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ABSTRACT: French firms report significantly lower artificial intelligence (AI) adoption rates than their euro-area 

counterparts, a gap that recent evidence shows is not explained by firm size or sectoral composition but is instead 

associated with elevated concern over data privacy and institutional trust. This study applies the Technology-

Organization-Environment (TOE) framework to investigate this anomaly using microdata from the 2025Q4 wave of the 

European Central Bank's Survey on the Access to Finance of Enterprises (SAFE), which includes a dedicated ad hoc 

module on firm-level AI use and investment. Adoption barriers reported by French and euro-area firms are mapped 

onto technological, organizational, and environmental contexts, and their relative explanatory weight is assessed 

through descriptive comparison, chi-square tests of independence, and logistic regression, controlling for firm size, 

sector, and age. Results indicate that organizational-context barriersspecifically skills shortages and cost-return 

uncertaintyare the strongest predictor of non-adoption (OR = 0.42, p < 0.001), while environmental-context barriers 

cited more often than any other single barrier type within the French sample, though at lower rates than euro-area peers 

are not independently significant in the multivariate model (p = 0.452). These findings contribute the first TOE-

structured analysis of the French AI adoption gap and offer practical implications for policymakers and practitioners 

designing interventions to support AI adoption among French enterprises. 

 

KEYWORDS:Artificial Intelligence Adoption; Technology-Organization-Environment framework; France; digital 

transformation; data privacy; trust 

 

I. INTRODUCTION 

 

France presents a puzzle for researchers of organizational technology adoption. Despite ranking among Europe's largest 

recipients of public and private artificial intelligence (AI) investment including over €10 billion deployed through 
Bpifrance and €3.4 billion in financing through France 2030 project calls French firms report adoption rates for AI 
technologies that are significantly lower than the euro-area average [12]. This gap persists even when accounting for 

firm size and sectoral composition, two of the factors most commonly used to explain cross-country differences in 

technology diffusion. Using firm-level data from the European Central Bank's Survey on the Access to Finance of 

Enterprises (SAFE), recent work finds that the explanation lies elsewhere: French firms are markedly more likely than 

their euro-area counterparts to cite data privacy and ethical concerns as barriers to AI adoption, while being 

comparatively less likely to cite a shortage of AI-related skills [1]. In other words, the French gap appears to be driven 

less by capability and more by institutional trust and perceived risk.This anomaly is theoretically significant because it 

does not fit neatly into the explanations most often invoked in the technology adoption literature, which tend to 

emphasize firm resources, technical capability, or market pressure as the primary drivers of adoption. It instead points 

toward the kind of perceptual and institutional factors captured by the environmental context of the Technology-

Organization-Environment (TOE) framework namely regulatory climate, data governance norms, and institutional trust 

which have received comparatively less empirical attention in the AI adoption literature than technological and 

organizational factors [8]. The practical stakes of understanding this gap are considerable. France's National Strategy 

for AI explicitly identifies supporting the digital transformation of French SMEs as a strategic priority and aims to 

double the number of AI specialists in France by 2030 [13]. Yet if the binding constraint on adoption is institutional 

trust rather than skills or infrastructure, policy interventions focused on training and digital infrastructure the typical 

policy response may address the wrong barrier. Understanding which TOE dimension actually explains the gap 

therefore has direct implications for how French policymakers, AI vendors, and firms themselves should prioritize their 

response.This paper addresses two related questions.  
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First, what organizational and contextual factors, structured according to the TOE framework, best explain the 

persistent AI adoption gap between French firms and their euro-area counterparts?  

 

Second, do environmental-context barriers specifically data privacy and institutional trust concerns explain a 

disproportionate share of this gap relative to organizational and technological factors, as the existing descriptive 

evidence suggests but has not yet formally tested? 

