
January 2026

Irakli Petriashvili

Author

RESEARCH PAPER SERIES NO. 17

IACARESEARCH
&SCIENCE

DEPLOYING ARTIFICIAL 
INTELLIGENCE  
TO CURB CORRUPTION IN  
THE EUROPEAN UNION



© International Anti-Corruption Academy, January 2026

LEGAL NOTICE

Copyright © 2026 Irakli Petriashvili / International Anti-Corruption Academy (IACA).

All rights reserved. Private, non-commercial use is permitted within the scope of copyright law 

provided that this work remains unaltered, due credit is given to the author, and the source is 

clearly stated. The views expressed therein are the authors’ views and do not necessarily reflect 

the views of IACA. PUBLISHER International Anti-Corruption Academy (IACA)

Muenchendorfer Str. 2 2361

Laxenburg

Austria.

+43 (0)2236 710 718 100

www.iaca.int

mail@iaca.int

Laxenburg 2026

INTERNATIONAL ANTI-CORRUPTION ACADEMY 

RESEARCH PAPER SERIES NO. 16



2 
 

A bstract  

This study presents the systematic map of artificial intelligence tools used to curb 

corruption across the European Union and offers quantitative evidence that 

countries adopting AI technologies experience meaningful reductions in 

corruption offences. Drawing on empirical data from Eurostat, the European 

Public Prosecutor’s Office, and the EU Public Sector Tech Watch, the research 

identifies forty-seven AI anti-corruption systems deployed by seventeen member 

states between 2016 and 2024. Across these countries, police-recorded 

corruption offences fell by 17,592 cases. The author’s calculations indicate that 

financial cost of a per corruption case in EU member states range from 1.8 to 9.8 

million euros. These figures translate into an estimated 31.7 to 172.4 billion 

euros in protected public value after AI anti-corruption tools implementation. 

A closer examination of the three highest AI adopters from 2016-2023 - 

demonstrates the scale of improvement: Italy achieved an 86.2 percent decline 

in corruption offences, while the Netherlands and Germany recorded reductions 

of 21.4 percent and 18.3 percent, respectively. By contrast, Member States that 

did not deploy any anti-corruption AI systems, including Bulgaria, Croatia, and 

Romania, same period experienced persistent increases in corruption, in some 

cases exceeding 150 percent. 

Taken together, the findings provide the strongest cross-national evidence to 

date that AI-based systems can strengthen states’ capacity to reduce corruption. 

By producing the EU’s first AI anti-corruption map and demonstrating the scale 

of public resources potentially safeguarded through technological adoption, this 

study establishes a new empirical foundation for rethinking anti-corruption 

policy, guiding future investment decisions, and advancing the broader research 

agenda on AI governance and public sector integrity. 

 

Keywords:  Artificial intelligence; Anti-corruption; EU public Administration; 

Digital Transformation; Algorithmic Oversight. 
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Part 1 . Introduction  

1.1 Background  

Corruption remains persistent challenges facing the European Union. It 

undermines the equitable use of public resources, weakens public institutions, 

and reduces citizen trust. Despite progress in building stronger public 

administration systems and improving oversight, corruption continues to surface 

in procurement, public works, healthcare supply chains, tax administration, and 

the distribution of EU structural funds. Many Member States still struggle with 

capacity gaps, manual oversight procedures, and fragmented monitoring 

mechanisms. 

At the same time, the landscape of public administration is shifting. European 

institutions and national governments increasingly rely on digital transformation 

to modernize governance. Artificial intelligence, machine learning, and advanced 

analytics are at the heart of this transition. These technologies can scan large 

volumes of data, detect anomalies, uncover irregular patterns, and support early 

risk identification, which traditional oversight tools often fail to achieve 

effectively. 

The European Commission has recognized this need for modernization through 

policies such as the Digital Decade Policy Program 2030, the Digital Europe 

Program, and the Interoperable Europe Act. These initiatives guide Member 

States in adopting new technologies that support public sector transformation. 

1.2 Scale of Corruption in the European Union  

The financial and social impact of corruption in the EU is significant. Annual 

losses are estimated to range between 179 and 990 billion euros
1

, which 

 
1 The cost of non-Europe in the area of organized crime and corruption: Annex II - Corruption. European 
Parliamentary Research Service. 
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represents up to 6 percent of the EU’s GDP. Such losses reveal how deeply 

corruption affects both national and EU level budgets. 

Police recorded corruption data from Eurostat shows a total of 607,118 

corruption offences across the EU between 2018 and 2023
2

, or roughly 101,000 

cases per year across the EU27. This highlights that corruption is not only costly, 

but also widespread. These figures, presented in your analytical slides, provide a 

reliable baseline for measuring change. 

