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List of Acronyms 

 

Acronym Description 

AI Artificial Intelligence 

ML Machine Learning 

GenAI  Generative Artificial Intelligence 

NLP Natural Language Processing 

RPA Robotic Process Automation (often part of automation in digital 
transformation) 

BPM Business Process Management (for process redesign and workflow 
automation) 

DX Digital Transformation 

SaaS Software as a Service (typical delivery model of AI/compliance tools) 

GRC Governance, Risk, and Compliance 

AML Anti-Money Laundering 

CFT/CTF Countering the Financing of Terrorism / Counter Terrorist Financing 

ABC or 
ABAC 

Anti-Bribery and (Anti-)Corruption 

AFC Anti-Financial Crime 

KYC Know Your Customer (identity and due-diligence checks) 

CDD Customer/Client Due Diligence 

SAR/STR Suspicious Activity/Transaction Report 

FATF Financial Action Task Force (standard-setter on AML/anti-corruption) 

GDPR General Data Protection Regulation (EU data protection) 

ESG Environmental, Social, and Governance (often linked to integrity and anti-
corruption) 

KPI Key Performance Indicator (AI impact monitoring) 
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SHAP Shapley Additive exPlanations 

LIME Local Interpretable Model-agnostic Explanations 

TABLE 0-1: LIST OF ACRONYMS  



 

9 

List of Definitions 

Acronym Description 

Artificial 
Intelligence 

“…the study of agents that receive percepts from the 
environment and perform actions.” (Russell & Norvig 2022:7).  

Digitisation “…transition from analog to digital services with a 1:1 change in 
the delivery mode and the addition of a technological channel of 
delivery” (Mergel et al., 2019:12). 

Digitalisation “...focus on potential changes in the processes beyond mere 

digitizing of existing processes and forms” (Mergel et al., 
2019:12). 

Digital 
transformation 

“…to emphasize the cultural, organizational, and relational 
changes […] in order to differentiate better between different 
forms of outcomes.” Mergel et al., (2019:12). 

SHAP An explainable AI method that shows how much each input 
feature contributes to a specific prediction made by a 
machine‑learning model, using ideas from cooperative game 

theory. 

LIME An explainable AI method that approximates a complex model 
with a simple, interpretable model in the neighbourhood of a 
single prediction, to show which features were most influential 
for that prediction. 

TABLE 0-2: LIST OF DEFINITIONS 
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Executive Summary 

Problem 

The deliverable 6.5 tackles the lack of a clear, up‑to‑date picture of how digital 

transformation, specifically artificial intelligence (AI), is being used to fight corruption. It 

aims to map the state of research to guide the next stages of the BridgeGap project, 

treating AI both as a promising tool and as a potential source of new vulnerabilities. 

 

Method 

The report uses a structured literature review of 38 relevant studies. To broaden coverage 

and reduce individual bias, the review combines conventional academic search techniques 

of databases such as Google Scholar, Web of Knowledge, JSTORE, MEDLINE, 

ScienceDirect and publishers such as Elsevier, Springer and Wiley with supervised Elicit 

AI tool (based on databases of Semantic Scholar and OpenAlex) that help identify, 

classify, and synthesise publications. The work is innovative in that it simultaneously uses 

AI to support the review process and critically examines how AI is being applied in 

anti‑corruption research and practice. 

 

Findings 

The review clarifies key concepts and definitions around digital transformation and 

AI‑based anti‑corruption tools. The findings are organised through six digital 

transformation domains: people, data, software, hardware, processes, and 

communication. It finds that: 

➢ Benefits are concentrated in areas such as petty corruption, transparency, and 

faster anomaly detection, but these gains are highly context‑dependent. 

➢ Hardware infrastructure is the most neglected domain. Very few studies seriously 

address infrastructure needs, even though weak connectivity, energy supply, and 

computing capacity are major barriers in many countries. 

➢ Software dominates the literature, yet important gaps remain around algorithmic 

transparency, bias mitigation, and explainability. Many AI tools are built with little 

attention to fairness. 

https://www.semanticscholar.org/
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➢ Data problems are characterised by poor quality, fragmentation, lack of “ground 

truth” corruption data, and overreliance on perception indices. All these severely 

constrain AI performance and generalisability. 

➢ People factor research is narrow, focusing mainly on user adoption models, with 

limited attention to citizens’ views, organisational resistance, and training needs in 

low‑literacy contexts. 

➢ Process and communication gaps include weak evidence on optimal human–AI 

collaboration, limited transparency about how tools operate, and fragmented, 

uncoordinated deployment across agencies. 

 

Overall, the report concludes that AI‑driven anti‑corruption tools are not plug‑and‑play 

solutions. Their effectiveness depends on aligning technology with local infrastructure, 

data, institutional capacity, governance frameworks, and on systematically addressing the 

uneven attention given to different digital transformation domains.  
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1 Introduction 

1.1 Background to this deliverable 

This deliverable is building on the work undertaken by deliverable 6.1 (Longobucco and 

Ferwerda, 2025), which focused specifically on public procurement and the use of Artificial 

Intelligence (AI) tools to combat corruption.  

 

The current deliverable goes beyond the field of public procurement and takes a wider 

range of areas as well as applications of AI tools. The objective is to identify not 

necessarily the quality of work done but a breadth of ideas and knowledge regarding the 

variety of options that digital transformation (DX) can offer. 

 

This work contributes to the establishing of theoretical background for future steps of the 

BridgeGap project by reviewing existing studies and identifying key gaps in knowledge that 

can be addressed by Work Package (WP) 6. The main objective of this WP is to assess 

how well digital technologies, especially artificial intelligence, can control corruption more 

effectively, considering both top-down and bottom-up approaches, with a focus on their 

adequacy, equity, explainability, and overall effectiveness. 

1.2 Deliverable’s significance 

Digital Transformation itself is not necessarily driven by corruption prevention but is very 

high on the agenda for most private and public organisations. As a matter of investment, 

DX represents 2.6 trillion USD in 2025 and is predicted to grow to 3.9 trillion USD in 2028 

(IDC, 2025). This scale of growth is presenting an opportunity for anti-corruption work 

since the quality of data is at its core and can help in digital transparency (Hochstetter et 

al. 2023; Matheus et al., 2021).  

 

Colossal AI Infrastructure projects such as Stargate, as announced by Donald Trump in 

January 2025, are a perfect example in the AI race, where governments and private sector 

organisations partner together to win the AI revolution. The objective of the Stargate AI 

Infrastructure project is to build nationwide network of hyperscale data centres and 
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herewith to keep the US ahead of China in the AI arms race (Duffy, 2025). The main 

challenge this project aims to solve is the increasing demand for computing power to run 

AI tools, which requires more chips and the necessary resources to use them effectively. 

The investment in Stargate alone is estimated to be in the 500bn USD and combines the 

US tech giants such as OpenAI, Oracle, and Softbank (Gedeon, 2025). Once again, this 

infrastructure investment is neither specifically corruption nor anti-corruption focused, but it 

presents a digital environment that could potentially be exploited for both uses in the field 

of AI.   

1.3 The research problem 

The main challenge in establishing the latest insights into DX in relation to corruption and 

anti-corruption applications is the broad range of fields that are exploring the issue of 

corruption, not all necessarily using the same underlying definitions, as well as the need 

for country, type of organisation and industry specific applications. This means that 

researching this area and ignoring studies outside Europe could mean ignoring some of 

the benefits that could be gained in the future. Exploring the readiness for AI applications 

in the Deliverable 6.1, Longobucco and Ferwerda (2025) highlight the AI readiness 

differences without the European context. Moreover, as illustrated by the wider 

international Digital Readiness Index comparison (Appendix 1), countries such as 

Singapore are leading in the global Digital Competitiveness Ranking, whereas Venezuela 

is at the bottom of the global list. This clearly means that what works in Singapore does 

not necessarily work in Venezuela, at the same time one context can inspire activities in 

the other, hence we do not limit this research to just European context.   

 

This is one of the reasons the Deliverable 6.1 was focused on public sector procurement. 

Moreover, the field of anti-corruption is fast developing in different domains. Consequently, 

there are several grey literature and reports by organisations such as OECD that explore 

and publish on the issue of anti-corruption and digital transformation globally.  

