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Abstract
Scientific research often requires constructing
high-quality datasets, yet the current workflows
remain labor-intensive, and dependent on do-
main expertise. Existing approaches automate
isolated steps such as retrieval or generation,
but lack support for the full end-to-end data col-
lection process. We present Quest2DataAgent,
a general-purpose multi-agent framework for
automating scientific data collection workflows.
Given a natural language research question, it
decomposes tasks into structured subtasks, re-
trieves relevant data using hybrid strategies,
evaluates dataset quality, and generates visu-
alizations through a conversational interface.
We demonstrate its flexibility in two domains:
EcoData for ecological research and PolyData
for polymer materials. Both systems share the
same core architecture but operate over distinct
datasets and user needs. Human evaluations
show that Quest2DataAgent significantly im-
proves data relevance, usability, and time ef-
ficiency compared to manual collection and
tool-assisted baselines. The framework is open-
source and extensible to other domains.1

1 Introduction

Recent studies have explored automated methods
to alleviate the labor-intensive and time-consuming
manual workflows typical of scientific data col-
lection (Xu et al., 2021; Chen et al., 2022; Chew,
2023; Liu et al., 2024). Tool-based approaches (Liu
et al., 2024; Schick et al., 2023; Qin et al., 2023)
leverage search engine APIs to automatically label,
and clean image data from web sources. In paral-
lel, LLM-driven frameworks (Huang et al., 2024;
Zhu et al., 2023; Wang et al., 2024b) utilize large
language models (LLMs) to support dataset design,
synthetic data generation, and automated annota-
tion. Additionally, multi-agent systems (Borgeaud

*Corresponding author: xzhang33@nd.edu
1Code is available at https://github.com/Tianyu-yang-anna/

Quest2DataAgent. A video demonstration is available at
https://youtu.be/7-XEeVpdPZk.

Figure 1: Scientific Data Collection: Labor-intensive
manual process vs. automated Quest2Data workflow.

et al., 2022; Lewis et al., 2020; Yu et al., 2023) have
been proposed for synthesizing new datasets (Sen-
gupta et al., 2024; Long et al., 2024; Arif et al.,
2024). While these methods can retrieve or gen-
erate data that match specific predefined criteria,
they typically address only a portion of the broader
end-to-end data collection workflow. In scientific
research, the full pipeline from formulating a ques-
tion to acquiring relevant data often involves mul-
tiple stages of reasoning, and iterative refinement
that go beyond data retrieval or generation alone.

As shown in Fig. 1 (left), for addressing an eco-
logical research question: “How do hurricanes af-
fect snake populations in Florida?”, scientists must
first decompose the problem into well-defined sub-
tasks and then identify and collect relevant ecologi-
cal data across multiple dimensions from diverse
sources. This workflow requires labor-intensive
efforts and relies heavily on domain expertise. Our
collaborators in domains such as biology, ecol-
ogy and material science have expressed signifi-
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cant challenges in managing this process efficiently,
highlighting a critical need for automation in scien-
tific data collection and analysis.

To address these challenges, we introduce
Quest2DataAgent, the first multi-agent system
specially designed to support end-to-end scientific
data collection workflows, from problem formula-
tion and data retrieval to evaluation and analysis, as
shown in Fig. 1 (right). This system is motivated by
the growing capabilities of LLMs to emulate expert-
level reasoning across domains (Wu et al., 2025;
Qian et al., 2024; Wang et al., 2025). Recent ad-
vances, such as OpenAI’s Deep Research (OpenAI,
2025), demonstrate that LLMs can effectively navi-
gate large-scale knowledge spaces. However, while
such systems excel in reasoning and synthesis, they
fall short when it comes to automated, grounded sci-
entific data collection. Quest2DataAgent bridges
this gap by simulating expert workflows: decom-
posing a research question into structured subtasks,
retrieving data from heterogeneous sources through
a plugin-based architecture, evaluating dataset rele-
vance using automated LLM-based evaluators, and
dynamically generating intuitive visualizations.

To demonstrate the feasibility and value of
Quest2DataAgent, we developed two system pro-
totypes tailored to ecology and materials science,
respectively named as EcoData and PolyData.

• EcoData: A demo system for ecological
data collection that supports structured queries
across 1,900 species and 172,000 recorded ob-
servations, along with environmental events
(e.g., hurricanes, wildfires) and climate vari-
ables such as temperature, and precipitation.

