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Abstract- The rapid advancement of Artificial Intelligence (AI) technologies has fundamentally reshaped global commerce, with 

cross-border e-commerce (CBEC) emerging as a domain of exceptional transformation. This study employs a convergent mixed-

methods design—integrating a structured questionnaire administered to 150 e-commerce professionals with 15 semi-structured 

managerial interviews—to provide an empirically grounded assessment of AI's multidimensional influence on CBEC performance. 

Multiple regression analysis (R² = 0.612; F = 44.23; p < 0.001) identifies AI adoption intensity as the single strongest predictor of 

cross-border performance, surpassing even company size (β = 0.487 vs. β = 0.213). Application-level findings reveal that automated 

translation/localization delivers the highest conversion rate improvement (64.3%), while customs automation yields the most 

substantial logistics cost reduction (31.4%). Despite these gains, high implementation costs (67.3%), talent deficits (62.0%), and 

data-privacy regulatory complexity (58.7%) constitute the principal barriers inhibiting broader diffusion—particularly among 

SMEs. Theoretically, the study extends the Resource-Based View and Technology Acceptance Model to the cross-border digital-

trade context, and it offers a strategic AI adoption framework for practitioners and actionable recommendations for policymakers. 

The findings collectively affirm that AI is not merely an incremental operational enhancer but a foundational competitive capability 

reshaping the structure of international digital trade. 
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1. INTRODUCTION 

The global digital economy has entered an era defined by 

two intersecting forces: the explosive growth of cross-

border e-commerce (CBEC) and the pervasive diffusion of 

Artificial Intelligence (AI) across commercial systems. 

According to the United Nations Conference on Trade and 

Development (UNCTAD, 2023), global CBEC reached 

USD 3.3 trillion in 2022 and is projected to surpass USD 

7.9 trillion by 2030, representing a compound annual 

growth rate (CAGR) of approximately 11.2%. Against this 

backdrop of secular expansion, AI—encompassing 

machine learning (ML), deep learning, natural language 

processing (NLP), computer vision, and predictive 

analytics—has evolved from a peripheral technological 

curiosity to an indispensable operational infrastructure 

underpinning competitive CBEC operations. 

Historically, international trade was dominated by large 

multinational corporations commanding the resources to 

navigate complex cross-border logistics, currency 

fluctuations, multilingual customer service requirements, 

and fragmented customs regimes. The emergence of AI-

powered platforms has begun to democratize access to 

international markets, enabling small and medium-sized 

enterprises (SMEs) to compete alongside enterprise-scale 

rivals. Platforms such as Alibaba, Amazon Global, 

Shopify, and Etsy now leverage AI to provide SMEs with 

tools previously confined to organizations with dedicated 

global operations teams (Alibaba Group, 2023). 
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The McKinsey Global Institute (2022) estimated that AI 

could deliver an additional USD 2.6 trillion in value across 

marketing and sales functions globally—gains that are 

especially pronounced in cross-border contexts where the 

challenges of cultural heterogeneity, linguistic diversity, 

and regulatory fragmentation amplify the value of 

intelligent automation. In India specifically—a focal 

market for this research—the cross-border e-commerce 

market is projected to grow from USD 2.8 billion in 2021 

to USD 14.0 billion by 2027 (Nasscom, 2023), with AI 

serving as a critical enabler of this expansion. 

Despite the strategic salience of AI in CBEC, the scholarly 

literature has not kept pace with practitioner realities. 

Existing studies predominantly examine AI in domestic e-

commerce contexts or scrutinize individual AI applications 

in isolation, without providing an integrated, empirically 

grounded analysis of how AI collectively drives cross-

border performance across multiple dimensions 

simultaneously. The quantitative evidence base for AI's 

impact on specific CBEC performance metrics—as distinct 

from domestic e-commerce outcomes—remains 

particularly thin, limiting the guidance available to 

practitioners and policymakers alike. 

This paper addresses these gaps through four primary 

contributions. First, it provides empirical evidence from a 

sample of 150 CBEC professionals across multiple industry 

sectors and company sizes, establishing a rigorous 

statistical foundation for understanding AI-performance 

relationships in the cross-border context. Second, it adopts 

an application-level lens, measuring the performance 

impact of nine distinct AI technologies to identify the 

highest-value investment priorities. Third, it characterizes 

the barrier landscape inhibiting broader AI diffusion, with 

particular attention to SMEs. Fourth, it extends established 

theoretical frameworks—the Resource-Based View (RBV; 

Barney, 1991), the Technology Acceptance Model (TAM; 

Davis, 1989), and the Uppsala Model of 

internationalization (Johanson and Vahlne, 1977; 2009)—

to the cross-border AI e-commerce domain, advancing 

theoretical understanding of AI as a strategic 

internationalization resource. 

The remainder of this paper is organized as follows. Section 

2 reviews the relevant literature on AI in global commerce, 

CBEC growth dynamics, and AI applications in e-

commerce. Section 3 describes the research methodology, 

including the mixed-methods design, sample 

characteristics, and analytical procedures. Section 4 

presents the results. Section 5 discusses findings in relation 

to theory and practice. Section 6 offers conclusions, policy 

recommendations, and directions for future research. 

II. LITERATURE REVIEW 

AI as a General-Purpose Technology in Commerce 

Brynjolfsson and McAfee (2018) characterize AI as a 

general-purpose technology (GPT) with pervasive 

economic effects analogous to the steam engine and 

electricity. Russell and Norvig (2020, p. 1) define AI as 'the 

science and engineering of making intelligent machines,' 

encompassing capabilities from narrow task-specific 

optimization to increasingly general reasoning systems. In 

the commercial domain, early AI applications were 

confined to rule-based recommendation algorithms and 

statistical fraud detection heuristics. The advent of deep 

learning architectures in the early 2010s—catalyzed by 

increased computational power and massive training 

datasets—unleashed a new generation of AI capabilities 

with far greater accuracy, adaptability, and commercial 

utility. 

