Toward Cost-Efficient Metadata Curation in
Agricultural Genomics with LLMs

Yi Liu!, Matthew L Spangler?, Jennifer Clarke®*, Hongfeng Yu'»®
L Holland Computing Center, University of Nebraska-Lincoln, Lincoln, NE, USA
2 Department of Animal Science, University of Nebraska-Lincoln, Lincoln, NE, USA
3 Department of Food Science and Technology, University of Nebraska-Lincoln, Lincoln, NE, USA
4 Department of Statistics, University of Nebraska-Lincoln, Lincoln, NE, USA
5 School of Computing, University of Nebraska-Lincoln, Lincoln, NE, USA

Abstract—The rapid growth of DNA sequencing and geno-
typing technologies has produced an unprecedented volume
of genomics data in agricultural research and industry set-
tings. While the FAIR (Findable, Accessible, Interoperable, and
Reusable) principles have guided the development of public
repositories such as USDA’s Ag Data Commons and the National
Center for Biotechnology Information (NCBI), the curation of
lab-specific data into database-aligned formats remains labor-
intensive, error-prone, and difficult to scale. The online, cloud-
based public large language models (LLMs) raise concerns over
data confidentiality, while locally deployable LLMs often lack the
capacity to handle complex curation tasks. We present a locally
deployable Al framework that automates metadata curation in
agricultural genomics by integrating a transformer-based schema
mapping model with an LLM-driven instruction interpreter. The
system balances data confidentiality and reasoning capability,
achieving over 80% mapping accuracy while supporting con-
versational, user-guided refinement. This demonstrates a scal-
able pathway for secure and efficient metadata standardization
aligned with FAIR principles.

Index Terms—data curation, metadata, agricultural data,
FAIR data principles, large language models

I. INTRODUCTION

The advancement in DNA sequencing and genotyping tech-
nologies has created an unprecedented volume of genomics
data in agricultural production and research activities. How-
ever, because these datasets are collected under diverse ex-
perimental protocols and naming conventions, their metadata
often lack standardization, thereby hindering data sharing,
integration, and long-term reuse. This fragmentation demands
mechanisms that can automatically harmonize heterogeneous
metadata structures across research groups while preserving
contextual accuracy and domain semantics.

To address the challenge and harness this wealth of data,
the Findable, Accessible, Interoperable, and Reusable (FAIR)
principle [1] has been introduced for modern scientific data
management and stewardship, enabling actionability by both
humans and machines. In alignment with this principle, public
databases such as USDA’s Ag Data Commons [2] have been
established to support dataset discovery, access, and reuse for
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USDA-funded agricultural research. Similarly, the National
Center for Biotechnology Information (NCBI) [3], originally
established to serve biomedical and molecular biology disci-
plines, has expanded its support and tools to host genomics
data from agriculturally relevant species.

Despite these advancements, FAIR-compliant repositories
rely on standardized metadata formats, which can differ
significantly from the diverse structures found in laboratory
data collections. This mismatch introduces a major bottleneck
in making lab data interoperable and reusable. Translating
lab-specific data into FAIR-compliant formats often requires
significant domain expertise, repetitive manual mapping, and
continual adaptation to evolving schemas, making it a persis-
tent challenge in the data curation process. Researchers often
spend considerable time converting metadata tables by hand
or writing ad hoc scripts to match repository templates. These
manual workflows are difficult to scale, prone to errors, and
unsustainable given the increasing pace and diversity of data
generation in agricultural genomics.

The recent advancement in artificial intelligence (AI) can
support the construction of an automated curation process
that transforms group- or lab-specific data collections into for-
mats compatible with FAIR-enabled repositories (e.g., NCBI).
Specifically, large language models (LLMs) can interpret natu-
ral language instructions and translate them into computational
actions. This conversational interaction allows users without
computational expertise to construct, adjust, and validate cu-
ration plans through natural language dialogue, reducing the
technical burden of data preparation. The finalized plan can
be then used to automatically generate scripts that execute the
metadata conversion.

