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Abstract 

With the continuous embedding of small- and medium-sized manufacturing enterprises 

(SMMEs) into manufacturing platform ecosystems, selecting the optimal resource recon-

struction model has become a critical decision for both platforms and SMMEs. However, 

the existing literature provides limited insight into how different resource types compare 

in terms of their efficiency in enabling capability reconstruction. Addressing this gap, this 

paper constructs asymmetric Stackelberg game-theoretic models for the platform–SMME 

collaborative system and systematically investigates efficiency differentiation and strat-

egy selection under three resource models: the fund resource model, the knowledge re-

source model, and the fund and knowledge hybrid model. Drawing on dynamic capabil-

ity theory, the models formalize the transmission paths through which heterogeneous re-

sources affect SMMEs’ capability reconstruction, and derive the equilibrium conditions 

governing resource input, pricing, revenue-sharing, and payoff outcomes. The findings 

reveal three key insights. (1) As dynamic capability matures and price sensitivity rises, the 

platform’s optimal strategy shifts systematically from fund resource model through hy-

brid model to knowledge resource model, requiring dynamic model switching aligned 

with the SMME’s capability path and market conditions. (2) Fund-driven improvement 

operates through two paths, while knowledge-driven improvement operates through 

four paths and the upstream paths, creating a win-win zone and downstream paths gen-

erating diverging interests. (3) Dynamic capability, particularly conversion efficiency of 

“information-management,” reduces resource input while increasing both parties’ pay-

offs, shifting the strategy from a fund resource model to a knowledge resource model. The 

findings point to a shift from resource provision to capability-driven collaboration, requir-

ing dynamic model switching by platforms, precision matching by SMMEs, and shared 

investment in dynamic capabilities for sustainable mutual benefit. 
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1. Introduction 

1.1. Background 

In recent years, the manufacturing industry has undergone profound digital trans-

formation, and platform-based operation has become a mainstream organizational para-

digm [1]. Typical manufacturing platforms such as COSMPlatt, RootCloud, and H-IIP 

own solid customer bases, professional technical advantages, and sufficient inherent re-

source endowments [2]. Nevertheless, many SMMEs are constrained by resource short-

ages and capability bottlenecks, hindering independent digital transformation. This di-

lemma has become more prominent against the background of the global economic down-

turn [3]. 

In this context, relying on resource input from manufacturing platforms has become 

a vital path for SMMEs to realize capability reconstruction and digital upgrading. Differ-

ent resource types lead to diverse reconstruction paths and efficiency differentiation. Once 

the platform’s reconstruction model mismatches the actual development needs of SMMEs, 

the digital transformation process will face high failure risks. 

Embedded in manufacturing platforms, SMMEs can acquire technological and infor-

mation resources to improve comprehensive manufacturing capabilities. Platforms repre-

sented by Haier-Ecosystem and MindSphere provide multi-dimensional resource support 

for SMMEs’ development [4]. With the continuous growth of SMME participation, plat-

form resource supply has shown a diversified trend. Technology and information re-

source sharing helps SMMEs optimize management modes and upgrade R&D and man-

ufacturing capabilities [5]. In addition, platforms provide financial support through in-

dustrial internet capital alliances, stimulating SMMEs’ R&D motivation and manufactur-

ing potential, accelerating digital transformation, and promoting business model innova-

tion. A win-win outcome can be achieved via order cooperation and optimized revenue-

sharing mechanisms. 

Even with platform resource empowerment, many SMMEs fail to adapt to transfor-

mation trends due to insufficient innovation and management cognition, and mostly 

adopt passive resource dependence rather than active internal capability iteration [6]. 

Manufacturing platforms have gradually recognized the value of SMMEs’ learning capac-

ity and the core driving role of knowledge resources in transformation [7]. By delivering 

knowledge resources, platforms can facilitate SMMEs to evolve into learning organiza-

tions and further enhance business optimization and organizational reconstruction capa-

bilities. 

In summary, existing research lacks systematic exploration of the efficiency and sta-

bility of different resource-driven reconstruction models. First, the optimal resource allo-

cation and matching strategies for SMMEs with heterogeneous dynamic capabilities re-

main insufficiently studied. Second, the efficiency differences of platform resource types 

and scale in improving transformation performance have not been fully compared. Third, 

the quantitative reconstruction strategy under different resource models still lacks rigor-

ous theoretical modeling and equilibrium analysis. 

1.2. Research Purposes 

SMMEs increasingly rely on manufacturing platforms to facilitate digital transfor-

mation [8]. Such platforms deliver valuable information and technical resources, which 

can improve the overall capabilities of SMMEs to a certain extent [5]. Nevertheless, it re-

mains unclear whether additional platform-supplied resources can further accelerate ca-

pability upgrading and whether platforms can offer more comprehensive feedback on 

SMMEs’ capability evolution. Furthermore, it is necessary to explore how the type and 

quantity of resources provided by the platform, together with the profit margin set by the 
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platform, jointly affect the efficiency of capability reconstruction and resource selection 

between the platform and SMMEs. Accordingly, this paper establishes three capability 

reconstruction models corresponding to the fund resource model (Model I), knowledge 

resource model (Model II), and fund and knowledge resource model (Model III), and fur-

ther investigates the efficiency characteristics under different capability reconstruction 

paths. 

The existing literature has explored the role of manufacturing platforms in promot-

ing the capability reconstruction of SMMEs mainly from the perspectives of transfor-

mation pathways and implementation effectiveness. Based on this, this paper further ex-

pands the research scope by focusing respectively on the efficiency and effectiveness strat-

egies of capability reconstruction paths under different resource types. The results show 

that under the three proposed capability reconstruction models, both SMMEs and manu-

facturing platforms can achieve differentiated capability reconstruction levels, and each 

model exhibits resource advantages within distinct parameter ranges. In particular, com-

pared with fund resources, knowledge resources present higher efficiency in capability 

reconstruction and benefit feedback for both SMMEs and platforms. The three constructed 

models link the resource supply process of manufacturing platforms with the hierarchical 

capability reconstruction process of SMMEs and further propose a hybrid reconstruction 

model integrating fund and knowledge resources. 

This study aims to address three core research questions: 

(1) How do resource input hierarchy and platform payoff patterns evolve across differ-

ent paths, and how should platforms dynamically select among alternative resource 

models? 

(2) Through what transmission paths do heterogeneous resources affect capability re-

construction outcomes, and how do different paths shape the alignment or diver-

gence of interests between the platform and the SMME? 

(3) How does dynamic capability serve as a lever for improving resource efficiency and 

system-wide payoffs, and what is the key factor driving the transition of reconstruc-

tion models for both parties? 

This paper constructs game-theoretic models between platforms and SMMEs. Con-

sidering the influence of dynamic capabilities on the hierarchical learning capability of 

SMMEs and its role in resource-capability reconstruction, three models based on fund re-

sources, knowledge resources and their combination are formulated to analyze capability 

reconstruction under diverse resource scenarios [9,10]. 

The remainder of this paper is organized as follows. Section 2 reviews relevant liter-

ature from multiple research streams. Section 3 defines the research problem and clarifies 

the symbolic notations of the theoretical models. Sections 4, 5 and 6 respectively construct 

the three capability reconstruction models corresponding to fund resources, knowledge 

resources, and integrated resources, and calculate their capability reconstruction. Section 

7 conducts a comparative analysis on capability reconstruction efficiency and benefit feed-

back from the dual perspectives of platforms and SMMEs. Finally, Section 8 concludes 

this study with managerial implications and prospects for future research. 

2. Literature Review 

This literature review focuses on four core research streams: the development and 

governance of manufacturing platforms, capability reconstruction of SMMEs, digital col-

laborative innovation in industrial internet ecosystems, and dynamic capabilities in trans-

formation. 
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2.1. The Development and Governance of Manufacturing Platforms 

In the digital transformation era, manufacturing platforms have evolved into core 

systemic carriers driving industrial upgrading and cross-organizational collaboration [2]. 

The development of manufacturing platforms centers on R&D and manufacturing collab-

oration, which requires platforms to match differentiated market demands and establish 

stable supply–demand coordination mechanisms [11]. The core competitiveness of man-

ufacturing platforms lies in their scalable manufacturing capacity and ecological govern-

ance capability [12]. 

To attract embedded participants, platforms usually disclose operational and manu-

facturing information, adjust access thresholds, and optimize ecological entry barriers 

[13,14]. By empowering manufacturing capability, platforms consolidate the loyalty of 

upstream and downstream participants and expand the whole supply chain system. Re-

lying on information and technical resource endowments, platforms continuously absorb 

new participants and iterate R&D and manufacturing capabilities, forming obvious com-

petitive advantages over independent manufacturers [15]. Recent studies have further ex-

amined platform ecosystem governance, showing that revenue-sharing contracts and re-

source allocation rules fundamentally shape participant behavior and system stability. 

Within industrial internet ecosystems, governance mechanisms must adapt to the specific 

characteristics of manufacturing contexts. Despite these advances, the comparative gov-

ernance implications of different resource provision strategies remain insufficiently ex-

plored. 

Existing studies have also pointed out that internal spontaneous resources of plat-

forms are insufficient to satisfy the dual growth demands of platforms and participants 

[16]. The internal operation, R&D and manufacturing capabilities of participants are in-

terdependent with platform resource supply, which makes it necessary for platforms to 

provide supplementary fund and knowledge resources. Different resource types exert 

heterogeneous effects on organizational reconfiguration and capability growth [17]. Ac-

cordingly, it is necessary to further compare how fund and knowledge resources differ-

entially affect the capability reconstruction performance and equilibrium payoffs of both 

platforms and participants after resource investment. 

2.2. Capability Reconstruction of SMMEs 

Embedded in manufacturing platforms, SMMEs can acquire cross-organizational in-

formation and technical resources to optimize operational layouts. Resource-sharing plat-

forms help to reduce manufacturing costs, accelerate information transmission, and real-

ize internal–external resource integration for capability reconstruction [18,19]. Advanced 

technical resources can cut manufacturing costs, improve production efficiency and qual-

ity, and facilitate open innovation via collaborative R&D and manufacturing activities 

[20,21]. 

