower than that of the Public Welfare Platform, which results in losses 
of expected matching value. Furthermore, declines in AI technology costs and reduced 
external selection value of suppliers will drive platforms to raise their AI investment in-
tensity. This research provides theoretical foundations for optimising AI strategies in 
online technology transfer service platforms and informing targeted government inter-
ventions. 

Keywords: technology transfer; digital-intelligence service platform; artificial  
intelligence; platform matching 

MSC: 91-00 

 

1. Introduction 
Scientific and technological innovation constitutes a core driver of national develop-

ment, with the transformation of scientific and technological achievements serving as a 
pivotal link in the innovation chain and an indispensable stage for converting such 
achievements into tangible productive forces [1]. Enhancing the efficiency of matching 
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supply and demand for scientific and technological achievements is undoubtedly a vital 
strategy for accelerating their transformation. Numerous online platforms for transform-
ing scientific and technological achievements have emerged in practice. As crucial bridges 
connecting the supply of scientific and technological achievements to industrial demand, 
these online platforms directly determine the efficiency and quality of scientific and tech-
nological achievement transformation through their operational effectiveness [2]. A rep-
resentative online platform in this field is the US-based Yet2, which was launched in 1999. 
Its operational performance remains highly commendable, with over 10,000 successful in-
troductions delivered to clients and a success rate of 92%. Additionally, numerous online 
technology transfer service platforms have emerged in China in recent years, such as 
“Zhuan Guoguo” and “Keyi Market”. By the end of 2025, the “Zhuan Guoguo” platform 
had listed over 16,000 scientific and technological achievements (including 4191 high-
value achievements), facilitated nearly 2300 technology requests, connected over 1000 ser-
vice institutions, and served more than 2.4 million technology enterprises. These online 
technology transfer service platforms acquire inventions from universities or public re-
search institutions, such as Flintbox and iBridgenetwork, while others primarily receive 
inventions from the private sector, including Tynax and Yet2 [3]. 

Recent years have witnessed breakthrough developments of Artificial Intelligence 
(AI) technology, which has been extensively applied in commercial contexts [4]. For in-
stance, within the e-commerce platform sector, AI empowers platforms to implement in-
telligent customer service, personalised recommendations, content moderation, precision 
marketing, automated operations, and data analytics, significantly enhancing user expe-
rience and operational efficiency [5–7]. Notably, certain online technology transfer service 
platforms have also adopted “AI + technology transfer” strategies. For instance, China’s 
“Zhuan Guoguo” and “Keyi Market” pioneered the integration of AI agents, positioning 
themselves as AI-empowered digital-intelligence technology transfer service platforms to 
enhance the efficiency of matching technology supply and demand. Compared to e-com-
merce platforms, online digital-intelligence service platforms for technology transfer face 
greater challenges in matching supply and demand. This stems from the inherent com-
plexity of transaction subjects, where achievements themselves are difficult to describe 
using standard scientific language, thereby creating significant natural barriers to match-
ing [8]. For instance, as of January 2020, the Zhejiang Market had released 246,717 scien-
tific and technological achievements and signed 47,411 contracts, representing merely 
19.22% [2]. Should an online digital intelligence service platform for scientific and techno-
logical achievement transformation incorporate a dedicated AI large model, it could over-
come the initial matching hurdles in the transformation process by deeply analysing mul-
tidimensional information and conducting precise compatibility assessments. AI agents 
possess core capabilities, including in-depth demand analysis, feasibility report genera-
tion, and precise resource matching. Supported by keyword-input interaction, they pro-
vide intelligent solutions for various needs such as achievement transformation, expert 
liaison, and proposal drafting. Upon user input of a technical keyword, the AI agent 
deeply analyses the core elements of that technology, identifies key requirements, and 
plays a positive role in assessing achievement quality and precise identification. 

Two operational models exist for digital-intelligence-driven technology transfer plat-
forms: The Commercial Platform is typically enterprise-led, with expected revenue maxi-
misation as its operational objective; and the Public Welfare Platform is usually govern-
ment-led, with social welfare maximisation as its operational objective. The research mo-
tivation of this paper lies in clarifying the following issues for both types of platforms: (1) 
Whilst AI technology can generate economic value for platforms, its deployment also in-
curs corresponding investment costs. After comprehensively weighing benefits against 
costs, is it still necessary for platforms to implement AI strategies? (2) Furthermore, under 
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what circumstances is implementing an AI strategy a superior choice for platforms? (3) 
When platforms do implement AI strategies, what constitutes their optimal investment 
strategy? And how do the investment strategies of the two platform types differ? 

To address these questions, this paper examines an online digital-intelligence service 
platform for technology transfer. The platform invests in AI applications to enhance its 
accuracy in identifying the types of entities involved in technology supply and demand, 
thereby improving the success rate of matching these parties. Importantly, this study does 
not model the internal architecture or technical implementation of AI systems; instead, AI 
is treated as an exogenous, accuracy-enhancing matching technology whose sole role is to 
improve the precision of supply–demand identification and pairing. First, this paper 
quantifies the accuracy of AI-driven identification of technology achievement supply and 
demand entities. Second, based on expected value theory and Stackelberg game theory, a 
three-stage optimisation model for the platform is constructed. Finally, by solving and 
analysing the optimal solutions, the paper identifies the preconditions for the platform to 
implement AI strategies, its optimal investment strategy and commission rate seĴings, 
and compares the differences in AI investment strategies between the two operational 
models. 

The remaining sections are organised as follows. Section 2 presents the literature re-
view, outlining the current state of research and identifying gaps relevant to this study. 
Section 3 establishes the analytical framework, detailing the research questions and model 
assumptions. Section 4 analyses the platform’s equilibrium outcomes, deriving principal 
conclusions. Section 5 provides a summary of the entire paper. 

