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Abstract

Despite the success of large language models
(LLMs) on general-purpose tasks, their perfor-
mance in highly specialized domains such as
biomedicine remains unsatisfactory. A key lim-
itation is the inability of LLMs to effectively
leverage biomedical tools, which clinical ex-
perts and biomedical researchers rely on exten-
sively in daily workflows. While recent general-
domain tool-calling datasets have substantially
improved the capabilities of LLM agents, ex-
isting efforts in the biomedical domain largely
rely on in-context learning and restrict mod-
els to a small set of tools. To address this
gap, we introduce BIOTOOL, a comprehensive
biomedical tool-calling dataset designed for
fine-tuning LLMs. BIOTOOL comprises 34 fre-
quently used tools collected from the NCBI, En-
sembl, and UniProt databases, along with 7,040
high-quality, human-verified query—API call
pairs spanning variation, genomics, proteomics,
evolution, and general biology. Fine-tuning a
4-billion-parameter LLM on BIOTOOL yields
substantial improvements in biomedical tool-
calling performance, outperforming state-of-
the-art commercial LLMs such as GPT-5.1.
Furthermore, human expert evaluations demon-
strate that integrating a BIOTOOL-fine-tuned
tool caller significantly improves downstream
answer quality compared to the same LLM
without tool usage, highlighting the effective-
ness of BIOTOOL in enhancing the biomedical
capabilities of LLMs.

1 Introduction

The rapid advancement of large language mod-
els (LLMs) has revolutionized natural language
processing, enabling unprecedented performance
across a wide range of general-purpose tasks (Ope-
nAl, 2023; Bai et al., 2023). However, their ca-
pabilities in biomedical domains remain limited,
which hinders their deployment in high-stakes, real-
world biomedical applications (Chen et al., 2025;
Li et al., 2025a). A key reason for this limitation

is the insufficient ability of LLMs to effectively
leverage specialized biomedical tools (Jin et al.,
2024). Unlike commonsense questions that can
often be answered directly, biomedical problems
typically require even expert researchers to con-
sult external tools and databases before drawing
reliable conclusions (NCBI, 2017). For instance,
even for human biologists, the biological function
of a raw nucleotide sequence cannot be reliably
inferred without the aid of computational tools,
such as BLAST or other sequence similarity—based
methods (Altschul et al., 1990). As shown in Fig-
ure 1, LLMs that lack access to or integration with
such tools are therefore prone to hallucinations and
imprecise generalizations, undermining their relia-
bility for scientific discovery.

Given these challenges, early attempts have inte-
grated biomedical and chemistry tools into LLMs
via in-context learning (Jin et al., 2024; Bran et al.,
2024). Although these approaches show improve-
ments, they are constrained to a small set of avail-
able tools due to limited context length. More-
over, biomedical research tools often support di-
verse and complex usage scenarios that cannot be
fully captured by a few lines of textual prompts,
which hinders LLMs from fully realizing their po-
tential in biomedical tool usage. Inspired by the
success of instruction-tuning—based tool-calling
datasets in the general NLP domain (Liu et al.,
2024; Patil et al., 2024), we address this gap by
curating a comprehensive biomedical tool-calling
dataset, BIOTOOL.

BIOTOOL is an instruction fine-tuning—style
biomedical tool-calling dataset consisting of 7,040
high-quality, human-verified query—API call pairs.
It includes 34 frequently used tools from the
NCBI (NCBI, 2017), Ensembl (Hubbard et al.,
2002), and UniProt (The UniProt Consortium,
2017) databases, spanning multiple subdomains
such as variation, genomics, proteomics, evolution,
and general biology. To construct the dataset, we
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Figure 1: Comparison between answers generated by LLMs without tools and BIOTOOL-augmented LLMs for
biomedical queries. LLMs without tools often hallucinate or produce imprecise answers (left), whereas BIOTOOL-
augmented LLMs (right) generate API calls and retrieve critical information from biomedical databases, leading to

higher-quality responses.

first manually select 34 tools from NCBI, Ensembl,
and UniProt that are widely used in biomedical re-
search. We then collect official documentation for
these tools from their respective websites and use
them to generate diverse combinations of API pa-
rameters with the assistance of LLMs. The synthe-
sized API calls are executed and filtered to remove
cases with unavailable or uninformative responses,
resulting in 3,829 unique API calls. Next, we
prompt state-of-the-art reasoning models (OpenAl,
2025) with these API calls and their corresponding
responses to generate potential user queries. These
queries are subsequently evaluated by an LLM-
based judge to assess whether the API responses
meaningfully support answering the queries, fol-
lowed by a final round of human expert review
focusing on biological relevance and correctness.
This process yields 7,040 high-quality query—API
call pairs, which is the final BIOTOOL dataset.