Providing fund support for a platform directly improves R&D input, optimizes man-

ufacturing performance and enhances profitability [22]. Furthermore, knowledge re-

source input can upgrade management modes, optimize manufacturing technologies, and 

strengthen environmental adaptability via internal capability iteration [23,24]. Such re-

source empowerment promotes organizational learning and reduces transformation risks 

[25]. 

A platform’s resources can be divided into spontaneous internal resources and con-

figurable supplementary resources, which generate differentiated reconstruction effects. 

Under identical resource cost conditions, how different resource types affect system effi-

ciency and capability reconstruction remains underexplored. This motivates the compar-

ative analysis of multi-resource reconstruction models for both platforms and SMMEs. 
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2.3. Digital Collaborative Innovation in Industrial Internet Ecosystems 

Recent research has highlighted the role of industrial internet platforms in enabling 

digital collaborative innovation among manufacturing firms [26]. Unlike generic digital 

platforms, industrial internet platforms coordinate complex production networks and fa-

cilitate joint R&D, process optimization, and knowledge co-creation among heterogene-

ous participants [27,28]. Through resource integration and capability reconstruction, the 

platform can help SMMEs alleviate resource constraints to a certain extent, and collabora-

tively accomplish synergistic innovation activities that would be difficult for enterprises 

to achieve when operating independently [29]. 

The literature on digital collaborative innovation further emphasizes the importance 

of platform orchestration in aligning diverse participants’ innovation efforts [30,31]. Plat-

forms that effectively manage knowledge flows, intellectual property allocation, and in-

novation incentives can accelerate the collective innovation cycle and enhance ecosystem-

level competitiveness [32,33]. However, the existing research has primarily focused on 

innovation outcomes rather than the underlying capability reconstruction processes 

through which SMMEs absorb and transform platform resources into innovation capacity. 

Moreover, the differential effects of heterogeneous resource inputs, fund resources and 

knowledge resources, on collaborative innovation efficiency have not been systematically 

compared. 

2.4. Dynamic Capabilities in Transformation (DC) 

Dynamic capability theory was initially proposed by Teece et al. [34]. The theory en-

ables organizations to reconstruct internal and external resource portfolios, enhance op-

erational flexibility, and rapidly adapt to the market [35]. Dynamic capabilities also sup-

port the efficient integration of internal and external information and effectively mitigate 

transformation risks [36–38]. 

In platform collaborative systems, dynamic capabilities govern the organizational 

business model iteration of SMMEs [39]. By absorbing and transforming platform re-

sources into hierarchical organizational capabilities, SMMEs can continuously improve 

transformation performance [40]. Dynamic capabilities provide a critical theoretical foun-

dation for exploring multi-path resource-capability reconstruction [25,41]. 

External information and business resources provided by platforms further assist op-

erational optimization based on dynamic capability. Knowledge resources help SMMEs 

iterate dynamic and hierarchical capabilities and improve the utilization efficiency of R&D 

and manufacturing resources [42,43]. Platform resources can significantly accelerate the 

digital transformation process and consolidate competitive advantages [44]. The existing 

literature confirms that platform-heterogeneous resources play a vital driving role in 

transformation from the dynamic capability perspective. 

2.5. Literature Summary and Research Gaps 

Previous studies have verified the feasibility of platform-dependent transformation. 

Embedding into manufacturing platforms enables SMMEs to integrate external resources, 

enhance manufacturing capability, and bridge resource and experience gaps in the trans-

formation process. 

However, three critical research gaps remain. First, prior literature has paid insuffi-

cient attention to the efficiency differentiation and equilibrium payoffs of capability re-

construction under different resource models. While existing studies acknowledge the en-

abling role of platform resources, few have formally compared how heterogeneous re-

source types differentially affect the reconstruction efficiency of both platforms and 

SMMEs. Second, a platform’s resources are subject to cost constraints, and the adaptive 
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matching between external resources and SMMEs’ capability endowments directly deter-

mines resource utilization efficiency. Yet, the equilibrium payoffs that define the feasible 

scope of mutually beneficial capability reconstruction have not been systematically delin-

eated. Third, recent advances in platform ecosystem governance and digital collaborative 

innovation have not been adequately integrated into the capability reconstruction litera-

ture, leaving a disconnect between governance mechanism design and resource-driven 

capability upgrading. 

Addressing these gaps, this paper offers three distinctive contributions. First, we for-

mally delineate the capability reconstruction, the feasible range within which capability 

reconstruction yields a net positive effect for both the platform and the SMME, thereby 

providing a novel theoretical construct for evaluating reconstruction feasibility. Second, 

we present a comparative efficiency analysis of three heterogeneous resource models 

Model (I), Model (II), and Model (III), systematically revealing how resource type and 

input intensity jointly determine reconstruction efficiency and equilibrium payoffs. Third, 

we integrate dynamic capability theory with game-theoretic modeling to establish a struc-

tured framework that connects resource heterogeneity, capability hierarchy, and equilib-

rium boundary conditions. On this basis, this study explores the resource supply thresh-

old of platforms under different models, analyzes the feasible equilibrium of profit margin 

and SMME pricing, compares the capability reconstruction of different resource models, 

evaluates the system efficiency of the three models, and provides optimal resource alloca-

tion and collaborative governance strategies for manufacturing platforms. 

3. Problem and Description of the Models 

This paper focuses on the capability reconstruction of SMMEs, with a particular em-

phasis on the influencing mechanism of resources provided by manufacturing platforms. 

By analyzing multiple capability reconstruction models and the internal knowledge trans-

fer process, this study explores how platform-endowed resources empower the digital 

transformation and capability upgrading of SMMEs. In the follow-up modeling and anal-

ysis, P  denotes the manufacturing platform and M  denotes SMMEs. 

3.1. Theoretical Mechanism 

Drawing on dynamic capability theory, this section establishes the theoretical ra-

tionale for why heterogeneous resources differentially affect specific capabilities in the 

platform–SMME collaborative system. Two fundamental theoretical distinctions under-

pin our parameterization: the hierarchical nature of dynamic capabilities and the differ-

ential resource intensity of capability development. 

(1) Knowledge resources and management capability: Knowledge resources, encom-

passing technical knowledge, market intelligence, and managerial expertise, are as-

sumed to primarily affect management capability rather than directly entering R&D 

or manufacturing functions. This assumption is grounded in three theoretical argu-

ments. First, from the perspective of capability hierarchy [45,46], management capa-

bility constitutes a higher-order dynamic capability responsible for sensing, orches-

trating, and transforming resources. Knowledge resources enhance the cognitive and 

coordinative processes, strategic decision-making, resource configuration, and or-

ganizational learning that define managerial capability, rather than directly generat-

ing physical outputs. Second, consistent with resource orchestration theory [47], 

knowledge resources require management capability as a mediating mechanism to 

be effectively structured, bundled, and leveraged into innovation and production ac-

tivities. Without this managerial intermediation, knowledge remains inert and can-

not be converted into R&D or manufacturing outcomes. Third, the exclusion of 
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knowledge resources from directly affecting R&D and manufacturing capabilities re-

flects the theoretical premise that knowledge-driven improvements in operational 

capabilities are necessarily indirect: they depend on managerial decisions about how 

knowledge is deployed, which specific technologies are pursued, and how produc-

tion processes are reorganized. Accordingly, in our model, knowledge resources ( K

) enter the production function of management capability (
1

M ), which subsequently 

serves as an input shaping R&D capability ( R ) and manufacturing capability (
2

M ). 

(2) Fund resources and R&D capabilities: In contrast, fund resources are assumed to di-

rectly affect R&D and manufacturing capabilities while being excluded from the pro-

duction function of management capability. This asymmetric treatment is justified by 

the distinct nature of these capabilities. R&D activities, such as equipment acquisi-

tion, experimental materials, and talent recruitment, and manufacturing activities, 

such as production line construction, process improvement, and quality control, are 

inherently capital-intensive, requiring substantial financial outlays for physical as-

sets, technology procurement, and operational scaling. This aligns with the seizing 

dimension of the dynamic capability framework [45], where fund investment is es-

sential for mobilizing tangible resources to execute R&D and manufacturing opera-

tions. Conversely, the exclusion of fund resources from directly enhancing manage-

ment capability is theoretically grounded in the capability development literature: 

management capability relies primarily on learning accumulation, experience refine-

ment, and the evolution of organizational routines, processes that are time-depend-

ent and cannot be directly purchased [45,46]. Financial investment alone cannot sub-

stitute for the experiential and cognitive foundations of higher-order dynamic capa-

bilities. Consequently, fund resources ( F ) directly enter the input functions of R&D 

capability ( R ) and manufacturing capability (
2

M ), rather than acting through man-

agerial capability. Therefore, the research questions arising from different transmis-

sion paths of knowledge and fund resources, along with their corresponding model 

transformation parameters, are presented in Table 1. 

Table 1. Mapping of research questions, theoretical rationale, and model parameterization. 

Research 

Question 
Theoretical Rationale Model Parameterization 

Resource het-

erogeneity 

Knowledge resources enhance cognitive and 

coordinative processes; fund resources fuel cap-

ital-intensive operational activities. 

Knowledge resource ( K ) 

and fund resource ( F ) as 

heterogeneous resource 

inputs. 

Capability re-

construction 

Capability reconstruction arise from path de-

pendence and the time-dependent nature of 

learning-based capabilities. 

Cost coefficient capability 

reconstruction (
k
c ); effi-

ciency coefficients on the 

different paths (  ,,, ). 

Heterogene-

ous paths un-

der dynamic 

capabilities 

Path of “knowledge–management capability”: 

Management capability (
1

M ) performs sensing 

and orchestrating functions; path of “funds-

R&D and manufacturing capabilities”: R&D 

( R ) and manufacturing (
2

M ) capabilities exe-

cute seizing and transforming activities. 

Hierarchical structure of 

management capability 

(
1

M ); R&D capability ( R ); 

and manufacturing capa-

bility (
2

M ). 

This differentiated transmission path reflects the distinct roles that heterogeneous re-

sources play in capability reconstruction and constitutes a core theoretical assumption 

underpinning our model. 
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3.2. Models Description 

This paper focuses on the capability reconstruction of SMMEs, with a particular em-

phasis on the influencing mechanism of resources provided by manufacturing platforms. 

