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Abstract

This study presents a systematic literature review of 68 peer-reviewed articles (2015–2025)
on artificial intelligence in tax compliance and evasion mitigation. Using the PRISMA
2020 protocol and textometric analysis via IRAMUTEQ software, we map publication
trends, geographic distribution, and three research paradigms: machine learning and pre-
dictive modeling; artificial intelligence, technology and tax compliance; and government,
financial development and revenue administration. The CIMO (Context–Intervention–
Mechanism–Outcome) framework structures our synthesis of how institutional conditions
shape intervention design and why identical technologies produce divergent outcomes
across settings. While existing reviews have focused primarily on detection metrics without
theorizing institutional boundary conditions, behavioral dynamics without addressing gov-
ernance capacity, or ethical deficits without a theoretical framework, this study constructs
the Adaptive AI Tax Compliance Framework (AAITCF), a context-sensitive implementation
roadmap differentiated across three institutional maturity tiers. The results indicate that
AI achieves high detection accuracies in digitally mature economies, yet effectiveness is
contingent on data quality, governance capacity, and organizational readiness. Developing
countries face structural asymmetries, infrastructural deficits, and human capital gaps
that constrain algorithmic performance even where technical sophistication is high. The
AAITCF treats context as constitutive of intervention effectiveness and identifies under-
explored areas regarding causal pathways from AI deployment to long-term institutional
change, taxpayer trust, and equitable fiscal governance.

Keywords: artificial intelligence; tax compliance; tax evasion; CIMO framework; systematic
review; textometric analysis; machine learning; tax administration

1. Introduction
Worldwide, tax non-compliance and tax evasion reduce governments’ fiscal capacity,

taking away revenues needed for public investment. The revenue loss from corporate
taxes due to offshore jurisdictions is estimated at more than USD 1 trillion per year, and
cumulative losses over the next decade are projected to approach USD 5 trillion (Tax Justice
Network, 2024; Alstadsæter et al., 2024). Distributional impacts are uneven: losses in
lower-income countries take a significant proportion of public health budgets, whereas in
advanced economies, the issues involve complex profit shifting by multinationals (OECD,
2020; IMF, 2024). This diversity further increases the call for enforcement measures tailored
to meet varying institutional contexts.
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Artificial intelligence has emerged as one of the most promising areas in tax adminis-
tration. Tax authorities can now perform pattern recognition, predictive risk assessment,
and real-time anomaly detection at unprecedented scales thanks to machine learning al-
gorithms, neural networks, and natural language processing systems. Empirical findings
show significant performance improvements, such as those of Murorunkwere et al. (2022),
who achieved 92% fraud detection accuracy in Rwanda with neural networks. In Italy,
Battaglini et al. (2025) found that machine learning-selected audits substantially improved
the detection of evasion (39%) and the recovery of revenue (29%) compared to human-
selected audits. For Chinese enterprise data, Yang (2025) achieved similar accuracy with
random forest models. In addition to detection, researchers have considered some specific
technical challenges: hybrid unsupervised approaches for small amounts of labeled data
(Savić et al., 2022) and the generation of synthetic datasets using generative adversarial
networks when tax returns are not directly available (Visitpanya & Samanchuen, 2023).

However, the progress made varies substantially across contexts. In Estonia, the
advanced use of multi-application AI has been made possible by a well-developed dig-
ital infrastructure, while in Botswana and Zambia, researchers found that algorithmic
tools need to be significantly adjusted to deal with fragmented infrastructure and limited
audit data (Adu-Ababio et al., 2025; Munjeyi & Schutte, 2024). In addition to this, algo-
rithmic risk scoring coupled with targeted interventions nearly doubled the compliance
effects as compared to untargeted interventions (Hauser et al., 2025), and governance
quality and institutional trust are independent moderators of tax evasion (Khaltar, 2024;
Davidescu et al., 2022).

AI implementation in the tax administration process can be viewed through the lens
of operational risk, where its impact is dependent on identifying, assessing, and mitigat-
ing context-specific risks like data quality, regulatory fragmentation, and organizational
preparedness. This puts the study into the nexus of technological innovation, institutional
capacity, and governance in financial systems.

Even with this growing body of evidence, recent systematic reviews remain limited.
Belahouaoui and Attak (2024) conducted textometric analysis on 62 studies, but they
focused on detection performance metrics rather than theorizing institutional boundary
conditions. In a review of 19 studies on generational preferences in the adoption of AI,
Hakam et al. (2024) focused on behavioral dynamics but not on the capacity of governance
or the readiness of infrastructure. Mudome and Ndiege (2025) collated the findings of
20 studies from developing countries but did not provide a theoretical or operational
framework to address these ethical weaknesses. To our knowledge, no existing review
applies the CIMO (Context–Intervention–Mechanism–Outcome) analytical approach or
offers a differentiated implementation roadmap at different institutional maturity levels.

This research aims to fill these gaps by conducting a systematic review of 68 peer-
reviewed articles (2015–2025) based on the PRISMA protocol and combining textometric
analysis through the software IRAMUTEQ with the CIMO (Denyer et al., 2008) framework,
which is unique in considering institutional context as an integral factor in the success
of interventions.

The main research question is: Under what institutional, technological, and orga-
nizational conditions are AI interventions effective for increasing tax compliance and
decreasing tax evasion, and through what mechanisms do these effects happen?

This study pursues two objectives. First, we map the intellectual structure of the
field through textometric analysis, identifying three research paradigms that organize the
existing literature: machine learning and predictive modeling, artificial intelligence technol-
ogy, tax compliance, and government financial development and revenue administration.
Second, we synthesize CIMO-based evidence chains to construct the Adaptive AI Tax
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Compliance Framework (AAITCF), a theoretically grounded, context-sensitive framework
applicable across the full spectrum of institutional maturity, from data-rich advanced ad-
ministrations to resource-constrained environments with fragmented infrastructure. Unlike
previous reviews focused primarily on algorithmic performance in advanced-economy
settings, this study synthesizes the institutional conditions under which AI-driven compli-
ance interventions succeed or fail, aligning with risk management principles of context-
dependent intervention design and adaptive governance.

The article proceeds as follows. Section 2 details the methodological approach, in-
cluding database selection, the PRISMA protocol, and textometric procedures. Section 3
presents textometric and descriptive findings on publication trends, geographic distribu-
tion, and research paradigms. Section 4 synthesizes the CIMO-based evidence and presents
the AAITCF. Section 5 discusses contributions, limitations, and future research directions.

2. Materials and Methods
The literature review was carried out using the PRISMA 2020 statement (Page et al.,

2021) because of its clarity and systematic rigor. The goal of PRISMA 2020 is to reduce bias
in the reporting process and provide full coverage through three phases: identification,
screening, and inclusion (Page et al., 2021). This methodology was chosen because it
matched our research objectives and was a way to explore the available literature in this
emerging field in detail and objectively. The structured approach from the selection of
studies to their inclusion in the review, through adherence to the PRISMA 2020 guidelines,
enabled a comprehensive and reliable review process, thereby advancing the understanding
of how AI technologies can be applied in tax compliance and tax evasion mitigation in
various institutional and regulatory contexts. The PRISMA 2020 checklist is presented as
Table S1 in the Supplementary Materials.

2.1. Data Selection

We included data from Scopus and Web of Science (Core Collection) as the primary
databases, as they cover a higher number of quality publications, have a wide coverage
in the disciplines, advanced searching capabilities, and provide the possibility for repro-
ducible systematic searching (Mengist et al., 2020; Paul et al., 2021). The selection of this
strategic combination was made to achieve a balanced and comprehensive search, espe-
cially for research at the intersection of economics, management, and artificial intelligence.
Combined, they allow for a broad yet targeted search of the literature available, supporting
a comprehensive understanding of the topic.

This study adopted a multi-stage approach and was conducted based on the PRISMA
2020 research protocol (Figure 1). We performed systematic searches across two main
databases, Scopus and Web of Science, in January 2026, with a broad list of keywords
covering a combination of terms associated with the concepts of “artificial intelligence”,
“machine learning”, “tax compliance”, and “tax evasion” to identify relevant papers. The
search was conducted independently by both authors; any disagreements or ambiguities
were resolved by consensus.

The advanced search employed a targeted combination of keywords and codes, as
detailed in Table 1. Search strings paired “Artificial Intelligence” with terms related to
tax compliance, tax evasion, tax avoidance, and tax administration. Keywords such as
“Machine learning”, “Tax compliance”, and “Tax evasion” were used to filter article titles,
abstracts, and keywords within the decade spanning 2015–2025.
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Figure 1. PRISMA 2020 research protocol.

Table 1. Keywords and code used in advanced search.

