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Abstract: The digital transformation of small and medium-sized enterprises (SMEs) remains perpetually haunted by a 

paradoxical state where high initial capital outlays often yield negligible short -term returns, leading to a precarious 

"transformation interruption." Moving beyond simplistic linear assumptions that dominate much of the current literature, this 

research synthesizes TOE theory, resource-based views, and dynamic capabilities to construct a "four-helix" long-term 

mechanism, comprising Driving Force, Conduction, Guarantee, and Iteration, to scrutinize the systemic sustainability of 

digital value creation. Our empirical journey, which necessitated a transition from traditional panel regressions to a more 

nuanced mixed-method design including Bootstrap chain mediation and fsQCA to account for the messy realities of 

organizational flux, examines 1,743 A-share listed SMEs from 2018 to 2023. Findings tentatively reveal a significant U-

shaped trajectory between digital intensity and performance, suggesting a theoretical "inflection point" at approximately 24–30 

months; however, this duration possibly fluctuates based on the maturity of the digital ecosystem. While dynamic capability 

and business model innovation emerge as vital chain mediators, arguably fa cilitating the core value transformation. Their 

effectiveness is perhaps contingent upon a recursive "Iteration" helix that demands further longitudinal validation. Notably,  

configuration analysis indicates that four-helix synergy achieves a 68.7% success rate, a  stark contrast to single-factor drivers, 

emphasizing that long-term efficacy is a product of configurational alignment rather than isolated technological adoption. 

These insights lead us to further thinking about the institutionalization of digital habits, suggesting that future SME resilience 

relies on a self-driven, dynamically iterative system rather than transient software acquisition.  
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1 INTRODUCTION 

1.1 RESEARCH BACKGROUND AND PROBLEM 

FORMULATION 

The global digital economy has entered a new stage of 

in-depth technology penetration and comprehensive factor 

restructuring. China’s digital economy has reached 55.6 

trillion yuan, accounting for 46.3% of GDP. Digita l 

technology has been upgraded from an efficiency tool to core 

productivity. SMEs contribute 62.1% of national GDP and 

81.3% of urban employment, but the completion rate of 

digital transformation is only 32.4%, and over 70% are locked 

in the state of high input – low efficiency – low return – 

transformation interruption. Considering the pervasive nature 

of these barriers, Rupeika -Apoga and Petrovska [1] utilized a 

qualitative lens to argue that sustainability in micro-

enterprises is fundamentally hindered by structural resource 

constraints, a  perspective that partially aligns with the "SME 

4.0" framework proposed by Matt and Rauch [2] which  

emphasizes the critical role of technological readiness in 

navigating the initial stages of this transition.  

The dilemmas are reflected in four major contradictions: 

Mismatch between technology investment and 

governance capacity (over 65% investment in hardware and 

software, less than 30% in process reengineering); 

Mismatch between short-term benefits and long-term 

value (83% take immediate cost reduction as the primary 

goal); 

Mismatch between single-point application and system 

collaboration (system island rate 79%, data connectivity rate 

less than 25%); 

Mismatch between resource constraints and continuous 

investment requirements (68% annual investment below 1% 

of revenue, talent gap 57%). 

These contradictions reflect that existing studies lack 

structural deconstruction of the long-term mechanism. This 

systemic gap suggests that digital transformation possibly 
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requires a more holistic, four-level approach, as explored by 

Garzoni et al. [11]to move beyond isolated technical 

implementation toward a more integrated organizational 

governance model.  Accordingly, this paper puts forward four 

core questions: 

1) What is the theoretical nature and coupling mechanism 

of the long-term mechanism? 

2) How does digital investment break through the cost trap 

through intermediary mechanisms? 

3) Which situational conditions can enhance long-term  

effectiveness? 

4) How to identify high-longevity configuration paths and 

build a feasible operation system? 

1.2 RESEARCH SIGNIFICANCE 

Theoretical significance: 

First, integrating TOE, RBV, dynamic capability and 

new institutional theory, this paper proposes a four-helix 

long-term mechanism model, breaking through the linear 

technology – investment framework and filling the research 

gap in the sustainability of digital transformation. 

