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Food property data are important for product development and process design and, more recently, for AI model
training, but most data are scattered in literature. Building food property databases manually is time-consuming
and difficult to scale. We developed AgentXtract, an agentic Al workflow that automatically transforms scientific
papers into databases. Using dielectric properties as a case study, three specialized large language model (LLM)
agents collaborate in a coordinated workflow, with different roles in paper screening and interpretation, data
extraction, and record standardization and assembly. Ten LLMs from OpenAl, Google, and Anthropic were
benchmarked against an expert-curated reference dataset. All models achieved precision above 95% and value
accuracy above 99%, but recall, API costs, and processing times varied. The best-performing model was then
selected to construct the full database. AgentXtract generated 4276 records for 142 food materials in approxi-
mately 30 min with an API cost of $9. Analysis of the compiled database revealed new relationships between
dielectric constant and loss factor that have not been reported previously. The resulting database also served as
the knowledge source for a prototype retrieval-augmented generation (RAG) AI model. Users can ask questions
about dielectric properties and microwave heating in plain language, and RAG searches the database to find
relevant data and provides answers with references. This study demonstrates that Al can efficiently and accu-
rately transform fragmented food literature into structured databases and also support data-driven discovery in
food engineering.

1. Introduction

Food properties are the measurable characteristics of food related to
heat transfer (thermal properties), mass transfer (transport properties),
electromagnetic heating (dielectric properties), texture and structure
(rheological and mechanical properties), chemical changes (reaction
kinetics), and microbial safety (microbial kinetics) (Ling et al., 2015;
Peng et al., 2017; Rao et al., 2014; Tang, 2005). The properties deter-
mine quality, safety, and sensory experience and are critical information
used in product development and process design (Rao et al., 2014).
Recent advances in artificial intelligence (AI) and computational
modeling have raised the demand for large, accurate, structured, and
machine-readable food property datasets. However, most food property
data are scattered across thousands of individual publications, where
measurements are reported for specific materials under different
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experimental conditions in varying formats. No centralized and
machine-readable database exists for most food properties.

Manual extraction of food property data from the literature is time-
consuming, error-prone, and difficult to scale. For each paper, a
researcher needs to locate relevant data, interpret experimental condi-
tions, and transfer reported values into a structured database. Data are
reported in diverse formats, such as text, tables with different column
layouts, and figures with different plot types. This process needs to be
repeated for every paper and updated as new studies are published.
Building a high-quality database also requires domain expertise. For
example, collecting dielectric property data requires knowledge of
electromagnetic theory and transmission line principles (Nelson, 1991;
Tang, 2005). Such expertise is necessary to determine whether the in-
struments were properly calibrated, whether the measurements were
conducted correctly, and whether the reported values are useful for
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dielectric heating applications.

The automation of data extraction from scientific literature has been
an active area of research. Earlier approaches largely depended on
natural language processing (NLP) pipelines incorporating predefined
rules and task-specific tuning. Such methods typically required exten-
sive annotated training data and considerable customization for indi-
vidual applications, limiting their generalizability and widespread
adoption (Polak and Morgan, 2024). Large language models (LLMs)
have now opened new possibilities. Al chatbots, such as ChatGPT (Singh
et al., 2026) and Google Gemini, can process user-provided information,
including uploaded files, interpret documents, and extract structured
information. However, Al chat systems need manual file uploads and
prompt-by-prompt interaction, which limits scalability and reproduc-
ibility. AI outputs may also depend on prior conversation history,
memory, and user-specific context, making it harder to obtain consistent
results across users and sessions. To address this issue, recent studies
embedded LLMs into programmatic extraction pipelines. For example,
ChatExtract (Polak and Morgan, 2024) showed that conversational LLMs
with engineered prompts could extract material-value-unit triplets from
materials science literature with precision and recall near 90%. Chem-
Miner (Chen et al., 2025) and ReactionSeek (Li et al., 2026) developed
multi-agent and multi-stage workflows to handle coreference resolution
and multimodal inputs in chemistry literature. Despite the advances,
most existing frameworks have been developed primarily for reaction
extraction or knowledge-triplet extraction, leaving many other scientific
data extraction tasks insufficiently addressed. Food property mining is
different from chemical reaction or triplet extraction because each re-
cord must associate numerical values with the relevant material and
experimental conditions, information that is often distributed across
multiple parts of a publication. As a result, the task requires
measurement-level reconstruction and scientific validation rather than
simple entity extraction.

