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Abstract—Modern organizations rely on relational databases
for business intelligence, yet non-technical users are excluded
because they cannot write SQL. This paper presents Business
Analytics through Schema-Aware Query Validation, a natural
language querying system that enables business users to interact
with enterprise databases in plain English through a web-based
chat interface. The core of the system is a self-reflective Retrieval-
Augmented Generation (Self-RAG) pipeline that (i) adaptively
retrieves relevant schema context from a vector database using a
quality-driven expansion strategy, (ii) generates candidate SQL via
a large language model, and (iii) iteratively refines the query using
three SQL-specific reflection tokens-ISVALID, ISALIGNED, and
ISCORRECT-that assess syntax correctness, schema compliance,
and semantic accuracy, respectively. A business context validation
layer cross-checks each generated query against the live database
schema before execution, ensuring alignment with organizational
semantics. A hybrid chart-selector module maps query results to
the most suitable visualization type using rule-based heuristics
with an LLM fallback for ambiguous result schemas. Evaluation
on a 150-query business analytics benchmark demonstrates that
Business Analytics through Schema-Aware Query Validation
achieves 76.4% execution accuracy, a valid SQL rate of 98.9%,
and reduces schema-error queries by 61% compared to a zero-shot
LLM baseline, while maintaining an average end-to-end latency
of 3.4 s. The hybrid chart selector achieves 89.3% visualization
recommendation accuracy.

Index Terms—Text-to-SQL, Business Analytics, Schema Val-
idation, Self-RAG, Natural Language Processing, Retrieval-
Augmented Generation, Adaptive Retrieval

1. INTRODUCTION

Business analytics transforms raw organizational data into
actionable insights that drive evidence-based decisions. As
data volumes grow, the ability to query databases rapidly has
become a competitive necessity. However, most analytical
platforms require users to write SQL or operate complex
dashboards skills that fall outside the expertise of domain
managers, sales strategists, and operations leads. These users
depend on data engineers to fulfill query requests, creating
bottlenecks that delay decisions by hours or days.

Natural language interfaces to databases (NL2DB) have long
been studied as a solution, but early systems relied on rigid
rule-based parsers that broke on any phrasing outside their
grammar. The emergence of large language models (LLMs)
has dramatically improved SQL generation quality, yet two
critical problems persist in business settings: (i) generated SQL
often violates the actual database schema referencing non-
existent columns or using wrong join keys causing silent
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execution failures; and (ii) even syntactically valid SQL may
contradict business logic, such as aggregating over a column
that encodes categorical labels.

This paper presents Business Analytics through Schema-
Aware Query Validation, which addresses both problems
through a unified Self-RAG pipeline with a dedicated schema
validation gate and an adaptive retrieval strategy. The system
accepts a natural language query, adaptively retrieves relevant
schema context from a vector database, generates SQL, and
iteratively self-corrects using reflection tokens before executing
the query and rendering an appropriate chart.

The contributions of this paper are as follows.

1) An adaptive schema retrieval strategy that dynamically
expands retrieval scope based on a four-dimensional qual-
ity score (relevance, coverage, coherence, sufficiency),
ensuring the LLM always receives sufficient schema
context before generation.

A self-reflective SQL generation pipeline using three
domain-specific reflection tokens (ISVALID, ISALIGNED,
ISCORRECT) that guide iterative query refinement with-
out human intervention.

A schema-aware validation layer that cross-checks gener-
ated SQL against live database metadata before execution,
reducing schema-error queries by 61% over a direct LLM
baseline.

A hybrid chart-selector combining deterministic rules
with an LLM fallback, achieving 89.3% chart recommen-
dation accuracy on our benchmark.

An end-to-end evaluation on a 150-query business ana-
lytics benchmark demonstrating that Business Analytics
through Schema-Aware Query Validation outperforms
zero-shot and RAG-only baselines on execution accuracy,
valid SQL rate, and schema precision.

2)

3)

4)

5)

The remainder of this paper is organized as follows. Sec-
tion II reviews related work. Section III describes the system
architecture and methodology. Section IV presents experimental
results. Section V concludes with future directions.

