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Abstract 31 

Live-streaming commerce (LSC) has spread quickly through Chinese retail, but evidence 32 

on what accompanies its adoption by firms, particularly small and medium-sized 33 

enterprises (SMEs), remains scattered across studies that rarely speak to one another. 34 

Which firm-level capabilities, which resource positions, and which forms of institutional 35 

pressure travel together with adoption? And do these relationships shift as firms age? We 36 
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combine the Technology-Organization-Environment (TOE) framework with 37 

organizational lifecycle theory and estimate an LSC adoption model in which the 38 

associations are allowed to vary by stage. The data come from a cross-sectional survey of 39 

718 Chinese firms conducted in 2023; 580 respondents (80.8%) self-identified as 40 

medium-sized or small firms, and self-reported size was included as a control. We apply 41 

binary logistic regression. In the pooled sample, adoption is positively associated with 42 

external capital receipt (OR = 1.492), perceived industry prevalence (OR = 1.269), and 43 

the presence of a dedicated in-house team (OR = 2.305). The stage-differentiated 44 

estimates are less uniform. Among firms operating for 3 to 10 years, all three factors 45 

operate jointly and model fit peaks (Nagelkerke R² = 0.110). Among firms operating for 46 

under 3 years, only the team-based association is substantial. Among firms operating for 47 

over 10 years, perceived industry prevalence and a weakened team-based association are 48 

linked to adoption; external capital receipt is not. A probit estimator and a lower-49 

registered-capital subsample (n = 465) give directionally consistent results. Two 50 

contributions follow. The dedicated in-house team emerges as the strongest 51 

organizational correlate of adoption, and institutional prevalence and resource slack relate 52 

to adoption in stage-contingent rather than uniform ways. For managers, the practical 53 

message is that digital adoption strategies should be calibrated to lifecycle position: 54 

capability building early on, joint attention to financing, peer norms, and team capacity 55 

during growth, and legitimacy-oriented positioning in maturity. 56 

Keywords: Live-streaming commerce; Firm adoption; Technology-Organization-57 

Environment (TOE) framework; Organizational lifecycle; Dedicated IT team; 58 

Institutional pressure59 
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Introduction 60 

Live-streaming commerce (LSC) has changed how retail intermediation works in China. 61 

This mode collapses product demonstration, real-time interaction, and transaction 62 

completion into a single touchpoint [1]. Taobao Live, Douyin, and Kuaishou began as 63 

entertainment channels. They now operate as integrated merchant infrastructure that 64 

combines payment, inventory management, and customer-relationship tools in one 65 

interface [2, 3]. Manufacturers and multichannel retailers already treat live streaming as 66 

a quality-differentiated distribution channel alongside conventional e-commerce [4, 5]. 67 

For small and medium-sized enterprises (SMEs), the visible costs of entry look trivial. A 68 

smartphone, a host, and a platform account are enough to establish a presence [7]. The 69 

aggregate figures nevertheless mask considerable heterogeneity. Industry reports suggest 70 

that although most surveyed SMEs have tried live-streaming sales, a substantial share exit 71 

the channel within months, citing operating costs, talent scarcity, and inefficient traffic 72 

acquisition [8]. Entry is cheap; staying is not. What separates firms that merely 73 

experiment with LSC from those that commit to it remains poorly understood, and the 74 

question matters for both theory and practice. 75 

Why do SMEs take this step at all? Answering that question requires placing the decision 76 

in its organizational and institutional context. Research on SME digital transformation 77 

shows that owner-manager agency and resource deficits change how standard technology 78 

frameworks apply to smaller firms [8, 9]. Existing LSC research approaches the 79 

phenomenon from three directions, but none offers a direct answer. One line of work 80 

concentrates on consumer behavior, including impulse buying, parasocial interaction, and 81 

perceived enjoyment [10, 11, 12, 13, 14, 15, 16, 17, 18]. It explains demand-side pull and 82 

says little about the supply-side calculus of SME entry. A second line examines platform 83 
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affordances, algorithmic visibility, and influencer credibility [19, 20, 21]. These insights 84 

typically presuppose an active streaming channel, so they end up blending adoption 85 

drivers with post-adoption optimization. A third stream applies the technology-86 

organization-environment (TOE) framework to digital innovation diffusion among SMEs 87 

[22, 23, 24, 25, 26]. TOE applications in e-commerce settings often include variables such 88 

as customer engagement intensity, sales conversion rates, or perceived platform 89 

usefulness, all of which can only be measured after a firm has begun streaming [26, 27]. 90 

The temporal ordering is inverted. A proposed antecedent becomes entangled with the 91 

outcome, because performance indicators cannot precede the existence of the channel 92 

itself. 93 

Conflating pre-adoption drivers with post-adoption proxies has left a systematic blind 94 

spot. The literature knows a fair amount about why SMEs continue in LSC or perform 95 

well in it, and much less about why they enter at all. The gap is sharpest for resource-96 

constrained SMEs, whose adoption thresholds differ fundamentally from those of large 97 

enterprises. Multinational retailers can treat platform-entry costs as portfolio experiments. 98 

SMEs face binding liquidity constraints and depend heavily on external validation [28, 99 

29]. The mechanisms that lower adoption barriers are therefore more likely to involve 100 

organizational resource access, environmental legitimacy pressures, and internal 101 

capability accumulation than platform-level feature perceptions. No study has yet isolated 102 

these mechanisms in a single antecedent-only specification. 103 

We address this gap using the TOE framework and organizational lifecycle theory, 104 

deriving and testing three hypotheses about LSC adoption among predominantly SME 105 

Chinese firms while controlling for self-reported firm size. H1 rests on resource-based 106 

logic and SME bricolage research [28, 30, 31]: external capital receipt is positively 107 
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associated with LSC adoption, because outside financing relaxes the liquidity constraints 108 

that otherwise impede platform entry. H2 turns to institutional theory as operationalized 109 

in interorganizational adoption research [32]. It posits that perceived industry prevalence, 110 

by which we mean managers' assessment that live-streaming has become standard 111 

practice among competitors, is positively associated with adoption under uncertainty. H3 112 

draws on the dynamic capabilities view and recent evidence on SME e-commerce 113 

competitiveness [33, 34, 35]. It proposes that the presence of a dedicated live-streaming 114 

team is positively associated with adoption, plausibly because such a team is an 115 

observable structural commitment that proxies for the organizational readiness needed to 116 

initiate and sustain streaming operations. 117 

The dependent variable records self-reported channel existence, and the model 118 

deliberately excludes post-adoption performance proxies such as conversion rates or 119 

engagement intensity, which would entangle predictors with the outcome. 120 

EXTERNAL_CAP measures reported external capital receipt. MIMETIC captures a 121 

perceptual field condition. Both are operationalized independently of post-adoption 122 

performance metrics. ITCAP records contemporaneous organizational structure. A cross-123 

sectional design does not permit strict causal identification, but restricting the 124 

specification to predictors that are structurally independent of post-adoption performance 125 

reduces temporal ambiguity and clarifies the interpretive boundaries of the model. 126 

We test the hypotheses with cross-sectional survey data collected in 2023 from 718 127 

Chinese firms, predominantly SMEs, using binary logistic regression. The sample covers 128 

three age-based lifecycle stages, namely under 3 years (n = 241), 3 to 10 years (n = 303), 129 

and over 10 years (n = 174), which allows an exploratory disaggregation of effect 130 

heterogeneity [36, 37, 38, 39]. The pooled-sample results are consistent with all three 131 
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hypotheses. The stage-specific results reveal heterogeneous patterns instead. The 132 

association between external capital and adoption is concentrated among firms operating 133 

for 3 to 10 years; perceived industry prevalence strengthens progressively across stages; 134 

and the team-based association is strongest among firms operating for 3 to 10 years, 135 

substantial among newer firms, and weakest among firms operating for over 10 years. 136 

The contributions are threefold. First, this study provides a stage-contingent account of 137 

TOE adoption drivers. Financial slack, perceived institutional prevalence, and dedicated 138 

IT capability differ in statistical salience across the organizational lifecycle, which 139 

suggests that SME platform entry is better understood as a developmental-phase-140 

dependent response than as a uniform organizational event. This moves the literature 141 

beyond static "has/has-not" resource classifications and shows how the relative 142 

importance of organizational and environmental readiness factors varies with firm age 143 

and network embeddedness [34, 36]. Second, the findings clarify the boundary conditions 144 

of TOE for initial adoption. With post-adoption performance proxies excluded, the 145 

specification isolates pre-entry correlates, namely resource access, perceived peer 146 

practice, and team-based structural readiness, and shifts explanatory emphasis from 147 

platform-level feature perceptions to firm-level readiness conditions [35, 40]. Third, the 148 

stage-specific patterns yield differentiated managerial implications. Start-ups appear to 149 

benefit most from building internal streaming capacity. Growth-stage firms are positioned 150 

to integrate capital acquisition, environmental benchmarking, and team scaling. Mature 151 

SMEs may treat adoption as a legitimacy-maintenance response in which market 152 

observation and continued capability investment remain relevant. 153 

 154 

 155 
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Theoretical Background and Hypothesis Development 156 

Theoretical Background and Literature Review 157 

The technology-organization-environment (TOE) framework explains organizational 158 

technology adoption through three interdependent lenses. The technological context 159 

covers both internal systems and external innovations. The organizational context covers 160 

firm size, resources, and managerial structure. The environmental context captures 161 

industry structure along with external institutional or competitive pressures [22, 23]. 162 

Developed in innovation studies and later formalized in information systems research, 163 