Database Scopus Web of Science

Search strings
TITLE-ABS-KEY (“artificial intelligence” OR

“machine learning”) AND (“tax compliance” OR
“tax evasion”)

TS = (“artificial intelligence” OR “machine
learning”) AND (“tax compliance” OR

“tax evasion”)

Keywords filter “Artificial intelligence” “Machine learning” “Tax compliance” “Tax evasion” “Tax avoidance” “Tax
administration” “Fraud detection” “Tax systems”

Inclusion and
exclusion criteria

The inclusion criteria retained peer-reviewed articles published between 2015 and 2025, written in
English and explicitly addressing AI-based technologies in tax compliance or tax evasion, while the

exclusion criteria eliminated non-English or inaccessible papers, studies outside the selected timeframe,
and works unrelated to AI applications in tax compliance or lacking academic rigor

Scanned items Article title, Abstract, Keywords, and Full Text

Year range 2015–2025

Note: The keywords filter terms “tax avoidance”, “tax administration”, “fraud detection”, and “tax systems” were
used as screening keywords during title/abstract screening and full-text assessment to capture studies employing
alternative terminology but were not part of the initial Boolean search strings in Scopus and Web of Science.
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During the identification stage, 306 records were identified through database screening
(Scopus: 206; Web of Science: 100). Duplicates were removed using a two-step procedure:
first, automatic deduplication was performed in EndNote 20 based on title, author, and
DOI matching; second, manual verification was conducted to resolve ambiguous cases
(e.g., preprint vs. published versions). A total of 35 duplicate records were removed,
leaving 271 unique records. After screening year and language, 179 records were excluded
(136 due to year and article criteria; 43 records were excluded because they were not written
in English), leaving 92 records for full-text eligibility. All 92 records were successfully
retrieved and assessed for eligibility. After assessing titles, abstracts, keywords, and full
contents, 24 records were excluded as unrelated to AI applications in tax compliance or
lacking sufficient academic rigor. This resulted in 68 studies being identified as eligible,
and all 68 studies were included in the systematic literature review.

2.2. Data Analysis

The data analysis begins with a descriptive and textometric review to map the research
landscape on artificial intelligence and tax compliance, first examining publication trends
over time to characterize the field’s evolution and growth.

The trend of publications over time is shown in Figure 2, which reveals a gradual
increase from 2015 to 2022, before the number increased significantly in recent years, with
10 publications in 2023, 12 in 2024, and the highest number of 25 in 2025. This trend mirrors
the increasing academic interest in the field of using AI for tax compliance and will be
explored more in Section 3.

Figure 2. Documents by year. Source: Created by the authors. Note: the figure uses the publication
year downloaded from Scopus, which may differ from the actual publication year reported in
Table S2.

The analysis then moves to the geographical distribution of publications to determine
the top regions contributing to the publications and to see the global reach of the research
in this area.

The geographic distribution of publications is shown in Figure 3. Research is widely
spread among continents, where the highest share comes from Europe, followed by Asia
and North America. Less significant but still notable contributions from other areas, such
as Africa, indicate the growing global impact of AI-in-tax-compliance scholarship. These
distributional patterns are discussed in more detail in Section 3.

For the textometric analysis, we used IRAMUTEQ Version 0.8 alpha 7, a statistical
software used to cluster the corpus into thematic areas (Ratinaud, 2009). The tool is
particularly useful for data visualization and the detection of emerging themes in a text
corpus. The abstracts and titles of all the selected articles were assembled into a plain text
file following IRAMUTEQ conventions, with each article coded as an initial context unit
(UC). In the pre-processing stage, the software lemmatizes words to their dictionary forms

https://doi.org/10.3390/jrfm19070513

https://doi.org/10.3390/jrfm19070513


J. Risk Financial Manag. 2026, 19, 513 6 of 29

and filters out common stop words such as prepositions and conjunctions to extract the
active vocabulary.

Figure 3. Geographic distribution of publications. Source: Created by the authors.

The software then segments the preprocessed text into elementary context units (UCEs)
and applies Descending Hierarchical Classification (DHC) and Correspondence Factorial
Analysis (CFA) to extract underlying themes. The corpus was divided into text units of 40
occurrences each, yielding 420 segments. DHC was performed using Reinert’s algorithm,
producing three clusters with a classification rate of 83.81% (352 of 420 segments classified).

Each cluster was assigned a name and interpretation grounded in the literature; this
naming process was validated through researcher consensus. The method relies on word
co-occurrence patterns, with cluster categorization driven by the classification algorithm
rather than subjective interpretation, thereby reducing researcher bias and ensuring the
reproducibility of thematic results.

The analysis starts with a general view of the data (Table 2), the list of the 50 most
frequent words (Table 3), a cluster dendrogram (Figure 4), and then a detailed analysis
of the most representative words per class (Table 4), factorial correspondence analysis
(Figure 5), and a proposed framework (Figure 6).

Table 2. Statistical summary of the corpus.

Concept Total Number

Number of texts 68
Number of text segments 420

Segment size 40 occurrences
Number of occurrences 14,762

Mean of occurrences per text 217.09
Number of lexical forms 2986

Lemmatized forms 2394
Active forms 2030

Supplementary forms 364
Retained active forms 737

Minimum frequency threshold ≥3
Number of clusters 3
Classified segments 352/420
Classification rate 83.81%

Number of hapaxes 1090 (45.53% of forms/7.38% of occurrences)
Source: Created by the authors using IRAMUTEQ software.
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Table 3. The 50 most frequently used active words.

Order Active
Forms Freq. Order Active

Forms Freq.

01 tax 492 26 digital 35
02 data 94 27 result 34
03 model 93 28 paper 33
04 Ai 86 29 detection 31
05 compliance 85 30 increase 30
06 learn 82 31 policy 30
07 study 81 32 accuracy 29
08 evasion 68 33 identify 28
09 taxpayer 68 34 information 28
10 machine 65 35 business 26
11 artificial 59 36 fraud 26
12 intelligence 57 37 finding 25
13 audit 56 38 enhance 25
14 approach 50 39 include 25
15 administration 49 40 collection 24
16 risk 48 41 application 24
17 revenue 45 42 gap 24
18 technology 43 43 report 24
19 base 41 44 financial 24
20 improve 39 45 government 23
21 system 39 46 taxation 23
22 analysis 38 47 individual 23
23 method 38 48 income 23
24 research 36 49 detect 23
25 algorithm 35 50 framework 22

Figure 4. Dendrogram of descending hierarchical classification (DHC) illustrating thematic clus-
ters related to artificial intelligence and tax compliance. Source: Created by the authors using
IRAMUTEQ software.

The dendrogram in Figure 4 reveals three thematic clusters. Cluster 3 (42.61%) centers
on machine learning and predictive modeling, featuring terms such as learn, model, method,
machine, predict, algorithm, network, accuracy, forest, data, ensemble, detect, and risk. Cluster 1
(33.81%) addresses artificial intelligence, technology, and tax compliance, with key terms
including intelligence, artificial, AI, technology, taxation, framework, legal, compliance, noncom-
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pliance, blockchain, automation, and adoption. Cluster 2 (23.58%) focuses on government,
financial development, and revenue administration, represented by government, development,
financial, domestic, return, country, money, launder, employee, privacy, GDP, and state. Together,
these clusters reflect complementary research paradigms within the corpus.

Table 4. The most representative words by class based on DHC analysis.

Cluster 3 Freq. % Chi2 Cluster 1 Freq. % Chi2 Cluster 2 Freq. % Chi2

learn 53 81.54 49.394 intelligence 43 91.49 80.651 government 14 73.68 27.981
model 54 79.41 46.669 artificial 42 87.50 71.603 development 11 73.33 21.523

method 33 94.29 42.433 ai 45 75.00 54.846 financial 13 61.90 18.204
machine 44 83.02 41.655 technology 27 79.41 34.978 domestic 5 100.00 16.438

technique 20 100.00 28.556 taxation 16 84.21 22.801 return 6 85.71 15.302
predict 18 100.00 25.546 framework 17 80.95 22.182 information 11 61.11 14.829

algorithm 24 85.71 23.108 study 37 57.81 20.144 country 11 57.89 13.124
network 16 100.00 22.573 efficiency 14 82.35 18.812 preparers 4 100.00 13.113
random 12 100.00 16.730 legal 9 100.00 18.084 distribution 4 100.00 13.113
accuracy 20 80.00 15.382 botswana 8 100.00 16.028 money 4 100.00 13.113

forest 11 100.00 15.291 implication 9 90.00 14.523 launder 4 100.00 13.113
predictive 13 92.86 15.051 compliance 39 52.00 14.097 employee 4 100.00 13.113

data 47 61.84 14.655 noncompliance 7 100.00 13.984 strengthen 4 100.00 13.113
ensemble 12 92.31 13.631 blockchain 7 100.00 13.984 privacy 4 100.00 13.113
employ 11 91.67 12.224 automation 6 100.00 11.952 modernization 4 100.00 13.113
detect 16 80.00 12.120 agent 6 100.00 11.952 lack 4 100.00 13.113

propose 14 82.35 11.535 digitalization 6 100.00 11.952 international 4 100.00 13.113
declaration 10 90.91 10.830 article 9 81.82 11.696 infrastructure 4 100.00 13.113

risk 20 71.43 10.328 tool 7 87.50 10.546 gdp 4 100.00 13.113
paper 20 71.43 10.328 adoption 7 87.50 10.546 state 4 100.00 13.113

Source: Created by the author using IRaMuTeQ software Version 0.8 alpha 7.

Figure 5. Factorial correspondence analysis of the textual corpus. Source: Created by the authors
using IRAMUTEQ software.

The factorial correspondence analysis in Figure 5 visualizes the relationship and
correlation between the various keywords used in the literature on AI and tax compliance.
In this graph, the closer the words are to each other, the more frequently they are associated
within the documents. It is clear from the dense clustering of terms like learn, model, and
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predict that there is a strong focus on machine learning and predictive modeling in AI.
Another dense cluster includes artificial intelligence, technology, and taxation, highlighting
the technological and regulatory convergence in this research area. A third cluster groups
government, development, and financial, reflecting the institutional and administrative
dimension of tax compliance.

2.3. Assessment of Quality of Included Studies

A formal quality appraisal was conducted for all 68 studies included in this system-
atic review. Given the methodological heterogeneity of the corpus, spanning supervised
machine learning studies, legal-theoretical analyses, qualitative institutional studies, sys-
tematic reviews, field experiments, and simulations, quality appraisal criteria were devel-
oped a priori, drawing on established mixed-methods quality assessment principles and
supplemented by domain-specific criteria for AI-in-tax-compliance research.