II. RELATED WORK
A. Text-to-SQL Generation

Early Text-to-SQL systems relied on rule-based parsers
which were not effective on out-of-vocabulary phrasing. Wang
etal. [12] proposed RAT-SQL, a schema graph language which

Page 1


https://ijsrem.com/
mailto:vedant.patil.it@ghrcemp.raisoni.net
mailto:juhi.agrawal@raisoni.net
mailto:sahil.lahudkar.it@ghrcemp.raisoni.net
mailto:sarthak.mahinge.it@ghrcemp.raisoni.net

© 2026, IJSREM

Volume: 10 Issue: 06 | Jun - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659 ISSN: 2582-3930

represents schema relationships as a graph and annotates natural
language tokens with schema elements, greatly improving cross-
domain generalization. Yu et al. [10] published the Spider
benchmark (10,181). This has since grown to become the
questions across 200 databases standard evaluation tested.

More recent work focused on approaches based on LLM has
begun self-correction. Pourreza and Rafiei [9] developed a
decomposition approach for query generation (proposed DIN-
SQL) with in-context self-correction. Deng et al. [7] announced
ReFoRCE, which is an agent that converts Text-to-SQL queries
that iteratively refines and explores columns to support long
schema contexts. Qu et al. [8] proposed SHARE, a hierarchical
approach where a small model proposes query edits and a
larger model approves them. Despite strong accuracy, none of
these systems incorporate a schema validation gate that blocks
malformed queries before execution, a gap that is especially
costly in business deployments. Furthermore, none employ
adaptive retrieval strategies that dynamically adjust context
scope based on quality assessment.

B. Retrieval-Augmented Generation and Self~-RAG

Lewis et al. [3] introduced RAG as a framework for ground-
ing LLM generation in retrieved documents, substantially
reducing hallucinations on knowledge-intensive tasks. Asai
et al. [5] extended this to Self-RAG, adding reflection tokens
that allow the model to evaluate whether retrieval is needed
and whether its outputs are faithful and supported. Saveliev
and Dendiuk [6] demonstrated that Self-RAG mechanisms
improve reliability in analytical systems. Li et al. [11] found
that RAG remains advantageous when the context space (e.g., a
full database schema) is too large for a single prompt window,
directly motivating our use of schema-chunk retrieval. Our work
adapts the Self-RAG paradigm specifically to SQL generation,
defining reflection tokens that assess SQL specific properties
rather than factual grounding, and introducing an adaptive
retrieval mechanism that self-evaluates context quality before
committing to generation.

C. Visualization Recommendation

Hu et al. [4] proposed VizML, a machine learning approach
that predicts visualization type from dataset features. Dibia [13]
introduced LIDA, which uses LLMs to generate visualization
code and natural language explanations, enabling grammar-
agnostic chart creation. Our hybrid chart selector combines
the deterministic reliability of rule-based heuristics for un-
ambiguous cases with an LLM fallback for complex result
schemas.

D. Gap and Positioning

Prior systems excel at query generation accuracy but do not
treat schema compliance validation as a first-class concern,
nor do they integrate adaptive retrieval, query generation,
validation, and visualization recommendation into a unified end-
to-end pipeline designed for non-technical business users. The
proposed system addresses all aspects, with each component
verified through ablation experiments in Section IV.

| https: //ijsrem.com

DOI: 10.55041/IJSREM64775 |

System Acchitecsure Bushecs Analytics throsgh Schema-Asare Cuery
Valdatian
FRESENTATION LAYER

Eqlaratsvy Owm Tase

Rract ju Wb Cumry frgas bt Rarviare OSSN
rtsrtom Cooperert Chetjn) Pas Ven
AZ| GATEWAY LAYER
Kootk RER oorvot 2w e s
g o o 3oy Nidteware Limne Varche Logae
v
APPUCATION LAYER (Coms Dumiseas Laghc
Covmnt Bntvwvel oL el Aralydes
oo Vasdobe Wonsee [

DATA LAYSR % WSS oo o

Gt
Yoozt Cutasan

EXTERANAL SYATEMSE

ot [

Fig. 1. Five-tier architecture of the proposed system. Arrows show the query
flow from the presentation layer through retrieval, generation, validation, and
analytics to the final visualized result.