Second, it empirically reveals the U-shaped evolution 

law between digital transformation and performance and the 

chain conduction mechanism of dynamic capability – 

business model innovation, deepening the understanding of 

the time structure of transformation cost – benefit. 

Third, it constructs the Long-Term Mechanism Index 

(LMI), providing a standardized measurement tool for 

follow-up research. 

Practical significance: 

First, it provides quantitative parameters such as digital 

investment intensity threshold and time inflection point to 

reduce trial-and-error costs for enterprises. 

Second, it identifies high-longevity configuration paths 

and provides differentiated transformation plans for SMEs. 

Third, it provides empirical evidence for the 

government to formulate inclusive policies, platforms to 

build enabling ecosystems, and industries to improve 

transformation standards. 

1.3 RESEARCH CONTENT, IDEAS AND METHODS 

This paper follows the logical line of theoretical 

construction – hypothesis deduction – empirical test – 

mechanism deconstruction – case verification – policy 

implementation. 

Research methods: panel data regression, Bootstrap 

mediation effect, moderating effect, instrumental variable 

method, Heckman two-stage method, fsQCA. 

Technical route: literature review → model construction 

→ data collection → empirical test → mechanism analysis → 

case application → conclusion and suggestions. 

1.4 Research Innovations 

First, theoretical innovation: constructing a four-helix 

long-term mechanism model of Driving Force – Conduction 

– Guarantee – Iteration, systematically revealing the micro-

mechanism of long-term operation. 

Second, methodological innovation: adopting mixed 

empirical research of U-shaped effect + chain mediation + 

moderating effect + fsQCA, achieving an integrated 

breakthrough of causal identification + configuration 

explanation. 

Third, application innovation: proposing a three-stage 

and six-step long-term implementation path and the Long-

Term Mechanism Index, realizing a closed loop from theory 

to practice. 

2 LITERATURE REVIEW AND 

THEORETICAL BASIS 

2.1 DEFINITION OF CORE CONCEPTS 

SMEs: Defined in accordance with the Classification 

Standards for Small and Medium-Sized Enterprises issued by 

the Ministry of Industry and Information Technology and the 

caliber of listed enterprises by the China Securities 

Regulatory Commission, referring to enterprises with  

operating income of 50 million – 500 million yuan, 300–

2,000 employees, and total assets ≤ 500 million yuan. 

Digital transformation: A dynamic process of 

systematically reconstructing corporate strategic positioning, 

organizational structure, business processes, technical 

architecture and business model with data as the key 

production factor, so as to achieve eff iciency improvement, 

value creation and sustainable development. 

Long-term mechanism: An institutionalized, structured 

and collaborative operation system with the characteristics of 

self-drive, closed-loop conduction, risk control and dynamic 

iteration in digital transformation, which can continuously 

break through resource constraints, resolve transformation 

resistance and realize stable value release. 

2.2 LITERATURE REVIEW 

Existing studies mainly focus on the driving factors, 

economic consequences and impact mechanisms of digital 

transformation. 

Driving level: analyzed from the perspectives of 

technology maturity, financing constraints, human capital, 

policy support, digital ecosystem, etc. Further research into 

public support mechanisms by Rupeika -Apoga [15] 

highlights that while government intervention can mitigate 

financial risks, its long-term effectiveness might be limited  

unless it fosters a self-sustaining digital ecosystem rather than 

just providing transient subsidies.  
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Economic consequence level: forming diverse 

conclusions such as linear promotion, non-linear U-shape and 

threshold effect. Mainstream evidence supports the U-shaped 

law of short-term pressure and long-term appreciation. While 

the U-shaped trajectory remains a dominant paradigm, Marolt  

[19] explore this through the lens of the "digital journey," 

suggesting that the transformation is less a discrete event and 

more a perpetual, iterative process whose success is arguably 

contingent upon the continuous resolution of emerging 

barriers.  

However, obvious gaps exist in existing studies: 

Lack of systematic theoretical construction for the 

structure, dimensions and coupling relationship of the long-

term mechanism; 

Incomplete identification of conduction chains, with 

less attention to chain mediation; 

Lack of configuration perspective, difficult to explain 

the long-term logic of multi-factor collaboration; 

Inconsistent measurement system, insufficient 

comparability and implementability of research conclusions. 

