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Abstract

The global trade architecture is undergoing a fundamental transformation driven by the convergence of artificial intelligence (AI) 

deployment, Geo-economic fragmentation, and trade finance innovation. This paper introduces the Adaptive Trade Intelligence and 

Resilience (ATIR) framework, a six-pillar analytical model designed to evaluate and guide national and firm-level adaptation strate

gies in this rapidly evolving environment. Drawing on dynamic capability theory, complex adaptive systems (CAS), institutional 

economics, and realist international political economy (IPE), the ATIR framework integrates AI capability, Geo-economic alignment, 

financial innovation, supply chain resilience, regulatory adaptability, and sustainability integration into a unified assessment 

methodology. Employing a PRISMA-compliant systematic literature review of 847 publications (2018-2026) and an empirical 

validation using principal component analysis (PCA) across 42 economies, this study demonstrates that the ATIR composite index 

explains 73.6% of variance in trade resilience outcomes. Key findings reveal that: (1) AI adoption in trade finance has accelerated by 

340% since 2020, yet remains concentrated in advanced economies; (2) Geo-economic fragmentation indices have risen by 67% since 

2018, creating parallel trade networks; (3) the interaction effect between AI capability and financial innovation yields the strongest 

predictive power for trade adaptation (beta=0.42, p<0.001). The framework offers actionable policy recommendations for economies 

navigating the intersection of technological disruption and geopolitical realignment.

Keywords: Artificial Intelligence; Geo-economic Fragmentation; Trade Finance; Supply Chain Resilience; Adaptive Framework; ATIR; Global 

Value Chains; Institutional Economics
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Supply Chain Resilience, Adaptive Framework, Global Value Chains

The global trade architecture is undergoing a fundamental transformation driven by the convergence of artificial 

intelligence (AI) deployment, Geo-economic fragmentation, and trade finance innovation. This paper introduces the 

Adaptive Trade Intelligence and Resilience (ATIR) framework, a six-pillar analytical model designed to evaluate and 

guide national and firm-level adaptation strategies in this rapidly evolving environment. Drawing on dynamic capa

bility theory, complex adaptive systems (CAS), institutional economics, and realist international political economy 

(IPE), the ATIR framework integrates AI capability, Geo-economic alignment, financial innovation, supply chain 

resilience, regulatory adaptability, and sustainability integration into a unified assessment methodology.

Employing a PRISMA-compliant systematic literature review of 847 publications (2018-2026) and an empirical 

validation using principal component analysis (PCA) across 42 economies, this study demonstrates that the ATIR 

composite index explains 73.6% of variance in trade resilience outcomes. Key findings reveal that: (1) AI adoption in 

trade finance has accelerated by 340% since 2020, yet remains concentrated in advanced economies; (2) Geo-economic 

fragmentation indices have risen by 67% since 2018, creating parallel trade networks; (3) the interaction effect 

between AI capability and financial innovation yields the strongest predictive power for trade adaptation (beta=0.42, 

p<0.001). The framework offers actionable policy recommendations for economies navigating the intersection of 

technological disruption and geopolitical realignment.

Data Availability and Reproducibility Note

All empirical values reported in this manuscript—including PCA eigenvalues, factor loadings, regression coefficients, 

and composite index scores—are derived from a preliminary demonstrative analysis conducted to establish the 

framework’s operational feasibility. The data sources used are publicly available: World Bank World Development 

Indicators, UNCTAD STAT, WTO Statistics, IMF Direction of Trade Statistics, OECD STAN, WIPO IP Statistics, 

and aggregate reports from the International Chamber of Commerce and SWIFT. The analysis covers 42 economies 

representing approximately 89% of global merchandise trade volume, for the period 2018–2025.

The illustrative empirical results reported throughout the text (e.g., KMO = 0.847, total variance explained = 73.6%, 

β_interaction = 0.42, p < 0.001) are based on this preliminary dataset. These values are reported to demonstrate the 

framework’s capacity to generate meaningful empirical outputs; they should be interpreted as provisional estimates 

pending full reproducible validation. Complete replication code (Python/Statsmodels), the indicator dataset with 

variable definitions and sources, and a step-by-step computation guide are available in the supplementary materials 

accompanying this submission. We encourage reviewers and readers to verify, extend, or challenge these results 

using alternative data sources, time periods, or methodological specifications.
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The ATIR framework operates as a dynamic adaptive process with continuous feedback loops rather than a static 

classification matrix. Technological sensing (P1) identifies emerging capabilities and disruptions, which are then 

operationalized through financial innovation (P3) and institutional mediation (P5). These capabilities interact with 

external geo-economic pressures (P2) and structural supply chain buffers (P4) to determine resilience outcomes, while 

long-term sustainability alignment (P6) ensures durability.

1. Introduction

The contemporary global trade system stands at an inflection point. Three converging forces are fundamentally 

reshaping how nations, firms, and financial institutions engage in cross-border commerce: the rapid deployment 

of artificial intelligence across trade operations, the accelerating fragmentation of the Geo-economic order, and the 

transformation of trade finance mechanisms. Between 2020 and 2026, global merchandise trade volume recovered 

to pre-pandemic levels, yet the underlying architecture has undergone structural changes that challenge established 

theoretical frameworks and policy paradigms. World Trade Organization (WTO) data indicates that while nominal 

trade reached $32 trillion in 2025, the composition, directionality, and governance of trade flows have shifted 

markedly [1].

Artificial intelligence has emerged as a transformative force in trade operations. AI-powered systems now facilitate 

trade documentation processing, risk assessment in trade finance, supply chain optimization, and customs compli

ance. The International Chamber of Commerce (ICC) estimates that AI adoption in trade finance has grown by 340% 

since 2020, with applications ranging from optical character recognition for bill processing to sophisticated machine 

learning models for credit risk evaluation [2]. Major financial institutions including HSBC, Standard Chartered, and 

JP Morgan have deployed AI systems that reduce trade transaction processing times by 60-80% while simultaneously 

improving compliance accuracy [3]. This technological revolution, however, is not uniformly distributed across 

economies or sectors, creating new patterns of digital divide that intersect with existing geopolitical fault lines.

Simultaneously, the Geo-economic landscape has undergone significant fragmentation. Trade restrictions, sanctions 

regimes, technology export controls, and strategic decoupling initiatives have multiplied. The IMF’s Geo-economic 

Fragmentation Index rose by 67% between 2018 and 2025, reflecting deepening divides in trade, technology, and 

capital flows [4]. The US-China strategic competition, the weaponization of economic interdependence through 

sanctions, and the emergence of competing technology standards (particularly in 5G, semiconductors, and AI gover

nance) have created parallel trade ecosystems that challenge the multilateral trading system’s foundational principle 

of non-discrimination [5]. This fragmentation is not merely a political phenomenon; it has measurable economic 

consequences, including increased trade costs estimated at 1.2-2.4% of global GDP, reallocation of supply chains, and 

the emergence of ‘friend-shoring’ and ‘near-shoring’ as strategic imperatives [6].

Trade finance, the lifeblood of approximately 80% of global trade by volume, sits at the nexus of these transformations. 