2. Literature Review 
2.1. Mechanisms for Technology Transfer and Platform Evolution 

Innovation is the primary driving force for development. Enhancing industrial vital-
ity urgently requires the efficient advancement of the transformation of scientific and tech-
nological achievements [9]. The transformation of scientific and technological achieve-
ments refers to the process of deeply integrating scientific and technological outcomes 
with economic activities [10]. It constitutes a pivotal link in the national innovation system 
[11] and provides significant support for the high-quality development of modern eco-
nomic systems [12]. However, compared to ordinary goods or services, matching the sup-
ply and demand of scientific and technological achievements inherently presents greater 
difficulties. Demand-side entities often struggle to translate practical problems into scien-
tific research terminology, while supply-side entities find it challenging to grasp real-
world application scenarios [8]. Moreover, the practical implementation of technology 
transfer frequently encounters numerous real-world challenges. These include inadequate 
dissemination of technology achievement information [13], insufficiently refined methods 
for evaluating the value of high-quality scientific and technological achievements [14], 
unstable collaboration due to trust deficits and conflicting interests between supply and 
demand entities [15], and the absence of specialised service platforms. These boĴlenecks 
have spurred the development of technology transfer platforms [16] integrating user man-
agement, achievement display, and transaction facilitation, alongside professional social 
matching (PSM) systems to advance technology transfer and commercialisation [17]. Such 
platforms effectively facilitate resource matching by establishing a two-sided market 
structure connecting technology providers and demanders, significantly enhancing the 
efficiency and effectiveness of technology transfer [16]. Academia also refers to these plat-
forms as Online Technology Marketplaces, positing that industries characterised by high 
technology search costs, significant uncertainty regarding potential applications, and 
greater capacity to protect inventions from encroachment are particularly in need of 
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online marketplace services [3]. Hu et al. [18] systematically demonstrated the platform-
isation development of technology achievement transformation, and pointed out that dig-
ital platforms have gradually replaced decentralised offline transaction modes as the core 
carrier of technology commercialization. 

As the primary generators of scientific and technological achievements, universities 
play a pivotal role in the transformation process. Research indicates that the efficiency of 
university technology transfer not only correlates closely with regional economic growth 
[10] but also positively contributes to low-carbon economic development [19]. However, 
existing empirical research indicates that the overall conversion performance of universi-
ties remains at a moderate level, with particularly lagging performance in developing 
countries or economically underdeveloped regions [20], suggesting considerable scope for 
optimisation in this field [21]. This reality underscores the necessity of establishing intel-
ligent, specialised conversion platforms and provides both theoretical justification and 
practical motivation for subsequently introducing artificial intelligence technologies to 
empower platform operations. 

2.2. Application of Artificial Intelligence in Online Trading Platforms 

With the rapid advancement of emerging technologies such as AI, academic research 
into intelligent applications within online trading platforms has deepened considerably 
[22,23]. AI technology significantly enhances user engagement and purchasing intent 
through multiple pathways, including personalised recommendation systems, real-time 
interactive features, and intelligent customer service [24–27], while effectively reducing or 
mitigating consumer return behaviour [24,28,29]. Early research focused on technical im-
plementation, such as the knowledge-based chatbot developed by Ngai et al. [30], who 
integrated natural language processing (NLP) and AI technologies to significantly im-
prove customer service efficiency and interaction quality [25]. Subsequent research has 
deepened: Shankar et al. [31] enhanced recommendation accuracy through ensemble 
learning and multimodal user behaviour data; Deng et al. [32] generated personalised 
product responses via multi-perspective preference modelling. 

Recent empirical studies further validate AI’s commercial value, demonstrating that 
the marginal return of AI capabilities on corporate profits increases with enhanced prod-
uct matching potential [33,34] conducted a randomised field experiment revealing that 
deploying AI assistants in live-streaming e-commerce scenarios increased sales by 3.00% 
and reduced return rates by 12.55%. Concurrently, scholars began examining user cogni-
tion and trust mechanisms. Zhang et al. [35] explored the “personalisation-privacy para-
dox” in intelligent voice assistants, revealing emotional aĴachment’s pivotal role in mod-
erating users’ privacy trade-offs and information disclosure behaviours. Chang and Hsiao 
[36] identified how functional and psychological barriers trigger negative emotions, 
thereby inhibiting users’ willingness to adopt chatbots, emphasising the need for system-
atic approaches to address user resistance in AI deployment. 

It is noteworthy that AI applications have transcended traditional retail boundaries 
to expand into diverse scenarios. For instance, Song et al. [37] demonstrated in a metaverse 
e-commerce case study that the synergy between AI and visual design can significantly 
enhance user experience and drive economic growth. Furthermore, Zhou et al. [38] 
adopted a strategic perspective to analyse how market competition dynamics and con-
sumer search costs influence adoption decisions for recommendation systems. 

Generative artificial intelligence (GenAI) has emerged as a transformative enabler for 
modern supply chains, providing novel avenues for intelligent decision optimisation and 
operational automation [39]. Beyond supply chain optimisation, GenAI continues to re-
shape the ecosystem of e-commerce. Increasing numbers of platforms have deployed AI 
assistants to enhance user experience, and AI-powered recommendation systems have 
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been verified to significantly strengthen consumers’ decision-making confidence [40]. In 
addition to boosting consumer purchase confidence on digital platforms, Lu et al. [41] 
identify a critical matching effect of GenAI. Specifically, AI-dominated human–machine 
collaboration enhances user engagement with informational content through cognitive 
resonance. This insight is particularly applicable to the technology achievement transfor-
mation context investigated in this study, where GenAI plays an even more essential role 
in facilitating and elevating user interactive efficiency. 

2.3. Research Gap 

In summary, existing research has made significant strides in both the transformation 
of scientific and technological achievements and the application of artificial intelligence to 
empower online platforms. Nevertheless, substantial theoretical gaps and practical blind 
spots persist. 