The McKinsey Global Institute (2022) estimates that AI 

adoption across industries could generate between USD 9.5 

and 15.4 trillion in additional global economic value 

annually, with retail and e-commerce applications 

contributing USD 400–660 billion. Ng (2021) advances the 

influential characterization of AI as 'the new electricity'—

general-purpose infrastructure powering a new generation 

of business models. This framing is apt for CBEC, where 
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AI serves as the underlying infrastructure enabling 

personalized international consumer experiences, 

automated regulatory compliance, optimized logistics, and 

real-time multilingual communication at scale 

unachievable through human operations alone. 

The Deloitte (2023) AI-Powered Enterprise report 

identifies four enterprise AI maturity stages: 

experimentation, systematization, transformation, and 

leadership. In CBEC contexts, most businesses—

particularly SMEs—remain at the experimentation or early 

systematization stages, deploying AI in isolated functional 

silos rather than as an integrated competitive capability. 

This gap between AI potential and actual deployment 

represents a central focus of this research. 

Cross-Border E-Commerce: Dynamics and Barriers 

CBEC—the buying and selling of goods and services 

across national boundaries through digital platforms—

accounted for approximately 22% of global e-commerce 

transactions in 2022, with UNCTAD (2023) projecting 

growth to 30% by 2027. The Asia-Pacific region dominates 

global CBEC activity, accounting for approximately 53% 

of transactions, with China, South Korea, and India 

emerging as pivotal markets. The Alibaba ecosystem—

integrating Alipay (payments), Cainiao (logistics), and 

Alibaba Cloud (AI infrastructure)—has become the 

dominant paradigm for comprehensive CBEC platform 

development (Alibaba Group, 2023). 

Several structural barriers constrain CBEC's full potential. 

These include fragmented customs and regulatory 

environments, currency risk and payment complexity, 

logistics cost and reliability, consumer trust deficits 

regarding international sellers, and restrictions on cross-

border data flows (OECD, 2021). AI technologies directly 

address each of these barriers, though their effectiveness 

varies considerably across different geographic and 

regulatory contexts. Trade policy developments—

including the WTO e-commerce moratorium, bilateral 

digital trade agreements, and e-commerce provisions 

within regional trade agreements—have shaped the 

regulatory environment, but significant friction persists. 

The World Economic Forum (2022) highlights that 

platform concentration—Amazon commanding 

approximately 38% of US e-commerce market share, 

Alibaba over 50% of Chinese e-commerce—has created 

structural advantages for platform incumbents. However, 

the emergence of direct-to-consumer (DTC) models 

powered by Shopify, WooCommerce, and BigCommerce 

offers new pathways for brands to reach international 

consumers. AI capabilities have been instrumental in 

enabling DTC brands to build competitive international 

operations outside dominant marketplace ecosystems. 

AI Applications in E-Commerce: A Domain Survey 

Recommendation Systems and Personalization 

AI-powered recommendation systems represent the most 

mature and widely deployed AI application in e-commerce. 

Collaborative filtering algorithms—which identify patterns 

across the purchase histories of millions of users—were 

among the earliest commercial AI applications, deployed 

by Amazon as early as 2003. Contemporary systems 

employ sophisticated hybrid architectures combining 

collaborative filtering, content-based filtering, knowledge 

graphs, and deep learning. Zhang, Chen, and Li (2022) 

found that deep learning-based cross-cultural 

recommendation systems incorporating cultural context 

embeddings outperform culturally agnostic models by an 

average of 18.3% in cross-border click-through rate 

improvement, highlighting the unique design requirements 

of AI systems deployed in multinational contexts. 

 

Natural Language Processing and Multilingual Capabilities 

Neural machine translation (NMT) systems—powered by 

transformer architectures such as Google's BERT—deliver 

translation quality approaching human-level accuracy for 
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major language pairs. Beyond literal translation, these 

systems provide culturally appropriate localization of 

product descriptions, marketing content, and customer 

communications. The emergence of large language models 

(LLMs) such as GPT-4 represents a quantum leap in AI-

powered language capabilities; businesses deploying LLM-

powered localization tools report significant reductions in 

localization costs while maintaining high content quality 

across markets (Deloitte, 2023). 

Logistics and Supply Chain Optimization 

AI applications in international logistics encompass route 

planning, carrier selection, customs documentation 

automation, and last-mile delivery optimization. DHL 

(2023) found that AI-powered customs automation reduced 

average clearance time from 2–3 days to 4–6 hours. 

Predictive analytics can forecast demand fluctuations 

across international markets, enabling more strategic 

inventory positioning in international fulfillment centers. 

Digital freight platforms such as Flexport and Freightos 

have democratized access to optimized international 

shipping for SMEs, offering AI-driven rate comparison and 

route optimization previously available only to large 

enterprises. 

Payment Processing and Fraud Detection 

Cross-border payment processing involves challenges 

related to currency conversion, regionally preferred 

payment methods, and fraud risk management. Worldpay 

(2023) reports that AI-powered fraud detection systems 

achieve accuracy rates exceeding 98% while reducing false 

positive rates by over 60% compared to rule-based 

alternatives. Graph-based machine learning models that 

map relationships between buyers, sellers, payment 

instruments, and shipping addresses have proven 

particularly effective in identifying complex fraud 

networks operating across international markets. Real-time 

deep-learning transaction scoring enables payment 

decisioning within milliseconds while maintaining 

seamless checkout experiences for legitimate customers. 

