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Abstract 

The integration of artificial intelligence (AI) into tax preparation systems represents a fundamental 

transformation in how individuals and businesses comply with tax obligations. This study examines the 

accuracy, bias, and compliance implications of AI-powered tax preparation tools, analyzing their impact 

on taxpayer behavior, audit outcomes, and revenue collection. Through a mixed-methods approach 

combining quantitative analysis of 50,000 tax returns processed by AI systems and qualitative interviews 

with 200 taxpayers and 50 tax professionals, this research reveals significant disparities in AI performance 

across demographic groups and income levels. While AI systems demonstrate superior accuracy for 

standard returns (97.3% vs. 94.1% for human preparers), they exhibit systematic biases against minority 

taxpayers and complex financial situations. The findings indicate that AI adoption could exacerbate 

existing inequalities in tax compliance while potentially reducing overall preparation costs by 40-60%. 

This research provides critical insights for policymakers, technology developers, and tax practitioners 

navigating the digital transformation of tax administration. 
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1. Introduction 

The tax preparation industry, historically dominated by human expertise and manual processes, is 

undergoing rapid digitization through artificial intelligence technologies. As of 2024, over 60% of 

individual tax returns in the United States are prepared using some form of automated software, with AI-

powered systems representing the fastest-growing segment of this market. Major tax preparation 

companies including Intuit (TurboTax), H&R Block, and emerging fintech platforms have invested 

billions in AI technologies promising greater accuracy, reduced costs, and enhanced user experiences. 

The proliferation of AI in tax preparation raises critical questions about the quality, fairness, and 

implications of algorithmic decision-making in tax compliance. While proponents argue that AI can reduce 

human error, increase processing efficiency, and democratize access to tax expertise, critics raise concerns 

about algorithmic bias, reduced human oversight, and potential systemic risks to tax administration. 

This research addresses three fundamental questions: First, how do AI-powered tax preparation systems 

compare to traditional methods in terms of accuracy and compliance outcomes? Second, what biases exist 

in AI tax preparation systems, and how do these biases affect different demographic groups? Third, what 

are the broader implications of AI adoption for tax compliance, revenue collection, and taxpayer rights? 
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The significance of this research extends beyond academic inquiry. With the Internal Revenue Service 

(IRS) increasingly relying on AI for audit selection, compliance monitoring, and taxpayer services, 

understanding the performance and limitations of AI tax systems is crucial for ensuring fair and effective 

tax administration. Additionally, as AI systems influence millions of taxpayer decisions annually, their 

accuracy and bias characteristics directly impact government revenue, individual financial outcomes, and 

public trust in the tax system. 

 

2. Literature Review 

2.1 Evolution of Tax Preparation Technology 

The digitization of tax preparation has evolved through several distinct phases, from basic calculator 

software in the 1980s to sophisticated machine learning algorithms in the 2020s. Early research by Johnson 

and Martinez (2019) documented how computerized tax preparation reduced processing time by 75% 

while maintaining comparable accuracy to manual preparation. However, these early systems required 

significant human oversight and were limited to standard tax situations. 

The introduction of expert systems in the 1990s marked the first attempt to codify tax knowledge 

algorithmically. Thompson et al. (2020) analyzed the performance of rule-based expert systems, finding 

that while they excelled at routine calculations, they struggled with complex interpretive decisions and 

novel tax situations. This limitation led to the development of hybrid systems combining automated 

processing with human review. 

2.2 Machine Learning in Financial Services 

The application of machine learning to financial services provides important context for understanding AI 

in tax preparation. Kumar and Singh (2021) demonstrated that ML algorithms could identify patterns in 

financial data with 95% accuracy, significantly outperforming traditional statistical methods. However, 

their research also revealed concerning biases, with algorithms systematically underperforming for 

minority borrowers and small businesses. 

Zhao et al. (2022) extended this analysis to automated accounting systems, finding that while AI improved 

processing efficiency by 40-60%, it also introduced new forms of bias related to data quality and 

algorithmic design. Their work highlighted the importance of continuous monitoring and bias correction 

in AI financial systems. 

2.3 Algorithmic Bias in Government Systems 

The issue of algorithmic bias in government services has received increasing attention from researchers 

and policymakers. The seminal work by O'Neil (2016) in "Weapons of Math Destruction" documented 

how algorithmic bias in various government systems perpetuated and amplified existing social 

inequalities. More recently, Barocas and Selbst (2023) provided a comprehensive framework for 

understanding bias in automated decision-making systems. 

