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Abstract: Customs authorities face mounting pressure to manage cross-border risks while tariff 

schedules fluctuate unpredictably. This study examines how artificial intelligence can strengthen 

customs risk management and enhance trade resilience under tariff volatility. A mixed-method 

design combines a conceptual framework with quantitative simulation using historical customs 

declaration records and tariff change events. The artificial intelligence pipeline includes data 

preprocessing, feature engineering, ensemble learning, and risk scoring. Three models are 

compared: logistic regression, random forest, and gradient boosting. Evaluation focuses on 

detection accuracy, precision, recall, area under the curve, clearance time, compliance cost, and risk 

interception rate. Results show that the gradient boosting model achieves the highest detection 

accuracy at 92.4%, with an area under the curve of 0.95. Under high tariff fluctuation, the artificial 

intelligence-assisted scenario reduces average clearance time by 24.0% and compliance costs by 19.0% 

compared with the baseline. The fully automated scenario achieves the strongest operational gains, 

reducing clearance time by 31.0% and compliance costs by 24.0% while raising the risk interception 

rate to 88.0%, but requires robust governance safeguards. Sensitivity analysis reveals that model 

performance remains stable when tariff volatility increases, although false positives rise modestly. 

The discussion highlights that artificial intelligence supports customs agencies through predictive 

targeting, resource allocation, and adaptive compliance monitoring. However, data quality, 

algorithmic transparency, and cross-border coordination remain critical constraints. The conclusion 

recommends phased implementation, human-in-the-loop oversight, and international data 

standards. These findings suggest that artificial intelligence-driven customs risk management can 

improve cross-border trade resilience under tariff fluctuations, but its benefits depend on 

institutional readiness and ethical safeguards. The study offers a practical roadmap for customs 

modernization and trade facilitation. 
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1. Introduction 

1.1. Background and Context 

The contemporary global trading environment is characterized by recurrent and 

often abrupt tariff adjustments, which fundamentally reconfigure the risk landscape 

confronting customs authorities [1, 2]. These fluctuations alter the incentive structures for 

non-compliance, rendering traditional rule-based screening methods increasingly 

inadequate for maintaining both clearance velocity and regulatory integrity [3]. Cross-

border supply chains demand agile, data-driven risk assessment capable of adapting to 

shifting tariff regimes without sacrificing operational efficiency [4]. Concurrently, the 

proliferation of heterogeneous customs data—ranging from shipment manifests and trade 

declarations to historical audit outcomes—creates both a challenge and an opportunity. 

Artificial intelligence, particularly machine learning and predictive analytics, offers novel 
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capabilities for synthesizing these disparate data streams and anticipating non-compliant 

behavior under conditions of heightened tariff uncertainty [5, 6]. 

1.2. Problem Statement and Research Objectives 

Existing customs risk management architectures remain predominantly rule-based 

and retrospective, limiting their capacity to absorb rapid tariff schedule adjustments. Such 

rigidity produces misallocated inspection resources, revenue erosion, and supply chain 

friction precisely when volatility intensifies [7]. The core research problem therefore 

concerns how artificial intelligence can dynamically recalibrate risk scores in response to 

shifting tariff regimes, thereby sustaining legitimate trade flows without compromising 

enforcement integrity [8]. This study pursues three objectives: first, to design an AI-driven 

risk management framework capable of continuous adaptation; second, to evaluate its 

predictive performance against conventional static models; and third, to assess trade 

resilience outcomes across low, medium, and high tariff fluctuation scenarios. 

1.3. Scope and Significance 

The scope of this study is confined to customs declaration data, tariff change events, 

and cross-border trade metrics, integrating a conceptual model with quantitative 

simulation and scenario analysis [9]. Its significance is twofold. For customs agencies, it 

offers a data-driven framework to reconcile trade facilitation with enforcement rigor 

under volatile tariff regimes. For academic and policy discourse, it advances the 

governance of artificial intelligence in public administration and contributes to the 

broader understanding of international trade resilience [10]. By simulating tariff 

fluctuation scenarios, the study provides actionable insights for adaptive risk 

management without prescribing jurisdiction-specific regulatory reforms [2]. 

