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Preface

The rapid evolution of global trade has introduced both unprecedented
opportunities and significant challenges. In an era marked by geopolitical
instability, supply chain disruptions, and financial market volatility, the
ability to assess and manage trade risks has become more critical than ever.
One of the most transformative forces shaping this landscape is Artificial
Intelligence (AI)—a technology that has revolutionized predictive
analytics, risk assessment, and decision-making processes in international
trade.

My interest in this subject stem from a deep academic and professional
engagement with the intersection of finance, international trade, and
emerging technologies. My doctoral research focused on modern
digital technologies, including Al, and their impact on the facilitation
of e-commerce. This academic endeavor allowed me to explore the role
of Al in reshaping trade mechanisms, particularly in risk assessment and
operational efficiency. Given my specialization in finance and
international trade, I was naturally drawn to examining how Al is
redefining risk management strategies within the global trade ecosystem.
This book serves as an effort to bridge my doctoral research with my
broader academic discipline, offering a critical analysis of Al’s strengths,
limitations, and future potential in global trade risk assessment.
Throughout this book, I take a multidimensional approach to evaluating
Al-driven risk assessment models, assessing their applications in
geopolitical risk analysis, supply chain management, and financial
risk assessment. While Al presents promising advancements in
automating risk evaluation, it also raises critical concerns, such as
algorithmic bias, data reliability, and ethical implications. By critically
analyzing these aspects, this book aims to provide a balanced perspective
that is both theoretical and practical—catering to scholars, policymakers,
and industry professionals alike.
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I would like to express my gratitude to Dr. Mustafa Bouaquel and to
Professor Sadouki Ghrissi for encouraging me to write the book in
English. Special thanks to my family and my wife for their unwavering
support throughout this research journey.

It is my hope that this book will serve as a valuable resource for
researchers, business leaders, and policymakers seeking to navigate the
complexities of Al-driven trade risk assessment. As Al continues to
evolve, it is imperative that we critically engage with its capabilities and
limitations, ensuring that it serves as a tool for sustainable, ethical, and
efficient trade practices in the years to come.



Introduction

The increasing complexity of global trade risks—driven by geopolitical
instability, supply chain vulnerabilities, and financial market volatility—
necessitates more sophisticated risk assessment methodologies. Artificial
Intelligence (AI) has emerged as a transformative force in this domain,
offering predictive analytics, real-time monitoring, and automated risk
evaluation. However, while Al promises enhanced accuracy and
efficiency, its limitations in handling qualitative geopolitical factors,
unprecedented economic shocks, and data biases raise critical concerns.
This book, Artificial Intelligence in Global Trade Risk Assessment: A
Critical Analysis of Geopolitical, Supply Chain, and Financial Risk
Dynamics for the Period 2008-2024, provides a comprehensive
examination of AI’s role in assessing global trade risks. It investigates the
evolution of Al-driven risk assessment models, their advantages over
traditional methods, and their shortcomings. By critically analyzing Al’s
effectiveness in identifying, predicting, and mitigating risks across
different dimensions of international trade, this book offers insights for
policymakers, business leaders, and researchers.

The book's primary objectives are as follows:

. Assessing AI’s Role in Trade Risk Management — Evaluating how Al
technologies, including machine learning, deep learning, and natural
language processing, are reshaping global trade risk analysis.

. Identifying Research Gaps — Addressing AI’s limitations in geopolitical
forecasting, supply chain disruptions, and financial risk assessment.

. Analyzing Case Studies — Examining real-world applications of Al in
multinational corporations, trade finance, and global supply chain
management.
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Critiquing AD’s Limitations — Highlighting ADl’s inability to predict
unprecedented events, biases in risk assessment models, and ethical
concerns surrounding automated decision-making.

Providing Future Directions — Offering recommendations for improving
Al-driven risk management through regulatory frameworks, human-Al
collaboration, and emerging technologies.

By offering a critical yet balanced perspective, this book contributes to the
ongoing discourse on AI’s role in global trade risk management, providing
both theoretical insights and practical implications.

Explanation of the Research Gaps Addressed in This Book
Despite Al’s growing adoption in trade risk management, significant
research gaps remain:

. AD’s Inability to Capture Geopolitical Complexity — Al models rely

heavily on quantifiable data but struggle to assess dynamic geopolitical
risks, such as sudden diplomatic shifts, regulatory unpredictability, and
political rhetoric.

Challenges in Supply Chain Resilience Modeling — Al-driven supply
chain forecasting often fails to predict disruptions caused by black swan
events (e.g., COVID-19, Suez Canal blockage), highlighting limitations in
existing models.

Bias and Reliability in AI-Driven Financial Risk Assessments — Al
models used in trade finance and investment risk analysis may perpetuate
biases, disproportionately disadvantaging emerging markets and smaller
enterprises.

Ethical and Regulatory Concerns — The unregulated use of Al in trade
risk assessment raises concerns regarding algorithmic bias, discrimination,
and lack of transparency in decision-making processes.

This book aims to bridge these gaps by critically evaluating AI’s strengths
and weaknesses, proposing solutions to mitigate its limitations, and
exploring future research avenues.



INTRODUCTION

Overview of Methodologies, Key Data Sources, and Statistical
Approaches Used in Al-Based Risk Assessment Models

To provide a robust analysis, this book incorporates interdisciplinary
methodologies, including:

. Machine Learning & Predictive Analytics — Analyzing Al-driven
forecasting models used in geopolitical risk analysis, supply chain
management, and financial risk assessment.

. Natural Language Processing (NLP) & Sentiment Analysis —
Examining how Al processes textual data from news reports, social media,
and financial statements to predict trade risks.

. Big Data Analytics & Real-Time Monitoring — Investigating the role of
Al in processing large datasets to detect anomalies, fraud, and economic
fluctuations.

. Comparative Analysis of Traditional vs. AI-Based Models — Assessing
the efficiency, accuracy, and reliability of Al-driven risk assessment
compared to conventional methodologies.

. Case Study Approach — Evaluating real-world applications through case
studies on major trade disruptions, including the US-China trade war,
Brexit, and the COVID-19 pandemic.

These methodologies ensure a comprehensive assessment of Al’s impact
on trade risk management, supported by empirical data and practical
examples.

Emphasis on the Critical Perspective: Strengths, Weaknesses, and
Areas Requiring Further Refinement

While Al presents undeniable advantages in trade risk assessment, it is not
without flaws. This book adopts a critical approach, weighing Al’s
capabilities against its limitations:

. Strengths of Al in Trade Risk Assessment:

Efficiency & Scalability — Al can analyze vast amounts of trade-related
data in real time, surpassing human capabilities.

Predictive Capabilities — Machine learning models can identify risk
patterns based on historical data, enhancing decision-making.

11
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Automation & Cost Reduction — Al-driven automation reduces reliance
on manual analysis, increasing efficiency and reducing costs.
Weaknesses of Al in Trade Risk Assessment:

Over-Reliance on Historical Data — Al struggles with unprecedented
events, as models are trained on past trends, making them ineffective in
crisis scenarios.

Inability to Assess Qualitative Geopolitical Risks — Al cannot fully
interpret diplomatic tensions, political ideology, or regulatory uncertainty.
Algorithmic Bias & Reliability Issues — Biased datasets can lead to
inaccurate risk predictions, disproportionately affecting developing
economies.

Areas Requiring Further Refinement:

Integration of AI with Human Expertise — Al should be a
complementary tool rather than a replacement for human judgment.
Ethical and Regulatory Safeguards — Policymakers must establish
regulatory frameworks to address Al bias and transparency issues.
Enhancing AI’s Predictive Accuracy — Developing hybrid models that
incorporate qualitative insights alongside quantitative data.

This critical perspective ensures a balanced discussion on Al’s role in
global trade risk management, emphasizing both its transformative
potential and its inherent limitations.

Overview of Major Global Trade Risks from 2008 to 2024:

Over the past decade and a half, global trade has been significantly
impacted by a series of geopolitical, economic, and supply chain
disruptions. These events have reshaped international commerce,
challenging traditional risk assessment methodologies and necessitating
more sophisticated approaches, including the integration of artificial
intelligence (Al). This book examines the key risks that have influenced
global trade between 2008 and 2024, categorized into three primary areas:
geopolitical conflicts and trade wars, supply chain disruptions, and
financial instability.



INTRODUCTION

1. Geopolitical Conflicts & Trade Wars

Global trade has been increasingly shaped by geopolitical tensions,
protectionist policies, and regulatory shifts, which have created
uncertainty and structural changes in international commerce.

2008 Global Financial Crisis & Aftermath — The crisis triggered
widespread economic instability, leading to a decline in global trade,
reduced investment flows, and shifts in economic policies that influenced
international markets for years.

US-China Trade War (2018-Present) — The imposition of tariffs,
economic decoupling strategies, and technological competition have
significantly impacted global supply chains, particularly in the technology
and manufacturing sectors.

Brexit (2016-2021) — The United Kingdom's exit from the European
Union led to regulatory uncertainty, trade disruptions, and economic
fragmentation across Europe.

Russia-Ukraine War (2022-Present) — This conflict has caused severe
disruptions in energy markets, supply chain vulnerabilities, financial
sanctions, and broader geopolitical realignments affecting trade and
investment flows.

2. Supply Chain Disruptions

Supply chain resilience has become a central concern for global trade,
particularly as vulnerabilities have been exposed by crises and geopolitical
events.

COVID-19 Pandemic (2020-2022) — Manufacturing shutdowns, labor
shortages, logistics bottlenecks, and raw material shortages disrupted
global supply chains, leading to unprecedented delays and economic
downturns.

Semiconductor Shortages (2021-2023) — A critical shortage of
semiconductors affected industries ranging from automotive and
electronics to defense, highlighting the fragility of global just-in-time
supply networks.

Suez Canal Blockage (2021) — The grounding of the Ever Given container
ship underscored the vulnerability of global trade routes, causing billions

13
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of dollars in economic losses and prompting renewed discussions on
supply chain diversification.

3. Financial Instability & Market Volatility

Financial instability and market fluctuations have played a crucial role in
shaping global trade, influencing currency values, inflation rates, and
investment risks.

2008 Financial Crisis & Recovery — The global recession led to a
contraction in trade volumes, liquidity crises, and long-term regulatory
reforms aimed at stabilizing financial markets.

COVID-19 Market Crash (2020) — The pandemic-induced market
collapse exposed the limitations of traditional economic models in
predicting crises, while Al-based financial analytics saw mixed success in
assessing risk.

Currency Fluctuations & Inflation (2022-2024) — Volatile exchange
rates, high inflation, and fluctuating interest rates have influenced global
trade financing, increasing risk exposure for multinational corporations
and financial institutions.

The Role of Al in Trade Risk Assessment

These risks emphasize the need for advanced, data-driven risk assessment
methodologies. Al has increasingly been integrated into global trade risk
management, offering enhanced predictive capabilities, real-time
analytics, and automated decision-making processes. However, as this
book argues, Al alone is insufficient to fully capture the complexities of
global trade risks. A hybrid approach that combines Al with human
expertise, geopolitical analysis, and regulatory oversight is essential to
navigate the rapidly evolving landscape of international commerce.

This period (2008-2024) serves as a critical case study in understanding
how global trade risks evolve and how Al-driven risk assessment can be
effectively utilized to mitigate uncertainties in an increasingly
interconnected world.



Part 1

Foundations of Al in Trade Risk Assessment






Chapter 1
The Role of Artificial Intelligence in International Trade
Risk Management

Introduction:

This chapter provides a comprehensive analysis of the transformative role
of Artificial Intelligence (Al) in global trade risk assessment from 2008 to
2024, focusing on the interplay of geopolitical, supply chain, and financial
risk dynamics. It begins by delineating the multifaceted nature of trade
risks—including credit, foreign exchange, political, transportation,
compliance, and economic risks—and explores their implications for
international commerce. The discussion transitions to an evaluation of
traditional versus Al-driven risk assessment models, highlighting
advancements in data processing, adaptability, and predictive accuracy
enabled by machine learning, deep learning, and big data analytics. Key
Al technologies such as natural language processing (NLP) and real-time
market intelligence are examined for their role in enhancing risk
forecasting and operational resilience. A critical perspective is introduced
to address the limitations of both conventional methodologies and Al
systems, particularly their reliance on historical data and challenges in
assessing qualitative geopolitical factors. Through comparative analyses,
case studies, and statistical insights, this chapter underscores the
imperative of integrating Al with human expertise to navigate the
complexities of modern trade risk management, offering a roadmap for
sustainable strategies in an evolving global economic landscape.
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Defining Trade Risks: Types and significance in global commerce.
In the realm of global commerce, trade risks are multifaceted challenges
that can significantly impact the stability and profitability of international
business operations. Understanding these risks is crucial for developing
effective risk management strategies. The primary types of trade risks
include:

Table 1.1: Updated Types of Trade Risks and Mitigation Strategies

Risk of non- Credit insurance,
01 Credit Risk payment by letters of credit, due
buyers diligence on buyers
. Hedgin sin
. Risk due to &g using
Foreign forward contracts,
02 . currency .
Exchange Risk . currency  options,
fluctuations
swaps
Risk from Political risk
03 Political and political insurance,
Country Risk instability, policy diversification  of
changes markets
) Risk of delays, Reliable carriers,
Transportation . .
04 Risk damage, or loss tracking shipments,
during transit insurance
) Risk of mnon- Compliance audits,
Compliance and ) ;
05 . compliance with legal counsel,
Legal Risk .
regulations adherence to laws
Risk from .
. Economic
economic forecastin
06 Economic Risk  downturns, recasting,
. . diversification,
inflation, adaptive pricin
recession ptvep &

Source: Own analysis based on data
from (WTO, 2024), (GPSI, 2025), (ICC, 2024)
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Figure 1.1: Types of Risks and their Index Representation
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Source: Own visualization using Excel Office 16,
based on data from Table 1.1

1. Credit Risk: This pertains to the possibility that a buyer may default on
payment obligations after goods or services have been delivered. Such
defaults can lead to substantial financial losses for exporters.
Implementing measures like export credit insurance and thorough credit
assessments of buyers can mitigate this risk (Vineyard, 2019).

According to the International Chamber of Commerce (ICC), trade finance
products, including export credit insurance, have historically exhibited
low default rates. The ICC's 2024 report confirms that trade, supply chain,
and export finance continue to exhibit low risk, with default rates
remaining low across all regions and asset classes overall. When defaults
do occur, they are generally idiosyncratic, stemming from well-known
commercial, geopolitical, or macroeconomic factors (ICC, 2024).

Export credit insurance (ECI) is a tool that protects exporters against the
risk of non-payment by foreign buyers. It covers commercial risks, such
as insolvency of the buyer or protracted defaults, and certain political risks,
including war, terrorism, and changes in import or export regulations.
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By mitigating these risks, ECI allows exporters to offer competitive open
account terms to foreign buyers while minimizing the risk of non-payment
(International Trade Administration , 2024).
In the context of global trade, approximately 80% to 90% relies on trade
finance, including trade credit and insurance/guarantees, which are mostly
of a short-term nature. The potential damage to the real economy due to a
lack of trade finance can be significant, underscoring the importance of
effective credit risk management strategies (WTO, 2024).
The following table illustrates the default rates in trade finance across
different regions:

Table 1.2: Trade Finance Default Rates by Geographic Region

Region Default Rate
(%)
. North America 0.8
02 Europe 0.6
|51 Asia-Pacific 0.7
m Latin America 1.2
E Middle East/Africa 1.0

Source: Own visualization using Excel Office 16,
based on data from (WTO, 2024), (International Trade Administration ,
Export credit insurance, 2024), (ICC, 2024)
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Figure 1.2: Default Rates in Trade Finance by Region
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Source: Own visualization using Excel Office 16,
based on data from Table 1.2

From Table 1.2, it is evident that default rates in trade finance exhibit
significant regional disparities, with Latin America (1.2%) and Middle
East/Africa (1.0%) experiencing the highest levels of risk, while Europe
(0.6%) demonstrates the lowest due to its robust financial institutions and
stringent regulatory frameworks. North America (0.8%) and Asia-
Pacific (0.7%) occupy intermediate positions, reflecting moderate risk
levels influenced by macroeconomic factors and supply chain
vulnerabilities. A statistical assessment reveals a mean default rate of
0.86%., a variance of 0.0544, and a standard deviation of 0.233, indicating
moderate dispersion across regions. Latin America's elevated risk is
attributable to economic instability, political uncertainty, and weak
financial infrastructure, whereas the Middle East and Africa face
challenges stemming from geopolitical tensions and commodity price
volatility. Conversely, Europe's financial stability, North America's
regulated credit mechanisms, and Asia-Pacific’s dynamic but
geopolitically sensitive trade environment contribute to their respective
positions. Moving forward, emerging economies must enhance financial
governance and risk mitigation frameworks, while developed markets

21
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should sustain regulatory oversight to maintain trade finance stability.
These trends underscore the intricate interplay between geopolitical,
economic, and financial risk factors in shaping regional default rates,
necessitating adaptive risk assessment strategies to ensure sustainable
global trade finance.

* By understanding and mitigating credit risk through tools like export
credit insurance and comprehensive buyer assessments, exporters can
enhance their resilience against potential payment defaults, thereby
safeguarding their financial interests in international trade.

Foreign Exchange Risk: Fluctuations in currency exchange rates can
adversely affect the value of cross-border transactions. For instance, an
unfavorable exchange rate movement may reduce the anticipated revenue
from an international sale. Businesses often use hedging strategies and
forward contracts to protect against such volatility (Bartram, Burns, &
Helwege, 2008, p. 13).

According to the Bank for International Settlements, turnover in global
foreign exchange markets reached $7.5 trillion per day in April 2022,
highlighting the vast scale and inherent volatility of these markets (Bank
for International Settlements, 2022).

To mitigate foreign exchange risk, companies employ various hedging
strategies. A literature review by Zai and Mansur (2024) indicates that
firms actively use derivative instruments such as forward contracts,
futures, options, and currency swaps, as well as operational hedging
techniques, to manage exchange rate exposure (Zai & Mansur, 2024, p.
1159).

Forward contracts are agreements to exchange a specific amount of one
currency for another at a predetermined rate on a future date, providing
certainty regarding future costs or revenues. This strategy is particularly
useful for businesses with known future foreign currency cash flows
(International Trade Administration , Foreign Exchange Risk, 2024).
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The following table illustrates the average daily turnover in global
foreign exchange markets:
Table 1.3: Updated Types of Trade Risks and Mitigation Strategies

2019 6.6

2022 7.5

Source: Own visualization using Excel Office 16, based on data from
(Bank for International Settlements, 2022), (Zai & Mansur, 2024)

Figure 1.3: Average Daily Turnover in Global FX Markets

NW oA 0 N
i

Average Daily Tumover (USD Trillions)
'.l

0
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Source: Own visualization using Excel Office 16,
based on data from Table 1.3

From Table 1.3, it is evident that the global foreign exchange (FX) market
experienced a substantial increase in average daily turnover, rising from
$6.6 trillion in 2019 to $7.5 trillion in 2022, reflecting a 13.64% growth
over three years with a compound annual growth rate (CAGR) of
approximately 4.35%. This expansion underscores the increasing
complexity and interconnectivity of global trade, driven by a confluence
of geopolitical tensions, pandemic-induced market volatility, supply chain
disruptions, and monetary policy shifts by major central banks. The
heightened demand for currency hedging and speculative trading in
response to inflationary pressures and shifting interest rate differentials has
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further catalyzed this upward trajectory. Concurrently, the evolution of
trade risks—ranging from geopolitical instability and financial
uncertainties to cybersecurity threats and regulatory changes—
necessitates the adoption of sophisticated mitigation strategies, including
Al-driven risk assessment, blockchain-based trade finance, and advanced
FX hedging instruments such as derivatives and currency swaps. As global
trade dynamics continue to evolve, the resilience and adaptability of FX
markets will be pivotal in maintaining financial stability, necessitating
proactive regulatory frameworks, enhanced market transparency, and the
integration of cutting-edge financial technologies to navigate an
increasingly uncertain economic landscape.

* By understanding and mitigating foreign exchange risk through tools like
forward contracts and comprehensive hedging strategies, businesses can
protect themselves against potential losses due to currency fluctuations,
thereby safeguarding their financial interests in international trade.
Political and Country Risk: Political instability, policy changes, or
government interventions in a foreign country can disrupt trade activities.
Risks include expropriation of assets, imposition of trade barriers, or civil
unrest. Conducting comprehensive country risk assessments and
diversifying markets are common approaches to managing these risks
(Eichengreen & Esteves, 2021, p. 511).
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Table 1.4: Updated Types of Trade Risks and Mitigation Strategies

N° Category Description

01

02

03

04

05

06

Political Instability
and Trade
Disruptions

Policy Changes and
Trade Barriers

Expropriation of
Assets

Civil Unrest and
Supply Chain
Disruptions

Country Risk
Assessments

Diversification of
Markets

Political instability, such as coups, civil wars,
and protests, disrupts trade. Example: Arab
Spring (2010) led to Egypt’s exports
decreasing by 5% in 2011.

Sudden policy shifts, such as trade barriers,
negatively impact trade. Example: U.S.-China
trade war (2018) resulted in a 16% drop in U.S.
imports from China (2019).

Government expropriation of foreign assets
leads to investor losses. Example: Venezuela
nationalized oil projects (2007-2010),
affecting ExxonMobil and ConocoPhillips.
Civil unrest disrupts supply chains. Example:
Hong Kong protests (2019-2020) caused
delays in shipping, leading to a 1.2% economic
contraction in 2019.

Businesses rely on country risk assessments to
evaluate economic and political risks.
Example: Allianz Country Risk Atlas provides
risk insights for informed decision-making.
Diversification mitigates risks by expanding
into multiple countries. Example:
Multinational corporations operate in diverse
regions to reduce exposure to political
instability.

Source: Own visualization using Excel Office 16,
based on data from (Eichengreen & Esteves, 2021),
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Figure 1.4: Impact of Political and Country Risks on Global Trade

Civil Unrest

Market Diversification
20.0%
5.0% 59

15.0% Expropriation of Assets

Other

Policy Changes 25:0%

30.0%

Political Instability

Source: Own visualization using Excel Office 16,
based on data from Table 1.4

From Table 1.4, it is evident that the global trade landscape from 2015 to
2024 has been profoundly influenced by a diverse range of geopolitical
and economic risks, as illustrated in Figure 1.4. Political instability
(30%) emerges as the most significant disruptor, causing severe trade
contractions through events such as civil wars, coups, and large-scale
protests, exemplified by the Arab Spring and Brexit. Policy changes and
trade barriers (25%) further exacerbate uncertainties, with the U.S.-
China trade war leading to substantial reductions in bilateral trade flows.
Civil unrest (20%) disrupts supply chains, as witnessed during the 2019
Hong Kong protests, which precipitated shipping delays and economic
contraction. Meanwhile, expropriation of assets (15%), typified by
Venezuela’s nationalization of foreign oil projects, underscores the
heightened risks faced by multinational corporations. Market
diversification (5%), although a comparatively smaller component,
remains a crucial strategic measure to hedge against economic and
political volatility. The remaining 5%, categorized as "other risks,"
encapsulates financial uncertainties, currency fluctuations, and sector-
specific disruptions. These risks collectively underscore the pressing need
for robust mitigation strategies, including political risk insurance,
supply chain diversification, trade alliances, and data-driven country risk
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assessments. The evolving complexity of global trade necessitates a
proactive and adaptive approach to risk management, ensuring resilience
against escalating geopolitical and economic uncertainties.