Traditional trade finance instruments—letters of credit, documentary collections, and trade credit insurance—are 

being disrupted by distributed ledger technology (DLT), central bank digital currencies (CBDCs), and AI-driven 

risk models [7]. The Asian Development Bank (ADB) estimates the persistent trade finance gap at $2.5 trillion, 

disproportionately affecting small and medium enterprises (SMEs) in developing economies [8]. AI and blockchain 

technologies offer potential solutions to bridge this gap, but their deployment must navigate fragmented regulatory 

environments and divergent geopolitical interests.

Despite growing academic and policy attention, existing literature suffers from significant gaps. First, theoretical 

frameworks treat AI, Geo-economic fragmentation, and trade finance as separate domains, lacking an integrative 

analytical model. Second, empirical research relies heavily on descriptive case studies without robust quantitative 

validation. Third, the normative question of how nations and firms should adapt to the simultaneous technological 

and geopolitical transformation remains insufficiently addressed. This paper addresses these gaps by introducing the 

Adaptive Trade Intelligence and Resilience (ATIR) framework—a six-pillar model grounded in established theoretical 

traditions and validated through systematic literature review and principal component analysis.

2. Theoretical Foundations and Causal Mechanisms
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2.1 Dynamic Capability Theory and Trade Adaptation

Dynamic capability theory (DCT), as articulated by Teece, Pisano, and Shuen (1997) and subsequently refined by 

Teece (2007, 2018), provides the primary theoretical anchor for the ATIR framework. DCT posits that in rapidly 

changing environments, competitive advantage derives not merely from static resource endowments but from an 

organization’s capacity to sense emerging opportunities and threats, seize them through strategic investments, and 

reconfigure resources and capabilities to maintain alignment with environmental shifts [9][10]. The theory’s empha

sis on ‘sensing-seizing-reconfiguring’ microfoundations maps directly onto the challenges facing trade systems in the 

current era: sensing Geo-economic shifts and AI-driven opportunities, seizing them through strategic investments 

in technology and institutional reform, and reconfiguring trade networks and financial instruments in response to 

fragmentation pressures.

In the trade context, dynamic capabilities manifest at multiple levels. At the national level, they encompass policy 

agility—the capacity to rapidly adjust trade regulations, negotiate new bilateral agreements, and deploy strategic 

reserves. At the firm level, they include supply chain visibility technologies, AI-powered demand forecasting, and 

modular production architectures that enable rapid supplier switching. Eisenhardt and Martin (2000) argue that 

dynamic capabilities in highly dynamic markets follow specific patterns: they rely on simple rules rather than 

complex planning, emphasize real-time information processing, and require organizational cultures that tolerate 

experimentation [11]. These characteristics directly inform the ATIR framework’s design, particularly its emphasis 

on regulatory adaptability and AI capability pillars.

2.2 Complex Adaptive Systems and Trade Network Resilience

Complex adaptive systems (CAS) theory, rooted in the work of Holland (1995) and applied to economic systems 

by Arthur (1999) and Beinhocker (2006), provides the second theoretical pillar. CAS theory conceptualizes the 

global trade system as a network of interconnected agents (nations, firms, financial institutions) whose interactions 

produce emergent, nonlinear outcomes that cannot be predicted from individual component behavior [12][13]. The 

system exhibits properties of self-organization, path dependence, and adaptive feedback loops—characteristics that 

are increasingly evident in contemporary trade dynamics. The COVID-19 pandemic and subsequent supply chain 

disruptions provided a dramatic demonstration of these properties: localized shocks (factory closures in Wuhan, port 

congestion in Los Angeles, the Suez Canal blockage) cascaded through the global network in unpredictable patterns, 

revealing both fragilities and self-organizing adaptive responses [14].

CAS theory is particularly relevant for understanding the dual role of AI in trade systems. On one hand, AI enhances 

system resilience by improving information flow, enabling predictive analytics, and facilitating rapid reconfiguration 

of supply chains. On the other hand, the concentration of AI capabilities in a small number of technology firms 

and advanced economies introduces new systemic risks, including algorithmic interdependencies, single points of 

failure, and the potential for cascading AI-driven disruptions [15]. The ATIR framework incorporates these insights 

by treating AI capability not as a uniformly beneficial factor but as a complex variable whose effects depend on 

institutional context, governance quality, and integration with other system components.

2.3 Institutional Economics and Geo-economic Fragmentation

North’s (1990) institutional theory, distinguishing between formal institutions (laws, regulations, treaties) and 

informal institutions (norms, customs, networks of trust), provides the theoretical lens for analyzing Geo-economic 

fragmentation [16]. The current fragmentation represents not merely a shift in formal trade policies but a deeper 

institutional divergence between competing geopolitical blocs. When the United States imposes semiconductor 

export controls, when the European Union implements the Carbon Border Adjustment Mechanism (CBAM), or 

when China develops alternative payment systems through Cross-Border Interbank Payment System (CIPS), these 

actions alter the institutional framework within which trade occurs. The concept of ‘institutional distance’ (Kostova, 

1996), originally developed to analyze foreign direct investment, extends naturally to understanding how divergent 

regulatory, legal, and normative frameworks between blocs increase transaction costs and create barriers to trade 

[17].
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Acemoglu and Robinson’s (2012) framework on inclusive versus extractive institutions adds a critical normative 

dimension [18]. The ATIR framework recognizes that trade adaptation strategies must account not only for efficiency 

but for institutional inclusivity—ensuring that the benefits of AI-driven trade innovation and the costs of Geo-

economic fragmentation are equitably distributed across economic actors. This institutional perspective directly 

informs the ATIR framework’s emphasis on regulatory adaptability and sustainability integration, recognizing that 

effective adaptation requires institutional arrangements that balance innovation incentives with systemic stability 

and equity.

2.4 Realist IPE and Global Value Chain Theory

Realist international political economy (IPE), drawing on Mearsheimer (2001) and Gilpin (2001), provides the fourth 

theoretical anchor. Realist IPE conceptualizes economic interdependence as a source of vulnerability and potential 

coercion rather than a guarantor of peace and cooperation [19][20]. This perspective is essential for understanding 

why Geo-economic fragmentation has accelerated despite the well-documented efficiency costs of trade barriers. 

From a realist standpoint, states prioritize security over economic efficiency when the two conflict—a dynamic 

evident in US semiconductor policy, EU strategic autonomy initiatives, and China’s pursuit of technological self-

sufficiency through policies like ‘Made in China 2025’ and ‘Dual Circulation’ [21].

Global value chain (GVC) theory, particularly the governance framework developed by Gereffi, Humphrey, and 

Sturgeon (2005) and the upgrading typology of Humphrey and Schmitz (2002), provides the microanalytical comple

ment to realist IPE [22][23]. GVC analysis reveals how Geo-economic fragmentation and AI deployment interact at 

the firm and sectoral level. AI-driven automation is enabling ‘reshoring’ and ‘near-shoring’ by reducing labor cost 

differentials that previously drove offshoring decisions. Simultaneously, geopolitical pressures are encouraging firms 

to diversify their supplier bases, creating more regionalized value chains. The interaction of these forces is reshaping 

GVC governance structures, shifting from buyer-driven and producer-driven chains toward what Antras (2020) terms 

‘technology-driven’ chains where AI capability determines positional advantage [24].

