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Abstract: High-throughput microscopy generates large,
structured datasets capturing cellular responses to pharmaco-
logical perturbations, but accessing these datasets typically re-
quires SQL expertise. Large language models offer a natural-
language alternative, yet their tendency to hallucinate raises
concerns about result reliability .

We present SANE (Schema-Aware Natural-language Evalua-
tion), a novel paradigm for domain-specific text-to-SQL evalu-
ation: schema-grounded, automatically generated benchmarks
tied to real and specific experimental structure. SANE makes
evaluation more scalable, systematic, and reproducible.

Using SANE, we evaluate a few-shot large language model
and show that, under constrained schemas with structured
prompting and guardrails, accurate query generation is achiev-
able without any model training or fine-tuning. Most failures
stem from ambiguous or underspecified inputs and manifest
as overly cautious clarification requests or answers to queries
that should first be disambiguated, rather than incorrect SQL
generation. These results indicate that few-shot large language
models can provide reliable database access in well-defined
domains when combined with schema-aware prompting.

Keywords: large language model; text-to-SQL; biological
imaging; high-throughput screening; dose-response; natural-
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1 Introduction

High-throughput drug screening using automated microscopy
enables systematic analysis of cellular responses across mul-
tiple cell lines, compounds, and concentration levels. These
experiments generate structured datasets containing both raw
measurements and derived analytical values such as ECsp,
drug sensitivity scores, and morphological descriptors.
Platforms such as Cell-Profiler [4] provide infrastructure
to process, store, and visualize such datasets. However, effec-
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tive data access remains a significant challenge, as the avail-

able views in such tools are limited and querying the databases

requires SQL expertise and familiarity with complex schemas.

Large language models (LLMs) offer a promising solution
by enabling natural-language interaction with structured data.
Text-to-SQL research has evolved from early neural parsers
such as Seq2SQL [20] and SQLNet [16] to schema-aware
and graph-based models like RAT-SQL [15], PICARD [12],
and LGESQL [3]. Large pretrained models (e.g., TS [11])
have further advanced natural language interfaces to structured
data. Recent works on robust LLM-based frameworks [13]
and prompting strategies such as DIN-SQL [10] and DAIL-
SQL [5] demonstrate improved zero- and few-shot perfor-
mance through decomposition and iterative refinement, al-
though models can still hallucinate and make mistakes [7, 1].

Existing Benchmarks such as WikiSQL [20], Spider [19],
BIRD [9], and conversational extensions like CoSQL [17] and
SParC [18] evaluate cross-domain generalization, multi-table
reasoning, and multi-turn interactions.

However, these benchmarks primarily target general,
cross-domain queries written by humans and therefore do
not extensively include domain-specific biomedical databases
with structured, experiment-driven formats. Here, we intro-
duce SANE (Schema-Aware Natural-language Evaluation), a
novel benchmarking framework that addresses this gap by au-
tomatically generating schema-grounded test queries directly
from real experimental data. Unlike prior static benchmarks,
SANE is inherently scalable and reproducible, as new queries
are generated automatically as the database grows with addi-
tional experiments. Furthermore we specifically focus on a sin-
gle database for detailed evaluation, including specific failure
analysis.

Our key contributions are:

— A scalable framework for domain-specific benchmark-
ing of text-to-SQL systems on high-throughput biological
data

— A large-scale evaluation with 572 non-trivial, automati-
cally generated queries derived from real experiments

— A detailed analysis of robustness and failure modes, iden-
tifying ambiguity in natural language as the primary
source of errors

We use SANE to evaluate a custom LLM-pipeline using a 4-
bit quantized LlaMA 3.1 model without any training or fine-
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tuning that queries a PostgreSQL database filled with data
from a real experiment on the effect of 25 drugs in 12 con-
centrations on 3 cancer cell-lines.

2 System Context

In high-throughput microscopy, e.g. drug screenings, the
datasets typically follow a hierarchical experimental design as
in Figure 1. Experiments include one or more cell lines, each
cell-line is tested against multiple drugs at various concentra-
tions. Multiple images of replicates are acquired per condition,
reflecting standard drug screening protocols. From these im-
ages we extract morphological features through image analysis
and computes derived statistics (ECsg, dose—response curves,
sensitivity scores), storing them in a relational database.