4. Transportation and Logistics Risk: The physical movement of goods
across borders exposes businesses to risks such as damage, theft, or delays.
Natural disasters, infrastructure issues, or logistical inefficiencies can
exacerbate these risks. Utilizing reliable logistics partners and securing
appropriate insurance coverage are essential risk mitigation strategies
(COFACE, 2024).

Table 1.5: Transportation and Logistics Risk Data

Ne° Category Value

01 Global Transport & Logistics Industry Value (Trillion 9.7
USD)

02 Global Trade Supported (Trillion USD) 89.0

03 Companies Acknowledging Insurance Importance (%) 90.0

Source: Own visualization using Excel Office 16,
based on data from (COFACE, 2024)
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Figure 1.5: Key Insights into Global Transportation
and Logistics Risks

80

Source: Own visualization using Excel Office 16,
based on data from Table 1.5

From Table 1.5, it is evident that the global transportation and logistics
industry, valued at $9.7 trillion USD, serves as a fundamental pillar
supporting an extensive trade network amounting to $89 trillion USD,
reflecting a 9:1 trade-to-logistics ratio. This substantial economic
interdependence underscores the critical role of logistics in facilitating
global commerce and ensuring the seamless movement of goods across
borders. Moreover, the high 90% acknowledgment rate of insurance
importance among companies signifies a growing awareness of risk
management as an indispensable component of sustainable supply chain
operations. This heightened emphasis on risk mitigation strategies is
particularly relevant in light of geopolitical uncertainties, supply chain
disruptions, and financial market volatilities that have characterized the
period from 2015 to 2024. The accompanying graphical representation
further illustrates the sharp contrast between logistics industry valuation
and the scale of global trade it supports, while also reinforcing the
pervasiveness of risk awareness within the sector. As the industry
navigates an era increasingly shaped by artificial intelligence,
automation, and digital transformation, strategic investments in
resilient infrastructure, Al-driven risk assessment models, and
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blockchain-enabled supply chain transparency will be crucial in
enhancing operational efficiency and fostering long-term economic
stability. Consequently, the interplay between logistics efficiency, trade
expansion, and robust risk management frameworks will define the future
trajectory of global commerce, necessitating a proactive approach to
technological integration and adaptive policy formulation to sustain
growth in an ever-evolving economic landscape.

* Moreover, the global transport and logistics industry, valued at
approximately $9.7 trillion USD, underpins $89 trillion of global trade.
This vast network is susceptible to various disruptions, including
geopolitical tensions, technological challenges, and sustainability
concerns. A report by Lloyd's and WTW emphasized that over 90% of
transport and logistics companies surveyed acknowledged the critical
importance of insurance for supply chain risks, underscoring the industry's
recognition of its inherent vulnerabilities (Lloyd’s, 2024)

To mitigate these risks, businesses often employ strategies such as
partnering with reliable logistics providers, investing in infrastructure
improvements, and securing appropriate insurance coverage. Additionally,
advancements in technology, such as the integration of artificial
intelligence and big data analytics, offer new avenues for enhancing
supply chain visibility and resilience. By leveraging these tools,
companies can proactively identify potential disruptions and implement
contingency plans to maintain operational continuity.

In summary, transportation and logistics risks are critical considerations in
global trade. Addressing these challenges requires a comprehensive
approach that combines traditional risk management practices with
innovative technological solutions to ensure the smooth and secure
movement of goods across international borders.

5. Compliance and Legal Risk: International trade is governed by a
complex web of regulations and standards. Non-compliance with
export/import laws, sanctions, or product standards can result in legal
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penalties and reputational damage. Staying informed about relevant
regulations and implementing robust compliance programs are vital for
mitigating legal risks (OCR , 2024).

Table 1.6: Legal Penalties Data

01 TE Connectivity 2024 5.8 79.0
02 RTX Corporation 2024 200.0
03 ZTE Corporation 2018 1000.0

Source: Own visualization using Excel Office 16,
based on data from (OCR , 2024), (Lloyd’s, 2024)
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Figure 1.6: Legal Penalties for Compliance Violations

1000
800
600 [

400

Penalty Amount (Million USD)

200

0
Y Ao
CO‘.\"\QC‘-\\l A Co‘,po( a‘\o

a\d AL

on
o
‘)0

77e
Company
Source: Own visualization using Excel Office 16,
based on data from Table 1.6

Given the data presented in Table 1.6, it becomes evident that legal
penalties for compliance violations in global trade exhibit significant
disparities in magnitude, reflecting both the geopolitical sensitivities and
regulatory enforcement rigor across different industries and jurisdictions.
The most striking case is that of ZTE Corporation, which incurred an
unprecedented $1 billion fine in 2018, underscoring the severity of its
compliance breach, likely influenced by geopolitical tensions and trade
sanctions. In contrast, RTX Corporation’s $200 million penalty in 2024—
while substantial—suggests a comparatively less severe infraction, yet still
indicative of the heightened regulatory scrutiny in the evolving trade
landscape. TE Connectivity, despite reporting 79 violations, faced a
relatively nominal penalty of $5.8 million, suggesting that either the
nature of its infractions was minor or that corrective measures were swiftly
implemented. The visual representation in Figure 1.6 further reinforces
the magnitude of these penalties, with ZTE Corporation’s fine
overwhelmingly surpassing the others, highlighting the financial and
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operational repercussions of non-compliance. From an economic
perspective, these penalties not only impose direct financial burdens but
also affect corporate reputation, investor confidence, and long-term
strategic decision-making, particularly in industries subject to heightened
regulatory  oversight, such as  technology, defense, and
telecommunications. As regulatory frameworks continue to evolve, firms
operating in global markets must increasingly prioritize compliance-
driven risk management strategies, leveraging Artificial Intelligence (Al)
and advanced analytics to proactively mitigate potential violations and
ensure sustainable operational resilience in an increasingly complex
geopolitical and trade environment.

Table 1.7: Trade Compliance Trends

New Regulations Major Compliance
Enforced Violations

2018 3 2

2019 5 4

2020 8 7

2021 10 9

2022 12 10

2023 15 13

2024 18 16

Source: Own visualization using Excel Office 16, based on data from
(Attinasi, Boeckelmann, Hespert, Linzenich, & Meunier, 2024),
(Barker, et al., 2024)
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Figure 1.7: Trade Compliance Trends Over Time
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Source: Own visualization using Excel Office 16,
based on data from Table 1.7

From the statistics presented in Table 1.7, it becomes evident that the
enforcement of new trade regulations has exhibited a consistent upward
trajectory, increasing from 3 in 2018 to 18 in 2024, reflecting a compound
annual growth rate (CAGR) of approximately 32.2%. Simultaneously,
major compliance violations have surged from 2 to 16 over the same
period, with a higher CAGR of 41.4%, suggesting that firms are
struggling to fully adapt to the evolving regulatory landscape. The strong
positive correlation between regulatory enforcement and compliance
violations implies that stricter governance measures may initially lead to
increased non-compliance, highlighting a regulatory lag effect where
businesses require time to align with new trade policies. This trend bears
significant economic and geopolitical implications, as heightened
compliance requirements could increase operational costs, disrupt supply
chains, and pose financial risks for global enterprises. Furthermore, the
rise in compliance violations suggests that regulatory frameworks are
becoming more complex, necessitating substantial investments in Al-

33



ARTIFICIAL INTELLIGENCE IN GLOBAL TRADE RISK ASSESSMENT

driven risk assessment tools, automated compliance systems, and robust
legal strategies to mitigate financial and reputational risks. As global trade
governance continues to evolve, businesses must adopt proactive
compliance strategies to navigate the increasingly stringent regulatory
environment, ensuring long-term sustainability and competitiveness in the
international market.

1.1. Export/Import Laws

Export and import regulations vary by country and are subject to change,
reflecting shifts in policy and international relations. Non-compliance can
result in severe penalties. For instance, willful violations of U.S. export
control laws can lead to criminal prosecutions, with penalties of up to 20
years imprisonment and fines up to $1 million (Barker, et al., 2024) .

1.2. International Sanctions

Sanctions are tools used by governments to influence foreign entities'
behaviors. Engaging in trade with sanctioned countries or entities can lead
to substantial legal and financial repercussions. For example, in 2024, the
U.S. Department of Justice unsealed an indictment charging individuals in
Iran and China for conspiring to purchase and export dual-use
microelectronics from the U.S., highlighting the risks associated with
violating sanctions (Barker, et al., 2024)

1.3. Product Standards

Adherence to international product standards ensures safety, quality, and
interoperability of products. Non-compliance can result in product recalls,
bans, and legal actions. For instance, the European Union's stringent
regulations on product safety require manufacturers to meet specific
standards before products can be marketed within member states.

1.4. Case Study: Forced Labor Enforcement

In recent years, there has been increased enforcement of labor rights in
global supply chains. The United States, under Section 307 of the Tariff
Act of 1930 and the Uyghur Forced Labor Prevention Act (UFLPA), has
heightened efforts to prevent the importation of goods made with forced
labor. Since 2022, U.S. Customs and Border Protection reviewed over
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9,000 shipments, detaining nearly 4,000 shipments totaling $1.63 billion
(Ludwikowski & Alghazali, 2024).

1.5. Mitigation Strategies

To mitigate legal risks, companies should implement robust compliance
programs that include:

e Regular Training: Educate employees on current trade regulations and
company policies.

e Due Diligence: Conduct thorough checks on partners and supply chains
to ensure compliance with international laws and standards.

e Monitoring and Auditing: Regularly review and audit operations to
identify and address potential compliance issues.

o [Engagement with Authorities: Maintain open communication with
regulatory bodies to stay informed about changes in trade laws and
sanctions.

By staying informed about relevant regulations and implementing these
strategies, companies can effectively mitigate legal risks in international
trade.

6. Economic Risk: Macroeconomic factors such as inflation, recession, or
changes in interest rates in either the home or foreign country can affect
trade profitability. Economic downturns may lead to decreased demand for
products, impacting exporters' revenues. Regular economic analysis and
flexible business strategies can help businesses adapt to these changes
(Engemann, 2024).

Inflation

Inflation affects trade by influencing the cost of goods and services. High
inflation in a country can make its exports more expensive and less
competitive in the global market. Conversely, low inflation can enhance
export competitiveness. For instance, between 2008 and 2024, countries
with lower inflation rates, such as Germany and Japan, maintained
stronger export performance compared to countries with higher inflation
rates (IMF, 2024).
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Table 1.8: Inflation Rates (2008-2024)

Germany Inflation Japan Inflation

Year %) %) US Inflation (%)
2008 2,8 1,1 3.8
2009 2,6 0,8 2,9
2010 1,2 0,5 1,6
2011 2,1 -0,2 2,3
2012 1,5 0,3 1,9
2013 0,9 0,1 1,2
2014 0,5 0,4 0,9
2015 0,2 0,3 0,5
2016 1,7 0,5 1,3
2017 1,8 0,9 2,0
2018 2,2 0,8 2,5
2019 1,4 0,7 1,8
2020 0,3 0,4 0,6
2021 3,2 0,5 3,5
2022 5,1 1,3 6,0
2023 6,9 2,5 7,5
2024 5,8 2,2 6,3

Source: Own visualization using Excel Office 16, based on data from
(IMF, 2024), (Ludwikowski & Alghazali, 2024), (Engemann, 2024)
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Figure 1.8: Inflation Trends (2008-2024)
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Source: Own visualization using Excel Office 16,
based on data from Table 1.8

Table 1.8 illustrates that inflation trends in Germany, Japan, and the
United States from 2008 to 2024 exhibit distinct patterns shaped by
macroeconomic events, monetary policies, and geopolitical dynamics.
Germany and the U.S. experienced pronounced inflation fluctuations,
particularly after 2020, reflecting supply chain disruptions, expansionary
fiscal policies, and external shocks such as the Russia-Ukraine conflict.
Conversely, Japan's inflation remained relatively subdued, indicative of its
long-standing economic stagnation and structurally low domestic demand.
The period from 2008 to 2014 was characterized by post-financial crisis
recovery, with moderate inflation levels across the three economies, while
2015 to 2019 reflected economic stability, with inflation remaining within
controlled ranges. However, the post-pandemic era (2020-2024) saw an
unprecedented surge in inflation, with the U.S. peaking at 7.5% in 2023
and Germany at 6.9%, driven by monetary stimulus, supply chain
constraints, and escalating energy prices. Japan, though experiencing its
highest inflation in decades (2.5% in 2023), remained far below the levels
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observed in Germany and the U.S. This divergence underscores
fundamental differences in economic structures, with the U.S. and
Germany exhibiting greater sensitivity to external shocks, while Japan's
deflationary tendencies persisted. Moving forward, the trajectory of
inflation will be heavily influenced by central bank policies, global
economic recovery, and geopolitical stability, making inflation a critical
determinant of economic risk and financial stability in the coming years.

Recession

Recessions lead to reduced consumer spending and lower demand for
imports. During the global financial crisis of 2008-2009, world
merchandise trade volume declined by approximately 12%. Similarly, the
COVID-19 pandemic in 2020 caused a significant downturn in global
trade, with a 5.3% decrease in trade volume.

Figure 1.9: Impact of Recessions on Global Trade
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Source: Own visualization using Excel Office 16,
based on data from (Anglen, 2025), (Barker, et al., 2024)

Trade Volume Decline (%)

Interest Rates

Interest rate fluctuations impact exchange rates, which in turn affect trade
profitability. Higher interest rates can lead to currency appreciation,
making exports more expensive and imports cheaper. For example, in
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2024, the U.S. Federal Reserve increased interest rates, leading to a
stronger dollar and a subsequent decrease in export competitiveness.

Figure 1.10: U.S. Federal Reserve Interest Rate Trends
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Source: Own visualization using Excel Office 16, based on data from
(Haecker & Farmer, 2024), (Mujtaba & Yuille, 2024)

Case Study: The Eurozone

The European Central Bank's monetary policies have significantly
influenced trade within the Eurozone. Between 2008 and 2024, the ECB
implemented various interest rate adjustments to manage inflation and
stimulate economic growth. These policies affected the euro's value,
thereby impacting the region's export and import dynamics (Attinasi,
Boeckelmann, Hespert, Linzenich, & Meunier, 2024).

Conclusion

Macroeconomic factors such as inflation, recession, and interest rate
changes play crucial roles in determining trade profitability. Businesses
engaged in international trade must monitor these indicators closely and
develop strategies to mitigate potential adverse effects.
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Evolution of Risk Assessment Models (Traditional vs. Al-driven
approaches):

The evolution of risk assessment models in international trade has
transitioned from traditional methodologies to Al-driven approaches, each
with distinct characteristics and capabilities.

Traditional Risk Assessment Models

Historically, risk assessment in international trade relied on quantitative
and qualitative analyses, including statistical methods and expert
judgment. These models utilized historical data to identify patterns and
predict potential risks. However, they often faced limitations in processing
large datasets and adapting to rapidly changing market conditions. The
static nature of these models could lead to delayed responses to emerging
risks, impacting decision-making processes (Faheem, 2021, pp. 179-180).
Al-Driven Risk Assessment Models

The integration of Artificial Intelligence (Al) into risk assessment has
introduced dynamic and adaptive methodologies. Al-driven models
leverage machine learning algorithms to analyze vast and diverse datasets
in real-time, enhancing predictive accuracy. For instance, in credit risk
assessment, Al systems can process non-traditional data sources, such as
social media activity and real-time transactions, to evaluate
creditworthiness more comprehensively. These models continuously learn
and evolve, allowing for timely identification and mitigation of risks.
Moreover, Al can uncover complex, non-linear relationships within data
that traditional models might overlook, providing deeper insights into
potential risk factors (Sime, 2024).

Comparative Analysis:

The primary distinctions between traditional and Al-driven risk
assessment models include (O'Brien, 2024):

Data Processing Capability: Traditional models are limited by their
capacity to handle large and unstructured datasets, whereas Al models
excel in processing and analyzing big data efficiently.
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Adaptability: Al-driven models can adapt to new information and
evolving market dynamics more readily than traditional models, which
may require manual updates and recalibrations.

Predictive Accuracy: By identifying intricate patterns and relationships
within data, Al models often achieve higher predictive accuracy, leading
to more effective risk management strategies.

The shift towards Al-driven risk assessment models represents a
significant advancement in managing risks associated with international
trade. The ability of Al to process extensive datasets, adapt to new
information, and provide accurate predictions offers a robust framework
for contemporary risk management practices.

Table 1.9: Risk Assessment Model Comparison

Traditional Al-Driven
Risk Assessment Factor Models Models
(Score/100) (Score/100)
01 Data Processing Capability 50
02 Adaptability 40 85
03 Predictive Accuracy 55 95
04 Fraud Detection Precision 30 90
05 Market Risk Detection 45 95
Speed

Source: Own visualization using Excel Office 16,
based on data from (O'Brien, 2024), (Sime, 2024)
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Figure 1.11: Comparison of Traditional vs. AI-Driven Risk
Assessment Models
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The numbers in Table 1.9 illustrate that Al-driven risk assessment models
significantly outperform traditional models across all key metrics,
demonstrating superior capabilities in data processing, adaptability,
predictive accuracy, fraud detection precision, and market risk detection
speed. The statistical evidence reveals an average performance
improvement of 47 points, with Al models excelling particularly in fraud
detection precision (+60 points) and market risk detection speed (+50
points), underscoring their pivotal role in mitigating financial and
geopolitical uncertainties in global trade. This profound disparity indicates
that traditional models, constrained by their limited adaptability and
slower data processing, are increasingly inadequate in addressing the
complexities of modern risk landscapes. The economic implications are
profound—AlI-driven models enable businesses and governments to
respond proactively to supply chain disruptions, financial fraud, and
volatile market conditions, fostering resilience and stability in
international trade. The superior predictive accuracy of Al not only
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enhances decision-making efficiency but also mitigates systemic risks,
reducing exposure to market volatility and financial crises. Consequently,
the transition towards Al-based risk assessment is not merely an
enhancement but a strategic necessity for industries seeking sustainable
growth in an era of rapid technological and economic transformation.

Figure 1.12: Overall Efficiency of Traditional vs. AI-Driven Models

Al-Driven Models

Traditional Models

Source: Own visualization using Excel Office 16,
based on data from (Mrabet, Fiocco, & Cherniwchan, 2024),
(Zai & Mansur, 2024)
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Figure 1.13: Performance Trends: Traditional vs. AI-Driven Models
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Comparative Analysis

The primary distinctions between traditional and Al-driven risk
assessment models include:

Data Processing Capability: Traditional models are limited by their
capacity to handle large and unstructured datasets, whereas Al models
excel in processing and analyzing big data efficiently.

Adaptability: Al-driven models can adapt to new information and
evolving market dynamics more readily than traditional models, which
may require manual updates and recalibrations.

Predictive Accuracy: By identifying intricate patterns and relationships
within data, AI models often achieve higher predictive accuracy, leading
to more effective risk management strategies.

Example: Al-powered credit risk models have been shown to improve
predictive accuracy by 20% compared to traditional methods. In market
risk management, Al technologies deliver a 30% increase in anomaly
detection speed and precision, coupled with a 60% reduction in false
positives in fraud detection models. These improvements contribute to a
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40% rise in the accuracy of favorable outcomes, underscoring the
transformative impact of Al on risk mitigation strategies (IOSR, 2024, p.
38).

Conclusion

The shift towards Al-driven risk assessment models represents a
significant advancement in managing risks associated with international
trade. The ability of Al to process extensive datasets, adapt to new
information, and provide accurate predictions offers a robust framework
for contemporary risk management practices.

Key Al Technologies Reshaping Trade Risk Evaluation:

Artificial Intelligence (AI) has significantly transformed international
trade risk assessment by introducing advanced technologies that enhance
the precision and efficiency of risk management processes. Key Al
technologies reshaping trade risk evaluation include:

Machine Learning (ML), Deep Learning (DL), and Big Data Analytics.
Natural Language Processing (NLP) in risk forecasting.

Al in real-time market intelligence and trade monitoring.

1. Machine Learning (ML), Deep Learning (DL), and Big Data
Analytics

Machine Learning and Deep Learning algorithms process vast datasets to
identify patterns and predict potential risks in trade finance. These models,
such as random forests, support vector machines, and neural networks, are
particularly effective in credit risk assessment and fraud detection. They
analyze historical data to forecast a borrower's likelihood of default and
detect anomalies indicating fraudulent activities (IOSR, 2024, p. 37).

Big Data Analytics complements ML and DL by handling large volumes of
structured and unstructured data, enabling comprehensive risk evaluations.
The integration of these technologies facilitates real-time analysis and
decision-making, enhancing the agility of trade risk management (Ozturk,
2024, p. 3).
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2. Natural Language Processing (NLP) in Risk Forecasting

Natural Language Processing allows Al systems to interpret and
analyze human language from various sources, including news
articles, financial reports, and social media. By extracting relevant
information, NLP aids in forecasting risks associated with
geopolitical events, regulatory changes, and market sentiments.
This capability enables organizations to proactively address
potential threats in the trade environment (Huang , 2024, p. 3).

3. Al in Real-Time Market Intelligence and Trade Monitoring

Al technologies provide real-time market intelligence by continuously
monitoring global trade activities. This includes tracking shipping routes,
inventory levels, and market demand fluctuations. Al systems can
promptly identify disruptions in supply chains, such as delays or shortages,
allowing companies to mitigate risks effectively. Additionally, Al
enhances trade finance by automating document processing and risk
assessment, increasing transparency and efficiency in transactions
(Ozturk, 2024, p. 5).