By analyzing multiple-capability reconstruction models and the internal knowledge 

transfer process, this study explores how platform-endowed resources empower the dig-

ital transformation and capability upgrading of SMMEs. In the follow-up modeling and 

analysis, P  denotes the manufacturing platform, and M  denotes SMMEs. We assume 

that the market demand function is given by bpaq −= , where the retail price p  consists 

of two components: the M ’s pricing component w  and the P ’s profit margin m , such 

that the retail price is mwp += . The decision logic is as follows: the platform first deter-

mines its resource input (fund/knowledge) and profit margin, and then the SMME sets its 

pricing component. The sum of these two components constitutes the retail price. 

The platform naturally contributes to the transformation of SMMEs by providing 

high levels of information about both the internal and external environment in the manu-

facturing platform, as well as advanced digital technology for manufacturing and produc-

tion. Let T  represent the digital technology. This information can greatly enhance the 

management capability and manufacturing capability of these SMMEs. Let 1
M  and 2

M  

represent the management and manufacturing capability. Based on the concept of dy-

namic capabilities deduction [40], the internal information provided by the platform ena-

bles SMMEs to effectively reduce manufacturing costs and achieve improved efficiency. 

They are expressed as M
C  and 1

 . At the same time, the internal and external environ-

mental information directly contributes to enhancing the management capability of 

SMMEs [22], resulting in significant improvements; let 1
  represent this. When SMMEs 

undergo overall improvements and reconstruction, the efficiency of R&D will be hierar-

chically enhanced [48], and there are respective improvements, expressed as 2
  and 3

 . 

Additionally, the information of the platform, which influences the management capabil-

ity of SMMEs, will indirectly impact the order quantity with a coefficient expressed as 4
 . 

The technology of the platform has a direct impact on the manufacturing capability of 

SMMEs, resulting in an improvement in manufacturing efficiency [49]. In turn, this leads 

to a reduction in manufacturing costs for these SMMEs, thereby achieving an effect ex-

pressed as 1
 . When the manufacturing efficiency increases, consumers will also increase 

the order quantity, so that the original order quantity of SMMEs is q  and the increase 

ratio is 2
 . 

To attract SMMEs to enter the platform, the platform not only utilizes its own re-

sources but also actively provides additional resources [15,16]. The platform offers two 

options: providing a supporting fund for SMMEs [19] and enhancing their knowledge 

management capability through learning [23]. Let F   and K   respectively represent 

fund and knowledge. These options have different impacts on SMMEs; they have varying 

boosting effects and reconstruction capability under the natural boosting effect of the plat-

form. When the platform decides support SMMEs with funding, the fund provided di-

rectly impacts their R&D and manufacturing capability. Those resources can all help 

SMMEs to enhance their R&D and manufacturing equipment, thereby strengthening the 

path of “R&D–manufacturing” with ratios, expressed as 21
,  . Clearly, the fund re-

sources aim at enhancing the R&D and manufacturing capability of SMMEs, leading to 

capability reconstruction through robust manufacturing practices. When the platform 

chooses knowledge resources, SMMEs strengthen their management capability by em-

bracing the knowledge-sharing and integration capability of the platform, expressed as 

1


. In turn, it subtly improves their R&D and manufacturing processes, with influence 
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coefficients expressed as 2
  and 3

 . Knowledge management indirectly impacts the or-

der quantity by improving the management capability of SMMEs with an influence coef-

ficient expressed as 4
 . The capability reconstruction models that include knowledge re-

sources emphasize enhancing the knowledge-integration capability of SMMEs and foster-

ing internal innovation, with the ultimate goal of reconstructing and strengthening their 

overall capabilities. 

Based on the two types of resources, we have developed three comparison models. 

These models examine the paths of resource flow and capability reconstruction of SMMEs. 

Table 2 below presents the parameters and their respective meanings as they are used in 

our models. 

Table 2. Parameters and meanings. 

Parameters Meanings Parameters Meanings 

Players 

P  
The manufacturing plat-

form 
M  SMMEs 

Resource parameters 

 )()( ,: IIII FFF  
Fund resources under mod-

els (I), (III) 
 )()( ,: IIIII KKK  

Knowledge resources under 

models (II), (III) 

I  Information of P  T  Technology of P  

Capability parameters 

1
M  

Initial management capabil-

ity of M  
)(

1

)(

1

)(

1
,, IIIIII MMM  

Reconstructed management ca-

pability under models (I), (II), 

(III) 

R
 

Initial R&D capability of 

M  
)()()( ,, IIIIII RRR  

Reconstructed R&D capability 

under models (I), (II), (III) 

2
M  

Initial manufacturing capa-

bility of M  
)(

2

)(

2

)(

2
,, IIIIII MMM  

Reconstructed manufacturing 

capability under models (I), 

(II), (III) 

)10(
1

1




 

Effect coefficient of infor-

mation on manufacturing 

capability 10

,

,,

43

21










=






  

Path-specific effect coefficients 

on the capability reconstructed 

under the path of “infor-

mation–management–

R&D–manufacturing–retail” 

10

,

,,

43

21










=








 

Path-specific effect coeffi-

cients on the capability re-

constructed under path of 

“Knowledge–manage-

ment– R&D–manufactur-

ing” 

 
10

,
21



=




 

Path-specific effect coefficients 

on the capability reconstructed 

under path of “Technology– 

manufacturing–retail” 

 
10

,
21



=




 

Path-specific effect coefficients on the capability reconstructed under path 

of “Fund–R&D–manufacturing” 

Payoff parameters 

a  Market demand b  Price sensitivity coefficient 

c  
Fixed manufacturing cost of 

M  

)()()( ,, IIIIII qqq  
Orders of M  under models 

(I), (II), (III) 

)()()( ,, IIIIII ppp  
Retail price of M  under 

models (I), (II), (III) 
)()()( ,, IIIIII mmm  

profit margin of P  under 

models (I), (II), (III) 

)()()( ,, IIIIII www  
pricing component of M  

under models (I), (II), (III) 
TI

C
,

 Costs incurred when P  pro-

vides I and T 
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)()()( ,, III

M

II

M

I

M
CCC  

Post-reconstruction manu-

facturing cost of M  under 

models (I), (II), (III) 
10  k

k
 

Cost coefficient in the manu-

facturing process of recon-

struction 

k
c  Cost coefficient of knowledge resources 

The bold headings in Table 2 summarize different types of parameters. 

4. Model (I): Fund Resources 

The model of funding resources aims to enable SMMEs to enhance their capabilities 

through the provision of funds and the capability reconstruction of their R&D and manu-

facturing processes. In this regard, the analysis of the payment functions for both the plat-

form and the SMME is crucial, along with the examination of information and technology 

resource circulation during the funding process. This section also considers the equilib-

rium payoffs for both parties when the platform adopts the model of a fund to support 

SMMEs. Figure 1 illustrates the reconstruction path and the coefficients fund, information, 

technology resources and SMMEs. 

 

Figure 1. The reconstruction path of resources for SMME in F-BM. 

Drawing on the direct and indirect impacts of platform resources on SMMEs, we ex-

amine the path of capability reconstruction for SMMEs [19,21,24]. Primarily, the infor-

mation resources sourced from platform have a direct impact on SMMEs. Currently, the 

reconstructed management capability of SMMEs driven by the platform’s resources is 

given by 

IMM I )1(
11

)(

1
++=  (1) 

And the reconstructed R&D capability of SMMEs driven by the platform’s resources 

is given by 

)(

12

)(

1

)( )1()1( III MFRR  ++++=  (2) 

Additionally, the cost reduction and efficiency enhancement of SMMEs consist of 

four key components. These include the utilization of the information and technology of 

the platform and the improvement of the efficiency of the manufacturing process, and the 

calculation formula is 

)(

32112
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2
)1)(1()1()1( II RITMM  +++++++=  (3) 

The enhancement of manufacturing capability leads to a decrease in manufacturing 

costs for SMMEs. Assuming that capability and cost change uniformly and in opposite 

directions, the manufacturing costs after the reconstruction of SMMEs are reduced to 

ckMC II

M
+−= )(

2

)(

 (4) 
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Obviously, 
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2

0
IM

c
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 . After capability reconstruction, the payoff function of 

SMMEs is significantly improved and optimized, as follows: 
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qCw  ++−=  (5) 

After assisting the capability reconstruction of SMMEs, the payoff function of plat-

form is greatly improved and optimized, as follows: 
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Solution steps in Model (I): 

Step 1: Through the backward induction method, the platform first determines the 

equilibrium resources and equilibrium profit margin in Model (I). Since the Hessian ma-

trix exists 
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, the platform’s equilibrium solution in Model (I) 

exists and is unique. From this step, through 
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)(Im  into Equation (5), the SMME then determines the equilibrium pric-

ing component 
)( Iw  in step 2. 
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The equilibrium solutions are presented in detail in Theorem 1. 

Theorem 1. In Model (I), the optimal solutions are as follows: 
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The retail price formed by combining these two price components is calculated as 

)1)(1)(1)(1)(1(

1
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 , and the equilibrium demand is calculated as 
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q I

 . According to the equilibrium analysis, when the 

platform provides fund resources, the required profit margin decreases as fund utilization 

efficiency increases. This inverse relationship arises from an economic substitution mech-

anism: higher fund utilization efficiency enables the SMME to generate greater capability 

improvement and revenue per unit of fund input, expanding the total revenue base. The 
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platform can thus maintain its absolute payoff while lowering its per-unit margin, as the 

larger profit margin compensates for the reduced margin rate. A parallel logic applies to 

the SMME’s pricing component: as fund utilization efficiency improves, the SMME’s unit 

reconstruction cost declines, allowing it to reduce its pricing component without eroding 

its payoff. Consequently, both price components decline, lowering the retail price and 

stimulating market demand. This mechanism reveals that fund utilization efficiency 

serves as a strategic lever for aligning both parties’ interests: the platform benefits from 

expanded revenue volume, the SMME from reduced operational costs, and consumers 

from lower prices. 

Further analysis of the trend in partial derivatives leads to two inferences, Inference 

1 and Inference 2. 