TOE remains widely used for a specific reason: it shifts attention away from the 164 

individual-level cognition that dominates user-acceptance models and treats adoption 165 

instead as a strategic organizational decision [32, 41]. 166 

TOE applications to digital commerce have moved through three phases. Early work 167 

concentrated on large-firm adoption of foundational internet technologies, foregrounding 168 

trading-partner readiness and competitive pressure in retail [27]. A second phase turned 169 

the lens to SMEs and emerging markets, acknowledging that resource constraints and 170 

owner-manager agency change how heavily each of the three contexts weighs [24, 25, 171 

42]. Studies in this phase found that organizational readiness and financial slack 172 

frequently eclipse environmental pressure for small firms; when liquidity is tight, internal 173 

resource access dominates strategic choice [26, 29]. The third and current phase confronts 174 

platform-era innovations such as sharing-economy applications, AI-driven analytics, and 175 

live-streaming commerce. Here the boundary between technology and organization blurs, 176 

because platforms operate simultaneously as external infrastructure and as internalized 177 

routines [7, 20, 21, 40]. 178 

This progression has not eliminated a persistent methodological slippage. Adoption 179 
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drivers in platform-based commerce research are still conflated with post-adoption 180 

performance correlates. Consumer-behavior studies of LSC, for instance, routinely 181 

operationalize adoption intention through perceived enjoyment, parasocial interaction, or 182 

impulse-buying tendency [10, 11, 12, 13, 14, 15, 16, 17, 18]. These constructs are 183 

demand-side and user-centric. Inserting them into organizational adoption models as 184 

environmental or technological predictors violates temporal precedence. On the supply 185 

side, research on SME digitalization frequently collapses antecedents and consequences 186 

within a single cross-sectional design, treating sales conversion, customer retention, or 187 

platform engagement as predictors of adoption [8, 27]. The outcome then becomes 188 

entangled with its own supposed causes, and the coefficients that emerge are hard to read 189 

as genuine adoption drivers [43]. 190 

A second problem runs deeper than measurement. Most TOE studies treat SMEs as a 191 

single homogeneous category, pooling start-ups, growth-stage firms, and mature 192 

incumbents together [24, 25]. Organizational lifecycle theory suggests otherwise. The 193 

salience of resource constraints, legitimacy needs, and structural inertia shifts in 194 

predictable ways as firms age [36, 44]. Start-ups confront existential resource scarcity and 195 

weak institutional ties. Growth-stage firms live under scaling pressure and heightened 196 

legitimacy deficits. Mature firms possess accumulated routines that may accelerate or 197 

block the absorption of new technologies [45, 46]. When lifecycle heterogeneity is 198 

ignored, pooled coefficients become misleading, and theoretically meaningful variation 199 

in effect sizes disappears beneath the aggregate [38, 47]. 200 

Against this backdrop, the present study opts for a conservative TOE specification. It 201 

foregrounds the organizational and environmental dimensions and uses dedicated team 202 

human capital as a bridging indicator of technological readiness rather than attempting to 203 
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map the full technology context. Predictors are deliberately restricted to variables that 204 

exclude post-adoption performance proxies: external capital receipt, perceived industry 205 

prevalence, and the contemporaneous presence of a dedicated streaming team. The goal 206 

is to recover correlates of LSC entry while keeping the causal interpretation as clean as 207 

the cross-sectional design allows. 208 

 209 

Hypothesis Development 210 

External Capital Receipt and LSC Adoption (H1) 211 

Resource-based theory separates resources that permit strategic experimentation from 212 

deficiencies that create inertia, especially where investments must be made in lumpy, 213 

indivisible increments [30]. This tension is particularly sharp for SMEs. One line of 214 

reasoning holds that external capital is associated with technology adoption because it 215 

relaxes liquidity constraints and covers discrete, upfront outlays [31, 48]. Another line, 216 

rooted in entrepreneurial bricolage, holds that severe resource constraints can force the 217 

creative recombination of whatever is already at hand, so outside financing is not always 218 

necessary and not always helpful [28]. Which logic prevails depends on the nature of the 219 

investment. 220 

Live-streaming commerce demands expenditures that are discrete and non-smooth: host 221 

recruitment, studio equipment, scriptwriting personnel, and platform deposit fees [2, 4]. 222 

Such costs are difficult to fund out of operating cash flows, and they sit awkwardly with 223 

the short payment cycles that typically characterize SME supplier relationships [8]. Under 224 

these conditions the slack-resources argument carries more weight. External capital, 225 

whether venture financing, bank credit, or government grants, supplies the buffer needed 226 

to absorb losses during the audience-building phase [29]. Recent TOE evidence reinforces 227 
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the point: resource sufficiency covaries positively with SME entry into digital platforms 228 

[26, 49]. Drawing on the organizational dimension of TOE, we hypothesize: 229 

H1: External capital receipt is positively associated with LSC adoption. 230 

Perceived Industry Prevalence and LSC Adoption (H2) 231 

When technological consequences are unclear and performance feedback is noisy, 232 

organizations frequently look to visible peers before committing to a strategic choice [50]. 233 

Institutional theory formalizes this as mimetic pressure, the tendency to imitate practices 234 

that appear dominant among industry counterparts in order to secure legitimacy and 235 

reduce perceived risk [51]. Interorganizational information-systems research has shown 236 

that such pressures predict adoption whenever technological outcomes are poorly 237 

understood and goal ambiguity is high [32]. Subsequent TOE studies confirm that 238 

institutional forces covary with SME platform entry across developing and emerging 239 

markets [25, 26]. 240 

The opposing view holds that under competitive pressure, firms may deliberately avoid 241 

crowded practices, escaping commodity rivalry and preserving differentiation [50]. If 242 

LSC turns into a generic industry standard, late adopters might do better by conserving 243 

resources and free-riding on the infrastructural maturity created by early movers [52]. 244 

This differentiation logic is weaker for SMEs in platform-intensive sectors, for two 245 

reasons. First, SMEs lack the brand equity and customer lock-in that would allow them 246 

to defy industry trends without suffering legitimacy penalties [28]. Second, platform 247 

algorithms reward activity density. Non-adopters risk algorithmic invisibility relative to 248 

streaming peers, which effectively converts observed peer adoption into a legitimacy 249 

threshold for market access [21, 40]. Managers' perception that live-streaming has 250 

become prevalent among industry counterparts, hereafter perceived industry prevalence 251 
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(MIMETIC), is therefore expected to covary positively with adoption status. Hence: 252 

H2: Perceived industry prevalence is positively associated with LSC adoption. 253 

 254 

Dedicated IT Team Presence and LSC Adoption (H3) 255 

Dynamic capabilities rest on the firm's capacity to mobilize, coordinate, and reconfigure 256 

internal resources in response to technological change [33, 34]. The information-systems 257 

literature has conceptualized IT capability as a hierarchical construct that runs from 258 

generic infrastructure to specialized human capital integrating technology with business 259 

processes [53, 54]. A central debate concerns whether such capabilities must be generic, 260 

in the sense of transferable across technologies, or dedicated, in the sense of tailored to a 261 

specific platform ecosystem. 262 

We side with the dedicated-capability view for LSC. Converting existing marketing 263 

content to a live format is not the same as operating a live-streaming channel. The latter 264 

runs on a real-time production logic whose demands differ categorically from static 265 

product photography or text-based customer support [2, 10]. A dedicated in-house team, 266 

covering host recruitment, scriptwriting, and real-time operations, represents an 267 

organizational commitment that is difficult to outsource or replicate quickly, and one 268 

plausibly linked to the absorptive capacity required to recognize and assimilate streaming-269 

specific routines [35, 55]. Evidence from SME e-commerce settings indicates that 270 

dedicated IT human capital covaries with competitiveness precisely because it constitutes 271 

a firm-specific asset [7, 35]. Related work further shows that digital platform capability 272 

is associated with SME performance in platform ecosystems, and that internal capability 273 

distinguishes active participants from passive observers [56]. Unlike platform-level 274 

features, which are equally available to all merchants, a dedicated team is an internal 275 
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resource that cannot be imitated in the short run. We therefore hypothesize: 276 

H3: The presence of a dedicated live-streaming team is positively associated with LSC 277 

adoption. 278 

The survey captures team presence at the time of data collection and does not record when 279 

the team was established relative to initial platform adoption. H3 therefore identifies a 280 

contemporaneous organizational attribute rather than a temporally confirmed antecedent. 281 

The estimated association is best read as evidence of structural complementarity between 282 

dedicated human capital and adoption status, not as proof that team formation strictly 283 

precedes or causes adoption. 284 

Exploratory Stage-Varying Analysis 285 

Organizational lifecycle theory suggests that the relative potency of the three factors 286 

above may shift as firms age [36, 38]. Start-ups face existential resource scarcity. External 287 

capital may be unavailable or too dilutive, institutional ties are too weak for prevalence 288 

perceptions to operate effectively, and their networks typically center on the founding 289 

team with limited structural embeddedness [37, 57, 58, 59]. Growth-stage firms encounter 290 

scaling bottlenecks and heightened peer comparison, so resource acquisition, legitimacy 291 

conformance, and capability accumulation may all intensify in this phase [39, 60]. Mature 292 

firms possess structural inertia, established customer channels, and often generic rather 293 

than dedicated IT assets; capability-based advantages may therefore attenuate, while 294 

perceived industry prevalence continues to operate as a legitimacy-maintenance 295 

mechanism [34, 46]. The tension between exploring new channels and exploiting existing 296 

routines is especially salient in mature SMEs [61]. 297 

Because these stage-related expectations concern subgroup heterogeneity in an 298 

exploratory rather than confirmatory mode [62], we do not formalize them as moderated 299 
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hypotheses. We examine them instead through age-based split-sample estimation in the 300 

results section. 301 

 302 

Sample and Methodology 303 

Sample and Data Collection 304 

We draw on a cross-sectional survey of Chinese firms fielded in 2023. The instrument 305 

collected firm age, industry, region, annual turnover category, registered-capital category, 306 

and self-reported firm-size category, but it did not record employee counts. We therefore 307 

do not impose a post hoc employee-number SME cutoff. The sample is predominantly 308 

composed of firms that self-identified as medium-sized or small (580 of 718; 80.8%); 138 309 

self-identified large firms were retained in the pooled models, and self-reported size was 310 

included as a control. Questionnaires reached respondents through a mixed-mode 311 

protocol: targeted online distribution via industry associations in major Chinese cities, 312 

supplemented by on-site interviews with owners or senior managers. The dual approach 313 

reduced coverage bias and helped ensure that informants possessed enough strategic 314 

knowledge to report accurately on firm-level adoption decisions [43]. 315 

Ethics statement and informed consent. This study was a non-interventional, cross-316 

sectional business survey of firm owners and senior managers concerning firm business 317 

practices. It collected no medical, health-related, or otherwise sensitive personal data and 318 

involved no minors or vulnerable populations. Data were collected between 29 January 319 

and 9 February 2023. A retrospective ethics review application was submitted to the 320 

