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Abstract

Background: The rapid evolution and diversity of sensor technologies, coupled with inconsistencies in how sensor metadata is
reported across formats and sources, present significant challenges for generating exposomes and exposure health research.

Objective: Despite the development of standardized metadata schemas, the process of extracting sensor metadata from unstruc-
tured sources remains largely manual and unscalable. To address this bottleneck, we developed and evaluated a large language
model (LLM)-based pipeline for automating sensor metadata extraction and harmonization from publicly available exposure
health literature.

Methods: Using GPT-4 in a zero-shot setting, we constructed a pipeline that parses full-text PDFs to extract metadata and harmo-
nizes output into structured formats.

Results: Our automated pipeline achieved substantial efficiency gains in completing extractions much faster than manual review
and demonstrated strong performance with 88.0% accuracy, 88.0% precision, 93.0% recall, and an F1-score of 90.0%.

Conclusions: This study demonstrates the feasibility and scalability of leveraging LLMs to automate sensor metadata extraction
for exposure health, reducing manual burden while enhancing metadata completeness and consistency. Our findings support the
integration of LLM-driven pipelines into exposure health informatics platforms.
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Introduction harmonization and utilization of data for generating expo-

somes.'>'® Generally underdeveloped data standards in exposure
health, and the specific lack of standardization among sensors
and sensor data, further complicate the process of sensor-based
exposure health. All of these challenges become more daunting as
research questions necessitate multiple and varied sensors, or
measurements of varied provenance.

To address this complexity, standardized models are needed
to ensure metadata is consistent and computable. The Sensors
and Metadata for Analytics and Research in Exposure Health
(SMARTER) project developed the Sensor Common Metadata
Specifications, a logical model organized into three domains:

Sensors, defined by the NIH as tools that detect, transmit, or re-
port data on biological, chemical, or physical processes, are char-
acterized by metadata describing their principles, accuracy,
calibration, and deployment features.” The diversity and rapid
evolution of sensors®’ coupled with the diverse formats and in-
consistent structures of sensor metadata create significant chal-
lenges for selecting, integrating, and utilizing optimal sensors for
exposure health studies. There is a widely recognized need for
systematic approaches to improve the harmonization and inte-
gration of sensor metadata, for the effective use of emerging
technologies in exposure health research .’

. . . . co . . 11,17,18
Despite this expansion, significant challenges persist in apply- Instrument, Deployment, and Output. The Instrument

ing sensors and sensor data to exposome research.” For prospec-
tive sensor use in the quantification of the exposome, these
challenges include selecting appropriate sensors, deploying and
monitoring sensor networks, managing data streams, pre-
processing sensor data, and integrating with other data sources for
analysis.’™'® For secondary use of existing sensor-based measure-
ments, including real-world data resources, for the assimilating
exposomes, there is a need to find and understand information
about sensor characteristics and capabilities for appropriate

domain captures physical and functional attributes, including
capabilities and validation; the Deployment domain describes
usage context, including calibration procedures; and the Output
domain specifies measured entities and associated metadata.
Collectively, these domains provide a comprehensive framework
for describing sensor technologies. The SMARTER model is being
designed for integration into informatics platforms such as the
Exposure Health Informatics Ecosystem (EHIE)* to promote
interoperability and reuse. In this study, we specifically focus on
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the “Instrument” domain, and within that, the “Instrument” en-
tity. This entity represents the core metadata about the physical
sensor itself, including details necessary to identify, classify, and
interpret its use in exposure health contexts. The associated
attributes describe technical specifications, operational charac-
teristics, and contextual deployment details. Currently, research-
ers must parse sensor documentation, including technical
datasheets, manufacturer manuals, exposure health literature,
and unstructured web content, to identify relevant sensor meta-
data. Populating SMARTER schema from heterogeneous, un-
structured documentation also remains largely manual and
unscalable. As the exposome increasingly relies on diverse sensor
technologies, scalable and automated approaches to metadata
extraction are essential to support efficient data integration into
research workflows.?° Natural Language Processing (NLP) offers a
promising solution to the challenges associated with extracting
sensor metadata from unstructured and heterogeneous textual
sources. By leveraging techniques such as named entity recogni-
tion, relation extraction, and language modeling,?**®> NLP sys-
tems can automatically identify, structure, and harmonize
relevant metadata fields embedded in sensor documentation.
Recent advancements in large language models (LLMs) greatly
enhance this capability by enabling accurate understanding of
complex domain-specific language, even in the absence of rigid
templates or standard formats®*?® or costly training on specifi-
cally curated repositories.