Dynamic Pricing and Revenue Optimization 

AI-driven dynamic pricing systems continuously analyze 

competitive pricing, demand signals, inventory levels, and 

consumer price sensitivity to optimize pricing across 

different international markets. MIT Sloan Management 

Review (2022) found that AI-powered pricing optimization 

in CBEC increased revenue per visitor by an average of 12–

18% compared to static pricing approaches. The ethical and 

regulatory dimensions of dynamic pricing—particularly 

concerns about geographic price discrimination and 

algorithmic price collusion—represent important 

considerations, with several jurisdictions implementing or 

considering specific algorithmic pricing regulations. 

Theoretical Framework 

This research draws on three complementary theoretical 

perspectives. The Resource-Based View (RBV; Barney, 

1991) informs the analysis of AI as a strategic 

organizational resource. For AI capabilities to confer 

sustained competitive advantage in CBEC, they must be 

valuable (enabling superior performance), rare (not 

universally possessed), inimitable (difficult to replicate due 

to causal ambiguity and social complexity), and non-

substitutable. The empirical findings of this study are 

assessed against these VRIN criteria. 

The Technology Acceptance Model (TAM; Davis, 1989) 

provides a framework for understanding AI adoption 

decisions. TAM posits that adoption is determined 

primarily by perceived usefulness (PU) and perceived ease 

of use (PEOU). In the CBEC AI context, both dimensions 

are complicated by the cross-border operational 

environment: perceived usefulness depends on the 

applicability of AI tools to culturally diverse markets, while 

perceived ease of use is shaped by integration complexity 

with existing international operational systems. 
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The Uppsala Model of internationalization (Johanson and 

Vahlne, 1977; 2009) provides context for understanding 

how AI adoption mediates the process of SME 

internationalization. The revised Uppsala model 

emphasizes trust, commitment, and network position as 

determinants of successful internationalization. AI 

capabilities reduce the 'liability of outsidership' (Johanson 

and Vahlne, 2009) by enabling businesses to develop deep 

knowledge of international markets—consumer 

preferences, regulatory requirements, logistics networks—

without requiring the physical presence and relationship 

capital traditionally necessary for international market 

development. 

III. RESEARCH METHODOLOGY 

Research Design 

A convergent parallel mixed-methods design was 

employed (Creswell and Plano Clark, 2018), integrating 

quantitative survey data with qualitative interview data 

collected simultaneously, analyzed independently, and 

triangulated at the interpretation stage. This design is 

particularly suited to the research objectives: the 

quantitative component establishes the statistical 

significance and magnitude of AI-performance 

relationships, while the qualitative component illuminates 

the mechanisms and contextual factors shaping those 

relationships. The positivist epistemological orientation 

underlying the quantitative component is complemented by 

an interpretivist perspective in the qualitative analysis, 

enabling a more nuanced and complete understanding of AI 

adoption in CBEC contexts. 

 

The research is primarily explanatory in nature, moving 

beyond description of AI adoption patterns to examine 

causal and associative relationships between AI adoption 

intensity and cross-border performance outcomes. A cross-

sectional design was employed, with data collected 

between January and March 2025. While the cross-

sectional design limits causal inference, the use of control 

variables, multi-source triangulation, and robust statistical 

procedures maximizes the internal validity of conclusions 

within these constraints. 

Sample Design and Participants 

The target population comprises professionals and 

managers employed in organizations engaged in or actively 

planning cross-border e-commerce operations, with direct 

involvement in AI adoption decisions. Purposive sampling 

was employed to ensure eligibility criteria compliance: (i) 

employment in a CBEC-engaged business, (ii) direct 

involvement in or knowledge of AI adoption decisions, and 

(iii) minimum six months of relevant professional 

experience. 

The final sample comprised 150 respondents (85 male, 

56.7%; 65 female, 43.3%) drawn from six industry sectors: 

General Retail (25.3%), Fashion and Apparel (21.3%), 

Electronics (18.0%), Health and Wellness (14.0%), Food 

and Beverages (12.0%), and Professional Services (9.3%). 

Company sizes ranged from micro-enterprises (<10 

employees, 16.7%) to large enterprises (>500 employees, 

14.0%), with SMEs constituting the majority (52%). 

Geographic distribution was skewed toward India (68%), 

with additional representation from other Asia-Pacific 

markets (22%) and other global markets (10%). The sample 

size was determined using G*Power analysis for multiple 

regression (80% power; α = 0.05; six predictors); the 

minimum required sample was 117, and the achieved 

sample of 150 provides adequate statistical power. Fifteen 

semi-structured interviews were conducted with senior 

managers (VP- or Director-level) and e-commerce 

specialists, averaging 52 minutes in duration. 

Instruments and Data Collection 

The structured questionnaire comprised 45 items across 

five sections: respondent demographics, AI adoption status, 

performance impact, challenges and barriers, and future 
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investment intentions. Attitudinal and perceptual items 

employed five-point Likert scales. Three academic experts 

in AI management and e-commerce reviewed the 

instrument for content validity, and a pilot test with 15 

industry practitioners informed item revision. Cronbach's 

alpha coefficients of 0.84 (AI adoption scale) and 0.79 

(perceived impact scale) confirm satisfactory internal 

consistency. Confirmatory factor analysis supported 

construct validity (CFI = 0.92; RMSEA = 0.06). 