 

To answer these questions, this study reanalyses microdata from the 2025Q4 wave of the SAFE survey, which included 

a dedicated ad hoc module of questions on firm-level AI use and investment. While the existence and rough contours of 

the French AI adoption gap have been documented descriptively [1], [2], no published study to date has applied the 

TOE framework to this specific dataset, nor formally tested the relative explanatory weight of environmental-context 

barriers against organizational and technological ones in the French case. This paper makes three contributions. First, it 

provides the first TOE-structured analysis of the French AI adoption gap using nationally representative firm-level 

survey data. Second, it offers an explicit mapping of SAFE-reported adoption barriers onto TOE categories that can be 

reused in future research on AI adoption using this or comparable survey instruments. Third, it generates findings with 

direct relevance to French policymakers and practitioners seeking to design more effectively targeted interventions to 

close the adoption gap.The remainder of this paper is organized as follows. Section II reviews the literature on the 

French AI adoption gap and the TOE framework, and proposes a structured mapping of adoption barriers onto TOE 

categories. Section III describes the data source, sample, and analytical methodology. Section IV presents results. 

Section V discusses the findings in relation to the existing literature and their practical implications. Section VI 

addresses limitations, and Section VII concludes with directions for future research. 

 

II. LITERATURE SURVEY 

 

A. The AI Adoption Gap in French Firms 

A growing body of empirical work documents that France lags behind its euro-area peers in firm-level AI adoption, and 

that this gap is not a simple function of company size or industry composition. Using the ECB's Q4 2025 SAFE survey 

of nearly 5,000 firms across twelve euro-area countries including 625 French respondents recent Banque de France 

research finds that French firms report adoption rates significantly below the euro-area average, and that the 

explanation lies less in structural factors and more in how French firms perceive risk: they are notably more likely than 

their peers to cite data privacy and ethical concerns as adoption barriers, even though they are comparatively less likely 

to cite a shortage of AI-related skills [1]. This finding is significant for two reasons. First, it rules out the most intuitive 

explanations for the gap. Second, it points toward a perceptual and institutional explanation rather than a purely 

technical one, which is precisely the kind of factor the TOE framework is designed to capture in its environmental-

context dimension.This pattern is consistent with broader euro-area findings. Analysis of the same survey round reports 

that the two most commonly cited reasons firms give for not adopting AI are a perceived lack of usefulness and 

incompatibility with existing systems or a shortage of relevant skills [2]. Younger firms in the broader sample are more 

likely than established firms to cite ethical concerns and distrust in AI outputs as barriers, suggesting that trust-related 

hesitancy interacts with firm maturity in ways that merit closer investigation in the French context specifically.At the 

SME level more broadly across Europe, complementary survey data shows a striking asymmetry: a high proportion of 

small businesses have already experimented informally with generative AI tools, yet a much smaller share have 

adopted the underlying digital infrastructure needed to scale that experimentation into structural change [3]. This points 

to a distinction this paper treats as analytically important: tool-level experimentation is not the same as organizational 

adoption, and conflating the two in survey design risks overstating true AI maturity. 

 

B. The TOE Framework as a Theoretical Lens 

The Technology-Organization-Environment (TOE) framework, originally formulated by Tornatzky and Fleischer and 

further specified by DePietro, Wiarda, and Fleischer in the same volume, identifies three contextual dimensions that 

jointly shape an organization's propensity to adopt a new technology: the technological context, the organizational 

context, and the environmental context [4], [5].The framework's enduring appeal in information systems research stems 

from its operation at the organizational rather than individual level of analysis, distinguishing it from individual-level 

models such as the Technology Acceptance Model (TAM). Because this study is concerned with firm-level adoption 

decisions reported through aggregate survey data rather than individual employee attitudes, TOE is the more 

appropriate lens than TAM for the present analysis, although TOE and TAM are frequently combined in adjacent 

literature when individual-level perception data is available [6].Recent applications of TOE specifically to AI adoption 
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reinforce its relevance to the present study. A study of AI adoption in Saudi Arabian SMEs found that core TOE 