• PolyData: A demo system for polymer data
collection that enables fine-grained queries
based on chemical structures and functional-
ities. It supports search over 12,800 poly-
mers, including comprehensive polymer meta-
data and simulated physical properties.

These two prototype systems demonstrate
Quest2DataAgent’s capability to support complex
scientific queries across domain-specific datasets.
Notably, both prototypes are built on curated
data repositories that are fully accessible, rather
than relying on open-ended web searches or
access-controlled data sources. While such
scenarios are left for future extensions, or may
require alternative strategies for secure and
scalable access, the current systems already reduce
manual data collection workloads from several

days to just 10 minutes, highlighting the efficiency
and transformative potential of Quest2DataAgent.

Quest2DataAgent is domain-agnostic, and easily
adaptable to new scientific domains by modifying
only the user-facing interface and data plugins. The
core modules include: (1) Planner Agent: breaks
down complex questions into structured subtasks;
(2) Retriever Agent: performs hybrid retrieval via
a plugin-based architecture; (3) Data Preprocess-
ing Module: cleans, standardizes, and integrates
data; (4) Evaluation Agent: uses LLMs to assess
dataset relevance and suggest additional resources;
(5) Visualization Agent: generates tailored, exe-
cutable visualization code; (6) Conversational In-
terface: enables interactive, multi-turn data explo-
ration. Further details are presented in Section 3.

In summary, Quest2DataAgent provides a flexi-
ble, modular framework for automating end-to-end
scientific data collection. Through qualitative case
studies and human evaluations for EcoData and
PolyData, we confirm Quest2DataAgent’s effec-
tiveness in reducing manual effort while preserving
the relevance and usability of the retrieved data.

2 Related Works

LLM-based Scientific Assistants: Large language
models (LLMs) have shown significant potential in
scientific tasks such as question answering (Dasigi
et al., 2021; Lee et al., 2023; Xu et al., 2024), sum-
marization (Ding et al., 2023; Takeshita et al., 2024;
Li et al., 2023), and literature recommendation
(Zheng et al., 2024; Pinedo et al., 2024). Recent
work extends LLM usage to hypothesis generation
(Wang et al., 2024a; Si et al., 2024), experimental
design (Bran et al., 2023; Li et al., 2024; Lu et al.,
2024), and manuscript drafting (Wang et al., 2019;
August et al., 2022). However, existing systems
typically overlook dataset-centric tasks, such as
retrieval, cleaning, and visualization, essential for
data-driven research.

Quest2DataAgent addresses this gap by automat-
ing dataset retrieval, integration, evaluation, and
visualization, thereby providing end-to-end support
for complex scientific research workflows.
Scientific Data Retrieval: Retrieval-augmented
generation (RAG) enhances LLMs with external
knowledge sources (Borgeaud et al., 2022; Lewis
et al., 2020; Yu et al., 2023). Early RAG sys-
tems focused on unstructured text, but recent
work covers more modalities and domains, includ-
ing finance (Zhao et al., 2025), education (Jia
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Figure 2: Overview of the Quest2DataAgent framework.

et al., 2025), and multimodal scientific knowl-
edge (Tian et al., 2025; Han et al., 2025). Tools
like WildlifeLookup (Wang et al., 2025) and Het-
eRAG (Yang et al., 2025) enable structured or het-
erogeneous retrieval for scientific tasks.

However, most of these systems are built for
only the retrieval step, which is only a portion of
the end-to-end data collection workflow.
LLM-based Multi-Agent Systems: Recent LLM-
based multi-agent frameworks (Qin et al., 2023;
Hao et al., 2023; Guo et al., 2024) have demon-
strated strong capabilities in both complex planning
and collaborative problem-solving tasks (Chen
et al., 2024; Rasal; Qian et al., 2024; Dibia et al.,
2024; Ku et al., 2025). However, most of these
systems are not tailored to the needs of scientific
data workflows. Quest2DataAgent addresses this
gap by introducing a modular multi-agent archi-
tecture specifically designed for scientific dataset
construction.

3 The Quest2DataAgent System

As illustrated in Fig. 2, the Quest2DataAgent sys-
tem integrates multiple specialized modules that
work together to decompose tasks, retrieve multi-
modal data, assess relevance, visualize results, and
support interactive exploration.