To query this data we can use a text-to-SQL LLM. In this
work, we evaluate the quantized Llama 3.1 [6] model run-
ning on a single NVIDIA A6000 GPU with 48 GB using vir-
tual large language model(vLLM) [8]. Crucially, the model
operates in few-shot mode, no training or fine-tuning is per-
formed. Previous works showed the capabilities of few-shot
LLMs [2, 14]. The LLM interprets natural-language queries
about dose-response experiments, generates SQL statements,
and retrieves structured data from the underlying relational
database. For example, for the question: "How many datasets
do I own?" the model would generate a query like "SELECT
COUNT(*) FROM datasets d WHERE d.owner_id = user_id"
execute it and retrieve the number of datasets of that user.

The LLM translates natural-language queries into SQL
through three stages, visualized in Figure 2. First the LLM is
tasked to determine whether sufficient context is provided to
answer the query, outputting a binary label (missing/sufficient).
If the label is missing, a clarification request is returned. Oth-
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Fig. 1: Hierarchical dataset structure of our high-throughput ex-
periments. Each dataset contains multiple cell lines treated with
the same drugs at identical concentration ranges. Multiple image
replicates are acquired per experimental condition.
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Fig. 2: Three stage LLM processing pipeline. First, the model

determines whether sufficient context is available to answer the
query. If the context is sufficient, a SQL query is generated and
executed. The result is then interpreted into a natural language
response, while missing context triggers a clarification request.

erwise we generate a SQL statement with the LLM using
schema-aware prompting. The returned database result is then
interpreted by another LLM pass, turned into a natural lan-
guage answer, bulletpoint listing or table.

For SQL generation, schema-aware prompting injects
database structure, domain terminology, filtering rules (e.g.,
excluding border artifacts), and dataset-specific context and
examples to guide the generation. The LLM and database are
treated as fixed, our focus is systematically evaluating accu-
racy, robustness, and limitations under realistic scenarios.

3 SANE

SANE is a framework that systematically generates natural
language queries and corresponding ground truth SQL state-
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Fig. 3: SANE benchmark generation. The database is systemat-
ically queried to extract schema structure and experimental con-
tent. Test queries are generated with corresponding ground truth
SQL. The LLM is evaluated by comparing predicted context clas-
sifications (sufficient vs.missing) and generated SQL execution
results against ground truth.



ments directly from database contents and experimental struc-
ture (Figure 3). Unlike existing benchmarks we focus on
domain-specific biomedical data from a pre-existing database
from real experiments to extract schema information and rep-
resentative data instances.

Based on this information, SANE automatically con-
structs queries spanning multiple complexity levels, including
simple retrieval, complex analytical queries, and multi-step in-
teractions. In addition, it introduces controlled perturbations
such as typographical errors, abbreviations, and missing con-
text to simulate realistic user interaction scenarios.

The generated queries per category are filled with ran-
domly sampled real data, such as drug names, and are easily
extendable and configurable to amend to the specific dataset.
The respective SQL generation is non-trivial, requiring correct
handling of hierarchical relationships, domain-specific termi-
nology, and implicit constraints such as dataset scoping.

We define 69 fine-grained query categories and corre-
sponding SQL statements, fully available in the supplemen-
tary material together with the benchmark and LLM code. For
clarity, we group the questions into six top-level categories:

Simple queries involve straightforward retrieval, e.g.,
"What is the area of HUH7 cells for Alvocidib at 10pM ?".

Complex queries require joins, aggregations, rankings, or
listings, e.g., What are the top 5 drugs by DSS score for MCF7
on the circularity feature?

Errors include queries with abbreviations, typographi-
cal errors, or inconsistencies, e.g., what is the mean area for
HUH?7 treated with 9-IN-41 at 0.02 uM?, where the correct
drug name is 9-ING-41.

Contextless queries are underspecified and return overly
large result sets. For example, “What is the EC50 for MCF7
on the area feature?” retrieves values for all drugs and should
be further refined first.

Multi-step queries represent conversational scenarios with
incremental refinement of information, e.g. specifying the
drug in a followup message in the previous scenario.

Schema queries request structured information across ta-
bles, e.g., "How many concentration rows correspond to drug
9-ING-41?"

