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2Virtual University Institute, Federal University of Ceará,
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Abstract. Text-to-SQL agents often rely on monolithic prompts that combine
instructions and examples into a single block, making them difficult to maintain,
less interpretable, and more prone to structural errors. To address these limita-
tions, this work proposes a Composable Prompt Modularization approach that
decomposes prompts into semantic components for question classification and
Text-to-SQL generation, leveraging large language models within a modular
prompting pipeline. We conduct a case study involving an intelligent assistant
for the public sector. The results show that the modular architecture is a com-
petitive alternative to monolithic prompting, achieving up to 95.39% execution
accuracy and strong structural alignment, with average component-matching
scores of 0.954. The findings reveal a trade-off between prompting strategies:
while the monolithic prompt is slightly more efficient when fewer examples are
available (Top-k = 3), the modular approach makes better use of additional
context, improving execution accuracy by 0.66 percentage points at Top-k = 5
(94.74% vs. 94.08%). In the context of public transparency, where the availa-
bility of information enables citizens to interpret, validate, and audit data, the
modular approach appears particularly well-suited.

1. Introduction

The advance of Large Language Models (LLMs) has driven the application of natural
language translation to structured queries, Text-to-SQL, offering new avenues for di-
rect integration between language processing and databases. However, the effectiveness
of these models heavily depends on prompt design, and single-block (monolithic) ap-
proaches have limitations in stability, maintainability, and adaptability across different
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contexts [Schnabel and Neville 2024, Zhuo et al. 2024]. This observation has led to the
development of more structured methods, such as template-based prompt engineering
[Mao et al. 2025] and modular frameworks like LangGPT [Wang et al. 2024], which ap-
ply principles of composition and reuse to improve prompt organization and consistency.

Despite these advances, applying prompt modularization to optimize models for
SQL generation tasks remains underexplored, especially in settings that require a clear
separation between stages such as classification and query generation. For example,
[Tan et al. 2024] introduces specialized prompts for schema linking and clause-wise SQL
generation, while [Petrola et al. 2025] proposes a heuristic-guided LLM framework for
SQL generation in real-world relational databases. These efforts highlight the importance
of structured prompt design but also raise the question of how to build composable prompt
architectures that balance accuracy and interpretability while maintaining maintainability
in Text-to-SQL agents.

As a case study, we propose Composable Prompt Modularization, which decom-
poses prompts into independent semantic modules for classification and SQL generation,
enabling targeted adjustments. The approach is evaluated using Component Matching
(CM) and Execution Accuracy (EA) in a public-sector external control institution, where
non-technical users query complex transparency data on public works and personnel. This
setting involves heterogeneous and evolving systems, complex relational schemas, admi-
nistrative and legal terminology, data-versioning rules, and indicators dependent on insti-
tutional and accounting contexts. Moreover, because transparency databases may include
personal, confidential, or access-controlled information, such systems require traceability,
auditable query generation, controlled access, and identification of official data sources.
Although motivated by these requirements, this study does not fully address the associated
privacy, legal, access-control, and data-governance challenges.

The experimental results show that the modular approach achieves up to 95.39%
execution accuracy and average component matching scores of up to 0.954, while also
revealing a structured trade-off with monolithic prompting depending on the amount of
retrieved context. In particular, the modular strategy improves execution accuracy by
0.66 percentage points at Top-k = 5 compared to the monolithic baseline, whereas the
monolithic approach remains slightly more effective in low-context scenarios (Top-k =
3). These findings suggest that modular prompt design is especially effective in settings
where richer contextual information is available.

The main contributions of this work are: (i) a modular architecture for composable
prompt design in Text-to-SQL tasks; (ii) an empirical evaluation on a real-world public-
sector dataset; and (iii) a comparative analysis with monolithic prompting that highlights
trade-offs in accuracy and contextual efficiency.