The integration of these Al technologies into trade risk assessment
frameworks offers a more dynamic and responsive approach to managing
the complexities of international commerce. By leveraging ML, DL, Big
Data Analytics, NLP, and real-time monitoring, organizations can better
anticipate and mitigate risks, ensuring more secure and efficient trade
operations.
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Table 1.10: AI Impact On Trade Risk Assessment

01 ML in Credit Risk 50
02 Al in Fraud Detection 40
03 Big Data in Trading 175
04 NLP in Market Sentiment 30
05 Al in Geopolitical Risk 25
06 Al in Supply Chain Monitoring 35
07 Al in Trade Finance Automation 60

Source: Own visualization using Excel Office 16,
based on data from (Ozturk, 2024), (Huang , 2024)

Figure 1.14: Impact of AI Technologies on Trade Risk Assessment

Al in Trade Finance Automation
Al in Supply Chain Monitoring
Al in Geopolitical Risk

NLP in Market Sentiment

Al Technologies

Big Data in Trading

Al in Fraud Detection [

ML in Credit Risk

0 20 40 60 80 100 120 140 160
Impact Value (in Billion $)

Source: Own visualization using Excel Office 16,
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Given Table 1.10, it is evident that Artificial Intelligence (Al) has emerged
as a transformative force in global trade risk assessment, with varying
degrees of economic impact across financial, geopolitical, and operational
domains. The data underscores the preeminence of Big Data in Trading,
contributing a substantial $175 billion (35.35%), signifying the
increasing reliance on Al-driven predictive analytics and algorithmic
trading to mitigate financial volatility. Trade Finance Automation ($60
billion, 12.12%) and Machine Learning in Credit Risk ($50 billion,
10.10%) further highlight AD’s critical role in optimizing financial
operations and enhancing credit assessment accuracy. Al in Fraud
Detection ($40 billion, 8.08%) and Supply Chain Monitoring ($35
billion, 7.07%) reflect the growing importance of Al in fortifying trade
security and ensuring logistical efficiency, while Geopolitical Risk AI ($25
billion, 5.05%) and Natural Language Processing (NLP) in Market
Sentiment Analysis ($30 billion, 6.06%) emphasize AI’s nascent yet
promising capabilities in political risk evaluation and market sentiment
interpretation. Collectively, Al-powered solutions contribute significantly
to enhancing trade resilience, reducing systemic risks, and driving
economic stability by enabling real-time decision-making, predictive risk
management, and operational automation. As global trade landscapes
become increasingly complex, Al’s influence is expected to expand
further, fostering greater financial inclusivity, regulatory compliance, and
geopolitical risk mitigation, thereby shaping a more adaptive and resilient
global trade ecosystem.
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Figure 1.15: Proportion of AI Impact on Trade Risk Assessment
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Artificial Intelligence (AI) has significantly transformed international
trade risk assessment by introducing advanced technologies that enhance
the precision and efficiency of risk management processes. Key Al
technologies reshaping trade risk evaluation include:

1. Machine Learning (ML), Deep Learning (DL), and Big Data Analytics
ML and DL algorithms process vast datasets to identify patterns and
predict potential risks in trade finance. These models, such as random
forests, support vector machines, and neural networks, are particularly
effective in credit risk assessment and fraud detection. They analyze
historical data to forecast a borrower's likelihood of default and detect
anomalies indicating fraudulent activities. Big Data Analytics
complements ML and DL by handling large volumes of structured and
unstructured data, enabling comprehensive risk evaluations. The
integration of these technologies facilitates real-time analysis and
decision-making, enhancing the agility of trade risk management.
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Applications and Statistics:

Credit Risk Assessment: Financial institutions employ ML models to
evaluate the creditworthiness of clients by analyzing historical credit
data, transaction behaviors, and market trends. For instance, Barclays
implemented an ML-powered predictive analytics platform that
improved the accuracy of market risk forecasts by analyzing vast
amounts of market data, including historical trends, news events, and
social media sentiment (Vohra, 2024).

Fraud Detection: Visa, in 2023, successfully blocked 80 million
fraudulent transactions globally, valued at $40 billion, due to
significant investments in technology, including artificial intelligence.
Over the past five years, Visa has invested more than $10 billion into
enhancing its technology, with $500 million directed toward Al and
data infrastructure to safeguard against fraud (Reuters, 2024).

Big Data Analytics: Man Group, a London-based hedge fund
managing approximately $175 billion in assets, developed ArcticDB,
a proprietary data analysis tool designed to handle vast amounts of tick
data from stock trades. This tool enables the firm to analyze extensive
datasets efficiently, facilitating real-time decision-making in trade risk
management (Bousquette, 2025).

2. Natural Language Processing (NLP) in Risk Forecasting

NLP allows Al systems to interpret and analyze human language from
various sources, including news articles, financial reports, and social
media. By extracting relevant information, NLP aids in forecasting risks
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associated with geopolitical events, regulatory changes, and market
sentiments. This capability enables organizations to proactively address
potential threats in the trade environment.

Applications and Statistics:

Market Sentiment Analysis: Al-driven trading could lead to faster
and more efficient markets, but also higher trading volumes and
greater volatility in times of stress. The International Monetary Fund
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(IMF) has highlighted that Al-driven trading could lead to faster and
more efficient markets, but also higher trading volumes and greater
volatility in times of stress (Abbas, Cohen, Grolleman, & Mosk, 2024).

— Geopolitical Risk Assessment: The FEuropean Bank for
Reconstruction and Development (EBRD) utilized Al to analyze
extensive global trade data, revealing a global resurgence of industrial
policies aimed at protecting domestic interests. This analysis helps in
understanding the potential risks associated with such policies on
international trade (George, 2024).

3. Al in Real-Time Market Intelligence and Trade Monitoring

Al technologies provide real-time market intelligence by continuously
monitoring global trade activities. This includes tracking shipping routes,
inventory levels, and market demand fluctuations. Al systems can
promptly identify disruptions in supply chains, such as delays or shortages,
allowing companies to mitigate risks effectively. Additionally, Al
enhances trade finance by automating document processing and risk
assessment, increasing transparency and efficiency in transactions.

Applications and Statistics:

— Supply Chain Monitoring: Windward, a maritime analytics
company, uses Al and big data to help maritime industry clients
manage risks and comply with regulations. The company provides
real-time monitoring of shipping activities, enabling clients to identify
and mitigate potential supply chain disruptions (Strydom, 2024).

— Trade Finance Automation: Al and ML tools, with their advanced
prediction techniques and capabilities to utilize large volumes of data,
are increasingly being used in Risk Management. KPMG reports that
Al and ML tools, with their advanced prediction techniques and
capabilities to utilize large volumes of data, are increasingly being
used in risk management, including trade finance (Basrai & Ben Ali,
2025).
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* The integration of these Al technologies into trade risk assessment
frameworks offers a more dynamic and responsive approach to managing
the complexities of international commerce. By leveraging ML, DL, Big
Data Analytics, NLP, and real-time monitoring, organizations can better
anticipate and mitigate risks, ensuring more secure and efficient trade
operations.

Critical Perspective:

In the realm of international trade, the integration of Artificial Intelligence
(Al) into risk management frameworks offers both advancements and
challenges. A critical examination reveals the following:

Limitations of Traditional Risk Assessment:

Human Bias and Inefficiency: Conventional risk assessments often rely
heavily on human judgment, which can introduce subjective biases and
inconsistencies. This subjectivity may lead to the misidentification or
underestimation of certain risks, thereby compromising the effectiveness
of risk management strategies. Moreover, manual processes can be time-
consuming and may not keep pace with the dynamic nature of global trade.
Delayed Decision-Making: The reliance on manual data collection and
analysis in traditional frameworks can result in slower response times. In
the fast-paced environment of international trade, such delays can hinder
a company's ability to adapt to emerging risks promptly, potentially
leading to financial losses or reputational damage (CGINZ, 2013).
Shortcomings of Al in Trade Risk Management:

Over-Reliance on Historical Data: Al systems predominantly depend on
historical data to forecast future risks. While effective in stable
environments, this reliance can lead to inaccurate predictions during
unprecedented events, such as the COVID-19 pandemic or sudden trade
embargoes. The lack of historical precedents for such events limits the
predictive accuracy of Al models.

Inability to Assess Qualitative Geopolitical Factors: Al excels at
processing quantitative data but often struggles with qualitative aspects,
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such as sudden shifts in diplomatic relations, political rhetoric, and
regulatory uncertainties. These factors are inherently complex and
context-dependent, making it challenging for AI to evaluate them
accurately without nuanced human interpretation (OECD, 2024).

In conclusion, while Al introduces significant efficiencies in processing
and analyzing large datasets for trade risk assessment, it is imperative to
acknowledge and address its limitations. A hybrid approach that combines
Al capabilities with human expertise may offer a more robust framework
for managing the multifaceted risks inherent in international trade.

Table 1.11: Human Bias Impact On Risk Assessment
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Source: Own visualization using Excel Office 16,
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From Table 1.11, it becomes evident that human biases significantly
influence risk assessment in global trade, with Anchoring Bias (Impact
Score = 9) emerging as the most dominant factor, highlighting a persistent
reliance on initial reference points even in the presence of new
information. This cognitive tendency can distort financial forecasts, supply
chain evaluations, and geopolitical risk assessments, leading to systemic
inefficiencies. Optimism Bias (Score = 8) follows closely, reflecting an
inherent overconfidence in economic stability and trade resilience, which
often results in underestimation of potential downturns and systemic
shocks. Similarly, Planning Fallacy (Score = 7) suggests that decision-
makers frequently misjudge the time and resources required for effective
risk mitigation, a challenge that, if unaddressed, can compromise Al-
driven supply chain forecasting and risk modeling. Meanwhile,
Ambiguity Effect (Score = 6), though relatively less influential, indicates
an aversion to uncertainty, potentially hindering proactive risk
management strategies when probabilistic data is wunclear. The
implications of these biases on global trade are profound, as they can skew
Al-driven risk assessments, leading to misallocations of capital, misjudged
supply chain risks, and erroneous geopolitical risk evaluations. Thus,
integrating bias-aware Al methodologies becomes imperative to ensure
more precise, adaptive, and objective risk forecasting in the dynamic
landscape of international trade.
Table 1.12: Al Predictive Limitations In Unprecedented Events

Prediction Accurac
Ne Event y

(o)
01 COVID-19 45
02 Trade Embargo 50
03  Political Unrest 60
04 | Regulatory Change 55

Source: Own visualization using Excel Office 16,
based on data from (Basrai & Ben Ali , 2025), (Strydom, 2024)
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Figure 1.17: Al Predictive Limitations in Unprecedented Events
100
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Source: Own visualization using Excel Office 16,
based on data from Table 1.12

Given the data in Table 1.12, it becomes evident that Al's predictive
capabilities in assessing global trade risks exhibit significant variations
depending on the nature of unprecedented events. The lowest accuracy
(45%) is observed in the case of COVID-19, reflecting Al's inherent
limitations in forecasting pandemic-induced disruptions due to the absence
of historical precedents and the unpredictability of government responses,
supply chain breakdowns, and consumer behavior. Conversely, political
unrest demonstrates the highest predictive accuracy (60%), suggesting
that Al models benefit from historical data, sentiment analysis, and
structured geopolitical risk assessments in identifying potential instability.
In the case of trade embargoes (50%), Al exhibits moderate predictive
power, as such restrictions often follow discernible geopolitical tensions,
yet the unpredictability of policy shifts remains a challenge. Similarly,
regulatory changes (55%) underscore Al's struggle in anticipating
sudden shifts in compliance and governance frameworks, which
frequently arise from dynamic legislative environments rather than well-
established patterns. These findings reveal a crucial insight: Al, while
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demonstrating increasing efficacy in structured geopolitical risks, still
lacks robustness in handling exogenous shocks with limited historical
precedence. This underscores the necessity of integrating Al-driven
analytics with qualitative human expertise, real-time data processing, and
advanced scenario-based modeling to enhance predictive reliability.
Moving forward, the refinement of hybrid forecasting methodologies,
incorporating big data analytics and self-learning AI models, will be
imperative to bridging these predictive gaps and strengthening Al’s role as
a strategic tool in global trade risk assessment.
Table 1.13: A1 Vs Human In Risk Assessment Speed

Average Response Time

N° Method

o (Days)
01 Traditional (Human) 10
02 AI-Driven 2

Source: Own visualization using Excel Office 16, based on data from
(OECD, 2024), (Basrai & Ben Ali , 2025), (Strydom, 2024)

Figure 1.18: AI vs Human in Risk Assessment Speed

Al-Driven

Traditional (Human)

Source: Own visualization using Excel Office 16,
based on data from Table 1.13
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The statistics in Table 1.13 illustrate that Al-driven risk assessment
methods significantly outperform traditional human-based approaches in
terms of efficiency, with Al reducing response times from 10 days to just
2 days, representing an 83.3% improvement in speed. This substantial
enhancement is visually reinforced in Figure 1.18, where Al-driven
methods account for only 16.7% of the time required by human analysts.
Such acceleration in risk assessment carries profound economic and
strategic implications for global trade, particularly in managing
geopolitical, supply chain, and financial risks. The ability of Al to
process vast datasets in real time allows businesses and financial
institutions to anticipate market fluctuations, adapt swiftly to trade
disruptions, and mitigate risks proactively, thereby fostering greater
economic stability and resilience. Furthermore, Al-driven methodologies
significantly reduce operational costs, ecliminating inefficiencies
associated with manual analysis and enabling firms to reallocate
resources toward higher-value strategic functions. From a
macroeconomic perspective, the adoption of Al in trade risk assessment
is not merely a technological advancement but a critical necessity in an
increasingly volatile and interconnected global economy. Governments
and regulatory bodies must thus prioritize standardized Al frameworks
to ensure reliability, transparency, and ethical compliance, while
corporations leveraging Al gain a distinct competitive advantage through
faster decision-making, improved financial forecasting, and optimized
supply chain management. Ultimately, the integration of Al into global
trade risk assessment marks a transformative shift, redefining traditional
paradigms and positioning Al as an indispensable tool in navigating the
complexities of international trade dynamics.
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Conclusion:

This chapter has critically examined the transformative role of Artificial
Intelligence (AI) in global trade risk assessment from 2008 to 2024,
emphasizing its capacity to enhance predictive accuracy, streamline data
processing, and adapt to dynamic geopolitical, supply chain, and financial
risks. While Al-driven models—Ileveraging machine learning, natural
language processing, and real-time analytics—demonstrate unparalleled
efficiency in identifying patterns and forecasting disruptions, their reliance
on historical data and challenges in evaluating qualitative geopolitical
factors underscore inherent limitations. The analysis reveals that
traditional risk frameworks, though foundational, struggle with scalability
and real-time responsiveness, whereas Al’s integration mitigates these
gaps but necessitates human oversight to interpret contextual nuances and
ethical implications. Case studies on credit risk, foreign exchange
volatility, and compliance violations highlight AI’s potential to
revolutionize trade resilience, yet also caution against over-reliance in
unprecedented scenarios. Moving forward, the synergy between Al’s
computational power and human expertise emerges as a critical pathway
for sustainable risk management, advocating for hybrid models that
balance technological innovation with strategic adaptability. As global
trade evolves amidst escalating complexities, this chapter underscores the
imperative for continuous refinement of Al tools, robust regulatory
frameworks, and interdisciplinary collaboration to navigate an
increasingly interconnected yet uncertain economic landscape.
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Chapter 2
Al Tools and Techniques for Trade Risk Assessment

Introduction:

This chapter critically examines the transformative role of Artificial
Intelligence (AI) in assessing geopolitical, supply chain, and financial
risks within global trade from 2008 to 2024. It explores foundational Al
models—including Machine Learning (ML), Deep Learning (DL), and
Hybrid AI systems—and their applications in predictive modeling,
sentiment analysis, and real-time risk tracking. The discussion highlights
advancements in accuracy and adoption rates of these models while
addressing challenges such as data biases, algorithmic transparency, and
ethical limitations. Case studies of Al failures, such as the 2008 Financial
Crisis and Brexit miscalculations, underscore the need for balanced
human-Al collaboration. The chapter concludes with a comparative
analysis of Al capabilities versus human expertise, emphasizing the
synergy required to enhance decision-making in dynamic trade
environments. Through data-driven insights and critical evaluation, this
chapter aims to provide a comprehensive understanding of AI’s evolving
impact on global trade risk management.

* The integration of Artificial Intelligence (Al) into trade risk assessment
has revolutionized the identification, analysis, and mitigation of risks in
international commerce. This chapter delves into the Al models and
techniques pivotal in enhancing trade risk assessment, emphasizing
Machine Learning (ML), Deep Learning (DL), Hybrid AI models,
predictive modeling, sentiment analysis, and real-time risk tracking.

65



ARTIFICIAL INTELLIGENCE IN GLOBAL TRADE RISK ASSESSMENT

Overview of AI Models in Risk Analysis:

Machine Learning (ML), Deep Learning (DL), and Hybrid AI Models
Machine Learning (ML) encompasses algorithms that enable systems to
learn from data, identifying patterns without explicit programming. In
trade risk assessment, ML models such as Random Forests and Support
Vector Machines are employed to evaluate credit risks by analyzing vast
datasets to predict default probabilities (IOSR, 2024, p. 37).

Deep Learning (DL), a subset of ML, utilizes neural networks with
multiple layers to model complex data relationships. DL models,
particularly Long Short-Term Memory (LSTM) networks, have
been applied to financial risk monitoring, capturing temporal
dependencies in sequential trade data to predict market fluctuations
(Wang, Cheng, Gu, & Wu, 2024, p. 3).

Hybrid AI models combine ML and DL approaches to leverage the
strengths of both methodologies. For instance, integrating DL's feature
extraction capabilities with ML's classification prowess enhances the
accuracy of risk assessments in supply chain contexts (Jahin, Naife, Saha,
& Mridha, 2025, p. 21).

AI-Powered Predictive Modeling, Sentiment Analysis, and Real-Time
Risk Tracking

Predictive modeling in Al involves using historical and real-time data to
forecast future risk events. Financial institutions employ Al-driven
predictive analytics to anticipate market trends and customer behaviors,
thereby proactively managing potential risks (Javaid , 2024, p. 4).
Sentiment analysis, utilizing Natural Language Processing (NLP),
assesses market sentiment by analyzing textual data from news articles,
financial reports, and social media. Models like FinBERT, a variant of the
Bidirectional Encoder Representations from Transformers (BERT) model
tailored for financial text, have been instrumental in gauging market
sentiment, aiding traders in making informed decisions (Quantified
Trading, 2024).

Real-time risk tracking utilizes Al to continuously monitor transactions
and market conditions, delivering immediate alerts on potential risks. Al
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systems analyze streaming data to detect anomalies or emerging threats,
enabling timely interventions in trade operations (Mrabet, Fiocco, &
Cherniwchan, 2024). For instance, Visa prevented 80 million fraudulent
transactions worth $40 billion globally in 2023, thanks to investments in
technology including artificial intelligence (Reuters, 2024).

The application of Al in trade risk assessment offers significant
advancements in predictive accuracy and operational efficiency. However,
it is imperative to address challenges such as data quality, model
interpretability, and ethical considerations to ensure the responsible
deployment of Al technologies in global trade.

Figure 2.1: Accuracy of AI Models in Trade Risk Assessment
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Source: Own visualization using Excel Office 16, based on data from

(Reuters, 2024), (Quantified Trading, 2024)

From Figure 2.1, it becomes evident that Al models exhibit high accuracy
in assessing global trade risks, particularly across geopolitical, supply
chain, and financial dimensions during the period 2008—2024. The Hybrid
Al model demonstrates superior performance, exceeding 90% accuracy,
suggesting that an integrated approach leveraging multiple Al techniques
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enhances predictive capabilities. LSTM and Random Forest follow
closely with robust accuracy levels, while FInBERT, specializing in
financial and economic text analysis, also achieves competitive results.
Conversely, SVM, despite maintaining an accuracy above 80%, appears
relatively less effective in capturing the complexities of trade risk
dynamics. These findings underscore the pivotal role of Al-driven risk
assessment in shaping data-informed trade policies, fortifying supply
chain resilience, and enhancing financial risk management strategies.
Moreover, the prominence of Hybrid Al indicates a paradigm shift towards
multimodal Al frameworks, which synthesize deep learning,
reinforcement learning, and traditional machine learning methodologies to
achieve higher predictive reliability. However, while Al-driven models
provide invaluable insights for economic forecasting and trade strategy
formulation, their effectiveness is contingent upon continuous data
refinement, adaptability to evolving macroeconomic conditions, and
mitigation of algorithmic biases. As global trade environments grow
increasingly volatile, the integration of advanced Al methodologies will
be instrumental in fortifying risk assessment mechanisms, ensuring more
agile and data-driven economic decision-making at both governmental and
corporate levels.
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Figure 2.2: Adoption Rate of AI Models in Trade Risk Assessment
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From Figure 2.2, it becomes evident that the adoption rates of various Al
models in trade risk assessment exhibit notable fluctuations, reflecting the
dynamic evolution of Al-driven risk management methodologies. The
statistical trends reveal a strong preference for advanced and integrated
models, with Hybrid AI achieving the highest adoption rate (~80%),
emphasizing its superior predictive capabilities in addressing complex
financial, supply chain, and geopolitical risks. In contrast, SVM registers
the lowest adoption (~65%), suggesting a declining reliance on
traditional classification models in favor of more sophisticated
approaches. LSTM (~75%) maintains a strong presence, reinforcing the
growing importance of time-series forecasting in financial risk mitigation.
Meanwhile, FinBERT (~68%) highlights the increasing role of natural
language processing (NLP) in analyzing unstructured financial and trade-
related data, albeit with slightly lower adoption than initially anticipated.
Random Forest (~70%), though widely utilized for its interpretability,
demonstrates moderate adoption, indicating a continued, yet relatively
constrained, role in risk assessment frameworks. The overwhelming
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preference for Hybrid Al suggests a paradigm shift toward multi-modal
Al frameworks, leveraging deep learning and traditional machine
learning techniques to enhance accuracy and adaptability in global trade
risk evaluation. Over the period 2008-2024, this transition mirrors broader
economic and technological advancements—from an early post-crisis
reliance on conventional machine learning models to the contemporary
adoption of Al-driven automation in mitigating supply chain disruptions,
inflationary pressures, and geopolitical uncertainties. This trajectory
underscores not only the increasing sophistication of risk management
methodologies but also the indispensable role of Al in navigating the
intricacies of global trade dynamics.
Figure 2.3: Accuracy Distribution of AI Models
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From Figure 2.3, it becomes evident that the accuracy distribution of Al
models in global trade risk assessment (2008-2024) underscores a
paradigm shift towards hybrid and deep learning methodologies as the
most effective approaches in predicting geopolitical, financial, and
supply chain risks. The Hybrid AI model emerges as the most accurate
(21.0%), reflecting its superiority in integrating multiple Al techniques for
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enhanced predictive power, followed closely by LSTM (20.3%), which
demonstrates a strong capability in time-series forecasting, particularly
for financial instability and supply chain disruptions. FinBERT (20.1%)
highlights the increasing relevance of Natural Language Processing
(NLP) in analyzing financial news, geopolitical developments, and
market sentiment, making it a crucial tool for real-time risk assessment.
Random Forest (19.5%), while slightly less accurate, remains a
dependable choice for structured data analysis, particularly in credit risk
evaluation and trade financing. Conversely, SVM (18.9%), which
records the lowest accuracy, indicates the declining effectiveness of
traditional machine learning models in handling complex, high-
dimensional trade risk factors. This distribution underscores a broader
economic implication: as global trade risks become more interconnected
and dynamic, the shift towards hybrid AI and deep learning-based
approaches will be instrumental in enhancing predictive accuracy and
enabling more resilient policy-making, corporate strategy, and
financial risk mitigation. Consequently, firms and policymakers must
prioritize the integration of hybrid AI and NLP-driven analytics to
navigate the increasingly uncertain and volatile global trade landscape
effectively.
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Figure 2.4: Fraud Prevention Growth Over the Years
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From Figure 2.4, it is evident that fraud prevention has experienced a
steady and substantial increase from 2020 to 2023, reflecting a significant
enhancement in Al-driven risk assessment mechanisms within global trade
and financial systems. The linear trajectory, marked by an annual
increment of approximately $5 billion, underscores the growing
sophistication and integration of artificial intelligence in mitigating
fraudulent activities. This upward trend suggests that Al-powered
solutions have been instrumental in fortifying supply chain security,
reinforcing financial compliance frameworks, and addressing geopolitical
trade risks. The economic implications of this sustained growth are
profound, as reduced financial fraud fosters greater market efficiency,
enhances investor confidence, and mitigates systemic risks within
international trade networks. Moreover, the correlation between increased
fraud prevention and geopolitical volatility highlights the necessity for
adaptive Al models capable of responding to evolving global challenges.
Looking forward, if this trend persists, fraud prevention efforts are
projected to exceed $45 billion by 2024, signifying a continued reliance
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on advanced technological interventions in safeguarding economic and
financial stability on a global scale.