Research Office of North Minzu University on 13 September 2026. The application was 321 

reviewed and approved by the Science and Technology Ethics Review Committee of 322 

North Minzu University on 15 September 2026 (approval reference: North Minzu 323 
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University Ethics Approval No. 2026-37). The study was designed and conducted in 324 

accordance with the general ethical principles of the Declaration of Helsinki and the 325 

research ethics requirements of North Minzu University. Informed consent was obtained 326 

from all participants. The first page of the questionnaire identified the researchers and 327 

their institutional affiliation, stated the academic purpose, and explained that participation 328 

was voluntary, responses would be kept confidential and used solely for anonymized 329 

academic research, and participants could stop before submission without consequence. 330 

Online respondents consented by voluntarily completing and submitting the questionnaire 331 

after reading this statement; on-site respondents provided verbal informed consent after 332 

receiving the same information. Written signatures were not collected because the records 333 

were anonymous and contained no direct identifiers; this consent procedure was included 334 

in the approved protocol. The questionnaire, including the consent page, and the 335 

institutional approval document are provided as Supplementary Files S3 and S7, 336 

respectively. 337 

After data cleaning, the analysis file contained 718 complete firm-level responses. Self-338 

reported size categories were large (n = 138; 19.2%), medium (n = 276; 38.4%), and small 339 

(n = 304; 42.3%). Firm age was distributed as under 3 years (n = 241), 3 to 10 years (n = 340 

303), and over 10 years (n = 174). Table 1 reports the sample characteristics. 341 

Geographically, 174 firms (24.2%) were located in North China, 147 (20.5%) in East 342 

China, and 130 (18.1%) in South China. By sector, 255 firms (35.5%) operated in the 343 

primary sector, 271 (37.7%) in the secondary sector, and 192 (26.7%) in the tertiary sector. 344 

A further 465 firms (64.8%) reported registered capital below RMB 5 million. Coverage 345 

spans multiple geographic, industrial, and size strata; these figures do not establish 346 

statistical representativeness of the population. 347 



 15 

Place Table 1 about here 348 

For the exploratory subgroup analysis, we partitioned the sample using the questionnaire's 349 

firm-age categories: under 3 years (n = 241), 3 to 10 years (n = 303), and over 10 years 350 

(n = 174) [37, 38, 47]. This division lets us test whether the TOE associations observed 351 

in the pooled sample shift across organizational regimes. 352 

 353 

Measurements 354 

Measures were drawn from established information-systems adoption instruments [32, 355 

41, 63] and adapted to the live-streaming commerce context within the TOE framework 356 

[22, 23]. Perceptual items used 5-point Likert scales anchored at 1 = Strongly disagree 357 

and 5 = Strongly agree; binary indicators were coded 1 = Yes and 0 = No. Table 2 358 

details the construct definitions, item stems, and coding procedures. 359 

Place Table 2 about here 360 

361 

Dependent Variable: LSC Adoption 362 

LSC adoption was coded as a binary variable taking the value 1 if the firm reported 363 

operating a live-streaming sales channel on at least one major platform (e.g., Taobao Live, 364 

Douyin, Kuaishou) at the time of the survey, and 0 otherwise. Using a binary channel-365 

existence measure avoids the ambiguity of intention-based proxies and keeps the study 366 

focused on whether the channel exists rather than on usage intensity or performance [27]. 367 

 368 

Independent Variables 369 

External capital receipt (EXTERNAL_CAP) was measured with the questionnaire item 370 

asking whether any other capital had been invested in the firm. The stored instrument did 371 
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not specify or record a 24-month window, so the measure is interpreted as reported 372 

external capital receipt rather than as a precisely bounded financing event. 373 

Perceived industry prevalence (MIMETIC) was measured with a single questionnaire 374 

item asking whether live-streaming selling was a popular marketing model. Responses 375 

were reverse-coded so that higher scores indicate stronger perceived prevalence [32]. 376 

Dedicated team presence (ITCAP) was operationalized as a binary indicator of whether 377 

the firm maintained a dedicated in-house team for live-streaming operations at the time 378 

of the survey, covering host recruitment, content scriptwriting, and real-time technical 379 

support. As noted in the theoretical framework, the measure captures a contemporaneous 380 

organizational attribute rather than a temporally confirmed antecedent. 381 

 382 

Control Variables 383 

Three variables were entered as single numeric controls, matching the reported models: 384 

self-reported firm-size category (FirmType; 1 = large, 2 = medium, 3 = small), the seven-385 

category region code (Region), and the registered-capital category (Scale; 1-4). These 386 

controls were not dummy-coded. The region code is not strictly ordinal, which is 387 

acknowledged as a modelling limitation. 388 

 389 

Analytical Procedure and Model Specification 390 

The dependent variable is binary, so we model the probability of LSC adoption with 391 

binary logistic regression. The estimating equation for the pooled sample is: 392 
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ln ( �(�� = 1)1 − �(�� = 1))393 

= 
0 + 
1EXTERNAL_CAP� + 
2MIMETIC� + 
3ITCAP�394 

+ ∑ ����=1 Control�� + �� 395 

���
1
2
3Control�������Here Y_i is the self-reported adoption status of firm i, taking 396 

the value 1 if the firm operates a live-streaming channel and 0 otherwise; β1, β2, and β3 397 

capture the change in the log-odds of adoption associated with a one-unit change in each 398 

predictor, with the control variables held constant; X_i is a vector containing the three 399 

numeric controls (self-reported firm-size category, region code, and registered-capital 400 

category); γ is the corresponding control coefficient vector; and ε_i is the disturbance 401 

term. 402 

We obtain odds ratios (OR) by exponentiating the estimated coefficients, OR� = exp(
̂�), 403 

and report them alongside unstandardized logit coefficients and robust standard errors. 404 

We preferred logistic regression to a linear probability model because probabilities are 405 

bounded, which makes linear approximations inefficient near the tails and heteroskedastic 406 

by construction [66]. 407 

In the exploratory lifecycle analysis, the model is re-estimated separately within each 408 

stage s∈{start-up,growth,mature}: 409 

ln ( �(�%� = 1)1 − �(�%� = 1))410 

= 
0% + 
1%EXTERNAL_CAP%� + 
2%MIMETIC%� + 
3%ITCAP%�411 

+ ∑ ��%��=1 Control�%� + �%� 412 

This split-sample approach allows the effect sizes 
�% to vary flexibly across lifecycle 413 
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regimes, without imposing restrictive interaction structures or assuming common slopes 414 

[62]. 415 

Estimation proceeds in four steps. The first step is a baseline model containing only the 416 

control variables, which establishes the variance attributable to structural factors. In the 417 

second step, the three TOE predictors enter simultaneously to test H1–H3 in the pooled 418 

sample. The third step reflects the exploratory nature of the lifecycle analysis and the 419 

moderate within-stage sample sizes: we rely on split-sample estimation rather than 420 

saturating the pooled model with stage-interaction terms, which would risk 421 

overparameterization [62]. The fourth step assesses robustness through alternative 422 

estimators and subsample replication, as detailed in Section 4.4. 423 

 424 

Common Method Bias and Measurement Diagnostics 425 

Common Method Variance 426 &2 = 4240.138All variables came from a single survey administered to one respondent 427 

per firm, so common method variance (CMV) is a potential threat to validity [43]. The 428 

questionnaire did not randomize item order, so no procedural randomization remedy is 429 

claimed. As a statistical diagnostic, we ran Harman's single-factor test. The first unrotated 430 

component explained 26.94% of total variance, below the 40% level usually read as 431 

evidence of severe CMV. Kaiser-Meyer-Olkin sampling adequacy was 0.912, and 432 

Bartlett's test of sphericity was significant (df = 253, p < 0.001). These diagnostics reduce, 433 

but do not eliminate, concern about common-source bias. 434 

 435 

Multicollinearity and Correlation Diagnostics 436 

Variance inflation factors for all predictors were below 1.1, and the maximum absolute 437 
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pairwise correlation was 0.247. Multicollinearity therefore does not threaten coefficient 438 

stability. The full correlation matrix appears in Table 5. 439 

Place Table 3 about here440 

Place Table 4 about here441 

Place Table 5 about here 442 

443 

Endogeneity Considerations 444 

The cross-sectional design precludes strong causal claims. External capital receipt and 445 

adoption status were both recorded in the same survey, and the questionnaire did not 446 

impose a 24-month recall window; the measure therefore cannot establish the temporal 447 