Inference 1. In Model (I), the partial derivatives of the price-related optimal solutions with respect 

to the capability reconstruction coefficient guided by fund resources and price sensitivity coefficient 

are as follows: 
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Inference 1 indicates that under Model (I), the platform’s profit margin, the SMME’s 

pricing component, and the retail price all decrease as the price sensitivity coefficient rises. 

This trend arises from a profit squeeze effect induced by heightened price sensitivity: 

when the market becomes more responsive to price changes, the SMME is compelled to 

lower its pricing to sustain demand, and the platform’s profit margin is simultaneously 

compressed. The combined effect drives the retail price persistently downward. 

Regarding the two capability reconstruction coefficients in the fund resource model, 

the capability reconstruction coefficient of “fund–R&D” ( 1
 ) and the capability recon-

struction coefficient of “R&D–manufacturing” ( 2
 ) under the fund resource, the SMME’s 

pricing component increases as both coefficients increase, the platform’s profit margin de-

creases as both coefficients increase, and the retail price increases as both coefficients in-

crease. This differentiated trend is rooted in the double-edged sword effect of capability 

improvement: enhanced transmission efficiency in both paths strengthens the SMME’s 

product value and market competitiveness, supporting an expanded pricing space and 

driving the SMME’s pricing component and the retail price upward. However, the 

SMME’s increased pricing power simultaneously enhances its bargaining position, leav-

ing the platform relatively disadvantaged in profit distribution and forcing it to accept a 

lower profit margin. This asymmetric distribution of benefits reflects a structural contra-

diction inherent in the fund-driven model: as the SMME’s capabilities grow stronger, the 

platform’s per-unit profit margin becomes increasingly thin. 

Inference 2. In Model (I), the partial derivatives of the optimal solutions with respect to the capa-

bility reconstruction coefficient guided by information and technology are as follows: 
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Inference 2 indicates that in Model (I), an increase in the capability reconstruction 

coefficient of the platform’s information and technology resources on the SMME’s manu-

facturing capability leads to a decrease in the platform’s equilibrium fund, while both the 

payoffs of both the SMME and the platform increase. This trend arises from the efficiency 

substitution effect of information and technology resources: when the platform’s infor-

mation and technology resources can be more effectively converted into the SMME’s man-

ufacturing capability, the SMME’s dependence on fund resources diminishes. The plat-

form can therefore reduce fund input and reallocate resources toward information and 

technology empowerment, which exerts a greater leverage effect. Simultaneously, the im-

provement in the SMME’s manufacturing capability directly enhances production effi-

ciency and product competitiveness, expanding the revenue base for both parties and en-

abling the platform to achieve higher returns despite reduced fund input. 

However, as the platform’s technology resources indirectly affect the capability coef-

ficient of retail through manufacturing capability, a chain of reactions emerges across the 

equilibrium variables. The SMME’s pricing component rises because the improved trans-

mission efficiency from manufacturing to retail enhances product market value and dif-

ferentiation, providing the SMME with greater pricing space. The platform’s profit margin 

decreases because the SMME’s strengthened retail-side capability further elevates its bar-

gaining position, weakening the platform’s power in profit distribution. The retail price 

rises, which reflects the pass-through of added product value generated by dual-efficiency 

improvements in manufacturing and retail to the final price. The equilibrium fund value 

declines, indicating that the technology resources’ indirect pull on retail capability further 

substitutes for the need for fund input. Equilibrium demand decreases, driven by the 

dampening effect of higher retail prices on price-sensitive consumers. Ultimately, the 

SMME’s payoff decreases while the platform’s payoff increases. This divergent outcome 

reveals a benefit transfer effect when technology resources transmit to the retail end: alt-

hough the SMME gains stronger market capabilities, the demand contraction caused by 

the retail price increase exerts a greater negative impact on its payoff than the positive 

effect of pricing enhancement. The platform, by contrast, benefits from the substantial re-

duction in fund input and its share of the SMME’s sales revenue, achieving a net payoff 

gain amid this structural adjustment. 

Based on a thorough analysis of equilibrium and trends, the following conclusions 

can be drawn: 

Conclusion 1. Fund utilization efficiency acts as a strategic lever: higher efficiency simultaneously 

reduces the platform’s profit margin and the SMME’s pricing component while expanding the 

revenue base, creating a triple-win outcome. 

Conclusion 2. Capability transmission along the chain of “fund–R&D–manufacturing” exhibits 

a double-edged sword effect: the SMME gains pricing power as capabilities improve, but the plat-

form’s profit margin is progressively compressed by the SMME’s enhanced bargaining position. 

Conclusion 3. Information and technology resources generate an efficiency substitution effect, 

reducing fund input needs while expanding payoffs; however, their indirect transmission to the 

retail triggers a benefit transfer from the SMME to the platform. 

5. Model (II): Knowledge Resources (L-TM) 

This section focuses on the platform’s knowledge-sharing and management mecha-

nism for SMMEs. The platform regards knowledge as its core resource, assisting SMMEs 

in their transformation and upgrading. In this model, knowledge directly influences the 

management capability of SMMEs, enhances their manufacturing level, and propels them 
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toward a higher path of development. The flowchart in Figure 2 illustrates the specific 

capability reconstruction paths and their coefficients during this transformation process. 

 

Figure 2. The reconstruction path of resources on SMME in L-TM. 

In L-TM, the knowledge-sharing and circulation on the platform result in a cost co-

efficient of knowledge sharing. This cost coefficient increases as the knowledge circulation 

increases. The calculation formula of management capability of SMME under the direct 

influence of platform information and knowledge is 
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The R&D capability is directly influenced by the management capability, resulting in 

a reconstructed R&D capability, expressed as follows: 
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The manufacturing capability is influenced by technology, information, and R&D ca-

pability. R&D capability, including the indirect factors of knowledge and information, 

also is one of the key factors. Taking into account these four components, the recon-

structed manufacturing capability is 
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Similarly, in Model (II), the SMME will experience cost reduction due to enhanced 

manufacturing capability, resulting in a cost reduction in Equation (9) after the capability 

improvement, as follows: 
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c
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. Under this circumstance, the payoff function of the restruc-

tured SMME is as follows: 
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The payoff function of the platform after implementing knowledge sharing is as fol-

lows: 
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Solution steps in Model (II): 
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Step 3: Through the backward induction method, the platform first determines the 

equilibrium resources and equilibrium profit margin in Model (II). Since the Hessian ma-

trix exists 
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, the platform’s equilibrium solution in Model (II) 

exists and is unique. From this step, through 
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for equilibrium resources 
)( IIK  and equilibrium profit margin 

)( IIm  are obtained. Sub-

stituting the 
)( IIK , 

)( IIm  into Equation (11), the SMME then determines the equilibrium 

pricing component 
)( IIw  in step 4. 
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exists and is unique. Through 
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w , the equilibrium pricing 
)( IIw  is obtained. Sub-

stituting the equilibrium pricing back into the 
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)( IIm  and Equations (11) and (12) 

yields all equilibrium solutions 
)( IIK , 

)( IIm , 
)( IIp
, 

)( IIq
. 

Theorem 2 is derived through equilibrium calculation and analysis. 

Theorem 2. In Model (II), the optimal solutions are as follows: 
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From the equilibrium results, we can derive the equilibrium retail price and the equi-

librium demand order quantity, which are expressed as follows: 
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From these equilibrium results, we can derive their associated trends. Further analysis of 

the trend in partial derivatives leads to two additional inferences, namely Inference 3 and 

Inference 4. 

Inference 3. In Model (II), the partial derivatives of the price-related optimal solutions with re-

spect to the capability reconstruction coefficient guided by knowledge resources, price sensitivity 

coefficient and dynamic capability are as follows: 
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Inference 3 indicates that in Model (II), an increase in the price sensitivity coefficient 

leads to a decrease in the SMME’s pricing component and the retail price, while the plat-

form’s profit margin exhibits a trend of first decreasing and then increasing. This U-

shaped trend arises from the threshold effect of knowledge resource accumulation. In the 

early path of rising price sensitivity, the SMME is compelled to lower its pricing to sustain 

demand, and the platform’s profit margin is simultaneously compressed. However, once 

the price sensitivity coefficient surpasses a certain threshold, the knowledge resources 

continuously invested in the earlier period begin to generate significant efficiency gains. 

The SMME’s management capability and manufacturing efficiency are substantially im-

proved, and the reduction in unit costs outpaces the decline in pricing, allowing the plat-

form’s profit margin to recover after the initial compression. 

The four coefficients along the knowledge resource capability reconstruction paths 

exhibit similar trends in price equilibrium: when the four coefficients increase, the 

SMME’s pricing component and the retail price decrease, while the platform’s profit mar-

gin increases. This trend is rooted in the cost-saving effect driven by efficiency improve-

ments across the entire knowledge transmission chain. The enhanced transmission effi-

ciency across the four paths, from knowledge to management, management to R&D, R&D 

to manufacturing, and manufacturing to retail, systematically reduces the SMME’s oper-

ational costs, enabling it to lower pricing to expand market demand while maintaining a 

healthy profit margin. The platform, as the profit margin setter, can raise its margin rate 

without undermining the SMME’s willingness to participate, benefiting from both the 

SMME’s improved cost structure and expanded sales volume. 

When the dynamic capability-driven reconstruction coefficient of the platform’s in-

formation on the SMME’s management capability increases, the SMME’s pricing compo-

nent and the retail price decrease, while the platform’s profit margin increases. This trend 

reflects the cost-free efficiency enhancement characteristic of the information to manage-

ment conversion efficiency. When the SMME can more effectively convert the platform’s 

information resources into management capability, its internal coordination costs and de-

cision-making efficiency are improved, thereby reducing overall operational costs with-
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out relying on additional resource input. This purely efficiency-driven cost reduction al-

lows the SMME to lower pricing while maintaining payoff growth, while the platform 

achieves higher profit margin returns due to the SMME’s expanded sales volume and op-

timized cost structure. 