However, there are two main challenges when applying
LLMs. First, the use of public, cloud-based LLMs raises con-
cerns about data security and privacy [4]-[6]. Due to effects
such as memorization, user-provided data could inadvertently
be exposed. This creates vulnerabilities that may leak informa-
tion and compromise confidentiality. Second, the use of private
LLMs could be limited by the availability of computational
resources. High-parameter models deliver stronger reasoning
performance but demand excessive computational resources,
making them impractical for individual labs to host. On the
other hand, the budget-friendly, smaller LLM models often



may not be able to generate complete curation plans due to
a lack of multi-step reasoning ability required for accurate
metadata curation and schema conversion. We aim to balance
these extremes by leveraging lightweight, locally deploy-
able LLMs in combination with specialized schema mapping
models, thereby maintaining data confidentiality while still
achieving the level of reasoning required for accurate metadata
conversion.

In this work, we propose a locally deployable, interactive
framework that integrates schema mapping models with LLMs
to automate metadata conversion while incorporating feedback
from users, such as data curation experts and domain-specific
researchers. The proposed framework is designed to address
the above two challenges. We integrate a lightweight LLM
with a transformer-based schema mapping approach. Thus, it
can be deployed locally to preserve data confidentiality while
reducing the computational resource requirements. Specifi-
cally, the framework combines two major Al components :
(1) a schema mapping model that predicts initial conversion
plans between lab-specific tables and the target data format,
and (2) an LLM-based natural language instruction interpreter
that translates user feedback into actionable adjustments to
the conversion plan. By combining a web interface, these
components provide an interactive, conversation-based data
curation framework.

The contributions of this work are threefold:

o We introduce a framework that integrates a transformer-
based schema mapping model with an LLM-based natural
language instruction interpreter, enabling both automated
prediction of conversion plans and researcher-guided re-
finement.

o We demonstrate that this integration allows the use of
lightweight, locally deployable LLMs, which preserve
data confidentiality and reduce computational demands
while maintaining the reasoning capability required for
metadata curation.

o We design and prototype a web-based interactive in-
terface that connects these components, providing re-
searchers with a conversation-driven environment for
curating lab-specific data into repository-ready formats.

Together, these contributions demonstrate a practical pathway
toward Al-assisted, scalable, secure, and user-centered data
format curation in agricultural genomics.

II. BACKGROUND

Since the foundational breakthrough of the transformer
architecture [7], self-attention mechanisms enable efficient
modeling of long-range dependencies without recurrence or
convolution in natural language processing. Based on this
architecture, BERT (Bidirectional Encoder Representations
from Transformers) [8] adopts the encoder-only structure of
the transformer architecture to learn contextual representations
of texts. Thus, BERT is effective for language understanding
tasks such as text classification, named entity recognition,
and question answering. LLMs also extend the transformer
architecture. They, on the other hand, are trained to predict

the next token in a sequence for text generation, reasoning,
and few-shot learning. LLMs provide generative capabilities
at a higher computational cost, such as content creation and
zero-shot task performance.

Recent advancements in LLMs (e.g., GPT, Llama, and
Claude) show their capacities to interpret natural language
instructions and perform reasoning, fostering opportunities to
reduce technical barriers in research activities [9]. LLMs have
been investigated to assist in research tasks such as code
generation, data analysis, and workflow design. For example,
LLMs are explored for workflow planning and conversational
assistance from natural language descriptions.

A. LLMs for Generating Scientific Workflows from Natural
Language

One emerging application is utilizing LLMs to help re-
searchers specify and build their scientific workflows via con-
versational human-machine interactions with natural language.
Conventionally, workflow systems require users to learn syntax
and certain programming skills to build tools (e.g., PhyloFlow
[10], Common Workflow Language [11], and Toil [12]). LLMs
potentially have the capabilities to translate natural language
descriptions into machine-executable workflows. For example,
Xu et al. [13] proposed a LLM-based automated workflow
model generation tool, named LLM4Workflow. Their work
leverages the abilities of LLMs in contextual learning to trans-
late user-provided textual workflow descriptions into context-
aware and executable workflow models.

