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decision-making and policy formulation. This study developed a multimodal large language
model-based framework for extracting economic indicators of plastic chemicals from
unstructured sources. From 36,289 images and 969 literature sources, 44,249 entries
covering 814 chemicals were extracted across 9 economic indicators, including production
volume, production value, production capacity, market size, consumption, and
import/export volumes and values. The pipeline achieved an average F; score of 92.8% (95%
confidence interval: 89.9-95.6%), demonstrating high accuracy and comprehensiveness.
Toxicity data for 4,551 chemicals, environmental behavior parameters for 9,770 chemicals,
and regulatory information for 13,684 chemicals from 111 global lists were also manually
compiled. A graph attention network model was employed to predict 11 physicochemical
properties as well as the persistence, bioaccumulation, mobility, and toxicity (PBT/PMT)
properties of 9,768 chemicals. This study constructed the most up-to-date and
comprehensive dataset with multiple data types for plastic chemicals, providing an Al-based
methodological foundation for synthesizing big data to support the sound management of
plastic chemicals.
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Highlights
+ LLM-based data extraction pipeline achieved 92.8% F, score (95% Cl: 89.9-95.6%).
+ Over 40,000 records across 9 economic indicators for 814 plastic chemicals.

« Toxicity, environmental behavior, and regulatory data for > 13,000 plastic chemicals.
+ GAT model predicts 11 physicochemical property/PBT/PMT attributes for > 9,000 chemicals.
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The accelerating global production of plastics continues to exacerbate
plastic pollution worldwide!. In response, the United Nations
Environment Assembly has adopted a resolution calling for
international action to prevent, reduce, and ultimately eliminate plastic
pollution?. A central pillar of the proposed global plastics treaty is the
sound management of plastic chemicals®. The "plastic chemicals"
encompass not only polymer backbones but also intentionally added
substances, such as processing aids and additivest”, as well as non-
intentionally added substances (NIAS), including impurities, reaction
by-products, and degradation products®*',

To date, more than 16,000 chemicals are known or suspected to
be present in plastic materials and products®, many of which have
been documented to leach into the environment!”l and pose risks to
ecosystems, wildlife, and human health®l, Strengthening the scien-
tific basis for managing plastic chemicals is therefore essential to
addressing plastic pollution at its sources.

Effective management of plastic chemicals requires an integrated
understanding of their production and consumption patterns,
physicochemical properties, environmental behavior, toxicological
profiles, and regulatory status®'%. However, such information
remains highly fragmented across heterogeneous sources and is
often reported in unstructured formatst'!, which severely hampers
systematic data integration. Existing chemical databases frequently
lack quantitative details or key contextual attributes. For example,
the European Chemicals Agency's high production volume chemi-
cal listl'2 classifies substances only as being produced above a
threshold level, without specifying exact production quantities,
timeframes, geographic distribution, or data provenance. These
limitations significantly constrain robust risk assessment and
evidence-based decision-making, underscoring the urgent need for
a comprehensive and systematic dataset of plastic chemicals.

Historically, the construction of chemical datasets has relied on
manual data retrieval or conventional rule-based text mining
approaches!'3! applied to a limited corpus of literature. Such meth-
ods are labor-intensive, difficult to scale, and prone to data incom-
pleteness. Moreover, critical information on chemical production,
trade, and market dynamics is frequently presented in graphical
formats, such as charts and figures embedded in online reports and
webpages!'¥. The vast number of such images available online
further limits the effectiveness of traditional text mining techniques,
highlighting the need for more advanced approaches capable of

sources.

Recent advances in large language models (LLMs) have trans-
formed text mining by enabling direct semantic understanding of
complex texts. LLMs such as GPT-4'> have been successfully
applied to automated data extraction in materials sciencel’®7],
medicinel'8], and toxicology!'?, achieving high accuracy. However,
most state-of-the-art LLMs remain closed-source, resulting in
prohibitive costs for large-scale applications, and are primarily opti-
mized for English-language text, with limited capacity for image
data or non-English sources. The emergence of open-source multi-
modal LLMs offers a promising alternative. In particular, Qwen2-
VLI20l demonstrates strong performance in both text and image
understanding, with notable proficiency in Chinese-language
content, enabling scalable and cost-effective data extraction across
multilingual and multimodal sources.