Inference 4. In Model (II), the partial derivatives of the optimal solutions with respect to the ca-

pability reconstruction coefficient guided by information and technology are as follows: 
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Inference 4 indicates that in Model (II), as the coefficient of the platform’s information 

on the SMME’s manufacturing capability, the coefficient of the platform’s technology on 

the SMME’s manufacturing capability, and the coefficient of the SMME’s manufacturing 

indirectly affecting retail under the influence of the platform’s technology all increase, the 

SMME’s pricing component decreases, the platform’s profit margin increases, the retail 

price decreases, knowledge resource input increases, demand increases, and both the 

SMME’s and the platform’s payoffs increase. This synergistic growth trend is rooted in 

the full-chain efficiency enhancement mechanism driven by knowledge resources. When 

the platform’s information and technology resources can be more effectively converted 

into the SMME’s manufacturing capability, the SMME’s production efficiency and prod-

uct quality improve and unit manufacturing costs decline. This cost advantage enables 

the SMME to lower pricing to expand market share without sacrificing its own payoff. 

The improvement in manufacturing capability further enhances retail efficiency indirectly 

through technology transmission, reducing the distribution costs from manufacturing to 

market and driving the retail price further downward. 

While pricing and the retail price decline, the platform is able to raise its profit margin. 

This seemingly paradoxical phenomenon arises because the magnitude of cost reduction 

outpaces the magnitude of price reduction. The SMME’s improved operational efficiency 

significantly lowers total costs, and even at a lower retail price, the profit space available 

for sharing between both parties actually expands. Knowledge resource input increases 

because, within this virtuous cycle, the marginal return on knowledge resources continues 

to rise. Each unit of knowledge input generates greater output effects through the more 

efficient manufacturing and retail transmission chain. Demand increases, directly benefit-

ing from the enhanced attractiveness of lower retail prices to consumers. Ultimately, both 

the SMME’s and the platform’s payoffs increase: the SMME benefits from the dual pull of 

cost reduction and sales volume expansion, while the platform benefits from a higher 

profit margin and increased sharing revenue from the SMME’s sales growth. This mech-

anism reveals the synergistic logic of efficiency improvement and benefit distribution un-

der the knowledge resource model: improvements in full-chain transmission efficiency do 

not redistribute existing value between the two parties, but rather create incremental 

value for both to share by reducing costs, expanding the market, and raising resource re-

turns. 

Based on a thorough analysis of equilibrium and trends, the following conclusions 

can be drawn. 
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Conclusion 4. Under the knowledge resource model, price sensitivity triggers a U-shaped profit 

margin recovery: once knowledge accumulation surpasses a threshold, cost reduction outpaces price 

decline, enabling the platform’s margin to rebound. 

Conclusion 5. Knowledge transmission across the four-path chain generates synergistic growth: 

efficiency improvements simultaneously lower prices and costs while expanding demand and both 

parties’ payoffs, creating incremental value rather than redistributing existing value. 

6. Model (III): Fund and Knowledge Resources (F and L-BM) 

In the context of comprehensive fund and knowledge, leveraging resources can 

greatly enhance the capability of SMMEs. However, if the cost of providing these two 

resources separately is equal, collaborating between them becomes too expensive for the 

platform. Hence, when offering both resources together, the platform cost should be taken 

into account, as illustrated in Figure 3. 

 

Figure 3. The effect path of resources on SMME in F&L-BM. 

In this model, the management capability of SMME is directly impacted by both in-

formation and knowledge resources. The resources further influence the reconstruction of 

management resulting in management capability; the function is 
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The R&D capability of SMME is directly impacted by fund resources provided by the 

platform and indirectly influenced by the reconstructed management capability. As a re-

sult, the function of enhanced R&D capability is 
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The manufacturing capability of SMME is influenced directly by information and 

technology resources, indirectly by fund through R&D capability, and indirectly by infor-

mation and knowledge resources through the path of “management–R&D–manufactur-

ing”. The function of reconstructed manufacturing capability of SMME is as follows, 
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The manufacturing capability of SMME is directly influenced by the four resources 

provided by the platform. There is a reduction factor, as follows, 
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. Under these circumstances, the payoff function following 

the capability reconstruction of SMME is as follows: 
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The payoff function of platform is as follows: 
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Solution steps in Model (III): 

Step 5: Through the backward induction method, the platform first determines the 

equilibrium resources and equilibrium profit margin in Model (III). Since the Hessian ma-

trix exists 
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the platform’s equilibrium solutions in Model (III) exists and is unique. From this step, 

through 
0

)(

)(

)(

)(

)(

)(

=



=




=




III

III

P

III

III

P

III

III

P

FKm  , the response functions for equilibrium resources 
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)( IIIF   and equilibrium profit margin 
)( IIIm   are obtained. Substituting the 

)(IIIK  , 
)( IIIF , 

)( IIIm  into Equation (17), the SMME then determines the equilibrium pricing com-

ponent 
)( IIIw  in step 6. 
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exists and is unique. Through 
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)( IIIm  and Equations (17) and 

(18) yields all equilibrium solutions 
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)( IIIF , 
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Theorem 3 can be derived through calculation and analysis. 

Theorem 3. In Model (III), the optimal solutions are as follows: 
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From the equilibrium results, we can derive the equilibrium retail price and the equi-

librium demand order quantity, which are expressed as follows: 
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and from these equilibrium results, we can derive their associated trends. Further analysis 

of the trend in partial derivatives leads to the following inferences, Inference 5 and Infer-

ence 6. 

Inference 5. In Model (III), the partial derivatives of the price-related optimal solutions with re-

spect to the capability reconstruction coefficient guided by knowledge and fund resources, price 

sensitivity coefficient and dynamic capability are as follows: 
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Inference 5 indicates that in Model (III), as the price sensitivity coefficient increases, 

the SMME’s pricing component, the platform’s profit margin, and the retail price all de-

crease. This trend arises from the dual profit squeeze effect under the hybrid resource 

model. Rising price sensitivity forces the SMME to lower its pricing to maintain market 

competitiveness, and the platform’s profit margin is simultaneously compressed. Unlike 

the fund model or the knowledge model, the simultaneous provision of both resource 

types in the hybrid model creates a larger cost base, making the erosion of profit space by 

price declines more direct and comprehensive. An increase in the information to manage-

ment capability coefficient under the influence of dynamic capabilities leads to an increase 

in the SMME’s pricing component and the retail price. This trend arises from the value 

creation effect of dynamic capabilities: when the SMME more efficiently converts the plat-

form’s information resources into managerial capability, its coordination efficiency and 
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decision-making quality improve, and product value added increases, thereby supporting 

a larger pricing space. This efficiency gain originates from the optimization of the SMME’s 

internal capabilities and reflects the pass-through of enhanced product value added to the 

final price, rather than a shift in the bargaining dynamics between the two parties. 

As the fund to R&D capability coefficient and the R&D to manufacturing capability 

coefficient under the influence of fund resources increase, the SMME’s pricing component 

increases, the platform’s profit margin decreases, and the retail price increases. This trend 

reflects the capability upgrading and benefit redistribution logic under the fund-driven 

mechanism. Enhanced fund transmission efficiency in both paths strengthens the SMME’s 

product development capability and manufacturing level, supporting an expanded pric-

ing space and driving the SMME’s pricing component and the retail price upward. How-

ever, the SMME’s enhanced bargaining position resulting from capability improvement 

leaves the platform relatively disadvantaged in profit distribution. With stronger manu-

facturing and R&D capabilities, the SMME can demand more favorable cooperation terms, 

forcing the platform to accept a lower profit margin. 

As the four coefficients along the knowledge resource capability reconstruction paths 

increase, the SMME’s pricing component and the retail price rise, while the platform’s 

profit margin is only related to the latter two coefficients and decreases as these two coef-

ficients increase. This asymmetric effect reveals the path-specific differentiation of benefit 

distribution along the knowledge transmission chain. When the first two path coefficients 

improve, the SMME’s internal management efficiency and innovation conversion capabil-

ity are enhanced. However, these upstream improvements primarily manifest as internal 

cost savings and do not directly alter the bargaining dynamics between the SMME and 

the platform, leaving the platform’s profit margin unaffected. When the latter two path 

coefficients improve, the SMME’s manufacturing and market-oriented capabilities are sig-

nificantly strengthened, directly elevating its bargaining position and external market 

competitiveness. The SMME can therefore demand a greater share of the profit space from 

the platform, leading to a decline in the platform’s profit margin. This divergence implies 

that, in the hybrid resource model, the platform can share the gains from efficiency im-

provements with the SMME at the upstream paths of knowledge transmission, but faces 

profit distribution pressure at the downstream paths as the SMME’s capabilities grow 

stronger. 

Inference 6. In Model (III), the partial derivatives of the optimal solutions with respect to the 

capability reconstruction coefficient guided by information and technology are as follows: 
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Inference 6 indicates that the “information–manufacturing” and “technology–manu-

facturing” capability coefficients only affect the equilibrium fund and both parties’ pay-

offs. As these two coefficients increase, the fund decreases while both the SMME’s and the 

platform’s payoffs increase. This trend arises from the efficiency substitution and value 

creation effects: when the platform’s information and technology resources are more effi-

ciently converted into the SMME’s manufacturing capability, the SMME’s dependence on 

fund input diminishes, while improved production efficiency and product quality expand 

both parties’ payoffs. Notably, these two coefficients do not directly affect pricing or profit 
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margins, indicating that value creation occurs through internal efficiency gains and re-

source substitution rather than through redistributing benefits between the parties. 

As the manufacturing-to-retail capability coefficient under the influence of infor-

mation increases, the SMME’s pricing component and the retail price rise, while the plat-

form’s profit margin, fund value, demand, and the SMME’s payoff all decrease. Only the 

platform’s payoff increases. This chain of reactions reveals a structural benefit transfer at 

the retail end. When “manufacturing–retail” transmission efficiency improves, the 

SMME’s products enter the market with higher added value, driving up the pricing com-

ponent and the retail price. However, the higher retail price suppresses demand from 

price-sensitive consumers, and the resulting demand contraction outweighs the positive 

effect of pricing enhancement on the SMME’s total payoff, causing its payoff to decline. 