The remainder of this article is organized as follows. Section 2 reviews related
work on prompt engineering, Text-to-SQL, and LLM-based agent architectures. Section 3
presents the proposed modularization approach and evaluation metrics. Section 4 descri-
bes the institutional case study, experimental protocol, and results. Section 5 discusses
the findings, limitations, and directions for future work.
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2. Related Work
Prompt engineering has evolved from manually assembled instructions toward reusable
and structured formats. LLMs are sensitive to variations in prompt components, motiva-
ting more systematic design practices [Zhuo et al. 2024]. Studies of real-world applica-
tions identify recurring elements such as instructions, examples, constraints, and output
specifications [Mao et al. 2025], while LangGPT organizes prompts into declarative se-
mantic modules [Wang et al. 2024]. Promptware engineering further emphasizes versio-
ning, traceability, reuse, and controlled modification [Chen et al. 2025].

Recent surveys organize Text-to-SQL research according to schema represen-
tation, query generation, prompting, fine-tuning, benchmarks, and evaluation methods
[Shi et al. 2025, Liu et al. 2026]. Prompt-based approaches increasingly decompose
generation into intermediate stages. DIN-SQL, for example, separates schema lin-
king, query classification and decomposition, SQL generation, and self-correction
[Pourreza and Rafiei 2023].

Agent-based systems extend this decomposition through specialized compo-
nents. MAC-SQL uses selector, decomposer, and refiner agents to reduce schema
context, generate queries, and correct errors [Wang et al. 2025]. [Santos et al. 2026]
combine multiple agents, retrieval-augmented generation, and metadata to construct
question-specific contexts. Recent methods also investigate vector-based schema re-
trieval, execution-guided correction, and bidirectional table and column selection
[Piao et al. 2026, Nahid et al. 2026].

The present work combines structured prompt engineering with agent-based Text-
to-SQL at a different design level. It focuses on the composable organization of prompt
headers, instructions, retrieved examples, schema descriptions, and output constraints, as
well as the separation between institutional-domain classification and SQL generation.
Unlike methods that introduce explicit schema-linking or execution-guided refinement
algorithms, the proposed architecture compares modular and monolithic prompt formula-
tions within the same institutional pipeline.

3. Composable Prompt Modularization
The proposed methodology adopts the concept of Composable Prompt Modularization as
a systematic, reusable approach for designing agents based on Large Language Models
(LLMs) for the task of translating natural language into SQL (Text-to-SQL).

The methodology organizes the agent’s pipeline into two main layers: (i) intent
classification and (ii) SQL query generation. Figure 1 illustrates the operational flow of
the proposed API, from the initial user message to the activation of the corresponding
SQL generation path.

As shown in Figure 1, the user message is first converted into embeddings and
then classified into institutional domains such as people, public works, or others. This
decision activates the corresponding SQL module, which translates the intent into an exe-
cutable query on the institutional database [Gao et al. 2024, Lan et al. 2023]. After intent
classification, the SQL-generation prompt is enriched with a domain-specific schema con-
text. Based on the identified domain, the relevant schema descriptions are retrieved from
application-level constants and dynamically inserted into the prompt, reducing ambiguity
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Figura 1. General flow of the Text-to-SQL agent API with modular classification
and query generation.

and promoting consistent and controlled query generation [Luo et al. 2024].

Unlike monolithic prompts that condense extensive instructions into a single
block, modularization allows prompts to be decomposed into independent semantic
units, thereby promoting stability, traceability, and scalability in real-world applications
[Wang et al. 2024, Mao et al. 2025, Chen et al. 2025]. Figure 2 presents the conceptual
structure of the prompt modules and the functional role assigned to each component.

Each module has a distinct responsibility: the System Prompt defines the assis-
tant’s institutional role and domain boundaries; the Prompt Header establishes exclu-
sive thematic categories and output restrictions; the Prompt Instruction provides con-
textualized few-shot examples; and the Prompt Footer standardizes the output format
for seamless integration with subsequent modules. The SQL Prompt sequence (Hea-
der, Instruction, Schema, and Footer) extends this process to the generation of structured
SQL queries, ensuring semantic fidelity and syntactic adherence to the relational schema
[Zhuo et al. 2024, Schnabel and Neville 2024, Liu et al. 2025].