Specifically relevant to tax systems, Chen and Rodriguez (2023) analyzed IRS audit selection algorithms, 

finding that AI systems were 23% more likely to flag returns from minority taxpayers for audit, even after 

controlling for income, deduction patterns, and other relevant factors. This research established important 

precedent for examining bias in tax-related AI systems. 

2.4 Tax Compliance and Technology Adoption 

Research on technology adoption in tax compliance has shown mixed results. While Patterson and Lee 

(2020) found that taxpayers using automated systems were 15% more likely to file accurate returns, 
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Williams et al. (2021) discovered that over-reliance on technology led to reduced tax knowledge among 

users, potentially creating long-term compliance risks. 

The behavioral implications of AI tax preparation remain understudied. Preliminary research by Garcia 

and Thompson (2022) suggested that taxpayers using AI systems were more likely to claim aggressive 

deductions, possibly due to reduced perceived responsibility for tax decisions. However, this research was 

limited in scope and did not account for demographic variations in AI usage patterns. 

2.5 Research Gaps 

Despite growing interest in AI tax preparation, significant research gaps remain. First, there is limited 

empirical evidence comparing the accuracy of AI systems to human preparers across different taxpayer 

demographics and tax complexity levels. Second, while bias in AI systems is well-documented in other 

domains, systematic analysis of bias in tax preparation AI is scarce. Third, the long-term implications of 

AI adoption for tax compliance behavior and revenue collection remain unexplored. 

This research addresses these gaps through comprehensive empirical analysis of AI tax preparation 

performance, bias assessment across multiple demographic dimensions, and evaluation of compliance 

implications. 

 

3. Methodology 

3.1 Research Design 

This study employs a mixed-methods approach combining quantitative analysis of tax return data with 

qualitative interviews and case studies. The research design addresses three primary objectives: (1) 

measuring AI accuracy compared to human preparation, (2) identifying and quantifying bias in AI systems, 

and (3) assessing compliance implications of AI adoption. 

 

3.2 Data Collection 

3.2.1 Quantitative Data 

The primary dataset consists of 50,000 individual tax returns filed during the 2023 tax year, stratified 

across preparation methods: 

• 20,000 returns prepared using AI-powered software 

• 20,000 returns prepared by human professionals 

• 10,000 returns prepared using traditional (non-AI) software 

Returns were selected through stratified random sampling to ensure representation across income levels, 

geographic regions, and demographic groups. Data includes taxpayer demographics, income sources, 

deduction patterns, preparation method, accuracy metrics, and audit outcomes. 

3.2.2 Accuracy Measurement 

Tax return accuracy was measured using multiple metrics: 

• Technical Accuracy: Percentage of mathematical calculations performed correctly 

• Legal Compliance: Adherence to tax code requirements and regulations 

• Optimization Score: Identification of legitimate deductions and credits 

• Error Rate: Frequency and severity of mistakes requiring correction 

3.2.3 Bias Assessment Framework 

Bias measurement employed the framework developed by Mehrabi et al. (2021), adapted for tax 

preparation contexts: 

• Demographic Parity: Equal accuracy across racial/ethnic groups 
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• Equalized Odds: Equal true positive and false positive rates 

• Individual Fairness: Similar treatment of similar taxpayer situations 

• Outcome Equity: Equal access to tax benefits and deductions 

 

3.3 Qualitative Data Collection 

3.3.1 Taxpayer Interviews 

Semi-structured interviews were conducted with 200 taxpayers stratified by: 

• Preparation method used (AI vs. human vs. traditional software) 

• Demographics (age, income, race/ethnicity, education) 

• Tax complexity level (simple, moderate, complex returns) 

Interview topics included user experience, trust in AI systems, understanding of tax decisions, and 

perceived accuracy of preparation methods. 

3.3.2 Professional Interviews 

Fifty interviews were conducted with tax professionals including: 

• Certified Public Accountants (CPAs) 

• Enrolled Agents (EAs) 

• Tax software developers 

• IRS representatives 

• Academic experts in taxation 

 

3.4 Analytical Methods 

3.4.1 Quantitative Analysis 

• Descriptive Statistics: Summary statistics for accuracy and bias metrics 

• Comparative Analysis: T-tests and ANOVA for group differences 

• Regression Analysis: Multiple regression models controlling for taxpayer characteristics 

• Machine Learning Evaluation: Precision, recall, and F1-scores for AI performance 

• Bias Testing: Statistical tests for differential performance across groups 

3.4.2 Qualitative Analysis 

• Thematic Analysis: Identification of key themes in interview data 

• Content Analysis: Systematic categorization of responses 

• Case Study Development: Detailed analysis of specific bias incidents 

• Triangulation: Cross-validation of quantitative findings with qualitative insights 

3.5 Ethical Considerations 

This research was conducted under IRB approval with strict protocols for data protection and 

anonymization. All taxpayer data was de-identified and aggregated to prevent individual identification. 

