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Abstract
Objective

Tax administrations in low- and middle-income country settings are expanding digital services, yet
reliable, legally grounded taxpayer guidance remains difficult to scale. This study developed and
evaluated a proof-of-concept retrieval-augmented generation framework for taxpayer advisory using
national income-tax legislation as an authoritative knowledge source. The objective was to test whether
semantic retrieval could identify statutory provisions accurately enough to support grounded
downstream language-model prompting. The legislation was transformed into 198 knowledge units,
embedded with all-MiniLM-L6-v2, indexed in ChromaDB, and evaluated using 900 automatically
generated questions linked to expected provisions.

Results

The retriever achieved 72.00% Top-1 accuracy, 86.78% Top-3 accuracy, 28.93% Precision@3, 86.78%
Recall@3, and mean reciprocal rank 0.7880. Many Top-1 errors were recovered within the first three
results, indicating ranking ambiguity among semantically related provisions rather than complete
retrieval failure. The prototype integrated legal document processing, vector search, provision retrieval
and structured prompt construction in an end-to-end workflow. The results support technical feasibility
for grounded taxpayer information, but generation quality, legal correctness, usability and compliance
effects were not evaluated. Validation should include additional tax instruments, real taxpayer queries,
professional legal review, multilingual support and cross-jurisdiction testing before deployment in
resource-constrained public-service settings.

Introduction

Retrieval-augmented generation (RAG ) combines large language models with external retrieval so that
responses can be conditioned on an explicit knowledge source rather than relying only on model
parameters [1, 5]. Dense retrieval and sentence-embedding methods provide the semantic-search layer
on which many RAG systems depend [2-4]. Recent evaluation work stresses that retrieval quality should
be measured separately from generation quality because a fluent answer can still be unsupported if the
wrong evidence is retrieved [6, 7]. This distinction is especially important in legal applications, where
benchmark studies show both progress and persistent limitations in large-model legal reasoning and
retrieval [7, 8].

Tax law is a demanding setting for grounded Al because statutes are structured, interdependent,

frequently amended, and economically consequential. Prior work has shown that supplying relevant legal

authority can improve large-language-model performance on tax questions, but performance remains

below expert reliability in important settings [9, 10]. Statutory information retrieval is therefore a

necessary, though not sufficient, component of any defensible tax-advisory RAG pipeline. Work on legal
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information retrieval similarly shows that finding the correct statutory text is itself a substantive
technical problem [11].

The policy context extends beyond a single jurisdiction. Tax administrations are rapidly digitalising
taxpayer services and increasingly experimenting with artificial intelligence and virtual assistants [12,
13]. Evidence from African tax administrations also shows that digital technologies can facilitate
compliance while introducing adoption, capacity and inclusion challenges [14, 15]. In developing
economies, taxpayer facilitation forms part of the broader domestic-resource-mobilisation agenda [16].
This gives the present proof of concept potential relevance to Sustainable Development Goal (SDG) 17.1
on tax and revenue capacity, SDG 16.6 on effective public institutions, and SDG 8.3 on the formalisation
and growth of micro-, small- and medium-sized enterprises [17-19]. These are relevance pathways
rather than measured outcomes of this study.

Design and statutory knowledge base

The study used Design Science Research Methodology to guide problem definition, artefact
development, demonstration and evaluation [20]. The empirical legal source was the Uganda Income Tax
Act, Cap. 338 [21], used here as one low-income-country statutory case rather than as evidence of cross-
country generalisability. The Act was parsed into 198 legal knowledge units. Each unit contained a
unique Knowledge ID and associated Part, Section, Title and Content metadata. Validation found no
missing values or duplicate Knowledge IDs. Full design-science stages, system components and
knowledge-base descriptive statistics are provided in Additional file 1 (Tables S1-S2).

Each provision was encoded as a 384-dimensional semantic vector using the sentence-transformers all-
MiniLM-L6-v2 model, consistent with the broader sentence-embedding and MiniLM literature [3, 4]. The
198 x 384 embedding matrix was indexed in a persistent ChromaDB collection. A natural-language query
was embedded with the same model, used for semantic similarity search, and mapped to the three
highest-ranked statutory provisions. The retrieved provisions and metadata were then assembled into a
structured prompt for downstream language-model use.