3.1 Planner Agent

A core challenge in scientific data construction
lies in the abstract and ambiguous nature of
many research questions, which often lack ex-
plicit data requirements. These queries frequently

span multiple domains and require the integration
of heterogeneous data sources. To address this,
Quest2DataAgent introduces a Planner Agent that
simulates the reasoning process of researchers.

Given a research question, the Planner Agent
(1) identifies key semantic dimensions, such as tar-
get species, spatial scope, and temporal resolution,
and (2) decomposes the question into a set of struc-
tured subtasks. Each subtask contains a concise
title that indicates the dataset needed and a short
description of the corresponding data requirement.
This structured decomposition transforms vague re-
search queries into executable data retrieval plans,
laying the foundation for efficient and interpretable
downstream processing.

To ensure accurate task decomposition, we de-
sign a structured prompt template that clearly de-
fines the role of the Planner Agent, the expected
output format, and the overall task objective. We in-
corporate Chain-of-Thought (CoT) prompting (Wei
et al., 2022) to guide the agent through step-by-step
reasoning. The prompt includes a few carefully se-
lected in-domain examples, each illustrating how
to transform a complex research question into struc-
tured subtasks with concise titles and descriptions.
These few-shot examples enable the agent to gen-
eralize effective decomposition strategies to previ-
ously unseen queries. The full prompt is shown in
Appendix A.3.

3.2 Multi-Strategy Retriever Agent

Scientific data collection faces unique challenges:
relevant information is often dispersed across het-
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erogeneous sources, with data distributed among
structured knowledge graphs, semi-structured ta-
bles, and unstructured documents. Coverage is fre-
quently sparse or fragmented, schemas and query
patterns are diverse, and access restrictions or data
quality issues are common obstacles. These com-
plexities make it difficult to retrieve all relevant
data using a single retrieval strategy.

To address this, Quest2DataAgent adopts mul-
tiple retrieval strategies (Cypher, semantic, and
rule-based) and dynamically selects them based
on query type and data modality. Given a subtask
query q and a candidate data unit x ∈ X , where X
is the set of all retrievable data units (e.g., graph
triples, table rows, metadata entries), the system
computes a relevance score R(q, x) to surface se-
mantically aligned results. Each retrieval strategy
is tailored to the specific format of x, enabling ef-
fective handling of structured, semi-structured, and
unstructured scientific data.

Cypher Retrieval: For structured data in knowl-
edge graphs (e.g., Neo4j), LLM-generated Cypher
queries, conditioned on schema descriptions, en-
able multi-hop reasoning over entity-event-location
chains. If the result set is too small or previously
seen (based on hash), a fallback is triggered to
avoid trivial or redundant outputs.

Semantic Retrieval: For unstructured data, we
encode q and each x ∈ X into dense vectors
via a pretrained encoder, computing R(q, x) =
⟨f(q), f(x)⟩. Top-k results are retrieved, option-
ally re-ranked with metadata filters (e.g., species,
location, time). This strategy handles vague queries
and diverse schemas.

Rule-Based Retrieval: When the above fail, a rule-
based module extracts entities and constraints from
q and fills Cypher/SQL templates (e.g., “species
in Florida before 2010”), ensuring coverage under
noisy or under-specified inputs.

Together, these strategies provide robust, inter-
pretable, and flexible retrieval across structured and
unstructured sources. When no relevant data can
be retrieved due to limited coverage or access re-
strictions, a fallback module suggests external data
sources with direct links, ensuring continuity by
guiding users to alternative data pathways.

Plugin Dataset Support: To accommodate di-
verse domains, users can connect custom Neo4j
databases or upload structured text files.

3.3 Data Processing Module

Scientific data collection often poses challenges
beyond those in general datasets. For example,
polymer science faces limited and fragmented
databases, slow and costly data generation, and
high sensitivity of properties to experimental con-
ditions. Key fields such as molecular structure
or SMILES notation are frequently missing or in-
consistently formatted, requiring extensive expert
curation. Manual cleaning is tedious, error-prone,
and demands domain expertise.

To address these issues, Quest2DataAgent em-
ploys a data processing module that performs
schema normalization, noise reduction, and format
unification. The system flattens nested structures,
unpacks singleton lists, standardizes key seman-
tic fields, and removes duplicates via hash-based
comparison. Type conversion and missing value
imputation are guided by schema heuristics.