The appraisal instrument was adapted from the Mixed Methods Appraisal Tool
(MMAT; Hong et al., 2018), selected because the corpus combines randomized and non-
randomized quantitative studies, qualitative and mixed-methods studies, and conceptual
or legal-theoretical contributions that single-paradigm tools such as the Cochrane Risk of
Bias tool (Higgins et al., 2011) or CASP checklists cannot accommodate jointly. The MMAT’s
generic screening criteria (clarity of the research question, appropriateness of the design,
and adequacy of the data to address the question) were retained for all 68 studies, and its
method-specific quality criteria (e.g., randomization and allocation procedures for experi-
mental designs; sampling strategy and analytic rigor for qualitative designs; confounding
and outcome measurement for non-randomized quantitative designs) were mapped onto
the categories reported in Table 5, Panels B–E. Because the MMAT was not designed for
AI/ML-specific methodology, it was supplemented with seven domain-specific criteria,
reported in Table 5, Panels A and C, covering external validation of ML models, treatment
of class imbalance, explainability/feature-importance reporting, comparative algorithm
benchmarking, explicit theoretical grounding, reproducibility (code or data availability),
and treatment of governance, bias, or taxpayer-rights dimensions. These domain-specific
criteria were generated inductively from a pilot coding of ten randomly selected studies
spanning the corpus’s major methodological types, refined through consensus discussion
between the authors, and then applied to the full sample of 68 studies. This two-tier proce-
dure, a validated generic instrument supplemented by literature-specific criteria, follows
established practice for quality appraisal in methodologically heterogeneous systematic
reviews (Hong et al., 2018; Pluye & Hong, 2014) and is intended to make the basis for each
criterion in Table 5 traceable rather than ad hoc.

Appraisal coding was conducted independently by both authors using a standardized
protocol, with disagreements resolved by consensus. Rather than individual per-study
scores, findings are aggregated as frequencies and percentages across seven appraisal
dimensions, providing a cross-corpus summary that directly informs interpretation of the
CIMO synthesis.

Implications for the CIMO synthesis. Three appraisal-derived limitations directly
shape the synthesis in Section 4. First, the 63.2% single-country scope and 52.9% absence of
external validation mean that accuracy benchmarks are context-specific, not transferable, a
constraint reflected in the AAITCF’s tiered design. Second, the 58.8% of correlation-based
studies means that mechanistic claims in Section 4.3 are probabilistic rather than causally
established; the only strong causal evidence comes from Hauser et al. (2025) and Battaglini
et al. (2025). Third, the 35.3% of studies with insufficient governance and ethics treatment
motivate the AAITCF’s mandatory governance feedback loop as a structural corrective.
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Table 5. Quality Appraisal of Included Studies (N = 68): Aggregated Distribution.

Quality Appraisal Criterion N (Studies) % of 68

A. Study Design Strengths
Uses validated/established ML algorithms (RF, XGBoost, SVM, neural nets, etc.) 28 41.2%
Employs cross-validation or train/test split for model evaluation 25 36.8%
Uses large real-world or administrative datasets (≥1000 observations) 23 33.8%
Comparative benchmarking of multiple algorithms 18 26.5%
Provides feature importance or explainability analysis (SHAP, ANOVA, RF importance) 12 17.6%
Addresses class imbalance (SMOTE, GANs, focal loss, positive-unlabeled learning) 9 13.2%
Explicit theoretical grounding (CIMO, TOE, SEM, behavioral economics, legal frameworks) 20 29.4%
All studies: peer-reviewed in Scopus/WoS indexed journals 68 100%

B. Study Design Distribution by Method
Empirical quantitative with ML/AI methods 32 47.1%
Legal/theoretical/policy analysis 14 20.6%
Mixed methods (survey, social media analytics, content analysis) 7 10.3%
Empirical qualitative (interviews, thematic analysis, case studies) 5 7.4%
Systematic or bibliometric literature review 6 8.8%
Simulation/agent-based/computational modeling 2 2.9%
Randomized field experiment (behavioral + ML targeting) 1 1.5%
Narrative/methodological review 1 1.5%
Total 68 100%

C. Methodological Weaknesses and Gaps
Limited or no external validation of ML models 36 52.9%
Lack of reproducibility (no code or data sharing reported) 41 60.3%
No causal identification strategy; correlation-based findings only 40 58.8%
Single-country or single-dataset scope 45 66.2%
Data confidentiality constraints limiting dataset quality or size 19 27.9%
Insufficient treatment of governance, ethical, or taxpayer rights dimensions 24 35.3%
Short or cross-sectional timeframe (no longitudinal tracking) 35 51.5%
Theoretical framework absent or implicit in technical studies 18 26.5%
Class imbalance unaddressed in fraud/evasion classification tasks 14 20.6%

D. Risk of Bias
Selection bias (administrative convenience samples, non-random cases) 38 55.9%
Reporting bias (publishing best-performing model only) 26 38.2%
Temporal bias (train and test from same narrow time window) 17 25.0%
Confirmation bias (results framed to support pre-defined policy narrative) 12 17.6%
No explicit bias mitigation reported 28 41.2%
Partial bias mitigation (cross-validation, holdout sets, SMOTE, etc.) 40 58.8%

E. Generalizability
Low generalizability, single country or specific tax type/sector 43 63.2%
Moderate, regional or multi-jurisdiction within one continent 10 14.7%
High, multi-country, global scope, or intentionally comparative 12 17.6%
Not applicable, purely theoretical or conceptual 3 4.4%

F. Geographic Distribution of Included Studies
Europe (Italy, EU-level, Romania, Bulgaria, Ukraine, etc.) 15 22.1%
Asia (China, Indonesia, Malaysia, Thailand, Kazakhstan, Iran, India, Yemen, Taiwan) 17 25.0%
North America (United States) 11 16.2%
Sub-Saharan Africa (Rwanda, Zambia, Botswana, Tanzania, Ethiopia) 7 10.3%
Latin America (Colombia, Brazil) 2 2.9%
Middle East (Iraq) 1 1.5%
Global/Multi-regional/Jurisdiction-unspecific 15 22.1%
Total 68 100%

G. Relevance to Systematic Review on AI in Tax Compliance
Directly relevant: empirical ML/AI applied to tax fraud, evasion, or compliance detection 35 51.5%
Directly relevant: governance, legal, or taxpayer rights analysis of AI in tax admin 15 22.1%
Directly relevant: behavioral/NLP/sentiment analysis of taxpayer compliance 8 11.8%
Indirectly relevant: blockchain, digital transformation, Tax Administration 3.0 3 4.4%
Indirectly relevant: institutional readiness, policy framework for AI (no direct deployment) 7 10.3%
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2.4. Data Extraction and CIMO Coding

A structured data extraction matrix operationalized CIMO into four coding dimen-
sions: (1) Context, geographic setting, institutional maturity, tax type, and structural
barriers; (2) Intervention, AI technology type, specific algorithms, and data sources;
(3) Mechanism, technical pathways, institutional processes, and behavioral mediators;
(4) Outcome, technical performance metrics, fiscal impacts, and institutional effects. Both
authors coded all 68 studies iteratively, resolving disagreements by consensus; formal
inter-rater reliability statistics were not employed, a limitation acknowledged in Section 5.3.
Operational definitions and illustrative examples were established before extraction, and
audit trails were maintained throughout. The complete CIMO extraction matrix is provided
in Supplementary Materials Table S2.

3. Results (1): Descriptive and Textometric Analysis
3.1. Cluster Structure and Spatial Distribution

It is worth noting that the distribution of the clusters returned by the Descending
Hierarchical Classification was as follows: Cluster 3 (Machine Learning and Predictive
Modeling) at 42.61% (150 out of 352 classified segments), Cluster 1 (Artificial Intelligence,
Technology and Tax Compliance) at 33.81% (119 out of 352 segments) and Cluster 2
(Government, Financial Development and Revenue Administration) at 23.58% (83 out
of 352 segments).

The three thematic clusters and lexical proximities can be visualized in the dendrogram
in Figure 4. Cluster 3 separates first as the most distinct thematic cluster, followed by
the separation between Cluster 1 and Cluster 2. The factorial correspondence analysis
shown in Figure 5 confirms the spatial separation of the three paradigms: Cluster 3 terms
(learn, model, predict, algorithm, accuracy) occupy one pole, Cluster 1 terms (intelligence,
technology, compliance, blockchain, automation) occupy a second pole, while Cluster 2
terms (government, development, financial, country, GDP) occupy a third pole. The spatial
proximity between Cluster 1 and Cluster 2 indicates convergence between governance
and developmental perspectives, while the distance of Cluster 3 reflects the continued
methodological distinctiveness of technical performance studies.

3.2. Thematic Content of the Three Clusters
3.2.1. Cluster 3—Machine Learning and Predictive Modelling (42.61%)

In Cluster 3 (42.61%) the core focus is on algorithmic performance and methodological
innovation. Battaglini et al. (2025) challenge traditional experiential audits by finding
that ML-selected audits in Italy detected 39% more tax evasion than human-selected
audits. On Chinese enterprise data, Yang (2025) uses random forest models to reach an
accuracy of more than 92%, and to determine sector-specific risk indicators (tax burden
rate, profit fluctuation). Malashin et al. (2025) optimize XGBoost using a multi-objective
optimization technique (NSGA-II) with focal loss and achieve an ROC AUC of 0.9417.
For the context of limited resources, Kamoun et al. (2025) compare supervised learning
algorithms for predicting tax non-compliance in Tunisia, and they find that the random
forest algorithm achieves an accuracy of 83%. Xavier et al. (2022) illustrate that, in Brazil,
an open data collection and a neural network can correctly detect tax evasion at more
than 98% accuracy, which means that public repositories can substitute for proprietary
administrative information.

