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Abstract: The complexity and opacity of modern tax systems present significant challenges for individuals and small
businesses during tax preparation. In recent years, large language models (LLMs) have demonstrated the potential to
understand, interpret, and generate human-like language at scale. This paper proposes a user-centric framework that
leverages LLMs to enhance tax preparation through personalized assistance, error detection, regulatory compliance
guidance, and intelligent document analysis. We analyze the capabilities and limitations of current LLMs, present a
system architecture for integrating these models into tax platforms, and evaluate their performance using simulated
taxpayer scenarios. The framework emphasizes explainability, privacy protection, and real-time adaptability to user
input. Results indicate that LLMs significantly reduce user burden, improve accuracy, and foster greater financial
literacy. The findings highlight the transformative potential of language-based Al to democratize access to complex tax
knowledge and reduce dependency on traditional, costly tax advisory services.
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1 INTRODUCTION

Tax preparation remains a daunting and error-prone task for millions of individuals and small business owners
globally[1]. Despite the proliferation of digital tools and online platforms, taxpayers still struggle with interpreting tax
regulations, filling out forms correctly, and ensuring compliance with constantly evolving tax codes[2]. In the United
States alone, the Internal Revenue Code exceeds 70,000 pages, encompassing complex rules, deductions, credits, and
filing procedures[3]. For the average taxpayer, this complexity creates a substantial cognitive burden, often leading to
mistakes, missed benefits, or reliance on expensive professional services[4].

Recent advancements in artificial intelligence, particularly in the development of large language models (LLMs) such
as GPT, PaLLM, and Claude, offer new opportunities to transform the tax preparation landscape[5]. These models are
trained on massive corpora of internet text and structured data, equipping them with a deep contextual understanding of
human language, legal jargon, and financial terminology[6]. Unlike rule-based systems or traditional chatbots, LLMs
can comprehend nuanced queries, generate context-aware explanations, and provide real-time, conversational guidance
tailored to the user's specific financial situation[7].

However, integrating LLMs into tax preparation systems requires more than just natural language capabilities[8]. The
process demands a user-centric framework that prioritizes transparency, trust, and compliance with legal and ethical
standards[9]. Key challenges include ensuring the model interprets tax laws accurately, maintaining data privacy and
confidentiality, and preventing the generation of misleading or incorrect financial advice[10].

This paper proposes a comprehensive framework for enhancing tax preparation through the use of LLMs, focusing on
the intersection of natural language understanding, explainable Al, and personalized financial services. We argue that a
user-centric approach—grounded in accessibility, interpretability, and adaptive learning—can help bridge the gap
between complex tax knowledge and everyday taxpayers. The framework is designed to support a wide range of tasks,
including document classification (e.g., W-2, 1099, receipts), deduction eligibility checks, automated form filling, and
guided Q&A interactions.

To validate the framework, we simulate multiple taxpayer profiles—such as salaried employees, freelancers, and small
business owners—and assess the LLM's performance in addressing typical tax-related queries. We further explore the
system’s capacity for learning user intent, correcting misinterpretations, and improving over time through reinforcement
from user feedback.

In the sections that follow, we begin with a review of related work in tax automation, conversational Al, and legal NLP.
We then outline the architecture of the proposed system, followed by an empirical evaluation of model performance and
user satisfaction. Finally, we discuss the limitations of current LLMs in this domain and offer recommendations for
future improvements and deployment strategies.

2 LITERATURE REVIEW

The intersection of artificial intelligence and tax preparation has seen significant developments in recent years,
especially with the advent of intelligent automation and natural language processing (NLP)[11]. Early applications
focused on rule-based systems and expert systems designed to assist with specific tax filing steps. While these systems
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could automate basic decision trees and offer template-driven suggestions, they lacked flexibility, adaptability, and the
ability to manage ambiguity or understand user-specific contexts[12]. Moreover, their utility was limited by hardcoded
logic, which required constant manual updates in response to changes in tax codes or regulatory interpretations[13].
With the rise of machine learning (ML), a new wave of tax tools emerged that used predictive models to flag anomalies,
estimate deductions, or categorize financial transactions[14]. These models, while more robust than their rule-based
predecessors, often relied heavily on structured datasets and lacked the ability to interpret complex, unstructured tax
documents such as scanned receipts or employer-issued forms. Moreover, the outputs of traditional ML models were
frequently opaque, making it difficult for users or tax professionals to understand or trust the reasoning behind
automated recommendations[15].