EPPO’s 2024 report
3

 reinforces this picture. The office handled 2,666 

investigations worth 24.8 billion euros in potential losses. Within this group, 199 

cases were classified as corruption, with losses estimated at 1.64 billion euros. 

This reflects an average of about 8.25 million euros in damages per corruption 

case. Together, these sources illustrate the substantial scale and cost of 

corruption across the EU. 

1.3 Digital Transformation and the Rise of AI  

The Public Sector Tech Watch database
4

 shows that by 2024, Member States were 

using 1,640 AI tools across various public administration functions. Out of these, 

forty-seven tools in seventeen countries were explicitly designed to anti-

corruption tasks such as fraud detection, public procurement monitoring, conflict 

of interest analysis, and risk scoring. Ten Member States had no AI tools targeting 

corruption, which creates an important comparative opportunity.  

1.4 The Research Gap  

Despite significant investment in digital transformation, the European Union still 

lacks a systematic and data driven understanding of how artificial intelligence 

contributes to anti-corruption outcomes. Current academic literature focuses 

heavily on theoretical discussions, case studies, or ethical considerations, but it 

does not map how AI tools are deployed by Member States. More importantly, no 

 
2 Eurostat (2024) ‘Police recorded corruption offences, EU-27, 2018–2023’. Available at: 
https://ec.europa.eu/eurostat 
3 European Public Prosecutor’s Office (EPPO) (2024) ‘Annual Report 2024: Investigations and Financial Losses’ 
4 European Commission, Joint Research Centre (JRC), "PSTW: Public Sector Tech Watch latest dataset of selected 
cases,"  
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study has examined whether these tools are explicitly designed for anti-

corruption functions or whether investments in AI correspond to improvements 

in real world corruption indicators, including those reported by EPPO and 

Eurostat. 

1.5 Research Questions  

The study explores four core questions:  

a) To what extent are EU Member States deploying AI tools that are explicitly 

designed for anti-corruption tasks. 

b) Do countries with higher levels of AI adoption show stronger reductions in 

corruption outcomes. 

c) Do countries with minimal or no AI adoption experience higher corruption 

losses or worsening offence trends. 

d) Does the financial value of corruption reduction, measured using EU wide 

per case loss estimates, indicate substantial public savings linked to AI 

deployment? 

1.6 Contribution and Significance  

This study contributes to academic research and policy development in several 

ways. Empirically, it provides the first cross EU quantitative measurement of AI 

deployment effects on corruption outcomes. The results show that forty-seven AI 

tools across seventeen Member States correlate with 17,592 fewer recorded 

offences. Financially, by applying EU wide economic loss estimates, the study 

calculates that AI adopters may have protected between 31.7 and 172.4 billion 

euros in public resources. Comparative contribution perspective it shows: 

Countries that selected for research analysis: Italy, the Netherlands, and Germany 

achieved notable reductions, while non adopters experienced increases, 

highlighting the value of AI in enhancing integrity systems. Practical findings 

support evidence-based investment in AI tools that can detect fraud and 

corruption earlier and more efficiently than traditional methods. 
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Part  2 .  Literature Review and Theoretical Framework  

2.1 Introduction  

Corruption and digital governance research have evolved separately; while public 

administration has long studied corruption's structural causes, research into AI 

in government is relatively new. As a result, the intersection between AI and 

corruption control remains conceptually fragmented and empirically 

underdeveloped. This literature review combines four areas of research: classical 

corruption theory, public integrity studies, digital era governance, and AI 

governance literature. By integrating these fields, the review identifies clear gaps 

addressed by this study. 

2.2 Classical and Contemporary Understandings of Corruption  

Corruption is commonly defined as the misuse of public power for private gain 

(Rose-Ackerman, 1999). Classical institutional analyses illustrate how corruption 

arises when monopolistic authority, discretionary power, and weak accountability 

mechanisms coexist (Klitgaard, 1988). Contemporary research expands this 

view, highlighting systemic, network-based, and informal governance 

arrangements (Mungiu-Pippidi, 2015). Corruption is therefore not simply an 

individual failure but often reflects structural incentives, weak oversight 

institutions, and entrenched social norms. 

In the European Union, significant variation persists across Member States. 

Studies consistently show stronger control of corruption in Northern Europe, 

while Southern and Eastern Member States face profound challenges involving 

procurement fraud, misuse of EU funds, and political patronage (Charron, 

Dahlström, Fazekas, & Lapuente, 2017). The European Commission’s rule-of-law 

assessments also highlight that audit institutions, integrity agencies, and judicial 

systems vary widely in both capacity and independence. 

Traditional corruption measurement tools rely heavily on perception-based 

indicators such as Transparency International’s Corruption Perceptions Index 
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(CPI). Scholars acknowledge the value of these tools but emphasize their 

limitations, including sensitivity to reputation effects, expert bias, and the 

difficulty of capturing short-term change (Heywood, 2018). Administrative data, 

such as Eurostat’s recorded corruption offences or EPPO investigations, provides 

a more concrete but underused lens for empirical analysis. 