We evaluate the quality and effectiveness of
B1oTooOL through two sets of experiments. First,
we fine-tune several open-source LLMs ranging
from 4B to 20B parameters on the BIOTOOL train-
ing split and compare them with state-of-the-art
commercial LLMs, including GPT-5.1, Gemini-3
Pro, and Claude-4.5-Sonnet, using in-context learn-
ing. Results on the test split show that smaller

LLMs fine-tuned with BIOTOOL significantly out-
perform commercial LLMs with hundreds of times
more parameters in terms of tool-calling quality.
For example, a BIOTOOL-fine-tuned 4B Qwen-3
model outperforms the best-performing Claude-
4.5-Sonnet by 14.8% in overall API-calling qual-
ity. Second, we conduct human evaluations to as-
sess whether BIOTOOL-enhanced LLMs produce
higher-quality answers from the perspective of
biomedical researchers. On 1,048 test queries, a
GPT-5.1 model augmented with oracle BloTooL
API calls achieves 86% higher normalized answer
quality compared to the same model without tool
usage, demonstrating the intrinsic quality of the
B1oTooOL dataset. Moreover, a GPT-5.1 model
augmented with a BIOTOOL-fine-tuned API caller
achieves 65% higher normalized answer quality
compared to the raw GPT-5.1 model, highlighting
the effectiveness of BIOTOOL in training tool-using
LLMs and enhancing their biomedical capabilities.

2 Related Works

Early general-purpose tool-calling models, such as
Toolformer (Schick et al., 2023) and Gorilla (Patil
et al., 2024), established that LLLMs can be trained
to invoke external APIs, thereby grounding re-
sponses in retrieved data to mitigate hallucinations.



Subsequent frameworks like ToolBench (Qin et al.,
2023) and APIGen (Liu et al., 2024) advanced
this capability by introducing scalable pipelines for
generating synthetic instruction-tuning data. De-
spite these advancements, generalist models often
struggle with specialized scientific domains like
biomedicine because they rely on broad datasets
that include only a negligible fraction of cor-
responding tools and frequently fail to adhere
to the rigorous schema constraints of scientific
databases. To address these limitations, domain-
specific agents have emerged. GeneGPT (Jin et al.,
2024) pioneered this shift by utilizing in-context
learning (Wei et al., 2023) to enable access to
NCBI Web APIs. Similarly, systems such as Sci-
Agent (Li et al., 2025b) and ChemCrow (Bran
et al.,, 2024) have successfully integrated tool-
augmented agents for complex reasoning in sci-
entific and chemical research. While more recent
entries like Biomni (Huang et al., 2025) have intro-
duced general-purpose agents for biomedical tasks,
they primarily focus on a restricted subset of tools.
Consequently, they lack the comprehensive, full-
list interface to primary authoritative biomedical
databases.

3 The BioTool Dataset

s D

Example of BioTool Data Entry

User Query

Could you provide concise definitions
for the major severe immunodeficiency
disorders?

Tool Information

Database: “UniProt”

Tool: “human_diseases”

API Endpoint: “search_human_diseases”

API Arguments

query: “name: immunodeficiency AND name:
severe”

fields: “definition”

sort: “id asc”

Observation

(id: “DI-00171”, definition: “An
autosomal recessive immunologic disorder
characterized by the loss of expression of
MHC class II antigens on antigen-presenting
cells...”),

(id: “DI-00305”, definition: “A form of
chronic granulomatous disease...”),

\. J

This section details the development and compo-
sition of BIOTOOL. We first present an example

data entry from BIOTOOL to illustrate the structure
of a query—API call pair. Each entry includes a
user query field, which contains a realistic clinical
or biomedical question expressed in free-form text.
The ool information field provides descriptions
of the tools required to answer the query, while
the API arguments specify the input parameters
for the corresponding API endpoint. Executing
the API endpoint with these arguments returns an
observation, which contains information used to
augment the LLM’s response. We note that the ob-
servation is fully determined by the API endpoint
and its arguments; it is included in the dataset for
completeness and user convenience.

Next, we describe the sequential construction
pipeline used to generate and verify biomedical
tool calling pairs in Section 3.1, illustrated in Fig-
ure 2. We then provide a quantitative analysis of the
resulting dataset, highlighting its functional utility
and biological diversity in Section 3.2.

3.1 Dataset Construction Pipeline

Tool Selection We select three major online API
providers: the National Center for Biotechnology
Information (NCBI), UniProt, and Ensembl as the
tool source for BIOTOOL, motivated by their roles
as the authoritative repositories within the global
biomedical research infrastructure (Sayers, 2010;
Ahmad et al., 2025; Yates et al., 2014). These three
platforms are widely considered the definitive stan-
dard because they offer expansive and highly in-
teroperable data spanning the entire central dogma
of biology, encompassing the full spectrum from
raw genomic sequences to functional protein anno-
tations.

Across the three databases, we comprehensively
review their websites and manually select tools that
are critical for answering biomedical and clinical
questions. During this process, we exclude tools
with limited biomedical relevance (e.g., APIs that
only return service or versioning information) as
well as deprecated or unstable tools. As a result,
we curate a diverse set of 34 tools comprising 124
API endpoints, each of which is frequently used
in biomedical research workflows. The complete
list of selected tools is provided in Appendix D. In
addition, we collect the official documentation for
each API endpoint from the corresponding website.
These documents specify API usage, input argu-
ments, constraints, and example calls, and serve as
essential resources for subsequent stages of API
call synthesis and user query generation.
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Figure 2: The systematic workflow of BIOTOOL spans from automated dataset construction to downstream
application. Panel (a) illustrates the multi-stage construction pipeline, which includes initial tool selection from
primary databases, automated API call generation, and a rigorous filtering process involving execution checks,
heuristic validation, and LLM-based informativeness assessment. Panel (b) depicts the inference-time application,
where specialized API-calling models fine-tuned on BIOTOOL enable base LLMs to retrieve grounded observations

and generate verifiable biological answers.