constructsrelative advantage, compatibility, sustainable human capital, and government supportsignificantly predicted 

adoption outcomes, with firm size moderating the relationship between adoption and performance gains [7]. A 

subsequent meta-analysis synthesizing twelve empirical TOE-based studies of organizational AI adoption confirmed 

that environmental and institutional pressures remain comparatively underexplored relative to technological and 

organizational factors, despite growing evidence that regulatory and ethical climate meaningfully shapes adoption 

trajectoriesa gap this paper directly addresses in the French regulatory context [8]. Other recent extensions integrate 

TOE with the Diffusion of Innovations (DOI) framework specifically for SME contexts, arguing that SMEs face a 

distinct adoption logic from large enterprises due to resource constraints [6]. 

 

C. Mapping AI Adoption Barriers onto TOE 

Building on this literature, this paper proposes the following classification of the adoption barriers reported in SAFE 

survey data into TOE categoriesa structuring exercise that, to the authors' knowledge, has not yet been applied 

systematically to French firm-level AI adoption data. Technological context: perceived usefulness of AI tools relative 

to existing workflows; compatibility with legacy IT systems and data infrastructure; data quality and integration 

challenges, which European SME research identifies as a frequently underestimated technical barrier that precedes and 

undermines AI experimentation [9].Organizational context: firm size and age; availability of AI-relevant skills 

internally; digital maturity, including prior adoption of foundational digital infrastructure; managerial awareness and 

visibility into actual AI usage within the organization, which recent enterprise survey data suggests is often surprisingly 

low even among senior leadership [10].Environmental context: regulatory climate, particularly anticipatory compliance 

behaviour linked to the EU AI Act; data privacy norms and institutional trust in AI systems, which the Banque de 

France findings suggest weigh more heavily on French firms than on their euro-area peers; and broader sectoral or 

competitive pressure to adopt AI tools. 

 

D. Research Gap and Contribution 

While the TOE framework has been applied extensively to AI adoption in SME contexts internationally including 

Saudi Arabia, China, and pooled cross-sectoral samples no published study to date applies TOE specifically to the 

documented French AI adoption gap using the SAFE/Banque de France dataset. Existing French-focused work is 

predominantly descriptive, reporting that a gap exists and what firms cite as barriers, without organizing these findings 

within an established adoption framework or testing the relative explanatory weight of environmental factors against 

organizational and technological ones. This paper addresses that gap by reanalysing existing French and euro-area firm-

level data from the ECB SAFE 2025Q4 ad hoc AI module through a TOE lens, with particular attention to whether 

environmental-context barriers specifically data privacy and institutional trust concerns explain a disproportionate share 

of the adoption gap relative to organizational and technological factors. 

 

III. METHODOLOGY 

 

A. Data Source 

This study uses secondary data from the Survey on the Access to Finance of Enterprises (SAFE), a joint survey of the 

European Central Bank and the European Commission. Specifically, the analysis draws on the 2025Q4 ECB-round 

wave, fielded between 19 November and 15 December 2025 and published on 2 February 2026, which included a 

dedicated ad hoc module of six questions on firm-level use of and investment in AI technologies (variables QA1 

through QA6, suffixed _2025Q4 in the microdata), along with an embedded randomized information-treatment 

experiment (Experiment_3) [11]. This wave was selected because it is the same survey round underlying the Banque de 

France working paper that first documented the French AI adoption gap [1], allowing direct comparison and extension 

of that analysis. The anonymised microdata is published by the ECB as a public-use file (PUF), available without a 

formal data access request, in the consolidated file safepanel_allrounds (CSV and DTA formats) [11]. 