Despite these developments, literature has not examined whether technological 

interventions, particularly AI, can alter the structural foundations of corruption. 

This gap motivates the current research. 

2.3  Digital Governance and the Transformation of Oversight  

Digital transformation has been a central theme in public administration research 

over the past two decades. Early digital government research focused on service 

delivery and e-government (Organisation for Economic Co-operation and 

Development, 2003) and (Fountain, 2001) More recent work emphasizes 

algorithmic governance, data-driven decision-making, and digital-era public 

management (Dunleavy, Margetts, Bastow, & Tinkler, Journal of Public 

Administration Research and Theory). Digitalization enhances oversight in 

several ways: It increases transparency by making transactions and documents 

more traceable. It reduces human discretion by automating routine steps 

(Bannister & Connolly, 2014), It expands monitoring capacity through large-scale 

data analytics (Wirtz & Müller, 2019) It enables predictive identification of fraud 

or procurement anomalies. 

However, scholars caution that technology alone cannot eliminate corruption. 

Digital tools require strong institutions, competent personnel, data quality, and 

a broader integrity ecosystem (Cordella & Tempini, 2015). In weak governance 

environments, digital systems can even reproduce existing power asymmetries. 

Despite these insights, digital governance research has barely engaged with 

corruption outcomes directly. Most studies examine efficiency, service quality, or 
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citizen satisfaction, not whether digital tools reduce criminal or irregular 

behavior.  

2.4  Artificial Intelligence in Government: Opportunities and Risks  

AI introduces capabilities that go beyond traditional digital tools. Machine 

learning models can detect patterns invisible to human auditors, classify risks, 

or flag suspicious behavior. Typical anti-corruption applications include: 

Procurement anomaly detection (Organisation for Economic Co-operation and 

Development, 2022), Fraud scoring models in taxation (Wagenaar, 2021), 

Network mapping to identify collusive bidding (Ferwerda, Toth, & Fazekas, 2020), 

Text-mining for conflict-of-interest risks in registries (Sousa, Bessa, & Tello, 

2021). AI systems offer three advantages highlighted in the literature: 

1. Scale: AI models can process millions of transactions in seconds. 

2. Speed: Early warnings allow auditors and investigators to intervene sooner. 

3. Accuracy: Machine learning can detect weak signals or behavioral 

fingerprints of corruption. 

Yet risks are substantial. Scholars warn of algorithmic bias, opacity, explainability 

limitations, and accountability gaps (Ada Lovelace Institute, 2020). When 

governments adopt AI, they must ensure fairness, transparency, and auditability. 

Although anti-corruption AI research is emerging, it remains limited. A few 

studies demonstrate AI’s capacity to detect irregularities. For example: Fraud 

detection in financial statements: supervised learning models outperform 

traditional indicators (Perols, 2011). Procurement corruption: anomaly detection 

reveals suspicious bidding clusters (Höchtl, 2016). Healthcare fraud: neural 

networks flag improper billing patterns (Joudaki, 2016). Tax fraud: predictive 

scoring models identify risky taxpayers (Wagenaar, 2021). 

However, these studies are sector-specific and often limited to single-country 

datasets. They do not assess whether national-level integrity outcomes change 

when governments deploy AI tools explicitly intended for oversight. 
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2.5  Mapping AI Deployments: A Missing Body of Work  

A notable and understudied gap in the current literature is the absence of 

systematic, function-specific mapping of AI tools used by EU Member States for 

anti-corruption purposes. While several bodies of work have examined broader 

aspects of digital transformation in the public sector, they do so at a general or 

preparatory level. Existing analyses focus on overall government digitalization 

trends (Organisation for Economic Co-operation and Development, 2020), 

national AI readiness and capability indices (European Commission, 2021), and 

strategic perspectives on public sector innovation and mission-oriented 

governance (Mazzucato, 2018). However, none of these studies identify, classify, 

or compare the concrete AI systems that are actively deployed to detect, prevent, 

or investigate corruption. As a result, the field lacks both a conceptual inventory 

and an empirical overview of how AI is operationally embedded within Member 

State integrity systems. This missing link underscores the need for the first 

dedicated mapping of AI deployments for anti-corruption functions across the 

European Union. 

Part 3 . Research Methodology  

3.1 Research Design  

This study adopts a mixed-methods quantitative design that integrates 

descriptive mapping, cross-country comparative analysis, correlation testing, and 

financial impact estimation. The goal is to provide a systematic, evidence-based 

assessment of whether artificial intelligence tools deployed by EU Member States 

for anti-corruption functions are associated with measurable reductions in 

recorded corruption offences and corruption-related financial damages. The 

research design is structured around four analytical components that directly 

reflect the research questions and the conceptual framework outlined in Part 2: 

1. Mapping the deployment of AI tools explicitly targeting anti-corruption 

functions. 
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2. Measuring corruption outcomes using Eurostat and EPPO administrative 

data. 