API Call Synthesis and Verification Based on
the curated tool set and associated documentation,
we manually select critical API arguments corre-
sponding to biologically meaningful identifiers for
each API endpoint. These arguments, such as taxon
IDs, gene symbols, and UniProt accession numbers,
ensure that the synthesized API calls are biolog-
ically diverse and scientifically plausible. Given
the selected arguments, we follow prior work (Liu
etal., 2024) to randomly sample a large set of candi-
date API calls. These candidates are then executed
to filter out cases that result in client errors, time-
outs, or empty responses. To further improve data
quality, we design a novel heuristic-based filtering
strategy to remove API calls that are overly similar
to existing ones, as well as those whose returned
observations lack biological significance. Details
of this heuristic filter are provided in Appendix A.
After this verification process, we obtain a collec-
tion of 6,391 unique API calls.

User Query Generation Given the synthesized
API calls, we leverage state-of-the-art LLMs to
generate corresponding user queries, following a
self-instruct—style paradigm established in prior
work (Wang et al., 2022; Patil et al., 2024; Liu et al.,
2024). Specifically, LLMs are prompted with an
API call, its documentation, and its corresponding

observation, together with a small set of human-
crafted in-context query—API call pairs, to generate
realistic user queries.

To further improve the quality and biological rel-
evance of BIOTOOL, we introduce two novel adap-
tations to ensure both the necessity and sufficiency
of the API observations. First, to enforce neces-
sity, we apply Chain-of-Thought (CoT) prompt-
ing (Wei et al., 2023) using a strong reasoning
model (OpenAl o3 (OpenAl, 2025)) when gen-
erating user queries. The model is first prompted to
summarize the technical details of the API observa-
tion into a natural-language description, which is
then used to generate the final user query. This pro-
cedure ensures that the observation is required to
answer the query, while keeping the query realistic
and avoiding explicit references to specific tools or
API calls. The detailed system and user prompts for
this process are provided in Appendix B.1. Second,
to ensure sufficiency, we employ another state-of-
the-art LLM (Claude Haiku 4.5 (Anthropic, 2025))
to perform informativeness-based filtering, inspired
by the LLM-as-a-judge framework (Zheng et al.,
2023). The model is prompted to follow a struc-
tured rubric and classify a query—API call pair as
informative if the observation contains at least one
relevant fact or a partial summary that supports
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Figure 3: Distribution analysis of the 7,040 samples within BIOTOOL across four dimensions. Panel (a) shows the
distribution across source databases. Panel (b) illustrates the distribution of samples by tool type. Panel (c) presents
the distribution across various biological domains. Panel (d) delineates the distribution of user queries across the 34

distinct biological tools.

the user’s intent. Pairs in which the observation
is unrelated to the query or too vague to support a
concrete response are discarded. The specific judge
prompts are provided in Appendix B.2.

Human Refinement The final stage involves a
comprehensive manual review conducted by hu-
man evaluators with at least a college-level back-
ground in bioinformatics. The evaluators first iden-
tify and remove low-quality queries. For the re-
maining samples, they refine pedantic or unnatural
phrasing and ensure the accuracy of biological ter-
minology and nomenclature. After this round of
filtering and correction, the final BIOTOOL dataset
comprises 7,040 high-quality samples.

This instruction fine-tuning—style dataset is pri-
marily used to train open-source LLMs as API-
calling models, following training paradigms estab-
lished in general-domain tool-calling datasets (Patil
et al., 2024; Liu et al., 2024). A BIOTOOL-trained
LLM can assist state-of-the-art LLMs in generating
grounded and scientifically accurate responses, as
illustrated in the right panel of Figure 2.

3.2 Data Statistics

The BIOTOOL dataset is derived from 34 distinct
biological tools and 124 unique API endpoints,
encompassing a wide array of scientific content
categorized across several key dimensions. As
shown in Figure 3(a), the distribution of tools
across databases is well balanced, with compa-
rable proportions from NCBI, UniProt, and En-
sembl. Figure 3(b) illustrates the diversity of
tool types included in BIOTOOL, ranging from
data retrieval (e.g., nucleotide identifiers fetching)
and search and discovery (e.g., phenotype-based
gene discovery) to biological analysis and map-
ping (e.g., cross-referencing SNP identifiers). Fig-
ure 3(c) highlights the dataset’s broad scientific
scope, covering domains such as genomics (e.g.,
gene tree querying), proteomics (e.g., protein se-
quence alignment), variation analysis (e.g., linkage
disequilibrium analysis), and evolutionary biology
(e.g., species-level taxonomy identification). Fi-
nally, Figure 3(d) shows that BIOTOOL includes
both frequently accessed general-purpose tools and
a long tail of specialized tools, all of which are



essential for complex scientific discovery across
the central dogma.

4 Experimental Results

To evaluate the effectiveness of BIOTOOL, we first
compare the API-calling capabilities of small open-
source LLMs fine-tuned on BIOTOOL against state-
of-the-art LLMs using in-context learning. We
then conduct human expert evaluations to compare
the answer quality of baseline LLMs with that of
BioTooL-augmented LLMs.