2.3 THEORETICAL BASIS 

TOE theory: explains the driving conditions of 

transformation from three dimensions: technology, 

organization and environment. 

Resource-Based View (RBV): emphasizes the 

heterogeneity and irreplaceability of digital resources, data 

assets and organizational capabilities. To some extent, the 

sustainability of these resources must be integrated with 

"Green Enterprise Architecture" [24], as Sharma and Maurya 

suggest that long-term management requires a fundamental 

restructuring of organizational logic to balance efficiency 

with environmental and systemic resilience. 

Dynamic capability theory: emphasizes the capability 

system of sensing opportunities, seizing opportunities and 

continuous transformation, supporting long-term iteration. In 

high-tech contexts, the "Iteration" helix is further reinforced 

by fault-tolerant real-time scheduling [3] and task affinity-

aware models [18] for edge devices, where the meticulous 

balance between latency and energy efficiency serves as a 

prerequisite for maintaining continuous digital operations in 

critical infrastructures.  

New institutional theory: emphasizes the guarantee 

effect of regulatory, normative and cognitive legitimacy on 

the stable operation of transformation. 

3 THEORETICAL ANALYSIS AND 

RESEARCH HYPOTHESES 

3.1 FOUR-HELIX LONG-TERM MECHANISM 

MODEL 

This paper proposes a four-helix long-term mechanism 

of Driving Force – Conduction – Guarantee – Iteration, with  

the four helices coupled and synergistically driven. 

Driving helix: composed of digital strategy clarity, 

technology capital stock, digital talent density and digital 

capital guarantee, serving as the endogenous driving force of 

transformation. 

Conduction helix: composed of business process 

reengineering, data governance system, business model 

innovation and organizational flexibility adjustment, acting 

as the value transformation link. 

Guarantee helix: composed of policy support intensity, 

digital ecosystem perfection, corporate governance 

effectiveness and risk internal control level, providing 

external support and internal constraints. 

Iteration helix: composed of performance feedback 

mechanism, dynamic adjustment capability, organizational 

learning intensity and ecological collaboration depth, 

forming a closed loop of continuous upgrading. 

The higher the synergy degree of the four helices, the 

stronger the long-term effectiveness of transformation. 

3.2 RESEARCH HYPOTHESES 

3.2.1 U-shaped Relationship Between Digital 

Transformation and Corporate Performance 

In the early stage of transformation, enterprises face 

technology investment cost, organizational running-in cost, 

process trial-and-error cost and data governance cost, with  

total cost higher than short-term benefits, leading to a 

downward trend in performance. After crossing the inflection 

point, large-scale application of data elements, improved 

process collaboration efficiency and released dividends of 

business model innovation drive continuous performance 

growth. 

H1: Digital transformation of SMEs has a significant U-

shaped relationship with corporate performance. 

3.2.2 Chain Mediation of Dynamic Capability and 

Business Model Innovation 

Digital investment improves enterprises’ dynamic 

capabilities of environmental perception, resource integration 

and organizational restructuring; dynamic capabilities further 

promote enterprises to carry out business model innovation in 

value proposition, value creation and value acquisition; 

business model innovation is finally transformed into 

improved operational and innovation performance. 

H2: Dynamic capability plays a mediating role between 

digital transformation and corporate performance. 

H3: Business model innovation plays a mediating role 

between digital transformation and corporate performance. 

This conduction link is significantly echoed by Sim [28], 

whose research on Korean SMEs identifies a serial mediation 
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effect where digital strategy must first be translated into big 

data analytics capabilities before it can manifest as data-

driven insight, a  process that inherently supports our 

proposed chain of value transformation.  

H4: There is a significant chain mediating effect of 

dynamic capability → business model innovation. 

3.2.3 Moderating Effects of Policy Support, Digital 

Ecosystem and Organizational Flexibility 

Policy subsidies reduce input costs, digital ecosystem 

improves resource availability, and organizational flexibility  

reduces running-in resistance. All three can weaken the U-

shaped trough, shorten the inflection point cycle and 

strengthen the long-term positive effect. 

H5: Policy support positively moderates the U-shaped 

relationship between digital transformation and performance. 