3. Comparing trends between AI-adopter and non-adopter countries. 

4. Estimating the euro-value impact of observed corruption reductions based 

on established EU loss ranges. 

3.2  Data Collection  

- AI Deployment Data: EU Public Sector Tech Watch (2024) – AI deployment data 

were obtained from the EU Public Sector Tech Watch platform, the most 

comprehensive repository of AI systems used by European public 

administrations. The database contains 1,640 documented AI tools with 

information on use-cases, implementing institutions, technology type, and policy 

domain. Through a manual screening and coding process, only those tools that 

directly fulfilled anti-corruption functions were selected. This yielded 47 AI tools 

deployed by 17 EU Member States, while 10 countries had no relevant AI 

deployments. 

- Eurostat Police-Recorded Corruption Offences (2016–2023) - The primary 

outcome variable is the number of police-recorded corruption offences, drawn 

from annually harmonized Eurostat datasets. Between 2018 and 2023, Member 

States recorded 607,118 corruption offences, averaging roughly 101,000 cases 

annually. Eurostat data offer a rare, comparable, administrative measure of 

corruption activity, covering the full 2016–2023 period necessary for trend 

analysis. 

- European Public Prosecutor’s Office (EPPO) Data - EPPO annual reports provide 

detailed information about corruption, fraud, and related financial crime 

affecting the EU budget. The 2024 report documented: 

- 2,666 active investigations 

- €24.8 billion in estimated losses 

- 199 corruption cases totaling €1.64 billion 

- An empirical mean per-case value of €8.24 million 
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3.3  Data Analysis  

1. AI Anti-Corruption map. A central methodological contribution of this study is 

the creation of the first AI Anti-Corruption Map of the EU. This map was 

constructed by systematically coding each AI tool according to specific functional 

categories relevant to anti-corruption efforts. The classification system employed 

draws upon the OECD’s framework for digital public integrity as well as 

established typologies from audit analytics. The functional categories used in the 

classification include: 

• Fraud detection systems 

• Procurement monitoring systems 

• Conflict-of-interest screening tools 

• Transaction anomaly detection 

• Whistleblower intake analysis 

• Document and contract screening 

• Beneficial ownership network analysis 

• Predictive risk scoring 

AI tool was carefully screened through a manual process to ensure relevance and 

accuracy. The screening involved reviewing information, including: 

• Official project descriptions 

• Functionality summaries 

• Deployment reports 

• Public sector use-case databases 

Only those tools that met at least one anti-corruption criterion were included in 

the final mapping. This rigorous coding and selection process ensured that the 

AI Anti-Corruption Map accurately reflects the landscape of relevant digital tools 

deployed across the European Union. This extraction resulted in: 

• 47 anti-corruption AI tools 
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• Deployed across 17 EU Member States5 

• With 10 countries6 having zero relevant deployments 

2. Estimating the Financial Value of a Corruption Case: The per-corruption-case 

cost model is the author’s own calculation, derived by combining: 

1. EU-wide annual corruption loss estimates from the European Parliamentary 

Research Service (EPRS), which range between €179 billion and €990 

billion; and 

2. Eurostat’s annual average corruption offences (≈101,000 cases). 

The resulting standardized estimates are: 

- €1.8 million per corruption case (lower-bound) 

- €9.8 million per corruption case (upper-bound) 

Validation of the Method: The author’s estimates align closely with empirical 

EPPO data. EPPO identified 199 corruption cases with €1.64 billion in damage, 

yielding a mean €8.24 million per case, which falls within the calculated range. 

This provides strong external validation and supports the reliability of using the 

author’s per-case values to estimate protected public value across Member 

States. 

Merged Multi-Country Dataset:  A harmonized dataset was constructed 

combining: 

• AI deployment counts and timing, 

• police-recorded corruption offences (2016–2023), 

• CPI scores (contextual only; not used as dependent variables), 

• EPPO-estimated financial losses, 

 
5 1.Italy 2. France 3. Germany 4. Netherlands 5. Belgium 6. Estonia 7. Greece 8. Portugal 9. Austria 10. Czech 
Republic 11. Denmark 12. Spain 13. Finland 14. Hungary 15. Malta 16. Slovenia 17. Luxembourg 
6 18. Bulgaria 19. Croatia 20. Cyprus 21. Ireland 22. Latvia 23. Lithuania 24. Poland 25. Romania 26. Slovakia 
27. Sweden 
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• estimated per-case value, 

• classification as AI-adopter vs. non-adopter. 