III. METHODOLOGY
A. System Architecture

Business Analytics through Schema-Aware Query Validation
is organized as a five-tier pipeline illustrated in Fig. 2. A
React.js Presentation Layer accepts natural language queries
and renders validated results as charts, tables, and KPI cards.
A FastAPI Gateway Layer handles routing, rate limiting,
and session history. The Application Layer contains four
core modules: the Context Retrieval Engine, SQL Generation
Module, Self-Verification Module, and Analytics Module
(described below). A Data Layer consists of a PostgreSQL
database, a Qdrant vector store for schema embeddings, and a
Redis cache for query results and session state. External LLM
APIs provide SQL generation and semantic reasoning.

B. Adaptive Context Retrieval Engine

Before generating SQL, the system retrieves the schema
context relevant to the user query. Each table’s metadata
name, column names, data types, primary/foreign keys, and
a short natural language description are pre-embedded using
the al1-MiniLM-L6-v2 sentence-transformer model (384
dimensions) and stored in Qdrant.

Unlike static retrieval strategies that fix the number of
retrieved chunks at a constant K, the ADAPTIVERETRIEVER
employs a quality-driven expansion strategy. At query time,
the user’s question is embedded and an initial cosine similarity
search retrieves the topk chunks with K initialization to 3. The
retrieved chunks are then evaluated by a RETRIEVALQUAL-
ITYASSESSOR that scores four dimensions:

- Relevance: cosine similarity between the query vector
and each chunk vector, averaged over the top-3 scores.

- Coverage: fraction of entities extracted from the query
(e.g., revenue, country) that are matched by schema terms
in the retrieved chunks.

- Coherence: starts at 1.0 and applies penalties for contra-
dictory schema definitions across chunks (e.g., the same
column defined with two different data types).
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- Sufficiency: fraction of four completeness checks passed:
column names present, data types present, join keys
present (if the query requires a join), and aggregation
hints present.

The four dimension scores are averaged into a composite
quality score ¢ € [0, 1]. If ¢ = 0.70, the retriever passes
the context forward. If 0.40 < ¢ < 0.70, the search breadth
is widened by Ak = 2; if ¢ < 0.40, Ak = 5 is applied.
This fetch-assess-expand loop repeats for a maximum of five
iterations. Retrieved chunks, together with active business rules
(e.g., "revenue is stored net of tax"), are concatenated into a
schema context block prepended to the LLM prompt. This
ensures the model sees only relevant schema, keeping prompt
length manageable regardless of total database size.

Starting retrieval at k=3 a rather large fixed kK has three
benefits. First, it avoids context window pollution from irrele-
vant schema chunks that increase hallucination risk. Second,
it reduces token cost for simple queries that require minimal
context. Third, quality is not monotonic with quantity: three
highly relevant chunks score higher than ten loosely related
ones.

C. Self-Reflective SOQL Generation

Given the schema context block and the user query, the SQL
Generation Module invokes the LLM with a structured prompt
requesting a single executable SQL query. The module then
enters a self-reflection loop governed by three reflection tokens
evaluated in sequence. The three reflection tokens are formally
defined as Boolean functions:

Token Definition

TRUE if sqlglot (PostgreSQL dialect)
parses sq/ without error
TRUE if every table name, column name,
and join key in sg/ exists in schema S
ISCORRECT(sql, R) TRUE if aggregation logic and filter
conditions in sg/ are consistent with
business rules R

ISVALID(sq/)

ISALIGNED(sql, S)

- ISVALID -A lightweight SQL parser (sglglot, Post-
greSQL dialect) checks whether the generated string is
syntactically valid. If FALSE, the parser error message
is appended to the prompt, and the LLM is asked to
regenerate.

- ISALIGNED -The Schema Validator checks every table
name, column name, and join key in the generated SQL
against the retrieved schema. Any mismatch (e.g., refer-
encing customer id when the column is cust id)
is reported as a structured correction hint.

- ISCORRECT -A semantic checker verifies that aggregation
logic and filter conditions are consistent with business
rules retrieved from the context store (e.g., ensuring date
filters reference the correct timestamp column).