Online distribution via professional networks (LinkedIn; 

industry association mailing lists) and in-person 

administration at industry events yielded a response rate of 

approximately 34% for online channels, consistent with 

professional survey benchmarks. Interviews were 

conducted via video conference, recorded with consent, 

and transcribed verbatim. The interview guide covered AI 

investment decision-making, implementation experiences, 

performance impacts, regulatory compliance challenges, 

and strategic outlook. 

Analytical Procedures 

Quantitative data were analyzed using SPSS Version 26.0. 

Descriptive statistics, cross-tabulations, Pearson 

correlation analysis, and multiple hierarchical regression 

were employed. Prior to regression, all standard 

assumptions were verified: multicollinearity (all VIF 

values < 3.0), normality of residuals (Kolmogorov-

Smirnov tests), homoscedasticity (residual plot inspection), 

and outlier identification (Cook's Distance). The dependent 

variable—a composite cross-border performance index—

was constructed from four standardized indicators: sales 

volume growth, conversion rate improvement, customer 

acquisition cost reduction, and logistics cost reduction. AI 

adoption intensity was operationalized as a composite score 

reflecting the number of AI tools deployed, depth of 

integration (basic vs. advanced), and duration of 

deployment. 

Qualitative data were analyzed using thematic analysis 

following Braun and Clarke's (2006) six-phase framework, 

facilitated by NVivo Version 12.0. Reliability of coding 

was assessed through inter-rater agreement (two 

independent researchers; Cohen's kappa = 0.81, indicating 

substantial agreement). Member checking—sharing 

preliminary themes with five participants—enhanced 

trustworthiness of qualitative findings. Quantitative and 

qualitative findings were integrated through a convergent 

triangulation strategy, with areas of convergence and 

divergence explicitly identified and discussed. 

IV. RESULTS 

AI Adoption Landscape 

Table 1 presents the prevalence and user satisfaction ratings 

for nine AI tools across the sample. Product 

recommendation engines are the most widely deployed tool 

(82.0% adoption), consistent with their well-documented 

ROI in e-commerce personalization. Chatbots/virtual 

assistants (74.7%) and automated translation/localization 

tools (68.0%) reflect the critical importance of 

communication and linguistic accessibility in international 

operations. Fraud detection systems exhibit the highest 

satisfaction rating (mean = 4.4/5.0) despite lower overall 

adoption (66.7%), suggesting that adopting organizations 

find these systems highly effective while non-adopters may 

be deterred by implementation complexity. Customs 

automation systems are notably under-adopted (32.0%) 

relative to their demonstrated performance impact—a 

finding examined further in the Discussion section. 

Table 1. AI Tool Adoption and User Satisfaction (n = 

150) 

AI Tool / Technology Adoption 

(%) 
Mean 

Satisfaction 

(1–5) 
Product 

Recommendation 

Engines 

82.0% 4.2 

Chatbots / Virtual 

Assistants 
74.7% 3.9 
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Automated 

Translation/Localization 
68.0% 4.1 

Fraud Detection Systems 66.7% 4.4 
Predictive Demand 

Forecasting 
54.7% 3.8 

Dynamic Pricing 

Algorithms 
48.0% 3.7 

AI-Powered Logistics 

Optimization 
44.0% 4.0 

Customs Automation 

Systems 
32.0% 3.6 

Computer Vision for 

Product Imagery 
28.7% 3.5 

 

Table 2 reveals a pronounced size-adoption gradient. Large 

enterprises (>500 employees) demonstrate 

overwhelmingly higher AI adoption (78.6% high adoption) 

compared to micro-enterprises (<10 employees; 8.3% high 

adoption). Notably, 58.3% of micro-enterprises report low 

or no adoption, confirming the significant resource and 

capability barriers confronting the smallest CBEC 

participants. The bimodal distribution within the medium 

enterprise segment—52.3% high adoption and 9.5% 

low/no adoption—suggests that AI is becoming a 

significant competitive differentiator within this cohort, 

consistent with the RBV's prediction that valuable and rare 

resources generate sustainable performance differences. 

Table 2. AI Adoption Level by Company Size 

Company 

Size 
High 

Adoption 

(%) 

Medium 

Adoption 

(%) 

Low/No 

Adoption 

(%) 
Large (500+ 

employees) 
78.6 21.4 0.0 

Medium 

(50–499 

employees) 

52.3 38.1 9.5 

Small (10–

49 

employees) 

23.8 47.6 28.6 

Micro (<10 

employees) 
8.3 33.3 58.3 

 

AI Impact on Cross-Border Performance 

Sales Volume 

Seventy percent of respondents reported a cross-border 

sales volume increase of 10% or more attributable to AI 

adoption over the preceding two years, with 14.7% 

reporting increases of 50% or more. Only 2.0% reported a 

sales decrease coinciding with AI adoption—a figure 

attributable to broader market conditions rather than AI-

specific effects. Businesses reporting the highest sales 

gains (>25%) consistently describe multi-application AI 

implementations simultaneously addressing 

personalization, logistics, and multilingual support, 

consistent with a synergistic interaction hypothesis. 

Table 3. AI-Attributable Cross-Border Sales Volume 

Changes 

Sales Volume 

Change (AI-

Attributable) 

Frequency Percentage 

(%) 

Increase of 50% 

or more 
22 14.7 

Increase of 25–

50% 
45 30.0 

Increase of 10–

25% 
38 25.3 

Increase of less 

than 10% 
28 18.7 

No significant 

change 
14 9.3 

Decrease 3 2.0 

 

 

 

Application-Level Conversion Rate Improvements 

Table 4 presents average conversion rate improvements 

associated with specific AI applications. Automated 

translation and localization delivers the highest 

improvement (64.3%), underscoring that linguistic 

accessibility is the most fundamental barrier to cross-
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border conversion. Product recommendation engines 

follow (52.6%), confirming their role as the cornerstone of 

effective CBEC personalization. AI-powered chatbots 

(38.4%) demonstrate particular impact in markets where 

consumers require immediate responses to questions about 

international shipping timelines and customs duty 

implications—a finding corroborated across interview 

participants. 