All variables were aligned to standardized annual periods. AI deployment was 

transformed into a cumulative trend variable to capture progressive adoption. 

Cross-validation was applied to confirm the authenticity of each AI tool’s 

implementation. 

4. Correlation Analysis. To quantify the relationship between AI deployment and 

corruption outcomes, Pearson correlation coefficients were calculated between: 

• cumulative AI tools per country, 

• annual police-recorded corruption offences, and 

• CPI Index. 

Correlation testing was performed for selected EU Member States in the six-

country subgroup. This procedure assesses the direction and strength of 

association while acknowledging that correlation does not imply causation. It 

provides a rigorous statistical complement to descriptive trends. 

3.4  Research Scope  

The analysis is structured at two levels: EU-Wide Examination- All 27 EU Member 

States were included to identify macro-level patterns in AI deployment and 

corruption trends. This provides a structural foundation for understanding the 

broader continental landscape. Six-Country Deep Investigation: To capture 

dynamics that may be obscured in aggregate statistics, an intensive analysis was 

conducted for six purposefully selected Member States: 

Table N1 

Top AI adopters  Non - adopters  

 

 Italy  7 AI -Tools Bulgaria 0 - AI Tools 
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Germany 5 AI -Tools Croatia 0 - AI Tools 

Netherlands  5 AI -Tools Romania 0 - AI Tools 

 

This contrastive sampling design enables a clear comparison between 

countries with the highest level of technological investment in anti-corruption 

tools and those with none. It allows for detailed assessment of trend behavior, 

correlation strength, and estimated financial impacts. 
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Part  4 . Finding  and  Results  

This section presents the empirical results of the study. It integrates EU-wide 

patterns, national-level corruption trajectories, cross-country comparisons, 

correlation analysis, and financial impact estimates. The findings follow the logic 

of the methodological framework outlined in Part 3. The analysis begins by 

describing the distribution of anti-corruption AI tools across the European Union. 

It then traces the evolution of corruption offences across all Member States using 

Eurostat data. The core of this section is the deep comparative assessment of six 

countries representing the structural extremes of adoption. The final component 

evaluates the economic implications of observed reductions in corruption 

offences. Together, these findings provide the first multi-country empirical 

evidence connecting AI adoption to shifts in corruption outcomes across the 

European Union. 

4. 1  Mapping Anti - Corruption AI Adoption Across the EU  

The structural mapping of anti-corruption AI tools reveals a sharply uneven 

distribution across the European Union. The EU Public Sector Tech Watch dataset 

identifies 1,640 AI systems in public administration, of which only 47 qualify as 

anti-corruption tools. These 47 tools are deployed in 17 Member States. The 

remaining 10 countries have not implemented a single AI-based integrity or fraud 

detection system. 

Table N2 AI-adopter and Non-Adopter EU Member countries and the number of 

tools: 
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AI adopter EU Members   Non - AI adopter EU 

members  

1. Italy 

 

7  18. Bulgaria 0 

2. France 

 

5  19. Croatia 0 

3. Germany 

 

5  20. Cyprus 0 

4. Netherlands 

 

5  21. Ireland 0 

5. Belgium 

 

3  22. Latvia 0 

6. Estonia 

 

3  23. Lithuania 0 

7. Greece 

 

3  24. Poland 0 

8. Portugal 

 

3  25. Romania 0 

9. Austria 2  26. Slovakia 0 

10. Czechia 

 

2  27. Sweden 0 

11. Denmark 

 

2    

12. Spain 

 

2    

13. Finland 

 

1    

14. Hungary 

 

1    
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15. 

Luxembourg 

 

1    

16. Malta 

 

1    

17. Slovenia 1    
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Source: EU Public Sector Tech Watch (2024)  

 

By contrast, ten EU Member States did not deploy any anti-corruption AI tools 

during the study period: This distribution shows a clear bifurcation within the EU. 

A minority of Member States invested in digitizing integrity systems, while a 

substantial group showed no comparable technological development. Italy, 

Germany, and the Netherlands represent the highest intensity adopters within 

the EU, while Bulgaria, Croatia, and Romania represent some of the most 

important non-adopter jurisdictions. These structural differences form the 

foundation for the six-country comparative analysis. 

4. 2  EU - Wide Evolution of Police - Recorded Corruption Offences  

Eurostat data indicates that EU-27 police forces recorded 607,118 corruption 

offences between 2018 and 2023, averaging approximately 101,000 cases per 

year. This baseline is important, as it demonstrates that corruption remains a 

persistent and measurable problem across the EU. The overall trend is 

characterized by moderate decreases in some countries and increases in others, 

creating an important context for evaluating the significance of AI deployment. 
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Table N3 – EU-27 Police-Recorded Corruption Offences 

 

Source: Eurostat (2024) ‘Police recorded corruption offences, EU-27, 2016–2023. 