The emergence of transformer-based LLMs marked a significant leap forward in the capabilities of Al in the financial
domain[16]. Pretrained on massive corpora encompassing diverse linguistic and topical domains, these models exhibit
contextual understanding that approximates human-level reading comprehension[17]. In legal and financial applications,
LLMs have shown strong potential in document summarization, entity extraction, contract analysis, and regulatory
compliance support[18]. Recent studies have demonstrated that LLMs can interpret legal texts, answer questions about
tax law provisions, and even simulate advisory conversations at a basic level[19].

Despite this promise, research into the application of LLMs specifically for tax preparation remains limited[20].
Existing literature in financial NLP tends to focus on accounting fraud detection, audit automation, and financial report
generation[21]. Only a few exploratory studies have investigated the feasibility of using LLMs to guide tax
professionals through complex regulatory tasks, such as analyzing uncertain tax positions[22]. These preliminary efforts
suggest that while LLMs can assist with semantic comprehension and form navigation, challenges remain in ensuring
that advice is accurate, legally compliant, and presented in a format that non-expert users can understand and act upon.
A growing body of work has also explored user-centric Al system design, especially in domains where human-Al
interaction is sensitive and trust-dependent. Explainable Al (XAI) techniques, such as attention visualization and natural
language justification, are being integrated with LLM-based tools to mitigate the risk of “black-box”
decision-making[23]. In the context of tax preparation, where users may be subject to audits or legal liability, the need
for clear reasoning and traceable logic is paramount[24]. Moreover, integrating privacy-preserving machine learning
techniques, including on-device inference and differential privacy, is becoming increasingly important to ensure that
sensitive financial data is not compromised during model interaction[25].

The literature also highlights the importance of adaptability in tax technology systems[26]. Tax laws evolve annually,
and filing requirements differ by jurisdiction, employment status, and income structure[27]. Static models trained on
outdated data quickly become obsolete, prompting a need for continual learning and domain adaptation[28-32].
Approaches such as retrieval-augmented generation (RAG) and instruction tuning have been proposed to address this,
enabling LLMs to incorporate external updates and follow precise legal constraints during inference[33].

Collectively, the literature underscores both the transformative potential and the practical challenges of applying LLMs
in the tax preparation space[34]. The consensus is clear: for LLMs to be trusted assistants in high-stakes domains like
taxation, they must go beyond linguistic fluency to exhibit grounded understanding, transparency, legal alignment, and
robust performance across diverse user populations. The proposed framework in this paper builds on these insights by
integrating LLMs with user-centric design principles, real-time feedback loops, and regulatory safeguards to create a
system that is not only powerful but also responsible and user-friendly.

3 METHODOLOGY

This study proposes a user-centric framework that leverages LLMs to enhance tax preparation processes. The
methodology is divided into three components: system architecture, model evaluation, and user interface analysis.

3.1 System Architecture
The proposed system is designed around a five-stage pipeline: user input capture, data preprocessing, LLM inference,
interpretability/explanation layer, and final tax recommendation output. Each stage plays a distinct role in ensuring

accurate and explainable results. The system relies on a fine-tuned version of GPT-4, optimized for interpreting
tax-specific documents such as IRS forms, financial disclosures, and transactional ledgers.
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LLM-based Tax Workflow Architecture
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Figure 1 LLM-based Tax Workflow Architecture

Figure 1 illustrates the complete architecture of the LLM-driven tax preparation system, showing the sequential data
flow and processing steps.

3.2 Model Evaluation

To validate the effectiveness of the LLM in understanding and classifying tax-related queries, we compared three
configurations: GPT-3.5, standard GPT-4, and a fine-tuned version trained specifically on tax data. Evaluation was
conducted on a curated dataset consisting of 500 real-world tax inquiries manually labeled by domain experts. Accuracy

was measured based on correct classification of tax categories and identification of uncertain tax positions (UTPs).