NLP, when implemented with LLMs, has shown considerable
promise for automated metadata extraction across diverse
domains. For instance, prior work has demonstrated the capabil-
ity of LLMs to extract metadata from scholarly research articles,
aiming to identify references to datasets and associated meta-
data descriptors.?® Digital built environment has leveraged
transformer-based language models and custom tokenizers to
assign semantic tags to building sensor metadata, demonstrating
over 70% tagging accuracy in real-world scenarios.**?’

Despite these advancements, there is currently no systematic
or automated framework dedicated to the extraction of metadata
about sensors themselves, in the context of exposure health,
from diverse documents describing sensors and sensor deploy-
ments. This gap represents a significant opportunity for applying
LLM-based NLP methods to automate the extraction and harmo-
nization of human exposure sensor metadata across diverse
sources. Our work addresses this gap by automating the extrac-
tion and harmonization of instrument-level metadata to popu-
late the SMARTER schema and integrate it into the overarching
EHIE architecture.'® The purpose of this study is to develop and
evaluate an LLM-based approach for automatically extracting
and harmonizing sensor metadata from unstructured exposure
health literature. Specifically, we built and assessed a prototypi-
cal zero-shot extraction pipeline using GPT-4, iteratively refining
prompts and applying NLP post-processing to align outputs with
the SMARTER metadata schema.'™'” We adopted a zero-shot
strategy to avoid the substantial cost and time required to curate
a task-specific labeled corpus across heterogeneous sources, a
process known to be a major bottleneck that typically demands
domain experts for annotation.?® This automated framework
addresses a critical bottleneck in environmental health research
by significantly reducing the manual burden of metadata cura-
tion, improving the quality and consistency of extracted infor-
mation, and enhancing the scalability of metadata repository
development.

Methods

In this study we focus on the Instrument domain, specifically the
Instrument entity which contains the core attributes needed to
identify, classify, and interpret a sensor for exposure-health
applications. The associated attributes describe technical specifi-
cations, operational characteristics, and contextual deployment
details. The full list of attributes defined for this entity, along with
descriptions can be found in the Supplementary Appendix A.
These attributes include both required and optional fields, cover-
ing aspects such as model name, manufacturer, measured enti-
ties, power source, dimensions, usage context, and maintenance
recommendations. Figure 1 summarizes the end-to-end workflow
used in this study from PDF selection and preprocessing through
LLM-based metadata extraction, JSON parsing/aggregation, and
expert adjudication for evaluation.

Data source

While diverse resources document sensor metadata, such as
websites, datasheets, and catalogs, we focused on extracting the
metadata embedded in PDF format from published research
articles. Twenty papers were randomly selected from a pool of
exposure health sensor studies identified through a prior scoping
review of exposure health research studies. The original scoping
review focused on identifying and screening studies involving en-
vironmental sensors across a wide range of exposure health
domains. Notably, the scoping review included studies that used
heterogeneous sensing technologies to measure a broad range of
entities, including air pollutants, environmental conditions,
physiological signals, geolocation data, and wireless communica-
tion indicators. The papers selected for evaluation in this study
were randomly drawn from this diverse set of articles in order to
support the framework’s relevance and adaptability across multi-
ple exposure health contexts. This phase served as a foundational
step for evaluating the feasibility and accuracy of LLM-based sen-
sor metadata extraction.

In this study, we used the base version of the GPT-40 model
for generative question answering. This model was accessed via
OpenAl's APl in zero-shot learning setting. In the zero-shot learn-
ing setting, a model is presented with tasks or queries for which
it has not received explicit training. It is expected to extrapolate
knowledge from its pre-existing understanding of language and
context to generate meaningful responses. This setting challenges
the model to generalize effectively and showcase adaptability to
novel prompts, reflecting its capacity to comprehend and manipu-
late language beyond the scope of its training data.?**° Since
prompt engineering is essential when interacting with any LLM to
obtain high-quality responses,®* we first experimented with and
formulated prompts to elicit the desired responses from the
model. We then applied the finalized zero-shot prompt to extract
sensor metadata, structured as 38 predefined attributes aligned
with SMARTER metadata schema for each identified device. Our
finalized prompt was selected to be as follows:

“Task Overview:

Given the extracted text from a research paper, identify and
extract metadata related to every sensor device used in this
study. The extracted information should be categorized into pre-
defined entity labels. Ensure that the information is extracted ac-
curately and presented in a structured JSON format:

Entity Labels and Their Definitions:

model_name:The term by which the instrument is known.
This could be a trade name or an alias.
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Figure 1. LLM-based sensor metadata extraction workflow. (a) Data source & selection: Twenty PDF research articles were randomly sampled from a
prior exposure-health sensor scoping review spanning heterogeneous sensing technologies. (b) Data preprocessing: PDFs were converted to plain text
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(pdfplumber) to create LLM-ready inputs. (c) LLM extraction & structuring: GPT-4o (zero-shot; accessed November 5, 2025) extracted 38 SMARTER
“Instrument” attributes per explicitly described device and returned a JSON-formatted response. (d) Parsing, aggregation & evaluation: Regular-

expression-based JSON isolation and parsing produced per-paper structured outputs (Excel), which were compared against dual-expert reference
standards with adjudication of disagreements and logging of processing time for efficiency analyses.

model_id: The unique identifier used to differentiate each
model of an instrument made by certain manufacturer.
version_number: The current version of the instrument model.
It differentiates instruments within the same model. They usu-
ally refer to a version of the hardware.

mobility: Whether the instrument can be moved around for
measuring the species, A boolean indication (Yes/No).
measured_entities: List of all the types of measurement done
by the instrument

firmware_software_version: Current firmware or software ver-
sion of the model.

instrument_type: The category of instrument based on the
species measured by the instrument.

manufacturer: The person, group, or organization that devel-
ops or produces the instrument.

patent_number: The serial number of the patent, if the instru-
ment is patented.

patent_issued_country: The country issuing the patent.
dimensions: The size of the instrument in physical space. Use
this if the dimensions aren’t available discretely, else use the
below fields.

dimension_depth: The depth or thickness of the instrument.
dimension_height: The vertical height of the instrument.
dimension_length: The horizontal length of the instrument.
composition:The description of the composition of combining
parts or elements making up of the instrument.

price:The cost of the instrument. This could be a potential
price or price range of the instrument, such as the manufac-
turer recommended price, actual price, or price range to pur-
chase the instrument.

price_type: Whether the price/price range is the potential price
or actual price to purchase the instrument.
indoor_outdoor_use: Whether the instrument is intended to be
used inside a building or structure that is protected from the

natural environment. Or, if the instrument can be used out-
doors and can tolerate exposure to the natural environment.
is_personal_device: Whether or not the instrument is intended
to be used to and track information for individuals.
is_wearable_device: Whether or not the instrument can be
worn by individuals on their body or carried, and track infor-
mation. A boolean indication (Yes/No)
is_water_or_splash_proof: Whether or not the instrument can
tolerate exposure to water. A boolean indication (Yes/No).
needs_power_source:Whether or not the instrument needs a
source of power for its normal function. If power is needed, the
type of power should be listed. See "Source of Power."
power_source: The type of power that supports the instrument
for its normal function/s.

battery_operation_time_limit: The duration of battery life, if
the "source of power" is battery.

battery_capacity: The amount of electric charge the battery
can deliver at the rated voltage.

output_voltage: The voltage released by the battery.
is_rechargeable: Whether or not the battery’s electric charge
can be restored by connecting the battery to a recharging de-
vice. A boolean indication (Yes/No).

battery_type: The category of battery, based on the chemical
used in the battery’s electrochemical cells.

Charger: If the battery is rechargeable, this element is used to
describe the charger.

time_to_full_charge: The time taken to recharge the battery.
has_display: Whether or not the instrument is capable of dis-
playing information. If yes, more information can be recorded
in the following data element, such as how many monitors,
and what type of monitors does it have.

number_of_displays: The number of displays with the instrument.
display_type:The category of the monitor used to display
information.
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warranty_time: The length of time covered by the instrument’s
warranty.

warranty_condition: The facts or conditions under which the
warranty is valid.

lifetime_of_device: The duration of time during which the in-
strument is expected to function properly according to the
manufacturer.

recommended_maintenance_method: The method suggested
for maintaining the instrument.
recommended_maintenance_frequency: The frequency at
which the maintenance should be repeated.

Instructions:

e Extract relevant metadata from the provided text file, en-
suring accuracy in categorization.

o If information is missing, return “N/A” for that field.

¢ Output the extracted metadata in a JSON format. Do not
include additional information. I only need the JSON
structured metadata for the sensors mentioned in this
paper: < text here>.”

As a first step, we employed “pdfplumber” a Python library to
convert each PDF document into a plain text file to ensure that
the content could be effectively processed. These text files were
then passed to the GPT-40 model based on the developed prompt.
The model’s responses, which contained the extracted sensor
metadata, were programmatically captured and saved in Excel
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MCKGROU'O’ In response to COVID-19, attention was drawn to indoor air quality and interventions to mitigate airborne COVID-
of , Corsi-Rosenthal (CR) boxes, a do-it-yourself indoor air filter, may have potential co-

benefm of reducing indoor air contaminant levels.