ordering of financing and adoption. The dependent variable is a self-reported binary 448 

channel-existence item rather than a post-adoption performance measure, which avoids 449 

direct entanglement with performance outcomes but does not remove common-source 450 

concerns [43]. 451 

EXTERNAL_CAP may correlate with unobserved entrepreneurial intent, and ITCAP is 452 

measured contemporaneously. All estimates should therefore be read as conditional 453 

associations within a conservative TOE specification, not as causal effects identified 454 

through experimental or quasi-experimental variation [62]. Causal claims would be 455 

firmer with instrumental variables, panel data on adoption transitions, or regression-456 

discontinuity designs. Following [35], the binary indicator operationalizes IT capability 457 

at its structural threshold. The presence of a dedicated team is treated as a minimal, 458 

observable proxy for the absorptive capacity needed to initiate and sustain live-streaming 459 

operations, not as a continuous measure of competence depth. 460 

 461 
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Lifecycle Stage Specification 462 -start-up = 241-growth = 303-mature = 174We examined lifecycle heterogeneity through 463 

split-sample estimation rather than continuous interaction terms, for two reasons. First, 464 

organizational lifecycle theory treats stages as discrete regimes marked by qualitatively 465 

different dominant problems and resource configurations, not as smooth gradations along 466 

a single age dimension [36, 57]. Second, the within-stage sample sizes (241, 303, and 174) 467 

are large enough for stable logit estimation yet modest enough that fully saturated 468 

interactive models would risk overfitting. Stage classification follows the questionnaire's 469 

firm-age categories: under 3 years, 3 to 10 years, and over 10 years [38, 47]. Effect-size 470 

differences across stages are reported as exploratory findings rather than as formally 471 

hypothesized moderated effects. 472 

 473 

Results 474 

Descriptive Statistics, Correlation Matrix, and Measurement Diagnostics 475 

We examined the distributional properties of the variables and the correlational structure 476 

of the data before estimating the multivariate models; this work formed part of the 477 

measurement validation reported in the preceding section. The full diagnostics are not 478 

reproduced here. Only the key features relevant to interpreting the regression estimates 479 

are summarized briefly. 480 

The pooled sample (n = 718) shows an LSC adoption rate of 58.8%; 53.6% of firms 481 

reported external capital receipt, and 58.1% maintained a dedicated live-streaming team 482 

(Table 4). The mean perceived-industry-prevalence score is 3.680 (SD = 1.192, median 483 

= 4.0, on a 1-5 scale). The typical firm in this sample thus perceives at least moderate 484 

peer prevalence of live-streaming commerce, consistent with the view that environmental 485 
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signals are salient in this setting. 486 

Bivariate correlations (Table 5) are uniformly modest. The strongest pairwise association 487 

is r = 0.21 (p < .001) between ITCAP and adoption. The maximum absolute correlation 488 

is 0.247, and all variance inflation factors in the logistic specification remain below 1.1, 489 

so multicollinearity is unlikely to threaten coefficient stability [66]. The Harman single-490 

factor test (Table 3) further indicates that common method variance does not dominate 491 

the measurement structure; the first principal component explains only 26.94% of total 492 

variance [43]. 493 

Overall, these diagnostics indicate that the data are suitable for binary logistic regression. 494 

The dependent variable varies sufficiently, intercorrelations among predictors are low to 495 

moderate, and neither severe common-method nor multicollinearity contamination is 496 

present. 497 

 498 

Main Effects 499 

Table 6 presents the binary logistic regression estimates for the pooled sample (n = 718). 500 

The specification enters the three TOE predictors simultaneously alongside three numeric 501 

controls: self-reported firm-size category, region code, and registered-capital category. 502 

The model attains statistically significant fit (LR χ² = 54.42, df = 6, p < .001), with a 503 

Nagelkerke pseudo R² of 0.098, a Cox & Snell pseudo R² of 0.073, and a classification 504 

accuracy of 62.0%. None of the individual controls reaches conventional significance 505 

(FirmType: p = .103; Region: p = .468; Scale: p = .230). Structural firm characteristics 506 

alone, in other words, do not discriminate adopters from non-adopters in this specification. 507 

All three associations predicted in H1-H3 receive support. 508 

External capital receipt (EXTERNAL_CAP) is positively and significantly associated 509 
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with the log-odds of LSC adoption (β = 0.400, SE = 0.161, p = .013; OR = 1.492, 95% 510 

CI: 1.088-2.045). Holding the remaining variables constant, reported external capital 511 

receipt corresponds to an estimated 49.2% higher odds of adoption than for firms without 512 

such inflows. The result supports H1. It suggests that organizational resource slack 513 

covaries with adoption propensity when upfront investments are lumpy and difficult to 514 

smooth through operating cash flows [26, 30]. 515 

Perceived industry prevalence (MIMETIC) is likewise positively associated with 516 

adoption (β = 0.238, SE = 0.067, p < .001; OR = 1.269, 95% CI: 1.112-1.449). A one-517 

unit increase in perceived peer popularity corresponds to a 26.9% increase in the odds of 518 

adoption, ceteris paribus. The finding supports H2 and accords with institutional-theoretic 519 

arguments that environmental legitimacy pressures dominate firm-level differentiation 520 

strategies under technological uncertainty [32, 50]. 521 

Dedicated team presence (ITCAP) carries the largest coefficient of the three predictors (β 522 

= 0.835, SE = 0.163, p < .001; OR = 2.305, 95% CI: 1.676-3.170). Firms with a dedicated 523 

live-streaming team show an estimated 2.305-fold difference in the odds of adoption 524 

compared with firms relying on ad hoc or outsourced arrangements. This pattern supports 525 

H3. Specialized human capital, it appears, is a salient organizational attribute 526 

distinguishing adopters from non-adopters in this sample. 527 

Place Table 6 about here 528 

 529 

Lifecycle-Stage Heterogeneity 530 

We split the sample using the questionnaire's firm-age categories, under 3 years (n = 241), 531 

3 to 10 years (n = 303), and over 10 years (n = 174), and re-estimated the three TOE 532 

predictors within each stratum. To preserve degrees of freedom within the smaller stage 533 
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samples and match the originally reported stage models, these models did not include the 534 

three numeric controls; Table 7 therefore reports unadjusted stage-specific associations. 535 

This exploratory split-sample design allows the associations to vary by organizational age 536 

without imposing restrictive interaction structures [36, 38, 62]. 537 

Among firms operating for under 3 years, only ITCAP attains conventional statistical 538 

significance (β = 0.802, SE = 0.287, p = .005; OR = 2.230). External capital receipt carries 539 

a positive but statistically imprecise coefficient (β = 0.363, SE = 0.278, p = .192; OR = 540 

1.438), and perceived industry prevalence is directionally consistent yet indistinguishable 541 

from zero (β = 0.153, SE = 0.114, p = .179; OR = 1.165). This imprecision is consistent 542 

with theoretical expectations. Nascent enterprises typically face restricted variance in 543 

external financing accessibility, and their peer-network embeddedness is comparatively 544 

weak [37, 57]; both conditions compress the measurable influence of the two factors. The 545 

Nagelkerke pseudo R² is 0.075. 546 

Among firms operating for 3 to 10 years, all three predictors attain independent statistical 547 

significance and explanatory power peaks across the three stages (Nagelkerke pseudo R² 548 

= 0.110). External capital receipt is positive and significant at the 10% level (β = 0.445, 549 

SE = 0.247, p = .071; OR = 1.560). Perceived industry prevalence is positive and 550 

significant at the 5% level (β = 0.258, SE = 0.105, p = .014; OR = 1.295). ITCAP is 551 

positive and significant at the 1% level (β = 0.922, SE = 0.246, p < .001; OR = 2.514). 552 

Growth-stage firms simultaneously confront scaling pressures and heightened peer 553 

visibility [39, 60], and it is under these conditions that the TOE specification reaches its 554 

maximal explanatory power. 555 

Among firms operating for over 10 years, perceived industry prevalence remains positive 556 

and significant (β = 0.331, SE = 0.142, p = .020; OR = 1.392). ITCAP also remains 557 
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positive and significant, though its coefficient attenuates relative to the growth stage (β = 558 

0.717, SE = 0.319, p = .025; OR = 2.049). Dedicated human capital still matters at this 559 

stage, but may yield diminishing marginal returns once organizational routines are 560 

established. External capital receipt is statistically indistinguishable from zero (β = 0.261, 561 

SE = 0.315, p = .407; OR = 1.299). Read together, the persistent significance of perceived 562 

prevalence alongside the fading of capital effects suggests that mature firms treat live-563 

streaming less as a growth-acceleration mechanism driven by internal readiness than as a 564 

legitimacy-maintenance or defensive necessity [34, 46]. 565 

Place Table 7 about here566 

 567 

Robustness Checks 568 

We estimated three auxiliary specifications to probe the sensitivity of the main findings. 569 

Alternative estimator. To check robustness to functional form, we re-estimated the 570 

pooled model with a probit estimator. Average marginal effects (AMEs) are +0.0903 (SE 571 

= 0.0355, p = .011) for EXTERNAL_CAP, +0.0536 (SE = 0.0146, p < .001) for 572 

MIMETIC, and +0.1884 (SE = 0.0343, p < .001) for ITCAP (Table 8). Signs and 573 

significance levels agree with the baseline logit estimates, so the directional findings do 574 

not depend on the choice of link function [66]. For reference, the probit specification 575 

yields a McFadden pseudo R² of 0.056, a likelihood-ratio χ²(6) of 54.48 (p < .001), LogL 576 