 

Therefore, the problem we aim to resolve is to identify the key themes that are globally 

applicable, although their implications might be very context dependent.  
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1.4 Scope of this research  

The focus on BridgeGap project are the European countries that include the 27 EU 

member states and the accession countries, as well as those that have close trade 

relations with the EU. The countries have been defined in Deliverable 9.1 (Mungiu-Pippidi 

and Parvanova, 2025). 

 

Due to the cross-border nature of BridgeGap, excluding countries that are not in the focus 

of BridgeGap would mean that we can potentially miss some key points that are relevant in 

other contexts. To identify all potential risks, applications or benefits of AI against 

corruption a global perspective that includes all countries is considered.  

 

Whilst the research is conducted in English as a search language, no language 

parameters were set and studies in any language are taken into consideration. For the 

type of publications since we focus on academic research, only journals, books and 

industry reports that are indexed by academic databases such as Semantic Scholar, 

OpenAlex, Google Scholar, Web of Knowledge, JSTORE, MEDLINE, ScienceDirect and 

publishers such as Elsevier, Springer and Wiley were considered.  

1.5 Research question 

The aim of this study is to establish the state of the art in the field of digital transformation 

in anti-corruption that highlights both the opportunities and challenges in the use of AI and 

evidence of its use in the anti-corruption implementation. Based on the objectives of the 

BridgeGap project, we need to understand the current gaps in the knowledge in Digital 

Transformation and due to our interest in AI of Work Package 6, we want to know the 

latest thinking here. Given that there are several different perspectives within DX that 

could be considered, we use the Simplified view of the organisation as a system, 

represented by the Six Dimensions of DX as proposed by Fletcher et. al., (2025): People, 

Data, Software, Hardware, Processes and Communication.  

 

Organisations can be considered from various paradigms and characterised by different 

metaphors, all coming with their own assumptions about the nature of the social world 

(Morgan, 2012). The systemic view of an organisation can be contrasted with functional – 

https://www.semanticscholar.org/
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where an organisation is considered as a structure build-up of siloed functions such as 

Marketing, Finance, etc. (Kavčič and Merkač, 2000). We use a systemic perspective of 

organisations since these create systems that connect Individuals and Institutional 

Complex (Meyer et al., 2025): 

 

“The literature broadly agrees that changes in economic factors influence corruption by 

altering incentives and opportunities. Similarly, institutions (both formal and informal) are 

recognized as critical in defining behaviours as (il)legitimate and (un)acceptable (both 

productive and corrupt). Disagreements primarily concern which structural factors deserve 

explanatory primacy and the direction of causality within these dynamics.” (Meyer et al., 

2025:11). 

 

This perspective allows us to recognise that interoperability and integration of each of 

these six dimensions (People, Data, Software, Hardware, Processes and Communication) 

are essential for a successful operation of an organisation and must be aligned when it 

comes to facilitating successful and sustainable digital transformation (Fletcher et. al., 

2025). 

 

Thus, the following research question will be set and explored in our literature review:  

What specific knowledge gaps exist in the digital transformation of corruption research 

when examining artificial intelligence applications across people, data, software, hardware, 

processes, and communication domains? 

1.6 Deliverable structure 

The remainder of the deliverable document is organised as follows: First, we set out the 

theoretic lenses of digital transformation that will be used to structure our work in section 2. 

The third section outlines the method used for data collection and analysis and how 

supervised AI tools were integrated into the process to enrich the research and analysis of 

identified publications.  
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2 Theoretical framework  

2.1 Digital transformation in the context of corruption 

The vast volume of publications that are concerned with AI and Digital Transformation and 

use the terms Digital Transformation, Digitisation and Digitalisation as synonyms, presents 

a challenge for our work since the three words label a different state of digital maturity in 

an organisation – whether this being a country, government or an individual business. 

Therefore, a position is made regarding the level of digital maturity as illustrated in Table 

2-1: Mapping types of corruption against digital maturity, which allows us to take a 

perspective used in this report.  

 

Digital transformation definition is adapted after Mergel et al: 

 

“Digital transformation is a holistic effort to revise core processes and services of 

government beyond the traditional digitization efforts. It evolves along a continuum of 

transition from analogue to digital to a full stack review of policies, current processes, and 

user needs and results in a complete revision of the existing and the creation of new digital 

services. The outcome of digital transformation efforts focuses among others on the 

satisfaction of user needs, new forms of service delivery, and the expansion of the user 

base.” Mergel et al., (2019:12). 

 

The use of a more finely “Digital transformation” represents the highest level of digital 

maturity involving the re-invention of entire organisational processes (Mergel et al., 2019). 

In the context of corruption, this stage is illustrated by sophisticated cross-border 

examples, such as a bribe payment made by transferring cryptocurrency via the dark web. 

From an anti-corruption perspective, an example of digital transformation of issuing 

speeding ticket fines would be a removal of a person issuing a ticket by fully automating 

the capturing of the offence and after human verification of all data, automatically sending 

a ticket to the offender. Therefore, speeding cameras can be argued to be more than just 

improvement of road safety and minimisation of racial biases in policing (Ralph et. al., 

2022).   
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On the other hand, in the “digitisation” the physical world is simply repeated via digital 

means (Level 3 of the Figure 2-1: Adapted after Digital Maturity Model – (Fletcher, 

2024:3)Figure 2-1: Adapted after Digital Maturity Model – (Fletcher, 2024:3), for example, 

a credit card payment replacing cash payment, which allows payment of a bribe via a bank 

transfer (Level 2 of the Figure 2-1: Adapted after Digital Maturity Model – (Fletcher, 

2024:3). This stage mainly concerns petty corruption types. From anti-corruption 

perspective, having the traceability facilitated by credit card transitions facilitates 

automated checking and transparency that can be automated using trained AI tools (Hafez 

et al. (2025).  

 

Between the above two extremes, there is a middle “digitalisation” level, based on the 

figure below. The key point here is not just replacement with digital means, but the 

inclusion of an element of optimisation and improvement of the activity. In the case of the 

same payment, the digital transaction could take place via encrypted apps and digital 

wallets to automate bribe payments. The fundamental action remains the same, but the 

level of sophistication and its integrity and scalability are making it more advanced. The 

types of corruption at this level impacted by digitalisation could be systemic and political. 

“Digitalisation of services such as passport or identity-document issuance all represent 

practical examples of digital tools being deployed to limit discretion, increase transparency, 

and minimise opportunities for corrupt behaviour” (Odilla, 2025a).  

 

For the definition of corruption as a policy problem for the BridgeGap project – see 

Deliverable 9.1 Report on corruption risk in EU MS at national level using the UNODC 

CIMM matrix (Mungiu-Pippidi and Parvanova, 2025). 
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Digital Transformation (DX) 

Digitalisation 

Digitisation 

FIGURE 2-1: ADAPTED AFTER DIGITAL MATURITY MODEL – (FLETCHER, 2024:3) 
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Digital 
maturity level 

Corruption 
complexity 
level 

Scope 
Typical 
Actors 

Examples 
Anti-
corruption 
examples 

Digitisation Petty 
Local, 
routine 

Low-
level 
officials 

Small 
bribes for 
services 

Online 
service 
portals  

Digitalisation 
Systemic/ 
Political 

Sectoral, 
institutional 

Mid/high-
level 
officials 

Nepotism, 
sectoral 
kickbacks 

Centralised 
digital 
procurement 
systems  

Digital 
Transformation 

Cross-border/ 
Grand 

National, 
International 

Top 
officials, 
elites 

State 
capture, 
international 
bribery 

Blockchain-
based public 
records 

TABLE 2-1: MAPPING TYPES OF CORRUPTION AGAINST DIGITAL MATURITY 

2.2 Digital transformation perspectives 

To understand DX in the context of corruption, we also need to take a stance on the 

perspective from which this can be taken. There are several different perspectives of DX 

and the domains that need to be addressed (Lykourentzou et al., 2025). For the current 

study, the complexity of organisations and their environments can be considered from six 

domains as proposed by Fletcher (2024): 

 

People – the central element that pertains to their actions, knowledge, attitudes, and 

competencies in relation to DX and corruption. Education, skills and human capital are key 

here as well as individuals’ ethics and their tolerance of corruption (Fleming et al., 2022). 