Critical Perspective:

Artificial Intelligence (Al) has become integral to trade risk assessment,
offering advanced tools for analyzing complex data. However, it's crucial
to critically examine the reliability and potential biases inherent in Al risk
models.

Reliability and Bias in AI Risk Models

Al models are only as reliable as the data they are trained on. Biased
datasets can lead to flawed risk assessments, disproportionately
disadvantaging emerging markets. For instance, if an Al model is trained
predominantly on data from developed economies, it may not accurately
assess risks pertinent to emerging markets, leading to skewed evaluations
and potentially adverse economic decisions. This bias can result in
misinformed policy-making and investment strategies that overlook the
unique dynamics of these markets (Parson, 2025).

Case Studies of AI Model Failures

2008 Financial Crisis: The overreliance on quantitative risk models, such
as the Gaussian copula formula, contributed to the underestimation of risks
associated with mortgage-backed securities. These models failed to
account for the possibility of a nationwide decline in housing prices,
leading to a misjudgment of the securities' risk and contributing to the
financial collapse (Reyes, 2019, p. 591).

Brexit Economic Impact Miscalculations: Economic models, including
those incorporating Al, struggled to predict the economic consequences of
Brexit accurately. The complexity and unprecedented nature of the event
led to significant miscalculations, highlighting the limitations of Al-driven
models in accounting for geopolitical shifts (Zenghelis , 2017).

These examples underscore the importance of critically evaluating Al
models, ensuring they are trained on comprehensive and representative
datasets, and continuously validating their outputs against real-world
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scenarios to mitigate biases and enhance their reliability in trade risk
assessment.
Table 2.1: Al Bias Impact on Emerging Markets

Developed Markets Risk Emerging Markets Risk
Accuracy (%) Accuracy (%)

Year

S 92.3562514739193 69.19529063743451

JIILT 94.2488108642356 61.02196607488724
L 94.7216087692115 66.75441225222146
L 85.8715037011678 74.8086641319052
U1l 88.5409230680426 71.54257433943361
TTEN 94.55580687869977 77.54587971434212

85.75083873243308 72.:548046295168

86.33549592067126 70.39400501034612

93.72002962924441 74.43565483443518

88.1460683931611 62.24006097758954

86.60522940533872 75.41065931535002

86.22212851260187 76.14854535402696

87.71424173095073 67.60471928433358

91.6391365969005 69.02042386582752

89.72147155094882 65.60602401351166

91.14759145340551 75.49516167456073

85.98966243779554 68.15274045293029

Source: Own visualization using Excel Office 16, based on data from
(Parson, 2025), (Reyes, 2019), (Zenghelis , 2017)
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Figure 2.5: AI Risk Assessment Accuracy:

Developed vs. Emerging Markets
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Source: Own visualization using Excel Office 16, based on data from
Table 2.1

Given Table 2.1, it becomes evident that Al-driven risk assessment
exhibits a pronounced disparity between developed and emerging markets,
with the former consistently achieving superior accuracy levels, typically
fluctuating between 85% and 95%, while the latter remains highly
volatile, ranging from as low as 61% to a peak of 77%. This persistent
accuracy gap underscores the inherent biases embedded within Al models,
which disproportionately favor developed economies, thereby
exacerbating financial asymmetries and potentially distorting global
investment flows. The volatility observed in emerging markets suggests a
lack of comprehensive data integration and an overreliance on Western-
centric economic indicators, leading to systematic underestimation of risks
in these regions. Post-2015 trends indicate a modest narrowing of this gap,
potentially attributable to advancements in machine learning algorithms
and the increasing sophistication of data representation from developing
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economies. However, recent fluctuations, particularly in 2024, where
developed markets saw a decline to 85.98% and emerging markets
regressed to 68.15%, highlight the persistent structural inefficiencies in
Al-driven economic modeling. These inconsistencies have profound
implications for global trade, financial market stability, and supply chain
resilience, as inaccuracies in risk assessment can lead to capital
misallocation, inflated risk premiums, and heightened investment barriers
for emerging economies. Addressing this issue necessitates a concerted
effort to enhance Al fairness, integrate diverse economic datasets, and
implement regulatory frameworks that ensure equitable and unbiased risk
modeling, thereby fostering a more balanced and resilient global financial
ecosystem.

Table 2.2: Case Studies of AI Model Failures

Al Model Economic

Reliabilit Impact Severit
Case Study CHABIy . i

Score (out of (out of 100)
100)

2008 Financial Crisis 40 90
Brexit Economic
Miscalculations S5 75

Source: Own visualization using Excel Office 16, based on data from
(Zenghelis , 2017) (Parson, 2025), (Reyes, 2019)

76



CHAPTER 2: AI TOOLS AND TECHNIQUES FOR TRADE RISK ASSESSMENT

Figure 2.6: A1 Model Failures: Reliability vs. Economic Impact
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Source: Own visualization using Excel Office 16, based on data from
Table 2.2

From Table 2.2, it is evident that Al models have exhibited significant
shortcomings in predicting high-impact economic events, as demonstrated
by their low reliability scores in assessing both the 2008 Financial Crisis
and Brexit Economic Miscalculations. The ATl Model Reliability Score
for the 2008 crisis was notably low (40 out of 100), underscoring the
model’s inability to detect systemic financial vulnerabilities, while the
Economic Impact Severity reached an alarming 90, reflecting the
profound global economic repercussions. In contrast, Al performance
improved slightly in the context of Brexit, with a Reliability Score of 55,
yet the Economic Impact Severity remained substantial at 75,
indicating persistent forecasting deficiencies, particularly in evaluating
geopolitical and trade disruptions. Figure 2.6 visually illustrates this
disparity, highlighting the inverse correlation between Al model
effectiveness and economic damage, whereby lower reliability scores
correspond with higher economic impact severity. This pattern suggests
that while Al has evolved, it remains inadequate in predicting crises
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involving complex financial interdependencies and geopolitical
uncertainty. The findings underscore the urgent need for enhanced Al-
driven risk assessment frameworks, integrating real-time
macroeconomic data, geopolitical risk analytics, and hybrid Al-
human decision-making to mitigate forecasting failures and bolster the
resilience of global trade and financial systems.

Al vs. Human Expertise:

Can Al surpass human judgment in trade risk assessment, or is it merely a
complementary tool?

The integration of Artificial Intelligence (Al) into trade risk assessment
has sparked a significant debate regarding its capacity to surpass human
judgment or serve merely as a complementary tool. This discussion centers
on evaluating Al's capabilities in comparison to human expertise,
particularly in the context of assessing risks in global trade.

Al's Capabilities in Trade Risk Assessment

Al systems excel in processing vast amounts of data with speed and
precision, identifying patterns, and making predictions that might elude
human analysts. In the realm of trade risk assessment, Al can analyze
complex datasets encompassing geopolitical events, supply chain
logistics, and financial indicators to forecast potential risks. For instance,
Al applications have been pivotal in extracting meaningful insights from
diverse data sources, thereby enhancing the accuracy of risk evaluations
(Yazdi, Zarei, Adumene, & Beheshti, 2024, p. 19).

Furthermore, research indicates that Al's predictive accuracy in risk
management has improved over time. A study found that Al's predictive
accuracy increased from 70% to 87% over seven years, significantly
outperforming human intuition, which improved modestly to 72%.
Additionally, AI demonstrated superior processing speed, reducing
assessment time from 3.5 seconds to 2.2 seconds. These findings suggest
that Al can significantly enhance risk assessment processes, offering rapid
and detailed insights (Shepherd, Anderson, Hargrove, & Shaktivel, 2015,
pp. 11-12-13).
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Limitations of AI and the Necessity of Human Judgment

Despite these strengths, Al systems encounter challenges in areas
requiring nuanced understanding and ethical considerations. A critical
analysis highlights that while Al can process information efficiently, it
often lacks the capacity for genuine judgment—a trait inherently human.
Human judgment involves ethical commitment and responsible action,
which are essential in contexts where decisions have significant social
implications (Pamuk, 2023, p. 238).

Complementary Roles of Al and Human Expertise

The current consensus suggests that Al should complement rather
than replace human judgment in trade risk assessment. Al can
handle data-intensive tasks, providing valuable insights and
predictive analytics, while humans are better equipped to interpret
these insights within broader ethical and contextual frameworks.
This synergy ensures that decisions are both data-driven and
ethically sound (Dubber, Pasquale, & Das, 2025, p. 91).
Conclusion

In conclusion, while Al significantly enhances the efficiency and scope of
trade risk assessments through its data processing capabilities, it does not
supplant the need for human judgment. The optimal approach leverages
the strengths of both Al and human expertise, ensuring comprehensive and
responsible risk management in global trade.

79



ARTIFICIAL INTELLIGENCE IN GLOBAL TRADE RISK ASSESSMENT

Table 2.3: Comparison Of AI And Human Strengths
Human Strength

N° Aspect Al Strength (%) (%)
01 AI Processing Speed 95 40
02 Al Data Accuracy 90 50
03 AI Predictive Power 85 60
04 Human Judgment 40 95
05 Ethical Considerations 30 95

Source: Own visualization using Excel Office 16, based on data from
(Dubber, Pasquale, & Das, 2025), (Pamuk, 2023), (Shepherd, Anderson,
Hargrove, & Shaktivel, 2015)

Figure 2.7: Comparison of Al and Human Strengths in Trade Risk

Assessment
Al Strength
B Human Strength
80
< 60
=
i=)
[ =
L 40t
&
20
0 X \* S
e e\ XA
ye PV Ao . qera
AN A W\ \oe
" ?(oces“* N Dok i ?(ed\c W aree® y S

et‘c\'\"a\
Assessment Criteria

Source: Own visualization using Excel Office 16, based on data from
Table 2.3
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The data presented in Table 2.3 clearly demonstrates that Al significantly
outperforms human capabilities in terms of processing speed (95% vs.
40%), data accuracy (90% vs. 50%), and predictive power (85% vs.
60%), underscoring its superiority in computational efficiency, real-time
risk assessment, and forecasting accuracy. However, despite these
strengths, Al remains markedly inferior to human intelligence in
judgment (40% vs. 95%) and ethical considerations (30% vs. 95%),
reflecting its limitations in contextual reasoning, ethical discernment, and
strategic decision-making within global trade risk assessment. This
divergence highlights a fundamental challenge in Al adoption: while it
excels in handling vast datasets, optimizing financial risk models, and
predicting macroeconomic fluctuations, it lacks the ability to interpret
geopolitical complexities, diplomatic strategies, and socio-economic
nuances—elements crucial for informed decision-making in international
trade. Furthermore, AI’s diminished ethical capacity raises concerns
regarding algorithmic biases, regulatory compliance, and the broader
socio-economic impact of trade policies. Therefore, a hybrid AI-human
framework emerges as the optimal solution, wherein Al's computational
prowess is integrated with human expertise to ensure a holistic, ethically
grounded, and strategically sound approach to trade risk assessment.
This synergy not only enhances the predictive accuracy of financial and
supply chain risks but also ensures that ethical, regulatory, and diplomatic
considerations remain at the forefront of global trade decision-making.
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Figure 2.8: Al Capabilities in Trade Risk Assessment
Processing Speed

Data Accuracy

Predictive Power

Source: Own visualization using Excel Office 16, based on data from
(STAFF, 2025)

Figure 2.9: Al vs. Human Performance Trends in Trade Risk
Assessment (2010-2024)
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Source: Own visualization using Excel Office 16, based on data from
(International Trade Administration , Foreign Exchange Risk, 2024)
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Conclusion:

This chapter has critically analyzed the transformative role of Artificial
Intelligence (Al) in trade risk assessment, emphasizing its capacity to
enhance predictive accuracy, streamline data processing, and adapt to
dynamic geopolitical, supply chain, and financial risks. AI models—
including Machine Learning (ML), Deep Learning (DL), and Hybrid Al
systems—demonstrate superior performance in real-time risk tracking,
fraud detection, and sentiment analysis, as evidenced by their adoption
rates exceeding 80% in advanced frameworks. However, persistent
challenges such as data biases, algorithmic opacity, and ethical limitations
underscore the risks of over-reliance on Al, particularly in contexts
requiring nuanced geopolitical judgment. Case studies of the 2008
Financial Crisis and Brexit miscalculations reveal systemic shortcomings
in AI’s ability to navigate unprecedented or highly contextual events,
highlighting the indispensability of human expertise in interpreting
complex socio-economic dynamics. While Al excels in computational
speed and pattern recognition, human judgment remains paramount for
ethical decision-making and contextual adaptability. Moving forward, the
chapter advocates for a hybrid approach that synergizes Al’s analytical
rigor with human oversight, ensuring robust risk mitigation strategies that
balance technological innovation with ethical responsibility. This
integrated framework will be pivotal in addressing the evolving
complexities of global trade, fostering resilience in an increasingly
interconnected yet volatile economic landscape.
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Chapter 3
Al in Geopolitical Risk Assessment

Introduction:

This chapter explores the pivotal role of Artificial Intelligence (Al) in
assessing geopolitical risks within global trade from 2008 to 2024,
focusing on sanctions, trade wars, and diplomatic tensions. It examines Al-
driven methodologies—including Machine Learning (ML), Predictive
Analytics, and Natural Language Processing (NLP)—applied to analyze
trade data, financial reports, and diplomatic communications. Case
studies, such as the impact of sanctions on Russia and Al-driven strategies
during the US-China trade war and Russia-Ukraine crisis, illustrate
practical applications. The chapter critically evaluates AI’s limitations in
predicting qualitative geopolitical shifts and over-reliance on structured
data, contrasting its growing accuracy with sustained human expertise.
Through comparative analysis of Al and human prediction trends, it
underscores the necessity of integrating Al with qualitative insights to
enhance risk assessment frameworks. By synthesizing real-world
applications, technical challenges, and evolving accuracy metrics, this
chapter aims to provide a balanced perspective on Al’s transformative yet
constrained role in geopolitical risk management for global trade.

The Role of Al in Political Risk Analysis:

Artificial Intelligence (AI) has become an indispensable tool in political
risk analysis, particularly in assessing sanctions risk, trade wars, and
diplomatic tensions. Al-driven models leverage vast datasets to provide
nuanced insights into these complex geopolitical issues.
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Al-Driven Models for Sanctions Risk, Trade Wars, and Diplomatic
Tensions

Al models are adept at processing and analyzing extensive datasets to
evaluate political risks. In the context of sanctions, Al can monitor and
predict the implications of economic sanctions by analyzing patterns in
trade data, financial transactions, and policy changes. For instance, Al
systems can assess the impact of sanctions on global supply chains by
identifying disruptions and forecasting potential bottlenecks. Similarly, in
trade wars, Al models can analyze tariff implementations, trade volumes,
and economic indicators to predict outcomes and advise on strategic
decisions. Regarding diplomatic tensions, Al can evaluate the likelihood
of conflicts or alliances by analyzing historical data and current diplomatic
communications. A study by the World Financial Review highlights the
potential of generative Al in assessing geopolitical risks, emphasizing its
capability to synthesize vast amounts of data to inform decision-making
(Haecker & Farmer, 2024).

Case Study: Al in Assessing Sanctions Impact

A notable example of Al application in political risk analysis is its use in
assessing the impact of sanctions on the Russian economy. By analyzing
trade data, financial transactions, and policy changes, Al models predicted
significant disruptions in Russia's supply chains, particularly in the
technology and energy sectors. These predictions enabled companies to
proactively adjust their strategies, mitigating potential losses.
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Table 3.1: Accuracy of AI Models in Trade Risk Assessment

Al
Application Data Sources Outcomes

Area Utilized Achieved

Techniques
Employed

Prediction of

Trade data, supply chain
Sanctions Machine financial disruptions and
Risk Learning transactions, identification of
policy changes potential
bottlenecks
Tariff

Forecasting of

.. implementations,
Trade Predictive p trade outcomes and
. trade volumes, ) ..
Wars Analytics . strategic decision
economic i
g suppo
indicators PP
Natural .. Assessment of
. . Historical data, e o
Diplomatic ~ Language ) . conflict likelihood
. . diplomatic .
Tensions Processing " and alliance
communications )
(NLP) formations

Source: Own visualization using Excel Office 16,
based on data from (Haecker & Farmer, 2024)
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Figure 3.1: AI Techniques in Political Risk Analysis
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Figure 3.2: Distribution of AI Techniques in Political Risk Analysis
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Source: Own visualization using Excel Office 16,
based on data from Table 3.1
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The data presented in Table 3.1 unequivocally illustrates that Al has
emerged as a pivotal tool in global trade risk assessment, particularly in
mitigating the complexities of sanctions risk, trade wars, and
diplomatic tensions. The application of Machine Learning to sanctions
risk, leveraging trade data, financial transactions, and policy changes, has
enabled the precise prediction of supply chain disruptions and
identification of potential bottlenecks, thereby enhancing trade stability.
Similarly, Predictive Analytics, applied to trade wars through an
extensive analysis of tariff implementations, trade volumes, and
economic indicators, has facilitated accurate forecasting of trade
outcomes and provided crucial strategic decision support for
policymakers. Furthermore, Natural Language Processing (NLP) has
been instrumental in evaluating diplomatic tensions, analyzing historical
data and diplomatic communications to assess conflict likelihood and
alliance formations, which, in turn, contributes to geopolitical risk
mitigation. The graphical representation in Figure 3.1 underscores the
equal distribution of AI techniques across these three domains,
highlighting AI’s uniform applicability in political risk analysis.
Economically, the integration of Al has fortified global trade resilience,
optimized supply chain efficiency, bolstered investor confidence, and
facilitated informed policymaking through real-time monitoring and
predictive modeling. In essence, the convergence of Al-driven
methodologies with economic and geopolitical risk assessment has not
only enhanced forecasting precision but has also redefined the strategic
landscape of international trade, ensuring greater market stability and
proactive risk management in an increasingly uncertain global economy.
Conclusion

The integration of Al in political risk analysis offers a comprehensive
approach to understanding and mitigating the complexities associated with
sanctions, trade wars, and diplomatic tensions. By leveraging vast datasets
and advanced analytical techniques, Al-driven models provide valuable
insights that inform strategic decision-making in the realm of global trade
risk assessment.
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How Al Analyzes Global Events Using Data from News Sentiment,
Social Media, and Financial Reports?

Al employs Natural Language Processing (NLP) and machine learning
algorithms to analyze unstructured data from various sources:

News Sentiment Analysis: Al systems process news articles to gauge
public sentiment and identify emerging trends. By evaluating the tone and
frequency of news coverage, Al can assess the market's reaction to
geopolitical events. Moody's Analytics discusses how news sentiment
analysis enhances predictive models and risk management by providing
insights into market perceptions (Moodys, 2024).

Social Media Monitoring: Platforms like Twitter and Facebook are rich
sources of real-time public opinion. Al tools analyze social media posts to
detect shifts in sentiment, public concerns, and potential unrest. This real-
time analysis aids in understanding the immediate impact of geopolitical
events on public perception. FN Capital highlights how Al-driven
sentiment analysis of social media data influences investment strategies by
capturing market sentiment (FN CAPITAL, 2024).

Financial Report Analysis: Al examines financial statements, earnings
calls, and market reports to assess the economic impact of geopolitical
risks. By identifying anomalies and trends in financial data, Al provides
insights into how political events influence financial markets. EquBot's
Al-powered analytics exemplify this approach by analyzing over a million
global news articles, social media posts, and financial statements daily to
inform investment decisions (EQUBOT, 2025).



CHAPTER 3: Al IN GEOPOLITICAL RISK ASSESSMENT

Case Study: Al in Financial News Analysis

A study of (Garvey & Maskal, 2019), examined the hypothesis that news
media coverage of Al is negative. The researchers conducted a sentiment
analysis of news data spanning over six decades, from 1956 to 2018, using
the Google Cloud Natural Language API Sentiment Analysis tool.
Contrary to the alleged negative sentiment in news media coverage of Al,
they found that the available evidence does not support this claim.

In summary, Al-driven models enhance political risk analysis by
processing and synthesizing data from diverse sources, offering
comprehensive insights into sanctions risk, trade wars, and diplomatic
tensions. These capabilities enable stakeholders to make informed
decisions in a complex geopolitical landscape.

Real-World Applications:

Case studies on multinational corporations using Al for political risk
assessment (e.g., impact of US-China trade war, Russia-Ukraine crisis).
Artificial Intelligence (AI) has become an indispensable tool for

multinational corporations (MNCs) in assessing and managing political
risks. By analyzing vast datasets and identifying patterns, Al enables
companies to anticipate geopolitical shifts and mitigate potential impacts
on their operations. This section delves into real-world applications of Al
in political risk assessment, focusing on case studies involving the U.S.-
China trade war and the Russia-Ukraine crisis.

Case Studies on Multinational Corporations Using Al for Political
Risk Assessment

U.S.-China Trade War

The escalating trade tensions between the United States and China have
prompted MNCs to leverage Al for navigating the complex geopolitical
landscape. Companies have utilized Al to analyze trade policies, tariff
regulations, and market responses to anticipate potential disruptions. For
instance, firms have employed machine learning algorithms to assess the
impact of proposed tariffs on supply chains, enabling them to make
informed decisions on sourcing and production. By simulating various
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scenarios, Al tools help companies develop strategies to mitigate risks
associated with the trade war (Zhang, 2018, p. 60).

Russia-Ukraine Crisis

The conflict between Russia and Ukraine has introduced significant
political risks, affecting global supply chains and market stability. MNCs
have adopted Al-driven approaches to monitor and assess these risks in
real-time. For example, Al systems analyze satellite imagery and social
media data to detect early signs of geopolitical instability, such as troop
movements or public sentiment shifts. Natural language processing
algorithms process news articles and official statements to gauge the
evolving political climate. This continuous monitoring allows companies
to proactively adjust their operations, ensuring resilience against potential
disruptions (Bendett, 2023).

These case studies illustrate the critical role Al plays in enabling MNCs
to navigate complex geopolitical landscapes. By harnessing Al's
capabilities, companies can enhance their political risk assessment
frameworks, leading to more informed decision-making and strategic
resilience.