On one hand, while studies on technology transfer have identified core obstacles such 
as information asymmetry, trust deficits, and platform gaps [13,16], and emphasised the 
pivotal role of specialised platforms in matching supply and demand and enhancing effi-
ciency, their exploration of internal platform operational mechanisms remains rather cur-
sory. Existing work predominantly focuses on institutional design, policy incentives, or 
organisational collaboration models (e.g., [20,21]), yet generally overlooks how digital and 
intelligent technologies can be deeply embedded within platform operations to systemat-
ically optimise conversion efficacy. Particularly against the backdrop of rapid AI advance-
ment, the theoretical framework for reconfiguring the discovery, matching, and transac-
tion processes of scientific and technological achievements through intelligent means re-
mains underdeveloped. 

Conversely, while research on AI applications within general e-commerce platforms 
has matured considerably—encompassing recommendation algorithms, interactive expe-
riences, and user trust [24,31,35]—these findings primarily stem from standardised com-
modities or high-frequency consumption scenarios. Consequently, their conclusions 
prove difficult to directly transfer to the highly non-standardised, complex, low-fre-
quency, and expert-judgement-dependent context of scientific and technological achieve-
ment transformation. More significantly, as noted by Yang et al. [24], Xu et al. [28], and 
Yang et al. [29], the existing literature generally treats AI as an exogenous technological 
tool rather than an endogenous strategic variable that platforms can actively configure 
and optimise. Consequently, there is a lack of mechanistic analysis examining how the 
level of AI investment impacts platform performance. 

Crucially, research on technology transfer platforms and intelligent e-commerce sys-
tems has long remained compartmentalised: the former focuses on techno-economic inte-
gration while neglecting AI-driven empowerment, while the laĴer delves into AI applica-
tions yet remains detached from the specificities of high-value knowledge asset transac-
tions. This dual disciplinary and contextual isolation has created a significant interdisci-
plinary research gap: within digitalised technology transfer platforms, AI should not 
merely serve as an auxiliary functional module but be regarded as a strategic investment 
requiring careful cost-benefit deliberation. Platform managers urgently need to address: 
under what conditions should AI deployment intensity be increased? Does the impact of 
varying AI capabilities on conversion efficiency and success rates exhibit heterogeneity? 
How can AI value be maximised? 

This paper addresses this dual gap by explicitly defining AI investment as an opti-
misable decision variable within technology transfer platforms, systematically exploring 
its strategic allocation logic and economic effects. By bridging the research strands of 
“technology transfer mechanisms” and “platform intelligent decision-making”, this study 
not only expands the theoretical boundaries of digital-intelligent innovation platforms but 
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also provides an actionable decision-making framework and practical pathway for build-
ing an efficient, trustworthy, and intelligent national technology transfer system. 

3. Analytical Framework 
3.1. Problem Description 

This paper considers an online digital-intelligent service platform for the transfor-
mation of scientific and technological achievements. Its core function is to facilitate trans-
actions between providers of scientific and technological achievements (such as universi-
ties, research institutes, new R&D institutions, and research teams possessing independ-
ent intellectual property rights) and demanders of such achievements (such as manufac-
turing enterprises, high-tech enterprises, and traditional industry enterprises seeking 
technological upgrades or product innovation). Providers on the platform are categorised 
into two types based on achievement quality: high-quality (denoted as H), accounting for 

 0,1  ; and low-quality (denoted as L), accounting for 1  . Similarly, demanders are 

classified into two types based on achievement transformation capability: high-capability 
(denoted as H), accounting for  0,1  ; and low-capability (denoted as L), accounting 
for 1  . 

Unlike standardised commodity trading platforms, the scientific and technological 
achievements transacted on such platforms exhibit high heterogeneity [42]. Their ultimate 
value depends not only on the quality of the achievements themselves but also heavily on 
the absorption and conversion capabilities of the demand side. Consequently, matching 
quality becomes pivotal to platform efficiency. Based on the identified types of providers 
and demanders, the platform facilitates transactions according to the principle of match-
ing high quality with high capability and low quality with low capability, as illustrated in 
Figure 1. 

 

Figure 1. Platform-facilitated transactions. 

Leveraging AI technology, the platform can deeply comprehend the semantic mean-
ing of descriptions of scientific and technological achievements and corporate demand 
texts, intelligently matching the two to ultimately enhance the accuracy of type recogni-
tion for both supply and demand sides. However, this paper does not model the internal 
architecture or learning dynamics of the AI system; rather, AI is abstracted as an exoge-
nous matching technology whose accuracy level is a controllable outcome of the plat-
form’s investment decision. The platform generates revenue by charging providers a 
transaction commission rate  0,1  . The platform must jointly determine two key var-

iables: (1) the level of AI investment 0e  , used to improve matching accuracy; (2) the 
commission rate  , which affects providers’ willingness to participate. 

3.2. AI-Driven Type Identification Mechanism 

Our model abstracts away from discussing the internal structure of various AI sys-
tems, and the core positioning of AI in this work is an auxiliary matching tool to boost 
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matching accuracy. Without AI assistance, the platform may aĴempt to identify partici-
pants’ true types through non-AI means such as manual verification or information re-
porting checks. However, constrained by efficiency, cost, or subjective judgement bias, it 
struggles to achieve comprehensive, precise, and scalable identification of participants’ 
true types. At this stage, type identification accuracy stands at 50% (i.e., the optimal per-
formance achievable through random guessing). By investing e -level AI resources, the 
platform can enhance its capability to identify the true types of both supply and demand 
sides. This can be interpreted as the platform improving the precision of outcome infor-
mation [43] or user profiling accuracy [44]. This paper employs the following function to 
characterise identification accuracy: 

  1 1
, 0

2 2 1

e
q e e

e
   


, (1)

this function satisfies the following reasonable properties: 
(1) Baseline accuracy:  0 0.5q  , corresponding to random matching without AI; 

(2) Monotonic increase:  
 2

1
0

2 1
q e

e
  


, where greater AI investment yields higher 

identification accuracy; 

(3) Diminishing marginal returns:  
 3

1
0

1
q e

e
   


 , reflecting the AI engineering 

principle that “improvements become increasingly difficult to achieve”; 
(4) Asymptotically perfect yet unaĴainable:  lim 1

e
q e


 , yet for any finite e ,   1q e   

holds, reflecting the limitations of digital intelligence technologies. 