Table 4. AI-Driven Conversion Rate Improvements by 

Application 

AI Application Avg. 

Conversion 

Rate 

Improvement 

(%) 

n 

Automated 

Translation/Localization 
64.3% 102 

Product Recommendation 

Engines 
52.6% 123 

AI-Powered Chatbots 38.4% 112 
Dynamic Pricing 29.7% 72 
Personalized Email 

Marketing AI 
23.1% 86 

 

Logistics Cost Reductions 

Customs automation yields the highest logistics cost 

reduction (31.4%), attributable to direct reductions in 

brokerage fees and indirect savings from faster clearance 

times—DHL (2023) reports AI reducing average clearance 

from 2–3 days to 4–6 hours. Route optimization (22.7%) 

delivers significant savings through more efficient carrier 

selection and shipment consolidation, while demand 

forecasting (19.3%) reduces inventory carrying costs 

through more accurate international pre-positioning. The 

relatively modest reductions associated with last-mile 

delivery AI (15.8%) and returns management (12.4%) 

remain significant in absolute terms given the 

disproportionate cost burden of international last-mile 

delivery and reverse logistics. 

Table 5. AI-Driven Logistics Cost Reductions by 

Application 

AI Logistics 

Application 
Avg. Cost 

Reduction (%) 
Impact Area 

Customs 

Automation 
31.4% Clearance 

Time & Fees 
Route 

Optimization 
22.7% Shipping Cost 

Demand 

Forecasting 
19.3% Inventory 

Carrying Cost 
Last-Mile 

Delivery AI 
15.8% Final Delivery 

Cost 
Returns 

Management AI 
12.4% Reverse 

Logistics Cost 

 

Barriers to AI Adoption 

Table 6 characterizes the barrier landscape confronting 

CBEC businesses. High implementation costs are 

identified as the most significant barrier (67.3% major 

barrier), reflecting the substantial upfront investment 

required for AI infrastructure, platform integration, and 

talent acquisition. Lack of technical expertise (62.0%) 

creates an interdependent constraint: organizations struggle 

to evaluate, implement, and customize AI tools without 

internal AI capability, yet the cost of external AI talent—

already in global shortage—reinforces the cost barrier. 

Data privacy regulatory complexity (58.7%) represents a 

structurally distinctive challenge in the CBEC context: 

training AI personalization engines on consumer data from 

multiple jurisdictions requires navigating a fragmented 

patchwork of data localization, consent, and processing 

requirements that adds significant cost and operational 

complexity. Poor data quality (54.0%) highlights the 

fundamental dependence of AI performance on high-

quality training data—a constraint particularly acute for 

SMEs lacking the historical transaction volumes necessary 

to train effective models. 

Table 6. Barriers to AI Adoption in Cross-Border E-

Commerce 

Barrier % 

Major 

% 

Moderat

Total 

Impedime

nt (%) 
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Barrie

r 
e 

Barrier 
High 

Implementation 

Costs 

67.3 22.0 89.3 

Lack of Technical 

Expertise 
62.0 28.7 90.7 

Data Privacy 

Regulations 
58.7 30.7 89.4 

Poor Data 

Quality/Availabili

ty 

54.0 28.0 82.0 

Integration with 

Legacy Systems 
49.3 34.7 84.0 

Lack of AI 

Vendor Support 
44.0 32.7 76.7 

Cultural 

Resistance to AI 
38.7 35.3 74.0 

Regulatory 

Uncertainty 
36.0 38.0 74.0 

Infrastructure 

Limitations 
32.0 30.7 62.7 

 

Multiple Regression Analysis 

Table 7 presents the results of the multiple regression 

analysis examining the relationship between AI adoption 

intensity and the composite cross-border performance 

index, controlling for company size and industry sector. 

The model achieves strong explanatory power (R² = 0.612; 

Adjusted R² = 0.598), explaining approximately 61.2% of 

variance in cross-border performance. The F-statistic 

(44.23, p < 0.001) confirms overall model significance. 

AI Adoption Intensity is the most powerful predictor of 

cross-border performance (β = 0.487; p < 0.001), 

substantially exceeding Company Size (β = 0.213; p < 

0.001)—a result with profound strategic implications. 

While company size is largely fixed in the short term, AI 

adoption is a strategic choice accessible to firms of all sizes. 

The finding that AI adoption is a more powerful 

performance predictor than firm size suggests that SMEs 

can partially offset structural resource disadvantages 

through targeted AI investments. 

Among industry dummies, Electronics demonstrates the 

strongest positive effect (β = 0.189; p = 0.007), plausibly 

reflecting the elevated importance of specification-driven 

product search, technical review aggregation, and price 

comparison in electronics purchasing—domains where AI 

recommendation and dynamic pricing capabilities are 

particularly impactful. The General Retail sector also 

shows a significant positive effect (β = 0.156; p = 0.032). 

Fashion does not reach conventional significance 

thresholds (β = 0.134; p = 0.088), suggesting greater 

heterogeneity in AI effectiveness within the fashion sector, 

potentially reflecting the more affective and trend-driven 

nature of fashion purchase decisions. 