= -459.33, and AIC = 932.66. 577 

Place Table 8 about here 578 

Reduced control set. We re-estimated the pooled specification without the single region-code 579 

control. The sign, magnitude order, and significance of the three TOE predictors were 580 

materially unchanged. This corroborates what the full specification already shows: the 581 
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controls do not alter the significance or sign of the TOE predictors. 582 

Subsample replication by registered-capital category. Firms in registered-capital 583 

categories 1-2 dominate the sample (64.8% of observations), so we re-estimated the 584 

baseline model on this lower-registered-capital subsample (n = 465) to check whether the 585 

pooled findings are artifacts of the broader sample composition. Table 9 reports the 586 

coefficients alongside the full-sample estimates. In the lower-registered-capital 587 

subsample, all three TOE predictors remain positive and statistically significant: external 588 

capital receipt (β = 0.520, SE = 0.211, p = .014; OR = 1.682), perceived industry 589 

prevalence (β = 0.277, SE = 0.092, p = .003; OR = 1.319), and ITCAP (β = 1.072, SE = 590 

0.210, p < .001; OR = 2.922). Each coefficient is larger in absolute magnitude than its 591 

full-sample counterpart, and the Nagelkerke pseudo R² rises from 0.098 to 0.147. The 592 

TOE associations are therefore not weaker in this capital-constrained segment. 593 

Place Table 9 about here594 

 595 

Discussion and Conclusions 596 

Summary of Results 597 

We paired the Technology-Organization-Environment framework with organizational 598 

lifecycle theory to ask which organizational and environmental conditions covary with 599 

live-streaming commerce adoption in a predominantly SME sample of Chinese firms, 600 

while controlling for self-reported firm size. Pooled binary logistic regression on the 2023 601 

cross-sectional sample of 718 firms identifies three TOE factors positively associated 602 

with adoption probability: external capital receipt, a dedicated in-house live-streaming 603 

team, and perceived industry prevalence. 604 

The estimates line up with H1, H2, and H3. ITCAP displays the strongest association (OR 605 
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= 2.305), followed by external capital receipt (OR = 1.492) and perceived industry 606 

prevalence (OR = 1.269). Platform adoption in this sample does not trace back to a single 607 

dominant driver. It covaries with financial slack, internal human-capital commitment, and 608 

perceived peer practice [28, 33, 51]. 609 

Split-sample estimation across the questionnaire's firm-age categories, under 3 years, 3 to 610 

10 years, and over 10 years, exposes patterns that the pooled estimates conceal. Among 611 

firms operating for under 3 years, only ITCAP attains conventional significance; external 612 

capital receipt and perceived industry prevalence are positive but statistically imprecise. 613 

The noise is consistent with credit rationing that compresses variance in observable 614 

capital access, and with weaker network embeddedness among newer firms [37, 57]. 615 

Among firms operating for 3 to 10 years, all three TOE predictors are simultaneously 616 

significant, and the model achieves its highest explanatory power in this stratum 617 

(Nagelkerke R² = 0.110). Among firms operating for over 10 years, perceived industry 618 

prevalence remains positively associated with adoption, ITCAP retains significance with 619 

an attenuated coefficient, and external capital receipt is indistinguishable from zero. 620 

These patterns point to a shifting decision calculus: adoption early in a firm's life is most 621 

tightly linked to dedicated internal capability, multiple levers operate jointly during 622 

growth, and perceived peer prevalence remains salient in maturity even as the association 623 

with capital weakens [34, 46]. 624 

Growth-stage firms present a fuller picture: all three TOE predictors are significant at 625 

once, and the model reaches its highest explanatory power in this stratum (Nagelkerke R² 626 

= 0.110). One plausible reading is that mid-life firms have enough slack that financial 627 

resources, peer legitimacy signals, and dedicated human capital each move adoption 628 

propensity along its own margin [39, 60]. 629 
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Mature firms show yet another configuration. Perceived industry prevalence stays 630 

positively associated with adoption, ITCAP remains significant though with a smaller 631 

coefficient, and external capital receipt is statistically indistinguishable from zero. Seen 632 

together, the stage-specific patterns point to a decision calculus that shifts over the firm's 633 

life: adoption tracks dedicated internal capability early on, several organizational and 634 

environmental forces operate at once in mid-life, and perceived peer prevalence still 635 

covaries with adoption in maturity even as the association with external capital weakens 636 

[34, 46]. 637 

Robustness of Findings 638 

Auxiliary specifications support the direction of these results. A probit estimator produces 639 

consistent signs and significance levels. Re-estimation on the lower-registered-capital 640 

subsample (n = 465, 64.8% of the data) yields larger coefficient magnitudes and improved 641 

model fit (Nagelkerke R² = 0.147). The pooled associations therefore do not appear to be 642 

artifacts of sample composition by registered capital (Table 9). 643 

Theoretical Implications 644 

Stage-contingent TOE micro-foundations. Dedicated in-house team presence shows a 645 

stronger adoption association in the lower-registered-capital subsample (OR = 2.922, 646 

Table 9) and retains statistical significance across the lifecycle. The association peaks 647 

among firms operating for 3 to 10 years (OR = 2.514) and is also substantial among newer 648 

firms and firms operating for over 10 years (OR = 2.230 vs. 2.049, Table 7). This pattern 649 

extends the TOE micro-foundations literature by identifying a lifecycle boundary 650 

condition. Prior work has often treated technological readiness as a relatively 651 

homogeneous organizational asset [27]; the present analysis suggests instead that its 652 
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observed magnitude depends on firm size and stage. Where resource fungibility is lower, 653 

capability heterogeneity acts as a binding constraint that most sharply separates adopters 654 

from non-adopters [33]. 655 

Contingent institutional and resource mechanisms. The stage-varying pattern of 656 

perceived industry prevalence, insignificant among firms operating for under 3 years (p 657 

= .179) yet significant among firms operating for 3 to 10 years and over 10 years (OR = 658 

1.295, p = .014 and OR = 1.392, p = .020, respectively; Table 7), suggests that legitimacy-659 

seeking behavior requires a minimum threshold of network observability before it 660 

operates as an adoption correlate. This qualifies the institutional-isomorphism logic by 661 

showing that mimetic pressure is not universal but contingent on organizational age and 662 

market embeddedness [32]. The association between external capital and adoption, 663 

similarly, is concentrated among firms operating for 3 to 10 years (OR = 1.560, p = .071, 664 

Table 7), consistent with the reading that scaling pressure, rather than general resource 665 

slack, drives the empirical link between financing and platform entry. 666 

Implications for adoption theory. These findings also speak to how the TOE framework 667 

itself should be conceptualized when the outcome is initial platform adoption by an SME. 668 

Read together, they point toward treating TOE as a set of conditional propositions rather 669 

than a universal variance model. All three predictors reach significance, whether at 670 

conventional or marginal levels, only in the growth stage, and model fit peaks in that same 671 

stratum (Nagelkerke R² = 0.110, Table 7). A pooled-sample design can thus overstate the 672 

relevance of some factors and understate others, depending on how the sample is 673 

composed across lifecycle stages. Theory work that follows should consider stage-674 

calibrated TOE specifications in which effect magnitudes are allowed to vary with 675 

organizational maturity. 676 
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 677 

Managerial and Policy Implications 678 

Managers of smaller firms should read the lifecycle patterns as a call for differentiated 679 

digital strategy. Newer firms gain the most from building dedicated in-house streaming 680 

teams first. At this stage, perceived industry prevalence carries no discernible association 681 

with adoption; peer imitation without foundational IT human capital appears insufficient 682 

for entry. Firms operating for 3 to 10 years operate in a decision environment where 683 

external financing, peer benchmarking, and team building each covary independently 684 

with adoption, and investments along these dimensions are likely complementary rather 685 

than substitutable. Among firms operating for over 10 years, adoption propensity is more 686 

tightly linked to perceived peer prevalence and to the continued presence of dedicated IT 687 

teams, even though the estimated association with external capital receipt weakens. 688 

For policymakers and ecosystem architects, uniform subsidization is unlikely to work. 689 

Financial grants and loan guarantees show the strongest association with adoption when 690 

aimed at growth-stage SMEs, whereas start-ups may benefit more from technical training, 691 

incubation services, and talent subsidies that directly target the capability constraints 692 

visible at this stage. Industry associations that seek to accelerate LSC diffusion should 693 

recognize that peer-pressure campaigns and benchmark dissemination resonate most 694 

strongly with established, network-embedded firms rather than with newly founded 695 

ventures. 696 

 697 

Limitations and Future Research 698 

These findings should be interpreted in light of several limitations. First, the cross-699 
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sectional design precludes strict causal identification. External capital receipt and 700 

adoption status were measured in the same survey, and the stored questionnaire did not 701 

record a bounded 24-month recall window; unobserved heterogeneity, entrepreneurial 702 

orientation, or unmeasured industry demand shocks may therefore confound the 703 

estimated relationships. Quasi-experimental or longitudinal panel designs would 704 

strengthen causal claims [62]. 705 

Second, the binary operationalization of adoption (1 = adopted, 0 = not adopted) captures 706 

the extensive margin of LSC engagement but not its intensive margin. Future work could 707 

model adoption depth, for instance the frequency of live-streaming events, revenue share, 708 

or team size, to examine whether the TOE drivers covary differently with initiation than 709 

with scaling. 710 

Third, although the sample spans multiple industries and regions, the data come from a 711 

single point in time (2023) within one national context. Platform ecosystems and SME 712 

financing environments evolve rapidly. Replication in other institutional settings, or at 713 

different phases of the diffusion cycle, would test the generalizability of the lifecycle-714 

contingent patterns reported here. 715 

 716 

Conclusion 717 

Live-streaming commerce is a rapidly evolving digital channel. It requires firms to 718 

allocate scarce internal resources while navigating uncertain environmental signals. 719 