To address this gap, we developed a multi-agent LLM system to build
food-property databases from scientific literature. Dielectric properties
were used as a case study because their manual extraction is particularly
challenging: they depend on multiple experimental conditions, such as
food material, frequency, temperature, moisture content, and other
compositions, and are reported in heterogeneous formats, including
tables, figures, text, and fitted equations. The objectives were to: (1)
design and implement an agentic workflow for literature extraction, (2)
evaluate system performance against an expert-curated reference data-
set using multiple LLMs, and (3) demonstrate how a provenance-aware
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compiled database can support exploratory property analysis and
source-cited data retrieval.

2. Materials and methods
2.1. Multi-agent system overview

An Al agent is a system that uses an LLM as its reasoning engine to
autonomously plan, decide, and act toward a goal (Schick et al., 2023).
A multi-agent system extends this concept by assigning specialized roles
to multiple agents that collaborate and delegate to accomplish tasks too
complex for any single agent (Lu et al., 2025; Wang et al., 2024). Our
system consists of three LLM agents whose roles and instructions are
defined through skills (Anthropic, 2025, see Section 2.7): Agent I con-
verts PDFs into structured data, Agent II extracts values from structured
data, and Agent III applies physics-based rules to validate, organize, and
export values into a database. An orchestrator coordinates the three
agents, routes papers through the pipeline concurrently, and tracks
progress. Fig. 1 shows the system architecture.

2.2. Agent I: parse, screen, and classify

Agent I performed three tasks: document parsing, screening, and
content classification. For parsing, papers in PDF format were converted
into structured JSON using the open-source Python library Docling
(Auer et al., 2024). For screening, the LLM read the title, abstract,
keywords, and introduction objectives of each paper to determine
whether the paper reported dielectric property data relevant to this
study. For papers that passed screening, the LLM then read the full text
and extracted paper-level metadata, including title, authors, year,
journal, primary food materials, measurement frequencies, temperature
range, and measurement method. It also classified each table as: (1) data
(contains dielectric measurements for extraction), (2) equation (con-
tains regression coefficients for polynomial evaluation), or (3) skip
(contains penetration depth, compositional data, or other irrelevant
content). Tables with ambiguous or complex layouts, based on LLM
reasoning, were flagged as "complex tables" to trigger vision-based
extraction in Agent II.

2.3. Agent II: extract

Agent II received the parsed documents from Agent I and performed
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Fig. 1. Architecture of the multi-agent system for automated extraction of food dielectric properties from scientific literature.
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data extraction through three specialized modules: table extraction, text
extraction, and equation extraction.

2.3.1. Table extraction

Tables were the primary source of dielectric property records in
literature. Preliminary tests found that submitting entire large tables to
LLMs could cause hallucination, where the model generated plausible
but nonexistent or wrong data. To address this, tables exceeding 12 rows
were split into smaller chunks at condition-group boundaries (i.e.,
where frequency, temperature, or moisture content changed). Each
chunk retained full table headers and captions to preserve context. The
extraction prompt was implemented as a "skill" file that instructed the
LLM to handle specific formats, including alternating ¢/¢" rows that
should be paired into single records, wide-format tables with multiple
frequencies as column headers, and sectioned tables where material
names appear as row dividers rather than in every cell. For tables that
were incomplete or poorly parsed in text form, a vision-based fallback
was used: the PDF page was rendered as a high-resolution image and
sent to a vision-capable LLM (for example, GPT-5.3) for extraction.

2.3.2. Text extraction

For papers that reported data in running text, the Results and Dis-
cussion sections were processed by the LLM with a source discrimination
skill. This skill instructed the model to extract only original measure-
ments and to reject values from cited papers, identified by citation
markers, attribution language, or frequencies and materials not listed in
the paper's own experiments.