The processed output is (1) structurally aligned
for downstream evaluation, (2) compatible with au-
tomatic visualization generation, and (3) free from
trivial redundancy. This automation transforms raw,
heterogeneous data into structured and interopera-
ble datasets, reducing manual effort and preserving
critical scientific information for downstream anal-
ysis. This stage ensures robustness and scalability
across scientific domains without requiring manual
data processing.

3.4 Evaluation Agent

Assessing dataset relevance and quality is a critical
step in scientific workflows. An agent-based evalu-
ation module is thus introduced to use LLMs as an
automated judger to streamline this process.

For each retrieved and processed dataset, the
LLM is prompted with the subtask description,
schema metadata, and representative samples. It
evaluates whether the dataset satisfies the subtask’s
information need. If deemed relevant, the LLM
generates a concise summary outlining the dataset’s
content, structure, and utility. If not, it suggests al-
ternative data sources or follow-up strategies.

By automating judgment and fallback sugges-
tion, this module reduces manual screening effort,
enhances interpretability, and improves system ro-
bustness in low-coverage scenarios.

3.5 Visualization Module

We include a visualization module that enables
users to interactively explore complex scientific
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Figure 3: Interface of EcoData.

data. Placing this module in the middle of the
pipeline allows for early inspection and validation
of intermediate results. This ensures that potential
errors, noise, or irrelevant data can be identified and
corrected before proceeding further. Together with
the conversational interface (introduced next), do-
main experts can assess data quality and iteratively
refine their queries, improving overall efficiency
and result accuracy.

For each processed dataset, the system inspects
schema metadata and sampled rows, prompting
the LLM to recommend an appropriate visualiza-
tion type and generate Python-based code (e.g., via
Streamlit and pydeck). The module supports di-
verse formats such as bar charts, line plots, geospa-
tial maps, and molecular structure diagrams, de-
pending on the data characteristics.

Quest2DataAgent features a conversational inter-
face, enabling natural language interaction through-
out the data construction workflow (see Fig. 3). It is
context-aware, incorporating current subtask states
and evaluation outcomes to support multi-turn dia-
logue. Users can iteratively refine queries, request
clarifications, and explore related tasks, with con-
versation history maintained for coherence.

3.6 System Optimization

To support responsive and scalable interaction, the
system applies lightweight optimization, including
caching for repeated operations and a modular ar-
chitecture with fallback logic to ensure robustness.

4 Demos of EcoData and PolyData

To demonstrate the versatility and domain-
adaptability of Quest2DataAgent, we build two
prototype systems: EcoData (Ecology)2 and Poly-
Data (Materials Science)3. These systems share
the same backend and workflow engine but dif-
fer in domain-specific plugin datasets and user in-
terfaces. Together, they showcase the ability of
Quest2DataAgent to generalize across scientific
domains while maintaining high usability and re-
trieval effectiveness. They are implemented as web-
based systems using Streamlit, deployed on Hug-
ging Face Spaces, and open-sourced under the MIT
License. They are powered by GPT-4o (Hurst et al.,
2024) and support modular integration of other
foundation models (e.g., LLaMA (Touvron et al.,
2023), Qwen (Bai et al., 2023)) and FAISS (Douze
et al., 2024) for vector-based retrieval.

4.1 Demonstration of EcoData
EcoDatais a domain-specific demonstration of
Quest2DataAgent framework for ecological re-
search. It integrates a structured knowledge
graph containing over 172,000 species observations
(from GBIF (Global Biotic Interactions (GloBI),
2024), USGS, iNaturalist), 1,932 interspecies re-
lationships, and environmental events (e.g., hur-
ricanes, wildfires) from NOAA and KnowWhere-
Graph. Each entity is enriched with Wikidata and
IUCN (International Union for Conservation of Na-

2
https://huggingface.co/spaces/tyang4/Quest2DataAgent_EcoData

3
https://huggingface.co/spaces/tyang4/poly_retrivel
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ture, 2024) identifiers. The system incorporates
both Neo4j-based graphs and structured tabular
datasets (e.g., observation logs, climate reports).
Fig. 3 shows the interface of the EcoData demo
(more demo screenshots in Appendix Figure 7)