 

B. Sample 

The full 2025Q4 euro-area sample comprises approximately 5,067 firms [11]. The analytic sample for this study is 

restricted to French firms (country code D0 = “FR”), which represent one of the four largest country sub-samples in 

SAFE owing to oversampling of major euro-area economies [11]. The remaining euro-area firms (D0 ≠ “FR”) are 

retained as a comparison group to benchmark French-specific patterns against the broader euro-area sample, consistent 

with the Banque de France approach [1]. Firm-level stratification variables sector (D3_rec: industry, construction, 

trade, services), size class (derived from D1_rec, the recoded employee-count bracket), and firm age (D5_rec) — are 
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retained as covariates to test whether observed differences persist after controlling for structural composition, 

addressing the finding that the French gap is not explained by size or sector alone [1]. 

 

C. Variables and TOE Mapping 

The six AI-related ad hoc questions are mapped onto the three TOE contexts as follows. The dependent variable, AI 

adoption intensity, is operationalized from QA1_2025Q4 (self-assessed use of AI technologies in the firm). 

Technological-context variables are drawn from QA2_2025Q4 (main reasons the firm is using AI capturing perceived 

usefulness and relative advantage) and the non-adoption reasons in QA3_2025Q4 that reference compatibility or 

technical integration. Organizational-context variables combine firm characteristics (D1_rec, D3_rec, D5_rec) with the 

subset of QA3_2025Q4 non-adoption reasons referencing internal skills, resources, or managerial awareness. 

Environmental-context variables are drawn from the remaining QA3_2025Q4 non-adoption reasons referencing data 

privacy, ethical concern, or regulatory uncertainty, supplemented by QA4_2025Q4 and QA5_2025Q4 (perceived and 

expected peer/sectoral AI investment, used as a proxy for competitive and normative pressure). Table II summarizes 

this mapping; final category assignment of open-response-coded items will be cross-validated against the SAFE 

questionnaire codebook prior to analysis [11]. 

 

D. Analytical Approach 

The analysis proceeds in three stages. First, descriptive comparison of AI adoption rates and reported barriers between 

the French sub-sample and the euro-area comparison group, replicating and extending the published Banque de France 

figures [1] at the level of individual TOE-coded barrier categories rather than aggregate adoption rates alone. Second, a 

series of chi-square tests of independence assess whether the distribution of cited barriers across TOE categories differs 

significantly between French and other euro-area firms. Third, a logistic regression model estimates the likelihood of 

AI adoption (QA1_2025Q4, dichotomized) as a function of TOE-categorized predictors, firm characteristics, and a 

French-firm indicator variable, allowing the relative explanatory weight of environmental-context factorsspecifically 

data privacy and trust barriers to be assessed net of organizational and technological factors and firm structure. All 

analyses apply the SAFE calibrated sampling weight (wgtCommon) to ensure representativeness at the country and 

size-class level [11]. 

 

E. Software and Reproducibility 

All data preparation, variable recoding, statistical analyses, and robustness checks were implemented in Python. The 

analysis pipeline was developed using the pandas library for data manipulation, NumPy for numerical operations, SciPy 

for chi-square tests of independence, and statsmodels for binary and ordinal logistic regression analyses. The workflow 

is organized into three scripts: (1) a data loader that extracts the 2025Q4 SAFE AI module and creates French and euro-

area analysis datasets, (2) the main TOE analysis script that performs descriptive statistics, chi-square tests, and logistic 

regression, and (3) a robustness script that estimates an ordinal logistic model, evaluates an alternative TOE coding, 

and re-estimates the model using a French-only subsample. Intermediate datasets and all analytical results are exported 

as CSV files to ensure a transparent and reproducible workflow.In accordance with the SAFE microdata user 

agreement, the original SAFE microdata cannot be redistributed. However, the analysis scripts and derived, non-

microdata outputs (e.g., summary tables and model results) will be made available upon request to facilitate 

reproducibility while complying with the data-use restrictions. 