 

Data – the second most important component to enable DX and related AI exploitations 

 

Software – a range of tools that can make the use of data by people in the most effective 

way. 
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Hardware – the storage and technical infrastructure that is needed to share data across 

the range of organisations and within an organisation.  

 

Processes – the encoding of steps that are taken to transform a certain number of actions 

into value creation for a given stakeholder. Laws and regulations are key here. 

 

Communication – the mechanisms, practices, and standards for transparency, stakeholder 

reporting, and information-sharing within digital transformation and anti-corruption efforts. 

The view of communication is taken after Beer (1995), who views communication as an 

organisation’s control-and-survival system. Effective internal communication must filter, 

coordinate, and escalate information so that facts become actionable information for 

change, rather than just data overload, and ensuring both local autonomy and 

organisational cohesion.  

 

 

FIGURE 2-2: THE COMPLEX ORGANISATION – (FLETCHER, 2024:12) 

 

The literature review will be structured based on these six perspectives.  
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3 Structured literature review methodology 

3.1 AI tool selection  

Given the nature of the task set out in the introduction and in order to reduce human bias, 

the team decided to evaluate a range of AI tools. The table below shows the top three AI 

tools that were reviewed see Table 3-1: AI tools comparison:  

 

Tool Advantages Disadvantages 

Elicit 

Automates the "Structure": extracts 
data (n, method, findings) from 
multiple PDFs into a single table.  

High accuracy in empirical data 
retrieval.  

"Deep Research" feature finds 
papers based on specific research 
questions. 

Hallucinations: as other tools, it 
can misinterpret specific 
numbers; always requires human 
verification.  

Scope: primarily strictly 
academic; misses grey literature. 
No writing assistance. 

Research 
Rabbit 

Learns your preferences; visualises 
networks of authors/citations.  

Excellent for finding "seed" papers 
and seeing how fields evolved.  

Networks can become 
overwhelming.  

Does not extract data or 
summaries for you; strictly a 
discovery tool. 

Rayyan 

Built specifically for systematic 
reviews (PRISMA compliant). AI 
Ranking: learns your 
inclusion/exclusion criteria and 
sorts remaining papers by 
likelihood of relevance. 

Interface is dated and less 
"modern" than new AI tools.  

AI is mostly for sorting/ranking, 
not for chatting or deep 
synthesis.  

TABLE 3-1: AI TOOLS COMPARISON 

 

Based on the need to extract data and to be able to share between team members, the 

Elicit option was chosen as the main tool to be used for structuring the systematic 
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research. As others, this tool has limitations and hence a human verification of the key 

points is necessary, so we ended up with a supervised AI intervention.  

 

One of the key points identified in the literature on AI use is the need for transparency and 

reproducibility of results (Stahl et al., 2023). To ensure transparency in this, we explicitly 

share the steps undertaken in our AI use, detailing how they were moderated and 

supervised by the human research team members. The steps are detailed in the following 

paper search, screening, and extraction of data.  

3.2 Paper search 

The papers were searched on Google Scholar, Web of Knowledge, JSTORE, MEDLINE, 

ScienceDirect and publishers such as Elsevier, Springer and Wiley with supervised Elicit 

AI tool (based on databases of Semantic Scholar and OpenAlex), and through review of 

earlier deliverables already completed by the team.  

 

The keyword terms used for the databases searches are: 

“digital transformation” AND “corruption” - this was the main keyword search term; it was 

supported by the following secondary keyword terms:  

“digitalisation” OR “digitisation” AND “corruption” 

“e-government” AND “corruption” 

“digital governance” AND “corruption” 

“digital transparency tools” AND “corruption” 

“anti-corruption technology” 

“anti-bribery technology” 

“digital anti-corruption" 

“blockchain” AND “corruption” 

“artificial intelligence (AI)” AND “corruption” 

“digital tools” AND “public sector integrity” 

 

https://www.semanticscholar.org/
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A Microsoft Excel File is also made available to review the key sources and their 

evaluations as produced by Elicit. As well as this live link to the Elicit’s structured review 

database and decisions1.  

 

The initial 95 papers and industry reports that we identified through structured searching of 

academic databases such as Google Scholar and Institutional library (databases from 

Web of Knowledge, JSTOR, MEDLINE, ScienceDirect and publishers such as Elsevier, 

Springer and Wiley) were uploaded to the privately held Elicit’s library of articles to create 

a database for further evaluation.  

 

Using Elicit, we performed a semantic search with the following research question as a 

query:   

• What specific knowledge gaps exist in the digital transformation of corruption 

research when examining artificial intelligence applications across people, data, 

software, hardware, processes, and communication domains? 

 

The Elicit search covered over 138 million academic papers drawn from  its own search 

engine, which includes all of Semantic Scholar2 and OpenAlex3 content. 

Using Elicit search, we identified and retrieved an additional 497 papers that were most 

relevant to the semantic search query. 

 

As the next step, these sources were uploaded to Elicit for screening. Following this 

screening, top 40 articles were identified across the provided and Elicit’s search results. To 

be certain that these results were of high quality and relevant for our work, we searched 

 
1 What specific knowledge gaps exist in the digital transformation of corruption research when examining 
artificial intelligence applications across people, data, software, hardware, processes, and communication 
domains?,   https://elicit.com/review/9e0e459f-b65a-4208-ab50-a99ff7cf589f 
 
A manually verified AI exported spreadsheet file is avaialbe for review on BridgeGap Project website: 
https://corruptiondata.eu/datasets/review-digital-transformation-opportunities-challenges-corruption  
 
2 https://www.semanticscholar.org/  
3 https://openalex.org/ 

https://www.semanticscholar.org/
https://openalex.org/
https://elicit.com/review/9e0e459f-b65a-4208-ab50-a99ff7cf589f
https://corruptiondata.eu/datasets/review-digital-transformation-opportunities-challenges-corruption
https://www.semanticscholar.org/
https://openalex.org/
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for full texts of the papers that we did not have in the initial sample, reviewed relevance, 

and uploaded them for another round of screening.  

 

Some of the examples of papers that were excluded from our review are those where we 

could not have full access to the paper so we could not read the full text. The duplications 

of works due to titles indexed in English and in another language were also removed. 

Finally, there were some papers that a manual examination by the authors confirmed that 

they lacked sufficient relevance to either corruption or digital transformation research. The 

search and addition of new articles was repeated three times to increase the confidence in 

the data that was considered for the structured review.  

 

All papers that were newly identified through Elicit’s search, but where we did not have a 

full record, were re-uploaded to our internal articles database. The final screening before 

the full analysis was performed on a set of 126 documents that are fully available for 

reading and review. This manual supervision ensured the correct spelling of each title and 

author name reducing the potential for AI hallucinations. There were several instances 

where the information was not correctly read by Elicit and the references had to be 

manually verified. 

3.3 Screening 

Below is the list of screening criteria used to determine and rank the corpus of 126 papers 

that are in our database with full text access for review.  

 

AI in Corruption Focus: Does this study examine AI applications in corruption detection, 

prevention, or analysis? 

 

Digital Transformation Component: Does this research focus on digital transformation 

initiatives related to anti-corruption efforts? 

 

Study Type Appropriateness: Is this study an empirical study, theoretical paper, case 

study, systematic review, or meta-analysis? 
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Knowledge Gap Discussion: Does this study explicitly discuss limitations, future 

research directions, or identified research gaps? 

 

Digital Methods Focus: Does this study focus on digital (rather than solely traditional 

non-digital) corruption research methods? 

 

Corruption Relevance: Are the AI applications discussed in this study related to 

corruption, governance, or transparency (rather than unrelated domains)? 

 

Research Rigor: Is this study more than just an opinion piece, editorial, or commentary 

without empirical basis or systematic analysis? 

 

Technological Component: Does this study include technological components (rather 

than focusing exclusively on legal or policy aspects without technological elements)? 

The initial analysis was conducted by Elicit and afterwards was manually checked and 

some sources were added to allow a more holistic perspective on the subject studied.  

3.4 Data extraction 

We gave the model the extraction instructions shown in the Appendix 2. All references 

were manually checked and completed, as the metadata connection was unretrievable 

during the file upload. Google Scholar database was used to manually gain the final set of 

citations and verify the place of publishing and the DOI link. 