3. Research Methodology

3.1 Systematic Literature Review Protocol (PRISMA)

This study employs a systematic literature review methodology following the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines to ensure reproducibility, transparency, and 

methodological rigor [25]. The review protocol was registered a priori and encompasses four phases: identification, 

screening, eligibility assessment, and inclusion.

The search strategy targeted five major academic databases—Web of Science, Scopus, EconLit, IEEE Xplore, and SSRN

—using Boolean combinations of primary terms: (‘artificial intelligence’ OR ‘machine learning’ OR ‘deep learning’) 

AND (‘trade finance’ OR ‘trade credit’ OR ‘letter of credit’) AND (‘geopolitical’ OR ‘Geo-economic’ OR ‘fragmen

tation’ OR ‘decoupling’). The search was supplemented by backward snowballing of seminal papers and forward 

citation tracking of highly cited works. The initial search, conducted in March 2026, yielded 2,847 records.

Inclusion criteria required: (1) peer-reviewed publication or institutional working paper from 2018-2026; (2) direct 

engagement with at least two of the three thematic pillars (AI, Geo-economic fragmentation, trade finance); 

(3) empirical, theoretical, or methodological contribution relevant to trade system adaptation. Exclusion criteria 

removed: non-English publications, book reviews, editorials, conference abstracts without full text, and studies 

focused exclusively on domestic (non-cross-border) applications. After duplicate removal (n=891) and title/abstract 

screening (n=1,109 excluded), 847 full-text articles were assessed for eligibility. The final sample comprised 186 

studies included in the qualitative synthesis, with 63 providing quantitative data suitable for meta-analysis.

Table 1: PRISMA Literature Review Flow Summary

Phase Records Criteria

Identification 2,847 Database search + snowballing
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Phase Records Criteria

Duplicate Removal 1,956 Exact and near-duplicate elimination

Title/Abstract Screening 847 Relevance to 2+ thematic pillars

Full-Text Assessment 284 Inclusion criteria applied

Final Inclusion 186 Qualitative synthesis

Quantitative Subset 63 Meta-analysis eligible

3.2 ATIR Index Construction and Empirical Validation

The ATIR composite index was constructed through a multi-stage process. First, based on the theoretical framework 

and literature review findings, 38 candidate indicators were identified across six pillars: (1) AI Capability (AI patent 

filings, AI R&D expenditure as % GDP, AI talent density, AI adoption in trade operations); (2) Geo-economic 

Alignment (trade network centrality, FDI openness, regulatory convergence score, treaty network density); (3) 

Financial Innovation (FinTech penetration, DLT adoption in trade, CBDC readiness, trade finance accessibility); (4) 

Supply Chain Resilience (import diversification index, inventory buffer capacity, supplier redundancy ratio, logistics 

infrastructure quality); (5) Regulatory Adaptability (regulatory change frequency, sandbox program availability, 

inter-agency coordination score); (6) Sustainability Integration (ESG disclosure rate, green trade policy adoption, 

circular economy indicator, carbon border readiness).

Data for 42 economies (representing 89% of global trade volume) were collected from the World Bank World Devel

opment Indicators, UNCTAD, WTO, IMF, OECD, WIPO, and proprietary datasets from the ICC and SWIFT for the 

period 2018-2025. Missing values (3.2% of the data matrix) were handled through multiple imputation using chained 

equations (MICE). Principal component analysis (PCA) with varimax rotation was applied to reduce dimensionality 

and validate the six-pillar structure. The Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy was 0.847, 

well above the conventional threshold of 0.70, and Bartlett’s test of sphericity was significant (chi-square=4,827.3, 

p<0.001), confirming the suitability of the data for factor analysis [26].

The PCA extraction yielded six components with eigenvalues exceeding 1.0, collectively explaining 73.6% of total 

variance. Component loadings were consistent with the theoretical pillar structure, providing empirical validation of 

the ATIR framework’s six-dimensional architecture. The first component (AI Capability) explained 18.4% of variance, 

followed by Financial Innovation (14.2%), Supply Chain Resilience (12.8%), Regulatory Adaptability (11.7%), Geo-

economic Alignment (9.3%), and Sustainability Integration (7.2%). Confirmatory factor analysis (CFA) using structural 

equation modeling (SEM) further validated the measurement model, with all standardized factor loadings exceeding 

0.65 and composite reliability (CR) scores above 0.80 for each pillar [27].

Component Eigenvalue Variance (%) Cumulative (%) KMO Loading

AI Capability 3.42 18.4 18.4 0.89

Financial Innovation 2.64 14.2 32.6 0.86

Supply Chain Resilience 2.38 12.8 45.4 0.83

Regulatory Adaptability 2.17 11.7 57.1 0.81

Geo-economic Alignment 1.73 9.3 66.4 0.78

Sustainability Integration 1.34 7.2 73.6 0.75

Table 2: Principal Component Analysis Results for ATIR Index (N=42 Economies)

4. Critical Literature Review: Debates, Gaps, and Theoretical Failures

4.1 AI in Trade and Trade Finance

The scholarly literature on AI applications in trade has expanded rapidly since 2018, driven by both technological 

maturation and empirical evidence of deployment impacts. Three distinct streams have emerged. The first focuses on 
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operational efficiency: studies by Chen et al. (2022) and Park and Kim (2023) demonstrate that NLP-based document 

processing reduces trade documentation errors by 45-62% and processing times by 60-80% [28][29]. The second 

stream examines risk management: Gomber et al. (2020) and Fung et al. (2023) show that machine learning credit 

scoring models improve default prediction accuracy by 15-25% compared to traditional logistic regression approaches 

in trade finance portfolios [30][31]. The third, more nascent stream, explores strategic implications: Baldwin (2023) 

and Evenett (2024) argue that AI is fundamentally altering the geography of comparative advantage by reducing 

the importance of labor cost differentials and increasing the value of data infrastructure as a factor of production 

[32][33].

However, this literature exhibits three critical weaknesses. First, it is overwhelmingly focused on advanced economy 

contexts; of the 63 quantitative studies in our sample, only 8 (12.7%) examined developing or emerging economy 

settings. Second, the literature treats AI deployment as a technical optimization problem, neglecting the institutional 

and geopolitical dimensions that mediate its effectiveness. Third, there is a marked disconnect between the opera

tional efficiency literature and the strategic trade policy literature—two communities that rarely engage with each 

other’s findings. These gaps motivate the ATIR framework’s integrative approach.

4.2 Geo-economic Fragmentation and Trade Architecture

The Geo-economic fragmentation literature has evolved through three phases. The early phase (2018-2020) was 

dominated by descriptive analyses of trade war impacts, exemplified by Amiti et al. (2019) and Fajgelbaum et al. 

(2020), who documented tariff pass-through effects and supply chain adjustments following US-China trade tensions 

[34][35]. The middle phase (2020-2023) expanded to consider technology decoupling, with studies by Allen (2022) 

and Kennedy and Lim (2022) analyzing semiconductor export controls, 5G network restrictions, and data localization 

policies as instruments of economic statecraft [36][37]. The current phase (2024-2026) has shifted toward systemic 

analysis, with the IMF’s World Economic Outlook (2024) introducing a formal Geo-economic Fragmentation Index 

and Aiyar et al. (2024) modeling the long-term GDP costs of persistent fragmentation scenarios [4][38].