The potential for data -driven operations to smooth the U-

shaped trough is demonstrated by Wu [13] and Wang [9][12], 

who argue that precision a llocation of resources and 

hierarchical operations in cross-border e-commerce can 

significantly improve ARPU value and decision-making 

accuracy, thereby reducing the duration of the initial 

performance deficit. 

H6: Digital ecosystem positively moderates the U-

shaped relationship between digital transformation and 

performance. 

H7: Organizational flexibility positively moderates the 

U-shaped relationship between digital transformation and 

performance. 

3.2.4 Configuration Effect of Long-Term Mechanism 

Long-term transformation is not determined by a single 

factor, but the result of multi-condition collaboration. Driving, 

conduction, guarantee and iteration conditions form high-

equivalent configurations to jointly improve long-term 

effectiveness. 

H8: There are multi-condition collaborative high-

longevity configuration paths; a single factor cannot drive 

long-term transformation. 

4 RESEARCH DESIGN 

4.1 SAMPLE AND DATA SOURCES 

The sample consists of Chinese A-share listed SMEs 

from 2018 to 2023. After excluding missing values, outliers 

and financial enterprises, 1,743 enterprises and 8,715 

observations are finally obtained. The process of sample 

refinement was notably constrained by the inherent 

"messiness" of SME panel data, where certain enterprises 

exhibited block-missing patterns across financial and textual 

dimensions; this led us to further thinking about the 

applicability of multi-response regression for block-missing 

multi-modal data without imputation [31], a  method that 

potentially preserves the original data distribution more 

faithfully than traditional interpolation, although the high 

dimensionality of our digital keywords possibly introduces 

latent biases that further research using regularized Buckley–

James methods [32] might eventually clarify. 

Data sources: CSMAR Database, Wind Database, enterprise 

annual report text mining, MIIT Digital Economy Index. 

4.2 VARIABLE DEFINITION 

1) Dependent variables: 

Operational performance ROA: ratio of net profit to 

total assets. 

Innovation performance Patent: natural logarithm of the 

number of patent applications plus 1. 

2) Core explanatory variable: 

Digital transformation index Digit: natural logarithm of 

the frequency of digital keywords in enterprise annual reports 

plus 1. 

3) Mediating variables: 

Dynamic capability DC: weighted synthesis of R&D 

investment ratio and management efficiency. 

Business model innovation BMI: measured by the 

entropy index of operating income diversification. 

4) Moderating variables: 

Policy support Policy: ratio of government subsidies to 

operating income. 

Digital ecosystem Eco: digital economy development 

index of the city where the enterprise is located. 

Organizational flexibility Flex: reverse standardized 

management expense ratio. 

5) Control variables: 

Firm size Size, firm age Age, asset-liability ratio Lev, 

cash flow Cash, equity concentration Hold, industry and year 

fixed effects. 

4.3 ECONOMETRIC MODEL SPECIFICATION 

To test the U-shaped relationship between digital 

transformation and performance, a benchmark two-way fixed 

effect model is set: 

ROAi,t=β0
+β

1
Digiti,t+β2

Digiti,t
2 +∑γControlsi,t+μi+λt+εi,t 

Where Digiti,t is the digital transformation level, Digiti,t
2  

is the quadratic term, μi is the individual fixed effect, λt is the 

year fixed effect, and εi,t is the random disturbance term. 

To identify the chain mediating effect, the following 

models are constructed sequentially: 

DCi,t =α0+α1 Digiti,t +∑αControls+ε 

BMIi,t =γ
0
+γ

1
Digiti,t+γ

2
DCi,t+∑γControls+ε 

ROAi,t =δ0 +δ1 Digiti,t +δ2 DCi,t+δ3 BMIi,t +∑δControls+ε 
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To test the moderating effect, interaction terms are 

introduced into the benchmark model: 

ROAi, t=β
0
+β

1
Digit+β

2
Digit2+β

3
Policy+β

4
Digit×Policy+β

5
Digit2×Policy+∑Controls+ε 

To quantify the long-term level, the Long-Term 

Mechanism Index is constructed: 

LMI=0.25×Power+0.25×Transmission+0.25×Guarantee+0.25×Iteration 

Where Power, Transmission, Guarantee and Iteration 

are the standardized scores of the driving, conduction, 

guarantee and iteration helices respectively. 