OBJECTIVE: We employed non-targeted and suspect screening analysis (NTA and SSA) to detect and identify volatile and semi

volatile organic contaminants (VOCs and SVOCs) that decreased in indoor air following installation of CR boxes.
Using a natural experi

examined area count changes during vs. before operation of the CR boxes using linear mixed models.

RESULTS: Transformed (log2) area counts of 71 features significantly decreased by 50-100% after CR boxes were installed (False
Discovery Rate (FOR) pvalue < 0.2). Of the significantly decreased features, four chemicals were identified with Level 1 confidence,
45 were putatively identified with Level 2-4 confidence, and 22 could not be identified (Level 5). Kientified and putatively identified

features (Level 24) that declined included disinfectants (n = 1), fragrance and/or food chemicals (n = 9), nitrogen-containing
(n=4), esters (n= 1), polycyclic aromatic hydrocarbons (n = 8), polychlorinated

biphenyls (n = 1), pesticides/herbicides/insecticides (n = 18), per- and alkyl n=2),

and plasticizers (n= 2).
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quality by reducing a wide range of volatile and semi-volatile organic contaminants.
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we sampled indoor air before and during installation of CR boxes in 17 rooms inside an
occupied office building. We measured VOCs and SVOCs using gas chromatography (GC) high resolution mass spectrometry
(HRMS) with electron ionization (El) and liquid chromatography {LO) HRMS in negative and positive electrospray ionization (ESI). We

(n=3),

format (Figure 2). Despite explicitly instructing the model to re-
turn output in strict JSON format, the actual responses from
GPT-40 exhibited notable variation across documents. These
inconsistencies included extra quotation marks, commas, or in-
troductory phrases such as “the first sensor metadata” preceding
the structured content. As a result, the format of GPT’s output
was not uniform, making automated parsing and extraction of
metadata challenging. To address this, we performed a manual
review of all 20 outputs (already saved in an Excel file) to identify
a generalized pattern capable of isolating the JSON-formatted
metadata from surrounding text. We refined a regular expression
pattern that could robustly extract JSON blocks from all papers
regardless of their different formatting and validated this pattern
on a new (previously unused) paper to ensure its generalizability.
Each block is then parsed and appended to a growing Python
DataFrame. Once parsing is complete, the full set of extracted
metadata is saved as an Excel file, with one file generated per pa-
per for downstream analysis.

Reference standard preparation
t 33

Following the established methods for assessing agreement,
two human experts independently performed metadata extrac-
tion by manually reviewing the same 20 research articles and
extracted the same sensor metadata attributes for all sensors
reported in the papers. The experts created a reference (the ac-
tual value when the attribute was reported, or “N/A” when it was
absent). For each attribute, our pipeline returned either a textual

Figure 2. Example of input to GPT-augmented search (published journal article®’) and output (sensor metadata in JSON format).

INTRODUCTION

Humans spend a large fraction of time indoors. Often, pollutant
levels indoors are higher relative to outdoors. Therefore, indoor air
pollutants are an important component of the human exposome

Recently, we took advantage of a natural experiment to
examine changes in per- and polyflucalkyl substances (PFAS)
and other SVOCs in indoor air using Corsi-Rosenthal (CR) boxes (8]
The CR box Is a “do-it-yoursel® air filter consisting of four

(1), which is defined as the totality of exposures an
individual’s life [2). The indoor air exposome is comprised of
known constituents such as particulate matter (PM), volatile

organic contaminants (VOCs), and semi-volatile organic contami-
nants (SVOCs), which have been linked to adverse health effects
including allergies, cancer, endocrine disruption, and pre-mature
mortality [1, 3, 4]. Sources of chemical emissions in the indoor
environment include migration of outdoor alr, migration of gas
from soil or groundwater, and off gassing from fumiture,
carpeting, electronics, decorations, and consumer products [5-7].

< grade MERV-13 (or equivak filters and a box fan that
was designed in response to the COVID-19 pandemic to reduce
levels of airbome viral particles from indoor environments [9). We
used targeted mass spectrometry to quantify air concentrations of
42 PFAS and 24 other SVOCs, including phthalates, organopho-
sphate esters (OPEs), polychlorinated biphenyls (PCBs), and
brominated flame retardants (BDEs) [8]. We found that CR boxes
reduced air concentrations of seven PFAS (N-ethyl perfluoroocta
N-ethyl 3

rfl %, If acid,
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value or the literal string “N/A” when the paper provided no infor-
mation. Both experts compared GPT’s output to the reference
and labeled it agree when (i) the attribute was present and the
returned value matched the reference, or (ii) the attribute was
absent and GPT correctly returned “N/A.” All other cases were la-
beled ‘not agree’ (eg, a wrong value for a present attribute, or a
hallucinated value when the attribute was absent) along with an
explanation.