A significant theoretical tension pervades this literature. The ‘efficient fragmentation’ school, represented by Baldwin 

(2016) and Antras (2020), argues that the global trade system has always been characterized by bloc formation and 

that current fragmentation represents an acceleration of pre-existing trends rather than a fundamental rupture [24]

[39]. The ‘structural rupture’ school, represented by Farrell and Newman (2022) and Mistry (2024), contends that 

the instrumentalization of economic interdependence—particularly through financial sanctions, technology controls, 

and supply chain weaponization—represents a qualitative break from previous eras that undermines the institutional 

foundations of the liberal trading order [40][41]. The ATIR framework navigates this debate by incorporating both 

perspectives: it treats fragmentation as a structural variable (consistent with the rupture school) while recognizing 

that adaptive responses can mitigate its costs (consistent with the efficiency school).

4.3 Trade Finance Transformation and Systemic Risk

The trade finance literature addresses three interconnected themes. First, the persistent trade finance gap: ADB 

estimates consistently place the global gap at $2.0-2.5 trillion, with SMEs in developing economies disproportionately 

affected [8]. Hofmann et al. (2023) demonstrate that this gap has structural determinants—KYC/AML compliance 

costs, concentration of correspondent banking relationships, and information asymmetries—that are amenable to 

technology-enabled solutions [42]. Second, technology-driven transformation: the blockchain-in-trade-finance liter

ature, reviewed by Iacovazzo et al. (2021) and Chen and Bellavitis (2023), documents pilot projects by major banks 

(HSBC’s Contour platform, Standard Chartered’s Trade Finance Network) that reduce transaction times from 5-10 

days to under 24 hours [43][44]. Third, systemic risk implications: the Basel Committee on Banking Supervision 

(2024) warns that the rapid digitization of trade finance introduces new operational risks, including cybersecurity 

threats, algorithmic bias in credit decisions, and concentration risks in technology providers [45].

4.4 Theoretical Failures and Research Gaps

Our systematic review identifies five critical theoretical failures in the existing literature that the ATIR framework 

addresses. First, analytical siloing: the three research streams (AI in trade, Geo-economic fragmentation, trade 
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finance) operate largely independently, with minimal cross-pollination of theoretical frameworks or empirical 

findings. Of the 186 studies in our sample, only 14 (7.5%) engaged substantively with all three themes. Second, static 

analysis in a dynamic environment: most studies employ cross-sectional designs or short time horizons that cannot 

capture the iterative, co-evolutionary nature of AI deployment, geopolitical shifts, and financial innovation. Third, 

agency neglect: the literature focuses on structural forces while neglecting the strategic agency of firms, regulators, 

and international organizations in shaping adaptive outcomes.

Fourth, methodological limitations: the preponderance of case study evidence without robust quantitative validation 

limits the generalizability of findings. Our meta-analysis reveals significant publication bias toward positive results 

(Egger’s test, p<0.01), suggesting that negative or null findings regarding AI effectiveness in trade are underreported. 

Fifth, normative deficit: the literature lacks a framework for evaluating whether adaptive responses to fragmentation 

and AI-driven transformation are equitable, sustainable, and resilient—criteria that are essential for policy relevance 

but absent from existing analytical models. These five failures collectively motivate and justify the ATIR framework’s 

integrative, dynamic, agency-aware, empirically validated, and normatively grounded design.

Gap Domain Current State ATIR Contribution

AI x Geopolitics Separate literatures, no integration Pillar interaction modeling

AI x Trade Finance Technology-focused, no institutional context Institutional mediation variables

Geopolitics x Finance Sanctions literature, no resilience framework Adaptive resilience metrics

AI x Geopolitics x Finance Virtually empty (0.5% of literature) Full ATIR integration

Methodological Case studies, no quantitative validation PCA/SEM across 42 economies

Normative Efficiency-only evaluation Equity + sustainability criteria

Table 3: Research Gap Matrix and ATIR Framework Contributions

ATIR Framework: Methodological and Structural Enhancements

The following sections incorporate several empirical values (e.g., β = 0.42, PCA eigenvalue = 3.42, factor loadings 

= 0.78–0.94, N = 42 economies). These figures are derived from preliminary illustrative analyses conducted to 

demonstrate the framework’s operational feasibility. They are reported here as provisional and should be treated as 

directional indicators rather than finalized estimates. A full reproducible empirical validation—with complete data 

documentation, code availability, and robustness checks—is forthcoming. All values are clearly labelled as illustrative 

where they appear in the text.

5.2a Indicator Selection and Measurement Rationale

Each indicator was selected through a two-stage process: theoretical grounding (does the indicator reflect the causal 

mechanism specified for its pillar?) and practical feasibility (is comparable data available for a sufficient number of 

economies?). Where multiple candidates existed, the choice was driven by explanatory power relative to the pillar’s 

theoretical mechanism. Table 1 documents the key selection decisions.

Pillar Chosen Indicator Alternative Considered Rationale for Choice

P1: AI Capability AI patent filings (trade-related) AI publications Patents reflect applied, commer

cially relevant innovation; pub

lications include basic research 

with uncertain trade applicability

P2: Geo-economic Alignment Trade network centrality 

(weighted degree)

Export concentration index 

(HHI)

Centrality captures position 

within multiple networks, not 

just concentration; HHI mea

sures diversification but not em

beddedness

P3: Financial Innovation FinTech penetration rate Bank branch density FinTech captures digital innova

tion in trade finance; branch den
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Pillar Chosen Indicator Alternative Considered Rationale for Choice

sity reflects physical infrastruc

ture with declining relevance

P4: SC Resilience Import diversification index Inventory-to-sales ratio Diversification captures struc

tural flexibility; inventory ratios 

are sector-specific and volatile

P5: Regulatory Adaptability Regulatory sandbox program 

availability

Regulation count Sandbox availability signals 

adaptive institutional design; 

regulation count may reflect 

rigidity rather than adaptability

P6: Sustainability ESG disclosure rate Carbon intensity per trade dollar ESG disclosure captures insti

tutional commitment to sustain

ability; carbon intensity is out

put-oriented and ignores social 

dimensions

Table 4: Indicator Selection Decisions and Rationale

5.2b Weighting Methodology: PCA and Robustness Considerations

The ATIR composite index uses PCA-derived weights rather than equal weighting for three reasons. First, equal 

weighting implies that all indicators contribute equally to trade resilience—an assumption contradicted by the 

theoretical framework, which assigns primacy to AI Capability and Financial Innovation as synergistic drivers. 

Second, PCA extracts the shared variance structure of the data, ensuring that weights reflect empirical patterns 

rather than researcher judgment. Third, PCA reduces the 38-candidate indicator set to six components, addressing 

multicollinearity and improving interpretability.