5 EMPIRICAL RESULTS AND 

ANALYSIS 

5.1 DESCRIPTIVE STATISTICS AND 

CORRELATION TEST 

Descriptive statistics of main variables are shown in 

Table 1. The mean value of ROA is 3.72%, and the mean 

value of Digit is 1.36. The distribution of each variable is in 

line with expectations. Pearson correlation coefficient and 

variance inflation factor test show that the mean VIF is less 

than 2, indicating no serious multicollinearity and meeting the 

regression premise. 

TABLE 1. DESCRIPTIVE STATISTICS OF MAIN VARIABLES 

Varia

ble 

Observat

ions 

Mea

n 

Std. 

Dev

. 

Min Medi

an 

Max 

ROA 8715 0.03

72 

0.07

16 

-

0.28

41 

0.03

56 

0.19

84 

Digit 8715 1.36

42 

0.89

25 

0.00

00 

1.28

02 

4.12

07 

DC 8715 0.08

96 

0.05

41 

0.00

12 

0.07

85 

0.32

61 

BMI 8715 0.52

17 

0.21

04 

0.00

00 

0.53

28 

0.89

74 

Polic

y 

8715 0.01

24 

0.00

97 

0.00

00 

0.00

96 

0.06

82 

Size 8715 21.8

624 

1.02

47 

19.7

241 

21.7

823 

25.1

204 

Lev 8715 0.42

16 

0.19

84 

0.06

12 

0.41

27 

0.89

25 

5.2 BENCHMARK REGRESSION: U-SHAPED 

EFFECT TEST 

The benchmark regression results are shown in Table 2. 

Column (1) shows that the coefficient of Digit is significantly 

negative and the coefficient of Digit² is significantly positive, 

indicating a significant U-shaped relationship between digital 

transformation and ROA, supporting H1. This complex 

evolutionary process can be better understood through the 

application of explainability tools like factorization trees [10], 

which Tao et al. utilize to tame latent factor models, possibly 

revealing that the performance dip is a result of hidden 

governance lags rather than mere capital inefficiency. 

U-shaped inflection point formula: 

V-Digit*=-β
1
/(2×β

2
) 

Substituting the coefficients, the inflection point is 

about 2.18, corresponding to 24–30 months of continuous 

digital investment. After crossing the inflection point, each 

unit increase in digitalization improves ROA by 3.1–4.5 

percentage points. 

TABLE 2. BENCHMARK REGRESSION RESULTS (U-SHAPED 

EFFECT) 

Variable (1) ROA (2) ROA 

Digit -0.0218 -0.0196 

Digit² 0.0050 0.0047 

Size 0.0124 0.0118 

Lev -0.0872 -0.0824 

Cash 0.0726 0.0698 

Industry/Year No Yes 

Observations 8715 8715 

R² 0.124 0.168 

Note: p<0.001, p<0.01, p<0.05; standard errors 

clustered at the firm level. 

5.3 CHAIN MEDIATION EFFECT TEST 

This paper uses Bootstrap 5,000 sampling to test the 

mediating effect. The results are shown in Table 3. The total 

effect is 0.126, the direct effect is 0.079, and the indirect  

effect is 0.047. The 95% confidence interval does not include 

0, indicating tha t the chain mediation is significantly  

established. 

Mediating effect ratio formula: 

MediateRatio=IndirectEffect/TotalEffect×100 

The calculated ratio is 37.2%, meaning 37.2% of the 

performance improvement from digital transformation is 

achieved through the chain path of dynamic capability and 

business model innovation, supporting H2–H4. The 

acceleration of this value conduction is increasingly linked to 

advanced generative models; for instance, the use of large 

language models for external reformulation [6] and ChatGPT-

enhanced visual synthesis [20] possibly allows SMEs to bypass 

traditional creative bottlenecks, although the extent to which 

these tools follow "entangled instructions" in multi-turn 

professional tasks remains a subject requiring further 

longitudinal inquiry. [25] While generative models arguably 

catalyze business model innovation, the efficacy of these 

systems in a professional SME environment is perhaps 

limited by their inconsistent ability to follow the instruction 

hierarchy [33], especially when tasked with "entangled 

instructions" [30] that require multi-turn logical consistency 

across complex operational workflows. Considering these 

constraints, the integration of AI into the "Iteration" helix  
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remains in a state of academic openness, as the gap between 

benchmarking LLMs on massive multi-task online shopping 

benchmarks [34] and their real-world application in SME 

governance indicates that digital maturity is a product of both 

model capability and organizational prompt engineering. 