4.2 Demonstration of PolyData

PolyData is another domain-specific deployment
of Quest2DataAgent framework tailored for poly-
mer research. It comprises around 12,800 polymer
entries sourced from PolyInfo (Ishii et al., 2024)
and open literature, annotated with IUPAC names,
SMILES strings, and polymer classes. Roughly
4,000 entries include polymerization metadata (e.g.,
monomer names, reaction types), and 1,000 con-
tain molecular dynamics-based property data (Ishii
et al., 2024) (e.g., heat capacity, dielectric constant,
thermal conductivity). Appendix Fig. 5 shows the
interface, and a complete demonstration screenshot
is provided in Fig. 6 in the appendix. More details
are available in Appendix A.2.

5 Evaluation Settings and Results

5.1 Experimental Setup

We conduct a comprehensive evaluation on both
EcoData and PolyData to assess their effectiveness
in supporting scientific data collection workflows.
We recruited 18 domain researchers, with 9 par-
ticipants each from ecology and materials science.
This group includes 13 PhD students (72%) and 5
postdocs (28%).
Metrics: All participants complete a standardized
task, record time spent, and respond to a question-
naire consisting of 12 Likert-scale (1–5) items and
open-ended feedback forms. The 12 questions
cover the following six evaluation criteria: M1.
Task Decomposition Accuracy: Whether the sys-
tem generates appropriate sub-questions, M2. Data
Relevance and Coverage: Usefulness and com-
pleteness of retrieved datasets, M3. Evaluation
and Recommendation: Effectiveness of automated
dataset evaluation and external resource suggestion,
M4. Cleaning and Visualization Quality: Clarity of
structured output and informativeness of generated
charts, M5. User Experience: Ease of use, respon-
siveness, and satisfaction, M6. Time Efficiency:
Task completion time.
Baselines: As there is currently no existing system
that supports end-to-end scientific data collection,
we compare our framework against two representa-
tive baseline methods, and Table 1 summarizes the

Capability Manual Tool-assisted Ours

Task Planning ✗ ✓ ✓
Retrieval ✗ ✗ ✓
Evaluation ✗ Partial ✓
External Suggestion ✗ Partial ✓
Preprocessing ✗ ✗ ✓
Visualization ✗ ✗ ✓
Dialogue Interface ✗ ✓ ✓
End-to-End Workflow ✗ ✗ ✓

Table 1: Comparison of capabilities across baseline
methods and Quest2DataAgent.

key capabilities across all approaches.
1. Manual workflow: Researchers manually break
down the research question, search for datasets
across multiple platforms, clean the data in spread-
sheets, and create visualizations.
2. Tool-assisted: Participants use tools like LLMs
or domain-specific platforms to assist with dataset
search. However, they still manually assess rele-
vance, clean data, and generate visualizations.

5.2 Results
Quantitative Results and Analysis: As shown
in Figure 4, our system consistently achieves higher
scores than both baselines across all aspects.

On PolyData, Quest2DataAgent obtains the high-
est ratings in nearly every aspect. It performs es-
pecially well in task decomposition, achieving an
average score of 4.87 compared to 3.17 for Base-
line 1 (manual workflow) and 4.36 for Baseline 2
(tool-assisted). It also shows statistically signifi-
cant improvements in dataset retrieval, recommen-
dation, preprocessing clarity, and user interaction.
In particular, its user interaction score is more than
three points higher than that of Baseline 1, indicat-
ing a much smoother and more intuitive experience.
Perceived efficiency is also rated highly by users.

On EcoData, the system maintains strong perfor-
mance. It achieves the highest score in evaluation
and recommendation, scoring 4.47 compared to
2.54 for Baseline 1 and 3.79 for Baseline 2. It
also receives consistently higher ratings in prepro-
cessing and user interaction. Although the rela-
tive improvements are smaller than those observed
on PolyData, Quest2DataAgent remains the top-
performing system across all dimensions.