The user’s message is processed by the classification prompt modu-
les, denoted by the prefix CLF (classification): CLF PROMPT HEADER,
CLF PROMPT INSTRUCTION, and CLF PROMPT FOOTER. After classification,
the system selects the corresponding SQL PROMPT module set for query generation.
After categorization, the system selects the appropriate SQL PROMPT module set,
which generates the final query. If access to the information system (SIM) is unavailable,
the agent applies a standard fallback response defined in the System Prompt. This modu-
lar design ensures component reuse and facilitates maintainability [Shinn et al. 2023].

Each module is treated as an autonomous yet interoperable functional unit. The
use of runtime injection enables the substitution of examples and database schemas
without altering the main prompt structure. This compositional principle promotes
adaptability, version control, and traceability, core aspects of promptware engineering
[Liang et al. 2025, Chen et al. 2025]. Consequently, the proposed approach allows new
domains to be integrated without requiring the entire logical workflow to be rewritten.
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Figura 2. Structure of composable prompt modules for classification and SQL
generation.

3.1. Evaluation Metrics

To assess the performance of the Text-to-SQL agents, two complementary metrics are em-
ployed: Component Matching (CM) and Execution Accuracy (EA). The CM metric
evaluates the structural correspondence between the generated SQL query and the refe-
rence query, verifying the alignment of key syntactic blocks such as SELECT, WHERE,
GROUP BY, and ORDER BY. This process is based on the Partial Component Match
F1 (PCM-F1) metric proposed by [Yavuz et al. 2021], which computes partial overlap
between predicted and reference components, reflecting both syntactic and semantic adhe-
rence. As discussed in prior Text-to-SQL evaluations [Lan et al. 2023], structural mat-
ching provides fine-grained insight into query composition, complementing execution-
based metrics. Thus, CM helps identify discrepancies that may not affect execution out-
comes but still affect structural correctness [Gao et al. 2024]. The EA metric, in turn, eva-
luates whether the generated query produces the correct execution result when compared
with the reference answer. Widely adopted in Text-to-SQL benchmarks [Gao et al. 2024],
it captures end-to-end task performance and complements the structural analysis provided
by CM. EA is defined in Equation 1.

EA =
Number of correct answers

Total number of executed tests
× 100% (1)

Table 1 summarizes both metrics and their complementary roles in evaluating
query generation quality.
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Tabela 1. Summary of Evaluation Metrics for Text-to-SQL Tasks

Metric Description Key References Remarks

Component
Matching
(CM)

Compares generated and re-
ference SQL queries at the
component level using the
Partial Component Match F1
(PCM-F1) variant to assess
partial overlap among clau-
ses such as SELECT, WHERE,
and GROUP BY.

[Yavuz et al. 2021],
[Lan et al. 2023]

Provides interpreta-
ble, fine-grained evi-
dence of structural
correctness.

Execution
Accuracy
(EA)

It compares the obtained da-
tabase outputs with the ex-
pected results, defined as the
proportion of queries execu-
ted correctly out of the total
number of tests.

[Gao et al. 2024] Captures end-to-end
correctness, but may
overlook structural
differences.

4. Case Study
The approach was applied within a public-sector external control institution to improve
public access to information on public works and personnel data. The modular agent
was integrated into the institution’s transparency portal, allowing citizens to query com-
plex datasets in natural language without requiring SQL knowledge. The database used
was refined to preserve confidentiality and semantic consistency by removing sensi-
tive and ambiguous fields. This implementation validates the potential of modulariza-
tion for governmental domains with strict auditability and quality control requirements
[Wang et al. 2024, Mao et al. 2025, Luo et al. 2024].

4.1. Data Preparation and Constraints
To enable database use with a large language model, the database was restricted to views
containing public works and personnel data from the institution’s information system.
Columns with confidential information or misleading names were removed, since these
inconsistencies often caused the model to generate incorrect queries.