2. Literature Review 

2.1. AI Applications in Customs and Border Management 

The application of artificial intelligence within customs and border management has 

evolved from rule-based screening toward adaptive, data-driven risk assessment [11, 12]. 

Contemporary systems integrate declaration histories, trader profiles, cargo routing 

patterns, and harmonized tariff codes to generate probabilistic risk scores that prioritize 

inspection queues and post-clearance audit targets [7]. Ensemble learning architectures, 

which combine multiple classifiers, have demonstrated superior robustness over single-

model approaches in detecting anomalous shipments and misclassification of goods [4]. 

Nevertheless, persistent obstacles constrain operational deployment, including 

fragmented data ecosystems across jurisdictions, concept drift as trade patterns and tariff 

structures shift, and the limited explainability of complex models for regulatory 

accountability [10]. 

2.2. Tariff Volatility and Cross-Border Trade Resilience 

Tariff volatility transmits uncertainty through import cost structures, supply chain 

routing decisions, and trader compliance incentives, thereby complicating revenue 

forecasting and border control planning [2]. Cross-border trade resilience in this context 

denotes the capacity of customs systems to absorb tariff shocks without inducing 

excessive clearance delays, procedural ambiguity, or regulatory leakage [1]. Empirical and 

conceptual scholarship increasingly links adaptive risk management to enhanced border 

fluidity under fluctuating tariff regimes. Dynamic risk engines that recalibrate selectivity 

criteria in near real time enable customs authorities to preserve control intensity while 

accommodating shifting trade patterns [7]. Consequently, tariff uncertainty is framed not 

merely as a fiscal disturbance but as a systemic stressor demanding responsive, 

intelligence-driven operational architectures. 

2.3. Conceptual Framework for AI-Driven Risk Management 

Figure 1 delineates the operational logic of the proposed framework. Tariff 

fluctuations act as exogenous shocks that simultaneously reconfigure data inputs and 

directly strain trade resilience outcomes. Within this dynamic, the AI risk engine 
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processes heterogeneous customs and market signals through feature extraction and 

ensemble learning to generate calibrated risk scores [7, 11]. These scores inform customs 

interventions, including targeting and inspection, which in turn shape clearance time, 

compliance cost, and risk interception. Critically, the framework incorporates a feedback 

loop whereby observed resilience outcomes retrain the AI risk engine, enabling adaptive 

recalibration under evolving tariff regimes [3]. 

 

Figure 1. Conceptual Framework Linking AI Risk Management, Tariff Volatility, and Trade 

Resilience 

3. Materials and Methods 

3.1. Research Design and Data Sources 

The research design adopts a mixed-method architecture that integrates conceptual 

risk modeling with quantitative simulation to evaluate the resilience of cross-border trade 

under tariff fluctuations. The empirical foundation draws on a multi-source dataset 

spanning 2019 to 2024, comprising anonymized customs declarations, tariff change events, 

trader attributes, and shipment characteristics. These heterogeneous records were 

harmonized through a structured preprocessing pipeline addressing missing values, 

feature normalization, class imbalance, and temporal ordering to preserve the sequential 

integrity of trade flows [3]. As illustrated in Figure 2, the relationship between data 

ingestion and subsequent stages establishes a linear yet iterative workflow, wherein raw 

customs records are first cleaned and transformed into discriminative features before 

being partitioned into temporally coherent training, validation, and test sets. The figure 

further clarifies that model training feeds directly into hyperparameter tuning, which 

generates calibrated risk scores for downstream evaluation. Notably, the evaluation stage 

loops back to hyperparameter tuning, enabling iterative optimization cycles that refine 

model performance under shifting tariff regimes. This closed-loop design culminates in 

sensitivity analysis, which assesses the robustness of risk predictions against 

perturbations in tariff-related inputs and trader behavioral patterns. 
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Figure 2. Research Design and Data Processing Flow for AI-Driven Customs Risk Management 