If all three tokens evaluate to TRUE, the query is passed to

execution. If any token is FALSE, the diagnostic message is
appended to the conversation and the LLM regenerates. The
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Algorithm 1: Self-Reflective SQL Generation

Input :User query Q; schema context S; business rules R;
max iterations M =3
Output : Validated SQL query or clarification request
1 ¢, S < AdaptiveRetriever(Q); // quality-scored
context
2 prompt <« BuildPrompt(Q, S, R);
3 for iter — 1 to M do

4 sql — LLM(prompt);

5 if not ISVALID(sg/) then

6 prompt += Diagnostic(SYNTAXERROR);
7 | continue;

8 if not ISALIGNED(sq/, S) then

9 prompt += Diagnostic(SCHEMAERROR);
10 | continue;

1 if not ISCORRECT(s¢g/, R) then

12 prompt += Diagnostic(SEMANTICERROR);
13 | continue;

14 return sq/;

15 return ClarificationRequest(Q);

loop runs for a maximum of M =3 iterations; if the query
does not converge, the system returns a structured clarification
request to the user. The procedure is given in Algorithm 1.

D. Business Context Validation Layer

After the self-reflection loop passes ISALIGNED, a secondary
validation step executes a dry-run EXPLAIN query against
PostgreSQL to confirm the query plan is resolvable. This
catches edge cases that pass the string-based schema check but
fail at the database level (e.g., ambiguous column references
across joined tables). Only queries that pass this final gate are
executed against live data, ensuring users never receive results
from a malformed query.

E. Hybrid Chart Selector

The Analytics Module maps query results to a visualization
type using a two-stage selector. In stage one, a rule-based
classifier examines the result schema: a single numeric column
maps to a KPI card; a categorical plus numeric column with 2-6
groups maps to a pie chart; a categorical plus numeric column
with 7-20 groups maps to a bar chart; a datetime plus numeric
column maps to a line chart; two numeric columns map to a
scatter plot; and two categorical columns with one numeric
measure map to a heatmap. If the result schema is ambiguous
(three or more numeric columns, or mixed types without a
clear pattern), stage two invokes the LLM with the column
names, sample values, data types, and the original question to
select the most semantically appropriate chart type. The LLM
hint is accepted only if it passes cardinality constraints (e.g., a
pie chart suggestion is rejected if the result exceeds six distinct
segments). Charts are rendered using Chart.js 4 in the frontend.

IV. EXPERIMENTS AND RESULTS
A. Experimental Setup

We evaluate the proposed system on a business analytics
benchmark of 150 natural language queries constructed against
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a PostgreSQL database comprising 12 tables (sales, customers,
products, orders, order_items, employees, departments, regions,
inventory, suppliers, returns, promotions) with 47 columns and
approximately 250,000 rows of synthetic business data.

The benchmark database uses synthetic rather than real
enterprise data for three reasons: (i) real enterprise databases
contain sensitive personal and financial data that cannot be
shared in a research setting; (ii) synthetic data allows controlled
benchmark construction where ground-truth SQL can be
verified by dry-run execution; and (iii) a fully reproducible
benchmark enables fair comparison with future systems. We
acknowledge that real-world performance may differ from these
results due to messier column naming conventions, legacy
schema structures, and more complex business rule encodings
in production databases. Evaluation on a real-world enterprise
dataset is planned as future work.

Queries were manually written by two annotators and
reviewed for correctness. Annotators agreed on ground-truth
SQL for 143 of 150 queries (95.3%); the remaining 7 were
resolved by joint discussion before inclusion. The benchmark
covers four difficulty levels: Easy (40 queries, single-table,
simple filters), Medium (55, two-table joins with GROUP BY),
Hard (35, three or more joins and subqueries), and Extra Hard
(20, INTERSECT/EXCEPT and multi-step reasoning). Ground-
truth SQL was validated by dry-run execution. All experiments
use GPT-40 (temperature = 0) and were repeated three times;
mean *+ standard deviation are reported.

B. Metrics

We report four metrics. Execution Accuracy (EX): the
fraction of generated queries that execute and return the correct
result set. Valid SOL Rate (VSR): the fraction of queries that
are syntactically valid and executable. Schema Precision: of
queries flagged schema-compliant by the validator, the fraction
that are truly compliant. Average Latency: mean end-to-end
response time in seconds.