The evaluation dataset comprises 152 natural language questions paired with refe-
rence SQL queries: 51 on Public Works, 30 on public-agent expenses, and 71 on public-
agent remuneration. The schema context provided to the SQL-generation agents includes
three views and 103 listed attributes. This dataset is distinct from the contextual demons-
tration repository, which contains 59 candidate examples used by the retrieval component.

4.2. Application Scenario
The case study covers two transparency domains: Public Works and Personnel. The for-
mer includes contracts, execution, payments, and project progress, while the latter ad-
dresses public servants, compensation, benefits, and related expenditures. These domains
were selected for their public relevance and involve structured data that is often difficult
for non-technical users to explore directly.
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Users submit natural language questions that are translated into SQL and answered
using official institutional records. For example, the question “What was the total amount
committed to public agent expenses in Crateús in 2024?” is represented by the following
query:

SELECT SUM(vl empenhado ne) AS total empenhado
FROM temp.vw gastos agentes publicos
WHERE nm municipio = ’CRATEUS’

AND dt ref ne BETWEEN 202401 AND 202412;

This example illustrates aggregation and temporal and municipal filtering. It re-
presents the application workflow but not the complete range of operations in the 152-
query evaluation set.

4.3. System Architecture in the Deployed Institutional Setting

The deployed solution follows a modular multi-agent architecture centered on a pipeline
orchestrator. The chatbot API serves as the main entry point, receiving user requests and
forwarding them to the orchestration layer. The pipeline then coordinates a sequence of
specialized components responsible for classification, SQL generation, structured retrie-
val, optional semantic recovery, and final answer composition.

A first specialized agent performs intent classification. Its role is to determine
whether the question belongs to one of the supported institutional domains, namely Pu-
blic Works or Personnel. If the query does not match either category, the system does not
attempt unrestricted access to the database; instead, it produces a fallback response that
guides the user and preserves operational safety. This design reduces unnecessary execu-
tions and prevents the model from generating unsupported answers outside the intended
scope.

For in-domain requests, a second agent is responsible for generating SQL queries
based on the user’s question and the detected intent. This agent receives both the natural-
language input and the constrained schema context, generating a structured query to be
executed against the relational database. The retrieved results are then post-processed by
the pipeline and converted into a clear, citizen-facing response. In addition to SQL-based
retrieval, the architecture also supports semantic search via a vector database, enabling
complementary contextual recovery when strictly structured data is insufficient.

4.4. Operational Flow

The operational flow, illustrated in Figure 1, can be summarized as a sequence of coordi-
nated steps within a modular pipeline. First, the user submits a natural-language query,
which is transformed into an embedding. This representation is used to retrieve relevant
demonstrations from a contextual repository containing 59 Text-to-SQL examples. Each
record combines a natural language question, a reference SQL query, and schema rela-
ted metadata. The retrieved examples support intent classification and provide domain
specific demonstrations that are incorporated into the SQL-generation prompt.

The relational schema is supplied through a separate mechanism, in which view
names, column names, and descriptions are obtained from predefined structures and dy-
namically inserted into the corresponding prompt. Thus, semantic retrieval provides con-
textual demonstrations, while schema injection defines the database elements available to
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the generator. The resulting query is executed against the institutional database, and the
retrieved data are returned to the user in a concise and interpretable form.

This flow reflects an important design principle of the system: the language model
does not serve as a direct source of factual truth, but rather as an interface layer that
translates user intent into controlled access to official data. In other words, the model is
used primarily for interpretation and generation, while factual grounding is delegated to
institutional databases and official services. This distinction is especially relevant in the
governmental domain, where traceability and consistency of answers are more important
than generative flexibility.

4.5. Implementation Environment
The prototype was implemented in Python and relies on external services for language
processing, vector retrieval, and deployment. Large language model capabilities were
provided through Azure OpenAI/Foundry services, which were used for both classifica-
tion and response generation. Vector-based semantic retrieval was supported by Pinecone,
while structured data access relied on the institution’s relational database.