Adoption, this study suggests, is not a monolithic event tied to a single dominant factor. 720 

It is a stage-contingent outcome in which capital receipt, perceived institutional 721 

prevalence, and dedicated team capability assume differential salience across the 722 
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organizational lifecycle. Parsing these contingencies moves the literature beyond one-723 

size-fits-all explanations and offers a theoretically grounded account of how, when, and 724 

why firms step onto the live-streaming platform. 725 

 726 

Declarations 727 

Data availability 728 

All data and materials supporting the findings of this study are available as Supplementary 729 

Files accompanying this article. Supplementary File S1 contains the anonymized dataset 730 

(raw item responses and constructed analysis variables; N = 718). Supplementary File S2 731 

is the complete variable codebook documenting definitions, coding schemes, and 732 

transformations. Supplementary File S3 is the original survey questionnaire, including 733 

the informed-consent page. Supplementary File S4 is the complete Stata do-file 734 

reproducing the descriptive statistics and regression results. Supplementary File S5 is the 735 

data-reconciliation note that verifies Table 1, control-variable coding, and lifecycle 736 

boundaries against the raw records. Supplementary File S6 documents the data-collection 737 

protocol and data-management procedures; a separate S4 verification summary records 738 

successful execution of the analysis code. The shared files contain no IP addresses, 739 

submission timestamps, referral-source information, or direct identifiers. No third-party 740 

or proprietary data were used; all data were collected by the authors. 741 

Ethics approval and consent to participate 742 

This study was a non-interventional, cross-sectional business survey of firm owners and 743 

senior managers and collected no medical, health-related, or otherwise sensitive personal 744 

data. Data were collected in 2023. A retrospective ethics review application was 745 



 32 

submitted to the Research Office of North Minzu University on 13 September 2026. The 746 

application was reviewed and approved by the Science and Technology Ethics Review 747 

Committee of North Minzu University on 15 September 2026 (approval reference: North 748 

Minzu University Ethics Approval No. 2026-37). The study was designed and conducted 749 

in accordance with the general ethical principles of the Declaration of Helsinki and the 750 

research ethics requirements of North Minzu University. Informed consent was obtained 751 

from all participants. The questionnaire's first page identified the researchers and 752 

institutional affiliation, stated the academic purpose, and explained that participation was 753 

voluntary, responses would be kept confidential and used solely for anonymized 754 

academic research, and participants could stop before submission without consequence. 755 

Online respondents consented by voluntarily completing and submitting the questionnaire 756 

after reading this statement; on-site respondents provided verbal informed consent after 757 

receiving the same information. Written signatures were not collected because the records 758 

were anonymous and contained no direct identifiers; this consent procedure was included 759 

in the approved protocol. The institutional approval document is provided as 760 

Supplementary File S7. 761 

Consent for publication 762 

Not applicable. This manuscript contains no individual person's data in any form 763 

(including individual details, images, or videos). 764 

Competing interests 765 

The authors declare no competing interests. 766 

 767 

 768 

References 769 



 33 

1. State Administration for Market Regulation Development Research Center & Chine770 

se Academy of Social Sciences. (2025). 2025 live streaming commerce industry dev771 

elopment white paper [White paper]. (In Chinese). 772 

2. Liao, M., Fang, J., Han, L., Wen, L., Zheng, Q., & Xia, G. (2023). Boosting eComm773 

erce sales with livestreaming in B2B marketplace: A perspective on live streamers’ c774 

ompetencies. Journal of Business Research, 167, 114167. https://doi.org/10.1016/j.j775 

busres.2023.114167 776 

3. Dong, J., Guan, Z., Yu, T., Guan, X., & Zhang, J. (2025). Manufacturer encroachme777 

nt through live streaming considering consumer disappointment aversion. Journal o778 

f Retailing and Consumer Services, 83, 104152.https://doi.org/10.1016/j.jretconser.2779 

024.104152 780 

4. Chen, Y., Wang, Y., Zheng, J., Song, Y., & Wen, Y. (2025). Self-reliance vs. Depend781 

ence: Optimal live streaming strategies selection for E-retailers at different develop782 

mental stages. Journal of Retailing and Consumer Services, 84, 104225.https://doi.o783 

rg/10.1016/j.jretconser.2025.104225 784 

5. Liu, J., Yuan, R., Feng, S., & Wang, G. (2025). Quality-differentiated distribution str785 

ategies between live streaming and online channels. Journal of Retailing and Consu786 

mer Services, 82, 104056.https://doi.org/10.1016/j.jretconser.2024.104056 787 

6. National Bureau of Statistics of China. (2017). Statistical Classification of Large, M788 

edium, Small, and Micro Enterprises. Beijing: China Statistics Press. 789 

7. Cenamor, J., Parida, V., & Wincent, J. (2019). How entrepreneurial SMEs compete t790 

hrough digital platforms: The roles of digital platform capability, network capability791 

 and ambidexterity. Journal of Business Research, 100, 196–206. https://doi.org/10.1792 

016/j.jbusres.2019.03.035 793 



 34 

8. Eller, R., Alford, P., Kallmünzer, A., & Peters, M. (2020). Antecedents, consequence794 

s, and challenges of small and medium-sized enterprise digitalization. Journal of Bu795 

siness Research, 112, 119–127. https://doi.org/10.1016/j.jbusres.2020.03.004 796 

9. Li, L., Su, F., Zhang, W., & Mao, J. Y. (2018). Digital transformation by SME entre797 

preneurs: A capability perspective. Information Systems Journal, 28(6), 1129–1157.798 

https://doi.org/10.1111/isj.12153 799 

10. Cai, J., & Wohn, D. Y. (2019). Live streaming commerce: Uses and gratifications ap800 

proach to understanding consumers' motivations. In T. Bui (Ed.), Proceedings of the801 

 52nd Hawaii International Conference on System Sciences (pp. 2548–2557). https:/802 

/orcid.org/0000-0002-0582-555X 803 

11. Zhang, M., Qin, F., Wang, G. A., & Luo, C. (2020). The impact of live video stream804 

ing on online purchase intention. The Service Industries Journal, 40(9–10), 656-681.805 

https://doi.org/10.1080/02642069.2019.1576642 806 

12. Hu, M., & Chaudhry, S. S. (2020). Enhancing consumer engagement in e-commerce807 

 live streaming via relational bonds. Internet Research, 30(3), 1019–1041. https://do808 

i.org/10.1108/INTR-03-2019-0082 809 

13. Park, H. J., & Lin, L. M. (2020). The effects of match-ups on the consumer attitudes810 

 toward internet celebrities and their live streaming contents in China. Journal of Re811 

tailing and Consumer Services, 52, 101934. https://doi.org/10.1016/j.jretconser.201812 

9.101934 813 

14. Luo, X., Cheah, J. H., Hollebeek, L. D., & Lim, X. J. (2024). Boosting customers’ i814 

mpulsive buying tendency in live-streaming commerce: The role of customer engag815 

ement and deal proneness. Journal of Retailing and Consumer Services, 77, 103644.816 

https://doi.org/10.1016/j.jretconser.2023.103644 817 



 35 

15. Hu, H. H., & Ma, F. (2023). Human-like bots are not humans: The weakness of sens818 

ory language for virtual streamers in livestream commerce. Journal of Retailing and819 

 Consumer Services, 75, 103541.https://doi.org/10.1016/j.jretconser.2023.103541 820 

16. Wongkitrungrueng, A., & Assarut, N. (2020). The role of live streaming in building 821 

consumer trust and engagement with social commerce sellers. Journal of Business R822 

esearch, 117, 543–556. https://doi.org/10.1016/j.jbusres.2018.08.032 823 

17. Hu, M., Zhang, M., & Wang, Y. (2017). Why do audiences choose to keep watching824 

 on live video streaming platforms? An explanation of dual identification framewor825 

k. Computers in human behavior, 75, 594–606. https://doi.org/10.1016/j.chb.2017.0826 

6.006  827 

18. Sun, Y., Shao, X., Li, X., Guo, Y., & Nie, K. (2019). How live streaming influences 828 

purchase intentions in social commerce: An IT affordance perspective. Electronic co829 

mmerce research and applications, 37, 100886.https://doi.org/10.1016/j.elerap.2019.830 

100886 831 

19. Gawer, A., & Cusumano, M. A. (2014). Industry platforms and ecosystem innovatio832 

n. Journal of Product Innovation Management, 31(3), 417–433.  https://doi.org/10.1833 

111/jpim.12105 834 

20. McIntyre, D. P., & Srinivasan, A. (2017). Networks, platforms, and strategy: Emergi835 

ng views and next steps. Strategic management journal, 38(1), 141–160.https://doi.836 

org/10.1002/smj.2596 837 

21. Constantinides, P., Henfridsson, O., & Parker, G. G. (2018). Introduction, platforms 838 

and infrastructures in the digital age. Information Systems Research, 29(2), 381–400.839 

 https://doi.org/10.1287/isre.2018.0794 840 

22. Tornatzky, L. G., Fleischer, M., & Chakrabarti, A. K.. (1990). The Processes of Tech841 



 36 

nological Innovation. Lexington Books. 842 

23. Baker, J. (2011). The technology–organization–environment framework. Informatio843 

n Systems Theory: Explaining and Predicting Our Digital Society, Vol. 1, 231–245.h844 

ttps://link.springer.com/chapter/10.1007/978-1-4419-6108-2-12 845 

24. Loo, M. K., Ramachandran, S., & Raja Yusof, R. N. (2025). Systematic review of fa846 

ctors and barriers influencing E-commerce adoption among SMEs over the last deca847 

de: a TOE framework perspective. Journal of the Knowledge Economy, 16, 9624–96848 