Retrieval evaluation

Evaluation was deliberately restricted to the retrieval component; the study did not score language-
model answers. A benchmark of 900 automatically generated natural-language questions was created
from the statutory knowledge base. Each question was linked to one expected Knowledge ID, which
served as the study ground truth. For every question, the system returned three candidate provisions.
Top-1 Accuracy measured whether the expected provision ranked first; Top-3 Accuracy and Recall@3
measured whether it appeared within the first three; Precision@3 reflected one designated relevant item
among three returned items; and mean reciprocal rank (MRR) captured the rank position of the expected
provision. Metric definitions and the evaluation workflow are detailed in Additional file 1 (Table S3; Fig.
S2).
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Results

The legal corpus comprised 198 knowledge units spanning 24 Parts. The semantic-retrieval benchmark
achieved 72.00% Top-1 Accuracy and 86.78% Top-3 Accuracy. Precision@3 was 28.93%, Recall@3 was
86.78%, and MRR was 0.7880 (Table 1). Because each query had one designated relevant provision,
Precision@3 is mathematically constrained by that single-relevant-item evaluation design and should not
be interpreted as a conventional multi-relevance precision estimate.

Approximately 28% of evaluation questions were not matched to the expected provision at rank one. A
substantial share of these were nevertheless recovered within the top three. The source analysis
reported that many rank-one misses involved semantically related legal concepts, suggesting ranking
ambiguity rather than complete retrieval failure. The prototype also demonstrated the end-to-end
sequence from legal document processing through embedding, vector indexing, retrieval and prompt
construction. Detailed implementation parameters and study boundaries are provided in supporting
information (Tables Summary of System and Technical Components S1 and Table S2 Summary of
Implementation and Evaluation Results).

Table 1
Retrieval evaluation results

Measure Result
Legal knowledge units 198

Evaluation questions 900

Top-1 Accuracy 72.00%
Top-3 Accuracy 86.78%
Precision@3 28.93%
Recall@3 86.78%

Mean Reciprocal Rank  0.7880

Values are based on 900 automatically generated questions, each linked to one expected Knowledge ID.

Interpretation and LMIC relevance

The 86.78% Top-3 result indicates that the retriever often placed the designated statutory provision
within the context window that would be supplied to a downstream generator. This is encouraging for
proof-of-concept use, but it is not equivalent to 86.78% advisory accuracy. LegalBench-RAG similarly
emphasizes that retrieval should be evaluated as a distinct stage of legal RAG [7], while tax-law studies
show that access to legal context can improve model performance without eliminating reasoning errors
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[9, 10]. The present study therefore supports a retrieval layer, not a claim that the system can safely
provide autonomous tax advice.

For LMIC tax administrations, the more defensible contribution is methodological: a relatively compact
statutory corpus can be converted into a machine-retrievable knowledge base and evaluated with explicit
ranking metrics. This may be relevant where administrations seek scalable taxpayer information services
while facing limited specialist capacity. However, transfer to other countries would require jurisdiction-
specific corpora, version control for legislative amendments, professional legal validation, language
adaptation, governance and security controls, and evaluation with real taxpayer questions. Additional file
1 (Table S4) maps these potential policy links to SDGs 8.3, 16.6 and 17.1 while explicitly distinguishing
them from outcomes measured in this study.

Limitations

* The study used one national income-tax statute and therefore does not establish cross-jurisdiction
generalisability across LMICs or other tax domains.

* The 900 evaluation questions were automatically generated from the same legal knowledge base used
to construct the retriever. They may be less linguistically diverse and less ambiguous than questions
posed by real taxpayers.

+ Each question had one designated ground-truth provision even though real tax questions can
legitimately require multiple interacting provisions, regulations, administrative guidance or case law.

+ Only semantic retrieval was quantitatively evaluated. The legal correctness, completeness, faithfulness
and safety of downstream large-language-model answers were not assessed.

* No comparison was reported against sparse retrieval, hybrid retrieval, cross-encoder re-ranking,
alternative embedding models or alternative chunking strategies, so the chosen architecture cannot be
claimed to be optimal.

* The study did not evaluate user experience, professional acceptance, tax compliance, revenue
mobilisation, institutional effectiveness or SME formalisation. The SDG links described are therefore
prospective policy relevance rather than demonstrated impact.

Abbreviations

Al: artificial intelligence; DSRM: Design Science Research Methodology; LLM: large language model;
LMIC: low- and middle-income country; MRR: mean reciprocal rank; RAG: retrieval-augmented generation;
SDG: Sustainable Development Goal; SME: small and medium-sized enterprise.
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