During development, the system could be executed locally in two complementary
ways. A Gradio-based interface was used for rapid testing and end-to-end behavior ins-
pection, allowing the team to validate prompts, routes, and agent interactions. In parallel,
the application could also be run through Modal in local-serving mode, reproducing the
same API logic that will later be used in deployment. This dual setup simplified debug-
ging and reduced the gap between development and production environments.

For production, the chatbot API was deployed on Modal as a serverless HTTP
service. This choice reduced infrastructure overhead and enabled the team to package
dependencies, expose stable endpoints, and maintain alignment with the project’s existing
Python-based architecture.

4.6. Design Rationale
Several design decisions became particularly relevant in this case study. First, a modular
agent architecture was preferred over a monolithic prompting strategy. This separation
allowed the system to assign well-defined responsibilities to each module, making debug-
ging, prompt tuning, and future extension easier. In particular, separating intent classifica-
tion from SQL generation reduced the risk of unnecessary database queries and improved
controllability.

Second, the project adopted a hybrid strategy combining SQL-based access with
retrieval-augmented generation. For numerical and transactional questions, SQL remai-
ned the primary source of truth, ensuring fidelity to structured institutional records. Se-
mantic retrieval served only as a complementary mechanism when additional explanatory
context was useful. This balance was essential for preserving accuracy while still allowing
natural and helpful responses.

Third, managed services were prioritized in the system’s initial version. Solutions
such as Modal and Pinecone were selected to reduce DevOps complexity and accelerate
experimentation, even at the cost of increased dependence on external services. In the
context of an institutional prototype focused on practical deployment, this trade-off was
considered acceptable.
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4.7. Evaluation in the Governmental Setting

Table 2 presents the overall Execution Accuracy (EA) obtained by each model under
the modular prompting strategy across different Top-k settings. These results provide
an initial comparative view of how the evaluated models respond as contextual retrieval
depth increases.

Tabela 2. Execution accuracy (%) obtained with the modular prompt for different
models under distinct Top-k settings.

Model Top-k = 3 Top-k = 5 Top-k = 10

ChatGPT 5 94.08 94.74 95.39
Gemini 2.5 Pro 94.08 94.08 94.08
DeepSeek-v3.1 89.47 90.13 92.76
GPT-4o mini 86.84 83.55 81.58

The best overall EA was achieved by ChatGPT 5 with Top-k = 10, reaching
95.39%. Close results were also observed for Top-k = 5 (94.74%) and Top-k = 3 (94.08%).
Gemini 2.5 Pro presented stable performance across all configurations (94.08%), while
DeepSeek-v3.1 improved as more context was provided, reaching 92.76% at Top-k = 10.
In contrast, GPT-4o mini showed a consistent degradation as Top-k increased, dropping
to 81.58% at Top-k = 10. These results suggest that stronger models tend to benefit more
from a larger number of contextual examples, whereas smaller models may be negatively
affected by the noise introduced when additional examples are included in the prompt.

In addition to execution-based performance, structural fidelity was evaluated th-
rough Component Matching. Table 3 summarizes the average CM obtained by each mo-
del, including the monolithic baseline for ChatGPT 5. This table provides an overall
structural comparison before moving to the clause-level analysis.

Tabela 3. Overall component match average for each model and prompt strategy
across different Top-k settings.

Model Prompt Strategy Top-k = 3 Top-k = 5 Top-k = 10

ChatGPT 5 Modular 0.951784 0.952859 0.949323
DeepSeek-v3.1 Modular 0.952420 0.950280 0.953426
Gemini-2.5-Pro Modular 0.954139 0.954323 0.953118
GPT-4o mini Modular 0.949567 0.944037 0.942552
ChatGPT 5 Monolithic 0.955835 0.955984 0.956284