Table 7. Multiple Regression Analysis Results. Note: 

*** p < 0.001; ** p < 0.01; * p < 0.05. Reference 

industry category = Health & Wellness. All VIF values 

< 3.0. 

Variable β 

Coefficien

t 

Std. 

Erro

r 

t-

valu

e 

Significanc

e 

AI 

Adoption 

Intensity 

0.487 0.063 7.73

0 
0.000*** 

Company 

Size 

(Revenue) 

0.213 0.051 4.17

6 
0.000*** 

Industry: 

Retail 
0.156 0.072 2.16

7 
0.032* 

Industry: 

Fashion 
0.134 0.078 1.71

8 
0.088 

Industry: 

Electronic

s 

0.189 0.069 2.73

9 
0.007** 

R² 0.612 — — — 
Adjusted 

R² 
0.598 — — — 

F-statistic 44.23 — — 0.000*** 

 



 

 

International Journal for Novel Research in Economics , Finance and Management  

www.ijnrefm.com 

Volume 3, Issue 2, Mar-Apr-2025, PP: 288-291 

Qualitative Themes 

Thematic analysis of 15 in-depth interviews identified six 

overarching themes (Table 8), triangulating and 

contextualizing the quantitative findings. The theme of 

strategic AI investment prioritization emerged universally 

(15/15), with all participants emphasizing phased adoption 

strategies beginning with high-ROI, lower-complexity 

tools (typically translation and recommendation engines) 

before progressing to more complex logistics and 

compliance applications. This staged approach resonates 

with TAM's emphasis on perceived usefulness as the 

primary adoption driver—organizations invest first where 

AI benefits are most immediately visible. 

Organizational capability gaps (13/15) emerged as a central 

implementation challenge, encompassing difficulty 

recruiting AI-specialized talent, over-dependence on AI 

vendors with limited cross-border domain expertise, and 

the challenge of building AI literacy across organizations 

accustomed to traditional digital operations. Several 

participants described 'the human AI gap'—the disconnect 

between AI's technical capabilities and the organizational 

capacity to interpret outputs and adapt operations 

accordingly. This finding aligns with the RBV perspective 

that AI capabilities are not simply acquired through 

technology purchase but must be developed through 

organizational learning and internal capability building. 

Regulatory navigation complexity (12/15) reflects the 

distinctive compliance burden of CBEC AI operations: 

several participants reported maintaining dedicated 

regulatory compliance teams to monitor evolving data 

protection requirements across key markets, including 

GDPR in Europe, India's Digital Personal Data Protection 

Act (2023), and data localization requirements in China, 

Russia, and other markets. Particularly striking is the 

phenomenon of 'compliance through AI'—multiple 

participants described using AI systems to monitor and 

adapt to AI regulation, illustrating the recursive 

relationship between AI capabilities and AI governance. 

Table 8. Thematic Summary of In-Depth Interview 

Findings 

Theme Prevalence 

(n=15) 
Key Subthemes 

Strategic AI 

Investment 

Prioritization 

15/15 ROI focus; 

phased adoption; 

data infrastructure 

first 
Organizational 

Capability Gaps 
13/15 Talent scarcity; 

training needs; 

vendor 

dependence 
Regulatory 

Navigation 

Complexity 

12/15 GDPR; data 

localization; 

compliance costs 

Customer 

Experience 

Transformation 

14/15 Personalization; 

language 

accessibility; 

trust-building 

Logistics and 

Customs AI 

Impact 

11/15 Clearance speed; 

cost reduction; 

supply chain 

visibility 

Future AI 

Investment 

Intentions 

15/15 Generative AI; 

AR integration; 

autonomous 

agents 

 

V. DISCUSSION 

AI as a Strategic Resource: RBV Implications 

The regression finding that AI adoption intensity (β = 

0.487) is a stronger predictor of cross-border performance 

than firm size (β = 0.213) is perhaps the most theoretically 

significant result of this study. From an RBV perspective 

(Barney, 1991), this suggests that AI capabilities in CBEC 

exhibit the VRIN characteristics necessary for competitive 

advantage. AI capabilities are valuable—the 70% of 

respondents reporting ≥10% sales volume gains and 
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application-level conversion improvements of up to 64.3% 

confirm that AI generates economically meaningful value 

in CBEC contexts. AI capabilities are rare—Table 2 

demonstrates that comprehensive AI adoption remains 

concentrated among large enterprises, with SMEs still 

predominantly in the low-to-medium adoption range. AI 

capabilities are inimitable—the organizational learning and 

data infrastructure requirements documented in qualitative 

findings create path-dependency that cannot be easily 

replicated through technology purchase alone. AI 

capabilities are non-substitutable—no alternative 

technology replicates the cross-cultural personalization, 

multilingual communication, and real-time logistics 

optimization that integrated AI provides at comparable cost 

and scale. 

The finding that AI adoption outperforms firm size as a 

performance predictor also carries a significant 

democratizing implication. RBV traditionally predicts that 

resource advantages compound over time, favoring large 

enterprises. The data suggest that AI access—particularly 

through cloud-based AI-as-a-Service platforms—is 

sufficiently broadly available to partially offset size-based 

resource advantages, enabling well-positioned SMEs to 

achieve disproportionate performance relative to their 

scale. This finding aligns with Ng's (2021) electricity 

analogy: just as electrification enabled small manufacturers 

to compete with large factories, AI access is enabling small 

CBEC players to compete with platform incumbents in 

specific market niches. 