For each sensor we summarized these binary judgments
across all attributes to quantify the performance of the GPT
model against human expert annotations by computing four
standard evaluation metrics: precision, recall, accuracy, and F1-
score. True positives were agree cases where an attribute was
present and the value was correct; false negatives were not agree
cases where an attribute was present but GPT returned an incor-
rect value or “N/A”; false positives were not agree cases where an
attribute was absent but GPT returned a value; and true nega-
tives were agree cases where an attribute was absent and GPT
returned “N/A.” These metrics were calculated independently for
each sensor and then aggregated to assess overall model effec-
tiveness. Disagreements between the two experts were adjudi-
cated through a structured consensus process. After completing
independent reviews, the experts compared their agreement/
non-agreement labels and accompanying rationales attribute-
by-attribute. Any discordant judgments were flagged and jointly
re-evaluated by returning to the source text to determine
whether the attribute was truly reported and, if so, what the cor-
rect value should be. The final adjudicated label (agree Versus
not agree) and, when applicable, the corrected reference value
were then recorded as the consensus decision. As an example of
adjudicated disagreement, one paper was assigned a reference
value for the model_name attribute indicating the use of air-
quality monitoring stations (“Not specified; fixed-site monitors
operated by the Shanghai Environmental Monitoring Center
(SEMC)"). This assignment was based on the statement: “Daily
(24h) mean air pollution concentration data, including PM2.5,
PM10, NO2, SO2, and CO, from January 1, 2013 to December 31,
2014 were extracted from the Shanghai Environmental
Monitoring Center (SEMC) database.” The LLM returned “N/A” (no
sensing device recorded). One reviewer marked the LLM output
as not-agree because the paper clearly relied on SEMC'’s fixed-site
monitoring network, even though no specific instrument model
was named. The second reviewer marked it as agree, arguing that
the text references a data repository rather than explicitly de-
scribing a sensor device and therefore does not provide sufficient
evidence to populate the attribute “model_name”. The LLM
returned value reflects a stricter interpretation that a sensor
should be counted only when the article explicitly reports a de-
vice or monitoring instrument rather than only a data source.
Both experts agreed the paper did not explicitly describe a sens-
ing device (only a monitoring database/network), so the LLM out-
put was accepted, and the reference value was updated.
Moreover, there were a few cases where the LLM output reflected
a plausible inference and the two experts initially disagreed on
whether the attribute should be considered present or absent; af-
ter adjudication, the LLM-inferred value was accepted, and the
reference label was updated accordingly.

Along with the duration of the human review, we recorded the
processing time required for each paper, from the initial PDF-to-
text conversion, through GPT-based metadata extraction, to save
the final structured metadata in Excel format. These timestamps
were systematically logged to enable direct comparison with the

time taken by human experts to manually extract metadata
from the same set of documents.

Results

Through the manual review, a total of 36 sensors were identified
across 20 research papers. Of these 20 papers, one did not explic-
itly report any sensor device, and two additional papers were ul-
timately labeled as containing no sensing device after expert
disagreement was adjudicated, consistent with the LLM outputs,
which had already labeled these papers as not recording any
sensing device.

Table 1 presents the results of this manual extraction, showing
how frequently each metadata attribute related to the “Instrument”
entity was actually reported in the articles. Each row corresponds
to the number of sensors (out of 36) for which that attribute was
found and could be extracted manually (Coverage n), and the
percentage of total sensors with that attribute reported (Coverage
%). The attribute “measured_entities” was reported for 100% of
sensors, while attributes “model name” (83.33%), “mobility”
(80.56%), “indoor_outdoor_use” (77.78%), “instrument_type” (75%),
“is_personal_device” (75%), “is_wearable device” (72.22%), and
“manufacturer” (61.11%) were also commonly reported. In con-
trast, many technical specifications, such as “version_number”,
“battery_capacity”, “output_voltage”, “charger”, and “warranty_time”,
had 0% coverage, indicating they were not reported in any of the

Table 1. Coverage of papers for attributes for the “instrument”
entity.