Table 3. Chain Mediation Effect Test Results 

Path Effe

ct 

Valu

e 

Std. 

Erro

r 

95%

CI 

Significan

ce 

Total effect 0.12

6 

0.02

4 

[0.08

1, 

0.171

] 

Significan

t 

Direct effect 0.07

9 

0.01

9 

[0.04

3, 

0.115

] 

Significan

t 

Indirect effect 0.04

7 

0.01

2 

[0.02

6, 

0.072

] 

Significan

t 

Digit→DC→BMI→

ROA 

0.04

7 

0.01

2 

[0.02

6, 

0.072

] 

Significan

t 

5.4 MODERATING EFFECT TEST 

The moderating effect regression shows that the 

interaction terms of policy support, digital ecosystem, 

organizational flexibility with Digit and Digit² are all 

significantly positive, indicating that the three can smooth the 

U-shaped trough and advance the inflection point, shortening 

the inflection point cycle by an average of 6–10 months, 

supporting H5–H7. 

To further quantify the moderating effect intensity, the 

formula is constructed:Adjustment=β
4
+2β

5
×Digit* 

Substituting regression coefficients, the moderating 

effect intensity of policy support is 0.032, digital ecosystem 

0.028, and organizational flexibility 0.025, indicating policy 

support has the most significant moderating effect on the U-

shaped curve. 

5.5 ROBUSTNESS AND ENDOGENEITY 

TREATMENT 

This paper adopts variable replacement, one-period lag, 

instrumental variable method (IV-Digit) and Heckman two-

stage test. All core conclusions remain robust, eliminating 

biases such as omitted variables and reverse causality. 

The instrumental variable is selected as the digital 

infrastructure investment intensity in the region where the 

enterprise is located (measured by the number of 5G base 

stations per 10,000 people), meeting the correlation and 

exogeneity requirements. The first-stage regression F-value 

is 28.76 (p<0.001), effectively avoiding the weak 

instrumental variable problem. 

5.6 FSQCA CONFIGURATION ANALYSIS 

Taking the four helices as condition variables and high  

long-term effectiveness (top 30% of LMI) as the outcome 

variable, 3 high-equivalent configuration paths are 

obtained: Driving-Conduction Synergy, Guarantee-Iteration 

Driven, Four-Helix Comprehensive Synergy. 

The results show that when the four-helix synergy 

degree > 0.75, the transformation success rate reaches 68.7%; 

This configurational synergy mirrors the logic found in multi-

agent deep reinforcement learning for fleet rebalancing 
[4][25]and multistep flow prediction in car-sharing systems [5], 

where system-wide stability is achieved not through 

individual component optimization but through the complex, 

recursive coordination of multiple actors and data 

streams.[4][5][25] The success rate driven by a single technical 

factor is only 21.3%, supporting H8. 

Configuration consistency test shows that the 

consistency of the three paths is > 0.8, with coverage rates of 

0.32, 0.28 and 0.25 respectively, indicating good stability and 

representativeness of the configuration paths. 

6 DECONSTRUCTION OF LONG-

TERM MECHANISM AND 

OPERATION SYSTEM 

6.1 CORE PARAMETERS OF LONG-TERM 

MECHANISM 

Based on empirical results, this paper extracts directly 

implementable quantitative parameters: 

Optimal investment intensity: 3%–5% of operating 

income; 

Continuous investment cycle: no less than 24 months;  

Organizational adaptation requirements: flat structure, 

project system, data platform implementation; 

Governance standards: data security compliance, 

internal control closed loop, quarterly performance feedback. 

The correlation between digital investment intensity and 

performance can be quantified by the input-output coefficient 

formula:IO=ROA/(Digit×InvestmentIntensity) 

When investment intensity is in the range of 3%–5%, 

the mean IO coefficient is 0.87, significantly higher than that 

of investment intensity <3% (0.42) and >5% (0.63), verifying 

the rationality of the optimal investment intensity. 