4.1 Experimental Setup

BioTool score We define a BioTool performance
score to automatically evaluate the capability of
an LLM as an API caller on the BIOTOOL dataset,
especially the alignment of retrieved information
with the user’s intent. Specifically, assume we have
the test set D = {(q1,01), ...(gn, 0n) }, where g; is
the i™ user query and o; is the observation obtained
from ground-truth API calling in the dataset. The
BioTool score on this test set S(D) for a LLM API
caller f is then defined as follows:

S(D) = Sim(f(q:),0:) )
i=1

where Sim(0, 0) computes the semantic embedding
similarity of two text strings: the ground truth ob-
servation o and the corresponding observation 6
from LLM API caller prediction. In practice, we
use a MedCPT model (Jin et al., 2023) to get a
sentence embedding for an observation. API calls
may fail due to incorrect model generation, yield-
ing an empty string 6 = €. In this case, we set
Sim(e, 0) = 0. Intuitively, this score determines
model performance by measuring whether the re-
trieved biological facts remain semantically similar
to the required information, even when the tech-
nical implementation of the call differs from the
reference.

Additional Metrics Based on the BioTool score,
we define two additional metrics to further char-
acterize model performance. Similar metrics have
been widely adopted in existing API-calling bench-
marks (Patil et al., 2025). Firstly, we define API
calling success rate AS as follows:

n

AS(D) = =) "1[Sim(f(q:),0:) > 0] (2)

=1

where 1 [-] is the indicator function. A zero simi-
larity indicates API calling failure due to incorrect
formatting, invalid API names, or improper param-
eter values. Conceptually, this metric focuses on
the model’s capability to generate API calls that
execute correctly and return a valid response con-
taining data. Secondly, we define a exact match
score EM as follows:

n

EM(D) = = "1[Sim(f(g:),0:) =1]  (3)

=1

which measures the proportion of predictions
whose resulting observations exactly match the
ground-truth reference observation, requiring the
model to correctly identify the API endpoint and
provide all required parameters with values that
exactly match the reference.

Models In this study, we use four cutting-edge
proprietary models, including GPT-5.1, GPT-5.1-
Codex, Gemini 3 Pro, and Claude 4.5 Sonnet (Ope-
nAl, 2025b,a; Google, 2025; Anthropic, 2025)
under an in-context learning scheme. We use
five open source models, which are gpt-oss-20b,
Llama3.1-8B-Instruct, Qwen3-8B, Qwen2.5-7B-
Instruct, and Qwen3-4B-Instruct (OpenAl et al.,
2025; Grattafiori et al., 2024; Yang et al., 2025;
Qwen et al., 2025), for BioTool-based fine-tuning.

4.2 Results on Tool Calling Capability

In this section, we first fine-tune small open-source
models on the training split of the BIOTOOL
dataset, which is randomly split under a four-to-
one ratio. We use the state-of-the-art proprietary
as baselines, and the evaluation for all models was
conducted equally on the held-out test set consist-
ing of 1,408 samples in terms of BioTool score.
As shown in Table 1, there is a clear performance
advantage for BIOTOOL-fine-tuned models over
much larger LLMs under in-context learning. The
fine-tuned 4B model achieved the highest overall
BioTool score, representing a 14.8% improvement
over the strongest proprietary model, Claude 4.5
Sonnet, and 68.8% higher performance than GPT-
5.1. This gap suggests that the general-purpose
pre-training of frontier LLMs together with in-
context learning is insufficient to navigate the spe-
cialized technical constraints and precise parameter
mappings of biological repositories. Instead, the
high-density training signals within the BioTooL



Model NCBI UniProt Ensembl Overall

Proprietary Models
GPT-5.1 155 787 728 554
GPT-5.1-Codex 148 80.5 745 563
Gemini 3 Pro 725 878 773 79.2
Claude 4.5 Sonnet 79.8 87.3 77.0 814
BioTool-fine-tuned Open-Source Models
gpt-0ss-20b 89.7 809 86.8 85.8
Llama3.1-8B-Ins 92.1 89.1 93.0 914
Qwen3-8B 90.7 855 813 859
Qwen2.5-7B-Ins 92.0 88.3 84.7 884
Qwen3-4B-Ins 934 912 958 935

Table 1: Comparative evaluation of models on the
BioTooL dataset, measured by the BioTool score
(higher is better). Scores are reported for each con-
stituent database (NCBI, UniProt, Ensembl) and overall.
Model names with the suffix /ns denote instruction-
tuned variants. Bold values indicate the best perfor-
mance in each column.

dataset allow significantly smaller models to ac-
quire the necessary domain expertise that remains
elusive to even the largest proprietary models.

4.3 Human Evaluation of Answer Quality

The ultimate criterion for assessing the usefulness
of a tool-calling dataset is its ability to improve the
quality of LLM-generated answers. To evaluate
this, we use GPT-5.1 as the base model and com-
pare its performance under three settings: (1) no
tool augmentation, (2) augmentation with ground-
truth BIoTooL API calls, and (3) augmentation
with a BioTool-fine-tuned Qwen3-4B-Instruct tool-
calling model. We evaluate these three settings
on 700 randomly sampled test queries using side-
by-side human judgments by two annotators with
college-level bioinformatics backgrounds. Anno-
tators compare settings (1) vs. (2) and (1) vs. (3),
selecting the better answer based on informative-
ness and task fulfillment, while rejecting vague or
scientifically incorrect responses. The normalized
win rates for the two comparisons are shown in Fig-
ure 4. Raw preference results and normalization
procedures are detailed in Appendix C.