The platform, by contrast, benefits from the expanded profit margin base due to the higher 

retail price and from reduced fund input due to the SMME’s enhanced manufacturing 

capability. The combined effect of a larger revenue base and lower resource costs enables 

the platform to achieve a net payoff gain despite a declining profit margin rate. This di-

vergent outcome indicates that the downstream transmission of manufacturing capability, 

while enhancing the SMME’s market competitiveness, triggers a structural transfer of ben-

efits from the SMME to the platform. 

Based on thorough analysis of balance and trend, we can draw the following conclu-

sions: 

Conclusion 6. Under the hybrid model, price sensitivity triggers a dual profit squeeze due to the 

larger combined cost base, while dynamic capability improvements generate value creation through 

internal efficiency gains rather than redistributing benefits. 

Conclusion 7. Fund-driven capability transmission strengthens the SMME’s pricing power but 

compresses the platform’s profit margin through enhanced SMME bargaining position; knowledge-

driven transmission exhibits path-specific effects, where upstream paths create shared gains while 

downstream paths shift bargaining power toward the SMME. 

Conclusion 8. The transmission efficiency of “manufacturing–retail” triggers a structural benefit 

transfer: the SMME gains pricing power but loses net payoff due to demand contraction, while the 

platform benefits from reduced fund input and an expanded revenue base. 

7. Numerical Simulation Analysis 

This section analyzes the relationships between decision variables and the benefits of 

all parties by assigning values to relevant variables and comparing three resource models, 

thereby providing a theoretical foundation for model decisions. The model parameters 

are assigned as shown in Table 3. 

Table 3. Baseline parameters for numerical experiments. 

Parameters Baseline Rationale 

( TI , ) (4, 3) The information and technology resources of platform 

( 21
,, MRM ) (3, 4) 

Initial management capability, R&D capability and manu-

facturing capability of SMME 

1
  0.3 

Capability reconstruction coefficient of information on 

manufacturing capability; the value range is (0, 1) 












43

21

,

,,




 (0.4, 0.3, 0.2, 0.3) 

The four paths: capability reconfiguration coefficients of 

information on ”information–management capability”, 
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“management capability–R&D capability”, “R&D capa-

bility–manufacturing capability”, “manufacturing capa-

bility–retail”; the value range of per path is (0, 1) 












43

21

,

,,




 (0.3, 0.4, 0.3, 0.4) 

The three paths: capability reconfiguration coefficients of 

knowledge on ”knowledge–management capability”, 

“management capability–R&D capability”, “R&D capa-

bility–manufacturing capability”; the value range of per 

path is (0, 1) 

( 21
, ) (0.4, 0.5) 

The two paths: capability reconfiguration coefficient of 

knowledge on ”technology–manufacturing capability”, 

“manufacturing capability–retail”; the value range of per 

path is (0,1) 

( 21
, ) (0.3, 0.4) 

The two paths: capability reconfiguration coefficient of 

knowledge on ”fund–R&D capability”, “R&D capabil-

ity–manufacturing capability”; the value range of per 

path is (0, 1) 

( ba, ) (100, 0.2) 

The scale of demand and sensitivity coefficient of price to 

demand; the value range of the sensitivity coefficient is (0, 

1) 

( cC
TI
,

, ) (2, 2) 
The platform’s fixed information and technology cost and 

SMME’s fixed manufacturing cost 

( kc
k
, ) (0.5, 0.5) 

The cost coefficient of knowledge resources and the cost 

reduction coefficient of capability reconstruction for 

SMMEs; the value range is (0, 1) 

7.1. Comparison of Resource Input in the Three Models 

In this subsection, we discuss the investment trends of fund resources and 

knowledge resources in the three models under the influence of different capability coef-

ficients. 

As shown in Figure 4, as the dynamic capability coefficient increases, the resource 

input levels across the three models exhibit a clear hierarchical pattern. Knowledge re-

source input under Model (II) remains the highest throughout, followed by that under 

Model (III), while fund resource input under Model (III) exceeds that under Model (I). 

This indicates that dynamic capability improvement reinforces the resource input ad-

vantages of each model: Model (II) maintains leadership in knowledge provision, while 

Model (III) compensates for its intermediate positioning through higher fund resource 

input. 

 

Figure 4. The impact of dynamic capability coefficients 1


 on resource investment under the three 

models. 
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This hierarchical structure reflects a fundamental alignment logic between the 

SMME’s capabilities and the platform’s resource model. The underlying mechanism is 

revealed through the partial derivative analysis of the equilibrium resource input with 

respect to the dynamic capability coefficient. As the dynamic capability coefficient in-

creases, the marginal return on knowledge resources rises while the marginal return on 

fund resources declines. This divergence occurs because dynamic capability governs the 

SMME’s absorptive capacity: when dynamic capability is low, the SMME’s capability to 

convert knowledge into capability improvement is limited, making fund resources, which 

operate through direct investment in equipment and processes, a more reliable driver of 

near-term gains. This explains the practical viability of fund models like RootCloud’s 

equipment-centric approach for SMMEs at early capability paths. As dynamic capability 

matures, the SMME’s absorptive capacity strengthens, raising the marginal return on 

knowledge resources. Fund resources, by contrast, encounter diminishing returns because 

their productivity depends on the SMME’s existing operational efficiency, which is in-

creasingly constrained by managerial and innovation bottlenecks that only knowledge 

can address. The platform’s optimal strategy can therefore be derived from the sign 

change in the partial derivative of its payoff with respect to the resource model: when the 

dynamic capability coefficient lies below a critical threshold, the derivative favors Model 

(I) or Model (III); once the threshold is crossed, it shifts to favor Model (II). This structural 

shift explains why platforms such as COSMOPlatt, with their deep knowledge reposito-

ries, deliver greater value to SMMEs with stronger absorptive capacity, while Mind-

Sphere’s hybrid model offers a transitional pathway for SMMEs moving between paths. 

The practical implication is that the platform’s model choice should not be static but 

should co-evolve with the SMME’s dynamic capability. The SMME with an early capabil-

ity path should engage with platforms offering fund or hybrid support to establish oper-

ational foundations; as dynamic capability matures, it should progressively transition to-

ward knowledge support to capture the higher marginal returns that knowledge re-

sources offer at advanced capability levels. The platform, in turn, should monitor the dy-

namic capability coefficient of its SMME base and adjust its service mix accordingly. 

As shown in Figure 5, as the price sensitivity coefficient increases, the resource input 

levels across the three models exhibit clearly differentiated trends. Knowledge resource 

input under Model (II) rises continuously and remains the highest, while that under 

Model (III) stays at a moderate level. Regarding fund resource input, when price sensitiv-

ity is low, fund input under Model (III) exceeds that under Model (I); however, as price 

sensitivity rises further, fund input under Model (III) falls slightly below that under Model 

(I). This reversal indicates that price sensitivity fundamentally reshapes the relative effi-

ciency of hybrid versus pure resource provision. 

 

Figure 5. The impact of retail price sensitivity coefficient b  on resource investment under the three 

models. 
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The mechanism driving this reversal is revealed through the partial derivative of 

equilibrium resource input with respect to the price sensitivity coefficient. The derivative 

analysis shows that the marginal cost of resource diversification, defined as the additional 

coordination and allocation expense required to maintain both fund and knowledge re-

sources in the hybrid model, increases monotonically with the price sensitivity coefficient. 

When price sensitivity is low, the market tolerates a wider range of price points, and the 

SMME can pass through a portion of its costs to customers. Under these conditions, the 

hybrid model’s dual resource provision creates a portfolio benefit: fund resources support 

immediate operational needs while knowledge resources build long-term capability, and 

the costs of maintaining both can be absorbed without severely eroding competitiveness. 

The sign of the partial derivative indicates that the portfolio benefit outweighs the diver-

sification cost in this range. However, as price sensitivity rises, the market penalizes any 

cost inefficiency reflected in the retail price. The hybrid model’s dual resource structure, 

by its nature, carries higher coordination and allocation costs compared with pure models 

that specialize in a single resource type. These additional costs, when transmitted to the 

retail price, become increasingly detrimental as customers grow more price-sensitive. The 

partial derivative changes sign at a critical threshold of the price sensitivity coefficient, 

marking the point where the diversification cost overtakes the portfolio benefit. This ex-

plains the observed shift: at high price sensitivity, the pure models, Model (I) for cost min-

imization or Model (II) for capability differentiation, outperform the hybrid model be-

cause their specialized structures avoid the coordination premium that the hybrid model 

must bear. The platform can therefore determine the optimal model by evaluating 

whether the current price sensitivity coefficient lies above or below this threshold. The 

practical implication is that the hybrid model’s advantage is conditional on moderate mar-

ket price sensitivity. In markets with consistently low price sensitivity, the hybrid model 

offers the most versatile support. In highly price-sensitive markets, the platform should 

unbundle its offerings and guide SMMEs toward the model of a single resource aligned 

with their strategic priority: cost leadership through Model (I) or differentiation through 

Model (II). The SMME should accordingly assess its market’s price sensitivity trajectory 

and pre-emptively align its capability strategy with the model that will prove most effi-

cient as market conditions evolve. 

As shown in Figure 6, under Model (I), the growth rate of fund resource input with 

respect to the capability coefficient of “R&D–manufacturing” is slightly higher than that 

with respect to the coefficient of “fund–R&D”, indicating that manufacturing-side trans-

mission efficiency exerts a stronger pull on fund input. The three models maintain a stable 

hierarchical pattern: knowledge input under Model (II) is the highest, followed by 

knowledge input under Model (III), then fund input under Model (III), while fund input 

under Model (I) remains the lowest. The stronger pull of the path of “R&D–manufacturing” 

on fund input is explained by the distinct cost structures of the two transmission paths, 

which can be formally captured through the partial derivatives of equilibrium fund input 

with respect to each path-specific coefficient. The derivative with respect to the second-

path coefficient exceeds that with respect to the first-path coefficient, reflecting the higher 

marginal resource requirement of manufacturing capability improvement. The path of 

“fund–R&D” involves investment in innovation activities, including equipment for exper-

iments, specialized talent, and prototype development, where costs are relatively con-

tained and the output is knowledge-intensive. The path of “R&D–manufacturing”, by 

contrast, involves scaling proven innovations into production systems: building or recon-

figuring production lines, implementing quality control systems, and training manufac-

turing personnel at scale. These activities are far more fund-intensive because they require 

physical infrastructure, tooling, and process standardization across entire production fa-

cilities. Moreover, the marginal cost of improving transmission of “R&D–manufacturing” 
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is structurally higher because each unit of improvement demands not just incremental 

adjustments but often discrete investments in new equipment or line reconfiguration. The 

larger partial derivative for the second path reflects this structural cost differential: the 

platform must commit disproportionately greater fund resources to move the manufac-

turing transmission needle compared with the R&D transmission needle. 