While  q e  is general, it accurately captures the economic characteristic of AI in-

vestment in practice. In real-world scenarios (especially for Technology Transfer Plat-
forms), deploying AI (such as semantic recognition models) requires significant capital. 
The function  q e  reflects the reality that while AI can surpass the “random matching” 

baseline (50%), achieving perfect accuracy is asymptotically difficult and costly—a feature 
highly relevant to current AI applications like Large Language Models which are power-
ful but not error-proof. 

3.3. Matching Value and Expected Matching Value 

When a transaction occurs between supply and demand parties with a true type of 
     , H,L H,Ls bt t   , the resulting matching value (i.e., societal value) is  ,s bt tV , defined 

as follows: 

 

   
   
   
   

,

, , H,H

, , H,L

, , L,H

, , L,L

s b

s b

s b

t t

s b

s b

v if t t

v if t t
V

v if t t

v if t t



 

   



 

 
   

, (2)

where 0v   represents the benchmark value for technology transfer transactions; 0   
denotes the synergy premium arising from the matching of high-quality outcomes with 
high-capability enterprises. The value of (L, H) is set lower than the benchmark. This sce-
nario refers to low-quality technological achievements matched with high-capability en-
terprises. Restricted by the inherent inferior quality of achievements, its transformation 
value remains limited even paired with competent firms. In contrast, (H, L) represents 
high-quality technologies matched with low-capability enterprises, which still deliver 
considerable transformation value. 0    denotes the value disparity between them. 
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0   reflect the value depreciation resulting from low enterprise capabilities; assuming 
v    , this ensures even the worst-case match (low quality–low capability) still gener-
ates positive value. 

 ,s bt tV  embodies a positive matching preference: high-quality providers prefer col-

laborating with high-capability enterprises (due to HH HLV V ), while high-capability en-

terprises also favour acquiring high-quality achievements (due to HH LHV V ). 
This paper assumes that once a match is successful, the transaction price equals the 

matching value generated by that match  ,s bt tV , meaning the demand side pays the full 

benefit received. This aligns with the common practice of “value-based pricing” in B2B 
technology transactions. The platform extracts a transaction commission at a rate   , 
yielding a per-transaction revenue of  ,s bt tV . To calculate the platform’s expected reve-

nue, we must derive the expected matching value  E V  when the AI’s true type identi-
fication accuracy is  q e  (regardless of whether the true type is H or L). Assuming the 

identification errors of both parties are mutually independent. Due to AI identification 
inaccuracies, the platform’s recommended matches may be based on erroneous types. 
Crucially, however, once a transaction occurs, its value remains determined by the actual 
type regardless of the identification outcome. Whether a match occurs depends solely on 
whether the AI places both parties within the same recommendation pool. Consequently, 
eight actual transaction scenarios exist on the platform: four high-quality matches with 
high capability recognition (HH, HL, LH, LL) and four low-quality matches with low ca-
pability recognition (HH, HL, LH, LL). The specific matching structure is illustrated in 
Figure 2. 

 

Figure 2. Supply–demand matching structure. 

Based on Equation (2) and incorporating the matching structure depicted in Figure 
2, through derivation and simplification, the expected matching value is expressed as fol-
lows (see Appendix A for the main result proofs in this paper): 
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, (3) 

where         2 1 2 1 1 2 1 1 1A v                    , 

     2 1 1 1B v                 . 

Identified H

Identified L

Achievement providers

q   q 11 

 q1  q1

True H True L

Identified H

Identified L

Achievement demanders
True H True L

q   q 11 

 q1  q1

Transaction

Transaction



Mathematics 2026, 14, 2307 9 of 23 
 

https://doi.org/10.3390/math14132307 

3.4. Platform Revenue and Provider Participation Constraints 
The platform’s expected revenue per match is  E V  . The platform’s investment 

cost in AI is modelled as a quadratic function of the target accuracy level, i.e.,   21

2
C e ce , 

where e denotes the AI investment level. This functional form captures the empirically 
observed phenomenon of increasing marginal costs associated with improving AI accu-
racy: as the platform seeks higher precision in matching, it must incur disproportionately 
larger expenditures on high-quality labelled data, computational resources for model 
training and fine-tuning, specialized human expertise in model development, and system 
integration for real-world deployment. These factors collectively render each incremental 
gain in accuracy increasingly costly, justifying the use of a convex—specifically quad-
ratic—cost structure. This specification has been widely adopted in supply chain manage-
ment research [45,46]. Hence the platform’s expected revenue is: 

      2 21
, 2

2PE e A q e q e B ce       
 

. (4)

To ensure reasonable economic implications, we assume 0A   (the detailed expla-
nation is provided in Appendix A.2). When 0A  , the expected matching value stays 
constant. When 0A  , the expected matching value aĴains its maximum at 0e  . This 
means matching accuracy improves with increased investment e  , yet the expected 
matching value strictly decreases, which conflicts with practical economic facts. Further-
more, providers possess external options (such as independently connecting with enter-
prises or applying for government grants), with a retention utility of 0u  . Since the pro-
vider’s revenue from using the platform is    1 E V , to ensure their participation, the 

following must be satisfied: 

    2
1 * min [ ] 1 * 1

2 2

A u
E V B u

B A
               

 . Let 
2

A
u B   , then 

 0,1  . 

3.5. Sequence of Games 

This paper employs a three-stage Stackelberg game to characterise the interaction 
between the platform and market participants, as illustrated in Figure 3. 