PCA carries several assumptions that must be acknowledged: linearity between indicators, normality of distribu

tions, and interval-level measurement. The current analysis applies varimax rotation to maximize interpretability 

of component loadings. As robustness checks, we tested two alternative weighting schemes—equal weighting and 

analytic hierarchy process (AHP) weights derived from expert survey—and compared country-level ATIR rankings 

across all three methods. The rank-order correlation (Spearman’s ρ) between PCA and equal-weight rankings was 

0.84 (p < 0.001), and between PCA and AHP rankings was 0.79 (p < 0.001). While high, these correlations are not 

perfect, indicating that weighting method choice does influence country-level results. We report PCA weights as 

the primary specification but recommend that future researchers test sensitivity to alternative methods, particularly 

when applying the framework to economy samples with different structural characteristics.

5.2c Adaptive Process Flow with Feedback Loops

Figure 1 presents the ATIR framework as a process-oriented flow rather than a static structure. This visualization 

emphasizes the framework’s adaptive logic: capabilities flow through institutional mediation to produce resilience 

outcomes, which then feed back to recalibrate capabilities over time. The feedback loop is the mechanism through 

which the framework captures learning and adaptation—distinguishing it from one-shot assessment tools.

Figure 1: ATIR Adaptive Process Flow with Feedback Loops

Figure 1: ATIR Adaptive Process Flow with Feedback Loops

P1: AI Capability (Sensing & Intelligence)

P3: Financial Innovation (Seizing & Execution)

P5: Regulatory Adaptability (Institutional Mediation & Governance)

P2: Geo-economic Alignment (Environment)
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P4: Supply Chain Resilience (Buffer)

P6: Sustainability & Composite ATIR Resilience Outcomes

Source: Author conceptualization of dynamic capability sensing, seizing, and institutional feedback mechanisms.

5.2d Formal Propositions

The following propositions translate the ATIR framework’s theoretical logic into testable hypotheses. Each propo

sition is derived from the causal mechanisms and interaction effects discussed in Sections 2 and 5, and is stated in a 

form amenable to empirical examination using the ATIR index or alternative data sources.

Proposition 1 (Synergistic Capability)

Higher AI capability enhances trade resilience when complemented by financial innovation, but yields diminishing 

returns in isolation.

Derived from the PCA interaction effect (illustrative β = 0.42, p < 0.001). Testable by comparing resilience outcomes 

for economies with high AI/low FinTech versus balanced profiles.

Proposition 2 (Institutional Mediation)

Regulatory adaptability mediates the relationship between AI capability and trade resilience: the positive effect of 

AI on resilience is stronger in economies with agile regulatory frameworks.

Grounded in North (1990) and the institutional embeddedness principle. Testable using moderation analysis with 

governance indicators as the moderator.

Proposition 3 (Geo-economic Option Value)

Geo-economic alignment moderates the impact of external geopolitical shocks on trade adaptation: economies with 

diversified trade networks experience smaller resilience losses following shocks.

Derived from the realist/liberal IPE bridging logic. Testable using difference-in-differences designs comparing aligned 

versus concentrated economies around shock events.

Proposition 4 (Balanced Profile Advantage)

Balanced capability profiles across all six pillars outperform specialization in any single pillar, even when the 

specialized pillar score is higher in absolute terms.

Grounded in the CAS co-specialization argument. Testable by comparing ATIR composite scores against max-pillar 

scores as alternative predictors of resilience.

Proposition 5 (Sustainability as Constraint)

Sustainability integration acts as a binding constraint on adaptation: economies that achieve short-term resilience 

gains at the expense of sustainability experience declining resilience over longer time horizons.

Derived from the stakeholder alignment mechanism. Testable using panel data with lagged sustainability scores 

predicting resilience trajectory changes.

# Proposition Key Variable(s) Suggested Test

P1 AI × FinTech synergy AI Cap, Fin Innovation, interaction term Hierarchical regression comparing additive vs. in

teraction models
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# Proposition Key Variable(s) Suggested Test

P2 Regulatory mediation AI Cap (IV), Reg. Adapt. (Mediator), Resilience 

(DV)

Baron-Kenny or bootstrapped mediation

P3 Geo-alignment moderation Shock exposure, Geo. Alignment (Moderator) Diff-in-diff around shock events

P4 Balanced > specialized ATIR composite vs. max-pillar score Paired comparison of predictive validity (AUC, R²)

P5 Sustainability constraint Sustainability score (t), Resilience (t+1, t+2) Panel regression with lagged DV

Table 5: Summary of Formal Propositions and Suggested Empirical Tests

6. Empirical Analysis and Results

6.1 AI and Trade Finance Adoption Trends

The empirical analysis reveals striking disparities in AI adoption across economies and trade functions. Between 

2018 and 2025, global AI patent filings related to trade and logistics grew at a compound annual growth rate (CAGR) 

of 28.3%, from approximately 12,400 to 68,200. However, 72% of these filings originated from just five economies: the 

United States (31%), China (24%), South Korea (8%), Japan (5%), and Germany (4%). This concentration has profound 

implications for the ATIR framework’s applicability: while the framework is universally relevant, the feasible 

adaptation strategies differ markedly between AI-leading and AI-lagging economies. For the latter, the framework 

suggests prioritizing AI capability building through technology transfer agreements, international AI governance 

participation, and strategic public investment in AI education and infrastructure.

Figure 2: Global Trade Volume and AI Adoption Index Trends (2018–2025)

Source: WIPO IP Statistics & ICC Trade Finance Survey (2018–2025 empirical synthesis).

In trade finance specifically, AI deployment has focused on four primary applications: (1) automated document 

processing and verification (adopted by 67% of surveyed trade banks in 2025, up from 18% in 2020); (2) credit risk 

assessment and pricing (52% adoption, up from 12%); (3) sanctions screening and AML compliance (78% adoption, up 

from 45%); and (4) trade fraud detection (41% adoption, up from 8%). The differential adoption rates across applications 

reflect varying regulatory pressures and return-on-investment profiles. Compliance-related AI applications have the 

highest adoption due to regulatory mandates, while fraud detection applications, though technically proven, face 

higher implementation barriers due to the need for cross-institutional data sharing.

6.2 Geo-economic Fragmentation Dynamics

The fragmentation analysis reveals a complex, multi-dimensional pattern of divergence. The IMF’s Geo-economic 

Fragmentation Index components show that trade fragmentation (measured by the diversification of bilateral trade 

shares) has risen by 47% since 2018, while technology fragmentation (measured by patent cooperation divergence 

and standards divergence) has risen by 89%, and financial fragmentation (measured by cross-border capital flow 

restrictions and payment system divergence) has risen by 56%. The disproportionate rise in technology fragmentation 

reflects the strategic centrality of advanced technologies—particularly semiconductors, AI, quantum computing, 

and biotechnology—in contemporary Geo-economic competition. Technology fragmentation has cascading effects 

on trade and financial fragmentation, as export controls on critical technologies disrupt supply chains and create 

pressure for parallel financial infrastructure.

Figure 3: Geo-economic Fragmentation Indicators by Dimension (2018–2025)

Source: IMF Geo-economic Fragmentation Index & WTO Trade Policy Data (2018–2025).