48. https://doi.org/10.1007/s13132-024-02257-5 849 

25. Hossain, M. I., & Azam, M. S. (2023). The effects of technology, organisation and e850 

nvironmental factors on small firm entry to electronic marketplace: a developing co851 

untry perspective. International Journal of Electronic Business, 18(1), 77–107. http852 

s://doi.org/10.1504/IJEB.2023.127536 853 

26. N'Dri, A. B., & Su, Z. (2024). Successful configurations of technology–organization854 

–environment factors in digital transformation: Evidence from exporting small and 855 

medium-sized enterprises in the manufacturing industry. Information & Managemen856 

t, 61(7), 104030. https://doi.org/10.1016/j.im.2024.104030 857 

27. Zhu, K., & Kraemer, K. L. (2005). Post-adoption variations in usage and value of e-858 

business by organizations: cross-country evidence from the retail industry. Informati859 

on Systems Research, 16(1), 61–84.https://doi.org/10.1287/isre.1050.0045 860 

28. Baker, T., & Nelson, R. E. (2005). Creating something from nothing: Resource cons861 

truction through entrepreneurial bricolage. Administrative Science Quarterly, 50(3),862 

 329–366. https://doi.org/10.2189/asqu.2005.50.3.329  863 

29. Eggers, F. (2020). Masters of disasters? Challenges and opportunities for SMEs in ti864 

mes of crisis. Journal of Business Research, 116(1), 199–208.https://doi.org/10.101865 



 37 

6/j.jbusres.2020.05.025 866 

30. Barney, J. B. (2001). Resource-based theories of competitive advantage: A ten-year 867 

retrospective on the resource-based view. Journal of Management, 27(6), 643–650. h868 

ttps://orcid.org/0000-0003-0875-6702 869 

31. Chandler, G. N. , & Hanks, S. H. . (1994). Market attractiveness, resource-based cap870 

abilities, venture strategies, and venture performance. Journal of Business Venturin871 

g, 9(4), 331–349. https://doi.org/10.1016/0883-9026(94)90011-6 872 

32. Teo, H. H., Wei, K. K., & Benbasat, I. (2003). Predicting intention to adopt interorg873 

anizational linkages: An institutional perspective.  MIS Quarterly, 27(1), 19–49.http874 

s://doi.org/10.2307/30036518 875 

33. Teece, D. J., Pisano, G., & Shuen, A. (1997). Dynamic capabilities and strategic ma876 

nagement. Strategic Management Journal, 18(7), 509–533.https://doi.org/10.1002/877 

(SICI)1097-0266(199708)18:7<509::AID-SMJ882>3.0.CO;2-Z 878 

34. Helfat, C. E., & Peteraf, M. A. (2003). The dynamic resource‐based view: Capabil879 

ity lifecycles. Strategic management journal, 24(10), 997–1010.https://doi.org/10.1880 

002/smj.332 881 

35. Weng, Q., Wang, D., De Lurgio II, S., & Schuetz, S. (2025). How do small-to-medi882 

um-sized e-commerce businesses stay competitive? Evidence on the critical roles of883 

 IT capability, innovation and multihoming. Internet Research, 35(1), 126–151.https:884 

//doi.org/10.1108/INTR-01-2023-0061 885 

36. Miller, D., & Friesen, P. H. (1984). A longitudinal study of the corporate life cycle. M886 

anagement Science, 30(10), 1161–1183. https://doi.org/10.1287/mnsc.30.10.1161 887 

37. Lewis, V. L., & Churchill, N. C.. (1983). The five stages of small business growth. H888 



 38 

arvard Business Review, 3(3). https://hbr.org/1983/05/the-five-stages-of-small-busin889 

ess-growth 890 

38. Lester, D. L., Parnell, J. A., & Carraher, S. (2003). Organizational life cycle: A five891 

‐stage empirical scale. The International Journal of Organizational Analysis, 11(4),892 

 339–354. https://doi.org/10.1108/eb028979 893 

39. Greiner, L. E. (1998). Evolution and revolution as organizations grow. Harvard Bus894 

iness Review, 76(3), 55–64. 895 

40. Nambisan, S. (2017). Digital entrepreneurship: Toward a digital technology perspec896 

tive of entrepreneurship. Entrepreneurship Theory and Practice, 41(6), 1029–1055.897 

https://orcid.org/0000-0001-9375-5223 898 

41. Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance 899 

of information technology: Toward a unified view. MIS Quarterly, 27(3), 425–478.h900 

ttps://doi.org/10.2307/30036540 901 

42. Vrontis, D., Chaudhuri, R., & Chatterjee, S. (2022). Adoption of digital technologie902 

s by SMEs for sustainability and value creation: Moderating role of entrepreneurial 903 

orientation. Sustainability, 14(13), 7949.https://doi.org/10.3390/su14137949 904 

43. Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003). Common905 

 method biases in behavioral research: a critical review of the literature and recomm906 

ended remedies. Journal of Applied Psychology, 88(5), 879–903. https://orcid.org/0907 

000-0002-2622-7831 908 

44. Quinn, R. E., & Cameron, K. (1983). Organizational life cycles and shifting criteria 909 

of effectiveness: Some preliminary evidence. Management Science, 29(1), 33–51.ht910 

tps://doi.org/10.1287/mnsc.29.1.33 911 



 39 

45. Leonard‐Barton, D. (1992). Core capabilities and core rigidities: A paradox in man912 

aging new product development. Strategic Management Journal, 13(S1), 111–125. 913 

https://doi.org/10.1002/smj.4250131009 914 

46. Henderson, R. M., & Clark, K. B. (1990). Architectural innovation: The reconfigura915 

tion of existing product technologies and the failure of established firms. Administra916 

tive Science Quarterly, 35(1), 9–30.https://doi.org/10.2307/2393549  917 

47. Hanks, S. H., Watson, C. J., Jansen, E., & Chandler, G. N. (1994). Tightening the lif918 

e-cycle construct: A taxonomic study of growth stage configurations in high-technol919 

ogy organizations. Entrepreneurship Theory and Practice, 18(2), 5–29.http://dx.doi.920 

org/10.1177/104225879401800201 921 

48. Amit, R., & Han, X. (2017). Value creation through novel resource configurations in922 

 a digitally enabled world. Strategic Entrepreneurship Journal, 11(3), 228–242.  http923 

s://sms.onlinelibrary.wiley.com/doi/10.1002/sej.1256 924 

49. Aghazadeh, H., Zandi, F., Amoozad Mahdiraji, H., & Sadraei, R. (2024). Digital tra925 

nsformation and SME internationalisation: Unravelling the moderated-mediation rol926 

e of digital capabilities, digital resilience and digital maturity. Journal of Enterprise 927 

Information Management, 37(5), 1499–1526.  https://doi.org/10.1108/JEIM-02-202928 

3-0092 929 

50. Lieberman, M. B., & Montgomery, D. B. (1998). First‐mover (dis) advantages: ret930 

rospective and link with the resource‐based view. Strategic Management Journal, 1931 

9(12), 1111–1125. https://doi.org/10.1002/(SICI)1097-0266(1998120)19:12<1111::932 

AID-SMJ21>3.0.CO;2-W 933 

51. DiMaggio, P. J., & Powell, W. W. (1983). The iron cage revisited: Institutional isom934 



 40 

orphism and collective rationality in organizational fields. American sociological re935 

view, 48(2), 147-160 936 

52. Tushman, M.L., & Anderson, P.W. (1986). Technological Discontinuities and Organ937 

izational Environments. Administrative Science Quarterly, 31(3), 439–465.https://do938 

i.org/10.2307/2392832 939 

53. Bharadwaj, A., El Sawy, O. A., Pavlou, P. A., & Venkatraman, N. V. (2013). Digital 940 

business strategy: toward a next generation of insights. MIS Quarterly, 471–482. htt941 

ps://doi.org/10.25300/MISQ/2013/37:2.3 942 

54. Barreto, I. (2010). Dynamic capabilities: A review of past research and an agenda fo943 

r the future. Journal of Management, 36(1), 256–280.https://orcid.org/0000-0002-48944 

50-5804 945 

55. Zahra, S. A., & George, G. (2002). Absorptive Capacity: A Review, Reconceptualiz946 

ation, and Extension. Academy of Management Review, 27(2), 185–203. https://orc947 

id.org/0000-0001-6323-7177 948 

56. Warner, K. S., & Wäger, M. (2019). Building dynamic capabilities for digital transfo949 

rmation: An ongoing process of strategic renewal. Long Range Planning, 52(3), 326950 

–349.https://doi.org/10.1016/j.lrp.2018.12.001 951 

57. Kazanjian, R. K. (1988). Relation of dominant problems to stages of growth in tech952 

nology-based new ventures. Academy of Management Journal, 31(2), 257–279. http953 

s://doi.org/10.2307/256548 954 

58. Hite, J. M., & Hesterly, W. S. (2001). The evolution of firm networks: From emerge955 

nce to early growth of the firm. Strategic Management Journal, 22(3), 275–286.http956 

s://doi.org/10.1002/smj.156 957 

59. Sine, W. D., Mitsuhashi, H., & Kirsch, D. A. (2006). Revisiting Burns and Stalker: F958 



 41 

ormal structure and new venture performance in emerging economic sectors. Acade959 

my of Management Journal, 49(1), 121–132.https://doi.org/10.5465/amj.2006.2078960 

5590 961 

60. DeSantola, A., & Gulati, R. (2017). Scaling: Organizing and growth in entrepreneur962 

ial ventures. Academy of Management Annals, 11(2), 640–668. https://doi.org/10.54963 