3.5 Characteristics of included studies 

The systematic review analysed 38 studies on the use of AI in anti-corruption efforts, 

covering diverse regions, methods, and corruption types. Together, these sources provide 

a broad empirical basis for identifying remaining knowledge gaps within digital 

transformation research, see Table 3-2: Characteristics of included studies: 
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 Study  Study Type Geographic 
Scope 

Sector Focus 

Stahl et al., 2023 Case study  International  Public and private 
sectors  

Nichols, 2025 Conceptual/theoretical  International  Private sector  

Petriashvili and 
Piotrowski, 2025 

Empirical case study  United States  Federal government  

Neves et al., 2019 Case study  Brazil  Public sector  

del Rey‑Puech et al., 
2025 

Literature review  International  Healthcare  

Dumchikov and 
Maletova, 2025 

Mixed methods  Ukraine  Public sector  

Köbis et al., 2021 Conceptual  International  Government  

Odilla, 2023 Empirical case study  Brazil  Public administration  

Kotukov et al., 2025 Mixed methods   
empirical  

Estonia, 
Ukraine, Brazil  

Public sector  

Longobucco and 
Ferwerda, 2025 

Comparative analysis  European Union  Public procurement  

Odilla, 2024 Empirical case study  Brazil  Government  

Yefimenko and 
Boronos, 2025 

Quantitative analysis  11 countries  Public administration  

Lima and Delen, 
2020 

Empirical 132 countries  Public sector  

Strelcenoks, 2024 Survey Latvia  Public sector  

Caruso et al., 2023 Design science  Italy and U.S.  Healthcare  

Sampaio et al., 2024 Empirical case study  Mexico  Public procurement  

Mackey and Cuomo, 
2020 

Literature review  International  Healthcare  
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Trequattrini et al., 
2024 

Systematic literature 
review  

International  Business/management  

Ayeboafo et al., 
2025 

Survey  Ghana  Public sector  

Adam and Fazekas, 
2021 

Systematic review  International  Public sector  

AllahRakha, 2025 Qualitative  EU, US, 
Uzbekistan  

Public sector  

Aldemir et al., 2025 Qualitative case study  Estonia, 
Singapore, 
Finland  

Public sector  

Odilla, 2025 Case study  Brazil  Government/civil 
society  

Zhang and Guo, 
2022 

Empirical  China  Private sector  

Munir et al., 2025 Literature review  International  Financial/non-financial  

Hicham et al., 2025 Design science  Morocco  Public procurement  

Sidorenko et al., 
2019 

Conceptual  International / 
Russia  

Public sector  

Mannonov and 
Myeong, 2024 

Survey  Uzbekistan  Government  

Rahmafillah et al., 
2025 

Literature review  Indonesia  Public sector  

Kattof, 2025 Literature review  International  Government  

Dobrovolska and 
Rozhkova, 2024 

Quantitative analysis  138 countries  Public/private  

Dhaoui, 2022 Panel data analysis  MENA region  Public sector  

Androniceanu et al., 
2022 

Quantitative analysis  EU states  Public administration  

Neupane et al., 2012 Survey  Nepal  Public sector  

Ibrahimy et al., 2024 Systematic literature 
review  

International  Public sector  
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Ashwell, 2017 Qualitative  US and UK  Law enforcement  

Merhi, 2022 Empirical  139 countries  Public sector  

Grossi et al., 2023 Literature review  International  Public sector  

TABLE 3-2: CHARACTERISTICS OF INCLUDED STUDIES 

 

The studies cover a wide geographical range. Major clusters include: Brazil (5 studies), 

international comparative analyses (12 studies), Europe, Asia, and Africa. 

 

Methodologically, they comprise empirical case studies, surveys, systematic literature 

reviews, and conceptual contributions. However, to illustrate the digital transformation 

aspect with the use of AI, most AI studies report conceptual or pilot stages, with relatively 

few studies evaluating fully implemented systems. 

 

3.6 Coverage analysis of the six digital transformation domains 

 

Analysis of the six digital transformation domains indicates significant differences in 

emphasis across the included studies. The table below outlines the extent to which each 

study engages with the DX domains of people, data, software, hardware, processes, and 

communication - Table 3-3: Coverage analysis of the six digital transformation domains: 
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Study  People  Data Software  Hardware Processe
s 

Communi
cation 

Stahl et al., 
2023 

Primary  Primary  Primary  Not 
addressed  

Secondary  Secondary  

Nichols, 2025 Secondary  Primary  Primary  Not 
addressed  

Primary  Secondary  

Petriashvili 
and 
Piotrowski, 
2025 

Not 
addressed  

Secondary  Primary  Not 
addressed  

Primary  Primary  

Neves et al., 
2019 

Primary  Secondary  Primary  Not 
addressed  

Primary  Secondary  

del Rey‑Puech 
et al., 2025 

Secondary  Primary  Primary  Not 
addressed  

Secondary  Primary  

Dumchikov 
and Maletova, 
2025 

Secondary  Primary  Primary  Not 
addressed  

Primary   Primary  

Köbis et al., 
2021 

Secondary  Primary  Primary  Not 
addressed  

Secondary  Secondary  

Odilla, 2023 Primary  Primary  Primary  Not 
addressed  

Primary  Secondary  

Kotukov et al., 
2025 

Secondary  Secondary  Primary  Not 
addressed  

Primary  Primary  

Longobucco 
and Ferwerda, 
2025 

Not 
addressed  

Primary  Primary  Not 
addressed  

Secondary  Secondary  

Odilla, 2024 Secondary  Primary  Primary  Not 
addressed  

Secondary  Secondary  

Yefimenko 
and Boronos, 
2025 

Secondary  Primary  Primary  Not 
addressed  

Primary  Not 
addressed  

Lima and 
Delen, 2020 

Not 
addressed  

Primary  Primary  Not 
addressed  

Not 
addressed  

Not 
addressed  

Strelcenoks, 
2024 

Primary  Primary  Primary  Not 
addressed  

Primary  Secondary  

Caruso et al., 
2023 

Secondary  Secondary  Primary  Not 
addressed  

Not 
addressed  

Secondary  

Sampaio et 
al., 2024 

Not 
addressed  

Primary  Primary  Not 
addressed  

Secondary  Primary  
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Study  People  Data Software  Hardware Processe
s 

Communi
cation 

Mackey and 
Cuomo, 2020 

Secondary  Primary  Primary  Secondary  Primary  Primary  

Trequattrini et 
al., 2024 

Not 
addressed  

Secondary  Primary  Not 
addressed  

Secondary  Secondary  

Ayeboafo et 
al., 2025 

Primary  Secondary  Primary  Not 
addressed  

Secondary  Secondary  

Adam and 
Fazekas, 2021 

Secondary  Secondary  Primary  Not 
addressed  

Not 
addressed  

Primary  

AllahRakha, 
2025 

Not 
addressed  

Not 
addressed  

Primary  Not 
addressed  

Secondary  Primary  

Aldemir et al., 
2025 

Secondary  Primary  Not 
addressed  

Not 
addressed  

Primary  Primary  

Odilla, 2025 Primary  Primary  Primary  Not 
addressed  

Primary  Primary  

Zhang and 
Guo, 2022 

Secondary  Primary  Not 
addressed  

Not 
addressed  

Primary  Not 
addressed  

Munir et al., 
2025 

Primary  Primary  Primary  Not 
addressed  

Primary  Primary  

Hicham et al., 
2025 

Not 
addressed  

Not 
addressed  

Secondary  Not 
addressed  

Primary  Primary  

Sidorenko et 
al., 2019 

Secondary  Not 
addressed  

Primary  Not 
addressed  

Secondary  Primary  

Mannonov 
and Myeong, 
2024 

Primary  Not 
addressed  

Primary  Not 
addressed  

Secondary  Secondary  

Rahmafillah et 
al., 2025 

Primary  Primary  Primary  Secondary  Primary    Primary  

Kattof, 2025 Secondary  Primary  Primary  Not 
addressed  

Primary  Not 
addressed  

Dobrovolska 
and 
Rozhkova, 
2024 

Not 
addressed  

Not 
addressed  

Primary  Secondary  Primary  Primary  

Dhaoui, 2022 Primary  Primary  Secondary  Secondary  Primary  Primary  

Androniceanu 
et al., 2022 

Secondary  Not 
addressed  

Not 
addressed  

Not 
addressed  

Primary  Secondary  
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Study  People  Data Software  Hardware Processe
s 

Communi
cation 

Neupane et 
al., 2012 

Primary  Not 
addressed  

Secondary  Not 
addressed  

Secondary  Primary  

Ibrahimy et al., 
2024 

Secondary  Not 
addressed  

Primary  Not 
addressed  

Secondary  Primary  

Ashwell, 2017 Primary  Primary  Primary  Not 
addressed  

Primary  Secondary  

Merhi, 2022 Primary  Secondary  Secondary  Primary  Secondary  Primary  

Grossi et al., 
2023 

Primary  Primary  Not 
addressed  

Not 
addressed  

Primary  Primary 

TABLE 3-3: COVERAGE ANALYSIS OF THE SIX DIGITAL TRANSFORMATION DOMAINS 

 

Overall, the above domain coverage highlights an imbalanced focus of the articles 

considered. The vast majority are focusing on software applications in 31 of the 38 studies. 