The reported CM averages are based on 152 generated queries across all confi-
gurations. Clause-level averages are conditional on the occurrence of each clause in the
corresponding reference SQL. All models achieved high structural similarity, with ave-
rage CM values typically ranging from 0.94 to 0.95. The highest modular mean CM was
obtained by Gemini 2.5 Pro at Top-k = 5 (0.954323), followed closely by DeepSeek-v3.1
at Top-k = 10 (0.953426). The monolithic version of ChatGPT 5 achieved slightly higher
overall CM values across all Top-k settings, indicating that structural agreement does not
always evolve in the same way as execution accuracy.
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To better understand which SQL components remain more stable and which ones
are more challenging, Tables 4, 5, and 6 report clause-level Component Matching results
for the modular prompting strategy under each Top-k setting. Table 4 shows that, under
Top-k = 3, the models already preserve the main structural backbone of the SQL queries.
In particular, ORDER BY reached perfect agreement in all cases, while FROM and GROUP
BY remained close to perfect values. By contrast, HAVING and SELECT exhibited lower
scores, indicating that these clauses require more precise logical composition.

Tabela 4. Clause-level component match for modular prompting with Top-k = 3.

Clause ChatGPT 5 DeepSeek-v3.1 Gemini-2.5-Pro GPT-4o mini

FROM 0.996897 0.999370 0.996849 0.997498
GROUP BY 0.991245 0.991245 0.989109 0.991245
HAVING 0.808846 0.808846 0.808846 0.808846
LIMIT 0.984127 1.000000 0.984127 1.000000
ORDER BY 1.000000 1.000000 1.000000 1.000000
SELECT 0.891423 0.883158 0.887298 0.891423
WHERE 0.955679 0.967385 0.968161 0.950533

Average 0.951784 0.952420 0.954139 0.949567

As shown in Table 5, the Top-k = 5 setting preserves the same general pat-
tern while slightly improving the average structural alignment for some models. Ge-
mini 2.5 Pro achieved the highest modular mean CM in this configuration. Once again,
ORDER BY remained perfectly matched, and FROM and GROUP BY stayed highly stable,
whereas SELECT and HAVING continued to be the most challenging components.

Tabela 5. Clause-level component match for modular prompting with Top-k = 5.

Clause ChatGPT 5 DeepSeek-v3.1 Gemini-2.5-Pro GPT-4o mini

FROM 0.996137 0.999370 0.994087 0.998152
GROUP BY 0.991245 0.991245 0.984843 0.991245
HAVING 0.808846 0.808846 0.808846 0.808846
LIMIT 0.984127 1.000000 1.000000 0.984127
ORDER BY 1.000000 1.000000 1.000000 1.000000
SELECT 0.891423 0.880223 0.888433 0.889111
WHERE 0.959842 0.965083 0.968472 0.935189

Average 0.952859 0.950280 0.954323 0.944037

Table 6 indicates that increasing the retrieval depth to Top-k = 10 does not uni-
formly improve structural performance. DeepSeek-v3.1 reached the best modular mean
CM in this setting, but the overall pattern remains consistent: ORDER BY, FROM, and
GROUP BY were the most stable clauses, while SELECT and HAVING remained compa-
ratively weaker. This reinforces the idea that additional context may help some models,
but its impact is neither linear nor universal.

To assess the effect of prompt design more directly, Table 7 compares the overall
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Tabela 6. Clause-level component match for modular prompting with Top-k = 10.

Clause ChatGPT 5 DeepSeek-v3.1 Gemini-2.5-Pro GPT-4o mini

FROM 0.996112 0.999370 0.993994 0.998164
GROUP BY 0.991245 0.991245 0.991245 0.991245
HAVING 0.808846 0.808846 0.805374 0.808846
LIMIT 0.984127 0.984127 1.000000 0.984127
ORDER BY 1.000000 1.000000 1.000000 1.000000
SELECT 0.891423 0.887687 0.884941 0.888223
WHERE 0.947885 0.966938 0.967468 0.931354

Average 0.949323 0.953426 0.953118 0.942552

execution accuracy of ChatGPT 5 under modular and monolithic prompting, while Ta-
ble 8 details the corresponding clause-level structural comparison. Table 7 shows a clear
trade-off between prompting strategies. The monolithic prompt slightly outperforms the
modular one at Top-k = 3, indicating better efficiency when only a few contextual exam-
ples are available. However, at Top-k = 5, the modular approach achieves higher perfor-
mance, suggesting a better capacity to exploit additional retrieved context. At Top-k = 10,
both strategies converge to the same execution accuracy.