 

IV. RESULTS 

 

A. Descriptive Comparison of AI Adoption 

Table I presents the distribution of AI adoption intensity across the French and euro-area (excluding France) sub-

samples.French firms show a lower overall adoption rate than their euro-area peers: 60.3% of French firms report any 

AI use, compared to 65.8% in the euro-area comparison group. The gap is most pronounced at the higher end of the 

adoption intensity scale — only 2.1% of French firms report significant AI use, versus 7.1% in the euro-area sample. 

French firms are disproportionately clustered in the pilot or experimental adoption stage (38.2% vs. 31.1%), suggesting 

that while many French firms have initiated AI experimentation, far fewer have scaled it into moderate or significant 

operational use. The share of firms reporting no AI adoption at all is also higher in France (39.7%) than in the euro-area 

comparison group (34.2%). 
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TABLE I. AI Adoption Intensity: France vs. Euro-Area (Excl. France), SAFE 2025Q4 

 

Group 
N 

(weighted) 

Not Adopting 

(%) 

Pilot 

(%) 

Moderate 

(%) 

Significant 

(%) 

Any Adoption 

(%) 

Euro-area (excl. 

FR) 
362,430 34.2 31.1 27.6 7.1 65.8 

France 47,653 39.7 38.2 20.0 2.1 60.3 

 

Note: N reflects SAFE-weighted population estimates (wgtCommon applied per Section III.D); the underlying 

unweighted respondent sample comprises 625 French firms and ~5,067 firms across the full euro-area sample (Section 

III.B). 

 

B. Barrier Distribution Across TOE Categories 

 Table II presents the percentage of barrier-eligible firms (those reporting no or limited adoption, N = 612 French firms, 

N = 4,614 euro-area firms) citing each barrier, grouped by TOE category. Several findings stand out. Among 

organizational-context barriers, French firms cite high cost and low return at a substantially higher rate than euro-area 

peers (34.4% vs. 24.4%), a difference confirmed as highly significant by chi-square testing (χ2 = 25.91, p < 0.001). 
French firms also report a somewhat higher rate of skills shortage citation (38.1% vs. 33.5%, χ2 = 4.68, p = 0.031). 
Considered together, any organizational barrier is cited by 64.1% of French barrier-eligible firms versus 53.5% of euro-

area peers (χ2 = 22.75, p < 0.001). Among environmental-context barriers, the pattern runs in the opposite direction to 

prior descriptive expectations. French firms cite ethical concerns and trust less frequently than euro-area peers (38.7% 

vs. 45.3%, χ2 = 8.71, p = 0.003), and regulation and legal risk at a statistically similar rate (29.2% vs. 32.9%, χ2 = 3.06, 
p = 0.080, n.s.). Overall, any environmental barrier is cited by fewer French firms than euro-area firms (59.6% vs. 

66.8%, χ2 = 11.24, p < 0.001) — the reverse of what prior descriptive accounts suggested. Among technological 

barriers, French firms report lower rates of incompatibility concerns (10.0% vs. 15.3%, χ2 = 10.71, p = 0.001) and 
similar rates of perceived lack of usefulness (31.1% vs. 29.5%, n.s.), with no significant difference in overall 

technological barrier citation rates (39.4% vs. 42.1%, n.s.).Table III summarizes the chi-square results for all barrier 

categories discussed below. 

 

TABLE.II. Barrier Citation Rates by TOE Category (Barrier-Eligible Firms Only) 

 

Barrier TOE France % (N=612, 

unweighted) 

Euro-area % 

(N=4,614,unweighted) 

Lack of AI skills Organizational 38.1 33.5 

High cost / low return Organizational 34.4 24.4 

Perceived lack of 

usefulness 

Technological 31.1 29.5 

Regulation / legal risks Environmental 29.2 32.9 

Ethical concerns / trust Environmental 38.7 45.3 

Incompatibility with 

systems 

Technological 10.0 15.3 

 

Note: N values here are unweighted respondent counts among barrier-eligible firms, distinct from the weighted 

population estimates in Table I. 
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TABLE.III. Chi-Square Tests: French vs. Euro-Area Barrier Distributions 

 

Variable (TOE) France 

(%) 

Euro-area 

(%) 

χ2 p-value Sig. 