On the other hand, hardware infrastructure is treated as a primary focus in only one study 

and as a secondary focus in five others. This means that in order for the software to work it 

requers computer processing power facilitated by hardware infrastructure as well as high 

quality data, which are not readily avialable. This asymmetry suggests a major knowledge 

gap when it comes to the infrastructural requirements of AI-based anti-corruption systems. 

The people domain is the primary focus in 14 studies, but this is mainly when considered 

from the perspective of user adoption.  
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4 Domain specific review 

Having gained a general overview of the papers, we are now going to examine in more 

detail the individual domains: 

4.1 People 

The research on human factors in AI-based anti-corruption tools shows major gaps in 

understanding user adoption, training needs, and stakeholder engagement. Several 

studies highlight low digital literacy as a barrier to implementation (Dumchikov and 

Maletova, 2025), yet few offer robust empirical evidence on effective training strategies. At 

the same time, higher levels of education and per capita income are positively associated 

with lesser levels of corruption (Lima and Delen, 2020). 

 

The perceptions of public officials are also underexplored; for instance, one study reports 

that auditors in Brazil’s Supreme Audit Institution made limited use of AI because they 

perceived little added value and lacked a clear conceptual framework for its role (Neves et 

al., 2019). 

Citizen perspectives on AI anti-corruption systems are even less developed. Existing work 

calls for empirical studies on how citizens view trade-offs in algorithm design and for 

participatory approaches that involve them in the design and deployment of such tools (del 

Rey‑Puech et al., 2025). The concept of “integrity techies” is a positive development as 

highlighted in the literature: 

“a diverse group of actors who engage with digital technologies to fight corruption, improve 

transparency, and reinforce accountability...” (Odilla, 2025: 48) 

 

Organisational culture and resistance to change are common themes emerginig in digital 

transformation literature. Not surprising, in the current literature it is referenced to as 

“bureaucratic resistance” (Rahmafillah et al., 2025) and “institutional resistance” (Kotukov 

et al., 2025). But, there is little systematic analysis of how these dynamics shape the 

adoption and effectiveness of AI-based anti-corruption initiatives. 
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Whilst social and political actors who design and promote anti-corruption technologies 

remain emergent and do require further research into their motivations, practices, and 

actual impact. 

Trust appears as a critical but insufficiently theorised factor. Evidence from countries such 

as Nepal (Neupane et al., 2012), Ghana (Ayeboafo et al., 2025), and Uzbekistan 

(Mannonov and Myeong, 2024) show the use of the Technology Acceptance Model (TAM) 

to analyse perceived usefulness and ease of use, yet they rarely examine how trust in AI 

systems relates to concrete anti-corruption outcomes. While there is documented evidence 

of bureaucratic resistance to digital transformation (Neves et al., 2019; Kotukov et al., 

2025; Dumchikov and Maletova, 2025), the report suggests that citizen views are 

understudied rather than clearly enthusiastic (Köbis et al., 2021; Neupane et al., 2012), 

suggesting and important area for future studies.  

4.2 Data 

Data quality, availability, and governance emerge as the most frequently reported 

constraints in the literature and was already documented in the BridgeGAP project, 

Deliverable 6.1 by Longobucco and Ferwerda (2025). On the one hand, there are some 

positive trends with increasingly available data, on the other hand, limitations of 

fragmented datasets, missing records, and inconsistent reporting as core obstacles (del 

Rey‑Puech et al., 2025).  

 

All these data challenges are compounded by the inherent difficulty of constructing valid 

and reliable “ground truth” measures of corruption given its not-so-visible nature (Köbis et 

al., 2021). This quality of data could range from questionable and unreliable sources such 

as facial recognition images to more reliable due to the volume of contributions as 

illustrated by the Ipaidabride initiative (op. Cit.).  

 

Several contributions also stress the lack of contextual information needed for meaningful 

AI analysis. For example, public procurement data, on its own, is typically insufficient for 

detecting corrupt practices (Longobucco and Ferwerda, 2025). Effective models require 

additional information such as beneficial ownership structures, political ties of company 

directors, and relationships among bidding firms. Comparative work on EU Member States 
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indicates that, although procurement data are now generally adequate for training 

machine‑learning models, important gaps remain in linking these data to sources on 

political exposure and corporate ownership (op. Cit.). 

 

Corruption is often hidden and therefore difficult to research. This is highlighting a further 

methodological limitation concerning the widespread reliance on perception-based 

corruption indices rather than event- or case-based measures (Lima and Delen, 2020). In 

machine learning language the “Ground truth” that is needed to train AI models presents a 

thorny issue due to the nature of corruption that is usually hidden by its perpetrators (Köbis 

et al., 2021). This challage ins excercerbated by information that is scattered across 

different places, some records are missing, the rules around data are complicated, and 

organisations do not always report in the same format or manner. All of this makes it 

difficult to put AI systems into practice. 

 

The data for AI trainig can be of poor quality: it may not represent all groups fairly, it can 

contain measurement mistakes, and there can be gaps in the information. These issues 

can then translate into unfair or discriminatory outcomes when AI systems are trained on 

such data. 

 

The lack of transparency in AI systems has sparked broader ethical debates about their 

use (Lima & Delen, 2020). Key concerns include protecting individual privacy while 

ensuring enough data access to reliably identify corruption. Striking a balance between 

public interest and private rights is challenging and remains poorly defined (Strelcenoks, 

2024). There is also a clear need for more ethics-focused research in anti-corruption AI 

applications, as current efforts lack both theoretical frameworks and implementation 

standards for ethical AI (Aldemir & Uçma Uysal, 2025). 

   

On the one hand, the AI models are considered as more efficient compared to the older 

regression models. Their application in studying governmental fraud and corruption has 

grown over the last years (Lima and Delen, 2020). At the same time, the AI functioning 

and calculations themselves are also questioned and present another layer of obscurity 

referred to as a “black box” which does not allow for transparency itself (op. Cit.).  
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Contextualising data is becoming another important addition. The publicly available and 

cited data may fail to capture the actual incidence and patterns of corruption and therefore 

the systematic collection of datasets based on proven or investigated cases is advocated: 

“To further explore a potential positive or negative effect of input variables, we encourage 

future research to couple predictive analytics with the use of powerful descriptive and 

theoretical studies available in the extant literature.” (Lima and Delen, 2020:13). 

 

Finally, the legal perspective in relation to data makes access to data as another challenge 

to accessing quality data. Legislations in relation to protection and privacy requirements 

are highlighted as an additional complexity: studies from Ukraine (Dumchikov and 

Maletova, 2025), Latvia (Strelcenoks, 2024), and broader international contexts (Aldemir et 

al., 2025), they show the need for governance frameworks that reconcile transparency and 

data sharing whilst at the same time balancing the protection of individual’s rights. 

4.3 Software  

On the positive side, software receives the highest levels of attention in the literature. 

Despite of this attention, several gaps remain around algorithmic transparency, bias 

mitigation, and explainability. The drawback of “black box” (as already mentioned in the 

data discussion) nature of many machine-learning models means that relationships 

between variables are rarely theorised or communicated clearly (Lima and Delen, 2020).  