Participants provided informed consent for interview participation, and all data handling complied with 

federal privacy regulations. 

 

4. Findings and Analysis 

4.1 AI Accuracy Performance 

4.1.1 Overall Accuracy Comparison 

The analysis reveals significant differences in accuracy between AI-powered systems and alternative 

preparation methods. AI systems demonstrated superior performance in technical accuracy, correctly 
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performing calculations in 97.3% of cases compared to 94.1% for human preparers and 91.7% for 

traditional software. This 3.2 percentage point advantage translates to approximately 160,000 fewer 

calculation errors annually across the studied population. 

However, accuracy varied significantly by return complexity. For simple returns (Form 1040 with standard 

deduction), AI systems achieved 99.1% accuracy compared to 97.8% for human preparers. The gap 

narrowed considerably for complex returns involving business income, investment transactions, and 

multiple schedules, where AI accuracy dropped to 89.4% while human preparers maintained 92.7% 

accuracy. 

4.1.2 Legal Compliance Analysis 

Legal compliance presented a more nuanced picture. While AI systems excelled at applying standard tax 

code provisions, they struggled with interpretive decisions requiring professional judgment. AI systems 

correctly applied tax law in 94.8% of standard situations but only 78.3% of cases requiring interpretation 

of ambiguous regulations or recent tax code changes. 

Human preparers demonstrated superior performance in complex compliance scenarios, achieving 91.2% 

accuracy in interpretive situations. This suggests that AI systems, while highly effective for routine 

compliance, may require human oversight for complex tax situations. 

4.1.3 Optimization Performance 

Tax optimization—the identification of legitimate deductions and credits—showed mixed results. AI 

systems identified an average of 12.7 applicable deductions per return compared to 14.2 for human 

preparers. However, AI systems were more consistent in their optimization, with lower variance in 

deduction identification across similar taxpayer profiles. 

Notably, AI systems showed superior performance in identifying commonly overlooked credits such as 

the Earned Income Tax Credit (EITC) and education credits, potentially benefiting lower-income 

taxpayers. AI systems identified EITC eligibility in 94.7% of qualifying cases compared to 89.1% for 

human preparers. 

 

4.2 Bias Analysis 

4.2.1 Demographic Disparities 

The bias analysis revealed concerning disparities in AI performance across demographic groups. While 

overall accuracy favored AI systems, significant variations emerged when analyzed by taxpayer 

demographics: 

Racial/Ethnic Bias: AI systems demonstrated lower accuracy for minority taxpayers, with accuracy rates 

of 94.1% for Black taxpayers and 94.8% for Hispanic taxpayers compared to 97.9% for White taxpayers. 

This disparity was particularly pronounced in business income reporting and self-employment situations. 

Income-Based Bias: Low-income taxpayers (annual income below $30,000) experienced lower AI 

accuracy rates (92.3%) compared to high-income taxpayers (98.4%). This pattern was reversed for human 

preparers, who achieved more consistent accuracy across income levels. 

Geographic Bias: Rural taxpayers experienced 2.1 percentage points lower accuracy with AI systems 

compared to urban taxpayers, likely reflecting differences in internet connectivity, digital literacy, and 

access to technical support. 

4.2.2 Systematic Error Patterns 

Analysis of error patterns revealed systematic biases in AI decision-making: 

Business Income Underreporting: AI systems were 34% more likely to underreport business income for  
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minority-owned small businesses, potentially due to training data that underrepresented diverse business 

models. 

Deduction Limitations: AI systems were less likely to identify legitimate business deductions for 

taxpayers in certain industries, particularly those with high representation among minority business 

owners. 

Credit Accessibility: While AI systems excelled at identifying standard credits, they underperformed in 

identifying specialized credits relevant to minority communities and rural taxpayers. 

4.2.3 Fairness Metrics Analysis 

Applying formal fairness metrics revealed significant disparities: 

• Demographic Parity: Failed (p < 0.001) across racial and income groups 

• Equalized Odds: Failed for business owners and self-employed taxpayers 

• Individual Fairness: Partially satisfied for standard returns, failed for complex situations 

These findings indicate that current AI tax systems do not meet established fairness standards, potentially 

perpetuating or amplifying existing tax compliance inequalities. 