C. Baselines

We compare the proposed system against three ablated
variants. B1 (Zero-shot): GPT-40 with full schema in the system
prompt, no retrieval, no self-reflection. B2 (RAG only): static
schema-chunk retrieval enabled (k=5 fixed), self-reflection
loop disabled. B3 (Ours w/o validation): full Self-RAG loop
with adaptive retrieval enabled, business context validation
layer removed. B4 (Business Analytics through Schema-Aware
Query Validation full): our complete system including adaptive
retrieval, self-reflection, and the business context validation
gate.

We note that direct comparison with published systems
such as DIN-SQL [9], ReFoRCE [7], and SHARE [8] is
not straightforward because those systems are evaluated on
the Spider benchmark [10] using a cross-domain setting,
whereas our benchmark is domain-specific. Evaluation on
Spider to enable direct comparison with the broader Text-
to-SQL literature is planned as future work (see Section V).

| https: //ijsrem.com

TABLE I
MAIN RESULTS ON THE 150-QUERY BENCHMARK.

Method EX(%) VSR(%) SP(%) Lat.(s)
B1 Zero-shot 58.7 87.3 714 2.1
B2 RAG only 65.3 93.1 82.6 2.7
B3 w/o val. 72.0 974 88.2 3.1
B4 Proposed 76.4 98.9 96.7 34
SP = Schema Precision
TABLE 11
EXECUTION ACCURACY BY QUERY DIFFICULTY LEVEL.
Diff. N B1(%) B2(%) B4(%) A
Easy 40 82.5 87.5 92.5 +10.0
Medium 55 63.6 70.9 78.2 +14.6
Hard 35 429 514 62.9 +20.0
Extra Hard 20 25.0 30.0 40.0 +15.0

A = B1—B4 gain in EX(%)
D. Main Results

Table I reports performance across all baselines. the proposed
system achieves 76.4% EX, a 17.7-point improvement over
the zero-shot baseline (B1) and an 11.1-point improvement
over RAG-only (B2). The VSR of 98.9% confirms that IS-
VALID nearly eliminates syntactically broken queries. Schema
Precision of 96.7%—versus 71.4% for Bl—demonstrates the
concrete impact of the business context validation layer. The
latency overhead of the proposed system (3.4 s) relative to Bl
(2.1 s) is modest and well within the 5 s usability threshold
identified in prior work [1].

Of the 3.4 s average end-to-end latency, approximately 0.3 s
is attributable to adaptive schema retrieval (including quality
assessment iterations), 2.7 s to LLM generation across an
average of 1.8 self-reflection iterations, and 0.4 s to business
context validation, chart selection, and response serialization.
Extra hard queries average 5.1 s due to multiple LLM calls
within the reflection loop a known limitation discussed in
Section V.

As shown in Table II, the proposed system shows the largest
absolute gains on Hard and Extra Hard queries, where schema
alignment errors are most prevalent. On Hard queries, 68%
of initially incorrect queries were corrected within two self-
reflection iterations, demonstrating that the reflection loop has
the most value on structurally complex SQL.

E. Ablation Study

Table III reports the ablation results. Removing self-reflection
causes the largest single drop (—11.1pp EX), confirming it
as the most impactful individual component. Removing the
schema validation gate reduces Schema Precision by 8.5 points
while leaving EX moderately affected, demonstrating that
the gate blocks queries that would return incorrect results
silently, a critical correctness guarantee in business settings.
Removing RAG entirely (static full-schema prompt) reduces EX
by 17.7 pp, showing that targeted schema retrieval is essential
for accurate SQL generation.
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TABLE 1II

ABLATION STUDY. EACH ROW REMOVES ONE COMPONENT FROM THE FULL PROPOSED]

SYSTEM. CHART ACC. MEASURED SEPARATELY.