2.3.3. Equation extraction

Direct extraction of data from figures was not performed in this
study. Our preliminary tests showed that even the most advanced vision
LLMs (such as Claude Opus 4.6 and GPT-5.3, at the time of this study)
produced inaccurate and unreliable results, likely due to overlapping
curves, ambiguous markers (e.g., error bars), and absence of precise
gridlines. Many dielectric property papers (Auksornsri et al., 2018;
Coronel et al., 2008; Wang et al., 2008, 2009) report polynomial
regression equations (e.g., &' = ag + a1 T + a,T?) fitted to the data plotted
in figures and usually include a table for fitted parameters. We therefore
used an alternative approach: the LLM extracted polynomial co-
efficients, variable definitions, and applicable conditions (frequency,
temperature, and moisture range) from these tables. The extracted
equations were then used to compute discrete data points at common
conditions within the reported range.

2.4. Agent III: validate and assemble

Agent III screened each dielectric property record using physics-
based rules. For example, in high-moisture foods, ¢" is typically higher
at radio frequency (RF) where ionic conduction dominates than at mi-
crowave frequencies where dipolar relaxation dominates. The rules
were used to flag suspicious records for targeted human review rather
than to automatically correct or reject reported measurements. The
agent also removed exact duplicates, standardized units, and applied a
consistent database schema (see Supplementary Material and Table S1).
The resulting dataset was exported in CSV, Parquet, and DuckDB
formats.

2.5. Data sources

Candidate papers were identified through literature searches and
reference tracing from known studies on dielectric properties of foods
and agricultural materials. Search terms included “dielectric proper-
ties”, “dielectric constant”, “loss factor”, “food”, “food materials”,
“agricultural products”, “microwave”, and “dielectric heating”. About
200 candidate papers were first identified from the search results. Each

paper was then screened using the following criteria: papers were
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included if they reported original experimental measurements of both
dielectric constant (¢') and loss factor (¢") for at least one food material.
Review articles, non-peer-reviewed papers, non-English publications,
and papers that reported dielectric-property data only in figures were
excluded. After manual screening, 64 papers met the criteria and were
included in the study (see Supplementary Information).

To evaluate LLM agent performance, the agent-extracted records
needed to be compared with manually extracted reference records.
Because manual extraction of all 64 papers would be time-consuming,
19 papers (~30%) were selected to construct a manually curated
reference dataset (see Supplementary). The papers were selected to
represent the diversity of the full dataset in food materials, frequencies,
temperatures, measurement methods, reporting quality, and extraction
formats, including tables, text-reported values, and regression equa-
tions. The reference dataset was curated by an author with more than 10
years of experience in dielectric-property research. The author read each
paper, manually extracted the dielectric-property data, checked the
experimental conditions, and organized the records into a structured
database. This process took approximately one week, which also dem-
onstrates that manual extraction of literature data is time-consuming
even for a domain expert. Record matching between the agent-
extracted dataset and the manually curated dataset was based on ma-
terial name, frequency, and temperature. Before matching, material
names were standardized by converting text to lowercase, removing
punctuation and extra spaces, standardizing singular and plural forms,
and allowing simple word-order differences. For example, “Fuji apple”
and “apple, Fuji” were treated as the same material. Frequency values
were considered matched when they were within 5% relative difference,
and temperature values were considered matched when they were
within +2 °C. Matching was performed within each source paper.
Composition and sample conditions reported as part of the material
name, such as salt level, fat level, concentration, or pH, were retained as
part of the standardized material identity. After a record pair was
matched, value accuracy was assessed by comparing the extracted ¢’ and
¢" values with the manually curated values using a 5% relative tolerance.
The expert-curated reference dataset contained 1591 records in total
and served as the ground truth for pipeline evaluation.

2.6. Evaluation and LLM benchmarking

The output of the agent system was compared to the expert-curated
reference dataset using the following metrics:

Precision=TP / (TP + FP) (@D)]
Recall=TP / (TP +FN) 2)
F1 =2 x Precision x Recall / (Precision + Recall) 3)

where TP (true positives) were extracted records that matched the
reference dataset, FP (false positives) were extracted records with no
match in the reference dataset, and FN (false negatives) were reference
records not recovered by the pipeline. Value accuracy was defined as the
fraction of matched records where the extracted ¢ and ¢" values were
within 5% relative tolerance of the manually curated values.