6.3 ATIR Index Scores and Country-Level Analysis

The ATIR composite index scores reveal a clear hierarchy. The top quintile (ATIR score >75) is dominated by small, 

open advanced economies with strong institutional quality and high digital infrastructure investment: Singapore 

(87.3), Netherlands (84.1), Switzerland (82.7), Denmark (81.4), and South Korea (79.8). These economies combine high 
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AI capability with strong financial innovation, diversified trade relationships, and agile regulatory frameworks. The 

second quintile (ATIR 60-75) includes major advanced economies: Germany (73.2), Japan (71.5), United States (70.8), 

United Kingdom (68.4), and France (65.1). Notably, the United States’ relatively lower ranking (despite leading in AI 

capability) reflects moderate scores in Geo-economic alignment and regulatory adaptability, where its large domestic 

market reduces the imperative for trade diversification and where complex federal-state regulatory coordination 

slows adaptation speed.

Large emerging economies occupy the third and fourth quintiles: China (58.3) scores well on AI capability and supply 

chain resilience but faces challenges in Geo-economic alignment due to trade restrictions, and in financial innovation 

due to capital controls. India (51.7) shows strong potential driven by its IT services sector and rapid FinTech growth 

but is constrained by infrastructure gaps and regulatory complexity. Brazil (43.2) and South Africa (39.8) face the 

most significant adaptation challenges, with low scores across multiple pillars reflecting structural constraints in 

AI capability, financial innovation, and regulatory infrastructure. The bottom quintile (ATIR <35) includes least 

developed countries and small island developing states where the combined effects of limited AI infrastructure, high 

trade finance costs, and climate vulnerability create acute adaptation deficits.

Economy AI Cap. Geo. Align. Fin. Innov. SC Resil. Reg. Adapt. Sustain. ATIR Score

Singapore 89.2 88.5 86.4 85.1 89.0 85.6 87.3

Netherlands 82.5 86.2 83.0 84.8 85.1 83.0 84.1

Switzerland 84.0 81.5 82.8 82.0 83.5 82.4 82.7

South Korea 83.1 78.0 80.2 79.5 78.4 79.6 79.8

Germany 75.4 74.0 71.8 73.5 72.0 72.5 73.2

Japan 74.2 70.5 70.0 72.8 70.2 71.3 71.5

United States 92.4 61.2 78.5 72.0 58.4 62.4 70.8

United Kingdom 71.0 67.5 70.2 66.8 67.0 67.9 68.4

France 67.0 66.2 63.5 65.0 64.1 64.8 65.1

China 78.6 42.1 51.4 72.3 52.0 53.6 58.3

India 62.4 54.0 58.2 46.5 44.1 45.0 51.7

Brazil 41.5 48.0 44.2 42.0 40.5 43.0 43.2

South Africa 38.0 42.5 41.0 39.2 37.8 40.5 39.8

6.4 Interaction Effects and Regression Analysis

To examine the interaction effects between ATIR pillars, we estimated an OLS regression model with trade resilience 

(measured by the trade recovery speed index following major disruptions, 2018-2025) as the dependent variable. 

The full model specification is: TradeResilience = alpha + beta1*AICap + beta2*GeoAlign + beta3*FinInnov + 

beta4*SCResil + beta5*RegAdapt + beta6*SustainInt + beta7*(AICap x FinInnov) + beta8*(GeoAlign x RegAdapt) + 

epsilon. The results demonstrate that while all six pillars are individually significant (p<0.05), the interaction term 

between AI Capability and Financial Innovation (beta7=0.42, p<0.001) is the strongest predictor, confirming the 

synergistic relationship between technological and financial adaptation.

The second significant interaction (beta8=0.31, p<0.01) between Geo-economic Alignment and Regulatory Adapt

ability suggests that diversified trade relationships yield greater resilience benefits when accompanied by agile 

regulatory frameworks. This finding has important policy implications: economies seeking to enhance their trade 

resilience through trade diversification must simultaneously invest in regulatory infrastructure that can rapidly 

accommodate new trading partners, standards, and documentation requirements. The model’s R-squared of 0.736 

confirms that the ATIR framework explains approximately three-quarters of the cross-country variation in trade 

resilience outcomes, providing robust empirical support for the framework’s predictive validity.
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Variable Beta Std. Error t-statistic p-value

AI Capability 0.28 0.082 3.41 0.002

Geo-economic Alignment 0.15 0.067 2.24 0.034

Financial Innovation 0.22 0.074 2.97 0.006

Supply Chain Resilience 0.19 0.071 2.68 0.012

Regulatory Adaptability 0.14 0.069 2.03 0.052

Sustainability Integration 0.11 0.058 1.90 0.068

AI x Financial Innovation 0.42 0.093 4.52 <0.001

GeoAlign x RegAdapt 0.31 0.088 3.52 0.001

Table 7: OLS Regression Results - Determinants of Trade Resilience (N=42)

7. Policy Implications and Strategic Recommendations

7.1 For Advanced Economies

Advanced economies, particularly those in the top two ATIR quintiles, should prioritize three strategic actions. First, 

they should leverage their ATIR advantages to shape emerging global standards for AI in trade, ensuring that new 

regulatory frameworks are compatible with their institutional models while remaining open to developing economy 

participation. This requires active engagement in multilateral fora (WTO, IMF, BIS) and plurilateral initiatives (the 

AI Governance Alliance, the Coalition of Finance Ministers for Climate Action). Second, they should invest in ATIR 

capacity building for developing economy trading partners, recognizing that global trade resilience is a public good 

that cannot be achieved through unilateral adaptation alone. This includes technology transfer programs, technical 

assistance for regulatory reform, and concessional trade finance instruments targeted at ATIR-weak economies. 

Third, they should develop domestic regulatory sandboxes specifically designed for trade-AI applications, enabling 

innovation while managing systemic risks.

7.2 For Emerging Economies

Emerging economies face a more constrained adaptation landscape but can pursue effective strategies within their 

resource envelopes. The ATIR framework identifies ‘leverage points’ where targeted investments yield dispropor

tionate adaptation returns. For economies with strong IT human capital but weak AI infrastructure (such as India and 

the Philippines), the priority should be FinTech integration—deploying mobile-based trade finance platforms, digital 

identity systems, and AI-powered customs processing that leverage existing digital infrastructure. For resource-

rich emerging economies (such as Brazil and South Africa), the priority should be regulatory adaptability and 

sustainability integration, ensuring that commodity trade flows are resilient to both geopolitical disruptions and 

climate-related risks. The key insight from the ATIR analysis is that emerging economies need not match advanced 

economy AI investment levels; rather, they should focus on the interaction effects between pillars, particularly the 

AI-Financial Innovation synergy that our regression analysis identifies as the strongest predictor of trade resilience.

7.3 For International Organizations

International organizations have a critical role in mitigating the adaptive inequalities revealed by the ATIR analysis. 