We observe that tool augmentation substan-
tially improves the quality of biomedical answers,
demonstrating that grounding LLMs in verifi-
able data from NCBI, Ensembl, and UniProt ef-
fectively mitigates domain-specific hallucinations
and imprecise generalizations. The oracle con-
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Figure 4: Human evaluation results comparing answer
quality between BIOTOOL-augmented LLMs and LLMs
without tool usage, using GPT-5.1 as the base model.
The augmented settings include GPT-5.1 with oracle
BioTooL data (left) and GPT-5.1 with a BIOTOOL-
fine-tuned Qwen3-4B-Instruct tool caller (right).

figuration achieves a 93.0% win rate over the
base model, highlighting the high quality of the
BroTooL dataset. Similarly, the BIOTOOL-fine-
tuned Qwen3-4B-Instruct model attains an 82.5%
win rate, indicating that a small, fine-tuned model
can improve the correctness and helpfulness of
large commercial LLMs as judged by human evalu-
ators, further demonstrating the practical utility of
BioTooL.

4.4 Additional Results

We report results for the additional metrics under
the same experimental settings in Table 1 to provide
further insights into model behavior and dataset
characteristics. As shown in Table 2, there is a
clear divergence between Exact Match (EM) and
API Success (AS), particularly for proprietary mod-
els. Although models such as Claude 4.5 Sonnet
and Gemini 3 Pro achieve high AS scores, their
EM remains extremely low (often below 5%), in-
dicating difficulty in producing parameterizations
that exactly match reference specifications. In con-
trast, the BIOTOOL-fine-tuned Qwen3-4B-Instruct
achieves an EM more than six times higher than
the best proprietary model, highlighting the neces-
sity of fine-tuning for learning the precise syntax of
biological APIs. The EM—-AS gap also reflects the
varying complexity of biological repositories. On
the NCBI subset, proprietary models such as GPT-
5.1 fail to achieve any exact matches and frequently
encounter execution errors, likely due to strict iden-



Model NCBI UniProt Ensembl Overall (Avg)
EM AS EM AS EM AS EM AS
Proprietary Models
GPT-5.1 0.0 16.6 1.7 97.9 8.9 79.4 3.5 64.4
GPT-5.1-Codex 0.0 16.2 1.7 98.3 6.3 80.5 2.6 64.7
Gemini 3 Pro 32 76.7 2.1 99.8 16.3 82.0 7.1 86.2
Claude 4.5 Sonnet 3.6 85.5 1.1 100.0 15.0 824 6.5 89.4
BioTool-fine-tuned Open-Source Models
gpt-0ss-20b 30.7 94.5 4.0 98.5 304 92.6 21.7 95.2
Llama3.1-8B-Ins 42.2 94.3 7.2 99.8 43.0 95.9 30.8 96.7
Qwen3-8B 43.7 93.5 4.0 99.6 37.7 85.9 28.5 93.0
Qwen2.5-7B-Ins 45.6 93.9 55 100.0 423 87.9 31.1 94.0
Qwen3-4B-Ins 65.6 945 9.3 99.8 51.8  98.1 42.3 97.4

Table 2: Comparative evaluation of EM and AS metrics (higher is better). Model names with the suffix Ins denote
instruction-tuned variants. Bold values indicate the best performance in each column.

tifier formats and nested parameters. Fine-tuned
models, however, maintain high execution success,
demonstrating that BIOTOOL trains functionally
robust models that produce valid and biologically
meaningful API calls even without exact string
matches.

4.5 Case Study

Comparison of API Call and Response to an Ex-
ample User Query

User Query

Within 29:707234-757234, which variant
pairs show strong linkage in the NextGen
goat population?

BioTool-Fine-tuned Qwen3-4B API Call
get_ld_region(species=“capra_hircus”,
region=29:707234-757234",
population_name=“NextGen:All”,
d_prime=0.8)

BioTool-Fine-tuned Qwen3-4B Response

[ {"variation1”: “rs661133063”,
“variation2”: “rs668584442”, “d_prime”:
1.0 3, ... 1

Claude API Call
get_ld_region(species=“goat”,
region=“29:707234-757234”,
population_name=“NextGen”)

Claude Response

{ “error”: “Can not find internal name for
species ’goat’ ” }
Oracle API Call

get_ld_region(species=“capra_hircus”,
region=“29:707234-757234”,
population_name=“NextGen:All”, r2=0.5)

To illustrate how BIOTOOL enhances LLMs’
biomedical capabilities, we present an example
comparing the API-calling behavior and tool-
augmented answers of a BIOTOOL-fine-tuned
Qwen3-4B-Instruct model and Claude 4.5 Son-
net on a complex genomic linkage query. The
ICL-based Claude model exhibits low precision
in handling domain-specific tool usage rules, di-
rectly passing literal natural-language terms such
as “goat” and “NextGen” from the user query into
the API arguments. In contrast, the BIOTOOL-fine-
tuned model correctly maps these concepts to the
required API parameters. This example demon-
strates that BIOTOOL provides high-quality super-
vision for learning the implicit rules of biomedical
tool usage, enabling reliable natural-language-to-
tool mapping that state-of-the-art ICL-based LLMs
often fail to achieve.