To identify the most suitable LLM for this extraction task, ten models
from three providers were benchmarked, representing a range of model
sizes, costs, and capabilities: Claude Haiku 4.5, Sonnet 4.6, and Opus 4.6
(from Anthropic); GPT-4.1, GPT-4.1 Mini, GPT-5 Mini, and GPT-5.4
(from OpenAl); and Gemini 2.5 Flash, 3 Flash, and 3.1 Pro (from Goo-
gle). Each model was evaluated using the same prompts, system infra-
structure, and post-processing rules. Cost was calculated from actual
token usage at published API pricing as of March 2026.
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2.7. Prompt engineering, orchestration, and open-source implementation

The central design principle of this multi-agent system was the sep-
aration of domain knowledge from code logic. Each agent's behavior was
governed by structured prompt files called "skills" (Anthropic, 2025),
stored as Markdown documents (SKILL.md). Each skill encodes the
domain knowledge and operational procedures needed for a particular
extraction task, including extraction rules, output formats, edge-case
handling, and quality-control validation logic. Because skills are plain
text files independent of the pipeline code, researchers can adapt the
pipeline to other data domains (e.g., thermal or microbiological prop-
erties) by modifying the skill files.

The orchestrator was implemented as a lightweight Python module.
Each paper was submitted as an independent job that passed sequen-
tially through the three agents, while multiple papers were processed
concurrently through an asynchronous task queue. The orchestrator
tracked job status, handled failures with automatic retries, and logged
token usage for cost accounting.

3. Results and discussion
3.1. System performance and LLM benchmark

Ten LLMs were evaluated for dielectric property extraction perfor-
mance (Table 1). We focused on two types of Al errors: (1) an LLM may
hallucinate a value that does not exist in the original paper (a false
positive), or (2) an LLM may miss a value that does exist (a false nega-
tive). All ten models achieved high extraction fidelity: precision > 95%,
and value accuracy > 99% (with some models reaching 100%). But
recall varied from 79% to 99%. The variation likely reflects how well
each AI model handled complex table layouts and information distrib-
uted across multiple sections or pages. The F1 score, which balances
precision and recall into a single metric, was used to rank overall per-
formance. Six models achieved F1 above 0.95. AgentXtract achieved
precision above 95% and an F1 score of up to 0.98, which are compa-
rable to or higher than values reported for other extraction systems. For
example, ChemMiner reported about 90% average precision and an F1
score of 0.83 for chemical reaction extraction from 17 annotated papers
(Chen et al., 2025). ReactionSeek achieved over 95% precision and
recall on the Organic Syntheses collection but targeted discrete reaction
components, including reactants, products, and yields (Li et al., 2026).

LLMs can make mistakes. One failure observed in this study was table
confusion. For example, Zhu et al. (2012) reported dielectric measure-
ments in one table and statistical summary values (¢" minima and their
corresponding frequencies) in another; the LLM confused the two tables
and extracted values from the wrong table. Similar document-level er-
rors have been reported in other systems: ChemMiner found that cor-
eference resolution across tables and figures was a major source of
missed reactions (Chen et al., 2025), and ReactionSeek noted that
compounds added in multiple portions were often aggregated incor-
rectly (Li et al., 2026). These examples confirm that LLMs can
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misinterpret document structure, so domain expert inspection is neces-
sary. But human experts do not need to check every record. AgentXtract
includes a post-extraction validation step that applies physics-based
rules and LLM reasoning to flag suspicious values for humans to focus
on (Fig. 1). Each record also carries traceable source information (paper
title, authors, and journal), so any entry can be verified against the
original publication.

API cost and processing speed are also practical considerations,
particularly when proprietary large language models are used at scale.
Both varied among models, but neither showed a clear correlation with
F1 score. For example, the most expensive model (Claude Opus 4.6,
$1.08/paper) did not outperform the much cheaper Claude Haiku 4.5
($0.07/paper), which had the fastest processing time (21 s/paper) and
high F1 (~0.98). GPT-5 Mini was the slowest model (97 s/paper) and
had the lowest F1 score (~0.88). Considering recall, cost, and speed
together, Claude Haiku 4.5 provided the best overall performance and
therefore was selected for full-scale extraction.