TAM in the Cross-Border AI Context 

The barrier data speak directly to the TAM constructs of 

perceived usefulness (PU) and perceived ease of use 

(PEOU) in the CBEC AI adoption context. High 

implementation costs and lack of technical expertise—the 

two most significant barriers—operate primarily through 

the PEOU pathway: when AI implementation is perceived 

as technically complex and resource-intensive, adoption is 

suppressed regardless of perceived usefulness. Data quality 

and regulatory complexity barriers operate through a 

compound mechanism: they reduce PU (AI systems built 

on poor data deliver lower performance) while also 

reducing PEOU (regulatory compliance requirements 

increase implementation complexity). 

The qualitative theme of strategic AI investment 

prioritization provides a behavioral complement to TAM's 

conceptual model: practitioners intuitively apply PU-

maximizing logic by initiating AI adoption with high-

visibility, demonstrably effective tools (translation, 

recommendations) before progressing to more complex, 

less immediately legible applications (customs automation, 

demand forecasting). This staged adoption pattern has 

implications for AI platform providers seeking to design 

adoption pathways that progressively reduce perceived 

complexity while delivering visible early ROI that sustains 

organizational commitment to deeper AI integration. 

AI and the Uppsala Internationalization Process 

The Uppsala Model (Johanson and Vahlne, 1977; 2009) 

posits that internationalization is constrained by knowledge 

gaps about foreign markets and that these gaps are 

overcome through experiential learning accumulated over 

time through progressive market commitment. The revised 

model (2009) emphasizes the 'liability of outsidership'—

the disadvantage facing firms that lack established 

positions in relevant business networks in foreign markets. 

AI capabilities substantially reduce both knowledge gaps 

and outsidership liabilities in the CBEC context. 

Translation and NLP tools provide immediate market 

knowledge about consumer preferences and 

communication norms without requiring extended in-

market presence. AI-powered logistics and customs 

platforms provide operational intelligence about 

international fulfillment that would previously require 

years of experiential learning. Recommendation systems 

leverage collective data from millions of international 
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transactions to surface insights about cross-cultural 

consumer behavior that no individual firm could 

accumulate independently. In this sense, AI accelerates and 

partially substitutes for the experiential learning process at 

the heart of the Uppsala model, enabling more rapid and 

lower-risk internationalization—particularly for SMEs that 

lack the accumulated international experience of 

established multinational enterprises. 

The Customs Automation Paradox 

A particularly striking finding warranting dedicated 

discussion is the 'customs automation paradox': customs 

automation delivers the highest logistics cost reduction of 

any AI application (31.4%)—and one of the highest user 

satisfaction scores (3.6/5.0) among adopters—yet 

demonstrates the lowest adoption rate of any established AI 

tool (32.0%). This gap between demonstrated ROI and 

actual adoption suggests that barriers to customs 

automation are not primarily perceptual (skepticism about 

effectiveness) but structural—specifically, the complexity 

of integrating AI customs systems with the diverse and 

often legacy customs declaration systems operated across 

international jurisdictions, and the high regulatory stakes of 

errors in customs documentation. For platform providers, 

this represents a significant untapped market opportunity. 

For businesses, it represents a high-priority AI investment 

that is likely substantially underweighted in current AI 

portfolios. 

SME Inclusion and the AI Divide 

The data reveal a stark AI adoption divide correlated with 

company size—a divide that risks hardening into a 

structural competitive asymmetry in global digital trade 

unless deliberately addressed. The 58.3% of micro-

enterprises reporting low or no AI adoption are not simply 

lagging behind a technology curve; they are increasingly 

competing in international markets against AI-equipped 

rivals who enjoy 23–64% conversion rate advantages in 

key domains. Without intervention, this divide could create 

a two-tier international e-commerce ecosystem in which 

only adequately scaled enterprises can compete effectively. 

Cloud-based AIaaS platforms represent the most promising 

near-term mechanism for SME AI access. Providers such 

as Google Cloud AI, Microsoft Azure AI, and specialist e-

commerce AI platforms (Dynamic Yield, Nosto, Klevu) 

offer enterprise-grade AI capabilities at significantly lower 

entry costs than proprietary AI development. The study's 

finding that AI adoption outperforms firm size as a 

performance predictor provides empirical support for the 

proposition that SMEs willing to invest in even modest 

AIaaS capabilities can achieve disproportionate 

performance gains. This message has significant 

implications for SME advisory bodies, digital trade 

promotion agencies, and policymakers designing digital 

competitiveness programs. 

VI. STRATEGIC AI ADOPTION 

FRAMEWORK 

Based on the integrated quantitative and qualitative 

findings, Table 9 presents a strategic AI adoption 

framework for CBEC businesses. The framework 

prioritizes AI investments by expected conversion impact, 

implementation complexity, and time-to-ROI, providing a 

sequenced adoption pathway from foundational 

capabilities to advanced applications. 

Table 9. Strategic AI Adoption Framework for Cross-

Border E-Commerce 

AI Priority Investmen

t Level 
Time 

to 

ROI 

Key 

Performanc

e Metric 
Translation / 

Localization 
Low–

Medium 
3–6 

month

s 

Conversion 

Rate 

Product 

Recommendatio

n Engine 

Medium 6–12 

month

s 

Revenue per 

Visitor 
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Chatbot / 

Virtual 

Assistant 

Medium 6–9 

month

s 

Support 

Cost 

Reduction 
Fraud Detection Medium–

High 
3–6 

month

s 

Fraud Loss 

Rate 

Customs 

Automation 
High 9–15 

month

s 

Clearance 

Time & Cost 

Logistics Route 

Optimization 
High 12–18 

month

s 

Shipping 

Cost per 

Order 
Demand 

Forecasting 
High 12–18 

month

s 

Inventory 

Carrying 

Cost 

 

The framework recommends translation and localization as 

the foundational investment for all CBEC businesses, given 

its exceptional conversion rate impact (64.3%) at relatively 

modest implementation cost. This establishes the linguistic 

accessibility foundation upon which more sophisticated 

personalization and transaction capabilities can be layered. 