Attribute Coverage (n) Coverage (%)
Model_name 30 83.33
Model_id 12 33.33
Version_number 0 0
Mobility 29 80.56
Measured_entities 36 100
Firmware_software_version 1 2.78
Instrument_type 27 75
Manufacturer 22 61.11
Patent_number 0 0
Patent_issued_country 0 0
Dimensions 2 5.56
Dimension_depth 2 5.56
Dimension_height 2 5.56
Dimension_length 2 5.56
Composition 10 27.78
Price 1 2.78
Price_type 0 0
Indoor_outdoor_use 28 77.78
Is_personal_device 27 75
Is_wearable_device 26 72.22
Is_water_or_splash_proof 2 5.56
Needs_power_source 13 36.11
Power_source 6 16.67
Battery_operation_time_limit 2 5.56
Battery_capacity 0 0
Output_voltage 0 0
Is_rechargeable 2 5.56
Battery_type 0 0
Charger 0 0
Time_to_full_charge 0 0
Has_display 4 11.11
Number_of_displays 1 2.78
Display_type 0 0
Warranty_time 0 0
Warranty_condition 0 0
Lifetime_of_device 0 0
Recommended_maintenance_method 1 2.78
Recommended_maintenance_frequency 1 2.78
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articles reviewed. This uneven distribution highlights that while
commonly used fields are often reported, more detailed technical
or maintenance-related information is rarely documented in re-
search papers. To enrich the metadata landscape and address
these reporting gaps, one promising direction is to supplement ex-
traction from primary texts with retrieval of referenced manufac-
turer catalogs or technical documentation. Specifically, when a
sensing device is mentioned in a paper, often by model name or
manufacturer, it may be linked to external sources such as user
manuals, datasheets, or product websites. Automatically identify-
ing these references and retrieving the corresponding documents
would allow for secondary metadata extraction from authoritative
sources. Incorporating this complementary metadata, particularly
for technical specifications, power requirements, and mainte-
nance instructions, could significantly improve coverage and com-
pleteness of the “Instrument” entity in metadata schemas and
enhance the robustness of downstream analyses in exposome and
environmental health research.

Table 2 presents the performance of GPT in the zero-shot set-
ting, accessed on November 5, 2025, and evaluated against the
expert-adjudicated reference labels across the 36 identified sen-
sors and their corresponding 38 metadata attributes in terms of
accuracy, precision, recall, and F1-score. Metrics were calculated
per paper and per sensor across all attributes. Across most
papers/sensors, performance is consistently high (accu-
racy ~0.89-1.00, F1~0.94-1.00), and recall is 1.00 for nearly all
non-zero rows, indicating that, when GPT identifies a sensor and

Table 2. Performance metrics per sensor.

Paper # Sensor # Accuracy Precision Recall F1_ Hallucination
score rate (%)
1 1 1 1 1 1 0
2 0.97 0.97 1 099 0
2 1 0.95 0.95 1 097 2.63
2 0.92 0.92 1 0096 2.63
3 1 0.92 0.92 1 0096 2.63
2 0.95 0.95 1 097 0
4 1 0.95 0.95 1 097 0
5 1 0.89 0.89 1 09 7.90
2 0.92 0.92 1 096 5.26
3 0 0 0 0 N/A
4 0 0 0 o0 N/A
5 0 0 0 © N/A
6 0 0 0 o0 N/A
7 0 0 0 o0 N/A
8 0 0 0 © N/A
6 1 0.97 0.97 1 099 0
7 1 0.95 0.95 1 097 5.26
8 1 0.97 0.97 1 099 0
9 1 0.95 0.95 1 097 5.26
10 1 0.97 0.97 1 099 0
2 0.97 0.97 1 099 0
11 1 1 1 1 1 0
12 1 0.97 0.97 1 099 10.53
2 0.97 0.97 1 099 10.53
3 0.97 0.97 1 099 10.53
4 0.97 0.97 1 099 10.53
13 1 0.92 0.92 1 0096 5.26
2 0.95 0.95 1 097 2.63
14 1 0.95 0.95 1 097 5.26
2 0.95 0.95 1 097 5.26
15 1 0.89 0.89 1 09 0
16 1 0 0 0 © N/A
2 0.89 0.89 1 09 0
17 1 0.89 0.89 1 094 5.26
2 0.92 0.92 1 0096 2.63
3 0.95 0.95 1 097 2.63

produces an output, it generally captures the attributes that
were present in the reference. The rows with all zeros represent a
different failure mode: GPT did not extract those sensors at all,
so no attribute-level matches were possible, and the resulting
metrics collapse to zero. These misses cluster notably in Paper 5
(sensors #3-#8) and Paper 16 (sensor #1), suggesting that the
dominant source of error is not attribute parsing once a sensor is
found, but rather the sensor-identification step.