User Feedback Analysis: In addition to quanti-
tative results, we collected user feedback compar-
ing the Manual Workflow, Tool-Assisted Workflow,
and Quest2DataAgent. Participants consistently
praised Quest2DataAgent for its ability to decom-
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Figure 4: Quantitative human evaluation results on Poly-
Data (top) and EcoData (bottom) with Baseline 1: man-
ual workflow and Baseline 2: tool-assisted workflow.
Bars show mean scores ± standard deviation. Asterisks
denote significance based on two-sided paired t-tests
(p < 0.05: *, p < 0.01: **, p < 0.001: ***).

pose complex questions, retrieve relevant datasets,
and present intuitive visualizations. Users noted
that it “quickly helped obtain and filter datasets”
and “enabled efficient screening,” particularly ben-
efiting those unfamiliar with domain-specific data
collection.

In contrast, manual workflows were described as
time-consuming and fragmented, requiring domain
expertise and repetitive integration across plat-
forms. Tool-assisted workflows helped with dataset
suggestions but still required iterative prompting,
manual filtering, and source verification. Users
also raised concerns about hallucinations and lack
of transparency.

Overall, the feedback highlights that
Quest2DataAgent offers a more streamlined
and guided experience, significantly reducing user
effort while improving clarity and efficiency.

Statistical Significance: Paired two-sided t-tests
confirm that the observed improvements are statis-

Method EcoData Time (min) PolyData Time (min)

Ours 13.06 7.38
Baseline 1 488.00 (~8.1h) 6330.00 (~105.5h)
Baseline 2 49.80 1724.58 (~28.7h)

Table 2: Average time spent to complete tasks under
different methods in Eco and Poly domains.

tically significant in multiple aspects, particularly
task decomposition, recommendation, visualiza-
tion clarity, and user interaction. These results
demonstrate the system’s effectiveness in improv-
ing usability and reducing manual effort.

Time Efficiency: We compare the time
required for scientific data collection using
Quest2DataAgent, manual workflows, and
tool-assisted methods. As shown in Table 2,
Quest2DataAgent substantially reduces time
cost in both domains. In EcoData, our system
averages 13.06 minutes, compared to 488 minutes
for manual and 49.8 minutes for tool-assisted
workflows. In PolyData, Quest2DataAgent aver-
ages 7.38 minutes, while Baseline 1 and Baseline
2 require 105.5 and 28.7 hours, respectively.
These results demonstrate that Quest2DataAgent
greatly improves time efficiency, reducing re-
searcher workload by orders of magnitude without
compromising data quality or task completeness.

6 Conclusion

We present Quest2DataAgent, a modular multi-
agent framework for automating end-to-end scien-
tific data collection. By integrating task decom-
position, hybrid retrieval, evaluation, and visual-
ization, it significantly reduces manual effort in
dataset construction. We demonstrate its versatility
through two domain-specific instances: EcoData
for ecology and PolyData for materials science.
Both share a common framework but operate on
domain-adapted datasets and interfaces. Human
evaluations confirm its effectiveness in improving
data quality, usability, and efficiency.

Acknowledgement

This work is supported by the National Science
Foundation (No: 2333795).

506



Broader Impact

Quest2DataAgent lowers the barrier to scientific
data collection by enabling users to generate high-
quality datasets from natural language queries. It
supports researchers with limited technical exper-
tise and promotes wider access to data-driven re-
search. We demonstrate its applicability in two
domains: ecology (EcoData) and materials science
(PolyData). These demonstrations highlight the
framework’s flexibility and potential for broader
scientific use.

While the system improves efficiency, it may
lead to overreliance on automated outputs. To ad-
dress this, we provide transparent workflows and
encourage human oversight. Quest2DataAgent
contributes to more accessible, reproducible, and
efficient scientific research.

Looking ahead, we plan to incorporate dynamic
tool use and Web API integration, enabling agents
to autonomously access external sources and better
adapt to evolving data availability.
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A Appendix

A.1 System Interface
We show the interface of PolyData in Fig. 5, and
provide screenshots of both PolyData and EcoData
in Fig. 6 and Fig. 7.