Advanced architectures address data constraints through synthetic data generation
(GAN + SMOTE achieving ~0.95 accuracy on Thai evasion tasks; Visitpanya & Samanchuen,
2023), ensemble methods combining GANs and multiple classifiers (Alrasheedi et al., 2025),
metaheuristic-optimized ML (IPSO + MLP + SVM, 93.68%, Iran; Mojahedi et al., 2022), and
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multi-label classification (MLARAM, F1 = 95.5%, Indonesia; Prasetyo et al., 2024). Hauser
et al. (2025) demonstrate that ML-targeted behavioral nudges nearly double compliance
effects versus untargeted approaches, and Coita et al. (2023) show that negative taxpayer lin-
guistic patterns from NLP analysis predict future non-compliance. Additional contributions
document double/debiased ML for causal inference (Chang, 2020), predictive analytics for
income tax evasion (Babu & Vasavi, 2017), undeclared work drivers across EU member
states (Franic, 2022), NAICS code prediction via supervised methods (Oehlert et al., 2022),
and a comprehensive review of AI fraud detection trends and implications (Belahouaoui &
Alm, 2025).

This group establishes technical feasibility in a variety of settings. But accuracy rates
(83–98%) depend on data availability, infrastructure development, and the regulatory
framework. Technical performance is context-specific and not generally transferable.

3.2.2. Cluster 1—Artificial Intelligence, Technology and Tax Compliance (33.81%)

Cluster 1 (33.81%) focuses on the institutional, governance, and technological aspects
of AI use. The key lexical patterns (intelligence, artificial, AI, technology, taxation, framework,
legal, compliance, noncompliance, blockchain, automation, adoption) highlight issues related to
systemic integration, regulatory frameworks, and organizational conditions that can enable
or constrain deployment.

This cluster is underpinned by governance and ethical frameworks. Bogucki (2025)
discusses the ELSA/RRI aspects of AI in EU tax administration, whereas Belahouaoui and
Attak (2024) validate the Tax Administration 3.0 trends and point to regulatory gaps in
emerging economies, and Mudome and Ndiege (2025) emphasize ethical and transparency
concerns in AI deployment in developing economies. Calderón Carrero and Ribeiro (2020)
and Bevacqua (2020) caution that the lack of legal protection in automated enforcement
in both civil- and common-law jurisdictions may compromise the rights of taxpayers.
Adoption readiness studies show TOE-based success factors in Botswana (Munjeyi &
Schutte, 2024, 2025), regulatory and human-resource gaps in Indonesia (Saragih et al.,
2023), and that long-term investment in e-government is central in Estonia (Künnapas et al.,
2025). In contexts with limited data capacity, the main constraint is lack of data rather
than algorithmic sophistication: estimated tax gaps in Zambia range from 47% to 55% due
to data limitations and evasion cycles (Adu-Ababio et al., 2025), while the VAT gap in
Tanzania reaches 62% (Ebrahim et al., 2024), and even partial digitization in Rwanda is
already said to allow for ML-based tax-gap forecasting (Uwizeye, 2025).

Complementary studies examine the impact of AI-driven economic models on tax law
concepts (Fidelangeli & Galli, 2021) and the general effect of digital economic transforma-
tion on tax governance (Suwarni et al., 2020). The combined effect of this cluster highlights a
methodological transition from technocentric conceptualizations to socio-technical integra-
tion, and the importance of governance and institutional aspects is increasingly recognized
as central to the effectiveness of AI.

3.2.3. Cluster 2—Government, Financial Development and Revenue Administration
(23.58%)

Cluster 2 (23.58% of the corpus) covers macroeconomic, institutional, and cross-border
dimensions of fiscal governance. The key lexical elements (government, development, financial,
domestic, GDP, money laundering, privacy, state) illustrate themes related to the capacity to
mobilize revenues, the sophistication of the regulatory framework and the policy design.
Representative studies include unsupervised ML for tax avoidance by overseas Americans
(Miller, 2019), money laundering risk indicators in Bulgaria (Kostova & Zhelev, 2024), social
media analysis of taxpayer attitudes in Kazakhstan (Kuandykov et al., 2021), AI-driven
taxation policy design using deep multi-agent reinforcement learning (Zheng et al., 2022),
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challenges of asset valuation for tax compliance (Soled & Thomas, 2023), due-process
risks from Italy’s Ve.R.A. algorithm (Saponaro, 2025), and a bibliometric and engineering
overview of the use of AI and ML in accounting and auditing (Güney et al., 2025). The
cluster shows that the effectiveness of algorithms is tightly coupled to structural elements
of fiscal governance, revenue mobilization capacity, regulatory sophistication, and cross-
border fiscal coordination. The relatively small proportion of this component (23.58%)
indicates that the macroeconomic and developmental aspects of AI-tax compliance are
not yet fully explored compared to technical and governance aspects, warranting further
empirical study.

3.3. Cross-Cluster Synthesis and Temporal Dynamics

The three clusters represent complementary and temporally layered research trajec-
tories. Cluster 3 established proof-of-concept for algorithmic detection accuracy; Cluster
1 emerged as a corrective emphasizing that governance frameworks are constitutive of
intervention effectiveness, not peripheral to it; and Cluster 2 provides the macroeconomic
and developmental context that preconditions what is institutionally feasible. The factorial
correspondence analysis spatially confirms these three poles, with Cluster 1 and Cluster 2
in closer proximity, reflecting the growing integration of governance and developmental
perspectives, and Cluster 3 more distant, reflecting the continued methodological distinc-
tiveness of technical performance studies. Three propositions emerge as theoretical patterns
(not causal claims): a methodological hierarchy in which socio-technical perspectives gain
weight over time; a geographical imbalance in which technical studies are dominated by
advanced-economy data while governance and adoption studies are increasingly present
in developing-economy research; and a temporal evolution from single-cluster studies
(2015–2019) toward more integrated, cross-cluster designs (2022–2025). These patterns
serve as the analytical foundation for the CIMO-based synthesis in Section 4.

4. Results (2): CIMO-Based Synthesis
This section offers a systematic overview of the 68 studies, structured according to

the four analytical areas of the CIMO framework: Context, Intervention, Mechanism and
Outcome. Instead of analyzing individual studies in isolation, the analysis aims to detect
patterns, boundary conditions, and contradictions between studies that help to explain how
similar AI technologies can lead to different levels of compliance in different institutional
contexts. The synthesis process ends with the Adaptive AI Tax Compliance Framework
(AAITCF), which transforms these analytical patterns into differentiated implementation
paths, calibrated to institutional maturity level. The CIMO framework of the studies used
for analysis is provided in Table S2 in the Supplementary Materials.

4.1. Context (C): Institutional and Structural Conditions Shaping AI Deployment

In CIMO logic, context is not residual but constitutive. It determines which interven-
tions are possible, how mechanisms work, and what outcomes can be expected. Three
dimensions of context, all related to structure, are found consistently to be active factors in
the effectiveness of interventions across the 68 studies.

4.1.1. Geographic and Institutional Settings

The 68 studies span seven geographic clusters: Asia (n = 17; 25.0%), Europe (n = 15;
22.1%), Global or multi-regional (n = 15; 22.1%), North America (n = 11; 16.2%), Sub-
Saharan Africa (n = 7; 10.3%), Latin America (n = 2; 2.9%), and the Middle East (n = 1;
1.5%). This distribution is analytically interesting: European and Asian studies dominate
the literature on ML performance, while Sub-Saharan African studies disproportionately
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document institutional barriers and readiness gaps. The AAITCF is designed in tiers, and
these asymmetries directly inform the tiering of the design.

In advanced economies (Italy, Estonia, US), research sets the upper bound for AI-based
compliance: In Italy, ML-selected audits detected 39% more cases of evasion and recovered
29% more revenue than human-selected alternatives (Battaglini et al., 2025); in Estonia,
multi-application AI deployment (language models, fraud-detection networks, customs
imaging) reflects decades of investment in e-government (Künnapas et al., 2025); and in
the US, a randomized field experiment demonstrates that ML-targeted behavioral nudges
nearly double compliance effects compared to untargeted nudges (Hauser et al., 2025).
In contrast, developing and emerging economy studies (Sub-Saharan Africa) show the
opposite side: tax gaps of 47–62% (Adu-Ababio et al., 2025; Ebrahim et al., 2024), the non-
existence or underdeveloped nature of AI governance structures (Munjeyi & Schutte, 2024),
and infrastructure gaps that restrict algorithmic training data, even if partial digitization
in Rwanda has already enabled the use of ML for revenue forecasting (Uwizeye, 2025).
Asian studies (China, Indonesia, Malaysia, Thailand, Iran, Russia, Kazakhstan) fall in
the middle range—between 87% and 94% accuracy, using standard supervised methods
(Yang, 2025; Prasetyo et al., 2024; Mojahedi et al., 2022); data confidentiality is addressed
by synthetic generation (Visitpanya & Samanchuen, 2023); and the readiness gaps are
mostly concentrated in regulation and human capital, not in transactional data (Saragih
et al., 2023). European and Latin American studies emphasize behavioral and structural
determinants: religiosity and institutional trust influence tax morale independently of
technology (Davidescu et al., 2022); sentiment in taxpayer language predicts future non-
compliance (Coita et al., 2023); and fiscal incentive design causally shapes evasion behavior
(Saavedra & Romero, 2021).