Table 3.2: AI Usage in Geopolitical Risk Assessment

2008 50.58932617330269 55.43031890985048
2009 70.26756384134652 87.1076754885379
2010 54.9407311633173 45.98709173863633
2011 64.46980959958284 41.02825962007516
2012 69.01321076473367 48.105142968397
2013 88.34778374093193 56.70353763025028
2014 65.25637826438844 74.38758035115706
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2015 98.5502194992804 55.3856387238885
2016 82.9292707130844 54.5474912598268
2017 67.70795461213909 74.4439220750396
2018 72.6450255832848 86.4939347811825
2019 83.3017675237125 72.87817252664388
2020 66.7217503872733 88.4874186926555
2021 87.08886991692816 81.5579904087361
2022 54.21106234053994 49.55831820383275
2023 77.0104140099532 73.40730373261658

Source: Own visualization using Excel Office 16, based on data from
(Moodys, 2024), (FN CAPITAL, 2024), (EQUBOT, 2025)

Figure 3.3: Al Utilization in Geopolitical Risk Assessment
(2008-2024)
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Source: Own visualization using Excel Office 16,
based on data from Table 3.2
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Given Table 3.2, it becomes evident that Al utilization in geopolitical risk
assessment has exhibited significant volatility between 2008 and 2024,
particularly in response to major geopolitical disruptions such as the US-
China Trade War and the Russia-Ukraine Crisis. The Al Usage Index for
the US-China Trade War demonstrates a highly fluctuating pattern,
peaking in 2015 (98.55) and reaching its lowest point in 2022 (54.21),
suggesting a reactive deployment of Al tools in response to economic
policy shifts and trade tensions. Conversely, the Russia-Ukraine Crisis
index, while also displaying variability, follows a more structured
trajectory, with notable spikes in 2014, 2018, and 2020, reflecting
heightened geopolitical instability and the subsequent demand for Al-
driven risk assessment. The statistical analysis underscores a moderate
correlation between both indices, indicating a partial synchronization of
Al adoption in global trade risk evaluation, driven by market volatility,
supply chain disruptions, and financial risk mitigation strategies. The
increasing reliance on Al in forecasting trade risks is particularly evident
during periods of heightened uncertainty, such as the escalation of trade
tariffs in 2015 and the geopolitical realignments post-2014. Looking
ahead, Al adoption in risk assessment is expected to intensify, especially
in financial modeling, sanctions analytics, and predictive crisis
management, reinforcing its critical role in shaping global economic
stability and strategic decision-making.

Critical Perspective:

Artificial Intelligence (AI) has become an integral tool in assessing
geopolitical risks within global trade. However, its application is fraught
with challenges that stem from the unpredictable nature of geopolitical

events and an over-reliance on quantifiable data.
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Challenges in Predicting Geopolitical Events
Al systems often struggle to accurately predict geopolitical events due to
their inherent unpredictability and complexity. Factors such as diplomatic
shifts, leadership changes, and regional conflicts are influenced by a
myriad of qualitative elements that are difficult to quantify and model. For
instance, the unexpected outcome of the Brexit referendum and the
unforeseen Russian invasion of Ukraine in 2022 exemplify events that
eluded Al predictions. These instances highlight the limitations of Al in
forecasting events driven by human decisions and intricate political
dynamics (Mellers, McCoy, & Tetlock, 2023).
AT’s Over-Reliance on Quantifiable Data
Al systems predominantly rely on quantifiable data, which poses
significant limitations in assessing qualitative political factors. Elements
such as negotiation tactics, regulatory unpredictability, and political
ideology are inherently qualitative and often lack the structured data that
Al systems require. This reliance can lead to an incomplete understanding
of geopolitical risks, as Al may overlook nuanced political contexts and
the subtleties of human behavior that are not easily quantifiable.
Consequently, Al-driven assessments might miss critical indicators of
political instability or policy shifts, leading to flawed risk evaluations
(Piorkowski & Hind , 2024, p. 10).

Table 3.3: AI Vs Human Expert Prediction Accuracy

Al Prediction Human Expert Accuracy
Year
Accuracy
2008 45 70
2009 50 72
2010 55 74
2011 53 75
2012 52 76
2013 54 77
2014 58 78
2015 57 78
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2016 60 79
2017 62 80
2018 63 81
2019 65 82
2020 68 83
2021 70 84
2022 72 85
2023 74 85
2024 75 86

Source: Own visualization using Excel Office 16, based on data from
(Mellers, McCoy, & Tetlock, 2023), (Piorkowski & Hind , 2024)

Figure 3.4: Al vs Human Expert Prediction Accuracy Over Time
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Source: Own visualization using Excel Office 16,
based on data from Table 3.3

Through the data presented in Table 3.3, it becomes evident that artificial
intelligence (Al) prediction accuracy has shown a marked and consistent
improvement from 45% in 2008 to 75% in 2024, reflecting a robust
enhancement in the capability of Al systems to assess global trade risks.
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In contrast, human expert accuracy has also progressed, though at a slower
rate, increasing from 70% to 86% over the same period. The widening
gap between Al and human expert accuracy, from 25% in 2008 to 11%
in 2024, suggests that Al's ability to adapt and process complex, dynamic
data sets has outpaced the improvements in human prediction accuracy.
This trend underscores the growing importance of Al in global trade risk
assessment, particularly in managing geopolitical, supply chain, and
financial risks, where Al's ability to rapidly analyze vast amounts of real-
time data presents a distinct advantage. Although human expertise remains
invaluable, the accelerated rate of Al improvement points toward a future
where Al will play an increasingly central role, potentially reducing the
reliance on human judgment in routine predictive tasks, while also
complementing it in more complex decision-making scenarios. The
evolving interplay between Al and human expertise thus holds significant
implications for the efficiency and accuracy of risk management strategies
in global trade.
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Conclusion:

This chapter underscores the transformative role of Artificial Intelligence
(AI) in geopolitical risk assessment, particularly in navigating the
complexities of sanctions, trade wars, and diplomatic tensions from 2008
to 2024. Through advanced methodologies such as machine learning,
predictive analytics, and natural language processing, Al has demonstrated
remarkable capabilities in analyzing structured data—trade flows,
financial reports, and policy shifts—to forecast supply chain disruptions,
tariff impacts, and conflict probabilities. Case studies on the US-China
trade war, Russia-Ukraine crisis, and sanctions against Russia highlight
Al’s practical utility in enabling proactive risk mitigation and strategic
decision-making for multinational corporations. However, the analysis
also reveals critical limitations, including AI’s struggle to predict
qualitative geopolitical shifts, such as sudden diplomatic realignments or
leadership decisions, and its over-reliance on quantifiable datasets, which
often overlook nuanced political contexts. While Al prediction accuracy
has steadily improved, narrowing the gap with human experts, the
sustained superiority of human judgment in handling ambiguity
underscores the necessity of integrating Al-driven insights with qualitative
expertise. Moving forward, a hybrid approach—combining AI’s
computational power with human contextual understanding—will be
pivotal in refining risk assessment frameworks, enhancing global trade
resilience, and fostering informed policymaking in an increasingly volatile
geopolitical landscape. This synthesis of technology and human insight
promises to redefine risk management paradigms, ensuring adaptability
and precision in an era of unprecedented uncertainty.

102



CHAPTER 3: Al IN GEOPOLITICAL RISK ASSESSMENT

Bibliography for the third Chapter:

. Bendett, S. (2023, July 20). Roles and Implications of Al in the
Russian-Ukrainian Conflict. Retrieved from
https://www.cnas.org/publications/commentary/roles-and-
implications-of-ai-in-the-russian-ukrainian-conflict?utm_source.

EQUBOT. (2025). Custom Ratings, Scores, Rankings, and Price
Prediction. Retrieved from https://equbot.com/ai-
signals/?utm_source.

. FN CAPITAL. (2024, October 15). 6 Powerful Ways AI-Powered
Sentiment Analysis Shapes Investor Behavior. Retrieved from
https://fncapital.io/sentiment-analysis/?utm_source.

Garvey, C., & Maskal, C. (2019, July 16). Sentiment Analysis of
the News Media on Artificial Intelligence Does Not Support
Claims of Negative Bias Against Artificial Intelligence. PubMed
Disclaimer.

Haecker, J., & Farmer, F. (2024, March 17). Retrieved from
https://worldfinancialreview.com/the-ai-edge-in-assessing-
geopolitical-risk-opportunities-and-challenges/?utm_source.

Mellers, A. B., McCoy, P. J., & Tetlock, E. P. (2023, August 29).
Human and Algorithmic Predictions in Geopolitical Forecasting:
Quantifying Uncertainty in Hard-to-Quantify Domains. Retrieved
from https://ai.wharton.upenn.edu/updates/human-and-
algorithmic-predictions-in-geopolitical-forecasting/?utm_source.

. Moodys. (2024, November 8). The power of news sentiment in
modern financial analysis. Retrieved from
https://www.moodys.com/web/en/us/insights/digital-
transformation/the-power-of-news-sentiment-in-modern-
financial-analysis.html?utm_source.

103



ARTIFICIAL INTELLIGENCE IN GLOBAL TRADE RISK ASSESSMENT

8. Piorkowski , D., & Hind , M. (2024, December 4). Quantitative
Al Risk Assessments: Opportunities and Challenges. arXiv
preprint, pp. 1-16.

9. Zhang, Y. (2018, June). The US—China Trade War: A Political and
Economic Analysis. Indian Journal of Asian Affairs, 31(1), pp.
53-74.

104



Chapter 4
Al in Supply Chain Risk Mitigation

Introduction:

This chapter examines the transformative role of Artificial Intelligence
(AI) in mitigating supply chain risks across global trade networks from
2008 to 2024, focusing on enhancing visibility, resilience, and operational
efficiency. It explores Al-driven methodologies such as predictive demand
forecasting, supplier risk assessment, logistics optimization, and
vulnerability detection, underpinned by machine learning and natural
language processing (NLP) techniques. Case studies, including the
COVID-19 pandemic, semiconductor shortages, and the Suez Canal
blockage, demonstrate Al’s practical applications in navigating disruptions
through real-time analytics and adaptive strategies. The chapter critically
evaluates Al’s limitations in anticipating sudden crises and addresses
ethical and operational challenges, such as data privacy, labor exploitation,
and environmental sustainability, highlighted through comparative
accuracy metrics and adoption trends. By synthesizing advancements in
Al adoption, predictive accuracy improvements, and emerging ethical
dilemmas, this chapter underscores the necessity of integrating robust
frameworks that balance technological innovation with ethical governance
to ensure resilient, transparent, and sustainable global supply chains in an
increasingly volatile trade landscape.

How Al Improves Supply Chain Visibility and Resilience:

Artificial Intelligence (AlI) has become a pivotal tool in enhancing supply

chain visibility and resilience. By leveraging Al, organizations can
anticipate demand fluctuations, assess supplier risks, optimize logistics,
and detect vulnerabilities within global supply chains.

105



ARTIFICIAL INTELLIGENCE IN GLOBAL TRADE RISK ASSESSMENT

Predictive Demand Forecasting

Al-driven predictive analytics enable companies to analyze historical data,
market trends, and external factors to forecast demand more accurately.
Machine learning algorithms process vast datasets to identify patterns and
predict future demand, allowing businesses to optimize inventory levels
and reduce the risk of stockouts or overstocking. For instance, Al models
can incorporate variables such as seasonal trends, economic indicators,
and consumer behavior to provide dynamic demand forecasts. This
proactive approach ensures that supply chains are better prepared to meet
market demands, thereby enhancing overall efficiency (Anglen, 2025).
Supplier Risk Assessment

Al facilitates comprehensive supplier risk assessments by evaluating
factors such as financial stability, compliance records, geopolitical
considerations, and past performance metrics. Natural language
processing (NLP) techniques can analyze news articles, financial reports,
and social media to detect early warning signs of potential supplier issues.
By continuously monitoring these variables, Al systems provide real-time
insights into supplier reliability, enabling organizations to make informed
decisions about sourcing and to develop contingency plans for potential
disruptions (Shaikh, Gundewar, & Nalkar, 2024, pp. 185-186).

Logistics Optimization

In logistics, Al optimizes routes, manages transportation schedules, and
enhances warehouse operations. Machine learning algorithms analyze
traffic patterns, weather conditions, and delivery constraints to determine
the most efficient routing for shipments. Additionally, Al-powered
systems can predict potential delays and suggest alternative routes or
modes of transportation. In warehouse management, Al assists in space
optimization, inventory tracking, and demand forecasting, leading to
improved operational efficiency and cost reductions (GPSI, 2025).
Detecting Vulnerabilities in Global Supply Chains

Al plays a crucial role in identifying and mitigating vulnerabilities within
global supply chains. By integrating data from various sources, including
IoT devices, market analyses, and geopolitical reports, Al systems can
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detect anomalies and predict potential disruptions. For example, Al can
monitor geopolitical events, natural disasters, or economic shifts that may
impact supply chain operations. Early detection of such vulnerabilities
allows organizations to implement proactive measures, such as
diversifying suppliers or adjusting inventory levels, thereby enhancing
supply chain resilience (Johar, 2025).

Figure 4.1: AI Adoption and Visibility Improvement
in Supply Chain (2008-2024)
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Source: Own visualization using Excel Office 16,
based on data from (Johar, 2025)

Considering the data in Figure 4.1, it becomes evident that the adoption
of Artificial Intelligence (AI) in global supply chain risk assessment has
experienced a sustained and exponential increase from 2008 to 2024, with
Al integration rising from approximately 10% in the initial years to over
80% in the projected timeframe. This upward trajectory underscores the
growing reliance on Al-driven predictive analytics, real-time monitoring,
and automated decision-making to mitigate geopolitical, financial, and
logistical risks. Notably, the acceleration in Al adoption post-2015 aligns
with significant global disruptions, including US-China trade tensions,
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Brexit-related trade policy shifts, and the supply chain crises induced by
the COVID-19 pandemic, suggesting that Al has become an indispensable
tool for enhancing resilience and operational efficiency in global trade
networks. Furthermore, the concurrent increase in supply chain visibility
improvement, albeit at a relatively smaller scale, signifies Al’s
instrumental role in fostering transparency and traceability across complex
logistical ecosystems. From an economic perspective, the integration of Al
into supply chain management has yielded substantial benefits, including
cost reduction, enhanced risk forecasting, and optimized resource
allocation, ultimately transforming trade dynamics and fortifying global
supply chains against systemic uncertainties. As Al adoption is poised to
exceed 90% in the coming years, its influence will extend beyond
operational efficiencies to reshape regulatory frameworks, trade finance
mechanisms, and geopolitical risk mitigation strategies, solidifying its
status as a cornerstone of modern global commerce.

Figure 4.2: Predictive Demand Forecast Accuracy Improvement
(2008-2024)
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Source: Own visualization using Excel Office 16,
based on data from Table 2.2
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Considering the data in Figure 4.2, it becomes evident that predictive
demand forecast accuracy has experienced a steady and systematic
improvement from 2008 to 2024, rising from 50% to 90% with a
consistent linear growth trajectory. This upward trend underscores the
increasing sophistication of Al-driven predictive analytics, machine
learning algorithms, and real-time data integration, which have
collectively enhanced forecasting precision in global supply chain
management. The sustained annual increase of approximately 2.5%
suggests a direct correlation between advancements in Al adoption and the
refinement of predictive modeling techniques, leading to significant
improvements in inventory optimization, cost efficiency, and risk
mitigation. From an economic standpoint, the enhanced accuracy of
demand forecasts has yielded substantial financial benefits by minimizing
overstocking, reducing supply chain disruptions, and improving just-in-
time (JIT) logistics, thereby lowering operational costs and strengthening
global trade resilience. Moreover, the parallel progression of Al adoption
in supply chain management, as observed in Figure 4.1, reinforces the
notion that Al-driven analytics have become indispensable in modern trade
risk assessment, enabling firms to anticipate market fluctuations and
navigate geopolitical uncertainties with greater precision. As forecast
accuracy approaches near-optimal levels, projected to surpass 95%
beyond 2024, the integration of emerging technologies such as quantum
computing and real-time IoT-based data processing will further enhance
supply chain agility and economic efficiency, solidifying AI’s role as a
transformative force in global commerce and trade risk management.
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Figure 4.3: Supplier Risk Assessment and Logistics Optimization
(2008-2024)

90 - :
Supplier Risk Assessment N

Logistics Optimization

80

70 o

T

60 i

501 o

Effectiveness (%)
I

40 =

30
2008 2010 2012 2014 2016 2018 2020 2022 2024
Year
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Considering the data in Figure 4.3, it becomes evident that both supplier
risk assessment and logistics optimization have exhibited a continuous and
systematic improvement from 2008 to 2024, reflecting the increasing
integration of Al-driven analytics in global trade risk management.
Supplier risk assessment effectiveness has risen from 30% to 85%,
underscoring the enhanced capabilities of predictive models in evaluating
supplier stability, financial resilience, and geopolitical risks, thereby
mitigating disruptions and strengthening sourcing strategies. Meanwhile,
logistics optimization, which began at a relatively higher effectiveness of
40% in 2008, has reached 90% by 2024, signifying the growing role of
Al-powered automation, route optimization, and predictive demand
analytics in enhancing transportation efficiency and cost reduction. The
parallel yet slightly staggered growth of these two metrics suggests that
while logistics optimization initially benefited from Al adoption, supplier
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risk assessment is rapidly catching up, driven by advancements in real-
time monitoring and predictive modeling. This trend aligns with the
broader Al adoption trajectory in supply chains, as observed in Figures
4.1 and 4.2, reinforcing Al’s transformative impact on operational
resilience, financial stability, and overall trade efficiency. Looking ahead,
as Al technologies continue to evolve, supplier risk assessment is expected
to reach near-optimal levels, surpassing 90% effectiveness beyond 2024,
while logistics optimization will further refine just-in-time (JIT)
frameworks, blockchain-driven transparency, and sustainable supply chain
strategies. Collectively, these advancements signify a fundamental shift
towards data-driven trade ecosystems, where Al not only enhances risk
mitigation but also fosters economic sustainability, positioning global
supply chains for unprecedented levels of efficiency, adaptability, and
resilience.

In conclusion, the integration of Al into supply chain management
significantly improves visibility and resilience. Through predictive
demand forecasting, supplier risk assessment, logistics optimization, and
vulnerability detection, Al empowers organizations to navigate the
complexities of global supply chains effectively.

Case Studies:

AlI-Driven Solutions in Global Supply Chain Disruptions

1. The COVID-19 Pandemic

The COVID-19 pandemic exposed significant vulnerabilities in global
supply chains, leading to widespread disruptions. To address these
challenges, companies have increasingly adopted Artificial Intelligence
(Al) technologies to enhance supply chain resilience. Al-powered
platforms have been instrumental in providing real-time visibility across
the supply chain, enabling businesses to anticipate and respond to
disruptions proactively. For instance, Al-driven warehouse management
systems offer real-time inventory tracking, allowing for more efficient
stock management and reducing the risk of shortages or overstocking.
Additionally, Al can analyze vast datasets to predict potential transport and
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logistical bottlenecks, facilitating dynamic rerouting and resource
allocation to maintain supply chain continuity (Beremski, 2020).

A study examining the role of Al in supply chain resilience during the
COVID-19 pandemic found that firms employing Al experienced
improved visibility, risk management, and sourcing decisions. The
research highlighted that Al-enabled supply chain management led to a
15% reduction in logistics costs and a 35% improvement in inventory
levels (Modgil, Singh, & Hannibal, 2022, p. 1250).

2. Semiconductor Shortages

The semiconductor industry has faced significant supply chain challenges,
exacerbated by the COVID-19 pandemic and surging demand for
electronic devices. Al has emerged as a critical tool in addressing these
issues by optimizing various aspects of the supply chain. For example, Al
can enhance production efficiency through predictive maintenance,
reducing downtime and increasing output. Moreover, Al-driven demand
forecasting allows manufacturers to better align production schedules with
market needs, mitigating the risk of overproduction or shortages. By
analyzing complex data from various stages of the supply chain, Al
enables more agile and informed decision-making, contributing to
improved supply chain resilience in the semiconductor industry (Hanbury,
Hoecke, & Schallehn, 2024).

In response to the semiconductor shortages, companies have leveraged Al
to predict product availability dates under disruption. A machine learning
approach was utilized to forecast inbound shipment arrivals, assisting in
managing supply chain risks and reducing uncertainties in production
schedules (Camur, Ravi, & Saleh, 2023, pp. 3-4).

3. Suez Canal Blockage

The Suez Canal blockage in 2021 highlighted the fragility of global trade
routes and the cascading effects of such disruptions on supply chains. In
response, Al has been utilized to enhance maritime logistics and supply
chain management. Al-powered systems can optimize vessel routing by
analyzing real-time data on weather conditions, port congestion, and
geopolitical risks, thereby reducing transit times and fuel consumption.
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Additionally, Al can assist in traffic management within port areas,
efficiently coordinating the movement of trucks and vessels to prevent
congestion and delays. These applications of Al contribute to more
resilient and efficient supply chains by enabling rapid adaptation to
unforeseen events (Chidambaram, 2024).

The Suez Canal blockage further strained an industry already experiencing
unprecedented shortages due to the COVID-19 pandemic and an
imbalance in semiconductor supply and demand. Analysts noted that any
delay in supply could have devastating effects on semiconductor
production, especially in automobile and consumer electronics
manufacturing (Area51 Electronics , 22).

Figure 4.4: AI Impact on Supply Chain Metrics during COVID-19
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Considering the data in Figure 4.4, it becomes evident that both supplier

risk assessment and logistics optimization have exhibited a continuous and
systematic improvement from 2008 to 2024, reflecting the increasing
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integration of Al-driven analytics in global trade risk management.
Supplier risk assessment effectiveness has risen from 30% to 85%,
underscoring the enhanced capabilities of predictive models in evaluating
supplier stability, financial resilience, and geopolitical risks, thereby
mitigating disruptions and strengthening sourcing strategies. Meanwhile,
logistics optimization, which began at a relatively higher effectiveness of
40% in 2008, has reached 90% by 2024, signifying the growing role of
Al-powered automation, route optimization, and predictive demand
analytics in enhancing transportation efficiency and cost reduction. The
parallel yet slightly staggered growth of these two metrics suggests that
while logistics optimization initially benefited from Al adoption, supplier
risk assessment is rapidly catching up, driven by advancements in real-
time monitoring and predictive modeling. This trend aligns with the
broader Al adoption trajectory in supply chains, as observed in Figures
4.1 and 4.2, reinforcing Al’s transformative impact on operational
resilience, financial stability, and overall trade efficiency. Looking ahead,
as Al technologies continue to evolve, supplier risk assessment is expected
to reach near-optimal levels, surpassing 90% effectiveness beyond 2024,
while logistics optimization will further refine just-in-time (JIT)
frameworks, blockchain-driven transparency, and sustainable supply chain
strategies. Collectively, these advancements signify a fundamental shift
towards data-driven trade ecosystems, where Al not only enhances risk
mitigation but also fosters economic sustainability, positioning global
supply chains for unprecedented levels of efficiency, adaptability, and
resilience.
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Figure 4.5: AI-Driven Production Efficiency
in Semiconductor Industry
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From the data presented in Figure 4.5, it is evident that Al-driven
production efficiency in the semiconductor industry has yielded significant
improvements, as demonstrated by a 20% reduction in downtime and a
25% increase in production output. The linear correlation between these
two factors underscores the pivotal role of Al in optimizing
manufacturing operations, minimizing production halts, and
maximizing output scalability. This enhancement is particularly
consequential within the broader geopolitical and economic landscape,
where semiconductor production is subject to intricate trade policies,
supply chain vulnerabilities, and financial fluctuations. By reducing
operational inefficiencies, Al mitigates the adverse effects of supply
chain disruptions and geopolitical constraints, ensuring sustained
production levels even amidst global economic uncertainties. Moreover,
from a longitudinal perspective spanning 2008-2024, the transition from
rudimentary Al applications to fully integrated intelligent manufacturing
systems has positioned Al not merely as an efficiency-enhancing tool but
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as an indispensable mechanism for risk mitigation and competitive
resilience. The observed trends substantiate the argument that Al-driven
optimizations are imperative for fortifying the semiconductor industry
against trade volatility, economic downturns, and strategic supply
chain dependencies, thereby reinforcing its critical role in shaping the
future of global technology markets.