It is important to note that the foundation language model landscape
is evolving rapidly, with newer and more capable models released every
few months. During this manuscript submission and review, several new
models became available. The purpose of the comparison of different
LLMs was not to identify a universally best model, but to demonstrate
that a multi-agent workflow can reliably extract food property data from
scientific literature. As newer models become available, they can be
integrated into the same workflow for continued improvement.

3.2. Database overview

The multi-agent system extracted dielectric property data from 64
papers published in 13 journals between 2002 and 2026. The resulting
database contained 4276 records for 142 different food materials
(Supplementary Table S1; Fig. 2). The full extraction took approximately
30 min of machine extraction and $9 in API cost. For comparison,
manual extraction into a structured database would take an experienced
graduate student an estimated 40 days, assuming two papers (or 100
data records) per day. Al agent systems can provide an efficient and cost-
effective approach for scientific data curation.

Fig. 2a presents six selected frequency groups relevant to RF and
microwave processing. Most records were at 915 MHz (1267 records,
32%), followed by 27 MHz (861, 22%), 2450 MHz (813, 20%), and
40 MHz (799, 18%). These are the main industrial, scientific, and
medical (ISM) frequencies used in food processing (Tang, 2015; Zhou
and Wang, 2019). The food materials were grouped into eight cate-
gories (Fig. 2b). Vegetables had the most data points (1,425, 33%),
followed by grains (1,147, 27%), nuts (655, 15%), fruits (568, 13%),
seafood (213, 5%), dairy (164, 4%), dried fruits (100, 2%), and meat
(51, 1%). This also reflects research and industrial interest in RF and
microwave energy for drying and blanching of fruits and vegetables
(Ruiz-Ojeda and Penas, 2013; Zhou and Wang, 2019), grain and nut
disinfestation (Wang et al., 2010; Zhou and Wang, 2016), and
non-destructive quality measurements (Lewis et al., 2019; Nelson,

Table 1

Performance, cost, and processing time of ten large language models for data extraction from literature.
# Model Provider Value Accuracy (%) Precision (%) Recall (%) F1 Cost ($)" Time (s)"
1 Claude Opus 4.6 Anthropic 99.7 97.3 98.5 0.98 1.08 38
2 GPT-5.4 OpenAl 99.7 98.0 97.4 0.98 0.15 37
3 Claude Haiku 4.5 Anthropic 99.8 98.1 97.3 0.98 0.07 21
4 Claude Sonnet 4.6 Anthropic 99.5 95.6 98.1 0.97 0.23 28
5 GPT-4.1 Mini OpenAl 99.8 98.1 94.9 0.97 0.05 34
6 Gemini 3.1 Pro Google 99.9 99.3 92.1 0.96 0.16 62
7 GPT-4.1 OpenAl 99.9 99.5 90.6 0.95 0.10 36
8 Gemini 3 Flash Google 99.9 99.3 84.6 0.91 0.03 48
9 Gemini 2.5 Flash Google 100 99.5 81.8 0.90 0.01 35
10 GPT-5 Mini OpenAl 100 98.7 78.8 0.88 0.04 97

# Average cost or time per paper.
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2008).

The database also shows the distributions of dielectric constant (¢)
and loss factor (¢") for different food categories at 915 and 2450 MHz
(Fig. 2c and d). At 915 MHz, high-moisture foods, such as fruits, vege-
tables, and seafood, had median ¢ values between 50.0 and 57.7,
consistent with the strong contribution of free water to polarization
(Gezahegn et al., 2021; Tang, 2005). Low-moisture categories had lower
values, with median ¢’ values of 22.9 for dried fruits and 4.0 for grains.
The ¢ showed category-dependent frequency responses. Seafood had a
high median €¢" of 24.4 at 915 MHz, while the median &" of dairy
decreased from 17.7 at 915 MHz to 12.4 at 2450 MHz, consistent with
the inverse dependence of ionic conduction loss on frequency (Nelson,
2008). Vegetables had similar median ¢” values at 915 and 2450 MHz