4.1.2. Thematic and Regulatory Framing

Studies are distributed across four thematic contexts. The largest group targets tax
fraud and evasion directly: VAT underreporting (Tuyishimire & Murorunkwere, 2024;
Ebrahim et al., 2024), income tax fraud (Mojahedi et al., 2022; Malashin et al., 2025; Siimon
& Lukason, 2021), corporate tax avoidance and tax haven use (Borrotti et al., 2023), self-
employment underreporting (Battaglini et al., 2025; Battiston et al., 2024), and satellite-
identified illegal mining evasion (Saavedra & Romero, 2021). A second cluster concerns the
digital transformation of tax administration and Tax Administration 3.0 (Belahouaoui &
Attak, 2024; Karataş Durmu & Arıtı Erdem, 2023; Pylypenko et al., 2022). A third context
addresses behavioral and sociological determinants of compliance, including taxpayer
trust, morale, religiosity, and sentiment (Davidescu et al., 2022; Coita et al., 2023; Puklavec
et al., 2023; Mu et al., 2023). A fourth context covers governance, legal accountability, and
taxpayer rights in AI-driven enforcement (Bogucki, 2025; Bevacqua, 2020; Calderón Carrero
& Ribeiro, 2020; Saponaro, 2025; Al-zi’aylee et al., 2025).

4.1.3. Structural Barriers and Enabling Conditions

Five structural barriers recur consistently. Data scarcity and confidentiality constraints
affect 19 studies (27.9%), limiting labeled training datasets, and are handled by using
synthetic data generated with GANs in Thailand (Visitpanya & Samanchuen, 2023) and a
Correlational GAN ensemble for financial statement data (Alrasheedi et al., 2025). Class
imbalance affects 14 studies (20.6%), where non-compliant taxpayers are a small minority,
and is addressed by SMOTE (Chou et al., 2025), focal loss (Malashin et al., 2025), and
positive-unlabeled learning (Gao et al., 2023). All 7 Sub-Saharan African studies document
fragmented or non-digitized administrative infrastructure as a key feasibility constraint.
Ten legal and governance studies highlight regulatory uncertainty, such as the lack of
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clarity in data protection laws, unclear accountability requirements for algorithms, and the
uncertain application of the EU AI Act to tax administration. In 8 studies across Botswana,
Zambia, Ethiopia, and Indonesia, human capital gaps are reported, such as inadequate
training of tax staff in data science.

Conversely, the most consistent enablers of effective AI deployment are large adminis-
trative datasets (23 studies; 33.8%), digital invoicing infrastructure, and institutional open-
ness to technological innovation. The long-term investment in e-government infrastructure
in Estonia (Künnapas et al., 2025; Siimon & Lukason, 2021) is the classic positive example,
while Saragih et al. (2023) illustrate that, even without comprehensive regulation, existing
transactional data in Indonesia is sufficient for AI use, and Uwizeye (2025) demonstrates
how partial digitization in Rwanda can already support ML-based revenue forecasting.

4.2. Intervention (I): AI Architectures Applied Across Tax Compliance Contexts

In the 68 studies, four main categories of interventions can be observed: supervised
ML for fraud detection and audit selection; ensemble methods, data augmentation, and
network-based architecture; NLP, behavioral interventions, and policy-oriented AI; and
legal-governance frameworks as non-algorithmic interventions.

4.2.1. Supervised Machine Learning for Fraud Detection and Audit Selection

Supervised ML is the most widely used intervention (32 of 68 studies; 47.1%), with Ran-
dom Forest, XGBoost, and Gradient Boosting being the most commonly used algorithms.
These algorithms have been found to achieve between 83% and 98% accuracy with suffi-
cient administrative data across various national datasets, with performance differences
being dependent on data volume and infrastructure, not algorithm choice (Kamoun et al.,
2025; Yang, 2025; Wahab & Abu Bakar, 2021; Xavier et al., 2022; Siimon & Lukason, 2021).

Multi-label and multi-objective classification represent a new methodological step.
Prasetyo et al. (2024) apply MLARAM, MLkNN, binary relevance, label powerset, and
RAkELd to Indonesian tax risk data, with MLARAM achieving F1 = 95.5%, demonstrating
that multi-objective risk profiling captures more informative compliance dimensions than
binary classification. Malashin et al. (2025) address the accuracy-interpretability trade-off
directly: their NSGA-II multi-objective optimization simultaneously maximizes ROC AUC
and minimizes decision tree depth, producing a Pareto-optimal model that is both more
accurate (0.9417 vs. 0.9161) and more interpretable than the non-optimized baseline.

Audit selection using ML is documented in two Italian studies with direct fiscal conse-
quences. Battaglini et al. (2025) show that replacing the 10% least promising human-selected
audit cases with ML-selected cases increases detected evasion by 39% and recovered rev-
enue by 29% without increasing audit volume. Battiston et al. (2024) report parallel gains
for self-employed taxpayers and sole proprietors using regional Random Forest models.
Rabasco and Battiston (2023) complement these findings by showing that ML-targeted
audits identify taxpayers who increase declared income by an average of €14,461, versus
an average decrease of €205 for all audited taxpayers. Borrotti et al. (2023) extend audit
targeting to the corporate tax avoidance domain: using publicly available accounting data
for 4031 EU group ultimate owners, they predict aggressive tax haven location decisions ex
ante, providing a basis for preventive administrative approaches.

4.2.2. Ensemble Methods, Data Augmentation, and Network-Based Interventions

Ensemble learning and synthetic data generation address the twin constraints of
model instability and dataset scarcity. Alrasheedi et al. (2025) propose a soft voting
ensemble combining a Correlational GAN, an encoder, and multiple classifiers for financial
statement fraud detection, outperforming all non-ensemble configurations. Chou et al.
(2025) combine SMOTE with a Forensic-Based Investigation (FBI) metaheuristic algorithm
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and ensemble ML to detect fraudulent pollution fee declarations in Taiwan, extending AI-
driven tax compliance into environmental fiscal governance. Visitpanya and Samanchuen
(2023) generate synthetic financial data using GAN+SMOTE (quality score 0.87), training
models that achieve ~0.95 accuracy and 0.91 F1 on real Thai tax evasion tasks, directly
circumventing the confidentiality barrier preventing direct access to tax returns.

Network-based interventions analyze relational structures among taxpayers and en-
tities. Didimo et al. (2020) present MALDIVE, combining social network analysis with
ML risk scoring, information diffusion modeling, and interactive human validation for
Italy’s Revenue Agency, as the dataset’s most complete integration of technical and human
judgment. Gao et al. (2023) develop FBNE-PU, which combines taxpayer attributes and
graph embeddings from PnCGCN with positive-unlabeled learning to handle the labeling
scarcity problem intrinsic to fraud detection. Lee et al. (2024) combine panel data modelling
and agent-based simulation to demonstrate that blockchain technology integration can
address non-cooperative taxpayer behavior and reduce the US tax gap when paired with
improvements in IRS audit efficiency and increased penalties. Zheng et al. (2022) push
simulation further with the AI Economist: a two-level deep multi-agent reinforcement
learning system that optimizes tax policy for social welfare under inequality and produc-
tivity constraints. Warner et al. (2015) apply an evolutionary algorithm to generate novel
tax shelter configurations, providing auditors with a tool for proactive scenario-planning
beyond known patterns. Shujaaddeen et al. (2024) deploy a hybrid supervised and unsu-
pervised neural network for tax fraud detection in Yemen, one of the few studies from a
conflict-affected, low-capacity administrative context.

4.2.3. NLP, Behavioral Interventions, and Policy-Oriented AI

Natural language processing interventions appear in five studies. Puklavec et al. (2023)
apply structural topic modeling to 1.16 million tax-related tweets (2010–2020), finding that
enforcement content generates 38–40% more retweets than information-service content
and carries significantly more negative sentiment. Coita et al. (2023) establish via NLP
sentiment analysis that negative word frequency in taxpayer language predicts future
non-compliant behavior. Kuandykov et al. (2021) deploy social media analytics in Kaza-
khstan to map taxpayer attitudes; Miller (2019) applies text mining to overseas American
FATCA/FBAR compliance discourse; and Antinozzi and Cooper (2025) find that ChatGPT
3.5 and 4.0 answer only 39–47% of common US tax questions correctly, concluding that
generative AI chatbots require substantial human oversight before deployment as taxpayer
guidance tools.

Behavioral interventions with algorithmic targeting provide the most causally robust
evidence in the dataset. Hauser et al. (2025) design a randomized field experiment in
which ML identifies unemployment benefit claimants at high risk of fraudulent underre-
porting; targeted behavioral nudges produce near-zero average treatment effects without
ML targeting but compliance effects nearly double with ML identification, establishing the
marginal causal value of algorithmic selection within behavioral interventions. Mu et al.
(2023) identify psychological egoism as a mediator between AI-based invoicing technology
and tax revenues in Ethiopia, suggesting that individual utility calculus moderates the
compliance effect of digitization through an attitudinal pathway. Axtell and Farmer (2025)
review agent-based modeling methods for behavioral simulation in economic and tax
contexts, providing a methodological foundation for future behavioral AI tax research.