Lack of AI skills (O) 38.1 33.5 4.676 0.031 * 

Incompatibility (T) 10.0 15.3 10.705 0.001 ** 

Ethical concerns / trust 

(E) 

38.7 45.3 8.705 0.003 ** 

Perceived usefulness (T) 31.1 29.5 0.573 0.449 n.s. 

High cost / low return 

(O) 

34.4 24.4 25.908 <0.001 *** 

Regulation / legal risks 

(E) 

29.2 32.9 3.057 0.080 n.s. 

Any Technological 

barrier 

39.4 42.1 1.484 0.223 n.s. 

Any Organizational 

barrier 

64.1 53.5 22.753 <0.001 *** 

Any Environmental 

barrier 

59.6 66.8 11.237 <0.001 *** 

 

* p<0.05; ** p<0.01; *** p<0.001; n.s. = not significant. T=Technological, O=Organizational, E=Environmental. 

 

C. Logistic Regression: TOE Predictors of AI Adoption 

 

TABLE.IV. Logistic Regression: TOE Predictors of AI Adoption (DV = Any AI Use) 

 

Variable Coeff. Std. 

Err. 

z p-

value 

Sig. Odds 

Ratio 

95% CI 

Const (intercept) 0.778 0.108 7.23 <0.001 *** 2.177 [1.763, 

2.688] 

Technological 

(toe_T) 

0.477 0.075 6.32 <0.001 *** 1.611 [1.389, 

1.867] 

Organizational 

(toe_O) 

-0.858 0.077 -

11.16 

<0.001 *** 0.424 [0.365, 

0.493] 

Environmental 

(toe_E) 

0.061 0.081 0.75 0.452 n.s. 1.063 [0.907, 

1.244] 

 

Note: Firm controls (size, sector, age) included. *** p<0.001; n.s. = not significant. N=N = 5,06. 

 

Table IV reports the logistic regression results estimating the likelihood of any AI adoption as a function of TOE-

categorized barrier variables, a France indicator, and firm-level controls (size, sector, age). Three findings stand out. 

First, technological-context barriers are positively and significantly associated with adoption (OR = 1.61, z = 6.32, p < 

0.001). This result reflects the fact that firms citing technological barriers are disproportionately those already engaged 

in pilot or partial adoption, having encountered system-integration challenges precisely because they have begun 

implementing AI. Second, organizational-context barriers are negatively and strongly significantly associated with 

adoption (OR = 0.42, z = −11.16, p < 0.001), nearly halving the odds of adoption — the strongest predictor in the 

model. Third, environmental-context barriers (ethical concerns, trust, and regulatory risk) are not significantly 

associated with adoption in the multivariate model (OR = 1.06, z = 0.75, p = 0.452).The France-indicator coefficient is 

not separately reported here, as its effect is fully absorbed by the TOE-categorized barrier variables once these are 
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entered into the model consistent with this work central claim that country-level differences operate through barrier 

composition rather than an independent French effect. The positive and significant intercept (OR = 2.18, p < 0.001) 

reflects a baseline tendency toward adoption net of barrier effects. 

 

V. DISCUSSION 

 

A. Organizational Barriers as the Dominant Predictor 

The most consequential finding of this study is the strong and significant negative effect of organizational-context 

barriers on AI adoption (OR = 0.42, p < 0.001). Skills shortages and cost-return concerns, both classified as 

organizational-context factors under the TOE framework, emerge as the primary predictors of non-adoption in a model 

that controls for technological and environmental factors simultaneously. This finding is broadly consistent with 

Badghish and Soomro’s [7] TOE-based analysis of AI adoption among Saudi Arabian SMEs, in which firm-level 

capability constraints (human capital and financial resources) were among the strongest predictors of adoption 

outcomes, and with the meta-analytic synthesis by [8] which found organizational factors to be the most consistently 

significant TOE dimension across empirical AI adoption studies. It also aligns with the OECD’s assessment [10] that 

SME AI adoption is most durably constrained by internal capability gaps rather than technology availability or 

regulatory environment. 