SANE jointly assesses the model’s ability to follow the
intended processing brnach of the pipeline (Figure 2) as well
as Text2SQL accuracy. For each question posed to the LLM,
we compare the predicted context label (missing or sufficient)
with ground truth. For missing queries, correctness is deter-
mined by label agreement. For sufficient queries, correctness
additionally requires that the generated SQL execution results
match the reference results (result set equivalence).

Tab. 1: Evaluation results grouped by query type.

Category Total Correct Incorrect Accuracy (%)
Simple 159 159 0 100.0
Complex 316 311 5 98.4
Errors 36 31 5 86.1
Contextless 22 18 4 81.8
Schema 32 31 1 96.9
Multi-step 7 6 1 85.7
Total 572 556 16 97.2

4 Results & Discussion

The evaluation comprises 572 automatically generated test
cases spanning various database schemas and statistical at-
tributes. Table 1 summarizes few-shot performance across the
categories.

The few-shot system achieves 97.2% overall accuracy,
demonstrating reliable performance across retrieval, complex
analysis, and schema-aware tasks without any training or
fine-tuning. Simple, Complex and Schema related questions
achieve a high accuracy of 100%, 98.4% and 96.9%. In cat-
egories Contextless, Errors and Multi-step the LLM performs
slightly worse, with 81.8%, 86.1% and 85.7%. This high
accuracy, is achieved through domain-specific and example-
driven prompting and by limiting the scope of LLM and the
task. Without examples (zero-shot), solely relying on simple
scheme injection, results drop to 29.9% overall accuracy.

Among the 16 few-shot failures listed in Table 1, 10 in-
volve incorrect missing context label prediction, typically from
unknown synonyms or misinterpreted underspecified queries.
This is likely driven by the model’s primary focus on accurate
SQL generation for well-defined queries. When errors or miss-
ing context are introduced, the resulting uncertainty leads to
inaccurate query generation or misclassification of the context
label. In 5 cases, the generated SQL is slightly incorrect, e.g.
omitting drug identifiers in listings or answering overly broad
questions instead of asking for clarification. One question is
answered with the generic dismiss answer of the webapp be-
cause it is wrongly interpreted as not data-related (Q: What is
the average EC50 for Trametinib for the area feature? A: I'm
here to help! Feel free to ask about your data or the applica-
tion.).

The results demonstrate that our few-shot LLM achieves
high reliability in querying complex biological databases when
combined with schema-aware prompting and domain-specific
constraints, validating its usage as research assistant.

Importantly, performance strongly depends on structured
prompting and schema knowledge. Without domain-specific
terminology and examples, the LLM cannot reliably produce
valid queries. This emphasizes the critical role of prompt en-
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gineering in developing LLMs for specialized database inter-
faces without requiring model training.

Failure analysis indicates future improvements should pri-
oritize interactive query refinement and disambiguation rather
than model fine-tuning as the model seems to struggle with
missing context and unclear questions rather than accurate
text-to-SQL generation as shown in the results. Most errors
stem from ambiguous or erroneous user input, suggesting that
conversational clarification mechanisms would substantially
improve practical usability. Additionally, synonym expansion
and domain-specific entity recognition could reduce context
classification errors.

5 Conclusion

We presented a systematic evaluation of a custom domain-
specific LLM interface offering natural-language querying
of biological databases. Our framework SANE automatically
generates realistic, schema-grounded test-cases from experi-
mental designs, enabling comprehensive and reproducible as-
sessment.

Achieving 97.2% accuracy on 572 queries through
prompting alone—without any training or fine-tuning—the
system demonstrates strong performance.

Our results highlight the potential for real-world deploy-
ment of LLMs in constrained, domain-specific environments,
particularly for the reliable extraction of numerical values. Us-
ing the LLM, end-users can access and explore large datasets
without writing SQL queries, custom scripts, or dedicated
analysis software. This capability is particularly valuable for
high-throughput cell-image analysis, where the volume and
complexity of the generated data, together with limited pro-
gramming expertise among end-users, often make interactive
data access challenging.

Future work could focus on interactive disambiguation
mechanisms for the LLM for ambiguous questions and ex-
tending the SANE framework to broader biomedical domains,
including clinical databases and multi-omics repositories.
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