Figure 4.6: AI Role in Maritime Logistics Post-Suez Canal Blockage
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From the data presented in Figure 4.6, it is evident that Al-driven
innovations have played a pivotal role in enhancing maritime logistics
efficiency in the aftermath of the Suez Canal blockage, particularly
through port congestion management (42.9%), fuel consumption
reduction (31.4%), and transit time reduction (25.7%). The substantial
impact on port congestion management highlights Al’s ability to
optimize vessel scheduling, improve berth allocation, and streamline
port operations, thereby mitigating costly delays. Additionally, the
31.4% reduction in fuel consumption underscores the significance of
Al-driven route optimization, predictive maintenance, and adaptive
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speed regulation, leading to lower operational costs and enhanced
environmental sustainability. Meanwhile, the 25.7% improvement in
transit time efficiency reflects Al’s critical role in real-time navigation
adjustments, supply chain synchronization, and proactive risk
mitigation, ensuring greater reliability in global trade routes. Given the
growing complexities of geopolitical tensions, climate-induced
disruptions, and evolving trade policies between 2008 and 2024, Al has
emerged as an indispensable tool for strengthening supply chain
resilience and enhancing economic stability. The insights derived from
this analysis reaffirm that the integration of Al in maritime logistics is
not merely an operational enhancement but a fundamental necessity
in sustaining trade efficiency, reducing economic vulnerabilities, and
fostering global supply chain agility in an increasingly uncertain
economic landscape.

Conclusion

The integration of Al into supply chain management has proven to be a
pivotal strategy in mitigating the impacts of global disruptions. By
providing enhanced visibility, predictive analytics, and optimization
capabilities, Al enables businesses to anticipate challenges and respond
with agility. The case studies of the COVID-19 pandemic, semiconductor
shortages, and the Suez Canal blockage illustrate the diverse applications
of Al in strengthening supply chain resilience. As global trade continues
to face uncertainties, the adoption of Al-driven solutions will be essential
for businesses aiming to maintain operational continuity and competitive
advantage.

Critical Perspective:

AD’s Inability to Predict Sudden Supply Chain Disruptions:

Artificial Intelligence (AI) has been instrumental in enhancing supply
chain operations through predictive analytics and optimization. However,
its efficacy in forecasting sudden disruptions remains questionable. A
systematic literature review by Jahin et al. (2025) highlights that while Al
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models like Random Forest and XGBoost have improved precision in
supply chain risk assessment, they often falter during unforeseen events
such as pandemics or natural disasters. The unpredictable nature of these
crises introduces variables that AI models, trained on historical data, are
ill-equipped to handle, leading to forecasting failures during critical times
(Jahin, Naife, Saha, & Mridha, 2025, p. 33).

Ethical and Operational Risks:

The integration of Al into supply chains introduces several ethical and
operational challenges. A study by Hao and Demir (2024) identifies key
inhibitors in Al adoption, including data security and privacy concerns,
responsible and ethical Al considerations, and performance assessment
difficulties. These challenges encompass unintended consequences such
as labor exploitation, environmental concerns, and ethical sourcing issues.
For instance, Al-driven demand forecasting can exert pressure on suppliers
to meet tight deadlines, potentially leading to labor exploitation and
compromised working conditions. Additionally, the environmental impact
of Al, including its carbon footprint and the energy consumption of data
centers, raises concerns about sustainability (Hao & Demir , 2024, p. 611).
Furthermore, the lack of transparency in Al decision-making processes can
obscure unethical practices within supply chains. The opacity of Al
algorithms makes it challenging to identify and address issues related to
ethical sourcing and environmental sustainability. This lack of
transparency can perpetuate unethical practices, as stakeholders may
remain unaware of the underlying factors influencing Al-driven decisions
(Muldoon, Cant, Graham, & Spilda, 2023, p. 9).

118
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T R e

2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023
2024

65
67
70
72
74
76
78
79
80
82
84
85
87
88
89
89
90

60
63
66
69
71
74
76
78
80
82
&3
85
86
87
88
89
90

Source: Own visualization using Excel Office 16, based on data from
(Jahin, Naife, Saha, & Mridha, 2025), (Hao & Demir , 2024), (Muldoon,

Cant, Graham, & Spilda, 2023)
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Figure 4.7: AI Supply Chain Risk Assessment Accuracy Over Time
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Source: Own visualization using Excel Office 16,
based on data from Table 4.1

Through the data in Table 4.1, it is evident that both the Random Forest
and XGBoost models have demonstrated a significant improvement in
accuracy over the period from 2008 to 2024. Random Forest, starting with
an accuracy of 65% in 2008, consistently progressed at a steady rate,
reaching an accuracy of 90% by 2024, with an average annual
improvement of approximately 1.5%. Conversely, XGBoost, which
began with a slightly lower accuracy of 60%, exhibited a more
pronounced growth trajectory, surpassing Random Forest’s earlier
performance and reaching the same final accuracy of 90% by 2024, with
a higher initial growth rate of about 2% annually. While both models
converge in their accuracy by 2024, XGBoost’s sharper -early
improvements highlight its stronger adaptation to supply chain risk
assessment challenges. The data further indicates that these advancements
reflect broader trends in Al integration into global trade risk management,
where the increasingly accurate models are crucial in forecasting and
mitigating geopolitical, supply chain, and financial risks. This evolution in
Al performance not only enhances the resilience and efficiency of global
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supply chains but also reduces the financial impact of trade disruptions,
ultimately contributing to the stabilization and growth of the global
economy. The steady accuracy improvements underscore the growing
reliance on Al-driven tools in risk assessment, emphasizing the critical role
of technological innovation in navigating the complexities of international
trade.
Table 4.2: Ethical AI Adoption Challenges Data

Percentage of Companies

N° Challenge Affected (%)
01 Data Security & Privacy 75
02 Ethical AI 68
03 Performance Assessment 62
04 Labor Exploitation 55
05 Environmental Impact 47

Source: Own visualization using Excel Office 16, based on data from
(Jahin, Naife, Saha, & Mridha, 2025), (Hao & Demir , 2024), (Muldoon,
Cant, Graham, & Spilda, 2023)

Figure 4.8: Ethical AI Adoption Challenges in Supply Chains
Data Security & Privacy

Environmental Impact Ethical Al

Labor Exploitation
Performance Assessment

Source: Own visualization using Excel Office 16, based on data from
Table 4.2
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Through the data presented in Table 4.2, it is evident that Data Security &
Privacy represents the most significant challenge in the adoption of Ethical
Al, impacting 75% of companies. This is closely followed by Ethical Al
itself, with 68% of companies affected, indicating the complexity of
integrating ethical considerations within Al systems. Performance
Assessment challenges come next, affecting 62% of companies,
highlighting the difficulties in evaluating the effectiveness and fairness of
Al models. Labor Exploitation, impacting 55% of companies, raises
concerns regarding the ethical use of Al in labor markets and its potential
for exploitation. Finally, Environmental Impact emerges as the least
pressing issue in this context, affecting 47% of companies, though it
remains a significant concern as sustainability becomes an increasing
priority in Al development and deployment. The visual representation in
Figure 4.8 further supports these findings, where Data Security & Privacy
occupies the largest segment, underscoring its prominence as a key issue
in the broader context of ethical Al adoption, particularly within global
supply chains. This analysis reflects the multidimensional nature of the
challenges faced by companies in incorporating Al technologies
responsibly, emphasizing the need for comprehensive strategies to address
these complex concerns across geopolitical, supply chain, and financial
risk domains.
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Conclusion:

In conclusion, the integration of Artificial Intelligence (Al) into global
supply chain risk assessment between 2008 and 2024 has undeniably
revolutionized the management of geopolitical, logistical, and financial
risks. By leveraging predictive analytics, machine learning, and real-time
data integration, Al has significantly enhanced demand forecasting
accuracy, optimized logistics efficiency, and strengthened supplier risk
assessments, as evidenced by improvements in key metrics such as
inventory optimization (35%), downtime reduction (20%), and transit time
efficiency (25.7%). Case studies spanning the COVID-19 pandemic,
semiconductor shortages, and the Suez Canal blockage underscore Al’s
pivotal role in mitigating disruptions through adaptive strategies and
enhanced operational resilience. However, critical limitations persist,
particularly AI’s inability to anticipate sudden crises and its ethical
challenges, including data privacy concerns, labor exploitation risks, and
environmental sustainability trade-offs. As Al adoption approaches near-
ubiquity, the imperative lies in developing robust, transparent frameworks
that harmonize technological innovation with ethical governance. Future
advancements must prioritize explainable Al, stakeholder collaboration,
and sustainability-driven algorithms to ensure that global supply chains
remain resilient, equitable, and adaptable in an era of escalating
geopolitical and economic volatility.
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Chapter 5
Al and Financial Risk in Global Trade

Introduction:

This chapter critically examines the role of Artificial Intelligence (Al) in
assessing and mitigating financial risks within global trade from 2008 to
2024, focusing on currency volatility forecasting, financial instability
detection, and cross-border investment risk evaluation. It explores Al-
driven methodologies such as machine learning algorithms and blockchain
integration, highlighting their applications in trade finance optimization,
fraud detection, and predictive analytics. Case studies, including the 2008
financial crisis and the COVID-19 pandemic, illustrate Al's limitations in
anticipating systemic shocks, while addressing critical challenges like data
biases, algorithmic opacity, and regulatory gaps. The chapter contrasts Al's
advancements in risk assessment accuracy with its ethical dilemmas,
emphasizing the need for transparency, diversified datasets, and
harmonized governance frameworks. By synthesizing technical
innovations, empirical case analyses, and ethical considerations, this
chapter aims to provide a balanced perspective on Al's transformative
potential and inherent constraints in fostering equitable, resilient, and
efficient financial systems amid evolving global trade dynamics.

AD’s Role in Financial Risk Assessment:

Artificial Intelligence (AI) has become integral to financial risk
assessment, offering advanced methodologies for predicting and
mitigating various financial risks.

127



ARTIFICIAL INTELLIGENCE IN GLOBAL TRADE RISK ASSESSMENT

Al in Currency Volatility Forecasting

Al models, particularly machine learning algorithms, have been employed
to forecast significant fluctuations in currency exchange rates. By
analyzing extensive datasets, these models can identify patterns indicative
of potential volatility. Research indicates that outlier detection methods,
such as the PKDE algorithm, outperform traditional techniques in

predicting substantial daily returns in foreign exchange markets (Kamalov
& Gurrib, 2020, p. 19).

Figure 5.1: Accuracy of Al in Currency Volatility Forecasting
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Source: Own visualization using Excel Office 16, based on data from
(Mitchell, 2024), (Kasthuri & Nayyar, 2024)

Al in Financial Instability Detection

Al enhances the ability of markets to react swiftly to new information,
potentially increasing the speed and magnitude of price movements. This
rapid response necessitates a reevaluation of risk management strategies,
including margin requirements and circuit breakers, to maintain financial
stability (Adrian, 2024).
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Figure 5.2: Effectiveness of Financial Instability Detection Methods
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Source: Own visualization using Excel Office 16, based on data from
(CGINZ, 2013) (Lee, Resnick, & Barton, 2019),
(Kasthuri & Nayyar, 2024)

Al in Cross-Border Investment Risk Assessment

Al's capacity to process vast amounts of data enables more accurate
assessments of cross-border investment risks. By analyzing geopolitical
events, economic indicators, and market sentiment, Al models can provide
insights into potential risks associated with international investments. This
approach allows for more informed decision-making and proactive risk
management.
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Figure 5.3: Importance of Factors in Cross-Border Investment Risk
Assessment
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Source: Own visualization using Excel Office 16, based on data from
(Zai & Mansur, 2024), (Attinasi, Boeckelmann, Hespert, Linzenich, &
Meunier, 2024)

Al-Powered Solutions in Blockchain, Trade Finance, and Fraud
Detection:

The integration of Al with blockchain technology has led to innovative
solutions in trade finance and fraud detection.

Al and Blockchain Integration

Combining Al with blockchain enhances security and efficiency in
financial transactions. Al algorithms can monitor blockchain networks to
detect anomalies and fraudulent activities, ensuring the integrity of
transactions. This integration offers a robust framework for secure and
transparent financial operations (Osterrieder, et al., 2024).

Al in Trade Finance

In trade finance, Al-powered risk assessment models address challenges
such as fraud detection and creditworthiness evaluation. By analyzing
transaction data and behavioral patterns, Al systems can identify potential
risks and provide real-time insights, thereby enhancing the efficiency and
security of trade finance operations (IOSR, 2024, p. 6).

Al in Fraud Detection

Al-driven predictive analytics transform fraud detection by enabling real-
time analysis of vast datasets. Machine learning algorithms identify
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patterns and anomalies indicative of fraudulent behavior, allowing for
proactive risk management. This approach not only strengthens fraud
detection capabilities but also contributes to a more secure financial
ecosystem (Mujtaba & Yuille, 2024, p. 17).

Figure 5.4: Impact of Al in Blockchain, Trade Finance,
and Fraud Detection
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Source: Own visualization using Excel Office 16, based on data from
(Bank for International Settlements, 2022), (Huang , 2024)

In conclusion, Al plays a pivotal role in financial risk assessment by
providing advanced tools for forecasting currency volatility, detecting
financial instability, assessing cross-border investment risks, and
enhancing security in trade finance and fraud detection. The integration of
Al with technologies like blockchain further amplifies its potential,
leading to more robust and efficient financial systems.

Critical Perspective:

Can AI Prevent Global Financial Crises?

Artificial Intelligence (AI) has been heralded as a transformative tool
capable of predicting and potentially preventing financial crises. However,
historical evidence indicates that Al systems have struggled to foresee
major economic downturns. For instance, prior to the 2008 financial crisis,
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risk assessment models failed to account for the systemic risks inherent in
mortgage-backed securities, leading to widespread defaults and a global
recession. Similarly, during the COVID-19 pandemic, Al-driven market
predictions were unable to anticipate the rapid economic downturn, as
these models were not equipped to handle the unprecedented nature of a
global pandemic. These failures can be attributed to several factors:

. Data Limitations: Al models rely on historical data to make predictions.

When faced with novel situations, such as the COVID-19 pandemic, these
models lack relevant data, leading to inaccurate forecasts (Malladi , 2022,
p. 9).
Model Overfitting: Al systems can become too tailored to past data,
making them less adaptable to unforeseen events. This rigidity prevents
them from accurately predicting rare or unprecedented crises.
Systemic Complexity: The global financial system is intricate, with
numerous interdependencies. Al models may oversimplify these
complexities, missing critical signals that precede a crisis.
Moreover, the widespread adoption of Al in financial markets could
inadvertently amplify systemic risks. A report by the International
Monetary Fund warns that Al could exacerbate economic downturns by
causing large-scale disruptions in labor markets, financial markets, and
supply chains (Gopinath, 2024).

Table 5.1: Al and Financial Crises Impact Factors

N° Factor Impact Level (1-10)
01 Data Limitations 8
02 Model Overfitting 7
03 Systemic Complexity 9
04 Al-Induced Risks 6

Source: Own visualization using Excel Office 16,
based on data from (Malladi , 2022), (Gopinath, 2024)
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Figure 5.5: Impact Levels of AI Limitations
in Preventing Financial Crises
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Through the data presented in Table 5.1, it is evident that the limitations
of Artificial Intelligence (Al) in global trade risk assessment are primarily
driven by four critical factors: systemic complexity, data limitations,
model overfitting, and Al-induced risks. The highest impact level (9) is
attributed to systemic complexity, highlighting the challenge Al faces in
addressing the intricate and interdependent nature of global financial
systems. This complexity often results in AI’s limited capacity to predict
and manage interconnected risks effectively. Data limitations, with an
impact level of 8, emphasize the importance of high-quality, accurate, and
comprehensive data for Al’s success in risk assessment; any deficiencies
in data can severely hinder Al’s performance, particularly in volatile
financial environments. The factor of model overfitting, rated at 7,
underlines a key issue where Al models may become overly specialized to
historical data, thus limiting their ability to generalize to new, unforeseen
financial conditions. Finally, Al-induced risks, while important, are seen
as having a lower impact (6) in comparison. These risks pertain to
potential issues such as algorithmic biases, security vulnerabilities, and
unintended consequences arising from Al applications. Despite these
challenges, the relatively lower score for Al-induced risks suggests that
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their economic ramifications are less critical in the context of preventing
financial crises than issues related to data and complexity. Overall, the
analysis underscores the multifaceted challenges Al faces in accurately
assessing and managing global financial risks, with data quality and
systemic complexity emerging as the most significant barriers to effective
risk mitigation.

Figure 5.6: Proportion of Impact Levels of AI Limitations
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Source: Own visualization using Excel Office 16,
based on data from (Malladi , 2022)

From the data presented in Figure 5.6, it is evident that the limitations of
Artificial Intelligence in global trade risk assessment are predominantly
influenced by systemic complexity (30.0%), followed by data
limitations (26.7%), model overfitting (23.3%), and Al-induced risks
(20.0%). The predominance of systemic complexity underscores the
inherent challenges Al models face in assimilating and accurately
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forecasting dynamic geopolitical, financial, and supply chain fluctuations,
thereby reducing their reliability in risk mitigation. Furthermore, data
limitations pose a significant barrier to Al accuracy, as incomplete or
biased datasets hinder predictive precision, particularly in volatile trade
environments. Model overfitting, which accounts for 23.3%, further
exacerbates Al inefficiencies by restricting the model’s ability to
generalize beyond historical data, increasing susceptibility to
misjudgments in emerging economic trends. Lastly, Al-induced risks,
comprising 20.0%, reflect the broader ethical, regulatory, and
transparency challenges that Al systems must navigate, necessitating
stricter governance frameworks to ensure accountability in trade risk
evaluations. Collectively, these findings highlight the pressing need for
enhanced Al model robustness, standardized data-sharing
frameworks, advanced scenario-based stress testing, and
internationally harmonized Al governance policies to optimize Al’s
role in mitigating geopolitical, financial, and supply chain risks in the
global trade landscape.
Figure 5.7: Trend of AI Limitations' Impact on Financial Crises
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From the data presented in Figure 5.7, it is evident that the impact of Al
limitations on financial crises varies significantly across different factors,
with systemic complexity (9.0/10) emerging as the most critical
challenge, followed by data limitations (8.0/10), model overfitting
(7.0/10), and Al-induced risks (6.0/10). The prominence of systemic
complexity underscores the difficulty AI models face in assimilating
multi-dimensional  economic, geopolitical, and financial
interdependencies, leading to reduced predictive accuracy in trade
volatility and market stability assessments. Additionally, the substantial
influence of data limitations highlights the pressing need for
standardized, high-quality financial datasets, as Al-driven risk models
often suffer from biases and inaccuracies stemming from incomplete or
unreliable data sources. While model overfitting, scoring moderately at
7.0/10, remains a concern, its relatively lower impact suggests that the
primary challenge lies in Al's ability to adapt to evolving macroeconomic
patterns rather than its reliance on historical data. The comparatively
minimal effect of Al-induced risks (6.0/10), though still noteworthy,
reflects the ethical and regulatory considerations surrounding Al-driven
decision-making rather than its direct influence on financial instability.
These findings collectively emphasize the need for advanced AI model
refinement, enhanced data governance, and robust regulatory
frameworks to optimize Al’s role in mitigating financial crises and
enhancing global trade resilience, investment risk assessments, and
macroeconomic forecasting accuracy.

Al Bias in Credit and Risk Scoring:

Al-driven risk assessment tools are increasingly utilized in credit scoring
and financial risk evaluations. While these systems aim to enhance
objectivity, they can inadvertently perpetuate or even exacerbate existing
biases, disproportionately affecting certain economies and businesses.
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Figure 5.8: Impact of Al Bias in Credit and Risk Scoring
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Data Bias: Al models trained on historical financial data may inherit
existing biases present in the data. For example, if certain groups or
regions have been historically marginalized or underserved by financial
institutions, the Al system may learn to associate these groups with higher
risk, leading to discriminatory outcomes (Andrews, 2021).

Algorithmic Transparency: Many Al systems operate as "black boxes,"
lacking transparency in their decision-making processes. This opacity
makes it challenging to identify and correct biased outcomes, undermining
trust in Al-driven financial assessments (Klein, 2020).

Regulatory Challenges: The rapid deployment of Al in financial services
has outpaced the development of regulatory frameworks. Without
adequate oversight, there's a risk that Al systems could systematically
disadvantage certain businesses or economies, leading to broader
economic disparities (Itmagination, 2024).
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Figure 5.9: Trend of Al Bias Impact in Credit and Risk Scoring
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From the data presented in Figure 5.9, it is evident that Al bias in
credit and risk scoring is primarily driven by data bias (80/100),
followed by algorithmic transparency (70/100) and regulatory
challenges (60/100), with a clear downward trend in impact levels.
The predominance of data bias underscores the significant risks
associated with historically skewed or incomplete datasets, which
can systematically disadvantage certain demographics, industries, or
regions, leading to inequitable credit assessments and financial
exclusion. The lack of algorithmic transparency, which remains a
critical factor at 70/100, further exacerbates concerns regarding the
interpretability and fairness of Al-driven risk models, creating trust
deficits among financial institutions, regulators, and market
participants. Meanwhile, regulatory challenges, while still relevant at
60/100, exert a comparatively lower direct influence, reflecting both
the evolving nature of Al governance frameworks and the
difficulties in enforcing standardized compliance mechanisms
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across global financial markets. These findings highlight the urgent
need for enhanced data governance, where financial institutions
must implement bias-detection mechanisms, diversify Al training
datasets, and strengthen validation processes to mitigate
discriminatory lending outcomes. Additionally, the development of
transparent Al methodologies with interpretable decision-making
frameworks is essential to ensuring fairness, reducing financial risks,
and fostering greater institutional and market confidence in Al-
driven credit evaluations. Finally, the harmonization of Al
regulatory frameworks across jurisdictions will be pivotal in
addressing compliance disparities and ensuring equitable, stable, and
efficient financial markets in an increasingly Al-driven global
economy.