 

The software tools have to answer the challenge of fuzziness related to reasoning as 

concerns raise about accountability in public-sector use. Studies of eXplainable Artificial 

Intelligence (XAI) methods such as SHAP and LIME also report that, in complex settings, 

these techniques can offer limited practical value for end users (Sampaio et al., 2024). 

 

Algorithmic bias is another particularly prominent concern in relation to AI use in digital 

transformation application. The designers of AI systems decide what is classified as 

corruption, which means that their choices shape what anti-corruption measures are 

identified and what issues might be overlooked or ignored (Ibrahimy, et al., 2024). For 

example, Odilla (2024) explains how research on Brazilian AI-based anti-corruption tools 
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shows that models that were trained on historical procedures and “common-sense” 

assumptions about corruption, which themselves may embed discriminatory patterns: 

 

“Developers and designers of AI systems bring their own beliefs and values into the 

decision-making process, which can shape the outcomes and behaviour of the tools they 

are creating” Odilla (2024:18). 

 

Interoperability between AI applications and existing administrative systems is another 

underexplored issue. Studies from Morocco (Hicham et al., 2025) and other jurisdictions 

(Ibrahimy et al., 2024) highlight scalability problems and weak integration with legacy 

systems as other barriers to the effective implementation.  

 

Overall, across these publications, the lack of standardised approaches to algorithmic 

accountability is repeatedly noted and the fact that the field is still in development is re-

iterated, which requires more studies. As a recommendation for future studies, strong calls 

are found in the areas of explicit guidelines to address bias, noise, and unfairness in AI 

systems used for anti-corruption are made (Odilla, 2025). 

4.4 Hardware 

The fourth domain examined is hardware infrastructure. As noted above, it is the least 

developed area in the literature with 32 of the 38 studies not discussing it in any 

substantive way. This could be interpreted as positive news for developed countries, 

where infrastructure does not present a major challenge. However, where it is mentioned, 

inadequate infrastructure is described as a major barrier in many developing-country 

settings (Mannonov and Myeong, 2024). The hardware infrastructure challenges often 

quoted are unstable energy supply and poor internet connectivity, with work from 

Indonesia also noting limited access to digital technologies (Rahmafillah et al., 2025). 

 

The small number of studies that focus on hardware concentrate mainly on 

telecommunications networks rather than on the specific infrastructure needed to deploy 

AI systems. Additionally, a cross-country study by Merhi (2022), identifies telecom 

infrastructure as a key driver of the impact of digital transformation on corruption. 
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However, Merhi (2022) offers little detail on concrete requirements for AI-based anti-

corruption tools. 

 

Although regional inequalities in digital infrastructure are acknowledged, for example by 

Kotukov et al., (2025), there is still no systematic research on minimum hardware 

standards, computational capacity needs, or priority areas for infrastructure investment. 

4.5 Processes 

Overall, process-related research focuses on workflow integration, the effects of 

automation, and organisational change management.  

 

On the one hand, existing studies advocate the potential of AI to automate procurement 

monitoring (Hicham et al., 2025), fraud detection (Petriashvili and Piotrowski, 2025), and 

risk assessment (Köbis et al., 2021). On the other hand, there is little empirical evidence 

on how these automated workflows are embedded within existing bureaucratic 

procedures. 

 

The tension between algorithmic automation and human oversight, as well as other 

support such as the already mentioned legal and ethical support, it is recognised but 

remains weakly theorised:  

“Combined with strong institutional governance, human oversight, legal frameworks and 

ethical AI principles, AI can be a powerful force in promoting transparency, accountability, 

and integrity in healthcare systems, especially when used from the bottom‑up.” (del Rey‑

Puech et al., 2025:1346) 

Many contributions argue that AI should complement human judgement and stress that 

current tools support, rather than replace, human decision-making (Odilla, 2024). Zhang 

and Guo (2022) further raise concerns about overreliance on AI-generated outputs and the 

risk of inappropriate decisions, which are acknowledged but still need further research. 

This leads to the gaps in the knowledge on the re-adjustments of processes for optimal 

division of labour between automated systems and human reviewers.  
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A further gap concerns the procedural reforms required for effective AI integration. 

Research by Strelcenoks (2024) from Latvia, for example, recommends establishing 

dedicated procedures for testing and implementing AI solutions. The key objective of these 

procedures is to circumvent redundant administrative steps, implying that existing 

bureaucratic processes can obstruct deployment: 

“It is necessary to create a special procedure for testing and further implementation of 

solutions in the field of AI, bypassing redundant administrative procedures, which do not 

consider the specifics of anti-corruption activities, and without adjusting all applicable 

legislation, while ensuring the necessary level of security and control of individual state 

bodies. For example, the experimental legal regime for specific anti-corruption actions, i.e. 

issues concerning the prevention of corruption risks.”  (Strelcenoks, 2024:162). 

4.6 Communication 

The last of the six domains is communication. Communication primarily focuses on 

transparency mechanisms, stakeholder reporting, and information‑sharing practices.  

 

Although on the one hand, transparency is often described as both a goal and an enabling 

condition for AI‑based anti‑corruption tools (Kotukov et al., 2025). On the other hand, there 

is still little evidence on how to communicate about these systems in ways that achieve 

these outcomes.  

Existing studies point to the need for clearer reporting on how AI systems operate and 

what results they produce (Odilla, 2023), as already explored in the software domain 

discussion. This could spread further mistrust in tools that are already criticised for limited 

transparency and weak possibilities for external audit. 

 

Strelcenoks (2024), therefore, calls for shared standards on how to communicate AI 

systems’ capabilities, limitations, and outcomes to different stakeholder groups. 

Information sharing across agencies is another weak point, especially in fragmented 

governance environments. For example, Petriashvili and Piotrowski (2025) when 

examining U.S. federal agencies, show that developing isolated tools without a 

coordinated governance framework undermines both effectiveness and accountability. The 
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recommendations to establish a strategic AI communication can help to improve the 

overall accountability and effectiveness in the fight against corruption: 

 

“...AI’s anticorruption potential is currently shaped more by individual agency capabilities 

than by a unified strategy. To bridge this divide, we recommend three targeted policy 

actions: (1) Establish a federally coordinated anticorruption AI governance framework to 

ensure consistency and interoperability across agencies, (2) create interagency 

knowledge-sharing platforms to promote best practices, and (3) direct targeted fund­ing to 

high-risk areas where AI can have the most significant impact on oversight and integrity.” 

(Petriashvili and Piotrowski, 2025:7). 
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5 Conclusions 

 

The following is a summary of the six dimensions used in the current study: 

 

Dimension Key Findings 
Gaps and Recommendations for 
Future Studies 

People 

• Major gaps in understanding user 
adoption, training needs, and 
stakeholder engagement  

• low digital literacy is a barrier to 
implementation 

• higher education and income are 
linked to lower corruption 

• public officials’ perceptions and 
citizen perspectives are 
underexplored 

• “Integrity techies” are positive 
actors  

• organisational and bureaucratic 
resistance is common but not 
systematically analysed 

• More empirical studies on 
effective training strategies 

• research on citizen 
perspectives and trade-offs in 
algorithm design 

• participatory approaches in tool 
deployment 

• systematic analysis of 
organisational resistance and 
its impact on adoption 

• further research on motivations 
and impact of social and 
political actors promoting anti-
corruption tech 

• deeper exploration of trust in AI 
systems and citizen enthusiasm 

Data 

• Data quality, availability, and 
governance are major constraints 

• fragmented, missing, and 
inconsistently reported data 

• difficulty constructing reliable 
“ground truth” for corruption  

• lack of contextual information for 
meaningful AI analysis 

• privacy and legal challenges 
complicate data access  

• poor data quality risks unfair or 
discriminatory outcomes  

• Systematic collection of 
datasets based on proven or 
investigated cases 

• research on contextual data 
integration 

• governance frameworks 
balancing transparency and 
privacy; exploration of data 
manipulation risks 

• development of standards for 
reliable “ground truth” measures 

Software 
• Algorithmic transparency, bias 

mitigation, and explainability are 
major concerns 

• Explicit guidelines to address 
bias, noise, and unfairness 

• research on practical 
explainability in public sector 
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Dimension Key Findings 
Gaps and Recommendations for 
Future Studies 