In addition, LLMs are able to improve the scientific work-
flow thanks to their capacity for contextual understanding. Lin
et al. [14] introduce a LLM-driven framework for chemical
experimentation. Their work can interpret natural language
instructions to generate executable code. The code is validated
using a modular action library. Then, by integrating real-time
environmental data, the robotic arm performs the experimenta-
tion code. Their approach shifts chemists’ focus from routine
procedures to creative, hypothesis-driven research.

Further, human-machine interactive systems have been in-
vestigated to enhance the capabilities of LLMs, inspiring
researchers to design more effective and efficient scientific
workflows. Craig [15] introduces a human-LLM note-taking
system. This system embeds users as participants, allowing the
user to inspect, revise, and adapt the system’s processes and
solutions. It promotes creative problem-solving by combining
human expertise with Al reasoning in a shared, transparent
workspace for effective and efficient scientific workflows.

Overall, the recent work shows proof-of-concept success
in using LLMs to translate natural language instructions into
pipeline steps. However, LLM-generated workflows do need
verification and refinement since LLMs can be prone to errors
or omissions because of hallucinations [16].

B. LLM Applications for Conversational Al

Another fold of LLM applications has developed conversa-
tional assistants to support researchers across data-intensive
and academic tasks [17], [18]. LLM-based conversational



Al improves efficiency in fields that rely heavily on natural
language communication. For example, Zedeh and Sattler
[19] propose platforms to generate personalized narratives for
vulnerable patients (e.g., the elderly, palliative care recipients,
and multilingual communities) in community-based health
surveys using conversational Al. Their platform utilizes LLM
analysis of survey data to enhance patient engagement and
deliver customized guidance. Rahman and Islam [20] explore
improving knowledge management using ChatGPT (a chatbot
based on LLMs) in university libraries. Their results show that
ChatGPT enhances information retrieval and user engagement
via an intuitive conversational interface.

Moreover, conversational Al could allow researchers to
focus on more impactful analytical and creative work. For
example, Chen, Cao, and Madden [21] introduce a generic
LLM-centric framework, named Lingua Manga, to assist in
creating data curation solutions using cloud-based services
such as ChatGPT. The framework embeds LLMs to interpret
user needs and generate executable code for data imputation
pipelines and database connectivity (e.g., SQL-based systems).
The conversational interface allows users to construct data cu-
ration workflows through natural language interactions, while
simultaneously exposing programming interfaces that sup-
port direct intervention by technical users. Therefore, Lingua
Manga provides flexible interaction for both technical and non-
technical users.

In summary, conversational Al empowered by LLMs shows
strong potential to bridge technical barriers related to pro-
gramming, workflow creation, and execution. However, the
cloud-based LLM raises data security concerns, such as ethical
considerations in agricultural genomics [22].

III. FRAMEWORK DESIGN

Motivated by the recent advancement in LLMs and con-
versational Al, we are inspired to propose an interactive
framework to automate metadata conversion. The design in-
tegrates a schema matching module, an LLM module, and
a conversion module with a web interface to assist users in
creating, inspecting, and executing the metadata conversion
plan. The framework is locally deployable to ensure data
privacy. In addition, we modularize the framework to allow the
user to choose the model sizes based on their computational
resource limitations.

A. Overview

The framework design is illustrated in Fig. 1. Based on
a lab-specific dataset and a target dataset sample provided
by users, the framework first attempts to generate an initial
metadata conversion plan using the schema mapping module.
The generated plan is displayed on the web interface for
users to inspect. A user can provide corrections or additional
instructions through chat on the web interface. The LLM
module, then, parses the user comments to adjust instructions
to modify the conversion plan. The framework allows users
to iteratively modify the conversion plan through chat until
the desired plan is achieved. Once the conversion is ready, the

conversion module will assist users in preparing the conversion
script. The user can choose to download the conversion script
and/or directly convert their data table via the web interface.