3.2. AI Model Architecture and Risk Scoring 

The supervised learning pipeline was constructed around three complementary 

classifiers to balance interpretability and predictive capacity [4, 10]. Logistic regression 

served as the transparent baseline, estimating linear associations between engineered 

features and non-compliance outcomes. Random forest extended this framework by 

capturing nonlinear interactions and heterogeneous threshold effects among shipment 

attributes. Gradient boosting further refined discrimination through sequential residual 

correction, optimizing area under the receiver operating characteristic curve. Feature 

inputs included tariff change frequency, historical compliance rate, shipment value 

volatility, origin-destination risk indices, and product category sensitivity scores. All 

continuous variables were standardized, while categorical origin-destination pairs were 

encoded using target-based schemes to prevent leakage. Model outputs were calibrated 

probability scores mapped to inspection priority tiers and clearance channel assignments, 

enabling differentiated intervention intensity under fluctuating tariff regimes. 

3.3. Experimental Setup and Evaluation Metrics 

The experimental framework was constructed to evaluate both predictive accuracy 

and operational utility under varying tariff volatility regimes. As detailed in Table 1, the 

dataset comprises 120,000 customs declarations spanning 2019 to 2024, partitioned into 

70% training, 15% validation, and 15% test subsets. Tariff volatility was simulated at three 

levels using a volatility index of 0.15 for low, 0.35 for medium, and 0.62 for high conditions. 

The gradient boosting model was configured with a learning rate of 0.05, maximum depth 

of 6, and 300 trees. Classification performance was assessed through accuracy, defined as 

correctly classified declarations divided by total declarations, alongside precision, recall, 

F1-score, and area under the receiver operating characteristic curve, which ranges from 0 

to 1. Operational metrics captured practical impact: clearance time reduction and 

compliance cost reduction were measured as percentage decreases relative to baseline, 

while risk interception rate quantified true high-risk declarations intercepted divided by 
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all high-risk declarations. These complementary metrics ensure that model selection 

balances statistical discrimination with tangible customs administration benefits [1, 6]. 

Table 1. Experimental Parameters and Evaluation Metrics for AI Customs Risk Models 

Parameter or Metric Value or Definition Unit or Range 

Dataset size 120,000 customs declarations count 

Time period 2019-2024 years 

Tariff volatility index 
0.15 for low, 0.35 for medium, 0.62 

for high 
index 

Train-validation-test split 70/15/15 percentage 

Gradient boosting learning rate 0.05 numeric 

Gradient boosting max depth 6 numeric 

Gradient boosting number of trees 300 count 

Evaluation accuracy 
correctly classified declarations 

divided by total declarations 
percentage 

Evaluation AUC 
area under receiver operating 

characteristic curve 
0 to 1 

Clearance time reduction 
percentage decrease relative to 

baseline 
percentage 

Compliance cost reduction 
percentage decrease relative to 

baseline 
percentage 

Risk interception rate 

true high-risk declarations 

intercepted divided by all high-

risk declarations 

percentage 

4. Results 

4.1. Predictive Performance of AI Risk Models 

The comparative evaluation of the three classification models reveals a clear 

performance hierarchy across all standard metrics. As detailed in Table 2, gradient 

boosting achieved the highest aggregate performance, with an accuracy of 92.4%, 

precision of 90.8%, recall of 89.3%, and an F1-score of 90.0%. The area under the curve 

(AUC) for this model reached 0.95, indicating excellent discriminative capacity between 

compliant and high-risk shipments. Random forest demonstrated intermediate 

performance, attaining an accuracy of 88.7% and an AUC of 0.91, while logistic regression, 

serving as the baseline, recorded the lowest values across all indicators, including an 

accuracy of 82.3% and an F1-score of 78.1%. The superior performance of gradient 

boosting can be attributed to its sequential ensemble learning architecture, which 

iteratively corrects residual errors and captures complex, non-linear interactions among 

customs declaration variables that simpler linear models fail to detect. 