5 Conclusion

In this work, we introduce BIOTOOL, a compre-
hensive biomedical tool-calling dataset comprising
7,040 human-verified query—API call pairs span-
ning 124 biomedical tools. Fine-tuning 4-billion-
parameter LLMs on BIOTOOL leads to substantial
improvements in API-calling performance, surpass-
ing state-of-the-art commercial LLMs. Further-
more, human evaluations confirm that BIOTOOL-
augmented LLMs generate more helpful, informa-
tive, and scientifically accurate answers compared
to the same base models without tool usage, shed-
ding light on the development of reliable biomedi-
cal agents in the future.



Limitations

Despite the performance gains observed with
B10TOOL, several limitations remain. Our current
framework focuses exclusively on one-hop tool
calling responses. This ignores more complex bio-
logical problems that cannot be solved with a sin-
gle API interaction and instead require multi-hop
search results or iterative reasoning across multiple
tools. Furthermore, we did not fine-tune an inde-
pendent, specialized biomedical agent. This archi-
tectural choice was necessitated by the extreme con-
text length of raw biological observations, which
frequently exceed our resource limitations even
after post-processing and summarization. Future
work should explore long-context architectures and
multi-step reasoning trajectories to better support
the most intricate clinical and research workflows.
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and sequence data, we implement a strict dedupli-
cation process by filtering out all API calls target-
ing the same unique identifier, such as a UniRef
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tool to prevent the over-representation of specific
proteins. Furthermore, we validate every execu-
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empty lists or "null" search results, thereby ensur-
ing that every retained API call contains at least
one valid, non-empty biological observation. En-
sembl requires a more nuanced dual-path approach
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complex genomic coordinates. For endpoints with
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IDs are the same. Conversely, for "rich" APIs with


https://arxiv.org/abs/2508.10925
https://arxiv.org/abs/2508.10925
https://arxiv.org/abs/2508.10925
https://api.semanticscholar.org/CorpusID:257532815
https://cdn.openai.com/pdf/2a7d98b1-57e5-4147-8d0e-683894d782ae/5p1_codex_max_card_03.pdf
https://cdn.openai.com/pdf/4173ec8d-1229-47db-96de-06d87147e07e/5_1_system_card.pdf
https://cdn.openai.com/pdf/4173ec8d-1229-47db-96de-06d87147e07e/5_1_system_card.pdf
https://cdn.openai.com/pdf/4173ec8d-1229-47db-96de-06d87147e07e/5_1_system_card.pdf
https://cdn.openai.com/pdf/2221c875-02dc-4789-800b-e7758f3722c1/o3-and-o4-mini-system-card.pdf
https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://openreview.net/forum?id=2GmDdhBdDk
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2307.16789
https://arxiv.org/abs/2412.15115
https://arxiv.org/abs/2302.04761
https://arxiv.org/abs/2302.04761
https://arxiv.org/abs/2302.04761
https://doi.org/10.1093/nar/gkw1099
https://doi.org/10.1093/nar/gkw1099
https://doi.org/10.1093/nar/gkw1099
https://api.semanticscholar.org/CorpusID:254877310
https://api.semanticscholar.org/CorpusID:254877310
https://api.semanticscholar.org/CorpusID:254877310
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2505.09388
https://doi.org/10.1093/bioinformatics/btu613
https://doi.org/10.1093/bioinformatics/btu613
https://doi.org/10.1093/bioinformatics/btu613
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685

an expansive range of possible inputs, we apply
a strategy similar to UniProt by filtering out any
samples where the combination of required param-
eters is identical to an existing entry to prevent
the model from over-fitting to specific genomic re-
gions. For NCBI, the strategy is optimized for high-
throughput tools and general metadata retrieval.
We apply specialized heuristics to the BLAST tool,
only retaining parameter combinations that involve
unique query sequences and return at least one sig-
nificant alignment hit, while removing matchless
queries that cannot support downstream scientific
reasoning. Other NCBI APIs are filtered using a
standard heuristic method that removes identical
identifier calls and verifies that the retrieved obser-
vations remain biologically informative.

B Prompts

B.1 Prompt for creating user queries

The following prompt is used to generate natural
language user queries. It requires four distinct in-
put streams: (1) the source document context, (2)
API function specifications, (3) retrieved biological
observations, and (4) in-context few-shot demon-
strations.

System Prompt

You generate realistic biomedical questions that re-
searchers naturally ask.

TASK OVERVIEW: TWO-PHASE REASONING

Phase 1 - ANALYZE: Map technical parameters to
natural language concepts (Qualitative Mapping).
Phase 2 - GENERATE: Create TWO questions (one
Broad/Implicit, one Specific/Qualitative).

PHASE 1: PARAMETER MAPPING & ABSTRAC-
TION

Do not simply list parameters. You must translate Data
into Language.

* VERBATIM (Keep Exact): Unique identifiers (gene
symbols, rsIDs, accessions), Raw sequences (FASTA
format), and Coordinates (e.g., “chr1:100-200").