In this study, a workflow was developed for automated, struc-
tured, and high-throughput extraction of economic indicator data
for plastic chemicals from both textual literature and images, using
open-source multimodal LLMs (Qwen2-VL-72B and Qwen2.5-
32B)[291, The workflow enabled the generation of a large-scale, multi-
dimensional dataset comprising 44,249 records for 814 chemicals.
The dataset includes production volumes, production values,
production capacities, market sizes, consumption volumes, and
import and export volumes and values, with each record accompa-
nied by detailed temporal, spatial, and source information.

The dataset was further enriched through integration of manu-
ally curated information and in silico predictions, incorporating 11
physicochemical properties as well as persistence, bioaccumulation,
mobility, and toxicity (PBT and PMT) properties, 67 toxicity
endpoints, 12 environmental behavior parameters, and 111 chemi-
cal inventories or regulatory lists from 26 countries and regions.
Together, the proposed workflow and dataset provide a robust
foundation for advancing the sound management of plastic chemi-
cals and supporting evidence-based policy development in the
global effort to address plastic pollution.

Materials and methods

The dataset for plastic chemicals constructed in this study integrates
four categories of data obtained through different approaches (Figure
1). Economic indicator data were extracted using an LLM-based
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workflow. Toxicity data and environmental behavior parameters were
compiled through a systematic literature review. Physicochemical
properties, as well as PBT and PMT properties, were predicted using
established computational toxicology models. Regulatory information
was retrieved via systematic searches of official regulatory agency
websites.

Economic indicator data

The LLM-based workflow for economic indicator data mining primarily
comprises four stages: (1) data source identification, (2) data collection,
(3) data extraction, and (4) data processing (Figure 1).

Data source identification

A systematic search was conducted on the Web of Science platform
and an industry report website (e.g., the United Nations Environment
Programme, UNEP)?" using the keywords "plastic additives” and
"plastics". Two comprehensive datasets on plastic chemicals were
identified: the PlastChem dataset™® developed by the Norwegian
University of Science and Technology, and the dataset compiled by the
UNEP, referred to as "CIP" in the "Chemicals in Plastics: A Technical
Report" ['"l. As the PlastChem dataset (Supplementary Table S1) fully
encompasses all entries included in the CIP dataset (Supplementary
Table S8), it was selected as the primary data source. Details on the
manual data verification process (Supplementary Fig. S1) are provided
in the Supporting Information (SI). The final inventory comprised
17,932 plastic chemicals, of which 16,325 were associated with valid
Chemical Abstracts Service (CAS) registry numbers (Supplementary
Table S2). Core chemical identifiers, including the CAS numbers,
Simplified Molecular Input Line Entry System (SMILES) strings, and
chemical names from the PlastChem datasetl®, were used for
subsequent data integration and analysis.

Economic indicator data for plastic chemicals, including produc-
tion volume and value, production capacity, market size, consump-
tion, and import/export volumes and values (detailed in the SI),
were collected primarily from online images and literature reviews.
The images were obtained from three publicly accessible industrial
websites (AskCl2Z, Fxbaogao?3, and Qianzhan(24), which provide
market statistics and industry data in both Chinese and English.

These platforms are not only leaders in industrial consulting but also
provide data sourced from authoritative institutions such as the
National Information Center and the Bureau of Statistics, and are
widely recognized and utilized across the industry. The literature
reviews were obtained from an open-access literature database
(Cqvipl?3)). Bibliographic platforms including Web of Science?®! and
PubMed[27! were not used as data sources due to scope limitations
(e.g., the absence of review articles reporting market-size statistics
for specific chemicals).