B. Schema Mapping Module

The schema mapping module is a machine learning strategy
using the transformer model to predict metadata conversion
plans based on given source table and target table samples.
The module uses a zero-shot retrieval strategy that does not
need labeled training data. Specifically, the module computes
three similarity signals between each source metadata item and
the candidate target metadata item.

Three considered signals are:

o Lexical similarity is computed using Levenshtein dis-
tance between column headers from the source (s) and
target (¢) tables: lex(s,t). This captures character-level
correspondence, accounting for insertions, deletions, and
substitutions. This is effective for identifying minor vari-
ations in spelling or typographical inconsistencies.

o Semantic similarity is derived from contextual em-
beddings generated by transformer-based encoders (e.g.,
BERT). For each pair of column headers, embeddings are
computed and compared using cosine similarity:

cos(es, er) = Gt (1)
llesllexll
where e is the embedding from the source table, e, is the
embedding from the target table. This provides a measure
of conceptual relatedness that is robust to synonyms and
paraphrases beyond surface-level matching.

« Structural similarity indicates the data type of sample
cell values within each column (e.g., numeric, date,
categorical string, or percentage). This signal is a binary
indicator that returns 1 if the dominant data type of the
source (s) and target (¢) matches (e.g., both numeric, date,
or categorical) and O otherwise.

0, if type s #t,

struct(s, t) = 1 i type s = ¢

2

This signal helps identify structural consistency, partic-
ularly in cases where headers are ambiguous or under-
specified.

Based on the signals, the module computes a composite
score. Each signal is normalized and aggregated into a com-
posite score defined as:

score(s,t) = wy - lex(s,t) + wa - cos(es, ;) + ws - struct(s, t)
3)
where s and t stands for each source-to-target pair, e, and
e; are their embeddings, and w;, ws, w3 are tunable weights.
Our preliminary grid search shows a relatively balanced per-
formance when semantic and structural signals are favored
(ie., w1 = 0.2, wy = 0.4, wg = 0.3).
Further, the module ranks source-to-target pairs for each
source item. The module outputs the list of the highest-ranking
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Fig. 1. Overview of the framework.

correspondence for each source item, with its composite score
as the candidate mapping plan.

In addition, users can select the transformer-based encoders,
ranging from compact BERT variants to larger contextual
models, in the semantic similarity based on their available
computational resources. This allows the flexibility to balance
efficiency and semantic signal precision.

C. LLM Module

The LLM module is a natural-language instruction inter-
preter implemented using a local LLM service based on
Ollama [23]. This module translates user comments into struc-
tured, machine-readable modifications to the conversion plan.
Fig. 2 presents the pipeline for translating user comments into
structured action, which are validated and applied to update
the conversion plan. This module enables iterative human
refinement through conversational interaction.

When a user reviews the predicted mappings, they can
provide descriptive comments such as “map source item A
to target B” or “remove the mapping of source item C.” The
LLM first parses natural-language input into a JSON-formatted
action object. Each action object encodes a specific modifica-
tion (e.g., map_source_to_target, unmap, Or rename_source)
with the associated target and source attributes.

To ensure reliability and prevent unintended modifications,
the generated JSON object is validated against a predefined list
of allowed action formats. Only actions that match the format
in the list are allowed to be executed by the module. This is a
safeguard to mitigate the risk of illegal modifications, which
can arise from the generative variability of LLM outputs. If
an invalid modification is identified, the system will inform
the user to resubmit the comment in the chat (e.g., the second

TMA chat record shown in Fig. 3. It preserves the stability
of the conversion plan while still leveraging the flexibility of
natural-language input.

Once validated, the parsed JSON-formatted action object is
executed to adjust the conversion plan. The revised plan is
updated and displayed to the user through the web interface,
allowing continuous inspection and iterative refinement.

This module allows users to choose a range of LLMs
from Ollama’s library based on their available computational
resources. Similar to the flexible option in model selection of
the semantic similarity in the schema mapping module, this
allows users to balance efficiency and performance.