Table 2. Classification Performance of AI Models for Customs Risk Detection 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC 

Logistic 

Regression 
82.3 79.5 76.8 78.1 0.86 

Random 

Forest 
88.7 86.2 84.9 85.5 0.91 

Gradient 

Boosting 
92.4 90.8 89.3 90.0 0.95 

The temporal dynamics of model performance further substantiate the robustness of 

the AI-driven approach. As illustrated in Figure 3, the monthly detection accuracy 

exhibited a steady upward trajectory, rising from 82.5% in January 2023 to 93.1% by 

December 2024. Concurrently, the false positive rate declined from 11.6% to 4.5% over the 
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same period. The convergence of these two trends—improving detection accuracy 

alongside declining false positives—indicates that the model was not merely becoming 

more sensitive but was genuinely refining its decision boundary. A slight plateau after 

month 18 suggests diminishing marginal returns from additional training data, implying 

that the model approached its practical performance ceiling under the current feature set 

and tariff fluctuation regime. 

 

Figure 3. Monthly Detection Accuracy and False Positive Rate of the AI Customs Risk Model 

4.2. Impact of Tariff Fluctuations on Trade Resilience 

The differential impact of tariff volatility on trade resilience reveals a consistent and 

widening performance gap between conventional and AI-driven risk management 

approaches. As illustrated in Figure 4, which reports the trade resilience index for all nine 

scenario-by-volatility combinations, the baseline scenario exhibits marked sensitivity to 

escalating tariff fluctuations, declining from a resilience index of 68 under low volatility 

to 61 under medium volatility and further to 52 under high volatility. This progressive 

erosion underscores the structural vulnerability of rule-based screening systems when 

confronted with rapidly shifting tariff regimes and the associated surge in classification 

uncertainty. 

 

Figure 4. Trade Resilience Index Across AI Scenarios and Tariff Volatility Levels 
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In contrast, both AI-assisted and fully automated scenarios demonstrate 

substantially greater stability across volatility conditions. Under low volatility, the AI-

assisted configuration achieves a resilience index of 79, representing an 11-point 

improvement over the baseline, while the fully automated scenario reaches 84. The 

performance differential becomes more pronounced as volatility intensifies. Under 

medium volatility, the AI-assisted scenario maintains a resilience index of 76, a 15-point 

advantage over the baseline, while the fully automated scenario records 82. The most 

striking divergence emerges under high volatility, where the AI-assisted scenario attains 

71 index points—a 19-point gain over the baseline—and the fully automated scenario 

reaches 79, yielding a 27-point differential. These results indicate that machine learning-

driven risk assessment, with its capacity for real-time tariff data integration and adaptive 

anomaly detection, effectively mitigates the disruptive effects of tariff instability on cross-

border trade flows. 

4.3. Scenario Analysis and Sensitivity 

Scenario outcomes were evaluated across the three tariff volatility regimes in order 

to isolate the marginal contribution of AI-enabled customs risk management under 

progressively destabilized trade conditions. Table 3 reports the four configurations that 

constitute this comparison, spanning baseline operations, AI-assisted screening and fully 

automated clearance; the complete scenario grid, including all nine scenario-by-volatility 

combinations, is reported in Figure 4. The baseline configuration—characterized by 

manual inspection protocols and low tariff volatility—recorded no clearance time or 

compliance cost reduction, with a risk interception rate of 72.0%. The introduction of AI-

assisted screening under medium volatility yielded an 18.0% reduction in clearance time 

and a 14.0% reduction in compliance costs, while the risk interception rate improved to 

81.0%. Under high tariff volatility, the AI-assisted scenario demonstrated adaptive 

capacity, with clearance time reduction rising to 24.0% and compliance cost reduction 

reaching 19.0%, accompanied by an interception rate of 84.0%. The fully automated 

scenario, also evaluated under high volatility, achieved the strongest operational gains: a 

31.0% clearance time reduction, a 24.0% compliance cost reduction, and an 88.0% risk 

interception rate. These results indicate that automation intensity correlates positively 

with trade resilience, although the fully automated configuration presupposes robust 

algorithmic governance and auditability mechanisms. Sensitivity analysis further 

revealed that model accuracy remained stable as tariff volatility increased, with only a 

modest elevation in false positive rates. This suggests that the predictive architecture 

maintains discriminative capacity under distributional shift, but that threshold 

recalibration may be warranted to balance interception yield against legitimate trade 

facilitation. 