 

B. The Environmental Barrier Paradox 

The non-significance of environmental-context barriers in the regression model (p = 0.452) is reinforced by an 

unexpected descriptive finding: contrary to the Banque de France’s characterization [1], French firms in this sample 

cite environmental barriers ethical concerns, trust, and regulatory risk at lower rates than euro-area peers (59.6% vs. 

66.8%, p < 0.001), not higher. French firms are specifically less likely to cite ethical concerns and trust as a barrier 

(38.7% vs. 45.3%, p = 0.003). This suggests that the prior descriptive account may have overstated the role of 

environmental concern in the French adoption gap, or that the gap has narrowed since earlier survey rounds as French 

firms have become more familiar with AI tools. Taken together with the regression finding that environmental barriers 

do not predict adoption outcomes net of organizational factors, the data points toward a reframing of the French AI 

adoption problem: it is primarily an organizational capability and cost challenge rather than a trust or regulatory 

challenge. Future research using qualitative methods could examine whether French firms that cite environmental 

barriers do so as a primary concern or as a secondary rationalization of resource-driven non-adoption decisions. 

 

C. Implications for Policy and Practice 

These findings carry direct implications for AI adoption policy in France. If organizational barriers skills and cost-

return uncertainty are the primary drivers of non-adoption rather than ethical or regulatory concern, then policy 

interventions focused on building AI capability (training programs, subsidized AI audits, low-cost pilots through 

government-backed platforms) are likely to be more effective than trust-building or regulatory-clarification campaigns 

alone. France 2030’s emphasis on AI talent development is directionally consistent with this prescription [13]. For AI 

vendors and consultants targeting French enterprises, the implication is that adoption support strategies emphasizing 

concrete return-on-investment evidence and low-commitment pilot programs are likely to address the actual barrier 

more directly than trust or privacy assurance messaging. 

 

VI. ROBUSTNESS AND LIMITATIONS 

 

A. Robustness Checks 

Three robustness checks were conducted to assess whether the main findings are sensitive to modelling and coding 

choices. First, an ordinal multinomial logistic regression replaced the binary adoption outcome with a four-level ordinal 

scale (0=none, 1=pilot, 2=moderate, 3=significant). Organizational-context barriers remained strongly negatively 

associated with adoption across all three adoption levels relative to non-adoption (OR=0.47, p<0.001), and 

environmental-context barriers remained non-significant (OR=0.99, p=0.840). Second, an alternative TOE coding was 

tested in which “high cost / low return” was reclassified from the organizational to the technological context — a 

defensible alternative interpretation — to examine whether results were sensitive to this boundary judgment. Under this 

coding, organizational barriers remained the strongest negative predictor (OR=0.17, p<0.001), confirming that the 

organizational effect is driven primarily by skills shortage rather than cost alone. Environmental barriers became 

marginally significant under this coding (OR=0.77, p=0.001), but the direction (negative) and the dominant role of 

organizational barriers did not change. Third, the logistic regression was rerun on the French sub-sample only (N=612 
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barrier-eligible French firms), excluding the euro-area comparison group entirely. Organizational barriers again showed 

the strongest negative association with adoption (OR=0.45, p<0.001), and environmental barriers remained non-

significant (OR=1.13, p=0.589).By contrast, the technological-context barrier estimate is less stable across 

specifications: it remains significantly positive in the main model (OR=1.61), the ordinal check (OR=1.45), and the 

French-only subsample (OR=2.73), but loses significance under the alternative coding that reclassifies high cost/low 

return as technological (OR=0.98, n.s.) — indicating that the technological effect is sensitive to this specific boundary 

judgment in a way the organizational effect is not. Table V summarizes the odds ratios for the three TOE variables 

across all model specifications. The directional consistency of toe_O and toe_E across all three checks supports the 

robustness of the main findings. 