 

Figure 6. The impact of the capability coefficient related to fund resources on resource investment 

under the three models. 

The stable hierarchical pattern across the three models reflects a deeper complemen-

tarity logic that follows from the first-order conditions of the platform’s optimization 

problem. The platform’s optimal resource allocation across models is determined by the 

relative magnitude of the marginal returns on knowledge versus fund resources at each 

transmission path. Model (II)’s knowledge dominance addresses the upstream innovation 

bottleneck, where the marginal return on knowledge is highest; Model (I)’s fund provision 

targets the downstream scaling bottleneck, where the marginal return on fund input peaks; 

Model (III) occupies the middle ground by servicing both, though at lower intensity in 

each, because its marginal returns are distributed across both resource types. This division 

of labor implies that the platform’s choice among models should be guided by the specific 

transmission path where the SMME’s bottleneck lies. A bottleneck at the path of “fund–

R&D” calls for Model (II) to supply the knowledge necessary for innovation; a bottleneck 

at the path of “R&D–manufacturing” calls for Model (I) to supply the fund necessary for 

scaling. The SMME should therefore diagnose its primary capability gap by a transmis-

sion path and select the platform model that directs resources toward that specific bottle-

neck, rather than pursuing generic capability upgrading across all paths simultaneously. 

As shown in Figure 7, within the four-path path of knowledge resource transmission 

to capabilities, improvements in the capability coefficients at different paths exert differ-

entiated effects on the resource input levels of the three models. The partial derivatives of 

equilibrium knowledge resource input with respect to each path-specific coefficient reveal 

a declining marginal return along the transmission chain. The derivative with respect to 

the first-path coefficient is the largest, because the path of “knowledge–management” 

governs the entry point of the entire chain: improvements here create a multiplier effect 

that propagates through all downstream paths. The derivative declines progressively, 

with the path of “manufacturing–retail” exhibiting the smallest marginal effect, because 

downstream paths operate on knowledge already filtered by upstream processes. 
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Figure 7. The impact of the capability coefficient related to knowledge resources on resource invest-

ment under the three models. 

The path of “R&D–manufacturing” exhibits a threshold-driven reversal. When this 

coefficient is low, the marginal return on fund resources exceeds that on knowledge re-

sources, giving Model (III) a temporary advantage as its fund component directly ad-

dresses the manufacturing bottleneck. As the coefficient rises, the marginal return on fund 

resources diminishes due to capital saturation, while the marginal return on knowledge 

resources increases because further improvement depends on process optimization and 

quality management. Once the coefficient crosses the critical threshold, knowledge re-

sources surpass fund resources in marginal return, causing Model (II) to overtake Model 

(III). 

These trends indicate that at the upstream paths the platform should adopt Model 

(II) as the dominant model to capture high marginal returns on knowledge investment. 

At the downstream paths, the Model (III) can compensate for the efficiency attenuation of 

pure knowledge provision. The platform’s optimal switching point can be identified by 

comparing the partial derivatives of its payoff under Model (II) and Model (III) with re-

spect to each path-specific coefficient. This logic is reflected in practice: COSMOPlatt’s 

modularized knowledge repository directly enhances the upstream paths, while Mind-

Sphere’s flexible fund-related modules provide a hybrid buffer when SMMEs encounter 

downstream efficiency bottlenecks. The SMME should therefore align its platform choice 

with its specific capability gaps along the transmission chain: upstream weaknesses call 

for knowledge-intensive platforms, while downstream execution challenges benefit from 

hybrid support. 

7.2. The Optimal Strategy of the Platform in the Three Models 

In this subsection, we discuss the payoff trends of in the three models under the in-

fluence of different capability coefficients. 

As shown in Figure 8, as the dynamic capability coefficient increases, the platform’s 

optimal model shifts systematically from Model (III) at low capability levels to Model (II) 

at high capability levels. This switching pattern is driven by the changing relative mar-

ginal returns of knowledge and fund resources, which can be tracked through the partial 

derivatives of the platform’s payoff under each model with respect to the dynamic capa-

bility coefficient. When dynamic capability is low, the SMME faces limited absorptive ca-

pacity and low operational efficiency, depressing the marginal returns on both pure mod-

els. Model (III) generates a complementarity premium by jointly relaxing both constraints, 

yielding the highest payoff for platform. As dynamic capability matures, the SMME’s ab-

sorptive capacity strengthens, raising the marginal return on knowledge resources while 
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the marginal return on fund resources declines due to diminishing operational bottlenecks. 

The platform can identify the optimal switching point by comparing the payoff deriva-

tives under Model (III) and Model (II): when the derivative under Model (II) exceeds that 

under Model (III), the platform should transition to the knowledge model, as the fund 

component of the Model (III) now generates diminishing returns. The platform should 

therefore treat Model (III) as a transitional model and switch to Model (II) once the dy-

namic capability coefficient crosses this threshold, while the SMME should recognize this 

transition as a signal of capability maturity and shift toward intensive knowledge absorp-

tion. 

 

Figure 8. The impact of dynamic capability coefficients 1


 on payoffs under the three models. 

As shown in Figure 9, as the price sensitivity coefficient increases, the platform’s op-

timal payoff model shifts from Model (I) at low sensitivity to Model (III) at moderate sen-

sitivity, and finally to Model (II) at high sensitivity. This three-path transition is driven by 

the changing relative marginal returns of fund and knowledge resources, which can be 

tracked through the partial derivatives of the platform’s payoff under each model with 

respect to the price sensitivity coefficient. At low sensitivity, the marginal return on fund 

resources is highest because cost reduction translates directly into revenue gains when 

consumers are price-insensitive. As sensitivity rises, the marginal return on fund re-

sources declines because cost savings are increasingly passed through to consumers, 

while the marginal return on knowledge resources rises because product differentiation 

allows the SMME to compete on value rather than price. Model (III) becomes optimal 

when its payoff derivative exceeds that of Model (I), balancing cost efficiency with differ-

entiation. At high sensitivity, the marginal return on fund resources approaches zero as 

any cost savings are competed away, while knowledge-driven internal efficiency gains 

are retained as profits. Model (II) becomes dominant when its payoff derivative surpasses 

that of Model (III). The platform should therefore monitor these derivative relationships 

to time model switches, while the SMME should align its capability priorities with the 

resource type most valuable at each path: cost efficiency at low sensitivity, differentiation 

at moderate sensitivity, and operational excellence at high sensitivity. 

https://doi.org/10.3390/systems14070804


Systems 2026, 14, 804 29 of 36 
 

https://doi.org/10.3390/systems14070804 

 

Figure 9. The impact of retail price sensitivity coefficient b  on payoffs under the three models. 

As shown in Figure 10, the platform’s payoff decreases across all three models as the 

two path-specific fund capability coefficients increase, with the rate of decline and payoff 

ranking varying by transmission path. The partial derivatives of the platform’s payoff 

with respect to each coefficient reveal the underlying mechanism. Under the path of 

“fund–R&D”, the derivative under Model (III) is steeper than under the path of “R&D–

manufacturing”, indicating greater sensitivity to upstream fund transmission efficiency. 

 

Figure 10. The impact of the capability coefficient related to fund resources on payoffs under the 

three models. 

The payoff ranking reversal under the path of “fund–R&D” is driven by a threshold 

effect. When the coefficient is low, the marginal return on fund resources within Model 

(III) is high, allowing the hybrid model to outperform both pure models. As the coefficient 

rises, further R&D improvement increasingly depends on knowledge-intensive activities 

rather than capital investment, causing the marginal return on fund resources to decline. 

Simultaneously, the hybrid model’s dual-resource coordination costs persist, eroding net 

payoff. The switching point occurs when the payoff derivative under Model (II) exceeds 

that under Model (III), signaling that the knowledge model now generates higher mar-

ginal returns without the coordination burden. 

Under the path of “R&D–manufacturing”, no reversal occurs because manufactur-

ing-side improvement remains inherently fund-intensive. Fund resources retain their 

productivity as each increment of manufacturing capability demands corresponding fund 

outlays for production lines and process standardization. The hybrid model’s fund com-

ponent thus maintains its value, sustaining Model (III)’s advantage across the range. 

The platform should therefore switch from Model (III) to Model (II) when the coeffi-

cient of “fund–R&D” crosses the fund threshold, but may stably maintain Model (III) 

under the path of “R&D–manufacturing”. The SMME should anticipate these shifts: 
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when upstream fund efficiency is high, it should strengthen knowledge absorption capa-

bilities in preparation for the platform’s transition to Model (II); when downstream effi-

ciency improves, it can rely on the stable dual support of Model (III). 

As shown in Figure 11, as the four path-specific knowledge capability coefficients 

increase, the platform’s payoff shifts from Model (III) to Model (II), with the overtaking 

speed varying significantly across paths. The switching point for each path can be identi-

fied when the partial derivative of the platform’s payoff under Model (II) exceeds that 

under Model (III). Under the path of “knowledge–management”, overtaking occurs earli-

est because improvements at this entry point generate a multiplier effect that propagates 

through all downstream paths. The marginal return on knowledge within Model (II) rises 

rapidly, while Model (III)’s return is diluted by its fund component. The platform should 

switch to Model (II) early to capture this growth dividend. Under the path of “R&D–man-

ufacturing,” overtaking is delayed because manufacturing-side improvements remain 

capital-intensive, sustaining the marginal return on fund resources within Model (III). The 

platform may extend Model (III) in this path to achieve a smooth transition. Under the 

path of “manufacturing–retail”, Model (II)’s growth slope is shallowest because retail-side 

efficiency depends heavily on market access and distribution networks, where knowledge 

alone has limited direct impact. The platform should avoid switching prematurely, as the 

hybrid model’s fund support remains valuable. 