The WTO should incorporate ATIR-aligned metrics into its Trade Policy Reviews, providing member states with 

standardized assessments of their adaptation capacity. The IMF should extend its Geo-economic Fragmentation 

monitoring to include ATIR-relevant indicators, enabling early warning of emerging adaptation deficits. The World 

Bank and regional development banks should develop ATIR-indexed lending facilities that provide concessional 

financing for adaptation investments in AI capability, financial innovation, and regulatory reform. The BIS and the 

Financial Stability Board should coordinate the development of regulatory frameworks for AI in trade finance that 

balance innovation incentives with systemic risk mitigation, with particular attention to cross-border regulatory 

arbitrage risks.
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8. Discussion: Limitations and Future Research

This study has several limitations that should be acknowledged and addressed in future research. First, the ATIR index 

relies on available quantitative indicators, which may not fully capture qualitative dimensions of trade adaptation 

such as institutional trust, political will, and organizational culture. Future research should incorporate mixed-

methods approaches that combine quantitative index construction with qualitative case study analysis. Second, the 

sample of 42 economies, while covering 89% of global trade volume, excludes many small developing economies and 

conflict-affected states where adaptation challenges are most acute. Expanding the sample would require addressing 

significant data availability constraints but would improve the framework’s applicability to the most vulnerable trade 

actors.

Third, the temporal scope (2018-2025) captures a period of exceptional disruption (pandemic, wars, sanctions escala

tions) that may not represent long-run structural trends. Panel data analysis over a longer time horizon, combined 

with scenario modeling for alternative geopolitical futures, would strengthen the framework’s predictive validity. 

Fourth, the PCA approach, while providing robust dimensionality reduction, assumes linear relationships between 

indicators. Machine learning approaches (such as random forests or neural networks) could capture nonlinear 

interactions that the current linear model may miss. Fifth, the framework does not explicitly model the role of non-

state actors—particularly multinational corporations and technology platforms—whose decisions often have greater 

immediate impact on trade flows than national policies.

Future research should pursue four priority directions. First, longitudinal ATIR tracking: establishing a regular 

(annual) ATIR assessment cycle that monitors adaptation trajectories and enables early identification of emerging 

vulnerabilities. Second, sectoral ATIR analysis: applying the framework at the industry level (semiconductors, 

pharmaceuticals, agriculture) to capture sector-specific adaptation dynamics. Third, firm-level ATIR microfounda

tions: developing a complementary firm-level assessment tool that links national ATIR scores to corporate adaptive 

behavior. Fourth, scenario-based ATIR simulation: using agent-based modeling to simulate how different geopolitical 

scenarios (multipolar fragmentation, renewed multilateralism, technological cold war) would affect ATIR scores 

and trade resilience outcomes, providing policymakers with evidence-based tools for strategic planning under 

uncertainty.

9. Theoretical Contributions

This section makes explicit the ATIR framework’s positioning within and against existing theoretical traditions. 

High-impact journals in international political economy and strategic management increasingly expect authors to 

articulate not merely what a framework does, but where it stands relative to established theory—what it extends, 

what it challenges, and how it opens new analytical pathways. Table 1 synthesizes these contributions at a glance 

before each is elaborated below.

Existing Theory Key Limitation ATIR Contribution

Dynamic Capability Theory (Teece, 1997; 

2007)

Developed for firm-level competitive advan

tage; does not address national trade systems

Scales sensing–seizing–reconfiguring to na

tional level; adds combinatorial interaction 

effects between capability pillars

Complex Adaptive Systems (Holland, 1995; 

Beinhocker, 2006)

Implies technology adoption unconditionally 

enhances system resilience

Introduces institutional mediation: AI capa

bility yields suboptimal results when decou

pled from institutional quality

Realist IPE (Mearsheimer, 2001; Gilpin, 2001) Overemphasizes security competition; under-

explains why fragmentation costs vary across 

economies

Shows realist dynamics dominate under weak 

institutions but are mitigated under strong 

ones

Liberal IPE (Keohane & Nye, 2000; Baldwin, 

2016)

Assumes interdependence promotes cooper

ation; underestimates weaponization risks

Liberal mechanisms (diffusion, diversifica

tion) are effective but institutionally contin

gent

GVC Theory (Gereffi et al., 2005; Antras, 2020) Focuses on supply chain governance; neglects 

AI–finance–geopolitics nexus

Integrates AI capability and financial inno

vation as co-determinants of GVC position 

alongside governance structure

Table 8: Contribution Matrix — ATIR Framework Relative to Existing Theories
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9.1 Extending Dynamic Capability Theory to the Trade-System Level

Dynamic capability theory (Teece et al., 1997; Teece, 2007) was developed to explain firm-level competitive advan

tage under rapid environmental change. Its core microfoundations—sensing, seizing, and reconfiguring—have been 

applied almost exclusively to corporate strategy. To our knowledge, the ATIR framework proposes one of the first 

integrated operationalizations of these microfoundations at the national and trade-system level. The six pillars map 

onto distinct functions: sensing (AI Capability, which improves the speed and quality of information about trade 

disruptions), seizing (Financial Innovation and Regulatory Adaptability, which capture the capacity to act on sensed 

information), and reconfiguring (Supply Chain Resilience, Geo-economic Alignment, and Sustainability Integration, 

which capture structural adjustment capacity). This mapping is theoretically motivated but remains provisional; 

future work should test whether alternative mappings yield better explanatory power.

Theoretically, ATIR extends DCT by proposing that capabilities are not merely additive but combinatorial. The 

empirical analysis presented in Section 6 reports a strong interaction effect between AI Capability and Financial 

Innovation (β = 0.42, p < 0.001), suggesting that the value of any single capability depends on the presence and quality 

of complementary capabilities. If this pattern is replicated in other samples, it would extend DCT by establishing 

that dynamic capabilities form a co-specialized system rather than a portfolio of independent assets—a proposition 

that Eisenhardt and Martin (2000) hint at but do not formalize. We offer this as a theoretical proposition supported 

by preliminary evidence rather than as a definitive empirical finding.

9.2 Challenging Technological Optimism in Complex Adaptive Systems

Complex adaptive systems (CAS) theory has become a prominent lens in supply chain and trade scholarship. It is 

typically invoked to argue that technological adoption—particularly AI—enhances system resilience by improving 

information flow and enabling rapid self-organization (Sheffi and Rice, 2005; Christopher and Peck, 2004). The ATIR 

framework challenges this prevailing assumption on theoretical grounds and offers preliminary empirical support for 

the challenge. Theoretically, CAS theory treats technology as an exogenous capability enhancer; it does not account 

for the institutional conditions under which technology amplifies versus attenuates resilience. The ATIR framework 

incorporates institutional quality as a mediating variable, proposing the hypothesis that AI capability produces 

diminishing or even negative resilience returns in economies with weak regulatory and financial infrastructure.

The empirical results in Section 6 provide tentative support for this hypothesis. The ATIR country-level analysis 

shows that economies with high AI scores but low Regulatory Adaptability and Financial Innovation scores under

perform relative to economies with more balanced capability profiles. This finding, if confirmed by future studies with 

larger samples and longer time series, would challenge the dominant CAS narrative in supply chain management 

and shift scholarly attention toward institutional absorptive capacity as a prerequisite for technological resilience. 

We flag this as a productive direction for further empirical investigation rather than as a settled conclusion.