D. Conversion Module

The conversion module is responsible for transforming
the validated conversion plan into an executable metadata
conversion script that performs the actual format integration
between the source and target tables. With the user-confirmed
conversion plan displayed on the web interface, this module
provides two options for the user. The user may download the
generated script (e.g., Python script) for local execution within
their own data pipelines, or they can execute the conversion
directly within the web interface. This module completes
the end-to-end workflow from schema prediction to metadata
conversion. By coupling automated script generation with
secure local execution, the conversion module ensures that
metadata conversion can be generated efficiently, reproducibly,
and without compromising data confidentiality.

E. Web Interface

The web interface is the interactive front end of the frame-
work, connecting the user with the underlying modules. It is
designed to provide a transparent and conversational workflow
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for the user to visualize, validate, and refine the conversion
plan in real-time. Fig. 3 illustrates the layout of the interface.

The interface is divided into four primary functional panels:
Chat History, Chat Conversation, Current Mapping Plan, and
Conversion Controls.

1y

2)

3)

Chat History Panel (left column)

This panel maintains records of previous conversion
tasks. Each entry record shows the project name (e.g.,
SRA metadata shotgun and Metagenome Env 1.0).
This feature supports users in revisiting prior work
and reloading the corresponding conversion plans and
conversion scripts.

Chat Conversation Panel (center column)

The conversation panel implements a chat-based inter-
action between the user and the LLM module (Table
Mapping Assistant or TMA). The user provides natural-
language comments in the lower input box, such as “map
Library Preparation_alt to library_selection” or “drop
the mapping of Library Preparation”. The LLM module
will respond to the user comment. Any action that is
interpreted as invalid will trigger error messages that
guide the user to reformat their comments. This panel
provides the interface for users to iteratively revise the
conversion plan without programming knowledge.
Current Mapping Plan Panel (right column)

The mapping panel displays the current state of the con-
version plan. It lists all detected source and target col-
umn pairs along with their composite similarity scores.

4)

This panel provides real-time visualization of the current
conversion plan. This panel also provides the starting
point for users. To begin with a new project, users can
type the project name and upload sample source and
target CSV files to trigger the schema mapping module
to generate the initial conversion plan. This panel will
display the plan once the generation is finished, and
enable the chat conversation panel for users to inspect
the plan.

Conversion Controls Panel (lower left column)

After the mapping plan is finalized, users can access
the Conversion Module through the two buttons here:
(1) Download Script, which generates a Python-based
conversion script for local execution; and (ii) Convert
a given CSV file, which allows direct conversion of
uploaded files through the web interface. Both options
are based on the current conversion plan. Note that
data confidentiality is maintained if the web interface
is deployed locally for direct file conversion.

This web interface design integrates all framework func-
tionalities shown in Fig. 1 into an intuitive and effortless
workflow. The interface focuses on transparency, repro-
ducibility, and accessibility, enabling researchers without
programming experience to build metadata conversion
to convert from a lab-specified data table to a FAIR-
compliant data table (e.g., NCBI) via a guided, interac-
tive process.
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IV. FRAMEWORK DEMONSTRATION AND ASSESSMENT
A. Experimental Environment

We implemented our framework on a local PC and tested
deployment on a high-performance computing cluster (HCC
[24]) to ensure that the proposed framework could be deployed
and benefit from the flexibility of choosing different models
in the schema mapping and LLM modules in both low and
high computational resource environments.

We also assessed the initial conversion plan prediction
generated by the schema mapping module. The experiments
used an NCBI-compliant sample table with 32 columns as the
target sample table. To evaluate the schema mapping module
under conditions that simulate real-world heterogeneity, we
generated three variant sets of the table header names:

« an abbreviation-based set,

e a camel-case set, and

 a proper-case/rephrased set.

From these variants, we constructed two types of evaluation
data. Table I demonstrates examples of generated variants in
the three sets.

e 15 sub-tables were created by sampling mixed header
styles from the variant sets to represent heterogeneous
mixtures.

o 3 full variant tables were created by assigning each of
the 32 columns to the same transformation strategy.

The 15 sub-tables were used to evaluate the performance of
the initial plan prediction generated by the schema mapping
module. The three full variant tables assess sensitivity to
different variant generation methods.