65/annals.2015.0125 964 

61. March, J. G. (1991). Exploration and exploitation in organizational learning. Organi965 

zation Science, 2(1), 71–87. https://doi.org/10.1287/orsc.2.1.71 966 

62. Angrist, J. D., & Pischke, J. S. (2009). Mostly Harmless Econometrics: An Empirici967 

st's Companion. Princeton University Press. https://doi.org/10.1515/9781400829828 968 

63. Moore, G. C., & Benbasat, I. (1991). Development of an instrument to measure the 969 

perceptions of adopting an information technology innovation. Information Systems970 

 Research, 2(3), 192–222. https://doi.org/10.1287/isre.2.3.192 971 

64. Cassar, G. (2004). The financing of business start-ups. Journal of Business V972 

enturing, 19(2), 261–283. https://doi.org/10.1016/S0883-9026(03)00029-6 973 

65. Howorth, C., Westhead, P., & Wright, M. (2004). Buyouts, information asym974 

metry and the family management dyad. Journal of Business Venturing, 19975 

(4), 509–534. https://doi.org/10.1016/j.jbusvent.2003.04.002 976 

66. Wooldridge, J. M. (2010). Econometric Analysis of Cross Section and Panel Data  (2977 

nd ed.). MIT press.  978 

 979 



 42 

Table 1. Sample Distribution by Region, Industry, Self-Reported Firm Size, and 980 

Registered Capital 981 

Region 
Sampl

e size 
(%) Industry type 

Sampl

e size 
(%) 

North China 174 
24.2

% 
Primary Sector 255 35.5% 

East China 147 
20.5

% 
Secondary Sector 271 37.7% 

South China 130 18.1% Tertiary Sector 192 26.7% 

Central China 78 10.9% Self-reported firm size n % 

Northeast China 62 8.6% Large 138 19.2% 

Northwest China 68 9.5% Medium 276 38.4% 

Southwest China 59 8.2% Small 304 42.3% 

Registered capital Category n % 

< RMB 5 million 465 64.8% 

≥ RMB 5 million 253 35.2% 
Notes: Total N = 718. Self-reported firm-size categories are used descriptively and as a numeric control; 982 

they are not a formal employee- or revenue-based SME eligibility classification. Percentages may not 983 

sum to 100% because of rounding. 984 

 985 
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Table 2. Variable Definitions and Measurement 986 

Dimension 
Specific 

Mechanism 

Quantitative 

Indicator 
Abbreviation Operationalization 

Dependent 

Variable 

Adoption of 

LSC 
Adoption status LSC 

Binary: 1 = Adopted, 0 = 

Not 

Organizational 

External 

Resource 

Access 

Received 

external capital 

EXTERNAL_

CAP 
Binary: 1 = Yes, 0 = No 

 
IT Capability 

(human capital) 

Professional 

team 
ITCAP Binary: 1 = Yes, 0 = No 

Environmental 

Mimetic 

Institutional 

Pressure 

Perceived 

popularity of 

LSC (single 

item) 

MIMETIC 

Ordinal 1-5; reverse-coded 

so higher values indicate 

stronger perceived 

prevalence 

Controls 

Self-reported 

firm size, 

region code, 

registered-

capital category 

FirmType; 

Region; Scale 
— 

Single numeric controls in 

reported models: 

FirmType (1=large, 

2=medium, 3=small), 

Region (1-7), Scale (1-4). 

Not dummy-coded. 

MIMETIC (Mimetic Pressure): Single-item measure on a 5-point Likert scale (1 = strongly disagree, 5 = 987 

strongly agree), reverse-coded so that higher scores indicate stronger perceived mimetic pressure. 988 

 989 
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Table 3. Harman Single-Factor Test for Common Method Variance (CMV, n=718) 990 

Test Statistic Value 

KMO Measure of Sampling Adequacy 0.912 

Bartlett‘s Test of Sphericity χ² = 4240.14 (df = 253) 

Factors Extracted (Eigenvalue > 1) 4 

First Principal Component 26.94% 

Cumulative Variance (Rotation) 46.421% 

Interpretation: KMO > 0.9 = Excellent; Bartlett's p < 0.001 = Correlated variables; 991 

First factor < 40% = No serious CMV [43]. 992 
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Table 4. Descriptive Statistics (n=718) 994 

Variable Mean SD Min Max Median 

LSC (Adoption) 0.588 0.493 0 1 1.0 

EXTERNAL_CAP 0.536 0.499 0 1 1.0 

MIMETIC 3.680 1.192 1 5 4.0 

ITCAP 0.581 0.494 0 1 1.0 

Notes: LSC: 1 = Adopted, 0 = Not adopted. MIMETIC is reverse-coded (1 = Strongly disagree = weak 995 

pressure, 5 = Strongly agree = strong pressure). Binary variables (EXTERNAL_CAP, ITCAP) are coded 996 

as 1 = Yes, 0 = No. For binary variables, the reported mean is the proportion coded 1; multiply the mean 997 

by 100 to obtain the percentage reported in the text. 998 

 999 
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Table 5. Pearson Correlation Matrix (n=718) 1000 

Variable 1 2 3 4 

1. EXTERNAL_CAP 1.00 0.04 0.10*** 0.11*** 

2. MIMETIC  1.00 0.02 0.14*** 

3. ITCAP   1.00 0.21*** 

4. LSC    1.00 

Notes: *p < 0.10, **p < 0.05, ***p < 0.01. Maximum absolute correlation = 0.21. 1001 

 1002 
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Table 6. Binary Logistic Regression (Direct Entry, Full Sample, n=718) 1003 

Hypothesis Variable beta OR 
95% CI 

Lo 

95% 

CI Hi 
SE 

p-

value 
Wald 

— const -1.2937*** 0.274 0.113 0.668 0.454 0.004 8.11 

H1 EXTERNAL_CAP +0.3998** 1.492 1.088 2.045 0.161 0.013 6.16 

H2 MIMETIC +0.2383*** 1.269 1.112 1.449 0.067 <0.001 12.48 

H3 ITCAP +0.8350*** 2.305 1.676 3.170 0.163 <0.001 26.37 

— 

FirmType (self-

reported size 

category) 

+0.1777 1.194 0.965 1.479 0.109 0.103 2.66 

— Region −0.0305 0.970 0.893 1.053 0.042 0.468 0.53 

— Scale −0.0939 0.910 0.781 1.061 0.078 0.230 1.44 

Model Fit: Nagelkerke R² = 0.098; Cox & Snell R² = 0.073; LR χ² = 54.42 (df = 6, p < 0.001); Model 1004 

accuracy = 62.0%; VIF all < 1.1 (no multicollinearity). Coefficient significance: *p < 0.10, **p < 0.05, 1005 

***p < 0.01. Source: Survey of 718 Chinese firms (2023), predominantly SMEs. 1006 

 1007 
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Table 7. Binary Logistic Regression Results by Organizational Lifecycle Stage (n=718) 1008 

Variable/Driver Under 3 years (n=241) 3 to 10 years (n=303) Over 10 years (n=174) 

EXTERNAL_CAP 

+0.363 (0.278) 

OR=1.438 p=0.192 

+0.445* (0.247) 

OR=1.560 p=0.071 

+0.261 (0.315) 

OR=1.299 p=0.407 

MIMETIC 

+0.153 (0.114) 

OR=1.165 p=0.179 

+0.258** (0.105) 

OR=1.295 p=0.014 

+0.331** (0.142) 

OR=1.392 p=0.020 

ITCAP 

+0.802*** (0.287) 

OR=2.230 p=0.005 

+0.922*** (0.246) 

OR=2.514 p<0.001 

+0.717** (0.319) 

OR=2.049 p=0.025 

Nagelkerke R² 0.075 0.110 0.088 

*p < 0.10, **p < 0.05, ***p < 0.01. Unstandardized β with SE in parentheses; OR shown. MIMETIC is 1009 

reverse-coded (1 = strongly disagree = weak pressure, 5 = strongly agree = strong pressure). Stage-specific 1010 

models include the three TOE predictors and omit the three numeric controls to preserve degrees of freedom 1011 

within the stage subsamples. 1012 
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Table 8. Probit Model Marginal Effects (Robustness Check, Full Sample n=718) 1014 

Variable AME SE 95% CI p 

EXTERNAL_CAP +0.0903** 0.0355 [0.021, 0.160] 0.011 

MIMETIC +0.0536*** 0.0146 [0.025, 0.082] <0.001 

ITCAP +0.1884*** 0.0343 [0.121, 0.256] <0.001 

Model Fit: McFadden R² = 0.056; LR χ²(6) = 54.48 (p < 0.001); LogL = -459.33; AIC = 932.66. Signs are 1015 

consistent with Logit. *p < 0.10, **p < 0.05, ***p < 0.01. 1016 
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Table 9. Subsample Robustness: Coefficients Comparison (Lower-Registered-1018 

Capital Firms vs. Full Sample) 1019 

Variable 

Lower-Registered-Capital 

Subsample (Categories 1-2, 

n=465) 

Full Sample (n=718) 

EXTERNAL_CAP 0.520** (0.211) OR=1.682 p=0.014 
0.400** (0.161) OR=1.492 

p=0.013 

MIMETIC 
0.277*** (0.092) OR=1.319 

p=0.003 

0.238*** (0.067) OR=1.269 

p<0.001 

ITCAP 
1.072*** (0.210) OR=2.922 

p<0.001 

0.835*** (0.163) OR=2.305 

p<0.001 

Nagelkerke R² 0.147 0.098 

Notes: DV = LSC (1 = adopted). Lower-registered-capital subsample = registered-capital categories 1-2 (n 1020 

= 465; 64.8%). *p < 0.10, **p < 0.05, ***p < 0.01. 1021 

 1022 
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