• “black box” models obscure 
relationships 

• limited practical value of 
explainability methods in 
complex settings 

• algorithmic bias may embed 
discriminatory patterns 

• interoperability and integration 
with legacy systems are weak 

• lack of standardised 
accountability approaches 

• improved interoperability and 
scalability 

• development of standardised 
approaches for algorithmic 
accountability 

Hardware 

• Hardware infrastructure is the 
least developed area 

• inadequate infrastructure is a 
major barrier in developing 
countries 

• challenges include unstable 
energy supply and poor internet 
connectivity 

• limited research on minimum 
standards and computational 
needs for AI deployment 

• Systematic research on 
minimum hardware standards 
and computational capacity 
needs 

• prioritisation of infrastructure 
investment in developing 
regions 

• detailed requirements for AI-
based anti-corruption tools 

Processes 

• Research focuses on workflow 
integration, automation, and 
organisational change 

• AI can automate monitoring and 
risk assessment but empirical 
evidence on embedding 
workflows is limited 

• tension between automation and 
human oversight is recognised 
but weakly theorised 

• overreliance on AI outputs is a 
concern 

• procedural reforms for effective 
integration are needed 

• Empirical studies on embedding 
automated workflows in 
bureaucracy 

• research on optimal division of 
labour between AI and humans 

• development of dedicated 
procedures for testing and 
implementing AI solutions 

• reforms to circumvent 
redundant administrative steps 

Communicatio
n 

• Communication focuses on 
transparency, reporting, and 
information-sharing 

• Development of shared 
standards for AI communication 

• research on effective reporting 
mechanisms 
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Dimension Key Findings 
Gaps and Recommendations for 
Future Studies 

• transparency is both a goal and 
an enabler but evidence on 
effective communication 
mechanisms is limited 

• lack of shared standards for 
reporting AI capabilities and 
outcomes 

• information sharing across 
agencies is weak 

• strategic AI communication is 
recommended 

• creation of interagency 
knowledge-sharing platforms 

• strategic communication to 
improve accountability and 
effectiveness 

 

5.1 Technical and performance limitations 

Across the literature, a cautious optimism is evident through the growing volume of studies 

examining AI-related digital transformation. However, several studies (Dumchikov and 

Maletova, 2025; Neves et al., 2019; Odilla, 2024) identified significant limitations and risks 

with the currently available systems and are cautioning their use. The need for a strategic 

approach and thoughtful implementation, taking into account local needs, context and 

governance are being advocated (Adam and Fazekas, 2021).  

The main technical concerns relate to AI accuracy, error rates, and reliability in real-world 

settings. A central challenge is balancing false positives and false negatives in model 

design (Köbis et al., 2021).  

AI performance is also repeatedly shown to depend heavily on data quality and volume 

(Nichols, 2025). This creates difficulties for smaller organisations or those with few 

documented corruption cases and different contexts, as they will have difficulties in 

assembling adequate training data. 

Cybersecurity risks add another layer of complexity. Studies warn that AI tools can be 

vulnerable to both algorithmic and data manipulation by corrupt actors (Dumchikov and 

Maletova, 2025). For example, by poisoning training data or altering inputs and logs 
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(Dobrovolska and Rozhkova, 2024), there is growing recognition that AI systems could be 

compromised. What is more, they can even intentionally be so configured as to conceal 

rather than reveal corruption (AllahRakha, 2025; del Rey‑Puech et al., 2025), but this 

possibility has so far received only limited systematic investigation. 

5.2 Institutional and regulatory limitations 

Across jurisdictions, the literature highlights substantial regulatory gaps around the use of 

AI for anti-corruption purposes. Many studies note the absence of clear legal frameworks 

(Dumchikov and Maletova, 2025) and governing how AI systems may be deployed and 

overseen (Mackey and Cuomo, 2020). Authors therefore call for the development of 

dedicated regulatory frameworks, greater regulatory harmonisation across countries, and 

specific legislative reforms (Munir et al., 2025). For example, Hicham et al., (2025), call to 

authorise and structure the use of blockchain in public-sector operations. 

Accountability arrangements for AI-supported decisions are also weak (Strelcenoks, 

2024). Scholars raise unresolved questions about civil liability when AI systems make 

errors and emphasise the need for robust mechanisms of algorithmic accountability 

(Dumchikov and Maletova, 2025). Within organisations, the lack of internal rules and 

standards to prevent unfairness and bias is described as a governance deficit, prompting 

proposals for “soft” forms of AI regulation (Strelcenoks, 2024). 

5.3 Methodological and evidentiary limitations 

The existing evidence base is constrained by several methodological weaknesses. Many 

studies rely heavily on secondary data (Merhi, 2022), small or convenience samples 

(Neupane et al., 2012), and already‑published materials (Ibrahimy et al., 2024), which 

raises the risk of publication bias.  

Scholars also note a strong geographic skew toward the Global North (Sampaio et al., 

2024), with relatively little empirical work on AI‑driven anti‑corruption initiatives in 

developing countries, even though corruption problems there are often more severe. The 

sample of articles considered in the current deliverable review was specifically chosen to 

counterbalance this skew and include a wider range of countries. 
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A further limitation is the lack of robust impact evaluation. Several authors call for more 

advanced designs, such as field experiments (Adam and Fazekas, 2021). Also, 

longitudinal and interdisciplinary studies (Kotukov et al., 2025; Rahmafillah et al., 2025) 

are needed that can track whether digital and AI tools generate lasting reductions in 

corruption rather than short‑term detection gains (Ayeboafo et al., 2025; Hicham et al., 

2025).  

Some positive results linking AI tools to corruption reduction are reported from Brazil, 

Estonia and Ukraine (Kotukov et al., 2025), Indonesia (Rahmafillah et al., 2025) and the 

US Federal Government (Petriashvili and Piotrowski, 2025). However, overall, there is still 

limited and inconclusive evidence that AI-based anti-corruption tools reduce corruption, as 

opposed to merely identifying potential cases.   

The analysis shows clear imbalances across the six digital transformation domains. 

Software attracts most of the attention, while hardware infrastructure and richer 

human‑factors work are much weaker covered. These gaps reflect implicit assumptions 

about how AI is implemented and risk limiting the usefulness of research in settings where 

infrastructure and human capacity are the main constraints. 

5.4 Domain imbalances 

Several factors help explain why software dominates the literature. Researchers are 

generally more familiar with algorithms and applications than with infrastructure design, 

which creates a disciplinary tilt toward software‑centric questions. Hardware is often 

treated as a given precondition rather than as something that itself requires optimisation 

and study. In addition, much of the work comes from countries with robust digital 

infrastructure, where hardware constraints are less visible in day‑to‑day practice. 

People‑related issues tend to be examined mainly through adoption studies using models 

such as the Technology Acceptance Model, which focus on perceived usefulness and 

ease of use. This work rarely engages with organisational politics, power relations, or 

patterns of resistance. Addressing those questions would require closer collaboration 

between computer science, organisational psychology, and public administration—

collaborations that remain relatively rare. 
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5.5 Context-related gaps 

Context strongly influences which gaps come into focus. Detailed case studies from 

countries such as Brazil offer rich evidence on real implementations (Neves et al., 2019), 

including adoption challenges and bias risks that remain abstract in more conceptual work 

(Odilla, 2025). Cross‑country comparisons, by contrast, such as Kotukov et al., (2025), are 

useful for spotting broad patterns but can smooth over local institutional and political 

dynamics that shape implementation. 

The stage of AI deployment also matters. Studies of conceptual or pilot systems 

concentrate on design and hoped‑for benefits. Research on operational systems, in turn, is 

more likely to uncover unintended effects, barriers to use, and limits on effectiveness. As 

more tools move beyond pilot projects, gaps around implementation and long‑term impact 

are likely to become more visible. 

5.6 Effectiveness: what is known and unknown 

Evidence on whether AI reduces corruption is still limited and context‑dependent. One 

comparative study by Kotukov et al., (2025) finds that digital transparency tools, including 

AI‑based fraud detection, coincide with estimated corruption reductions of around 39% in 

Estonia, 28% in Ukraine, and 16% in Brazil. But it is not clear how much of this change is 

directly attributable to AI versus other transparency reforms.  