(a)
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(10.9 and 11.0, respectively), suggesting that dipolar relaxation loss at
2450 MHz partially offset the reduced ionic contribution (Tang, 2005).
Fig. 2e compares penetration depths within the displayed range of
0-15 cm. Seafood had the shallowest median penetration depth at
915 MHz (1.6 cm), while grains had the greatest median penetration
depth at both 915 MHz (7.8 cm) and 2450 MHz (4.7 cm). Penetration
depth at 915 MHz was generally greater than that at 2450 MHz,
consistent with the established advantage of 915 MHz for volumetric
heating of thick or large food products (Tang, 2015).

This database provides a foundation for future physics-based com-
puter simulations and data-driven modeling in RF and microwave food
processing, including machine-learning models that predict dielectric
properties from chemical composition. The same multi-agent workflow
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Fig. 3. Relationship between dielectric constant (¢') and loss factor (¢") of food materials at RF and microwave frequencies. (a) All data points, (b) RF frequency only,

and (c) microwave frequency only.
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can also be extended to other food properties (such as thermal, rheo-
logical, chemical, and sensory properties) that are scattered in decades
of published literature.

3.3. Observed dielectric relationships and physical interpretations

The database revealed a new relationship between ¢’ and ¢'. Fig. 3
shows that the dielectric constant and loss factor followed power-law
relationships over more than 2000 data points of about 100 food
materials:

At RF frequencies (<100 MHz), the following regression was ob-
tained (R* = 0.76, n = 1408):

£ =013()" (€]

At microwave frequencies (>300 MHz), the following regression was
obtained (R? = 0.70, n = 1960):

£ =0.27(e)' (5)

Even though fruits, grains, vegetables, and other foods have different
composition and structure, the overall relationship between dielectric
constant € and loss factor ¢” followed a similar trend in each category.
(Fig. 3a and b). This observation can be explained with some theory as
follows:

At microwave frequencies, dielectric loss is mainly governed by
dipolar relaxation of water. In this process, polar molecules, especially
water molecules, attempt to align with the alternating electric field.
Because molecular rotation is not instantaneous, the polarization lags
behind the applied field, and part of the electromagnetic energy is
dissipated as heat. For an ideal single-relaxation system, this behavior
can be described by the Debye model (Nelson, 1991):

£ =t ae 3 )
1+ (w7)
P Aewt
7
1+ (wr)® @

where ¢, is the high-frequency limit of the dielectric constant. It rep-
resents the part of polarization that can respond almost instantaneously
to the electric field, such as electronic and atomic polarization. A¢ is the
dielectric strength, defined as the difference between the static dielectric
constant and eco. It reflects the magnitude of orientational polarization,
or how strongly dipoles in the material can contribute to energy storage.
The angular frequency is o, and 7 is the relaxation time, which repre-
sents the characteristic time required for dipoles to reorient after the
electric field changes. For a given material at a fixed temperature and
composition, eco, Ag, and T are material parameters in the ideal Debye
model, while ¢ and ¢" vary with frequency through the term wr.
From Eq. (6),

Ae= (€ — ) [1 + (07)?] (€)]

Substituting Eq. (8) into Eq. (7) gives
& =wr(é — &) 9
Thus, when dipolar relaxation dominates, ¢" is approximately propor-
tional to £

&' x€ (10)

This is consistent with the linear microwave regression in Eq. (5).

At RF frequencies, dielectric loss is often dominated by ionic con-
duction. Under this condition, the loss factor can be approximated as
(Tang, 2005):
" 4

& =—o an
wegy
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where o is electrical conductivity of the food and ¢ is the permittivity of
free space.