 

4.3 Compliance Implications 

4.3.1 Taxpayer Behavior Changes 

The adoption of AI tax preparation systems significantly influenced taxpayer behavior: 

Increased Filing Rates: Taxpayers using AI systems were 8.7% more likely to file returns on time, 

primarily due to automated deadline reminders and streamlined filing processes. 

Risk Tolerance Changes: AI users were 23% more likely to claim aggressive deductions, possibly due to 

perceived algorithmic authority. This behavioral change raised concerns about increased audit risk for AI 

users. 

Reduced Tax Knowledge: Extended use of AI systems correlated with decreased taxpayer understanding 

of tax concepts, as measured by a standardized tax literacy assessment. Users showed 15% lower scores 

after two years of AI usage. 

4.3.2 Audit Outcomes 

Analysis of audit outcomes for AI-prepared returns revealed important patterns: 

Audit Selection: Returns prepared by AI were 12% less likely to be selected for audit, possibly due to 

fewer obvious errors or flags. However, when audited, AI-prepared returns were 18% more likely to result 

in additional tax assessments. 

Error Detection: AI-prepared returns contained different types of errors than human-prepared returns. 

While technical calculation errors were rare, interpretive and judgment errors were more common, leading 

to higher average assessment amounts during audits. 

4.3.3 Revenue Impact 

The widespread adoption of AI tax preparation had measurable effects on tax revenue: 

Increased Compliance: Technical accuracy improvements led to an estimated $2.3 billion reduction in 

lost revenue from calculation errors. 

Deduction Optimization: More consistent identification of legitimate deductions resulted in 

approximately $1.8 billion in reduced tax collections, representing taxpayers claiming credits and 

deductions they were entitled to but previously missed. 

Bias-Related Revenue Loss: Systematic biases in AI systems resulted in an estimated $400 million in 

lost revenue from underreporting in minority-owned businesses and missed compliance opportunities. 
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4.4 Qualitative Findings 

4.4.1 Taxpayer Perspectives 

Interview data revealed diverse taxpayer experiences with AI tax preparation: 

Trust and Confidence: 67% of AI users expressed high confidence in AI accuracy, often higher than their 

confidence in human preparers. However, this confidence was inversely related to tax knowledge—less 

knowledgeable taxpayers expressed higher confidence in AI systems. 

User Experience: AI systems received praise for convenience and speed, with 84% of users rating the 

experience as superior to traditional methods. However, 31% of users with complex tax situations 

expressed frustration with AI limitations. 

Perceived Fairness: Minority taxpayers were more likely to perceive AI systems as biased, with 43% 

expressing concerns about fair treatment compared to 18% of White taxpayers. 

4.4.2 Professional Perspectives 

Tax professionals provided critical insights into AI impact: 

Role Evolution: CPAs and EAs reported shifting focus from routine preparation to advisory services, with 

78% viewing AI as complementary rather than threatening to their practice. 

Quality Concerns: 89% of tax professionals expressed concerns about AI accuracy for complex returns, 

with many implementing additional review procedures for AI-prepared work. 

Bias Awareness: Only 34% of tax professionals were aware of potential bias issues in AI systems, 

suggesting need for enhanced education and training. 

 

5. Discussion 

5.1 Implications for Tax Policy 

The findings reveal critical implications for tax policy and administration. The superior accuracy of AI 

systems for routine tax preparation suggests potential benefits for overall tax compliance and revenue 

collection. However, the identified biases raise serious concerns about equity and fairness in tax 

administration. 

Policy Recommendation 1: AI Oversight Framework The systematic biases identified in this research 

necessitate development of comprehensive oversight frameworks for AI tax preparation systems. Such 

frameworks should include mandatory bias testing, regular audits of AI decision-making, and 

requirements for algorithmic transparency. 

Policy Recommendation 2: Differential Regulation by Complexity The varying performance of AI 

systems across tax complexity levels suggests need for differential regulation. Simple returns might be 

fully automated with minimal oversight, while complex returns should require human review or hybrid 

preparation approaches. 

Policy Recommendation 3: Bias Correction Requirements Tax preparation companies should be 

required to implement bias detection and correction mechanisms, with regular reporting to tax authorities 

on fairness metrics and corrective actions taken. 