Table 3. Scenario-Based Trade Resilience Metrics under Tariff Volatility 

Scenario 
Tariff Volatility 

Level 

Clearance Time 

Reduction (%) 

Compliance Cost 

Reduction (%) 

Risk 

Interception 

Rate (%) 

Baseline Low 0 0 72.0 

AI-Assisted Medium 18.0 14.0 81.0 

AI-Assisted High 24.0 19.0 84.0 

Fully 

Automated 
High 31.0 24.0 88.0 

Note. Table 3 reports the four scenario configurations used to isolate the marginal contribution of 

automation intensity, namely baseline operations under low volatility, AI-assisted screening under 

medium and high volatility, and fully automated clearance under high volatility. Figure 4 reports 

the trade resilience index for all nine scenario-by-volatility combinations. 
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5. Discussion 

5.1. Interpretation of AI-Driven Customs Risk Management 

The empirical findings affirm that ensemble learning architectures, particularly 

gradient boosting frameworks, offer a substantive advancement in customs risk detection 

under conditions of tariff volatility [8]. The capacity of these models to sustain predictive 

accuracy while simultaneously reducing false positive rates carries direct operational 

significance, enabling customs authorities to reallocate inspection resources toward 

genuinely high-risk consignments rather than dissipating capacity on spurious alerts. This 

recalibration of enforcement intensity supports the dual mandate of trade facilitation and 

regulatory control, as legitimate traders experience fewer procedural delays while illicit 

or non-compliant flows face heightened scrutiny [4, 10]. However, the observed 

performance gains are not intrinsic to algorithmic sophistication alone; they remain 

contingent upon the quality of transactional data, the relevance of engineered features, 

and the temporal alignment between model training and prevailing tariff schedules. As 

tariff policies shift, feature distributions drift, and models that are not retrained promptly 

risk encoding obsolete decision boundaries. Consequently, the operationalization of AI-

driven risk management should be conceptualized as a continuous socio-technical cycle 

rather than a one-time deployment, wherein institutional mechanisms for data 

governance, feature monitoring, and adaptive retraining are as critical as the predictive 

model itself. 

5.2. Policy and Operational Implications 

The operational implications of AI-driven risk management extend beyond technical 

deployment to the fundamental redesign of customs clearance architectures [12]. As 

illustrated in Figure 5, the AI Risk Engine does not function in isolation but operates 

within a recursive feedback loop connecting tariff policy dynamics, operational execution, 

and resilience outcomes. This integrative structure enables customs authorities to 

implement differentiated clearance channels calibrated to real-time risk scores, directing 

low-risk consignments toward expedited release while routing high-risk shipments to 

intensified inspection or post-clearance audit. Such risk-based selectivity reduces port 

congestion and compliance costs for legitimate traders, particularly during periods of 

tariff volatility when classification disputes and valuation uncertainties proliferate. 

 

Figure 5. Integrative Feedback Loop for AI-Enabled Customs Risk Management and Trade 

Resilience 

The feedback mechanism depicted in Figure 5 further reveals how trade resilience 

outcomes inform subsequent iterations of the AI Risk Engine, allowing the system to 

adapt its predictive models in response to observed clearance performance, enforcement 

yields, and emerging circumvention patterns. Governance and data quality function as a 



Artificial Intelligence and Digital Technology 

 

 178 Vol. 3 No. 1 (2026) 

 

moderating layer across all connections, underscoring that algorithmic recommendations 

must remain subject to human-in-the-loop review, auditability standards, and cross-

border data interoperability protocols [10]. Policymakers should therefore pursue phased 

adoption pathways that begin with decision-support functions before progressing toward 

automated clearance determinations, ensuring that accountability mechanisms and 

regulatory frameworks mature alongside technical capabilities. Cross-border data 

standards and mutual recognition agreements become essential enablers, as fragmented 

information environments undermine the predictive validity of AI models and erode trust 

among trading partners. 