Model Accuracy on Tax Classification Tasks
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Figure 2 Accuracy Results of the Models under Evaluation

As shown in Figure 2, the fine-tuned LLM significantly outperformed the base models, especially in cases involving
ambiguous language and conditional tax scenarios.

3.3 User Interface and Experience
Beyond technical accuracy, user satisfaction is critical for adoption. We designed and tested three interface types: a

standard form-based UI, a conversational LLM-based chatbot, and a hybrid that integrates both. Feedback was collected
from 120 users representing small business owners, freelance professionals, and individual taxpayers.
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User Satisfaction by Interface Type

Satisfaction (1-5 Scale)

Standard UI LLM Chatbot Hybrid

Figure 3 User Satisfaction by Interface Type

As shown in Figure 3, the hybrid interface received the highest satisfaction scores due to its balance of flexibility and
clarity. The results highlight the value of explainable LLM outputs and conversational interactivity in improving user
trust and ease of use.

4 RESULTS AND DISCUSSION

This section presents the key findings from implementing the proposed user-centric framework for enhancing tax
preparation using LLMs. It analyzes the model’s classification performance, interpretability, and overall user interaction
outcomes in both quantitative and qualitative terms.

4.1 Model Accuracy and Interpretability

The fine-tuned LLM significantly improved classification accuracy for complex tax situations, achieving 91.3% on the
evaluation dataset—surpassing the general-purpose GPT-4 and GPT-3.5 models. In ambiguous tax scenarios (e.g.,
mixed-income cases or self-employment deductions), the model demonstrated contextual sensitivity and regulatory
awareness. Importantly, the integration of a natural language explanation layer allowed the model to provide reasoning
behind its decisions, increasing transparency and promoting user understanding. In user surveys, 88% of participants
reported higher trust in the system when explanations were available, and many indicated that the explanations clarified
previously misunderstood IRS terminology.

4.2 User Experience and Efficiency

A hybrid interface combining structured input forms with conversational LLM support yielded the highest usability
ratings. Users, particularly those without prior tax knowledge, appreciated the form-driven structure for ensuring data
completeness and relied on the chatbot for dynamic clarifications. This combination reduced tax preparation time by an
average of 26%, highlighting the practical efficiency of the approach. Furthermore, the conversational assistant
successfully demystified tax language, helping users comprehend deduction eligibility, filing requirements, and
document needs in real time.

4.3 Limitations and Deployment Considerations

While results were promising, several limitations emerged. The model occasionally generated overconfident
recommendations in edge cases lacking sufficient context. Although the explanation layer mitigated potential
misunderstandings, users sometimes mistook fluency for correctness. Additionally, privacy and regulatory compliance
remain critical. Real-world deployment will require stringent safeguards in accordance with GLBA and IRS Publication
1075. Another limitation is the lag between model training and evolving IRS regulations, necessitating frequent updates
to maintain relevance.

5 CONCLUSION

This study explored the integration of LLMs into a user-centric framework designed to enhance the accuracy,
transparency, and accessibility of tax preparation. By combining the natural language understanding capabilities of
LLMs with structured input and guided interaction flows, the framework demonstrated significant improvements in
both classification performance and user experience.
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Experimental results showed that fine-tuned LLMs could accurately identify and explain complex tax positions, while
the addition of interpretability mechanisms helped users better understand their filings and feel more confident in the
process. The hybrid interface, merging form-based input with conversational assistance, proved especially effective in
reducing cognitive load and preparation time, making tax filing more approachable for individuals with limited
financial literacy.

However, this work also highlighted several challenges, including the risk of overconfidence in model-generated
responses, the necessity of continual updates to reflect changing tax laws, and the importance of ensuring data security
and regulatory compliance. Future research should investigate adaptive fine-tuning strategies, robust error detection
mechanisms, and the application of explainable Al techniques tailored specifically to financial domains.

In conclusion, LLMs hold significant promise in transforming tax preparation from a complex, opaque process into a
transparent, personalized experience. By prioritizing user comprehension, ethical design, and legal compliance, the
proposed framework offers a scalable pathway toward Al-assisted financial empowerment in both individual and
enterprise contexts.
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