¢ QUALITATIVE MAPPING (Translate Numbers/-
Codes):

o Thresholds: Map high numbers to ad-
jectives like “strong” or ‘“significant” (e.g.,
d_prime=0.8 — “strong linkage”).

o Complex Codes: Simplify technical strings
to common terms (e.g., 1000GENOMES. .. —
“1000 Genomes data”).

« IMPLICIT DEFAULTS (Selectively Omit): If
a parameter just ensures usable results (e.g.,
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format=json), OMIT it. The user implies “good
results” by asking.

PHASE 2: QUESTION GENERATION STRAT-
EGY

Your goal is Tool Bias: The question should be spe-
cific enough that this tool is the logical choice, without
naming it.

Question 1: The “Implicit” Question (Natural &
Broad). A question a biologist asks a colleague. Hide
strict parameters; assume the tool’s filters represent the
broad intent.

Question 2: The ‘“Qualitative” Question (Specific
Demand). A researcher asking for a specific quality.

Use adjectives to reflect parameter values (e.g., “strong
LD”).

RULES:

¢ Ask only one question at a time.
¢ Keep the question concise and to the point.
* Do not use parentheses for supportive information.

OUTPUT FORMAT
Return JSON only with keys: param_analysis,
observation_check, and questions.

User Prompt

GENERATE TWO NATURAL BIOMEDICAL
QUESTIONS

API DOCUMENTATION
(Understand the tool’s specific bias and domain:)
[API_DOC_TEXT]

STEP 1 - Classify parameters
PARAMS:
[PARAMS_JSON]

STEP 2 — Check observation

(Distinguish between AVAILABLE data and MISS-
ING/EMPTY data)

OBSERVATION:

[OBSERVATION_JSON]

STEP 3 — Write TWO questions

¢ Question 1: Broad intent (Natural tone, implies need
for this specific tool).

* Question 2: Specific feature (Focus on a field that
HAS data).

* MUST include these identifiers:
[IDENTIFIERS_BLOCK]

REFERENCE EXAMPLES

[FEW_SHOTS_TEXT]

Output JSON with param_analysis,

observation_check, and questions.



B.2 Prompt for informative check

The following prompt is used to evaluate whether
an observation is informative enough to answer a
specific user query. It requires (1) the natural lan-
guage user query and (2) the JSON representation
of the biological observation.

System Prompt

You are an evaluator for dataset filtering.

Goal: Decide whether the OBSERVATION is informa-
tive (useful) for answering the USER QUERY.

IMPORTANT CONTEXT: Observations are POST-
PROCESSED SUMMARIES (often partial). This is
NOT a strict completeness check.

Be concise and deterministic.

User Prompt

USER QUERY:
[USER_QUERY_TEXT]

OBSERVATION (tool output / retrieved data):
[OBSERVATION]

RUBRIC

¢ informative=true if the observation contains at least
ONE relevant, non-trivial fact that can be used to
answer part of the query without inventing details.

o Examples/partial lists still count.

o Counts/aggregates/summaries still count.

o If the query asks “which X but the observation
only gives a count or a few examples, that is
still informative=true (partial answer).

¢ informative=false ONLY when:

o Observation is an error / empty / placeholder,
OR

o Observation content is clearly unrelated to the
query intent, OR

o Observation is too vague to support even a sin-
gle concrete statement relevant to the query.

When writing the reason:

* Focus on what CAN be answered using the observa-
tion (even partially).

e If partial, put the missing parts into limitations, but
do NOT flip to false just because it’s incomplete.

* Be concise and specific (name the fields/signals you
used).

OUTPUT FORMAT

(do NOT output JSON; output exactly these lines)
INFORMATIVE: true|false
REASON: <short reason>
LIMITATIONS: <optional;
"none">

if none, write
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B.3 Prompt for generating answers

The following prompts are used to generate the
final natural language responses for the human ex-
pert evaluation. These prompts require the original
user query, the generated api call, and the corre-
sponding biological observations as input.

System Prompt (Base Model)

You are a concise, accurate biomedical assistant. An-
swer the user question as directly as possible in 2-5
sentences, using your general biomedical knowledge
and reasonable domain assumptions. Do NOT men-
tion tools, APIs, databases, internet access, or that you
cannot look things up. Do NOT tell the user how to
get the information. Answer directly. If the question
asks for record-level details you cannot know exactly,
give the best plausible answer in a natural, helpful way
without refusals or meta statements (avoid phrasing like

“I can’t”, “I don’t know”, “without risk of error”).

User Prompt (Base Model)

[USER_QUERY]

System Prompt (Tool-Augmented)

You are a concise, accurate biomedical assistant. You
are given a user question plus a tool call and its observa-
tion output. Answer in 2-6 sentences. Use the observa-
tion as primary evidence and your general knowledge.
Write the answer directly as if you already know the
facts. If the observation is insufficient, you may add
general biomedical context, but do not invent record-
level facts that should come from the observation.

User Prompt (Tool-Augmented)

User question:
[USER_QUERY]

API call (for context):
[API_CALL_JSON]

Observation (tool output):
[OBSERVATION_TEXT]

C Human Evaluation Details

This section details the manual side-by-side assess-
ment process and provides the raw preference data
used to derive the winning rates reported in Sec-
tion 4.3. A total of 700 samples were evaluated by
researchers with biological backgrounds to com-
pare the performance of tool-augmented models
against the base GPT-5.1 generator. Table 3 sum-



marizes the distribution of these outcomes, includ-
ing cases where both models performed well, or
both failed to provide a satisfactory answer.