5.3. Limitations and Future Research 

Several limitations temper the generalizability of the findings. The reliance on 

simulated and historical trade data, while enabling controlled experimentation, may not 

fully capture the velocity and complexity of real-time tariff shocks or the influence of 

unobserved political economy factors that shape customs enforcement behavior. 

Consequently, the model’s performance under abrupt, politically motivated trade 

disruptions remains uncertain. Future research should incorporate streaming 

administrative data and real-time policy feeds to improve responsiveness. 

Methodologically, the integration of explainable artificial intelligence techniques is 

essential to enhance interpretability for customs officials and to satisfy regulatory 

accountability requirements [12]. Moreover, expanding empirical validation to multi-

country customs datasets would allow for comparative analysis across heterogeneous 

tariff regimes and institutional capacities [9]. Longitudinal field experiments, conducted 

in partnership with customs authorities, are particularly needed to assess operational 

impacts, including potential unintended consequences such as over-targeting of low-risk 

traders, administrative burden, or trade diversion toward less regulated entry points. 

Such evidence would clarify whether algorithmic risk management enhances resilience or 

inadvertently distorts legitimate trade flows. 

6. Conclusion 

6.1. Summary of Findings 

The empirical results confirm that artificial intelligence-driven customs risk 

management substantially improves both predictive accuracy and operational resilience 

under tariff fluctuations. Among the evaluated classifiers, gradient boosting delivered the 

highest classification performance, outperforming alternative models in distinguishing 

high-risk consignments from compliant trade flows. Scenario simulations further 

demonstrated that AI-assisted and fully automated customs procedures reduce clearance 

time, lower compliance costs, and increase risk interception rates relative to conventional 

manual screening. These gains are most pronounced under conditions of high tariff 

volatility, where adaptive learning mechanisms enable customs authorities to respond 

more rapidly to shifting trade patterns and emerging evasion strategies. However, the 

analysis also identified a persistent trade-off: elevated false positive rates in automated 

screening can impose unnecessary administrative burdens on legitimate traders. 

Continuous calibration, human oversight, and threshold optimization therefore remain 

essential to sustaining the net benefits of intelligent risk management systems. 

6.2. Practical Recommendations 

Customs agencies should adopt a phased implementation strategy that begins with 

decision support systems capable of augmenting, rather than replacing, human judgment 

in tariff classification and risk scoring. Early-stage deployment should prioritize anomaly 

detection and post-clearance audit support, where algorithmic outputs inform but do not 

determine regulatory action. As institutional confidence and technical capacity mature, 

agencies may progress toward higher degrees of automation in low-risk transaction 

processing. Concurrent investment in interoperable data infrastructure, model 

governance frameworks, and continuous staff training is indispensable for sustaining 
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system reliability and regulatory legitimacy. Furthermore, international cooperation on 

harmonized data standards and algorithmic transparency protocols can mitigate 

fragmentation across jurisdictions, reduce compliance burdens for legitimate traders, and 

foster reciprocal trust between customs authorities and the trading community. Such 

collaborative governance is essential for maintaining resilient cross-border trade under 

volatile tariff conditions. 

6.3. Future Outlook 

Emerging architectures for customs risk management are likely to integrate real-time 

tariff feeds, graph-based analytics, and federated learning protocols that permit cross-

border model training without exposing sensitive commercial data. These advances could 

substantially improve the speed and precision of risk segmentation under volatile trade 

policy conditions, enabling administrations to anticipate compliance shifts rather than 

merely react to them. However, such capabilities also raise unresolved questions 

concerning data privacy, jurisdictional sovereignty, and algorithmic accountability, 

particularly when automated decisions affect legitimate traders. Realizing the resilience 

benefits of these technologies will therefore require continued interdisciplinary research 

that aligns artificial intelligence innovation with inclusive, transparent, and sustainable 

trade facilitation. Future governance frameworks must evolve in parallel with technical 

systems to ensure that efficiency gains do not erode procedural fairness or equitable access 

to global markets. 
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