Figure 5.10: AI Bias in Credit and Risk Scoring
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From the data presented in Figure 5.10, it is evident that Al bias in
credit and risk scoring is primarily driven by data bias (80/100),
followed by algorithmic transparency (70/100) and regulatory
challenges (65/100), with a noticeable downward trend in impact
levels. The dominance of data bias underscores the profound
influence of historically skewed, incomplete, or imbalanced
datasets, which perpetuate systematic discrimination in credit
allocation, loan approvals, and interest rate calculations,
exacerbating financial disparities across different demographics and
economic sectors. The lack of algorithmic transparency, while
slightly less influential, remains a crucial concern, as the opacity of Al
decision-making processes limits interpretability, accountability,
and institutional trust, raising the risk of automated credit
miscalculations and systemic financial instability. Meanwhile,
regulatory challenges, despite exerting the lowest impact, reflect
fragmented and reactive Al governance frameworks, which fail to
adequately address the evolving complexities of Al-driven credit risk
assessment, creating compliance gaps, legal uncertainties, and
ethical concerns. These findings highlight the urgent need for robust
Al data governance strategies, enhanced transparency in
algorithmic decision-making, and the establishment of globally
harmonized regulatory frameworks to mitigate bias, ensure
fairness in financial risk evaluations, and foster greater market
stability and inclusivity in Al-driven credit systems.
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Figure 5.11: Distribution of Al Bias Impact Factors
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From the data presented in Figure 5.11, it is evident that Al bias in credit
scoring is predominantly influenced by data bias (38.1%), followed
closely by algorithmic transparency (33.3%) and regulatory
challenges (28.6%), reflecting the multifaceted nature of bias in Al-driven
financial decision-making. The prevalence of data bias highlights the
extent to which Al credit models rely on historical datasets that may
embed systemic inequities, leading to discriminatory lending practices,
reduced financial accessibility, and potential market inefficiencies.
Meanwhile, the significant impact of algorithmic transparency
underscores concerns regarding the lack of interpretability in AI models,
which can erode institutional trust, complicate regulatory oversight, and
heighten the risk of automated distortions in credit risk assessment.
Although regulatory challenges constitute the least prominent factor,
their influence remains substantial, as fragmented AI governance
frameworks and evolving compliance standards pose obstacles to
ensuring fair and unbiased financial decision-making across global
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markets. These insights emphasize the urgent necessity for
comprehensive Al data governance strategies, enhanced transparency
through explainable Al (XAI) models, and the development of
standardized, globally harmonized regulatory frameworks to mitigate
bias, foster financial inclusivity, and ensure the ethical deployment of
Al-driven credit risk evaluation systems.
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Conclusion:

In conclusion, Artificial Intelligence (Al) has emerged as a transformative
force in global trade risk assessment, offering advanced tools to forecast
currency volatility, detect financial instability, and evaluate cross-border
investment risks through machine learning and blockchain integration.
While Al enhances predictive accuracy and operational efficiency in trade
finance and fraud detection, its limitations—exposed during the 2008
financial crisis and the COVID-19 pandemic—underscore critical
challenges, including data biases, algorithmic opacity, and systemic
complexity. These constraints highlight AI’s struggle to anticipate
unprecedented systemic shocks and its potential to perpetuate inequities in
credit scoring and risk evaluations. To harness Al’s full potential,
stakeholders must prioritize transparent algorithms, diversified datasets,
and harmonized regulatory frameworks. By addressing these gaps, Al can
evolve into a more resilient and equitable tool, capable of navigating the
intricate dynamics of geopolitical, financial, and supply chain risks,
ultimately fostering a stable and inclusive global trade ecosystem.
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Chapter 6
Ethical and Regulatory Challenges
in AI-Based Trade Risk Assessment

Introduction:

This chapter critically examines the ethical dilemmas and regulatory gaps
arising from the integration of Artificial Intelligence (AI) in global trade
risk assessment from 2008 to 2024, focusing on algorithmic bias, legal
accountability, and systemic inequality. It explores how Al-driven models
in credit scoring, supply chain financing, and fraud detection perpetuate
historical biases, disproportionately disadvantaging emerging markets and
SMEs through skewed data and opaque decision-making processes. The
discussion addresses regulatory shortcomings, including unmonitored Al
decision-making, compliance gaps in data protection laws, and fragmented
legal frameworks that fail to hold developers or operators accountable for
Al-generated risks. Case studies, such as discriminatory lending practices
and supply chain exclusion, highlight the unintended consequences of Al
adoption in trade finance. The chapter proposes mitigation strategies—
data auditing, algorithmic transparency, and harmonized regulations—to
bridge the governance divide and foster equitable trade ecosystems. By
synthesizing empirical analyses, ethical critiques, and policy
recommendations, this chapter underscores the urgency of balancing Al
innovation with robust ethical governance to mitigate systemic
inequalities and ensure inclusive, transparent, and accountable global trade
practices in the Al era.
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Bias in Al Algorithms and Its Impact on Trade Decision-Making:
Bias in Al algorithms poses significant challenges in global trade finance,

potentially leading to discriminatory outcomes in trade decision-making
processes. These biases often stem from the data used to train machine
learning models, which may reflect historical prejudices or systemic
inequalities. When such biased data informs Al systems, it can perpetuate
or even exacerbate existing disparities.

Examples of Algorithmic Discrimination in Global Trade Finance:
Credit Risk Assessment: Al-driven credit scoring systems are
increasingly utilized to evaluate the creditworthiness of businesses seeking
trade financing. If these systems are trained on data that underrepresents
certain regions or industries, they may inaccurately assess the risk
associated with applicants from these areas. For instance, businesses in
emerging markets might be unjustly deemed higher risk due to a lack of
historical data, leading to reduced access to financing. This scenario
underscores the importance of ensuring diverse and representative data in
training Al models to prevent unintentional discrimination (Klein, 2020).
Supply Chain Financing Decisions: Al algorithms are employed to
optimize supply chain financing by predicting supplier reliability and
performance. However, if these algorithms rely on data that reflects past
biases—such as favoring suppliers from certain countries or regions—they
may disadvantage suppliers from underrepresented areas. This can result
in unequal financing terms or exclusion from supply chain opportunities,
perpetuating economic disparities (Jones, 2023, p. 75).

Trade Fraud Detection: Al systems are used to detect fraudulent
activities in trade by analyzing transaction patterns. If the training data is
biased towards identifying certain transaction types or originates
predominantly from specific regions, the Al may disproportionately flag
transactions from particular countries as suspicious. This not only leads to
inefficiencies but also unfairly targets businesses based on geographic or
cultural factors, potentially hindering legitimate trade activities (Wang,
Wu, Ji, & Fu, 2024, p. 5).
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Figure 6.1: Bias in AI-Based Trade Risk Assessment
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Given Figure 6.1, it becomes evident that Al-driven trade risk assessment
exhibits significant bias across key domains, namely Credit Risk
Assessment (70%), Supply Chain Financing (60%), and Trade Fraud
Detection (80%). The substantial variation in bias impact underscores
critical concerns regarding the fairness and reliability of AI models in
global trade dynamics. The elevated bias in credit risk assessment suggests
systemic disparities in access to financing, particularly disadvantaging
emerging markets and SMEs, while bias in supply chain financing raises
concerns about inequitable capital distribution, potentially exacerbating
market concentration. Notably, the highest bias level in trade fraud
detection highlights the risk of false positives, where legitimate
transactions may be misclassified, leading to regulatory inefficiencies and
increased compliance burdens. These distortions, if left unaddressed,
could entrench financial asymmetries, hinder trade inclusivity, and amplify
geopolitical disparities in global commerce. Given these implications, it is
imperative that regulatory bodies, financial institutions, and Al developers
collaborate to enhance algorithmic transparency, implement stringent bias
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auditing frameworks, and diversify training datasets to mitigate systemic
inequities. Ultimately, ensuring the integrity of Al-driven trade risk
assessments is essential for fostering a more equitable, efficient, and
geopolitically balanced global trade environment.

Figure 6.2: Bias in AI-Based Trade Risk Assessment
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Source: Own visualization using Excel Office 16, based on data from
(Wang, Cheng, Gu, & Wu, 2024), (Jones, 2023), (Klein, 2020)

Given Figure 6.2, it becomes evident that Al-driven trade risk assessment
exhibits asymmetrical bias distribution across key domains, with Trade
Fraud Detection (38.1%) experiencing the highest level of bias, followed
by Credit Risk Assessment (33.3%), and Supply Chain Financing
(28.6%). The disproportionate bias in fraud detection raises critical
concerns regarding false positives, where legitimate transactions may be
erroneously flagged, leading to elevated compliance costs and trade
disruptions, while false negatives could undermine global financial
security by allowing fraudulent activities to persist undetected. Similarly,
the notable bias in credit risk assessment suggests a systemic
misallocation of financial resources, disproportionately restricting
access to credit for SMEs and businesses in emerging economies, thereby
exacerbating financial exclusion and economic disparities. Though
supply chain financing demonstrates a relatively lower bias, even a 28.6%
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distortion could introduce inefficiencies in capital allocation, particularly
for businesses operating in cross-border trade environments. From a
geopolitical perspective, these biases could reinforce existing economic
power imbalances, where firms in developing regions face heightened
barriers to trade financing and fraud scrutiny. Addressing these challenges
necessitates rigorous Al bias auditing, enhanced algorithmic
transparency, diversified training datasets, and the integration of
human oversight mechanisms, ensuring that Al-driven trade risk
assessments are fair, efficient, and aligned with global economic
inclusivity.

Addressing these challenges requires a multifaceted approach, including:
Data Auditing: Regularly reviewing and updating training datasets to
ensure they are comprehensive and free from historical biases.
Algorithmic Transparency: Implementing explainable AI models that
allow stakeholders to understand and challenge decision-making
processes.

Regulatory Oversight: Establishing guidelines and standards to monitor
and mitigate bias in Al applications within trade finance.

By proactively addressing algorithmic bias, stakeholders in global trade
finance can promote more equitable and efficient decision-making
processes, fostering inclusive economic growth.

153



ARTIFICIAL INTELLIGENCE IN GLOBAL TRADE RISK ASSESSMENT

Table 6.1: Al Bias Mitigation Strategies in Trade Finance

Category Description
Regularly reviewing and updating training
Data Auditing datasets to ensure they are comprehensive

and free from historical biases.

Implementing explainable AI models that
allow stakeholders to understand and
challenge decision-making processes.

Algorithmic
Transparency

Establishing guidelines and standards to
Regulatory Oversight monitor and mitigate bias in Al applications
within trade finance.
Source: Own visualization using Excel Office 16,
based on data from (Malladi , 2022), (Gopinath, 2024)

Figure 6.3: Comparison of Al Bias Mitigation Strategies
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Through the data presented in Table 6.1, it is evident that the three primary
strategies for mitigating Al bias in trade finance—Data Auditing,
Algorithmic Transparency, and Regulatory Oversight—play pivotal roles
in ensuring fairness and accountability in Al applications. The bar chart
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(Figure 6.3) further highlights the importance of these strategies, with
Algorithmic Transparency emerging as the most crucial at approximately
40%, emphasizing the need for explainable AI models that foster
stakeholder trust and enable informed decision-making processes. Both
Data Auditing and Regulatory Oversight hold a significant yet equal
importance at around 30%, indicating that the regular review of training
datasets to eliminate historical biases and the establishment of
comprehensive regulatory frameworks are equally critical for ensuring
unbiased Al-driven decisions in global trade finance. Economically, these
strategies contribute to the stability and efficiency of trade finance by
preventing biased decisions that could disrupt trade flows or damage
international financial relationships. Therefore, a balanced integration of
these strategies is essential for developing Al systems that are not only
accurate and reliable but also transparent and fair, thereby promoting a
more equitable global trade environment.

Regulatory and Legal Implications of AI-Driven Risk Assessments

The rapid advancement of artificial intelligence (Al) in trade risk
assessment has outpaced existing regulatory frameworks, leading to
significant legal and ethical challenges. This disparity between
technological innovation and regulatory oversight can result in
unregulated decision-making, posing risks to businesses and economies.

Al systems in trade risk assessment operate within a complex legal
landscape. Traditional regulations often fail to address the unique
challenges posed by AIl, such as algorithmic opacity, data privacy
concerns, and accountability issues. This regulatory lag can lead to several
implications:

Unregulated Decision-Making Risks: The absence of comprehensive Al-
specific regulations allows for decisions to be made by Al systems without
adequate oversight. This can result in biased outcomes, discrimination, and
systemic risks in trade practices. For instance, Al algorithms may
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inadvertently perpetuate existing biases present in their training data,
leading to unfair trade assessments (Heller, 2023).

Legal Accountability Challenges: Determining liability in Al-driven
decisions is complex. When Al systems make erroneous or harmful
decisions, it becomes difficult to ascertain who is legally responsible—the
developers, operators, or the Al system itself. This ambiguity complicates
the enforcement of existing laws and the development of new legal
frameworks (Dupuy, 2024).

Compliance with Data Protection Laws: Al systems often require vast
amounts of data, raising concerns about compliance with data protection
regulations like the General Data Protection Regulation (GDPR). Ensuring
that Al-driven assessments adhere to data privacy laws is crucial to prevent
legal infringements and maintain public trust (Roberts, Simon, Flint,
Lifshitz, & Mermelstein, 2024).

Market Instability and Abuse: The integration of Al in financial markets
can introduce new forms of market instability and abuse. Al systems might
engage in or facilitate practices that existing regulations are ill-equipped
to detect or prevent, necessitating updates to legal frameworks to address
these emerging risks (Ng & Mohamed, 2024).

To mitigate these challenges, it is essential for regulatory bodies to develop
adaptive frameworks that can keep pace with Al advancements. This
includes establishing clear guidelines for Al deployment in trade risk
assessment, ensuring transparency in Al decision-making processes, and
defining accountability structures. Proactive regulation can help harness
the benefits of Al while safeguarding against potential harms, promoting
ethical and responsible use of Al in global trade.
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Table 6.2: Regulatory and Legal Implications of Al

Regulatory
Readiness

N° Categories Impact Level

Unregulated
01 Decision-Making 80 40
Risks

Legal

02  Accountability 70 30
Challenges
Compliance

g3 WithData 85 60
Protection

Laws

Market
04  Instability and 75 35
Abuse

Source: Own visualization using Excel Office 16, based on data from
(Roberts, Simon, Flint, Lifshitz, & Mermelstein, 2024), (Ng &
Mohamed, 2024), (Dupuy, 2024), (Heller, 2023)
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Figure 6.4: Al Regulatory & Legal Implications:
Impact vs. Readiness
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From the data presented in Table 6.2, it is evident that Al-related risks in
global trade exhibit a consistently high impact level (average: 77.5),
whereas regulatory readiness remains critically low (average: 41.25),
reflecting a substantial governance gap. The most pronounced disparities
are observed in Unregulated Decision-Making Risks, Legal Accountability
Challenges, and Market Instability & Abuse, each exhibiting a 40-point
gap, underscoring the inadequacy of current legal frameworks in
mitigating Al-driven systemic risks. The category of Compliance with
Data Protection Laws, while demonstrating the highest regulatory
preparedness (60), still lags behind its impact level (85), signaling
persistent deficiencies in Al governance structures. This regulatory
shortfall presents significant economic and geopolitical risks, including
potential market instability, regulatory arbitrage, and legal
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accountability voids, all of which could undermine global trade integrity.
Furthermore, the fragmented nature of Al regulations across jurisdictions
may escalate compliance costs and exacerbate international trade frictions,
particularly between highly regulated economies (e.g., the EU) and
more lenient regulatory environments. To address these challenges,
policymakers must prioritize the establishment of robust AI legal
frameworks, cross-border regulatory harmonization, and strategic
investment in AI compliance research, ensuring that global markets can
harness Al's potential without exacerbating systemic vulnerabilities.

Figure 6.5: AI Risks - Impact Level Distribution
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Source: Own visualization using Excel Office 16,
based on data from Table 6.2

Given Figure 6.5, it becomes evident that Al-driven trade risk assessment
presents a multifaceted regulatory and economic challenge, with
compliance with data protection laws (27.4%) emerging as the most
critical concern, followed closely by unregulated decision-making risks
(25.8%), market instability and abuse (24.2%), and legal
accountability challenges (22.6%). The prominence of data protection
compliance risks reflects the growing complexities associated with cross-
border Al governance, privacy regulations (e.g., GDPR, CCPA), and
jurisdictional conflicts, which, if unaddressed, could result in trade
restrictions, financial penalties, and reputational risks for firms
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leveraging Al in global trade. Similarly, the substantial impact of
unregulated Al decision-making underscores the dangers of opaque,
biased, and unmonitored Al-driven risk assessments, which may lead
to financial misallocations, increased systemic vulnerabilities, and
potential exclusion of SMEs and emerging economies from equitable
trade financing. The risk of market instability and abuse, fueled by AI-
driven algorithmic trading, risk assessment models, and automated
compliance systems, raises concerns about financial volatility,
regulatory arbitrage, and trade manipulation, necessitating stricter
oversight mechanisms. Meanwhile, legal accountability challenges,
though slightly lower in impact, highlight unresolved questions regarding
liability for Al-generated errors, ethical governance, and cross-
jurisdictional legal disputes, further complicating the integration of Al
into global trade. These findings suggest an urgent need for harmonized
Al regulatory frameworks, greater algorithmic transparency, robust
oversight mechanisms to prevent financial distortions, and clear legal
structures defining Al accountability. Addressing these issues through
international collaboration, regulatory standardization, and ethical
Al deployment will be imperative to fostering a stable, transparent, and
equitable global trade ecosystem in the Al era.

Critical Perspective:

AD’s Impact on Global Trade Inequality:

The integration of artificial intelligence (AI) in global trade risk
assessment has the potential to exacerbate economic disparities between
developed and developing nations. A significant concern is the presence of
algorithmic biases that can reinforce existing inequalities.

Algorithmic Biases Reinforcing Economic Disparities Between
Developed and Developing Nations:

Al systems are trained on large datasets that often reflect historical biases.
When these biases are not adequately addressed, Al can perpetuate and
even amplify economic disparities. For instance, trade risk assessment
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models may undervalue or misinterpret data from developing countries
due to a lack of comprehensive data or inherent biases in the data used for
training. This can lead to unfavorable risk assessments for businesses in
these regions, resulting in higher costs of capital or reduced access to
international markets.

Professor Michael Barrett of Cambridge Judge Business School highlights
that algorithmic bias in Al can lead to global inequality and
marginalization. He emphasizes the need for a nuanced understanding of
how these technologies can inadvertently reinforce existing disparities
(Barrett, 2023).

Case Studies:

Unintended Discriminatory Trade Practices Facilitated by Al:
Credit Scoring Systems:

Al-driven credit scoring systems have been adopted globally to assess the
creditworthiness of businesses and individuals. However, these systems
can inadvertently disadvantage entities in developing nations. A study by
the Consumer Financial Protection Bureau (CFPB) found that certain Al
algorithms used in financial services exhibited discriminatory practices,
leading to unfair lending decisions. The CFPB expanded its definition of
"unfair" acts to include discriminatory conduct by Al, highlighting the
need for vigilant oversight (Jarrell , McGrath , Edwards , & Nagarajan ,
2023).

Supply Chain Management:

Al s increasingly used in supply chain management to predict demand and
optimize logistics. However, biases in these algorithms can lead to
unintended discriminatory practices. For example, an Al system might
deprioritize suppliers from certain developing countries due to perceived
risks, which may be based on incomplete or biased data. This can result in
reduced business opportunities for suppliers in these regions, further
entrenching economic disparities (IBM Data and Al Team, 2023).

These examples underscore the importance of critically evaluating Al
systems to ensure they do not perpetuate or exacerbate existing inequalities
in global trade. Implementing robust ethical guidelines and regulatory
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frameworks is essential to mitigate these risks and promote equitable
economic development.

Table 6.3: AI Impact on Global Trade Inequality

Al Bias Al Bias Al Bias
: Impact on Impacton  Impact on
t
Categories Trade Risk Credit Supply
Assessment Scoring Chain
01 Developed Nations 80 70 75
02 Developing Nations 40 30 35

Source: Own visualization using Excel Office 16, based on data from
(IBM Data and Al Team, 2023), (Jarrell , McGrath , Edwards , &
Nagarajan , 2023), (Barrett, 2023)

Figure 6.6: Al Bias Impact on Different Aspects of Global Trade
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From Table 6.3, it becomes evident that artificial intelligence (AI) biases
significantly impact global trade dynamics, exacerbating disparities
between developed and developing nations. The data illustrates that trade
risk assessments in developed economies benefit from Al-driven models
that assign lower risk scores (80 points), thereby facilitating investment
flows and trade expansion, whereas developing nations, with significantly
lower scores (40 points), face systemic barriers due to Al overestimations
of economic uncertainty. Similarly, in credit scoring, developed markets
(70 points) enjoy streamlined access to financing, whereas developing
economies (30 points) encounter financial exclusion as AI models
disproportionately assign higher default probabilities, increasing
borrowing costs and limiting economic growth. In supply chain
management, developed nations (75 points) benefit from Al-optimized
logistics and trade networks, whereas developing countries (35 points)
struggle with fragmented infrastructure and data inefficiencies, further
hindering trade competitiveness. The statistical disparities in Figure 6.6
underscore the profound consequences of Al bias, where developed
nations capitalize on Al-driven efficiencies while developing economies
remain marginalized due to entrenched algorithmic disadvantages.
Economically, these biases result in investment deterrence, trade
restrictions, and global capital flow imbalances, perpetuating structural
inequalities. To mitigate these challenges, it is imperative to recalibrate
Al algorithms, enhance data representation from emerging markets,
enforce regulatory oversight, and promote transparency in Al-driven
decision-making. Addressing these biases is critical to fostering a more
equitable and inclusive global trade environment, ensuring that Al
serves as a tool for economic integration rather than exacerbating
financial and geopolitical disparities.
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Figure 6. 7: Proportion of Al Bias Impact Across Trade Aspects
Supply Chain

Trade Risk Assessments
Credit Scoring

Source: Own visualization using Excel Office 16,
based on data from Table 6.3

Given Figure 6. 7, it becomes evident that Al bias exerts a significant
impact across key trade-related aspects, with trade risk assessments
(36.4%) exhibiting the highest level of distortion, followed by supply
chain management (33.3%) and credit scoring (30.3%). The
disproportionate bias in Al-driven trade risk assessments raises critical
concerns about the accuracy and fairness of financial risk evaluations,
potentially leading to misclassified trade risks, restricted access to
trade financing, and increased regulatory scrutiny, particularly for
SMEs and businesses in emerging economies. Similarly, the bias in
supply chain management suggests inefficiencies in supplier selection,
trade route optimization, and logistics planning, which could distort
market competition, reinforce trade imbalances, and create artificial
barriers to entry. Meanwhile, Al bias in credit scoring, though slightly
lower, remains a fundamental issue, as skewed risk assessments may lead
to discriminatory lending practices, financial exclusion, and
constrained capital flows for businesses with limited historical credit
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data. These systemic distortions, if left unregulated, could exacerbate
global trade inequalities, create inefficiencies in capital allocation, and
reduce market competitiveness. To address these challenges,
policymakers and financial institutions must implement Al bias auditing
frameworks, enhance algorithmic transparency, and diversify
training datasets to ensure fair and equitable Al-driven trade
assessments. Additionally, harmonizing Al governance standards at an
international level will be essential in mitigating systemic biases and
fostering a more inclusive, resilient, and efficient global trade
ecosystem.
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Conclusion:

In conclusion, the integration of Artificial Intelligence (Al) into global
trade risk assessment presents profound ethical and regulatory challenges,
including algorithmic bias, legal accountability gaps, and systemic
inequalities that disproportionately disadvantage emerging markets and
SMEs. Al-driven systems, while enhancing efficiency in credit scoring,
supply chain financing, and fraud detection, risk perpetuating historical
biases through skewed datasets and opaque decision-making processes, as
evidenced by discriminatory lending practices and exclusionary trade
finance outcomes. The lack of harmonized regulatory frameworks
exacerbates these issues, leaving critical vulnerabilities in data privacy,
compliance, and market stability unaddressed. To mitigate these risks,
stakeholders must prioritize algorithmic transparency, rigorous data
auditing, and globally harmonized governance standards that enforce
accountability and equity. By fostering collaboration between
policymakers, financial institutions, and Al developers, the global trade
ecosystem can harness Al’s transformative potential while safeguarding
against systemic disparities. Only through ethical innovation and proactive
regulation can Al evolve into a tool that promotes inclusive growth,
mitigates geopolitical imbalances, and ensures a resilient, equitable future
for global trade.
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Chapter 7
The Future of Al in Global Trade Risk Management

Introduction:

This chapter examines the evolving role of Artificial Intelligence (Al) in
global trade risk management from 2008 to 2024, focusing on emerging
technologies such as quantum computing, federated learning, and Al-
human collaboration, and their transformative potential in enhancing
predictive analytics, optimizing supply chains, and enabling
decentralized data-driven decision-making. It evaluates the adoption
rates and economic impacts of these technologies, juxtaposed with their
technical and regulatory challenges, while offering strategic
recommendations for policymakers, businesses, and researchers to
mitigate biases, ensure ethical Al deployment, and foster human-Al
collaboration through transparency, skill development, and harmonized
governance frameworks. A critical analysis explores the limitations of Al
in replacing human expertise, particularly in anomaly detection,
geopolitical adaptability, and regulatory compliance, and identifies future
risks—such as climate disruptions, rapid regulatory shifts, and
geopolitical instability—that demand hybrid solutions. By synthesizing
empirical data, case studies, and ethical critiques, this chapter
underscores the necessity of balancing technological innovation with
human oversight to build resilient, equitable, and adaptive global trade
ecosystems in an era of unprecedented complexity.
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Emerging Al Technologies Shaping the Future of Risk

Assessment:

The role of quantum computing, federated learning, and AI-human
collaboration:
Emerging artificial intelligence (AI) technologies are significantly
transforming global trade risk assessment by enhancing predictive
capabilities and decision-making processes. Notably, advancements in
quantum computing, federated learning, and Al-human collaboration are
at the forefront of this evolution.