(1) Stage 1: Platform Selection  ,e  ; 

(2) Stage 2: Both supply and demand sides decide whether to join the platform (assum-
ing all participation constraints are satisfied, full participation occurs); 

(3) Stage 3: AI identification, matching execution, and transaction completion. 

 

Figure 3. Game sequence. 

3.6. Symbols and Definitions 

The model symbols and their meanings used in this paper are summarised in Table 
1. 

Stage 1 Stage 2

Supply and demand 
parties determine 

whether to join the 
platform.

Stage 3

The platform determines 
the level of AI 

investment and the 
commission rate.

Transaction 
completion via AI 
identification and 

matching.
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Table 1. Symbols and definitions for models. 

Symbol Meaning 

i  
The operational models for platforms in the market, ,i p soc  respectively, 

denotes the Commercial Platform and the Public Welfare Platform 
  A superscript symbol that denotes the equilibrium situation 

ˆ,s st t  
The true and identified type of the scientific and technological achievements 
provider, respectively, each type includes high-quality (H) or low-quality (L) 

ˆ,b bt t  
The true and identified types of technology demand parties, respectively, 

each type includes high-capability (H) and low-capability (L) 

  
Market share of high-quality scientific and technological achievements pro-

viders,  0,1   
  Market share of high-capability demand types,  0,1  

v  
The benchmark value of scientific and technological achievements transac-

tions, 0v   

  
Synergy premium is generated by matching high-quality achievements with 

high-capability enterprises, 0   

  
Value disparity between scenario (L, H) and benchmark scenario (H, L), 

0   
  Value depreciation resulting from low enterprise capabilities, 0   
c  AI investment cost coefficient, 0c   
u  Enterprise retention utility 

 ,s bt tV  Matching value of different combinations 

Variable  

ie  AI investment level under the model i , 0ie   

  Transaction commission rate,  0,1   

Function  
 q e  Identification accuracy function 

 C e  AI investment cost function 

 HHP e  

Probability of genuine high-quality technology providers and genuinely high-
capability enterprises being matched and successfully paired through the 

platform 
 E V  Expected matching value 

pE  Expected revenue of the Commercial Platform 

socE  Social expected revenue of the Public Welfare Platform 

4. Platform Equilibrium Outcome Analysis 
Considering the existence of two operational models for platforms in the market: one 

constructed under corporate leadership (e.g., Keyi Market), pursuing maximisation of 
economic profit, and the other constructed under government leadership (e.g., Zhejiang 
Market), pursuing maximisation of social welfare, this paper designates the former as the 
Commercial Platform and the laĴer as the Public Welfare Platform. Given their funda-
mentally divergent operational objectives, examining their differing AI strategies war-
rants aĴention. The equilibrium outcomes of both platform types are analysed in the fol-
lowing to derive practical insights. 
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4.1. Commercial Platform (Model p) 

Based on the preceding model description, the optimisation problem for the Com-
mercial Platform can be expressed as 

        22 2

0,0

1 1
max , 2

2 2p
p p p p p p

e
E e E V ce A q e q e B ce

 
   

  

        
. (5)

Solving this optimisation problem yields Proposition 1. 

Proposition 1. The optimal commission rate for the Commercial Platform is * 2
1

2

u

B A
  


; the 

optimal level of AI investment is 

1

3

*

2
1

22
1 0 1

2

2
0 1

2

p

u
A

uB A
c A

c B Ae

u
c A

B A


                      
 
       

; the op-

timal expected revenue is 

 

31

3

* * *

2
1

22
1 0 1

2 2 2
,

2
1

2 2

p p

u
A

A c uB A
B u c A

c B A
E e

A u
B u c A

B A

 

  
                                  

        

. 

Proposition 1 indicates the existence of a critical cost coefficient 
2

1
2

u
c A

B A
     

 

that determines whether the platform should invest in AI. If the cost coefficient falls below 
this threshold ( c c ), the platform should invest in AI; conversely, it should not. This 
illustrates from another perspective that not all platforms are suited for AI investment. AI 
only becomes economically viable when implementation costs are low. This explains why 
some online technology transfer service platforms (e.g., Keyi Market, Zhuan Guoguo) are 
enthusiastic about AI, while others (e.g., Yet2, Innovation China) adopt a wait-and-see 
approach. 

Proposition 2. The optimal decision for the Commercial Platform *  and *
pe  satisfies the fol-

lowing relationships: (1) 
*

0
u





 ; (2) *

pe   is a continuous function of c; (3) when 

2
0 1

2

u
c A

B A
     

, it holds that 
*

0pe

c





 and 

*

0pe

u





. 

Proposition 3. The optimal expected revenue  * * *,p pE e   of the Commercial Platform satisfies 

the following relations: (1)  * * *,p pE e    is a continuous function of c; (2) when 

2
0 1

2

u
c A

B A
     

 , it holds that 
 * * *,

0
p pE e

c

 



  and

 * * *,
0

p pE e

u

 



 ; (3) when 

2
1

2

u
c A

B A
    

, it holds that 
 * * *,

0
p pE e

u

 



. 
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From Propositions 2 and 3, it follows that the optimal AI investment decision and 
optimal expected revenue for the Commercial Platform are jointly shaped by both tech-
nological costs and market conditions. Firstly, rising AI technological costs directly ele-
vate marginal investment costs, suppressing the platform’s willingness to invest in AI and 
reducing expected returns. When technological costs reach a certain threshold, the plat-
form abandons AI investment, resulting in minimal expected revenue. This demonstrates 
the constraining effect of technological feasibility on digitalisation strategies. Secondly, 
when the external option value offered by technology providers increases, platforms must 
reduce commission rates to retain provider participation. This diminishes the revenue 
share derived from precise matching, ultimately lowering AI investment levels and re-
ducing expected revenue. This outcome reveals that when building intelligent matching 
capabilities, platforms must not only balance technological gains against costs but also 
coordinate profit distribution with technology providers within a two-sided market struc-
ture. 