The EU-wide dataset shows that high-adoption countries tend to follow a 

downward trend, while many non-adopters experience stagnation or escalation. 

This divergence becomes clearer when examining the six-country comparison. 

4.3 Corruption Trends in High - Adoption Countries Italy, Netherlands, 

Germany  

Italy stands out as the strongest performer. Recorded corruption offences fell 

from 21,828 in 2016 to 3,004 in 2023. This represents an 86.2 percent 

reduction, one of the most pronounced declines across the EU. Italy’s deployment 

of seven anti-corruption AI tools aligns temporally with this decline. These tools 

include systems for procurement anomaly detection, contract scoring, and 

EU 27 2016 2017 2018 2019 2020 2021 2022 2023

1 Belgium 5,158 4,596 4,729 4,849 4,353 4,919 5,274 5,005

2 Bulgaria 223 233 673 585 486 565 534 572

3 Czechia 2,959 2,723 2,596 2,339 1,689 1,396 1,610 1,581

4 Denmark 5,246 3,717 4,833 5,060 3,873 4,777 3,481 7,171

5 Germany 6,502 3,850 3,970 4,147 4,170 5,110 4,928 5,312

6 Estonia : 291 376 72 81 87 165 71

7 Ireland : 4 6 5 8 9 9 2

8 Greece : 902 658 614 607 757 652 626

9 Spain 1,144 1,127 974 884 762 1,063 1,515 1,187

10 France 2,007 1,966 2,356 2,395 2,298 2,745 2,504 2,584

11 Croatia 905 761 515 785 538 912 1,187 862

12 Italy 21,303 3,572 3,367 3,469 3,770 3,842 3,671 2,760

13 Cyprus 41 31 17 15 13 12 24 7

14 Latvia 287 185 242 354 182 205 195 157

15 Lithuania 761 749 555 495 551 624 525 329

16 Luxembourg 5 1 3 1 5 4 0 :

17 Hungary 1,165 1,281 2,238 1,806 2,377 6,516 1,111 2,117

18 Malta 5 3 8 4 16 26 23 77

19 Netherlands 6,905 6,740 6,630 6,605 5,890 5,320 5,455 5,425

20 Austria 3,151 3,209 3,113 3,158 2,879 2,915 3,085 4,503

21 Poland 7,092 7,417 10,036 6,241 7,505 6,109 5,373 3,429

22 Portugal 152 176 166 170 154 212 175 223

23 Romania 1,401 5,435 4,379 4,090 3,414 4,017 3,935 3,246

24 Slovenia 1,159 971 213 219 312 249 625 212

25 Slovakia 105 167 151 136 131 186 137 82

26 Finland 3,667 3,565 3,846 3,960 4,041 3,700 3,672 4,082

27 Sweden 21,037 21,095 21,031 20,617 19,791 21,281 19,490 20,784

92,380 74,767 77,681 73,075 69,896 77,558 69,355 72,406
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financial irregularity screening. Although Italy also implemented institutional 

reforms, the magnitude and consistency of reductions suggest that AI-supported 

oversight mechanisms strengthened detection and prevention capabilities.  

Figure N1 

 

Source: Author Own Calculation 

The Netherlands experienced a more gradual but steady decline. Corruption 

offences decreased from 6,905 in 2016 to 5,425 in 2023. This represents a 21.4 

percent reduction. The Netherlands deployed five AI tools focused on 

procurement transparency, risk alerts, and administrative anomaly detection.  
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Figure N2 

 

Source: Author own Calculation 

Germany deployed five anti-corruption AI tools, yet corruption offences 

decreased more modestly, moving from 6,502 in 2016 to 5,312 in 2023. This 

decline of 18.3 percent is meaningful but less pronounced than in Italy or the 

Netherlands. 
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Figure N3 

Source: Author own calculations 

4. 4  Correlation Analysis of AI Deployment and Corruption Reduction -  Italy, 

Netherlands, Germany  

In Italy, the correlation coefficient of r = -0.39 indicates a moderate association 

between the cumulative deployment of AI tools and declining corruption 

offences. This suggests that while other factors may also be at play, the 

implementation of AI-supported oversight mechanisms has contributed to the 

observed reductions in corruption cases. 

The statistical relationship between AI deployment and corruption outcomes is 

particularly pronounced in the Netherlands. With a correlation coefficient of r = -

0.92, there is a strong and persistent alignment between the use of AI-based 

oversight tools and improvements in integrity outcomes. This strong negative 

correlation points to the effectiveness and consistency of AI-supported strategies 

in reducing corruption offences. 

In contrast, Germany’s correlation coefficient of r = -0.08 indicates a relatively 

weak association between the deployment of AI tools and changes in corruption 

offences. This weaker correlation may be attributed to Germany’s extensive 
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institutional maturity, long-established administrative capacity, and stable 

governance structures, which could lessen the visible impact of AI interventions. 