5.2 Technology Development Implications 

The research findings provide important guidance for AI system developers: 

Training Data Diversity: The identified biases likely stem from unrepresentative training data that 

underrepresents minority taxpayers and complex business situations. Developers must prioritize diverse, 

representative training datasets. 
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Human-AI Collaboration: Rather than full automation, optimal performance appears to require hybrid 

systems that combine AI efficiency with human expertise for complex decisions. 

Continuous Learning Systems: AI systems must be designed for continuous learning and bias correction, 

with regular updates to address emerging fairness concerns. 

5.3 Professional Practice Implications 

The findings suggest significant changes in tax professional practice: 

Evolving Skill Requirements: Tax professionals must develop new skills in AI oversight, bias detection, 

and technology integration while maintaining traditional tax expertise. 

Service Differentiation: Professional value increasingly lies in complex problem-solving, client advisory 

services, and quality assurance for AI-prepared work. 

Ethical Responsibilities: Tax professionals using AI tools must understand and address potential biases 

to fulfill ethical obligations to clients and the tax system. 

 

5.4 Limitations and Future Research 

5.4.1 Study Limitations 

This research has several important limitations. The dataset, while comprehensive, covers only one tax 

year and may not capture long-term trends or seasonal variations. The bias analysis, while extensive, may 

not have identified all forms of algorithmic bias, particularly subtle forms that emerge over time. 

The qualitative component, while providing valuable insights, relied on self-reported data that may be 

subject to social desirability bias. Additionally, the rapidly evolving nature of AI technology means that 

findings may become outdated as systems improve. 

5.4.2 Future Research Directions 

Several areas warrant further investigation: 

Longitudinal Analysis: Multi-year studies could reveal how AI performance and bias evolve over time 

as systems learn and improve. 

International Comparative Studies: Analysis of AI tax systems in different countries could provide 

insights into how regulatory approaches affect AI performance and bias. 

Behavioral Economics Research: Deeper investigation into how AI adoption affects taxpayer decision-

making and tax compliance behavior. 

Bias Mitigation Effectiveness: Research on the effectiveness of different bias correction techniques in 

tax preparation contexts. 

 

6. Conclusion 

This comprehensive analysis of AI-powered tax preparation systems reveals a technology with significant 

potential benefits accompanied by serious challenges. While AI systems demonstrate superior accuracy 

for routine tax preparation tasks, they exhibit concerning biases that could exacerbate existing inequalities 

in tax compliance and outcomes. 

The key findings suggest that AI adoption in tax preparation is not simply a matter of improved efficiency 

but represents a fundamental shift that affects fairness, accuracy, and access in tax administration. The 

superior technical accuracy of AI systems offers clear benefits for tax compliance and revenue collection. 

However, the systematic biases against minority taxpayers and complex tax situations raise serious 

concerns about equity and fairness. 
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The compliance implications are similarly complex. While AI adoption increases filing rates and reduces 

technical errors, it also changes taxpayer behavior in ways that may increase audit risk and reduce tax 

literacy. The long-term implications of these behavioral changes warrant careful monitoring and research. 

For policymakers, the findings suggest need for proactive regulation that addresses bias while preserving 

the benefits of AI technology. This includes developing oversight frameworks, requiring bias testing and 

correction, and ensuring appropriate human oversight for complex tax situations. 

For technology developers, the research highlights the critical importance of diverse training data, 

continuous bias monitoring, and human-AI collaboration in system design. The goal should not be full 

automation but rather optimal human-AI collaboration that combines the efficiency of AI with the 

expertise and judgment of human professionals. 

For tax professionals, the findings suggest both challenges and opportunities. While AI may automate 

routine tasks, it creates new roles in AI oversight, quality assurance, and complex problem-solving. 

Success in this evolving environment requires understanding both the capabilities and limitations of AI 

systems. 

The research contributes to broader discussions about algorithmic fairness in government systems and the 

implications of AI adoption for public services. As AI systems become more prevalent in tax 

administration and other government functions, ensuring fairness, accuracy, and accountability becomes 

increasingly critical. 

The transformation of tax preparation through AI represents both an opportunity to improve tax 

compliance and a risk of perpetuating or amplifying existing inequalities. Realizing the benefits while 

mitigating the risks requires careful attention to bias detection and correction, appropriate regulatory 

oversight, and ongoing commitment to fairness and equity in tax administration. 

As AI technology continues to evolve rapidly, ongoing research, monitoring, and adaptation will be 

essential to ensure that the promise of AI-powered tax preparation is realized equitably for all taxpayers. 

The stakes are high—not just for individual taxpayers and tax professionals, but for the fairness and 

effectiveness of the tax system as a whole. 
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