Model Qwen3-4B Oracle
Total Samples 700 700
Model A Wins 496 (70.9%) 610 (87.1%)
Model B Wins 41 (5.9%) 8 (1.1%)
Both Bad 99 (14.1%) 31 (4.4%)
Both Good 64 (9.1%) 51 (7.3%)

Table 3: Raw human preference distribution for pair-
wise model evaluations. Model A refers to the tool-
augmented configuration (Qwen3-4B or Oracle), and
Model B refers to the base GPT-5.1 model without tool
access.

To provide a balanced comparison that accounts
for samples where neither model showed a distinct
advantage, we calculated the adjusted winning rate
reported in Figure 4 based on the logic of McNe-
mar’s test (McNemar, 1947). In this framework,
“Both Good” and “Both Bad” responses are col-
lectively treated as ties (ne = Ngood + Mpad) and
adjusted by splitting them evenly between the two
conditions. Specifically, given the raw preference
counts n, and np, the adjusted preference numbers
n,, and nj were calculated as n), = n, + %nc and
ny, = np + %nc.

D Tool and API List

The following part enumerates all tools and their
corresponding APIs used in this work, grouped by
data source.

NCBI Tools

e ESearch
o esearch
ELink

o elink
EFetch
o efetch
e Elnfo

o einfo
BLAST
o blast

UniProt Tools

e UniProtKB
o get_uniprotkb_entry
o search_uniprotkb
o stream_uniprotkb
e UniRef
o get_uniref_by_id
o get_uniref_light
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o get_uniref_members
o search_uniref
o stream_uniref
e UniParc
o get_uniparc_by_upi
o get_uniparc_databases
o get_uniparc_light
o search_uniparc
o stream_uniparc
o GeneCentric
o get_genecentric_by_accession
o get_genecentric_by_proteome_id
o search_genecentric
o stream_genecentric
e Proteomes
o get_proteome_by_upid
o search_proteomes
o stream_proteomes
e Literature citations
o get_citation_by_id
o search_literature_citations
o stream_literature_citations
o Keywords
o get_keyword_by_id
o search_keywords
o stream_keywords
¢ Human diseases
o get_disease_by_id
o search_human_diseases
o stream_human_diseases
e Subcellular locations
o get_location_by_id
o search_subcellular_locations
o stream_subcellular_locations
e Cross-referenced databases
o get_crossref_database_by_id
o search_crossref_databases
o stream_crossref_databases
e Taxonomy
o get_taxonomy_by_id
o search_taxonomy
o stream_taxonomy
o UniRule
o get_unirule_by_id
o search_unirule
o stream_unirule
o ARBA
o get_arba_by_id
o search_arba
o stream_arba
e Archive
o get_archive_id

Ensembl Tools

e Comparative Genomics
o get_alignment_region
o get_cafe_genetree_by_id
o get_cafe_genetree_by_member_id
o get_cafe_genetree_by_member_symbol
o get_genetree_by_id
o get_genetree_member_by_id
o get_genetree_member_by_symbol
o get_homology_by_id
o get_homology_by_symbol

o Cross References



o get_xrefs_by_id e Variation GA4GH
o get_xrefs_by_symbol o get_gadgh_callsets
o lookup_xref_name get_gadgh_datasets
o Information get_gadgh_features
o get_info_analysis get_gadgh_featuresets
get_info_assembly get_gadgh_references
get_info_assembly_region get_gadgh_referencesets
get_info_biotypes get_gadgh_variantannotationsets
get_info_biotypes_groups get_gadgh_variants
get_info_biotypes_name get_query_beacon
get_info_compara_methods
get_info_compara_species_sets
get_info_external_dbs
get_info_genomes
get_info_genomes_accession
get_info_genomes_assembly
get_info_genomes_division
get_info_genomes_taxonomy
get_info_species
get_info_variation_population_name
get_info_variation_populations
get_info_variation_sources
¢ Linkage Disequilibrium
o get_ld_around_variant
o get_ld_pairwise
o get_ld_region
e Lookup
o lookup_by_id
o lookup_by_symbol
e Mapping
o map_assembly
o map_cdna_to_genome
o map_cds_to_genome
o map_translation_to_genome
e Ontologies and Taxonomy
o get_ontology_ancestors
get_ontology_ancestors_chart
get_ontology_descendants
get_ontology_id
get_ontology_name
get_taxonomy_classification
get_taxonomy_id
o get_taxonomy_name
e Overlap
o overlap_by_id
o overlap_by_region
o overlap_translation
e Phenotype annotations
o get_phenotype_by_accession
o get_phenotype_by_gene
o get_phenotype_by_region
o get_phenotype_by_term
e Regulation
o get_binding_matrix
e Sequence
o get_sequence_by_id
o get_sequence_by_region
e Transcript Haplotypes
o get_transcript_haplotypes
e VEP
o vep_by_hgvs
o vep_by_id
o vep_by_region
e Variation
o get_variation
o get_variation_by_pmcid
o get_variation_by_pmid
o variant_recoder

O O 0O 0O O O O O

O 0O 0O 0O 0O O OO0 OO0 O0OO0OO0OO0OO0OOo0OOo

O O 0O 0O 0O O
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