Table 2 also records the hallucination rate per sensor, com-
puted as the number of attributes where the LLM produced a
value despite the reference being “N/A,” divided by the total
number of attributes (ie, 38). Note that an alternative definition
for hallucination rate is to divide by the number of attributes la-
beled “N/A” in the reference for that sensor. Still, because the
count of “N/A” attributes varies across sensors (ie, different
denominators per device), we report the hallucination rate using
a fixed denominator (38 attributes) to ensure comparability
across sensors and papers. In our evaluation, a hallucination is
defined as any instance where an attribute’s reference value was
“N/A” (ie, the paper did not report that attribute), but the LLM
nonetheless assigned a non-empty value for that attribute.
Notably, there were a few cases where the LLM output reflected a
plausible inference and the two experts initially disagreed on
whether the attribute should be considered present; after adjudi-
cation, the LLM-inferred value was accepted, and the reference
label was updated accordingly (these adjudicated updates were
not counted as hallucinations under our definition). Across the
sensors for which a hallucination rate could be computed (29/
36), hallucinations were generally infrequent: the median hallu-
cination rate was 2.63% (=~ 1 hallucinated attribute out of 38),
and the mean was 3.54%. Eleven sensors had 0% hallucination,
while the remaining sensors most commonly showed 2.63% (6
sensors; 1 attribute) or 5.26% (7 sensors; 2 attributes), with only a
small subset reaching higher rates (7.90% for 1 sensor; 3 attrib-
utes, and 10.53% for 4 sensors; 4 attributes), indicating that when
hallucinations occurred they were typically limited to a few fields
rather than widespread fabrication across the metadata profile.

Table 3 summarizes the average per-paper accuracy, preci-
sion, recall, and F1 for GPT’s extraction, and the final row reports
macro-averages: the average of each metric across the 17 papers.
Across the 17 papers, the model achieved consistently high

Table 3. Performance metrics per paper and overall
performance.

Paper # Average Average Average Average
accuracy precision recall F1 score

1 0.98 0.98 1 1

2 0.94 0.94 1 0.96
3 0.94 0.94 1 0.96
4 0.95 0.95 1 0.97
5 0.23 0.23 0.25 0.24
6 0.97 0.97 1 0.99
7 0.95 0.95 1 0.97
8 0.97 0.97 1 0.99
9 0.95 0.95 1 0.97
10 0.97 0.97 1 0.99
11 1 1 1 1

12 0.97 0.97 1 0.99
13 0.94 0.94 1 0.96
14 0.95 0.95 1 0.97
15 0.89 0.89 1 0.94
16 0.44 0.44 0.5 0.47
17 0.92 0.92 1 0.96
Overall 0.88 0.88 0.93 0.90
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average performance in most studies, with average accuracy/preci-
sion typically ~0.92-1.00 and average recall =1.00 for the majority
of papers, yielding average F1 scores around 0.96-1.00. This pattern
indicates that when sensors were clearly described as being used in
the study, the LLM reliably extracted the required metadata and
rarely missed attributes that were actually reported.

The overall metrics (accuracy=0.88, precision=0.88,
recall =0.93, F1=0.90) are lower mainly because performance
was dominated by a small number of papers, especially Paper 5
(F1=0.24) and Paper 16 (F1=0.47). These low averages are consis-
tent with error-analysis findings: these papers included multiple
sensor mentions where several devices were not extracted at all
(often because they appeared as comparator/reference instru-
ments or in literature-context statements rather than being ex-
plicitly deployed in the current study). As a result, recall dropped
in those papers, pulling down the overall recall and, consequently,
the overall F1 despite strong performance elsewhere.

The comparison of extraction time between manual and auto-
mated methods reveals a substantial efficiency gain achieved
through automation. On average, manual extraction of sensor
metadata from each paper took approximately 2,380s (about
39min), while the automated pipeline completed the same task
in approximately 21s. This results in a mean time saving of
2,359s per document, translating to a 99% reduction in execution
time. Overall, the automated method was approximately 174
times faster than the manual process.

Discussion

The GPT demonstrated the ability to infer metadata values that
were not explicitly stated in the text. In multiple cases, the model
successfully filled in missing details through contextual reason-
ing. All such inferred values were verified to be correct by expert
reviewers. This suggests that GPT can effectively generalize from
surrounding content to enhance metadata completeness. In
some cases, GPT also extracted relevant non-sensor devices such
as air pumps as distinct devices. Although these instruments do
not meet strict definitions of a sensor, they are integral compo-
nents of data acquisition and collection workflows and can mate-
rially influence the quality of the resulting data.