Most accounts stress that AI systems act as decision‑support or “early warning” tools that 

flag risky transactions for human review. This design both constrains the harm from 

algorithmic errors and limits the potential for fully automated enforcement. Little is yet 

known about how to design optimal human–AI collaboration, when humans should 

override AI recommendations, or how to guard against automation bias. 

5.7 Implications of settings-related knowledge gaps 

These gaps have different implications depending on institutional capacity. In 

high‑capacity states with reliable digital infrastructure, such as Estonia or Singapore, 

issues of algorithmic transparency, fairness, and accountability are often the most 
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pressing. In lower‑resource settings, more basic problems—weak infrastructure, unreliable 

connectivity, and limited technical skills—can block effective use of AI altogether. 

Smaller organisations and those with few documented corruption cases face additional 

hurdles because they lack the volume and quality of data needed to train robust models. 

As a result, AI tools are currently more feasible for large agencies with extensive historical 

records, which may unintentionally widen the gap in anti‑corruption capabilities between 

well‑resourced and resource‑constrained organisations. 

Overall, the literature suggests that AI is not a universally beneficial anti‑corruption 

solution. Its impact depends on how well technological capabilities match institutional 

capacity, data availability, and existing governance arrangements. Several studies 

therefore argue that AI’s role should be assessed case by case and caution that 

introducing digital tools does not automatically translate into reduced corruption; 

meaningful impact depends on how well those tools are adapted to, and embedded within, 

specific local contexts. 

5.8 Next steps of work package 6 work 

Based on the work conducted in this deliverable, the team will focus on the tasks 6.4 and 

6.6:  

T6.4: Explainability of AI Tools to Detect Corruption [M30–M42] 

This task directly addresses the gaps identified in the Software and Communication 

dimensions.  

As part of this task, the team will be identifying and analysing the most promising AI tools 

for corruption detection, mapping their underlying mechanisms, and assessing how well 

their decisions can be explained to human users.  

The team will also compare the trade-offs between explainability and effectiveness, aiming 

to produce guidelines and case studies that make the functioning and limitations of these 

tools transparent to stakeholders. 
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By mapping the underlying mechanisms of AI tools and assessing their explainability, the 

team will tackle the lack of transparency and weak accountability mechanisms noted in the 

gaps of the literature. Producing guidelines and case studies will help fill the gap in 

standardised approaches for algorithmic accountability and provide clearer reporting for 

stakeholders, aiming for improving both transparency and trust. 

T6.6: Experiments on AI Tools and Digital Transformation: Benefits and Drawbacks 

[M20–M36] 

This task links to the gaps in the Data, Processes, and People dimensions. 

Including a selection of relevant AI tools and datasets for experimentation, designing and 

running tests to evaluate their benefits and limitations in real-world corruption scenarios.  

By experimenting with AI tools and datasets, the team will evaluate their benefits and 

limitations in real-world scenarios, addressing the lack of empirical evidence on workflow 

integration, user adoption, and the effectiveness of automated systems. Documenting 

circumstances of success and risks will help practitioners and policymakers understand 

how best to embed these technologies within existing processes and manage potential 

drawbacks. 
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7 Appendices  

7.1 Appendix 1: Country-level digital competitiveness ranking worldwide as 

of 2024 

 

Country Digital Competitiveness 
score 

Singapore 100 

Switzerland 93.15 

Denmark 91.99 

USA 91.31 

Sweden 90.42 

South Korea 88.62 

Hong Kong 88.11 

Netherlands 87.03 

Taiwan 86.33 

Norway 84.58 

UAE 84.06 

Finland 83.57 

Canada 83.16 



 

57 

Country Digital Competitiveness 
score 

China 82.59 

Australia 81.24 

Israel 80.75 

Ireland 80.34 

United Kingdom 78.21 

Iceland 78.18 

France 76.58 

Belgium 75.61 

Lithuania 75.56 

Germany 75.32 

Estonia 73.09 

Austria 72.87 

Qatar 72.17 

Saudi Arabia 71.60 

Spain 70.86 

Luxembourg 69.46 
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Country Digital Competitiveness 
score 

Bahrain 68.85 

Japan 68.10 

Czech Republic 67.84 

New Zealand 67.36 

Kazakhstan 66.43 

Portugal 66.13 

Malaysia 65.50 

Thailand 65.45 

Latvia 63.17 

Poland 63 

Italy 62.11 

Slovenia 61.71 

Chile 61.71 

Indonesia 61.36 

Puerto Rico 58.05 

Kuwait 56.90 
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Country Digital Competitiveness 
score 

Croatia 55.37 

Romania 53.23 

Cyprus 53.09 

Greece 53.06 

Jordan 52.54 

India 51.80 

Slovakia 50.68 

Hungary 50.65 

South Africa 50.49 

Turkey 50.03 

Bulgaria 49.22 

Brazil 48.88 

Colombia 48.19 

Mexico 46.21 

Botswana 46.01 

Philippines 45.18 
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Country Digital Competitiveness 
score 

Argentina 44.56 

Peru 41.85 

Mongolia 41.31 

Ghana 31.75 

Nigeria 30.67 

Venezuela 18.05 

TABLE 7-1: COUNTRY-LEVEL DIGITAL COMPETITIVENESS RANKING WORLDWIDE 

Source: IMD. (November 15, 2024)  
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7.2 Appendix 2: Extraction criteria used for sorting papers 

 

AI Application Focus: 

• Extract the specific AI applications, technologies, or approaches being studied 

including: 

• Type of AI technology (machine learning, NLP, pattern recognition, etc.) 

• Specific corruption-related use case (fraud detection, risk assessment, process 

monitoring, etc.) 

• Stage of development (conceptual, pilot, implemented, evaluated) 

• Primary purpose or objective of the AI application 

 

Domain Coverage: 

• Identify which of the six digital transformation domains are addressed in the study: 

• PEOPLE: human factors, user adoption, training, digital literacy, stakeholder 

engagement 

• DATA: data quality, availability, privacy, governance, integration challenges 

• SOFTWARE: applications, algorithms, platforms, system design, interoperability 

• HARDWARE: infrastructure requirements, technological capacity, equipment needs 

• PROCESSES: workflow changes, automation, procedural reforms, organizational 

changes 

• COMMUNICATION: information sharing, transparency, reporting, stakeholder 

communication. Note if domains are primary focus, secondary consideration, or not 

addressed. 

Identified Limitations: 

• Extract all limitations, challenges, or barriers identified including: 

• Technical limitations (AI performance, accuracy, scalability issues) 

• Implementation challenges (resource constraints, organizational resistance) 
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• Institutional barriers (regulatory gaps, governance issues, coordination problems) 

• Contextual constraints (infrastructure, capacity, political factors) 

• Methodological limitations (data quality, research design, measurement issues) 

• Ethical concerns (bias, transparency, accountability) 

Research Gaps: 

• Identify explicit and implicit knowledge gaps mentioned including: 

• Understudied areas or domains the authors note are lacking research 

• Missing theoretical frameworks or conceptual models 

• Insufficient empirical evidence or case studies 

• Gaps in understanding of effectiveness, implementation, or impact 

• Absent comparative studies or cross-contextual research 

• Methodological gaps in how AI applications are evaluated 

• Future research needs explicitly recommended by authors 

Study Context: 

• Extract contextual details including: 

• Geographic scope (country, region, or international) 

• Sector focus (government, public sector, private sector, healthcare, etc.) 

• Organizational level (federal, state/regional, local, institutional) 

• Time period studied or data collection timeframe 

• Type of corruption addressed (fraud, bribery, procurement, transparency, etc.) 

Research Approach: 

• Document the methodological approach including: 

• Study design (case study, survey, literature review, design science, etc.) 

• Data sources (interviews, documents, databases, systems analysis) 

• Sample characteristics (number of organizations, officials, cases studied) 

• Analysis methods (quantitative, qualitative, mixed methods) 

• Theoretical framework or conceptual model used 

• Whether study is empirical, conceptual, or theoretical 
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Recommendations: 

What do the authors recommend for future studies to research? 
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