Data collection

The economic indicator data were primarily retrieved from websites in
image formats (e.g., bar, pie, and line charts). To collect this information
systematically, chemical names from the plastic chemical inventory
(Supplementary Table S2) were combined with relevant keywords (e.g.,
"production volume") to manually download image files (JPG format)
from selected websites. Similarly, academic literature (PDF format) was
downloaded from the Cqvip platform®! using the same set of
keywords, with January 2, 2025 as the cutoff date.

The filenames of the downloaded files retained their original
naming conventions, summarizing the content and key indicators
covered. To ensure relevance to economic indicators, a keyword-
based screening approach was applied, with selected terms includ-
ing "prospects”, "outlook", "progress", "development", "market",
"production”, "application", "industry", "demand", "current situation",
and "trend". In total, 36,289 online images and 969 literature docu-
ments were collected related to the economic indicators of plastic
chemicals.

Data extraction
To extract structured data from both image-based charts and textual
literature, multimodal LLMs, Qwen2-VL-72B and Qwen2.5-32B%%, were
deployed locally. The models' outputs were guided by specifically
designed prompts that incorporated clear logic, explicit rules, and
repeated reminders of common errors to mitigate issues such as
machine hallucinations.

Qwen2-VL-72B, developed by Alibaba's DAMO Academy, was a
flagship open-source visual multimodal model as of September
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Fig. 1 Schematic overview of the workflow for the dataset construction.
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20241281 |t outperforms the closed-source model GPT-40 in bench-
marks such as document and diagram reading!?.. For instance, in a
chart-based question-answering task, Qwen2-VL-72B scored 88.3,
surpassing GPT-40's score of 85.728. Qwen2.5-32B, excelling in text
comprehension!??], scored 69 in a multidisciplinary knowledge
understanding benchmark, outperforming GPT-40 Mini (score
63.1)29, Therefore, Qwen2-VL-72B was selected for image data
extraction, and Qwen2.5-32B was used for text.

The extraction prompt consisted of three components: extraction
requirements, detailed instructions, and critical notes. The extrac-
tion requirements specified a standardized output format, with
fields for "chemical name", "economic indicator type", "numerical
value", "unit", "year", "month", and "location". The detailed instruc-
tions clarified rules for generating each output element, with 9
specific economic indicators listed. Missing fields were labeled as
"no information", and irrelevant data were filtered out by the critical
notes. The full text of the prompts is provided in the SI. To enhance
text extraction accuracy, the PDF files were converted to plain text
using the PyMuPDF Python packagel3%. All the extraction codes are
available at https://github.com/johannatsui-cyhan/Ciplastic.

Data processing

The chemical names associated with the economic indicator data were
mapped to their CAS numbers using chemical dictionary tools
(GuideChem and Ichemistry)B'32, The CAS numbers were cross-
referenced with the plastic chemical inventory to retain only the
relevant data. After screening, there were 6,267 images and 373
literature sources that contained valid information. A thorough manual
data cleaning process was followed, including unit standardization,
deduplication, and verification, which was detailed in the SI
(Supplementary Table S3).

Precision (R), recall (R)), and F; score are commonly employed
evaluation metrics for assessing the reliability of LLMs in text mining
tasks!(131619], These metrics were computed by selecting a sample of
images and literature (validation set) and comparing the automati-
cally extracted data records with those obtained through manual
annotation. In this study, a validation set comprising 101 images
and literature sources (755 entries) containing all 9 economic indica-
tor data was selected by stratified sampling (detailed in the Sl). The
Ror R and Fy score were subsequently calculated:

R, = N1p/(Ntp + Nrp) (1)
R: = Ntp/(Ntp + NrN) 2)
F1 =2XRyXR/(Ry +Ry) 3)

where Nrp, Nep, and Ngy represent the number of true positives, false
positives, and false negatives in the validation dataset, respectively.
The F; score is the harmonic mean of R, and R, with a higher value
indicating better performance of the LLM-based data extraction.