4.2.4. Legal-Governance Frameworks as Institutional Interventions

Fifteen studies (22.1%) treat legal, governance, and institutional frameworks as inter-
ventions per se. Bogucki (2025) proposes ELSA/RRI-based governance standards for EU
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tax AI, including DPIA requirements, AI-use inventories, human-in-the-loop protocols,
and GDPR/EU AI Act compliance. Bevacqua (2020) and Calderón Carrero and Ribeiro
(2020) document complementary accountability gaps between common-law and civil-law
jurisdictions, noting that taxpayer rights to reasons, challenge, and appeal are structurally
undermined without algorithmic accountability frameworks embedded in tax procedure
law. The tension in practice is illustrated by Saponaro (2025): Italy’s Ve.R.A. requires human
sign-off for enforcement, but its learning logic is not disclosed, which is an unresolved
due-process gap. Based on 62 papers, Belahouaoui and Attak (2024) find that Tax Adminis-
tration 3.0 is moving forward all over the world, although governance and capacity gaps
remain in emerging economies.

4.3. Mechanism (M): Pathways from Algorithmic Deployment to Compliance Outcomes

Mechanisms explain how interventions turn into outcomes. There are four types of
mechanisms that can be distinguished: statistical pattern recognition and risk prioritization;
explainability and human-in-the-loop governance; behavioral and socio-psychological
mediation; and automation with real-time data integration.

4.3.1. Pattern Recognition, Risk Scoring, and Audit Prioritization

The essence of supervised learning is statistical pattern recognition: models developed
from previous compliance information calculate a risk score for each case, which guides
audit resources to high-yield cases. The Italian studies (Battaglini et al., 2025; Battiston et al.,
2024; Rabasco & Battiston, 2023), which reallocated a fixed audit budget to ML-selected
cases, offer the strongest evidence of measurable revenue gains without an increase in
enforcement capacity. Feature-importance analyses also support highly sector-specific risk
profiles: the features that are important for Chinese manufacturing are distinct from those
of real estate and Tunisian taxpayers, meaning that the model needs to be locally tuned
for each sector or jurisdiction, which helps explain cross-country accuracy variation (83%
Tunisia vs. >98% Brazil). Relational pattern recognition takes detection a step further:
MALDIVE (Didimo et al., 2020) spreads risk scores through commercial networks to detect
indirect participation in fraud; FBNE-PU (Gao et al., 2023) uses positive-unlabeled learning
for graph embeddings to deal with the challenge that unlabeled cases are not necessarily
compliant; and Borrotti et al. (2023) use predicted tax-haven probabilities as anticipatory
signals to be able to act in advance.

4.3.2. Explainability, Human-in-the-Loop, and Algorithmic Accountability

Twelve studies (17.6%) treat explainability as essential to institutional legitimacy.
Maldive (Didimo et al., 2020) implements interactive human validation as an explicit ar-
chitectural layer; Ve.R.A. (Saponaro, 2025) mandates human sign-off before enforcement
despite undisclosed learning logic; and Kamoun et al. (2025) deploy SHAP values to
produce interpretable ranked risk attributes for auditors. Bogucki (2025) grounds these
requirements in EU law: tax AI systems must offer meaningful explanations under GDPR
Article 22, conduct DPIAs under Article 35, and perform fundamental-rights impact as-
sessments under EU AI Act Article 27. However, technical explainability alone may be
insufficient; taxpayer rights to reasons, challenge, and appeal require redesigned enforce-
ment processes, yet only 3 of 68 studies explicitly address this legal redesign (Bogucki, 2025;
Saponaro, 2025; Al-zi’aylee et al., 2025).

4.3.3. Behavioral and Socio-Psychological Mediation Mechanisms

Several studies have shown that AI does not directly enforce compliance but rather
operates through socio-psychological mediating pathways. This is shown experimentally
by Hauser et al. (2025): if the behavioral nudge is randomly distributed, it has almost no
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impact, but if it is targeted by ML risk scoring, it almost doubles compliance, and the mech-
anism is not persuasion, but the selection of the subpopulation for which persuasion works.
The results of the study conducted by Mu et al. (2023) indicate that psychological egoism
plays a mediating role between the adoption of AI-based invoicing and tax revenue in
Ethiopia, suggesting that people with self-interest orientations react differently to digitiza-
tion than those who are prosocially oriented. In Thai e-commerce, Thanakijkhajonphaisan
and Sincharoonsak (2025) propose a multi-layered mechanism in which social motivations
influence taxpayer compliance intentions, which then influence how taxpayers respond to
technological monitoring and burden minimization.

Davidescu et al. (2022) provide evidence at the macro level showing that religiosity
and institutional trust significantly affect tax morale on their own and at times more than
technological interventions in 79 countries. Lazovic Pita et al. (2025) find that, beyond
economic variables, social and institutional determinants continue to have explanatory
power in 35 European countries in ML models. The results reveal that the background
mechanisms of cultural and institutional embeddedness can either limit or enhance the
ability of AI tools to achieve their intended goals, with the same algorithm operating
differently in contexts of high trust and high morale versus low trust and conflict settings
(cf. Shujaaddeen et al., 2024, Yemen). Coita et al. (2023) find that negative sentiment can be
used as an early warning system, as NLP analysis of taxpayer language gives a predictive
signal of future non-compliance before observable behavioral deviation.

4.3.4. Automation and Real-Time Data Integration

Automation mechanisms operate at the level of administrative infrastructure. In
Rwanda, Uwizeye (2025) finds that the digitization of Electronic Billing Machine (EBM)
systems leads to the generation of real-time transaction data that can be used for ML-
based revenue forecasting. However, the adoption of EBM itself is not shown to have a
direct impact on compliance, as implementation and enforcement gaps still exist. Neuman
and Sheu (2022) report a moderated automation mechanism: Big Data analytics in IRS
audit selection significantly increases compliance for taxpayers with high digital visibility
(online advertisers) but has no significant compliance effect for taxpayers without such
visibility, while also reducing perceived fairness for the latter group. In short, automation
can exacerbate existing inequalities in tax enforcement.

The analysis of Topchii et al. (2025) shows that digital infrastructure, institutional
quality and economic size are more significant determinants of digital tax compliance than
the type of AI tools used, highlighting the contextual conditionality of the mechanisms
of automation. In Romania, Cuc et al. (2025) show that technology adoption for tax
compliance purposes depends on perceived usefulness and trust in institutional digital
systems, and not only on the technical features of the tools.

4.4. Outcome (O): Technical Performance, Fiscal Impact, and Institutional Consequences

Outcomes encompass technical performance, fiscal and revenue effects, and institu-
tional, legal, and ethical implications. Methodologically, it is essential to distinguish these
dimensions: accuracy rates, tax gap estimates, revenue recovery figures, time savings, and
fairness assessments are not equivalent measures, so treating them as equivalent will result
in misleading generalizations about the effectiveness of AI.

4.4.1. Technical Performance Outcomes

In the 32 empirical ML studies, the accuracy of the models falls between 83% and
over 98%, and four analytical patterns are common. First, high performance is context-
dependent and not a transferable benchmark—it is not about the algorithm used, but
about the amount of data and the quality of the infrastructure. Second, multi-objective
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and multi-label architectures consistently beat single-algorithm binary classifiers (e.g.,
MLARAM in Indonesia, F1 = 95.5% vs. binary baselines; XGBoost+NSGA-II in Russia, ROC
AUC 0.9417 vs. 0.9161 baseline). Third, synthetic data generation using GAN+SMOTE
manages to achieve good performance (accuracy of ~0.95 for real Thai evasion tasks)
while still addressing confidentiality constraints. Fourth, unsupervised and positive-
unlabeled methods (e.g., FBNE-PU) address the basic problem of scarce labels in fraud
detection. Under class imbalance, the most useful comparative measure is ROC AUC, and
interpretability analysis via SHAP gives the audit-prioritization intelligence needed for
administrative deployment.

4.4.2. Fiscal and Revenue Outcomes

Quantified fiscal outcomes are reported in 9 studies and reveal substantial material
consequences where institutional conditions enable AI deployment. The most rigorous
evidence comes from Italy: Battaglini et al. (2025) find that replacing the 10% least promis-
ing human-selected audits with ML-selected cases increases detected evasion by 39% and
recovered revenue by 29% without increasing audit volume. Rabasco and Battiston (2023)
estimate that ML-targeted taxpayers increase declared income by an average of €14,461,
versus an average decrease of €205 for all audited taxpayers, a striking differential demon-
strating that algorithmic selection captures heterogeneous deterrence responses that are
invisible to non-targeted approaches. Battiston et al. (2024) document additional revenue
gains from Random Forest models applied to Italian regional self-employment data.

Tax gap estimation provides another fiscal outcome dimension. Adu-Ababio et al.
(2025) estimate Zambia’s tax gap at 55% (regression) and 47% (ML), driven primarily by
Corporate Income Tax losses in the extractives sector. Ebrahim et al. (2024) estimate a 62%
VAT gap for Tanzanian SMEs, with the highest evasion among firms systematically avoid-
ing audit exposure. Tuyishimire and Murorunkwere (2024) identify VAT underreporting
risk profiles in Rwanda by sector and taxpayer characteristics, providing actionable priori-
tization intelligence for the Rwanda Revenue Authority. Borrotti et al. (2023) demonstrate
that ML-predicted aggressive tax haven location probabilities, when built into preventive
administrative approaches, reduce the welfare costs of anti-avoidance uncertainty. Galler
and Soled (2024) argue that AI applied to PTIN-registered preparer data could recover
billions annually in the US by identifying derelict practitioners whose returns systemati-
cally understate taxable income. Saavedra and Romero (2021) establish that fiscal incentive
design directly drives evasion: reducing revenue transfers to mining municipalities in
Colombia increases illegal mining by a causal margin, suggesting that AI-detected evasion
must be understood within the fiscal contract between jurisdictions.