Across the diverse food materials in this database, aqueous phase
content is a major factor that influences both ¢ and ¢". The dielectric
constant ¢’ is governed mainly by polarization, and water has a much
higher dielectric constant than the dry solid matrix. Therefore, foods
with more aqueous phase generally have higher ¢ (Nelson, 1994).
Electrical conductivity ¢ also tends to increase with aqueous phase
content because dissolved ions require an aqueous medium for con-
duction. However, ¢ can increase more strongly than ¢ because higher
moisture not only provides more conducting medium, but can also
improve the connectivity of ion transport pathways through the food
matrix. At RF frequencies, ¢’ depends mainly on ionic conduction,
whereas ¢’ reflects dielectric polarization. As a result, ¢" can increase
faster than ¢’ as aqueous phase content increases. The fitted exponent of
about 1.8 in Eq. (4) is consistent with the greater sensitivity of ionic
conduction to the amount and connectivity of the aqueous phase. Some
outliers were observed (Fig. 3b and c). At RF frequencies, white bread
(Liu et al., 2009) showed loss factor values above the RF regression line.
The porous structure of bread lowers the bulk dielectric constant ¢,
while dissolved ions from salt and leavening agents can still produce
high dielectric loss ¢’. At microwave frequencies, pure water data
(Gezahegn et al., 2021) deviated from the general food trend. This is
expected because the loss factor of pure water arises entirely from
dipolar relaxation, whereas most foods also contain dissolved ions that
contribute additional conductive loss.

Previous studies and review papers have mainly reported dielectric
data for individual foods or small groups of materials (Nelson, 2008;
Sosa-Morales et al., 2010). In contrast, our Al-assisted compilation of
more than 100 food materials made it possible to identify broader re-
lationships that are difficult to recognize from isolated studies. Egs. (4)
and (5) also provide a simple way to estimate one dielectric property
from the other, screen data for consistency, and identify unusual ma-
terials or measurements.

3.4. Applications of food dielectric database and RAG

To make the extracted data useable beyond a static file, we built a
web application with two layers: a searchable database interface and a
retrieval-augmented generation (RAG) model (Fig. 4). For the database,
users can search for dielectric property data extracted from papers
(Fig. 4a and b). Dielectric properties are measured to support process
and equipment design. In RF and microwave processing, they influence
penetration depth, volumetric heat generation, and temperature uni-
formity. Penetration depth is the distance at which incident electro-
magnetic power decreases to (1/e) of its value at the product surface
(Tang, 2015). It therefore provides an important constraint on product
geometry. Based on values in our database, mashed potato has a pene-
tration depth of approximately 2.8 cm at 915 MHz, whereas salmon fillet
has a smaller penetration depth of approximately 2.1 cm. A smaller
penetration depth increases the risk of excessive heating near the edges
and corners of slab-shaped products. Rounded or annular geometries
may therefore provide more uniform heating than shapes with sharp
corners (Buffler, 1993). For cylindrical and spherical products, a com-
mon rule of thumb is that electromagnetic focusing produces strong
central heating when the product diameter is approximately 2 to 2.5
times penetration depth (Buffler, 1993). The database allows designers
to compare the proposed product diameter with this range before the
package geometry is finalized. The database can also help microwave
system and process designers select an appropriate operating frequency.
For many high-moisture foods, penetration depth is greater at 915 MHz
than at 2450 MHz, which often makes 915 MHz more suitable for thick
products. For example, at 25 °C, potato has a penetration depth of
approximately 21 mm at 915 MHz and 9 mm at 2450 MHz. The data can
also be used for computer simulation of microwave and RF heating
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How does moisture content affect the dielectric properties of foods?

Here is a comprehensive technical overview of how moisture content affects the dielectric properties of
foods, drawn from the reference literature.

Effect of Moisture Content on Dielectric Properties of Foods

1. The Fundamental Role of Water

Water is the dominant contributor to dielectric properties in most foods at microwave frequencies. In moist
foods with little salt, “dielectric are by water at " (Tang,
Dielectric Properties of Foods, p. 9-10). Water's high €' (~80 at room temperature) and significant £ mean

that even modest changes in moisture content can produce large changes in a food's dielectric behavior.

full answer continues

chatbot

Interactive Charts
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Dielectric Constant (¢') vs Temperature Loss Factor (¢) vs Temperature

# | 5. An Example of Macadamia Nuts

The most striking feature of the dataset is the step change in dielectric behavior between MC = 6% and MC
=12%:

€" at 27 MHz, 25 °C:
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e, - From MC = 6% to MC = 12%, £” at 27 MHz jumps from 0.8 — 5.7 (a ~7x increase), while from MC = 3% to
e — 6% it only doubles. This is the signature of the critical moisture content (Mc) transition: below Mc, only
‘;4.;7_45_—:::::, ~ d e bound water is present and de”/dM is small (Region I); above Mc, free water begins to appear and de"/dM
;_2,'7')—1*/’ A rises sharply (Region II) (Industrial Microwave Heating, p. 58-59). For macadamia kernels, Mc appears to lie
somewhere between ~6% and ~12% wet basis, consistent with the range of 10-40% dry basis typical for
materials (Industrial Heating, p. 59).
. . . . .
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Fig. 4. Web application with retrieval-augmented generation (RAG). (a) Database homepage. (b) Example of dielectric property data extracted from a paper. (c) Al-

generated answer to a user question with citations to the reference sources used.

(Zhou et al., 2025).

The second layer is the RAG Al model. RAG combines a language
model with a retrieval step (Lewis et al., 2020). When a user asks a
question, the system first searches the database for relevant records and
source text. The language model then uses this information to generate
an answer instead of relying only on knowledge learned during model
pretraining (Lewis et al., 2020). For example, when asked how dielectric
properties change with moisture content, the Al assistant may use gen-
eral scientific knowledge learned during pretraining, but more impor-
tantly, it retrieves relevant passages, illustrates the trend using
macadamia nut data from the database, and cites the source pages
(Fig. 4). This design addresses the main weakness of general-purpose
language models such as ChatGPT and Claude: their answers may be
unsupported or incorrect. Our RAG ties each answer to our database and
allows the user to verify it. A food process engineer can therefore ask a
question in plain language and receive a cited, quantitative answer
without writing database queries or reviewing many papers.

3.5. Broader value of Al and suggestions for future studies

AgentXtract is a general framework for building scientific databases
from literature. Similar agents can be used to extract, validate, and
organize other scattered food property data, such as microbiological,
thermal, rheological, chemical, and sensory properties. AgentXtract also
provides an example of how human experts can work with Al agents in
research. In this study, human experts defined research questions,
selected reliable sources, set inclusion and exclusion criteria, and eval-
uated data quality. The Al agents then handled the time-consuming steps
of reading papers, extracting records, checking consistency, and

exporting data into useable formats. Human experts reviewed uncertain
records and made final decisions when the extracted information was
ambiguous or incomplete. This division of labor allowed the database to
be built more efficiently while keeping scientific judgment under human
expert control.

4. Conclusions

This study developed AgentXtract, a multi-agent LLM pipeline for
extracting, validating, and organizing food property data from scientific
literature. Using dielectric properties as a case study, AgentXtract
combined specialized agents for different tasks. Ten LLMs were bench-
marked against a manually curated reference dataset, and their perfor-
mance varied. With the selected model, AgentXtract extracted more
than 4000 data points in about 30 min at an API cost of $9. The results
show that multi-agent LLM systems can convert scattered literature data
into structured scientific databases with high accuracy, low cost, and
much less manual effort.

The database also produced new scientific findings. Analysis of the
extracted records revealed power-law relationships between dielectric
constant and loss factor. Such relationships are difficult to identify from
individual studies because each paper typically reports a limited number
of materials, frequencies, and temperatures. This work also demon-
strates how scientific data extracted from literature can serve as a
knowledge base for Al using RAG.

It should be noted that the value of an Al-assisted scientific database
depends not only on extraction speed and accuracy but also on data
quality. AgentXtract was designed to automate data extraction, not to
replace scientific judgment. In this study, domain experts selected
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source papers based on experimental rigor, measurement methods, and
data relevance. LLM agents could, in principle, screen and select thou-
sands of papers, but we deliberately did not automate this step because
source selection determines what enters the database and should remain
with researchers who understand the domain. The value of Al is not to
accumulate large volumes of unvetted data but to help researchers build
targeted, high-quality databases that can support future predictive
modeling and other Al applications in food engineering.
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