Toxicity data and environmental behavior
parameters

To compile toxicity-related and environmental behavior parameters
(Supplementary Table S9), manual searches were performed on the
Web of Science platform?! and across multiple open databases
(detailed in the Sl). The canonicalized SMILES strings (detailed in the SI)
of plastic chemicals were manually matched with the corresponding
entries in the compiled dataset, resulting in a comprehensive dataset
on plastic chemical properties (Supplementary Table S4).

Physicochemical, PBT, and PMT properties
In-house graph attention network (GAT) models were applied to
predict physicochemical properties (e.g., vapor pressure, water

solubility, and Henry's law constant), environmental behavior
parameters (e.g., biodegradation half-lives in water and sediment), and
key properties (e.g., PBT and PMT) (Supplementary Table S5, S10, and
S11). The SMILES strings of plastic chemicals were used as input for the
GAT-based models (detailed in the SI).

Regulatory information

To compile global chemical inventories and regulatory lists relevant to
plastic chemicals, ChemRadar*3! was first used as a screening tool to
identify national and regional chemical inventories and regulatory lists
worldwide. Subsequently, the original official sources of all identified
inventories and regulatory lists were manually consulted. The inclusion
status of plastic chemicals in each list was determined based on their
CAS numbers (Supplementary Table S6). In addition, the most recent
update date and geographic scope of each inventory or regulatory list
were documented (Supplementary Table S7).

Results and discussion

Performance of the LLM-based data extraction
The performance of the LLM-based data extraction demonstrates
robust and reliable results when applied to tasks involving the 9 key
economic indicators, particularly with the effective prompt
engineering strategies. For images in the validation set containing the
target information, the model achieves an R, of 91.1%, an R, of 95.0%,
and an F; score of 92.9% (Supplementary Table S12). For literature-
based sources in the validation set, the Ry, R,, and F; score are 95.2%,
88.2%, and 91.6%, respectively (Supplementary Table S12). These
outcomes reflect the model's high accuracy and completeness in data
extraction. The Qwen2.5-32B and Qwen2-VL-72B models outperform
other models in similar text extraction tasks, such as Llama-2 (R, =
83.6%, R, = 82.1%) for material-related data!'®, and GPT-4 (R, = 91.0%,
R, = 81.0%) for toxicological datal'.

A retrospective error analysis identified the primary causes of false
positives (Ngp) and false negatives (Ngy) in the workflow (Supple-
mentary Table S13 and S14). In the case of images, the false posi-
tives often resulted from vague or overlapping data labels, leading
to misclassification. The false negatives were mainly caused by
incomplete or ambiguous captions missing essential contextual
information, such as geographic regions or time periods. For
instance, the title of an image might read "RedSun's chlorantranilip-
role industry chain capacity planning table from 2024 to 2027."
While the model correctly identified the data, it missed the company
name "RedSun Group", which led to the omission of associated loca-
tion data. These observations suggest that many false negatives
were caused by missing entity-level information rather than model
reasoning errors, a limitation that is often addressed through exter-
nal knowledge grounding methods such as Retrieval-Augmented
Generation (RAG)B4. However, the fragmented and weakly struc-
tured nature of the available data precluded the construction of a
reliable retrieval corpus, preventing the systematic use of RAG in
this study.

In textual literature, the false negatives were typically caused by
vague phrasing where essential details, such as the type of
economic indicator, spatial context, or temporal reference, were
implied but not explicitly stated. For example, the statement "the
import volume of polyethylene was 4.9 million tons last year" with-
out a specified year may result in missed extraction of the data.
The false positives occurred when irrelevant terms, such as "demand
volume" or "growth rate", were mistakenly identified as valid data
points, leading to the extraction of unnecessary information. Fu-
ture enhancement may involve the introduction of an automated
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feedback loop mechanismB5-39, where the model generates its own
feedback and refines its prompts accordingly, or incorporates
domain-specific examples to optimize performance. This iterative
process would enhance model accuracy and ensure it adapts to
evolving data patterns.