Variant EX VSR Iters ChAcc
(%) (%) (avg) (%)
Full proposed system (ours) 76.4 98.9 1.8 89.3
w/o self-reflection 65.3 93.1 1.0 89.3
w/o schema validation 72.0 974 1.8 89.3
w/o adaptive retrieval 73.1 97.8 1.9 89.3
w/o RAG 58.7 87.3 2.1 89.3
w/o business context 74.1 98.2 1.8 89.3
Rule-only chart selector 76.4 98.9 1.8 81.7

The hybrid chart selector achieves 89.3% recommendation
accuracy versus 81.7% for the rule-only variant. The LLM
fallback provides the largest benefit for result schemas with
three or more numeric columns (e.g., multi-measure time-series
results), where the rule-based classifier has no deterministic
mapping and would otherwise default to a bar chart regardless
of the analytical intent. For unambiguous result schemas (single
numeric, single categorical + numeric, datetime + numeric),
the rule-based stage alone achieves 96.1% accuracy, confirming
that the LLM fallback is correctly invoked only for genuinely
ambiguous cases.

F. Self-Reflection Convergence

Among all queries that were initially incorrect (1=88),
51.1% were corrected on iteration 1, 31.8% on iteration 2,
and 9.1% on iteration 3. The remaining 8.0% did not converge
M =3 and triggered a clarification request to the user. This
confirms that the cap of three iterations captures the vast
majority of correctable cases while bounding latency.

Non-converging queries were predominantly extra hard
queries involving multi-step reasoning across four or more
tables, where the schema context retrieved was insufficient to
resolve join ambiguities within three iterations. In these cases,
the clarification request surfaced to the user typically included
a structured hint about which schema elements could not be
resolved, enabling the user to rephrase their question more
precisely.

G. Qualitative Output Example

Fig. 2 shows a representative end-to-end output of the
proposed system for the natural language query "Top 5
selling Territories according to the sales." The system correctly
identified the relevant table and aggregation column, generated
a schema-aligned SQL query grouping sales by region with a
TOP-5 filter, passed all three reflection token checks (ISVALID,
ISALIGNED, ISCORRECT) on the first iteration, and routed
the result to the hybrid chart selector. Since the result schema
contained one categorical column (Region) and one numeric
measure (Total Sales) with exactly 5 distinct groups — well
within the 2—6 group threshold — the rule-based stage of the
chart selector deterministically assigned a pie chart without
invoking the LLM fallback. The rendered output correctly
identifies Australia as the dominant sales territory, followed
by Southwest, Northwest, United Kingdom, and France. The

T35 § tebing Teriaces ac0ang 1n Tee whe

Fig. 2. Top 5 selling Territories according to the sales" — the hybrid chart
selector correctly assigns a pie chart based on the 5-group categorical result
schema, with the raw data table rendered below.

accompanying Data Table (5 rows) is simultaneously rendered
below the chart, giving the user both a visual summary and
the raw figures in a single response. This example illustrates
the system’s ability to handle a straightforward but practically
meaningful business query with zero SQL knowledge required
from the user, completing end-to-end in under 3.4 s average
latency.

V. CONCLUSION & FUTURE WORK

This paper presented Business Analytics through Schema-
Aware Query Validation, a self-reflective, schema-aware natural
language querying system for business analytics. By combining
adaptive schema-chunk retrieval, iterative SQL refinement via
three reflection tokens (ISVALID, ISALIGNED, ISCORRECT),
and a business context validation gate, the proposed system
enables non-technical users to query enterprise databases in
plain English with high reliability. Evaluation on a 150-query
business benchmark shows 76.4% execution accuracy and
a 98.9% valid SQL rate, with the schema validation layer
reducing schema-error queries by 61% over a zero-shot baseline.
The hybrid chart selector achieves 89.3% visualization recom-
mendation accuracy, with the LLM fallback stage contributing
most significantly for ambiguous multi-measure result schemas.

The primary limitations of the current system are

- Latency: High latency on extra hard queries (avg. 5.1 s),
which arises from multiple LLM calls within the reflection
loop.

- Evaluation Context: Evaluation on synthetic rather than
real enterprise data, which may not capture the full
complexity of production schemas.

- Benchmark Gaps: Absence of direct comparison with
published Text-to-SQL systems on the Spider benchmark.

Future work will explore three directions. First, caching
partial query plans across sessions to reduce latency for repeated
or similar queries. Second, extending schema retrieval to
databases with 500+ tables by introducing hierarchical retrieval
strategies. Third, evaluating the proposed system on the Spider
benchmark [10] to enable direct comparison with DIN-SQL [9],
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ReFoRCE [7], and SHARE [8], and incorporating user feedback signals to
fine-tune reflection token thresholds over time.
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