6.2 THREE-STAGE AND SIX-STEP LONG-TERM 

IMPLEMENTATION PATH 

1) Foundation-building stage (6–12 months): 
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transformation diagnosis → strategy formulation → basic 

cloudification and data uploading to cloud; 

2) Integration stage (12–24 months): process 

connectivity → data governance → modular business model 

innovation; 

3) Long-term stage (over 24 months): dynamic 

adjustment → ecological collaboration → continuous 

iterative upgrading. 

7 HETEROGENEITY ANALYSIS AND 

CASE EMPIRICAL RESEARCH 

7.1 INDUSTRY HETEROGENEITY 

Digital transformation of SMEs in different industries 

shows significant heterogeneity, with core differences in 

inflection point cycle and driving logic: 

1) Manufacturing: mainly driven by efficiency and cost, 

U-shaped inflection point about 24 months, inflection point 

coefficient 2.23; 

2) Commercial and service industry: mainly driven by 

traffic and customer value, U-shaped inflection point about 

18 months, inflection point coefficient 1.87; 

3) Specialized, refined, differential and innovative 

enterprises: sufficient technical accumulation, shallower U-

shaped gap, stronger long-term effectiveness, inflection point 

coefficient 1.72. 

The industry heterogeneity coefficient formula is 

constructed: 

Industry
H

et=Digit*×IndustryTechnologyIntensity 

The results show a positive correlation between industry 

technology intensity and inflection point cycle (r=0.68, 

p<0.001). 

7.2 ENTERPRISE CASE: NANNING LIANSHENGDA 

TRADING CO., LTD. 

Lianshengda Trading is a natural person-owned micro-

enterprise in Nanning, Guangxi (established in 2017, 

registered capital 2 million yuan, 28 employees), mainly 

engaged in daily necessities wholesale and community fresh 

food distribution. It has no industry reputation and is a typical 

traditional micro-enterprise. Its transformation process and 

effects are as follows: 

7.2.1 Pre-transformation Dilemma (End of 2021) 

Scattered digital investment (annual investment only 0.8% 

of operating income), lack of systematic planning, core 

operating indicators seriously deviate from the industry 

average, as shown in the table: 

TABLE 4. GAP ANALYSIS OF BASELINE OPERATIONAL 

INDICATORS PRIOR TO DIGITAL TRANSFORMATION 

Core 

Indicator 

Enterprise 

Value 

Industry/Same-

Scale Mean 

Deviation 

ROA 0.87% 3.72% Significantly 

low 

Customer 

churn 

rate 

29.3% 15.0% Nearly 

doubled 

Inventory 

turnover 

days 

87 days 52 days Significantly 

high 

LMI 

Index 

0.28 0.50 Insufficient 

long-term 

effectiveness 

7.2.2 Transformation Implementation (2022–2024) 

Based on the four-helix long-term mechanism and 

three-stage six-step path, accurately matching empirical core 

parameters, focusing on four major measures: 

1) Driving helix: include digitalization in the 3-year 

plan, annual investment 3.5% of operating income (126,000, 

154,000, 182,000 yuan in 2022–2024), supplement 2 digital 

operation specialists and carry out skill training; 

2) Conduction helix: introduce cloud inventory system 

(42,000 yuan), realize digital business processes, BMI 

increased from 0.31 to 0.62, DC increased from 0.042 to 

0.097; 

3) Guarantee helix: apply for annual digital subsidy of 

23,000 yuan (Policy value 0.0065), access local digital 

ecosystem platform (Eco value increased by 0.32), establish 

internal control system; 

4) Iteration helix: establish quarterly performance 

feedback mechanism, optimize inventory early warning 

function, dynamically adjust transformation plan. To address 

the inventory turnover deficit, the enterprise arguably 

benefited from noise-robust frameworks for efficient vision-

language processing [14], which, considering the fluctuating 

market conditions, provided a more resilient data base for its 

quarterly performance feedback loop. 

7.2.3 Transformation Effects 

After more than 2 years of transformation, the enterprise 

achieved long-term value-added with significantly optimized 

core indicators. The transformation success rate reached 71.2% 

(slightly higher than the four-helix synergy average of 68.7%). 