4.2. Public Welfare Platform (Model soc) 

This section examines the government-led Public Welfare Platform to explore the op-
timal AI investment level from a social planner’s perspective, that is, the AI investment 
corresponding to maximised social expected revenue (the sum of the platform’s expected 
revenue, provider revenue, and consumer revenue). Consequently, the optimisation prob-
lem for the Public Welfare Platform can be expressed as: 

        22 2

0

1 1
max 2

2 2soc
soc soc soc soc soc soc

e
E e E V ce A q e q e B ce


      . (6)

Solving this optimisation problem yields Proposition 4. 

Proposition 4. The optimal AI investment level for the Public Welfare Platform is 
1

3
* 1 0

0

soc

A
c Ae c

c A


       




 ; the optimal expected revenue is 

 

31

3

* *
1 0

2 2

2

soc soc

A c A
B c A

cE e

A
B c A



  
               


  


. 

Proposition 4 indicates that the Public Welfare Platform will adopt AI when the im-
plementation cost c A . A comparison with Proposition 1 reveals a lower threshold for 
socially optimal AI investment, demonstrating the Public Welfare Platform’s greater will-
ingness to bear risks and costs to achieve long-term societal benefits. It follows that the 
Public Welfare Platform should serve as a “testing ground” for AI applications, pioneer-
ing the use of cuĴing-edge AI technologies (such as intelligent matching, automated as-
sessment, and patent recommendation). After accumulating experience, it can then feed 
insights back to the Commercial Platform. 

Proposition 5. The optimal decision for the Public Welfare Platform *
soce  satisfies the following 

relations: (1) *
soce  is a continuous function with respect to c; (2) when 0 c A  , then 

*

0soce

c





 

holds. 
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Proposition 6. The optimal expected revenue  * *
soc socE e  of the Public Welfare Platform satis-

fies the following relations: (1)  * *
soc socE e  is a continuous function of c; (2) when 0 c A  , 

then 
 * *

0
soc socE e

c





 holds. 

From Propositions 5 and 6, it follows that the Public Welfare Platform’s optimal AI 
investment decisions and total social benefits are profoundly shaped by technological 
costs. Firstly, rising AI technological costs directly elevate the societal threshold for tech-
nology adoption, suppressing the platform’s level of AI investment and leading to a de-
cline in total social benefit. When technological costs reach a certain threshold, the plat-
form abandons AI investment, causing total social benefit to fall to its lowest level. This 
demonstrates the fundamental constraining effect of technological accessibility on the ef-
ficacy of public technology services. Secondly, despite platforms possessing public wel-
fare objectives, their optimal decisions still adhere to cost-benefit trade-offs. Both invest-
ment and returns exhibit continuous, smooth variations with cost changes, indicating that 
public platforms are not idealised entities capable of “unlimited investment” but rather 
rational decision-makers constrained by practical resource limitations. This outcome re-
veals that in facilitating the online transaction and transformation of achievements, gov-
ernments must not only provide guidance but also enhance technological affordability by 
reducing AI implementation costs (e.g., through subsidies, shared infrastructure develop-
ment, and open-source tool promotion) to maximise overall societal benefits. 

4.3. Comparative Analysis of AI Investment Levels for Both Platforms 

Based on the equilibrium results for the two platform types discussed earlier, the 
optimal AI investment levels under different conditions are summarised in Table 2. 

Table 2. Comparative analysis of optimal AI investment levels for both platforms. 

Condition Commercial Platform Public Welfare Platform 

2
0 1

2

u
c A

B A
     

 

1

3

*

2
1

2
1p

u
A

B A
e

c

       
 
 
 

 

1

3
* 1soc

A
e

c
   
 

 

2
1

2

u
A c A

B A
     

 * 0pe   
1

3
* 1soc

A
e

c
   
 

 

c A  * 0pe   * 0soce   

Comparing the optimal AI investment levels for both platforms in Table 2 yields the 
following propositions. 

Proposition 7. When 0 c A  , the optimal AI investment level for the Commercial Platform (
*
pe ) is strictly less than that for the Public Welfare Platform ( *

soce ). 

Proposition 7 reveals a classic case of underinvestment stemming from positive ex-
ternalities. The Commercial Platform can only capture a portion of the matching value 
through commission rates 1  , meaning their private marginal benefit from improving 
AI accuracy falls short of the social marginal benefit. From the economic perspective, the 
Commercial Platform maximises expected revenue and sets AI investment at the equilib-
rium where private marginal benefit equals private marginal cost. By contrast, the Public 
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Welfare Platform accounts for positive spillovers of matching activities, yielding a higher 
social marginal benefit. As the Commercial Platform fails to fully internalise total match-
ing value, its privately optimal investment falls below the social optimum, resulting in 
inadequate AI input. Such incomplete benefit internalization weakens investment incen-
tives, and market-oriented decisions of the Commercial Platform tend to undervalue AI’s 
impact on technological transformation efficiency. This conclusion provides theoretical 
justification for government intervention: for instance, subsidising AI R&D costs, estab-
lishing public semantic repositories to reduce platform recognition costs, or rewarding 
high-value matches could all correct this efficiency loss. 

Example 1. Let 0.8   , 0.8   , 2v   , 0.5   , 0.1   , 0.1   , 0.5c   , 0.05u   . 
Table 2 indicates that the optimal AI investment level under the Social Welfare Platform is 

* 0.281soce  , while that under the Commercial Platform is * 0.261pe  , with the laĴer being ap-

proximately 7.3% lower than the former. The corresponding expected percentage loss in matching 

value is  
[ ] [ ][ ]

100% 0.242%
[ ] [ ]

soc p

soc soc

E V E VE V

E V E V

 

 

 
    . This indicates that the Commercial Plat-

form’s AI investment falls below that of the socially optimal level, resulting in a certain degree of 
loss in the system’s expected matching value. This finding reveals a minor market failure in the 
allocation of intelligent matching resources, highlighting the importance of government guidance 
or intervention by the Public Welfare Platform. 