Nevertheless, the overall direction of change in Germany is still in line with the 

broader trend among EU countries that have adopted AI tools for anti-corruption 

efforts. 

Figure N4 

 

Source: Author Own calculation  
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The correlation analysis reinforces the qualitative and descriptive patterns. Italy’s 

moderate negative correlation (r = minus 0.39) indicates that AI adoption 

coincided with clear improvements. The Netherlands demonstrates a very strong 

correlation (r = minus 0.92), indicating that AI tools were adopted in an 

environment conducive to technological reinforcement of oversight systems. 

Germany’s weak correlation (r = minus 0.08) illustrates that AI adoption may have 

limited marginal effects in countries with already strong institutions. 

Non-adopter countries cannot be included in the correlation model because they 

have no AI deployment values to compare. Nevertheless, their rising corruption 

trends create a form of natural contrast that strengthens the overall 

interpretation. 

4.5 Corruption Trends in Non - Adoption Countries  

 

The three non-adopter countries selected for detailed examination—Bulgaria, 

Croatia, and Romania—demonstrate distinctly different trajectories, but all are 

marked by either rising corruption offences or unstable patterns. 

Bulgaria: Corruption offences in Bulgaria increased substantially, rising from 223 

cases in 2016 to 572 cases in 2023—a 156 percent increase. This upward trend 

highlights systemic vulnerabilities and limited technological capacity in oversight 

institutions. Without automated detection mechanisms, Bulgaria relies heavily on 

manual processes, which may struggle to identify complex fraud patterns. 

 

Croatia: Croatia’s pattern is characterized by volatility. Recorded corruption 

offences decreased slightly from 905 in 2016 to 862 in 2023, but the data shows 

significant fluctuations, including a notable spike in 2022. These variations 

suggest instability in detection, enforcement, and reporting practices. The 

absence of AI-enabled oversight mechanisms in Croatia corresponds with the 

inability to stabilize corruption trends. 
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Romania: Romania experienced a marked increase in corruption offences, rising 

from 1,401 cases in 2016 to 3,246 cases in 2023. This trajectory does not show 

sustained improvement. The absence of AI tools appears to align with Romania’s 

inability to achieve a downward trend in corruption outcomes. 

Table N4- Corruption Trend Non-AI Adopter EU Countries 

Country  Previous 

Value  

Current 

Value  

Change (%)  Notes  

Romania 1,401 3,246 +131.7% absence of AI 

tools aligns 

with lack of 

progress in 

reducing 

corruption. 

Croatia 905 862 –4.8% Slight 

decrease: 

however, 

volatility may 

still exist in 

detection, 

enforcement, 

and reporting 

Bulgaria 223 572 + 156^ reflects 

systemic 

vulnerabilities 

and limited 

technological 

oversight. 

 

Source: Author own calculations 
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4.6 Comparative Interpretation of the Six - Country Design  

The contrast between AI adopters and non-adopters is one of the strongest 

findings of this study. Italy, Germany, and the Netherlands collectively reduced 

corruption offences by 21,494 cases during 2016 to 2023. Across the broader 

group of 17 adopter countries, the total reduction is 17,592 cases. The direction 

of improvement is consistent and sustained. 

By contrast, non-adopter countries demonstrate upward trends. Bulgaria’s 156 

percent increase represents a structural failure to contain corruption risks. 

Croatia’s volatility points to weaknesses in institutional detection capacity. 

Romania’s stagnation indicates systemic limitations in oversight systems. 

These findings highlight the importance of technological reinforcement in 

integrity systems. Countries with AI-supported oversight show visible and 

measurable improvements. Countries without such systems show no comparable 

results. 

The divergence is even more striking when interpreted considering the EU’s 

structural map. The three high-adoption countries are among the EU’s most 

advanced digital governance systems. The non-adopters include several states 

whose oversight institutions face persistent capacity challenges. This alignment 

strengthens the argument that AI-enabled integrity tools play a meaningful role 

in supporting or accelerating reductions in corruption. 

4. 7  Financial Impact of Corruption Reductions  

The financial impact estimates translate observed corruption reductions into 

economic terms using the author calculation corruption loss range. The reduction 

of 17,592 corruption offences across all AI-adopter countries corresponds to an 

estimated economic impact between 31.7 billion and 172.4 billion euros. When 
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applied specifically to the selected three high-adoption countries that were 

examined in depth, the reduction of 21,494 cases translates into a potential 

impact between 38.7 billion and 210.6 billion euros. 

These figures demonstrate the scale of public resources that may be safeguarded 

when AI tools reinforce oversight systems. Although not all improvements can be 

attributed solely to AI, the alignment between AI adoption and improved 

corruption outcomes across countries strengthens the argument that AI-enabled 

oversight contributes meaningfully to integrity outcomes. 