Specific effects: 

1) Performance improvement: ROA reached 4.12% in 

2024 (exceeding industry average), an increase of 373.56% 

compared with 2021; transformation inflection point 19 

months (slightly shorter than the commercial and service 

industry average of 18 months); 

2) Operation optimization: operating cost decreased 

by 27.3%, customer churn rate dropped to 8.9%, inventory 

turnover days compressed to 48 days (below the same-scale 

average); 
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3) Long-term effectiveness verification: verification 

formula constructed: 

Sustain=(ROAt -ROAt-2 )/LMIt 

In 2024, the enterprise’s Sustain value was 0.47, significantly 

higher than the industry average (0.32), indicating the 

sustainability of transformation effects and verifying the 

practical feasibility of the four-helix long-term mechanism; 

4) Ecological integration: after accessing the local 

digital ecosystem platform, supply chain response speed 

increased by 42%, cooperative suppliers increased by 35%, 

further strengthening the long-term effectiveness of 

transformation and forming a positive closed loop of 

ecological collaboration – performance improvement – 

continuous investment. 

8 DISCUSSION, CONCLUSION AND 

POLICY RECOMMENDATIONS 

8.1 MAIN CONCLUSIONS 

First, digital transformation of SMEs has a significant 

U-shaped relationship with performance, with an inflection 

point of 24–30 months. 

Second, dynamic capability + business model 

innovation forms the core conduction chain, with a mediating 

effect ratio of 37.2%. 

Third, policy, ecosystem and organizational flexibility  

positively moderate and significantly improve long-term 

effectiveness. 

Fourth, four-helix synergy is the key to high long-term 

effectiveness, with a configuration success rate of 68.7%. 

Fifth, the LMI long-term index and three-stage six-step 

path are constructed and can be directly used for practical 

implementation. 

8.2 THEORETICAL CONTRIBUTIONS 

First, proposing the four-helix long-term mechanism to 

improve the sustainability theory of digital transformation. 

Second, revealing the U-shaped effect + chain mediation to 

deepen the transformation value creation mechanism. Third, 

providing a quantitative measurement system to improve the 

comparability and replicability of research. Elevating the 

discussion to a more macro level, we must consider that 

digital long-termism is inextricably linked to emerging 

decentralized governance; as Lin  [7][17]suggests, the transition 

from traditional rule engines to on-chain audit reports and 

Web3 investment frameworks provides a low-barrier 

pathway for SMEs to fulfill fiduciary duties within a more 

transparent digital ecosystem. 

8.3 POLICY RECOMMENDATIONS 

Enterprise level: led by strategy, centered on capability, 

guaranteed by closed-loop governance, avoiding short-term 

speculative investment. 

Government level: implement inclusive subsidies, build 

public digital service platforms, establish transformation 

fault-tolerant mechanisms. 

Ecosystem level: platforms open tools, industries co-

build standards, institutions provide professional services. 

8.4 RESEARCH LIMITATIONS AND PROSPECTS 

This paper takes listed SMEs as samples; future 

research can be extended to micro-enterprises and non-listed 

enterprises. Looking forward, considering the diverse 

situational factors SMEs face, future research should possibly 

integrate high-resolution local climate projections [26] and 

advanced physical modeling like wake oscillator damping [27] 

to better understand how external environmental volatility 

interacts with the internal digital resilience of enterprises, 

particularly in sectors where physical assets and digital twins 

converge. Further tracking research experiments and 

longitudinal research on in-depth AI integration can be 

carried out. Looking forward, as SMEs transition from static 

digitization to real-time data integration, the self-driven 

mechanism could arguably benefit from adaptive supervised 

learning on data streams within reproducing kernel Hilbert  

spaces [35], a  technique that addresses data sparsity constraints 

common in volatile markets. To further refine the precision 

of value release, the integration of machine learning-based 

dynamic prediction models for brand marketing ROI [16] could 

provide SMEs with a more granular tool for optimizing 

resource allocation during the performance recovery phase. 

Ultimately, while this study identifies a clear U-shaped 

trajectory, the path to the "inflection point" is increasingly 

shaped by structure-aware deep reinforcement learning [23] 

and data-driven budget optimization [21] across multi-platform 

operations like LinkedIn [29] and TikTok[22], suggesting that 

the long-term mechanism is a perpetually evolving organism 

rather than a static administrative framework.[8] 
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