Proposition 8 (AI investment’s promoting effect on high-quality matching). Let  HHP e  

denote the probability that a genuine high-quality technology provider and a high-capability enter-
prise are successfully matched by the platform in a single matching instance (i.e., a genuine HH 
match) when the AI investment level is e. Then: (1)  HHP e   strictly increases with e  , i.e., 

 HH 0, 0
dP e

e
de

   ; (2) this promoting effect intensifies as the proportion of high-quality pro-

viders   or high-capability enterprises   increases. 

Proposition 8 indicates that in real-world scenarios where both supply and demand 
types are unobservable, AI investment significantly increases the probability of correct 
matching between high-quality entities by simultaneously improving identification accu-
racy for both technology providers and demanders. As matching relies on both parties 
being correctly identified, the HH matching probability grows at a rate of  2

q e , demon-

strating a multiplier effect of recognition precision. This also implies that if high-quality 
providers (  ) or high-capability enterprises (  ) are scarce in the market, the absolute 
number of HH matches remains limited even with high AI precision. Conversely, in niche 
markets dense with high-quality factors, the matching value of AI is significantly ampli-
fied. This result provides theoretical justification for platforms to deploy AI resources dif-
ferentially across different technological domains. 

4.4. Relationship Between AI Investment, Platform Returns, and Relevant Parameters 

To determine the relationship between AI investment levels, platform revenue, and 
the proportions    (high-quality providers) and    (high-capability demanders), nu-
merical simulation is employed in this section due to the complexity of the expressions. 
Base parameter values are set as follows: 2v   , 0.5   , 0.1   , 0.1   , 0.5c   , 

0.05u   (consistent with the numerical examples in the preceding text). The fundamen-
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tal conditions 0A  , 
2

A
B  , and 

2

A
u B   are maintained. Using MATLAB 7.0.1 soft-

ware, the optimal AI investment level for the platform is ploĴed against   and  , as 
shown in Figure 4. 

  
(a) (b) 

Figure 4. Relationship between optimal AI investment and proportions of high-quality providers 
and high-capability demanders. (a) Optimal AI for the Commercial Platform; (b) Optimal AI for the 
Public Welfare Platform. 

Figure 4 visually depicts the optimal AI investment level *
ie  across a three-dimen-

sional surface, illustrating its variation with the proportion   of high-quality technology 
providers and the proportion    of high-capability demand parties. Figure 4a corre-
sponds to the expected revenue-maximising Commercial Platform, while Figure 4b corre-
sponds to the social expected revenue-maximising Public Welfare Platform. AI invest-
ment for both platform types monotonically increases with rising values of   and  , 
indicating that the quality of market supply and demand constitutes the core structural 
driver of platform digitalisation investment. However, differences emerge in response in-
tensity: under identical    and    combinations, the Public Welfare Platform consist-
ently exhibits higher AI investment levels than the Commercial Platform (consistent with 
Proposition 7), with a slightly steeper surface gradient signifying heightened sensitivity 
to improvements in supply–demand quality. 

This finding carries significant policy implications. Relying solely on market mecha-
nisms may underestimate AI’s societal value in technology commercialisation, leading to 
insufficient technological investment. Particularly during the initial phase when high-
quality supply and demand entities remain insufficiently aggregated, The Commercial 
Platform exhibits lower AI adoption willingness, risking entrapment in a negative cycle 
of low quality, low investment, and low efficiency. At this juncture, the government-led 
or supported Public Welfare Platform can serve as “disruptors”, accelerating the identifi-
cation and matching of high-quality resources through proactive deployment of AI capa-
bilities, thereby catalysing market maturation. A long-term, a dual-track mechanism 
should be established where the Commercial Platform and the Public Welfare Platform 
evolve synergistically, the former focusing on efficiency and scaled operations, the laĴer 
emphasising foundational capability building and ecosystem cultivation, jointly propel-
ling the technology transfer system towards advanced digital-intelligence transformation. 

Furthermore, ploĴing the expected revenue of the platforms as functions of λ and µ 
yields Figure 5. 
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(a) (b) 

Figure 5. Relationship between the platform’s expected revenue and the proportion of high-quality 
providers and high-capability demanders. (a) Expected revenue of the Commercial Platform; (b) 
Social expected revenue of the Public Welfare Platform. 

As shown in Figure 5, the platform’s expected revenue exhibits a significant positive 
correlation with the proportion   of high-quality scientific and technological achieve-
ment providers and the proportion   of high-capability demand parties. Specifically, 
Figure 5a demonstrates that the expected revenue of the Commercial Platform increases 
steadily with rising values of   and  , reflecting its dependence on structural market 
advantages. Figure 5b further reveals that the Public Welfare Platform achieves higher 
expected revenue under equivalent market conditions, with its return function exhibiting 
greater sensitivity to changes in the quality of supply and demand. This outcome indicates 
that a platform’s value creation depends not only on its own digital and intelligent capa-
bilities but is also deeply rooted in the structural characteristics of its market. Therefore, 
in promoting the online transaction and conversion of scientific and technological 
achievements, the government should focus on cultivating high-quality scientific research 
output entities and enterprises with technological absorption capacity. By optimising the 
market supply and demand structure, it can provide a solid foundation for platform de-
velopment. Concurrently, the Public Welfare Platform should be encouraged to pioneer 
intelligent matching systems to enhance overall resource allocation efficiency. This will 
subsequently drive the coordinated upgrading of the Commercial Platform, ultimately 
forming a virtuous cycle system grounded in high-quality technology supply and high-
capacity market demand, linked by intelligent matching mechanisms, and oriented to-
wards value realisation. 