B. Workflow Demonstration

The conversational interactions captured in the screenshot
(Fig. 3) highlight how the user can iteratively revise the
predicted conversion plan. In this section, we describe a typical
workflow when using the web interface:

1) Starting a new project: The user starts by typing
the project name and uploading sample tables in the
”Current Mapping Plan” panel. The user first types the
name of the project in "Mapping Title”. Then, the user
uploads a small sample of their lab-specific (source)
table and a sample of the target table. The “Upload and
Process” button triggers the schema mapping module,
which predicts candidate mappings and displays them
in the mapping plan table.

2) Review the conversion plan: The table lists each pre-
dicted source—target column pair alongside its composite
score. High scores indicate strong confidence in the
match, while low scores suggest uncertain matches. This
display allows users to quickly identify potential errors
or ambiguous mappings. Our observations suggest that:

(0.8,1]  if s matches ¢,
score(s,t) = < (0.6,0.8] if s ambiguously matches ¢,
[0, 0.6] if s likely not match ¢.

“4)

3) Revise the plan: Using the chat box, the user can
type natural-language comments to instruct the LLM
module to modify the plan. The LLM interprets these
comments, converts them into a structured JSON action,
and validates them against a list of allowable operations.
Valid actions are executed on the current plan, and the
updated mapping table is updated and displayed in real-
time. Any unrecognized actions trigger an error message,
prompting the user to reformat their request.

4) Generate conversion scripts or convert data: Once
satisfied with the conversion plan, the user can choose to
download a Python conversion script using the ”Down-
load Script” button, or directly convert their full table
via the ”Convert CSV” upload box and the ”Convert”
button. The script consists of the code to execute the
conversion and the instructions to use the script on the
command line.

C. Conversion Plan Prediction Assessment

To assess the effectiveness of the initial prediction of
the schema mapping module, we compared its performance
on the 15 sub-tables and the three full variant tables. For
each sub-table, we calculated the proportion of predicted
mappings that correctly matched the target table. Across
the 15 sub-tables (Fig. 4, accuracy ranged from 70.00% to
90.00%, with an average of 81.40% and a standard deviation
of 0.0714. We observed that the sub-tables where lexical
or semantic cues were preserved achieved higher accuracy,
while abbreviation-heavy variants exhibited a relatively lower
performance. These results demonstrate that the framework
maintains consistent performance across heterogeneous header
mixes but degrades when headers are shortened to the point
of lexical ambiguity.

The full variant tables assess the sensitivity of the schema
mapping module to different variant generation methods.
Fig. 5 shows the accuracy distribution across the results of
the three full variant tables, with an average of 85.42%
and a standard deviation of 0.1301. Abbreviation-based vari-
ants achieved only 75.00% accuracy, camel-case variants
reached 100.00% accuracy, and proper-case/rephrased variants
achieved 81.25%. This verifies our observation in the 15 sub-
tables assessment. The reduction in performance for abbre-
viations is likely due to excessive lexical shortening, which
causes significant loss in both lexical and semantic signals.
The camel-case variants retain lexical cues and therefore map
easily, while rephrased headers map correctly but yield lower
composite scores because of reduced lexical overlap despite
semantic correspondence.

The assessment findings show that the capability of the
schema mapping approach with the zero-shot strategy could
predict an effective initial conversion plan. The average accu-
racy was above 80% across heterogeneous sub-tables. This
allows the user to spend less time on iterative revision of
the plan. In other words, the efficiency is enhanced. But the
approach remains challenged by highly abbreviated variants



TABLE I
EXAMPLES OF GENERATED VARIANTS.

Original Name Variant Set 1

Variant Set 2

Variant Set 3

bioproject_accession  bio_acc bioprojectAccession  Bioproject Accession
isolation_source iso_sou isolationSource Isolation Source
samp_mat_process sam_mat_pro  sampMatProcess Samp Mat Process
source_material_id sou_mat_id sourceMaterialld Source Material Identifier
library_source lib_sou librarySource Library Preparation
platform pla platform Sequencing Platform
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Fig. 4. The distribution of accuracy across the 15 sub-tables.
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Fig. 5. The distribution of accuracy across the three full variant tables.

when the shortening starts to show loss in lexical and semantic
cues.