Tabela 7. Execution accuracy (%) of ChatGPT 5 under modular and monolithic
prompting strategies.

Prompt Strategy Top-k = 3 Top-k = 5 Top-k = 10

Modular 94.08 94.74 95.39
Monolithic 94.74 94.08 95.39

Monolithic prompting obtains slightly higher overall CM values for ChatGPT 5
across all Top-k settings, especially due to stronger WHERE clause matching. Even so,
this structural advantage does not translate into a uniform superiority in execution accu-
racy, reinforcing that structural alignment and end-to-end performance capture related but
distinct aspects of Text-to-SQL behavior.

Tabela 8. Clause-level comparison between modular and monolithic prompting
strategies for ChatGPT 5 across Top-k settings.

Clause Mod. k=3 Mod. k=5 Mod. k=10 Mono. k=3 Mono. k=5 Mono. k=10

FROM 0.996897 0.996137 0.996112 0.996665 0.996536 0.996576
GROUP BY 0.991245 0.991245 0.991245 0.991245 0.991245 0.991245
HAVING 0.808846 0.808846 0.808846 0.808846 0.808846 0.808846
LIMIT 0.984127 0.984127 0.984127 1.000000 0.984127 0.984127
ORDER BY 1.000000 1.000000 1.000000 1.000000 1.000000 1.000000
SELECT 0.891423 0.891423 0.891423 0.891423 0.891423 0.891041
WHERE 0.955679 0.959842 0.947885 0.967947 0.969542 0.970884

Average 0.951784 0.952859 0.949323 0.955835 0.955984 0.956284
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Overall, the results indicate that the proposed modular pipeline is effective for
natural language access to governmental transparency data, achieving high execution ac-
curacy and strong structural alignment with reference queries. More importantly, the fin-
dings highlight a trade-off between prompting strategies: while the monolithic prompt is
more efficient in low-context scenarios (Top-k = 3), the modular approach better exploits
richer contextual information, achieving superior performance when more examples are
available (Top-k = 5). In this sense, the main advantage of the modular approach lies not
in universal superiority across all settings, but in its better organization, clearer separation
of responsibilities, and stronger potential for controlled evolution in institutional systems.

5. Discussion and Final Considerations

The results show that modular prompt design is a viable and competitive strategy for
Text-to-SQL systems in governmental settings, although not universally superior to mo-
nolithic prompting. The experiments reveal a trade-off between strategies: monolithic
prompting performs slightly better in low-context scenarios, while the modular appro-
ach benefits more from additional retrieved context. Clause-level results indicate that
core SQL components such as FROM, GROUP BY, and ORDER BY remain stable, whe-
reas SELECT and HAVING are more challenging, suggesting that complex logical com-
position remains a key bottleneck. By emphasizing modularization, reusability, trace-
ability, and component-oriented evaluation, the proposed approach connects software
engineering principles with natural language processing and promptware engineering
[Zhuo et al. 2024, Chen et al. 2025]. Thus, Composable Prompt Modularization emerges
as a promising paradigm for building more accurate, auditable, and adaptable Text-to-SQL
agents in institutional contexts.

The current prototype depends on managed external services for language mo-
del inference, vector retrieval, and deployment. Although these services supported rapid
development, they raise concerns related to cost, availability, reproducibility, data go-
vernance, and institutional control. Future work will investigate self-hosted open-source
language models, small language models, and locally deployable vector stores, evalua-
ting them in terms of execution accuracy, latency, computational requirements, privacy,
and maintenance. We also intend to compare the proposed approach with related Text-to-
SQL methods using EA and CM under a common evaluation protocol, either on a public
benchmark or on the institutional dataset under equivalent experimental conditions.
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