 

Figure 11. The impact of the capability coefficient related to knowledge resources on payoffs under 

the three models. 

The platform should therefore sequence its transitions: switch early at the path of 

“knowledge–management,” delay at the path of “R&D–manufacturing”, and proceed 

cautiously at the path of “manufacturing-retail”. The SMME should anticipate these time 

windows: upstream gaps call for early alignment with Model (II), while downstream gaps 

allow extended reliance on Model (III) for capability accumulation before transitioning. 

8. Conclusions 

By systematically comparing and analyzing the modeling results of the three capa-

bility reconstruction models, this study identifies both common characteristics and sys-

tematic differences across scenarios. The overall theoretical derivation and numerical 

equilibrium analysis yield the following integrated conclusions and managerial insights. 
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8.1. Main Findings 

With the continuous embedding of SMMEs into manufacturing platforms, selecting 

the system-optimal resource reconstruction model has become a common decision con-

cern for both participants. Existing studies primarily verify the enabling effect of platform 

resources but lack comparative modeling and equilibrium boundary analysis under dif-

ferent resource-cost scenarios. Addressing this gap, this paper constructs game-theoretic 

models for the platform–SMME collaborative system and systematically investigates ef-

ficiency differentiation and boundary characteristics under three paradigms, which are 

abstracted from and correspond to the resource provision logics observed in representa-

tive manufacturing platforms such as COSMOPlatt, RootCloud, and MindSphere, thereby 

grounding the theoretical framework in practical industrial scenarios. Theoretically, this 

paper broadens the research boundary of platform-enabled development for SMMEs by 

exploring platform resource provision modes and resource cost mechanisms, clarifies the 

action paths of platform resources on SMMEs’ capability reconstruction during digital 

transformation, and enriches the theoretical system concerning SMME transformation 

and upgrading. Practically, it sorts out the evolutionary logic of capability reconstruction 

modes for platform-dependent SMMEs, provides efficient model selection and implemen-

tation approaches from the dynamic capabilities perspective, and offers managerial guid-

ance for manufacturing platforms to enhance their competitiveness through cooperation 

with SMMEs, while comparatively analyzing the heterogeneous impacts of different re-

construction models on platform capability benefit feedback under diverse parametric 

conditions. 

The primary findings, which resonate with practices observed in representative man-

ufacturing platforms, are summarized as follows: 

(1) The resource input hierarchy remains stable across models: Model (II) consistently 

leads in knowledge resource input, Model (I) maintains the lowest fund input, and 

Model (III) occupies an intermediate position. However, the platform’s optimal pay-

off model shifts systematically with changing conditions. As the dynamic capability 

coefficient increases, the optimal model transitions from Model (III) to Model (II); as 

the price sensitivity coefficient increases, the optimal model follows a three-path shift 

from Model (I) to Model (III) and finally to Model (II). This implies that platforms 

should adopt a path-specific resource strategy rather than committing to a single 

model. COSMOPlatt exemplifies this logic: by consistently maintaining a knowledge-

intensive approach, it effectively serves SMMEs with mature dynamic capabilities in 

innovation-driven sectors. RootCloud, with its equipment-centric fund model, is best 

suited to SMMEs at early capability paths in capital-intensive manufacturing where 

operational bottlenecks dominate. MindSphere’s hybrid model offers a transitional 

pathway for SMMEs moving between paths, particularly in markets with moderate 

price sensitivity. The platform should therefore assess the capability maturity of its 

SMME base and market price sensitivity to determine the optimal model: fund-in-

tensive support for early-path SMMEs, hybrid support for those in transition, and 

knowledge-intensive support for those with mature dynamic capabilities. 

(2) Fund resources and knowledge resources follow distinct transmission paths that gen-

erate path-specific effects on payoffs and interest alignment. Fund-driven improve-

ment operates through the paths of “fund–R&D” and “R&D–manufacturing”, where 

the SMME’s enhanced capabilities compress the platform’s profit margin through a 

double-edged sword effect. Knowledge-driven improvement operates through four 

paths, with upstream paths creating a win-win zone and downstream paths generat-

ing diverging interests. This path-specific logic carries direct implications for plat-

form strategy. COSMOPlatt’s strength in upstream knowledge transfer, through 
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modularized knowledge repositories and collaborative R&D networks, directly en-

hances the paths of “knowledge–management” and “management–R&D” where 

both parties’ interests align, enabling SMMEs to achieve faster capability iteration. 

RootCloud’s equipment-centric fund support primarily targets the path of “R&D- 

manufacturing,” which is effective for addressing scaling bottlenecks but may lead 

to diminishing returns if upstream managerial capabilities are not simultaneously 

developed. MindSphere’s hybrid approach provides a buffer at downstream paths 

where interests diverge, using flexible fund-related modules to sustain collaboration 

when knowledge-driven growth alone proves insufficient. The SMME should there-

fore diagnose its primary capability gap by transmission path and select platforms 

accordingly: those with upstream weaknesses should engage with knowledge-inten-

sive platforms like COSMOPlatt, while those with downstream bottlenecks benefit 

from hybrid platforms like MindSphere that can supplement knowledge with tar-

geted fund support. 

(3) Dynamic capability serves as the foundational lever for optimizing resource effi-

ciency across all models through the efficiency substitution and cost efficiency en-

hancement effects. Higher conversion efficiency in the paths of “information–man-

agement” and “information–manufacturing” reduces the SMME’s dependence on 

fund resources while expanding both parties’ payoffs without compressing the plat-

form’s profit margin. The key factor driving model transitions is the changing rela-

tive marginal return on knowledge versus fund resources, governed by the SMME’s 

dynamic capability level. This insight has practical implications for both parties. 

COSMOPlatt’s open innovation ecosystem exemplifies the capability-intensive ap-

proach: by prioritizing the strengthening of SMMEs’ knowledge absorption and 

managerial conversion capacities over direct financial subsidies, it enables participat-

ing SMMEs to achieve autonomous growth with progressively less platform support. 

For platforms like RootCloud that traditionally emphasize equipment-centric fund 

provision, the findings suggest a strategic evolution toward incorporating 

knowledge services as their SMME base matures, avoiding the trap of diminishing 

returns on continued fund investment. MindSphere’s tiered service model already 

reflects elements of this transition, allowing SMMEs to migrate from basic fund-re-

lated subscriptions toward premium knowledge-intensive packages as their dy-

namic capabilities develop. The SMME should prioritize dynamic capability building 

as its core strategy to accelerate its progression through model transitions, while the 

platform should reallocate resources from direct provision toward cultivating the 

SMME’s dynamic capabilities, shifting from resource provider to capability enabler 

to achieve sustainable mutual benefit with progressively less resource input. 

8.2. Implications and Limitations 

The research findings provide valuable systemic implications and operational guid-

ance for the digital transformation and collaborative governance of both manufacturing 

platforms and SMMEs. 

Firstly, platforms should establish a dynamic, path-specific model selection mecha-

nism rather than committing to a single resource provision strategy. The systematic shifts 

in the optimal payoff model, from Model (I) through Model (III) to Model (II) as price 

sensitivity rises, and from Model (III) to Model (II) as dynamic capability matures, indicate 

that no single model is universally optimal. Industrial platforms should follow the exam-

ples of COSMOPlatt, RootCloud, and MindSphere by aligning their resource provision 

model with the SMME’s capability maturity and market conditions. Specifically, plat-

forms serving early-path SMMEs in capital-intensive sectors should prioritize fund-inten-

sive support to address immediate operational bottlenecks; platforms serving SMMEs in 
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transition should offer hybrid models that balance fund and knowledge provision; and 

platforms serving SMMEs with mature dynamic capabilities should shift toward 

knowledge-intensive empowerment. This dynamic switching mechanism enables plat-

forms to maximize returns under resource constraints while avoiding the diminishing re-

turns associated with persisting in a mismatched model. 

Secondly, the SMME should precisely select the matching platform model based on 

the transmission path in which its capability gaps reside. The differentiated moderating 

effects along the capability transmission paths imply that the SMME’s model choice 

should not rely solely on overall resource preferences but should focus on its weak links 

in the chain of “knowledge–management–R&D–manufacturing–retail”. If the gaps lie 

at the upstream paths, “knowledge–management” and “management–R&D”, the 

SMME should proactively align with Model (II) to obtain intensive knowledge resource 

support. If the gaps lie at the downstream paths, “R&D–manufacturing” and “manufac-

turing–retail”, the SMME can fully utilize the hybrid provision advantage of Model (III) 

to secure supplementary fund resource support when knowledge resource growth decel-

erates. This precision-matching strategy enables the SMME to achieve maximum capabil-

ity improvement with minimal resource dependence. 

Thirdly, both parties should prioritize dynamic capability cultivation as the core in-

vestment direction of collaborative governance. Dynamic capabilities exhibit a unique 

cost efficiency-enhancing effect across all models, simultaneously elevating the SMME’s 

pricing power and both parties’ payoffs while reducing fund resource dependence, with-

out requiring additional resource input or compressing the platform’s profit margin. 

Therefore, the platform should reallocate resources from direct resource provision toward 

cultivating the SMME’s dynamic capabilities, leveraging improvements in capability con-

version efficiency of “information–management” to generate greater system-wide returns 

with less input. The SMME, in turn, should make dynamic capability-building its long-

term core strategy, substituting resource dependence with capability upgrading, and tran-

sitioning from a passive recipient of resource empowerment to an active driver of system 

optimization. This capability-oriented collaborative governance model represents the fun-

damental pathway for both parties to achieve sustainable mutual benefit. 

This study provides systematic theoretical support and practical decision-making 

reference for platform resource allocation and SMMEs’ transformation strategies. Never-

theless, several research limitations remain. This paper does not incorporate the manufac-

turing operation constraints of platforms into the efficiency evaluation of SMMEs’ capa-

bility reconstruction. Future research can be extended to explore product cooperative re-

lationships following capability reconstruction and to further analyze the evolutionary 

adjustment mechanisms of platform commission and pricing strategies within the manu-

facturing collaborative system. 
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