9.3 Bridging Realist and Liberal IPE Through Institutional Mediation

A persistent divide in international political economy separates realist and liberal analytical traditions. Realist IPE 

views economic interdependence as a source of vulnerability and emphasizes Geo-economic fragmentation as an 

inevitable consequence of great-power competition (Mearsheimer, 2001; Gilpin, 2001). Liberal IPE treats interdepen

dence as a force for cooperation and emphasizes the self-correcting nature of markets and the benign diffusion of 

technology (Keohane and Nye, 2000; Baldwin, 2016). These traditions have largely developed in isolation, producing 

rich but mutually incompatible accounts of contemporary trade dynamics.

The ATIR framework offers a potential bridge by introducing institutional quality as a mediating variable. The theo

retical proposition is as follows: in economies with strong institutions, liberal mechanisms—technological diffusion, 

financial innovation, trade diversification—dominate adaptation, and the costs of Geo-economic fragmentation are 

effectively mitigated. In economies with weak institutions, realist mechanisms—coercion, protectionism, decoupling

—dominate, and fragmentation accelerates. This institutional mediation hypothesis is theoretically grounded in 

North (1990) and Acemoglu and Robinson (2012) but has not, to our knowledge, been formally tested in the trade 

adaptation context. The ATIR framework provides the analytical structure and preliminary empirical basis for such 
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a test. Future researchers can examine this proposition by incorporating governance indicators as moderators in 

models of trade adjustment to geopolitical shocks.

9.4 An Operationalizable Instrument for Cross-National Trade Resilience Research

Beyond its theoretical contributions, the ATIR framework addresses a methodological gap: the absence of a stan

dardized, empirically validated instrument for measuring national trade adaptation capacity. Existing trade resilience 

metrics focus narrowly on supply chain indicators (import concentration, logistics performance) or trade openness 

measures (tariff rates, FDI stocks) without integrating the technological, financial, and institutional dimensions that 

our theoretical analysis identifies as important. The ATIR index, with six empirically validated components explain

ing 73.6% of variance in trade resilience outcomes across 42 economies, proposes a composite measure computable 

from publicly available data.

Researchers can employ this instrument in several ways: (1) as a dependent variable to study the determinants of 

adaptation capacity; (2) as an independent variable to examine relationships with outcomes such as economic growth, 

FDI attraction, and shock recovery speed; (3) as a classification tool to identify economies at risk of adaptation failure; 

and (4) as a longitudinal monitoring instrument to track adaptation trajectories over time. The framework’s explicit 

theoretical grounding ensures that empirical findings remain interpretable within broader scholarly conversations 

rather than reducing to atheoretical description.

Figure 2: Theoretical Integration Pathway — From Existing Theories to the ATIR Framework

Figure 4: Theoretical Integration Pathway — From Existing Theories to the ATIR Framework

Dynamic Capability Theory Complex Adaptive Systems Institutional Economics Realist IPE Liberal IPE / GVC Theory

↓ ATIR Framework (6 Pillars | Interaction Effects | Institutional Mediation) ↓

Trade Resilience Policy Insights Future Research Agenda

9.5 Boundary Conditions

No theoretical framework applies universally, and transparently acknowledging scope limits strengthens rather than 

weakens a contribution. The ATIR framework is most applicable in contexts where: (a) the economy participates 

meaningfully in international trade and is therefore exposed to the forces of fragmentation and technological disrup

tion; (b) AI adoption and institutional change are relevant drivers of trade performance, which excludes economies 

where trade outcomes are determined primarily by commodity price cycles, conflict, or external occupation; and (c) 

comparable data are available to compute the six pillar scores, which currently limits full application to economies 

with adequate statistical reporting infrastructure. The framework is less applicable to closed or semi-closed 

economies, to sectors insulated from AI disruption (e.g., certain extractive industries), and to time horizons shorter 

than two to three years, as dynamic capabilities require time to develop and exert measurable effects. Future research 

should test whether the six-pillar structure holds in these excluded contexts or whether alternative specifications 

are needed.

9.6 Why This Contribution Matters Now

The ATIR framework arrives at a moment when three converging disruptions—AI deployment, Geo-economic 

fragmentation, and trade finance transformation—are outpacing the analytical tools available to study them. The 

existing theoretical toolkit treats these forces in isolation, producing partial insights that cannot guide integrated 

policy responses. By synthesizing dynamic capability theory, CAS, institutional economics, and IPE into a single 

empirically validated framework, ATIR opens a research agenda centered on a deceptively simple question: under 

what institutional conditions do technological capabilities translate into trade resilience, and under what conditions 

do they fail to do so? This question is timely because the window for shaping the institutional architecture of AI-
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enabled trade is narrowing. Standards, regulations, and governance mechanisms are being established now; without 

theoretically grounded analytical frameworks, these decisions risk embedding inequities and inefficiencies that will 

be costly to correct.

For trade policy scholarship, ATIR offers a structured approach to evaluating whether national adaptation strategies 

are balanced across technological, financial, and institutional dimensions—or whether they over-index on any 

single pillar at the expense of systemic resilience. For practitioners, the framework provides a diagnostic tool with 

immediate policy relevance. For the field as a whole, the contribution is both integrative and generative: it unifies 

fragmented theoretical conversations while producing testable propositions that can drive empirical research for 

years to come.

10. Conclusion

The global trade system is being reshaped by forces that demand new analytical frameworks capable of capturing 

the interplay between technological innovation, geopolitical fragmentation, and financial transformation. This paper 

has introduced the Adaptive Trade Intelligence and Resilience (ATIR) framework as a comprehensive, empirically 

validated model for understanding and guiding trade adaptation in this challenging environment. Grounded in 

dynamic capability theory, complex adaptive systems, institutional economics, and realist IPE, and validated through 

a PRISMA-compliant systematic literature review and PCA across 42 economies, the ATIR framework offers both 

analytical rigor and practical relevance.

The empirical analysis yields three principal findings with significant implications. First, AI capability is the most 

powerful individual predictor of trade adaptation, but its effects are maximized when combined with financial 

innovation—the AI x Financial Innovation interaction effect (beta=0.42) exceeds the sum of individual pillar effects. 

This synergy suggests that technology and finance policies should be co-designed rather than developed in isolation. 

Second, the rapid acceleration of technology fragmentation (89% increase since 2018) poses the most acute challenge 

to the multilateral trading system, as it cascades into trade and financial fragmentation through supply chain 

disruption and payment system divergence. Third, the ATIR index reveals a pronounced adaptation gap between 

advanced and developing economies that, if unaddressed, risks creating a ‘trade resilience divide’ that mirrors and 

reinforces existing digital and economic inequalities.

The ATIR framework’s value lies not only in its diagnostic capability but in its prescriptive implications. By 

identifying the specific pillars and pillar interactions that drive trade resilience, the framework enables targeted 

policy interventions that maximize adaptive returns on limited resources. For advanced economies, the priority is 

leveraging ATIR leadership to shape global governance frameworks. For emerging economies, the priority is identi

fying and exploiting leverage points where targeted investments yield disproportionate returns. For the international 

community, the priority is ensuring that adaptation is inclusive, sustainable, and resilient—principles that the ATIR 

framework embeds in its architectural design. As the global trade system continues to evolve, the ATIR framework 

provides a rigorous foundation for navigating the intersection of artificial intelligence, Geo-economic fragmentation, 

and trade finance transformation.
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