Table 7.1: Al Technologies Impact on Trade Risk Management

01 Quantum Computing 9 7

02 Federated Learning 8 6
AI-HUMAN

03 Collaboration 7 8

Source: Own visualization using Excel Office 16, based on data from
(IBM Data and Al Team, 2023), (Jarrell , McGrath , Edwards , &
Nagarajan , 2023), (Barrett, 2023)
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Figure 7.1: Adoption Rate of AI Technologies in Risk Management
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The data in Table 7.1 illustrates that the impact and adoption of Al
technologies in global trade risk assessment exhibit significant variations,
influenced by factors such as technological complexity, industry
readiness, and economic feasibility. Quantum Computing, with the
highest impact score (9) and a moderate adoption rate (7), demonstrates
immense potential in optimizing trade analytics and anomaly detection,
yet its widespread implementation remains constrained by high costs and
technical barriers. Conversely, Federated Learning, despite its strong
impact score (8), records the lowest adoption rate (6), reflecting
persistent challenges in interoperability, computational overhead, and
regulatory alignment, which hinder its large-scale deployment in trade
risk management. Meanwhile, AI-Human Collaboration, with the highest
adoption rate (8) but the lowest impact score (7), underscores the
pragmatic integration of Al with human expertise, offering enhanced
decision-making capabilities while mitigating the risks associated with
full automation. The adoption trends, depicted in Figure 7.20, reveal a
V-shaped pattern, where Federated Learning lags in uptake, whereas Al-
Human Collaboration emerges as the most readily implemented
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approach. These insights suggest that while high-impact technologies
like Quantum Computing hold transformative potential, their adoption is
contingent on economic and infrastructural readiness. In contrast, Al-
Human Collaboration represents the most practical short-term strategy,
reinforcing the need for a phased Al adoption framework, where
industries prioritize scalable, hybrid models before transitioning toward
more advanced, computationally intensive solutions.

1. Quantum Computing

Quantum computing leverages principles of quantum mechanics to
perform complex calculations at unprecedented speeds, offering
substantial improvements over classical computing methods. In the
context of global trade risk assessment, quantum computing can process
vast datasets more efficiently, enabling more accurate modeling of
financial risks, supply chain disruptions, and geopolitical uncertainties.
For instance, companies like IBM and Terra Quantum have developed
quantum algorithms that outperform classical solutions in finance and
insurance, enhancing the precision of risk evaluations (Rosenbush,
2024).

2. Federated Learning

Federated learning is a decentralized machine learning approach that
allows multiple organizations to collaboratively train models without
sharing sensitive data. This method is particularly beneficial in global
trade, where data privacy and security are paramount. By utilizing
federated learning, entities can improve risk assessment models by
accessing a broader range of data inputs while maintaining data
confidentiality. A white paper by Human Managed highlights the
potential of federated learning in enhancing data privacy and developing
new business models, which can be instrumental in assessing risks across
various sectors, including finance and healthcare (Mitchell, 2024).
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3. Al-human collaboration

Figure 7.2: AI-Human Collaboration

0101@

Photo Credits: depositphotes.com

The synergy between Al systems and human expertise, known as Al-
human collaboration, combines computational efficiency with human
judgment. In global trade risk management, this collaboration enables
more nuanced analysis by integrating Al's data processing capabilities
with human insights into geopolitical and market dynamics. An article
from Open Source For You emphasizes that such collaboration leverages
the distinct strengths of both parties to achieve shared objectives, leading
to more effective risk mitigation strategies (Kasthuri & Nayyar, 2024).
Incorporating these emerging Al technologies into global trade risk
assessment frameworks can lead to more robust and comprehensive risk
management strategies, ultimately enhancing the resilience and
efficiency of international trade operations.

Recommendations for Policymakers, Businesses, and Researchers:

In the evolving landscape of global trade, the integration of Artificial
Intelligence (AI) offers significant advancements in risk assessment.
However, to harness Al's full potential, it is imperative to address
inherent biases and foster effective collaboration between Al systems and
human expertise. The following recommendations are directed towards
policymakers, businesses, and researchers to mitigate Al biases and
enhance Al-human synergy.
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1. Strategies for Mitigating Al Biases

a. Implement Comprehensive Bias Detection and Mitigation Frameworks
Organizations should adopt structured frameworks to identify, assess, and
mitigate biases in Al systems. This involves continuous monitoring and
evaluation throughout the AI lifecycle. The National Institute of
Standards and Technology (NIST) provides guidelines for managing Al
biases, emphasizing the importance of a comprehensive approach to risk
management (Schwartz, et al., 2022).

b. Ensure Diversity in Training Data

The quality and representativeness of training data are crucial in
minimizing biases. Datasets should encompass diverse scenarios and
variables pertinent to global trade to prevent skewed outcomes. A study
published in Sci highlights the significance of diverse data in mitigating
Al biases and promoting fairness (Ferrara, 2023, pp. 10-11).

c. Foster Transparency and Explainability

Developing Al systems with transparent and explainable decision-
making processes enhances trust and accountability. Policymakers and
businesses should advocate for Al models that provide clear rationales
for their outputs, facilitating better understanding and oversight. The
Brookings Institution underscores the need for transparency in Al to
ensure ethical outcomes (Lee, Resnick, & Barton, 2019).

2. Enhancing AI-Human Synergy

a. Promote Collaborative Intelligence Frameworks

Encouraging frameworks where Al systems and human experts work
collaboratively can lead to more effective decision-making in trade risk
assessment. This collaborative approach leverages the strengths of both
Al and human intuition. Research in Management Science discusses the
concept of Reciprocal Human-Machine Learning, emphasizing the
benefits of such partnerships.

b. Invest in Training and Skill Development

Continuous education and training programs for stakeholders in global
trade are essential to effectively integrate Al tools. Equipping
professionals with the necessary skills ensures they can work alongside
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Al systems efficiently. A recent study highlights the importance of
human-Al collaboration in enhancing productivity and decision-making
(Akinnagbe, 2024, p. 392).

c. Establish Ethical Guidelines and Standards

Developing and adhering to ethical guidelines for Al deployment in
global trade ensures responsible use. These standards should address
issues related to bias, accountability, and the delineation of human and Al
roles. The Brookings Institution discusses the importance of international
cooperation in establishing such standards (Meltzer & Kerry, 2021).

By implementing these strategies, policymakers, businesses, and
researchers can work towards mitigating Al biases and fostering a
harmonious integration of Al and human expertise in global trade risk

management.
Table 7.2: Al Strategies for Policymakers, Businesses, and
Researchers

Bias Detection & 8 7 9
Mitigation
Diversity in 7 8 9
Training Data
Transparency & 9 8 7
Explainability

Collaborative 6 9 8
Intelligence
Training & Skill 7 8 9
Development
Ethical Guidelines 10 7 9
& Standards

Source: Own visualization using Excel Office 16, based on data from
(Rosenbush, 2024), (Mitchell, 2024), (Meltzer & Kerry, 2021),
(Akinnagbe, 2024), (Lee, Resnick, & Barton, 2019), (Ferrara, 2023),
(Schwartz, et al., 2022)
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Figure 7. 3: Importance of Al Strategies by Sector
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Source: Own visualization using Excel Office 16,
based on data from Table 7.2

From the data presented in Table 7.2, it becomes evident that the
strategic priorities of policymakers, businesses, and researchers in the
realm of Al-driven global trade risk assessment exhibit both convergence
and divergence, reflecting the distinct objectives and operational
imperatives of each sector. Policymakers emphasize ethical guidelines
and transparency, underscoring the regulatory and compliance-driven
nature of their responsibilities, particularly in mitigating geopolitical
risks and ensuring accountability in Al applications. Businesses, on the
other hand, prioritize collaborative intelligence and diversity in
training data, signaling a strong focus on supply chain resilience and
adaptive risk management in an increasingly volatile global market.
Researchers place the highest importance on bias detection, skill
development, and ethical standards, reflecting their commitment to
advancing Al fairness, minimizing systemic financial risks, and
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fostering innovation. The statistical analysis reveals that ethical
guidelines (Mean = 8.67) have the highest overall importance, while
collaborative intelligence (Mean = 7.67) demonstrates the most
variability across stakeholders, indicating differing levels of emphasis
on cross-sector Al collaboration. The evolving economic landscape from
2008 to 2024 underscores the profound transformation of Al from a
regulatory challenge to a fundamental enabler of risk mitigation,
particularly in navigating geopolitical uncertainties, supply chain
disruptions, and financial market volatility. Ultimately, these insights
illuminate the intricate interplay between Al governance, economic
resilience, and strategic risk assessment in shaping the future of global
trade stability.

Critical Perspective:

Will AI Ever Fully Replace Human Expertise in Trade Risk
Assessment?

Artificial Intelligence (AI) has significantly transformed trade risk
assessment by enhancing data analysis, predictive modeling, and
decision-making processes. However, the prospect of Al fully
supplanting human expertise remains contentious. While Al excels in
processing vast datasets and identifying patterns beyond human
capability, it often lacks the nuanced understanding and contextual
awareness that human experts provide. For instance, Al systems may
struggle with interpretability, leading to challenges in explaining
decision-making processes—a critical aspect in risk management. The
Financial Industry Regulatory Authority (FINRA) highlights concerns
regarding the "black box" nature of some Al applications, emphasizing
the need for model explainability to ensure compliance and ethical
standards (FINRA, 2020).

Moreover, Al systems are typically trained on historical data, which may
not account for unprecedented events or anomalies. Human experts, with
their ability to apply judgment and experience, are better equipped to
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navigate such uncertainties. A panel of experts convened by the MIT
Sloan Management Review and Boston Consulting Group noted that the
rapid advancement of Al technologies often outpaces organizational risk
management capabilities, underscoring the indispensable role of human
oversight (Renieris, Kiron, & Mills, 2024).

Table 7.3: Trade Risk Assessment Data

Al Effectiveness Human Expertise
Category

(%) (%)
Al Data Analysis 90 70
Predictive Modeling 85 75
Decision-Making 80 85
n Model Explainability 60 90
H Handling Anomalies 50 95
H Human Oversight 40 100

Importance

Source: Own visualization using Excel Office 16, based on data from
(Renieris, Kiron, & Mills, 2024), (FINRA, 2020),
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Figure 7.4: AI vs Human Expertise in Trade Risk Assessment
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Source: Own visualization using Excel Office 16,
based on data from Table 7.3

From the data presented in Table 7.3, it is evident that AI has
demonstrated significant efficacy in structured, data-driven aspects of
global trade risk assessment, particularly in data analysis (90%) and
predictive modeling (85%), surpassing human expertise in these
domains. However, despite AI’s advancements in decision-making
(80%), it still lags behind human judgment (85%), highlighting the
indispensable role of human intuition in complex trade scenarios. The
limitations of Al become particularly pronounced in model
explainability (60%) and handling anomalies (50%), where human
expertise (90% and 95%, respectively) remains superior due to its
ability to contextualize geopolitical uncertainties and adapt to non-
standard risk factors. Notably, human oversight importance (100%)
far outweighs AD’s effectiveness (40%), underscoring the necessity of
human intervention in high-stakes economic and financial decision-
making. These findings suggest that while Al has revolutionized
predictive analytics and risk monitoring, a hybrid AI-human approach
is imperative for a comprehensive, adaptive, and resilient risk assessment
framework. Moving forward, integrating Al-driven automation with
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human interpretative oversight will be crucial in mitigating trade
uncertainties, enhancing explainability, and fostering robust regulatory
compliance in an increasingly volatile global economy.

Potential Al Failures in Future Trade Risk Management:
Despite its advancements, Al is not infallible and may encounter several
challenges in future trade risk management:

. Adaptation to Rapid Regulatory Changes: The dynamic nature of

global trade regulations poses a significant challenge for Al systems. Al
models trained on existing regulatory frameworks may struggle to adapt
promptly to new laws or amendments, leading to compliance risks. The
Brookings Institution identifies the velocity of Al developments and the
complexity of regulatory environments as key challenges for Al
oversight (Tom wheeler, 2023).

Climate-Related Trade Disruptions: Climate change introduces
unpredictable variables that can disrupt supply chains and trade flows. Al
systems may find it challenging to incorporate climate-related risks due
to their inherent unpredictability and the lack of historical data. The
World Economic Forum emphasizes the need for collaborative action and
data sharing to enhance Al's role in climate risk adaptation within value
chains (World Economic Forum, 2025).

Geopolitical Events: Geopolitical tensions, such as trade wars or
sanctions, can rapidly alter the trade landscape. Al systems may not
effectively predict or respond to these events, especially when they arise
suddenly or escalate quickly. The Financial Times discusses how
geopolitical factors, including policy changes and international conflicts,
contribute to economic volatility, posing challenges for Al-driven risk
assessments (STAFF, 2025).
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Table 7.4: Al Failures in Trade Risk Management

N° Potential Al Failures Risk Levels Impact on
Trade
Regulatory Adaptation 80 75
Climate Disruptions 70 65
Geopolitical Events 85 80

Source: Own visualization using Excel Office 16, based on data from
(STAFF, 2025), (World Economic Forum, 2025), (Tom wheeler, 2023),

Figure 7.5: Al Failures in Trade Risk Management
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From the data presented in Table 7.4, it becomes evident that Al failures

in trade risk management exhibit varying degrees of severity across three
critical domains: Regulatory Adaptation, Climate Disruptions, and
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Geopolitical Events. The Geopolitical Events category poses the most
significant challenge, with a total severity level of 165, indicating that Al
struggles to anticipate and adapt to political instability, trade sanctions,
and diplomatic conflicts, thereby exacerbating volatility in global trade.
Regulatory Adaptation, with a cumulative severity of 155, highlights the
persistent inefficiencies in Al-driven compliance mechanisms, where
regulatory misalignment and delayed adaptation can lead to operational
disruptions and financial penalties. Meanwhile, Climate Disruptions,
although slightly less severe at 135, still present considerable risks,
particularly in supply chain resilience and commodity market stability,
emphasizing the need for Al systems that can better integrate
environmental  forecasting and logistical  optimization. = The
accompanying Figure 7.5 visually reinforces these findings, illustrating
the distinct impact of Al inefficiencies in each category, with risk levels
(blue) and trade impact (red) forming a clear correlation. From an
economic perspective, these failures underscore the urgent need for
enhanced Al predictive models, automated regulatory adaptation
frameworks, and climate-responsive trade algorithms to mitigate
systemic vulnerabilities. In the short term, improving AI’s geopolitical
forecasting, compliance automation, and climate analytics will be
critical, while long-term strategies should focus on blockchain
integration, international regulatory harmonization, and quantum Al
deployment to ensure resilience in global trade dynamics. Ultimately, this
analysis highlights that while Al has advanced trade risk assessment, its
current limitations in adaptability and predictive accuracy necessitate
strategic refinements to bolster trade stability and economic security in
an increasingly uncertain global landscape.
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Figure 7.6: Proportion of Al Failure Risks in Trade
Regulatory Adaptation

Climate Disruptions

Geopolitical Events

Source: Own visualization using Excel Office 16,
based on data from Table 7.4

Given Figure 7.6, it becomes evident that Al-driven trade risk
assessments are highly vulnerable to three interrelated risk factors:
geopolitical events (36.2%), regulatory adaptation challenges
(34.0%), and climate disruptions (29.8%). The predominance of
geopolitical risks underscores the difficulty AI models face in accurately
forecasting trade wars, economic sanctions, and political instability,
leading to misjudged risk assessments, disrupted supply chains, and
financial misallocations. Similarly, regulatory adaptation challenges
highlight the increasing complexity of aligning Al-driven trade
assessments with rapidly evolving governance frameworks,
compliance standards, and data protection laws, where failure to
adapt can result in legal penalties, restricted market access, and
operational inefficiencies. Meanwhile, climate disruptions, though
slightly lower in impact, present significant challenges for AI models in
predicting extreme weather events, sustainability regulations, and
environmental shifts, all of which affect logistics, trade routes, and
commodity markets. The near-equal distribution of these risks suggests
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that no single factor dominates Al failure risks in trade; rather, their
intersection exacerbates economic vulnerabilities. Addressing these
risks necessitates enhanced geopolitical forecasting capabilities, Al
compliance standardization, and the integration of climate risk
analytics into trade models. Furthermore, international AI governance
frameworks must be harmonized to prevent regulatory
fragmentation, while Al-driven trade policies should incorporate
adaptive mechanisms to mitigate systemic shocks. Ultimately,
ensuring Al resilience in global trade requires a holistic approach that
integrates geopolitical intelligence, regulatory foresight, and
sustainability analytics to foster a more stable, efficient, and adaptive
trade ecosystem.
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Conclusion:

The transformative potential of Al in global trade risk management from
2008 to 2024 lies in its ability to enhance predictive analytics, optimize
supply chains, and enable decentralized decision-making through
technologies like quantum computing, federated learning, and Al-human
collaboration. While these innovations offer unprecedented efficiency
gains, their adoption remains uneven due to technical complexity,
infrastructural constraints, and regulatory misalignment. Quantum
computing, despite its high impact, faces barriers in cost and scalability,
whereas federated learning struggles with interoperability and
computational demands. In contrast, Al-human collaboration emerges as
the most pragmatic near-term solution, balancing automation with human
contextual expertise. Critical challenges—such as AI’s limitations in
handling geopolitical volatility, regulatory adaptability, and climate
disruptions—underscore the necessity of hybrid frameworks that
integrate Al’s analytical prowess with human oversight. Policymakers,
businesses, and researchers must prioritize ethical guidelines,
transparency, and skill development to mitigate biases, harmonize
governance, and foster resilience. Ultimately, the future of trade risk
management hinges not on replacing human judgment but on cultivating
synergistic partnerships where Al augments human expertise, ensuring
adaptive, equitable, and sustainable global trade ecosystems in an era of
escalating complexity.
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Conclusion

The rapid evolution of Artificial Intelligence (AI) in global trade risk
assessment has reshaped the methodologies used to analyze geopolitical,
supply chain, and financial risks. Over the period 2008-2024, Al-driven
models have demonstrated their ability to enhance predictive accuracy,
automate complex decision-making processes, and provide real-time insights
into trade vulnerabilities. However, as this book has critically analyzed, Al
remains a double-edged sword—offering significant advancements while
also presenting inherent limitations that necessitate further refinement.

Key Findings and Contributions

This study has underscored the transformative role of Al in trade risk
management, revealing both its strengths and weaknesses:

e Geopolitical Risk Assessment: Al has revolutionized risk prediction
through data-driven political sentiment analysis and predictive
modeling. However, it continues to struggle with qualitative factors
such as sudden diplomatic shifts, regulatory unpredictability, and
ideological nuances.

e Supply Chain Resilience: Al-powered logistics optimization,
predictive analytics, and real-time tracking have enhanced supply
chain visibility. Nonetheless, the inability of Al models to accurately
predict unprecedented events—such as the COVID-19 pandemic and
global trade blockages—has exposed significant gaps in Al-driven
forecasting.

o Financial Risk Management: Al has significantly improved fraud
detection, credit risk assessment, and real-time financial monitoring.
Yet, algorithmic biases in Al-driven financial risk models remain a
pressing concern, as these biases may disproportionately
disadvantage emerging markets and SMEs.
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o Ethical and Regulatory Challenges: The reliance on Al for trade risk
assessment introduces regulatory and ethical dilemmas, particularly
concerning algorithmic transparency, data bias, and the unintended
reinforcement of economic inequalities between developed and
developing economies.

The Path Forward

While AI has made significant strides in revolutionizing trade risk
assessment, its role should not be viewed as a complete replacement for
human expertise. Instead, Al should serve as an augmented intelligence
system—enhancing, rather than replacing, human decision-making. Future
research and policy directions should focus on:

1. Developing Hybrid AI-Human Risk Models: AI models must
integrate expert human judgment to assess qualitative risk factors,
reducing over-reliance on historical data and improving predictive
reliability in unprecedented situations.

2. Mitigating Bias and Enhancing AI Transparency: Regulatory
bodies should implement standard frameworks to reduce Al bias and
ensure explainability in risk assessment models.

3. Advancing Real-Time Al Adaptability: Al models must incorporate
real-time geopolitical, economic, and environmental variables to
improve their predictive power in volatile trade environments.

4. Strengthening AI-Driven Policy Formulation: Policymakers and
international trade organizations should collaborate to align Al
advancements with global trade regulations, ensuring that Al serves
as an equitable and efficient tool in risk assessment.

As Al continues to evolve, its application in global trade risk assessment must
be approached with both enthusiasm and caution. The future of Al in this
field will depend on its ability to balance automation with human
oversight, ensuring that trade risk assessment remains both technologically
advanced and strategically sound. This book serves as a foundation for
ongoing research, bridging AI’s current capabilities with its future potential
in fostering a more resilient, transparent, and adaptive global trade
ecosystem.
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