Most articles in the corpus were primarily focused on the ap-
plication of sensor devices in exposure health studies rather than
on the design or engineering specifications of the sensors them-
selves. As a result, metadata was often sparse or incomplete,
both for automated and manual extraction methods. Table 1
highlights this issue. While some basic descriptive metadata was
consistently available, more granular or engineering-specific
metadata was often omitted. Continuing the issue of metadata
sparsity, many articles referenced external sources for sensor
specifications rather than describing them directly. This practice,
along with the common placement of sensor details in brief
“Methods” sections, often limited the extractable information
about the sensors. One article described downstream analysis us-
ing chromatography, but did not provide details on how the air
samples were originally collected, instead referencing an exter-
nal publication. Future work should refine the prompt, clarifying
the distinction between primary study sensors and supporting/
reference devices, and, where helpful, using a small set of few-shot
examples with added reasoning guidance, to extract metadata for
both primary and explicitly named benchmark instruments while
still excluding mentions that only refer to monitoring networks,
datasets, or organizations without describing a specific device.

Future extractions could also benefit from citation traversal to re-
trieve linked sampling metadata.

Overall, the GPT-based pipeline substantially outperformed
manual methods in speed of metadata extraction. It demon-
strated high precision, recall, and overall performance, highlight-
ing the strong potential GPT to streamline and scale sensor
metadata extraction with minimal loss in quality. Despite its
strong potential, the pipeline also revealed the need for a more
adaptive and agentic approach to metadata extraction. Since
metadata is often dispersed across multiple sources, an effective
extraction framework must be capable of traversing citations
and external references, reconciling conflicting metadata values
across documents and against existing records in a metadata re-
pository and querying the internet for supplemental information.
Moreover, the time-saving ratio recorded in this study reflects
only per-document extraction runtime (human abstraction time
versus LLM inference and post-processing time) and does not in-
clude the fixed, upfront development costs required to operation-
alize the automated pipeline. In practice, substantial one-time
effort was needed to implement the extraction workflow (eg,
code development, prompt refinement, and rule-based regular-
expression design), and these setup activities can be non-trivial
for a new project or a new metadata schema. Accordingly, the ef-
ficlency gains reported here should be interpreted as benefits
that accrue with scale: once the pipeline is established, the mar-
ginal cost of processing additional papers becomes very small,
making automation increasingly advantageous as the number of
documents grows. Additionally, the pipeline should integrate
human-in-the-loop mechanisms to support adjudication and ex-
pert curation, as well as track versioning and updates to stored
metadata values over time.

This study demonstrates the use of Al methods to make sen-
sors and, in turn, the exposome FAIR (Findable, Accessible,
Interoperable, and Reusable).**?® By reducing the effort required
to discover and harmonize sensor metadata, this FAIRification of
sensors provides means to easily select, obtain, deploy, and reuse
sensors across exposure health, and provide a metadata-
enrichened approach to construct exposomes by assimilating ex-
posure profiles from prospective sensor deployments as well as
historic, ambient, and other real-world measurements.

Conclusion and future work

This study presents a novel application of LLMs, specifically GPT-
4, to automate the extraction of sensor metadata from unstruc-
tured exposure health literature. By focusing on the “Instrument”
entity within the SMARTER metadata model, we demonstrated
that GPT can significantly reduce the time and labor required for
metadata curation, achieving extraction speeds 174 times faster
than manual review and maintaining high performance across
key evaluation metrics. Our results confirm the feasibility of us-
ing LLMs for structured metadata extraction in domains where
sensor documentation is often sparse, heterogeneous, and
unstandardized. Moreover, the GPT showed strong contextual
reasoning, successfully inferring missing values, but occasionally
misclassified supporting instruments as sensors. Future work
should refine the prompt, clarifying the distinction between pri-
mary study sensors and supporting/reference devices and, where
helpful, using a small set of few-shot examples with added rea-
soning guidance, to extract metadata for both primary and ex-
plicitly named benchmark instruments while still excluding
mentions that only refer to monitoring networks, datasets, or
organizations without describing a specific device. Our findings
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also underscore the need to develop more adaptive pipelines that
incorporate citation traversal, metadata repository integration,
and human-in-the-loop curation, while also mitigating erroneous
attribute filling, as reflected in the observed hallucination rates.
Enhancing these capabilities will enable scalable, accurate, and
continuously updated metadata infrastructure to support sensor
integration in exposure health research.
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