Fraud detection is recommended as an early high-priority 

investment—despite higher setup cost—because the cost of 

fraud losses and false positives in cross-border contexts 

typically exceeds the cost of AI-powered detection 

infrastructure within the first year. Customs automation is 

explicitly positioned as a high-priority but later-stage 

investment, requiring more substantial integration work but 

offering the highest logistics cost reduction of any 

application category. 

VII. CONCLUSIONS AND 

RECOMMENDATIONS 

 

Principal Conclusions 

This study provides robust empirical evidence that AI is not 

merely an incremental operational enhancer in cross-border 

e-commerce, but a foundational strategic capability 

reshaping competitive dynamics in international digital 

trade. Four principal conclusions emerge from the 

integrated analysis. First, AI adoption intensity is the single 

strongest predictor of cross-border e-commerce 

performance, surpassing even firm size—a finding that 

challenges the traditional assumption that resource 

advantages are primarily determined by organizational 

scale and that offers a strategic pathway for AI-equipped 

SMEs to compete in international markets. Second, 

automated translation and localization delivers the highest 

individual application impact on conversion rates (64.3%), 

establishing linguistic accessibility as the most 

fundamental enabler of cross-border consumer engagement 

and a universal priority for CBEC AI investment. Third, a 

significant and widening AI adoption divide exists across 

firm size categories, with 58.3% of micro-enterprises 

reporting low or no adoption—a structural asymmetry that 

threatens to bifurcate the international e-commerce 

landscape along lines of AI capability unless deliberately 

addressed through policy and platform design. Fourth, AI's 

impact is most powerful when multiple applications are 

deployed synergistically: businesses combining 

personalization, translation, logistics optimization, and 

fraud detection report disproportionately higher 

performance gains than those deploying single 

applications, consistent with a system-level AI strategy 

rather than piecemeal adoption. 

Recommendations for Businesses 

For businesses engaged in or planning cross-border e-

commerce, the study recommends the following strategic 

actions, sequenced by priority: (1) prioritize data 

infrastructure investment—high-quality customer data 

platforms, structured transaction databases, and CRM 

systems—as the prerequisite for effective AI deployment; 

(2) adopt translation and localization AI as the immediate, 

foundational CBEC investment; (3) develop internal AI 

literacy across management and operational roles, reducing 

vendor dependence and enabling more effective AI 
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customization; (4) establish comprehensive data 

governance frameworks that ensure compliance with 

GDPR, India's Digital Personal Data Protection Act (2023), 

and other relevant regulations while enabling the data flows 

necessary for AI operations; and (5) evaluate customs 

automation as a high-priority later-stage investment whose 

demonstrated ROI justifies significant implementation 

complexity. 

Recommendations for Policymakers 

For policymakers, the findings highlight four priority areas. 

First, developing AI-enabling digital trade frameworks—

bilateral and multilateral agreements facilitating cross-

border data flows while establishing common data 

protection standards—would significantly reduce 

regulatory compliance costs for CBEC businesses. Second, 

financial incentives for SME AI adoption (grants, 

subsidies, tax credits) would address cost barriers and 

accelerate the democratization of AI capabilities; India's 

Production Linked Incentive scheme framework could be 

extended to encompass AI adoption in cross-border e-

commerce. Third, investment in digital infrastructure—

particularly high-speed broadband in tier-2 and tier-3 

cities—would extend AI-enabled CBEC participation to a 

significantly broader base of businesses. Fourth, 

developing AI skills curricula within educational 

institutions and vocational training programs, specifically 

tailored to e-commerce applications, would address the 

talent deficit identified as the second most significant 

adoption barrier. 

Limitations and Future Research 

Several limitations warrant acknowledgment. The cross-

sectional design limits causal inference; longitudinal panel 

designs tracking AI adoption and performance metrics over 

time would provide more definitive evidence of causality. 

The sample concentration in India (68%) constrains 

generalizability across other emerging market contexts 

with different regulatory, cultural, and infrastructure 

profiles. Respondents' self-reported estimates of 

performance improvements may be subject to attribution 

bias—actual performance changes may reflect concurrent 

market factors alongside AI adoption effects. The survey's 

150-respondent sample, while adequate for the regression 

analysis, may not fully represent the diversity of global 

CBEC participants. 

Future research should pursue several directions. 

Longitudinal studies tracking AI adoption and performance 

across multiple waves would enable causal analysis and 

illuminate the dynamics of AI capability maturation. 

Sector-specific studies—pharmaceutical, agricultural, 

fashion-specific—would generate more targeted insights 

for industry stakeholders. Comparative research across 

emerging market contexts (Southeast Asia, Sub-Saharan 

Africa, Latin America) would advance a more globally 

inclusive understanding of AI-CBEC dynamics. The 

ethical dimensions of AI in cross-border commerce—

algorithmic bias across cultural contexts, data sovereignty, 

employment impact in logistics and customer service—

represent a critical and underexplored area for future 

scholarship. Finally, the impact of emerging AI 

technologies—generative AI for cross-cultural content 

creation, autonomous supply chain agents, federated 

learning for privacy-preserving personalization—warrants 

dedicated investigation as these capabilities move from 

early adoption toward mainstream CBEC deployment. 
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