The findings of this study provide the first EU-wide empirical evidence linking AI 

adoption to measurable changes in corruption outcomes. The mapping shows 

that a minority of Member States have implemented anti-corruption AI tools, 

while ten Member States remain without any form of technological reinforcement. 

The high-adoption countries exhibit consistent reductions in recorded corruption 

offences. The non-adopters show increases, volatility, or stagnation. The 

correlation analysis supports these observations, and the financial impact 

estimates demonstrate the potentially transformative economic value of 

improved integrity outcomes. 

Together, the results indicate that the adoption of AI-enabled integrity tools 

corresponds with measurable improvements in corruption outcomes and may 

play an increasingly important role in the future of public sector oversight across 

the European Union. 

Part  5 . Conclusion  

This study provides some of the first systematic empirical evidence that the 

deployment of artificial intelligence tools for anti-corruption purposes is 

associated with measurable improvements in corruption outcomes across 

selected three EU Member States. By integrating a comprehensive mapping of AI 

systems, Eurostat time-series data, EPPO financial loss estimates, and deep 
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comparative analysis of six countries, the research offers a robust foundation for 

understanding the emerging relationship between AI capacity and corruption 

control. 

The conclusion is unambiguous. EU Member States that invest in AI-enabled 

integrity tools are significantly more likely to experience reductions in corruption 

offences. Countries that do not adopt such tools struggle to reduce corruption 

and often experience the opposite trend. This divergence is not marginal. It is 

consistent across multiple indicators and is visible both in general EU-wide 

patterns and in detailed country-level trajectories. 

Three overarching results stand out. 

First, AI adoption is concentrated in a minority of Member States, with 47 anti-

corruption AI tools deployed across 17 countries. Italy, Germany, the 

Netherlands, France, Belgium, Greece, Estonia, and Portugal form the 

technological core of this emerging landscape. Ten countries remain outside this 

transformation entirely. This structural asymmetry is one of the most important 

findings of the research. It shows that the future of integrity systems will likely 

be shaped by technological investment decisions made today. 

Second, the presence of AI aligns closely with improved corruption outcomes. 

Italy, the Netherlands, and Germany demonstrate consistent reductions in 

recorded corruption offences. Bulgaria, Croatia, and Romania, which deploy no 

anti-corruption AI systems, show rising or unstable corruption trajectories. These 

results extend existing theories on control of corruption by showing that 

technological capacity is becoming a central variable in the performance of 

modern integrity systems. 

Third, the potential economic implications are substantial. When reductions in 

corruption offences are valued using the author estimates, the observed 

improvements correspond to tens or even hundreds of billions of euros in 
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safeguarded public value. These estimates underscore that investments in AI for 

integrity should be viewed not only as a governance innovation but as a fiscally 

prudent strategy for protecting public resources. 

This research contributes to multiple scholarly debates. It advances the literature 

on AI in government by providing rare empirical evidence connecting 

technological adoption to measurable outcomes. It reinforces the arguments of 

digital-era governance by demonstrating that data-driven tools can meaningfully 

enhance state capacity. It supports institutional theories by showing how 

technological reinforcement can alter the balance between detection and 

deviance. It strengthens public integrity scholarship by providing comparative, 

cross-national evidence that complements case-based work in audit analytics, 

procurement oversight, and financial anomaly detection. 

The study also carries important policy implications. The European Commission 

and Member States should consider targeted investments to support AI adoption 

in countries where integrity systems remain underdeveloped. The evidence 

suggests that these investments can generate substantial returns. Furthermore, 

the findings highlight the need for harmonized standards, shared infrastructure, 

and cross-border digital cooperation, especially for procurement oversight and 

EU-funded project monitoring. 

Finally, the results underscore that anti-corruption is increasingly a technological 

frontier. The future landscape will be shaped not only by institutions, laws, or 

political will, but by algorithms capable of detecting irregularities across millions 

of transactions. Countries that fail to adopt these tools risk falling behind. 

Countries that invest wisely may redefine the boundaries of what effective 

corruption control can achieve. 

This study opens multiple avenues for future research. Micro-level procurement 

and financial transaction data would enable more precise modelling of AI’s 

impact. Longitudinal evaluation of newly adopted AI tools will help identify which 
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technological architectures are most effective. Comparative case studies could 

further illuminate how institutional environments shape technological outcomes. 

In conclusion, the evidence presented here signals a clear direction for the 

European Union. Artificial intelligence is no longer a peripheral innovation in 

public governance. It is emerging as a central instrument for safeguarding public 

resources and strengthening institutional integrity. The results show that the 

integration of AI into oversight and anti-corruption systems is not only desirable 

but increasingly indispensable for modern public administration. 
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