A.2 PolyData demo
Fig. 5 shows the interface of the PolyData demo
(more demo screenshots in Appendix Figure 6).
The workflow begins when the user submits a re-
search question (e.g., “What functional groups are
common in high-Tg polymers?”). The system con-
firms the query, initiates automated analysis, and
then decomposes the question into structured data
needs, such as polymer structures, functional group
annotations, and experimentally measured glass
transition temperatures (Tg), each accompanied
by a concise description. For each need, relevant
datasets are retrieved from PolyData, evaluated for
coverage and relevance, and presented in tabular
form, with external links provided when necessary.
Finally, the platform generates tailored visualiza-
tions, including SMILES-based dataset previews
and chemical visualizations, to help users quickly
identify functional group patterns and gain insights
into polymer properties.
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Figure 5: Interface of PolyData, an interactive web platform for polymer data exploration. In the main workspace,
users input polymer-related questions to receive structured data decompositions, SMILES-based dataset previews,
and chemical visualizations. The left panel enables interactive conversation, while the right panel presents retrieved
data, metadata, and molecular structure diagrams.

A.3 Prompt Templates
We incorporate Chain-of-Thought (CoT) (Wei
et al., 2022) prompting in our design. We present
the full prompt templates for each agent module
below.
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Figure 6: Screenshot of PolyData
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Figure 7: Screenshot of EcoData
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Planner Agent Prompt Template

Role: Research-data planning assistant
Task: List the separate datasets a researcher must collect to answer the research question below.
Each dataset should focus on one clearly defined entity or phenomenon (e.g., “Tracks of hurricanes
affecting Florida since 1950,” “Geo-tagged snake observations in Florida 2000–present”).
Output Format:

• Write 1–6 blocks. For each block, use both lines exactly:
• Dataset Need X: <Concise title, ≤10 words>

• Description: <Why this data matters – 1 short sentence>

• Do NOT add extra lines or markdown.
• Keep variable names short; no code blocks; no quotes.

Research Question: {question}

Retriever Agent Prompt
Role: Cypher query generator for a Neo4j biodiversity database
Node Types and Properties:

• Observation: animal_name, date, latitude, longitude
• Species: name, species_full_name
• Site: name
• County: name
• State: name
• Hurricane: name
• Policy: title, description
• ClimateEvent: event_type, date
• TemperatureReading: value, date, location
• Precipitation: amount, date, location

Relationship Types:
• (Observation)-[:OBSERVED_IN]->(Site)

• (Observation)-[:OBSERVED_ORGANISM]->(Species)

• (Site)-[:BELONGS_TO]->(County)

• (Observation)-[:IN_COUNTY]->(County)

• (County)-[:IN_STATE]->(State)

• (Species)-[:interactsWith]->(Species)

• (Species)-[:preysOn]->(Species)

Instructions:
• Generate a precise and efficient Cypher query for the subtask: {subtask}
• Do NOT return all nodes of a type unless explicitly requested.
• Use location filters (IN_COUNTY, IN_STATE, BELONGS_TO) if mentioned or implied.
• For taxonomic/common groups, filter with CONTAINS/STARTS WITH on Species.name or species_full_name with
toLower(...).

• Filter by date if a time range is included.
• Prefer DISTINCT to avoid redundant results.
• Return only fields needed for the subtask.

Return a JSON object with:
• "intent": description of query purpose
• "cypher_query": the Cypher query
• "fields": e.g., ["species","county","date"]
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Dataset Evaluation Agent Prompt Template

Role: Data-validation assistant

===== TASK =====
Subtask: {subtask}

===== DATASET PREVIEW =====
• Schema (first {len(selected_cols)} columns): {json.dumps(column_info, indent=2)}

• Sample rows (max 3): {json.dumps(sample_rows, indent=2)}

===== OUTPUT INSTRUCTIONS (follow strictly) =====
A Relevant:

– Write exactly two sentences, each no more than 30 words.
– Summarize what the dataset contains and why it helps the subtask.
– Do not mention column names or list individual rows.

B Not relevant:
– Write one or two sentences (max 30 words each) describing only what the dataset contains.
– Do not mention the subtask, relevance, suitability, limitations, or missing information.
– After the sentences, output:
Additionally, here are some external resources you might find helpful:

– Format output in markdown as: - [Name of Source](URL)

– List 2–3 bullet points, each on its own line, starting with - and a URL likely to contain
the needed data.

– No additional commentary.

General rules: Plain text only—no code fences. Markdown link syntax ([text](url)) is allowed.

External Resource Recommender Prompt Template

Role: External resource recommender

Please recommend 3 reliable and relevant online datasets or websites that can help with the
following subtask: {subtask}

Format your output in markdown as:
• - [Name of Source](URL)

• - [Name of Source](URL)

• - [Name of Source](URL)
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