4.4.3. Institutional, Legal, and Ethical Outcomes

Institutional and ethical outcomes are documented in 14 governance, legal, and cross-
cutting studies. Four institutional risk categories recur. First, erosion of taxpayer rights
through opaque automated enforcement: both Calderón Carrero and Ribeiro (2020) and
Bevacqua (2020) identify the right to reasons, challenge, and appeal as structurally under-
mined by algorithmic enforcement across civil- and common-law jurisdictions. Second,
due-process opacity: Ve.R.A.’s learning logic remains undisclosed despite mandatory hu-
man sign-off (Saponaro, 2025), and ChatGPT answers only 39–47% of common US tax
questions correctly (Antinozzi & Cooper, 2025), suggesting that generative AI may require
disclosure requirements before deployment as taxpayer guidance. Third, algorithmic bias
risk: Bogucki (2025) identifies selection bias in administrative datasets as a systematic risk
producing discriminatory risk scoring if unaudited. Fourth, structural inequality in AI
benefits: AI improves outcomes in advanced economies but produces limited or negative
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effects in low-infrastructure settings (Mudome & Ndiege, 2025; Belahouaoui & Attak, 2024),
meaning fiscal gains are unevenly distributed across and within countries. On the construc-
tive side, AI nudges that are targeted at taxpayers achieve a near-doubling of voluntary
compliance without punitive measures (Hauser et al., 2025), Estonia’s implementation
provides spillovers in service quality and staff capacity (Künnapas et al., 2025), proactive
governance under ELSA-RRI can build public trust while maintaining efficiency gains
(Bogucki, 2025), AI improves GST implementation outcomes in India (Mathew & Devan,
2025), a proactive and ethically grounded AI strategy is advocated for tax administrations
globally (Antón, 2021), and qualitative research with US/Canadian tax professionals re-
veals that AI is enthusiastically adopted in compliance work but is professionally resisted
in advisory services (Radcliffe et al., 2025); that is, the institutional effects are differentiated
by function, not uniform across the profession.

4.4.4. Comparative Synthesis: Convergences, Divergences, and Limitations Across the
Evidence Base

The 68 studies converge on three points and diverge sharply on two others; each
pattern carries a direct implication for the design of the AAITCF (Section 4.5).

Convergence 1: reported accuracy varied more from context to context. Despite span-
ning Random Forest, XGBoost, neural networks, and ensemble or graph-based methods,
reported accuracies cluster within an 83–98% band whenever administrative data are ade-
quate (Kamoun et al., 2025; Yang, 2025; Xavier et al., 2022; Siimon & Lukason, 2021), largely
irrespective of which specific algorithm is used. The binding constraint is consistently data
volume, quality, and infrastructure (Topchii et al., 2025; Saragih et al., 2023), not algorith-
mic sophistication. This convergence directly justifies the AAITCF’s Step 1 emphasis on
contextual and data readiness assessment ahead of technology selection (Section 4.5.1).

Convergence 2: technical performance and institutional legitimacy are reported by
almost entirely non-overlapping sets of studies. The 32 empirical ML studies rarely discuss
governance, bias, or taxpayer rights (only 24 of 68 studies, 35.3%, address this per Table 5,
Panel C), while the 14 governance and legal studies rarely report technical performance
metrics. This bifurcation is itself a finding: the corpus exhibits a structural division of
labor between technical and governance scholarship that no single study bridges, which
is precisely the gap the AAITCF’s six-step cycle is designed to close by forcing techni-
cal components (Steps 2–3) and governance components (Steps 4 and 6) into a single
iterative structure.

Convergence 3: where causal or quasi-causal designs exist, the targeting or selection
mechanism, not the intervention content, drives the compliance gain. Hauser et al.’s (2025)
randomized experiment and Battaglini et al.’s (2025) quasi-experimental audit reallocation
both show that algorithmically selecting who is treated, rather than what they are given,
produces the measured gain. This anchors AAITCF Steps 3 and 5.

Divergence 1: identical model classes produce very different outcomes across insti-
tutional settings, and the studies disagree on why. Random Forest reaches 83% accuracy
in Tunisia (Kamoun et al., 2025) and over 98% in Brazil (Xavier et al., 2022); some authors
attribute such gaps to data volume (Siimon & Lukason, 2021), others to institutional trust
and tax morale (Davidescu et al., 2022; Lazovic Pita et al., 2025), and others to digital
infrastructure and economic size (Topchii et al., 2025). The corpus does not resolve which
moderator dominates, and no single study tests them jointly. This unresolved divergence
is precisely why the AAITCF treats the institutional tier as a multi-dimensional readiness
profile rather than a single composite score (Section 4.5.1), and it is flagged in Section 5.4 as
a priority for future multi-moderator empirical testing.

Divergence 2: the studies disagree, implicitly, on whether automation reduces or
reproduces inequality. Hauser et al. (2025) and Künnapas et al. (2025) report automation
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improving compliance or service quality without apparent distributional cost, whereas
Neuman and Sheu (2022) find that Big Data audit selection increases compliance only for
taxpayers with high digital visibility while reducing perceived fairness for the remainder,
and Mudome and Ndiege (2025) document an analogous asymmetry across, rather than
within, countries. Because both directions are evidenced within the corpus rather than
resting on a single outlier study, the AAITCF treats equity monitoring as a mandatory,
recurring component of Step 6 rather than a one-time ethical checkbox.

A limitation qualifies the whole synthesis: none of these convergences or divergences
can be adjudicated causally with the available evidence. Only one randomized experiment
(Hauser et al., 2025) and one quasi-experimental design (Battaglini et al., 2025) exist in
the entire corpus (Section 2.3), so the comparative patterns above describe theoretically
coherent associations rather than established causal mechanisms. This is why the AAITCF
(Section 4.5) is presented as a provisional, evidence-grounded roadmap requiring longitu-
dinal validation (Section 5.4), rather than as a causally validated intervention protocol.

4.4.5. From CIMO Evidence to Framework Design

The AAITCF framework was synthesized from the evidence base; each of its six
steps was derived from a specific, recurring CIMO pattern documented in Sections 4.1–4.4
and 4.4.4 and is traceable to the studies that motivated it. Table 6 makes this derivation
explicit, mapping each step to (a) the CIMO evidence pattern that motivated it, (b) the
primary supporting studies, and (c) the quality-appraisal caveat (Section 2.3, Table 5) that
qualifies the strength of that evidence. Where the underlying evidence is causally strong
(Step 5), the corresponding framework recommendation is directive; where the evidence
reflects a documented gap rather than a validated solution (Step 6), the recommendation is
corrective and provisional, pending the empirical validation called for in Section 5.4.

Table 6. Derivation of the AAITCF’s Six Steps from CIMO Evidence Patterns.

AAITCF Step CIMO Evidence Pattern Primary Supporting Studies Quality-Appraisal Caveat

1. Contextual Readiness &
Data Infrastructure

Assessment

Data quality/infrastructure predicts
outcomes more than algorithm choice in

Tier 3 contexts (Convergence 1,
Section 4.4.4)

Adu-Ababio et al. (2025);
Uwizeye (2025); Saragih et al.

(2023); Munjeyi and
Schutte (2024)

63.2% single-country scope limits
transferability of readiness

thresholds (Table 5, Panel E)

2. Pattern Recognition and
Anomaly Detection

RF/XGBoost achieves comparable
accuracy across very different data

volumes, supporting them as a
low-data-requirement baseline

(Convergence 1)

Kamoun et al. (2025); Yang
(2025); Siimon and Lukason
(2021); Didimo et al. (2020)

Accuracy benchmarks are
context-specific, not transferable

performance standards
(Section 2.3 implications)

3. Predictive Risk Assessment
and Audit Prioritization

Feature importance is sector-specific, so
risk scoring must be calibrated locally

rather than imported wholesale
(Divergence 1)

Yang (2025); Xu and Kong
(2024); Tuyishimire and
Murorunkwere (2024);
Kamoun et al. (2025)

Sector-specificity itself is the
caveat: no cross-sector transfer

has been tested

4. Explainability and
Human-in-the-Loop

Validation

Technical explainability alone is
insufficient without redesigned

due-process channels; MALDIVE/Ve.R.A.
show human-in-the-loop is operationally

feasible (Convergence 2)

Bogucki (2025); Bevacqua
(2020); Calderón Carrero and
Ribeiro (2020); Didimo et al.

(2020); Saponaro (2025)

Only 3 of 68 studies explicitly
address legal redesign; mandated

as structural corrective, not yet
causally validated

5. Decision Support and
Compliance Outcomes

RCT evidence that ML-targeting, not
nudge content, drives compliance gains;

NLP sentiment provides an early-warning
signal (Convergence 3)

Hauser et al. (2025); Coita
et al. (2023); Puklavec et al.

(2023)

Strongest causal evidence in the
corpus, but from a single setting
(one US unemployment agency)

6. Continuous Governance
Evolution and

Ethical Feedback

35.3% of studies show governance/ethical
gaps concentrated in technical studies;

feedback loop added as structural
corrective (Divergence 2)

Bogucki (2025) (ELSA-RRI);
Table 5, Panel C

Reflects an appraisal-derived gap
rather than a positive evidentiary

success case
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This derivation logic clarifies that the AAITCF is best understood as a theoretically
saturated synthesis of recurring CIMO patterns rather than a deductively imposed model,
and that the directiveness of each recommendation is calibrated to the strength of its
underlying evidence.