V. CONCLUSION AND FUTURE WORK

This work presented an interactive framework that auto-
mates metadata conversion for agricultural genomics. The
demonstration and assessment present that the proposed frame-
work can generate initial metadata conversion plans with
an average accuracy exceeding 80% across heterogeneous
sub-tables. Then, using the conversational interface and LLM,
the proposed framework allows the user to iteratively revise
the plan with natural language comments. The demonstration
showed that users could inspect predicted mappings, correct

ambiguities, and export executable conversion scripts. Since
the framework can be deployed into a local environment or
a controlled environment, the conversion does not disclose
data to external services. These capabilities address two cen-
tral challenges in agricultural genomics curation: reducing
the labor required to align lab-specific data formats with
FAIR-compliant standards and preserving data privacy through
local deployment.

The results also showed limitations.

First, the assessment relied on a single standardized ta-
ble expanded via variant generation due to lack of testing
data. This assessment enabled controlled manipulation of
header diversity and provided a reproducible environment
for measuring the behavior of the schema mapping module.
But the assessment may be biased from the diversity of
real-world submissions. Incorporating real-world testing cases
could offer an opportunity to comprehensively evaluate the
performance under a wider range of practical conditions and
to observe behavior in a context where agricultural genomics
submissions consist of additional variability (e.g., lab-specific
field conventions, heterogeneous levels of metadata com-
pleteness, and multi-table organizational structures). Second,
the investigation focused on prototyping the integration of
schema matching with advanced machine learning models.
We characterized the behavior of the composite similarity
strategy to understand how different signals and their relative
weights influence performance. Future work could incorporate
comparative baselines across established schema-matching ap-
proaches to situate our method within the broader landscape



of automated metadata alignment tools. Such comparisons
would help identify scenarios where different approaches pro-
vide complementary strengths. Third, the composite similarity
weights were set to emphasize semantic and structural cues
over lexical overlap based on preliminary experiments. These
weights directly influence mapping outcomes and may not
generalize across databases or domains. An adaptive strategy
could iteratively adjust weights within the human-in-the-loop
framework by implicitly incorporating feedback from the user.
Over time, this process may converge toward user-specific
weighting strategies.

Overall, the proposed framework represents a practical
step toward scalable, privacy-preserving metadata curation
in agricultural genomics. By enabling local deployment and
modular selection of model sizes, it accommodates flexible
computational budgets while maintaining data confidentiality.

Future research will focus on four objectives.

1) Broaden evaluation. Future studies need to test real-
world scenarios from multiple repositories, such as
the European Nucleotide Archive, the Bovine Genome
Database, and the USDA Ag Data Commons, to better
capture real-world evaluation.

2) Enhance similarity retrieval. The three signals provide
a useful baseline, but they may miss capturing deeper
semantic relationships. Our future work will investigate
retrieval models that jointly exploit lexical, semantic,
and structural features, such as graph neural networks
or pretrained models fine-tuned on schema matching
tasks. Incorporating domain ontologies or controlled
vocabularies could also improve alignment in specialized
fields.

3) Adaptive composite weighting. The predefined selec-
tion of composite score weights limits generalization
across datasets. One direction is to learn weights dynam-
ically from user input during interactive sessions. Tech-
niques such as Bayesian optimization or reinforcement
learning could adjust the balance between similarity
signals based on the success of previous mappings.
This would allow the system to personalize its scoring
strategy for different datasets and user preferences.

4) Integration with downstream analyses. The logs of
mapping actions and corrections can provide valuable
feedback. Our future work will investigate implementing
mechanisms to collect usage statistics, identify recur-
ring mismatches or frequent adjustments in column
alignments. These analytics could generate reports for
the user, highlighting common formatting issues and
suggesting practices that facilitate automated conversion.
This closed-loop feedback system would enable the
framework to evolve alongside user needs and promote
best practices in metadata curation.
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