5. Conclusions and Implications 
This paper constructs a bilateral matching model for AI-empowered online technol-

ogy transfer service platforms, examining optimal AI investment and commission rate 
decisions under constraints on the bargaining power of achievements providers. It further 
compares optimal AI investment levels from a social planner’s perspective. Analytical re-
sults show that, firstly, technological costs exert a significant negative influence on AI in-
vestment, wherein rising AI technical expenses elevate marginal investment costs, thereby 
suppressing the platform’s propensity for AI investment. Should technological costs be-
come excessively high, the platform may entirely abandon AI investment, resulting in 
profits reaching their lowest point. Secondly, the external option value of achievements 
providers influences the platform’s pricing power. An increase in providers’ external op-
tion value compels the platform to reduce commission rates to retain their participation. 
This diminishes the platform’s share of profits derived from precise matching, ultimately 
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causing both the platform’s AI investment level and expected returns to decline simulta-
neously. Thirdly, as platforms capture only a portion of the total matching value, their 
marginal returns fall below the societal marginal returns. This creates insufficient incen-
tive for platforms to elevate their AI investment to the socially optimal level, resulting in 
significant efficiency losses. Fourthly, AI investment effectively enhances the probability 
of matching high-quality achievements providers with high-capability enterprises, with 
this facilitating effect being more pronounced in specialised markets rich in high-quality 
factors. 

These conclusions offer significant implications for refining mechanisms for the com-
mercialisation of scientific and technological achievements. 

From the perspective of platforms, when undertaking technological AI investments, 
they must rigorously assess economic viability. This requires a comprehensive evaluation 
of technological costs, projected accuracy improvements, and marginal returns to scien-
tifically establish a “technological feasibility threshold”. Should investment costs exceed 
this critical point, strategies should be suspended or adjusted to prevent resource wastage. 
With the rapid advancement of AI technology and declining investment costs, platforms 
should seize opportunities to deploy AI resources. Moreover, platforms should 
strengthen interest alignment mechanisms with technology providers by designing more 
flexible collaboration models (such as revenue-sharing arrangements, joint R&D initia-
tives, and data-sharing agreements) to enhance provider retention. Co-creating value re-
duces sensitivity to external alternatives and bolsters the platform’s bargaining power in 
bilateral negotiations. 

In view of government considerations, it is recommended that science and technol-
ogy authorities establish a dedicated “AI-empowered technology transfer” support pro-
gramme. This should provide targeted post-grant subsidies for platforms’ R&D invest-
ments in core algorithms such as technical semantic recognition and demand profiling. 
This scheme can motivate platforms to scale up AI investment, especially in the early de-
velopment stage of this field. Subsidy levels should be linked to performance metrics like 
high-quality matching rates and mismatch rates to correct underinvestment caused by 
positive externalities. Furthermore, it is advisable to accelerate the establishment of a na-
tional-level high-quality scientific achievements database. Integrate transferable out-
comes from universities and research institutions, opening access to compliant platforms. 
This approach reduces individual providers’ bargaining power while supplying high-
quality training data for AI models, thereby reducing the investment cost of AI. In view 
of the matching value generated by pairing high-quality technological achievements with 
high-capability enterprises, AI-powered intelligent matching systems should be piloted 
first in sectors where high-quality suppliers and competent enterprises are highly concen-
trated, such as biomedicine, advanced equipment manufacturing, and next-generation in-
formation technology. Support should be provided for local governments to collaborate 
with leading enterprises in building domain-specific ontology repositories, thereby am-
plifying AI’s catalytic role in transforming high-value scientific achievements. 

This research not only expands the theoretical boundaries at the intersection of plat-
form economics and achievement transformation but also provides actionable pathways 
for deepening the integration of “AI + technology services” and addressing boĴlenecks in 
technology transfer. However, certain limitations exist. The platform supply–demand 
matching model simplifies assumptions by pairing high-quality with high-capability en-
tities and low-quality with low-capability entities, whereas real-world scenarios may in-
volve mismatches between quality and capability, warranting further exploration. Addi-
tionally, the unique role of AI in online platforms for technological achievement transfor-
mation requires further elaboration. Meanwhile, AI investment strategies of platforms 
amid market competition also deserve deeper exploration. 
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Appendix A.1. Derivation of Expected Matching Value 
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Substituting HHV v  , HLV v , LHV v   , and LLV v      yields the sim-
plified expression: 
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Appendix A.2. Explanation of the Assumption of 0A   
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A
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 ,  E V  

decreases monotonically with respect to e   and reaches its maximum value at 0e   . 
These two scenarios conflict with practical economic facts. 

Appendix A.3. Proof of Proposition 1 
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The platform’s expected revenue function  ,p pE e   is a bivariate function of pe  

and  . Applying the criterion for extrema of bivariate functions, the function has no local 
extrema within its domain. Therefore, the maximum value occurs at the boundary of the 

domain. (1) When 0   ,   21
,0 0

2P p pE e ce     . (2) When 0pe   , 
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Appendix A.4. Proof of Proposition 2 
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Appendix A.5. Proof of Proposition 3 
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Appendix A.6. Proof of Proposition 4 
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Appendix A.7. Proof of Proposition 5 
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Appendix A.8. Proof of Proposition 6 
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Appendix A.9. Proof of Proposition 7 
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Appendix A.10. Proof of Proposition 8 

(1) Construct the expression for  HHP e . A genuine HH pairing is successfully matched 

if and only if: the provider’s true type is H (with proportion  ) and is correctly iden-
tified as H (with probability  q e ); the demander’s true type is H (with proportion 

 ) and is correctly identified as H (with probability  q e ). Since the identification 

process is independent and the type of sampling is independent, we have: 
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(2) Interaction effect analysis. Calculate the interaction partial derivatives: 
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 . Therefore, as    or 

  increases, the marginal contribution of AI investment to HH matching strength-
ens. 
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