 

TABLE.V. Robustness Summary — Odds Ratios for TOE Variables Across Model Specifications 

 

Variable 
Main Model OR 

(Sig.) 

RC1: Ordinal OR 

(Sig.) 

RC2: Alt. Coding OR 

(Sig.) 

RC3: FR Only OR 

(Sig.) 

Technological 

(toe_T) 
1.611 (***) 1.446 (***) 0.982 (n.s.) 2.734 (***) 

Organizational 

(toe_O) 
0.424 (***) 0.469 (***) 0.175 (***) 0.453 (***) 

Environmental 

(toe_E) 
1.063 (n.s.) 0.986 (n.s.) 0.768 (**) 1.134 (n.s.) 

 

RC1: Ordinal multinomial logit (adoption 0–3); RC2: “high cost/low return” recoded as Technological; RC3: French 

firms only (N=612). *** p<0.001; ** p<0.01; n.s. = not significant. 

 

B. Study Limitations 

Notwithstanding the robustness of the main findings, several limitations apply. First, the cross-sectional design of the 

SAFE survey precludes causal inference: the regression results establish associations between barrier types and 

adoption outcomes but cannot establish whether organizational barriers cause non-adoption or are instead reported 

post-hoc by firms that have already decided not to adopt for other reasons. Second, the ad hoc AI module was 

introduced in the 2025Q4 wave specifically, and it is not yet known whether it will recur in subsequent SAFE waves; 

this limits the possibility of longitudinal replication using the same instrument. Third, the TOE coding of barrier 

variables involves a degree of theoretical judgment, as the robustness check in RC2 illustrates alternative codings 

produce partially different results for the environmental dimension, which should be noted when interpreting that 

finding. Fourth, SAFE relies on self-reported adoption assessments from a single firm respondent, which may not 

reflect actual AI deployment depth or breadth within the firm. Fifth, the logistic regression model does not account for 

potential interaction effects between organizational capability and environmental concern, both of which may influence 

results in ways an additive model cannot fully capture. 

 

VII. CONCLUSION AND FUTURE WORK 

 

This paper applied the Technology-Organization-Environment (TOE) framework to microdata from the 2025Q4 wave 

of the ECB SAFE survey to investigate the persistent gap in AI adoption between French firms and their euro-area 

counterparts. While prior descriptive work established that French firms cite ethical and regulatory concerns as 

adoption barriers at higher rates than euro-area peers [1], this study contributes the first TOE-structured multivariate 

analysis of the underlying data. The results indicate that organizational-context barriers specifically skills shortages and 

cost-return uncertainty are the dominant predictor of non-adoption across the combined sample (OR=0.42, p<0.001), 

while environmental-context barriers, including trust and regulatory concerns, are not independently significant in a 

model that controls for other TOE factors and firm characteristics. Technological-context barriers are positively 

associated with adoption, consistent with the interpretation that firms citing compatibility challenges are those already 

engaged in partial implementation. Three robustness checks ordinal multinomial logistic regression, an alternative TOE 

coding, and a French-only subsample analysis confirm the directional consistency and statistical stability of the 

organizational barrier finding across all specifications. These findings suggest that the French AI adoption gap is 

primarily an organizational capability problem rather than a trust or regulatory problem, and that policy and 
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commercial interventions should be prioritized accordingly. Future research should test whether environmental and 

organizational barriers interact in ways the current additive model cannot capture, track adoption trajectories 

longitudinally if the SAFE AI module recurs in later waves, and complement survey-based analysis with qualitative 

case study evidence from French SMEs to surface the mechanisms underlying the organizational barrier effect. 
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