4.5. The Adaptive AI Tax Compliance Framework (AAITCF)

Based on the structured CIMO synthesis of the 68 studies, the AAITCF proposes a
heuristic six-step governance model (Steps 1–6 in Figure 6) explicitly differentiated by
three institutional maturity tiers (Tier 1, Advanced: Italy, Estonia, United States; Tier 2,
Intermediate: China, Indonesia, Malaysia, Brazil, Tunisia, Thailand, Romania, Kazakhstan;
Tier 3, Foundational: Zambia, Botswana, Rwanda, Tanzania, Ethiopia, Yemen). These tiers
are heuristic categories intended to guide comparative interpretation rather than fixed
classifications of national tax administrations.

4.5.1. Institutional Maturity Tiers: Readiness Criteria and Transition Pathways

The three institutional tiers are not labels assigned post hoc to countries; they are oper-
ationalized along four readiness dimensions identified as recurring boundary conditions
across the CIMO synthesis (Sections 4.1–4.4): data infrastructure and volume, regula-
tory/legal capacity, human capital, and governance/oversight maturity. Table 7 specifies
indicative readiness criteria for each dimension and tier, drawn from the institutional
conditions documented across the corpus.

Table 7. Institutional Maturity Tiers: Readiness Criteria Across Four Dimensions.

Readiness Dimension Tier 3 (Foundational) Tier 2 (Intermediate) Tier 1 (Advanced)

Data infrastructure
and volume

Fragmented, small, or non-digitized
datasets; limited audit history

(Adu-Ababio et al., 2025, Zambia;
Ebrahim et al., 2024, Tanzania)

Moderate, structured administrative
datasets (~10,000–1 M records), partial

digitization (Kamoun et al., 2025:
20,930 obs.; Yang, 2025)

Large-scale, longitudinal
administrative microdata (>1 M

observations), real-time data feeds
(Siimon & Lukason, 2021;

Künnapas et al., 2025)

Regulatory/legal
framework

Largely silent on AI in tax
administration; no formal

accountability mechanism (Munjeyi &
Schutte, 2024, Botswana)

General data-protection law exists;
AI-specific tax guidance is emergent

(Saragih et al., 2023, Indonesia)

Explicit AI/data-protection
legislation with defined

algorithmic-accountability
obligations (Bogucki, 2025: GDPR,

EU AI Act)

Human capital

Documented skills gap; little to no
in-house data-science capacity

(Munjeyi & Schutte, 2024; Mudome &
Ndiege, 2025)

Some trained analytical staff,
concentrated at headquarters; reliance

on external consultants for
advanced models

In-house data-science teams;
dedicated AI/analytics units

within the tax authority

Governance and
oversight

No formal oversight mechanism;
enforcement decisions not yet

algorithmically informed

Ad hoc human review of model
outputs; explainability tools

(e.g., SHAP) used inconsistently

Established bias-audit,
explainability and

human-in-the-loop protocols;
periodic algorithm review

(Bogucki, 2025;
Didimo et al., 2020)

Illustrative cases
in corpus

Zambia, Botswana, Rwanda, Tanzania,
Ethiopia, Yemen

China, Indonesia, Malaysia,
Brazil, Tunisia, Thailand,

Romania, Kazakhstan
Italy, Estonia, United States

These criteria are diagnostic rather than fixed: an administration may satisfy Tier 1
criteria on data infrastructure while remaining Tier 3 on governance and human capital, a
heterogeneity documented in Rwanda, where Uwizeye (2025) shows that EBM-generated
transactional data already supports ML-based revenue forecasting even though formal AI
governance and in-house analytical capacity remain limited. The AAITCF therefore treats
the institutional tier as a dimension-specific profile rather than a single composite score,
consistent with the Divergence 1 finding (Section 4.4.4) that no single moderator, data, trust,
or infrastructure, dominates uniformly across the corpus.
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4.5.2. The Six-Step Implementation Cycle

Step 1, Contextual Readiness and Data Infrastructure Assessment, reflects the finding
that 63.2% of studies are single-country in scope and that data quality is more predictive
of success than algorithmic sophistication in Tier 3 (Foundational) contexts (Adu-Ababio
et al., 2025; Uwizeye, 2025; Saragih et al., 2023). Step 2, Pattern Recognition and Anomaly
Detection, recommends Random Forest and XGBoost as the baseline architectures for Tier
2 (Intermediate) and Tier 3 (Foundational) (Kamoun et al., 2025; Yang, 2025), with neural
networks, graph models, and ensemble methods reserved for Tier 1 (Advanced). Step
3, Predictive Risk Assessment and Audit Prioritization, implements feature-importance-
informed risk scoring calibrated to sector-specific profiles (Yang, 2025; Xu & Kong, 2024;
Tuyishimire & Murorunkwere, 2024). Step 4, Explainability and Human-in-the-Loop Vali-
dation, mandates SHAP-based interpretability (Kamoun et al., 2025) and interactive expert
review (Didimo et al., 2020; Saponaro, 2025) across all three tiers, aligned with legal account-
ability requirements identified by Bogucki (2025), Bevacqua (2020), and Calderón Carrero
and Ribeiro (2020). Step 5, Decision Support and Compliance Outcomes, combines the
non-punitive compliance methods of ML-targeted behavioral nudging (Hauser et al., 2025),
sentiment-based early warning (Coita et al., 2023), and social media analytics (Puklavec
et al., 2023; Kuandykov et al., 2021). Step 6, Continuous Governance Evolution and Ethical
Feedback, incorporates bias auditing, legal review and periodic performance evaluation
under Bogucki’s (2025) ELSA-RRI recommendations, ensuring that governance frameworks
evolve with the changes in AI capabilities and regulatory landscapes.

Figure 6. The Adaptive AI Tax Compliance Framework (AAITCF): A CIMO-Grounded, Tiered
Implementation Cycle with an Adaptive Feedback Loop.

Figure 6 summarizes the AAITCF by translating the CIMO synthesis into a tiered
implementation logic. Rather than proposing a universal model, the framework shows
that AI-based tax compliance depends on the interaction between institutional context,
technological intervention, operational mechanisms, and measurable outcomes. Its main
contribution is to connect the six implementation steps into one adaptive cycle, where
technical performance, human validation, legal safeguards, and governance feedback
continuously inform each other. The framework is therefore intended as an evidence-
grounded and context-sensitive roadmap that can be adjusted to foundational, intermediate,
and advanced tax administrations.
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5. Conclusions
5.1. Theoretical Implications

This study advances theoretical development in AI-powered tax compliance by clarify-
ing how supervised learning methods interact with behavioral and governance dimensions
of tax evasion. It provides theoretical underpinning for context-sensitive approaches
aligned with the OECD’s Tax Administration 3.0 vision, drawing on data science, legal
research, behavioral economics, and institutional theory.

5.2. Practical Implications
5.2.1. Implications for Governments and Tax Administrations

This study provides differentiated recommendations with regard to the degree of
technological maturity. Interoperability, ethical governance, and mitigating algorithmic bias
should be the focus of advanced economies. The first step is to build digital infrastructure
and standardized data in low- and middle-income countries, and then gradually introduce
AI starting from low-cost supervised learning techniques. Successful implementation relies
on a number of critical success factors, highlighted by Munjeyi and Schutte, including
capacity building, staff training, and the gradual improvement of regulation.

5.2.2. Implications for Audit Companies and Professionals

AI’s influence on audit work is changing the focus from transactional execution to
analytical oversight. AI tools help detect irregularities and facilitate risk-based monitoring.
However, professionals need to retain their judgment and independence, especially when
assessing or challenging unclear automated evaluations. There needs to be continuous
training and strong human-in-the-loop systems in place.

5.2.3. Implications for Taxpayers

AI-powered compliance systems may foster trust by enhancing fairness and trans-
parency; however, they also raise legitimate concerns regarding privacy, surveillance, and
the risk of algorithmic misclassification. Clear communication of how these systems operate,
robust legal safeguards, and accessible mechanisms for contesting decisions are essential
to strike an appropriate balance between administrative efficiency and the protection of
taxpayer rights.

5.3. Limitations of the Study

Five limitations merit acknowledgment. First, restricting the corpus to Scopus and
Web of Science (2015–2025) may introduce representativeness bias by excluding gray
literature and non-indexed regional publications. Second, IRAMUTEQ’s term-frequency
logic may obscure semantic nuances not fully captured by lexical proximity. Third, the
geographic asymmetry of the corpus, with Europe and Asia overrepresented relative to
Sub-Saharan Africa and Latin America, limits the generalizability of the AAITCF’s tiered
recommendations. Fourth, this review establishes theoretical propositions grounded in
correlational evidence; empirical validation of the AAITCF through longitudinal or quasi-
experimental designs remains a necessary next step. Finally, the review did not employ
independent dual coding with formal inter-rater reliability statistics; both authors coded
with iterative calibration and consensus resolution.

5.4. Recommendations for Future Research

Six avenues merit exploration. First, empirical validation of the AAITCF through lon-
gitudinal case studies or quasi-experimental designs. Second, cross-country comparisons
of AI adoption between high-income and low/middle-income contexts. Third, exami-
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nation of long-term institutional change and taxpayer trust beyond short-term accuracy
measures. Fourth, development of implementation guides for different digital maturity
stages. Fifth, analysis of ethical and governance dimensions, including transparency, bias,
and due process. Sixth, assessment of the AAITCF’s role in broader Tax Administration 3.0
governance arrangements.
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