Compared with traditional multimodal deep learning methods,
LLMs offer key advantages for extracting chemical information from
images and literature. They achieve high extraction performance
with minimal or even zero labeled data, whereas conventional
models often require large annotated datasets34. Unlike rule-based
approaches!’3], LLMs do not rely on manually crafted patterns,
providing greater flexibility and robustness for diverse and complex
chemical information. Moreover, they enable efficient and accurate
information extraction, reducing human effort and potential bias.
These features highlight the necessity and practical advantages of
using LLMs in constructing plastic chemical datasets.

Crucially, the developed workflow overcomes the limitations of
traditional dataset construction by enabling the batch extraction of
structured data from a large corpus of unstructured images (36,289
items) and literature (969 documents).

Economic indicator data coverage

Economic indicator data on plastic chemicals are currently limited, with
only a few registered production volumes reported in European and
American countries. These data often rely on coarse categorical ranges,
such as 10, 100, or 1,000 metric tons (Supplementary Table S1), and
lack clearly defined temporal or spatial boundaries. Data from other
regions and across different scales remain fragmented and sporadic.
These limitations impede a comprehensive and accurate assessment of
global plastic chemical usage. Consequently, advanced scientific and
technological approaches, such as the Al-based methods, are required
to address the data gaps.

With the LLM-based workflow, the newly constructed dataset
extends beyond production volume to include eight additional
economic indicators, namely production capacity, production value,
market size, consumption volume, import and export volumes, and

their corresponding monetary values (Supplementary Table S3).
These indicators are reported as specific values across multiple
temporal and geographical scales, substantially expanding the reso-
lution and scope of economic information on plastic chemicals. In
total, the dataset comprises 44,249 entries covering 814 plastic
chemicals. All the data are standardized in scientific notations with
consistent units, unique identifiers, and detailed metadata, thereby
conforming to the Findability, Accessibility, Interoperability, and
Reusability (FAIR) principles“?, It should be noted that the reported
indicators reflect the total industrial usage across all application
sectors. Disaggregation to plastic-specific applications would
require additional sector-specific allocation assumptions, which may
be addressed in future application-oriented analyses. Additionally,
the dataset generated using LLM-based text mining may include
some inaccuracies and should be applied with caution in subse-
quent analyses.

Among all the indicators, production volume is the most
frequently reported (16,224 records across 461 chemicals), followed
by production capacity (7,896 entries) and consumption volume
(7,308 entries), as shown in Figure 2. Seventeen chemicals with avail-
able economic data are classified as substances of very high
concernl*'l, among which bisphenol A exhibits the largest number
of records (225 entries), reflecting its high production volume and
well-documented environmental and health risks*2. Economic indi-
cator data are also relatively abundant for per- and polyfluoroalkyl
substance (PFAS)-related plastic chemicals, such as polytetrafluo-
roethylene, tetrafluoromethane, and polyvinylidene fluoride,
providing a quantitative basis for their exposure and risk assess-
ments.

The economic indicators such as production, consumption, and
trade volumes constitute essential inputs for material flow analysis
(MFA)43-451 3 core approach in industrial ecology for quantifying
anthropogenic chemical cycles“6-49, MFA applies mass balance
principles to estimate chemical stocks, flows, and releases across
life-cycle stages. However, traditional MFA studies have relied on
manually extracted data from statistical yearbooks and literature,
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Fig. 2 Data size of the 9 collected economic indicator data in the current dataset (unit: entry).
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resulting in substantial labor requirements and limited chemical
coverage. A review of published studies indicates that only 269 plas-
tic chemicals were investigated with MFA between 2000 and
202231, underscoring the persistent data gaps. The comprehensive
economic indicators provided herein are conducive to addressing
the data gaps and enabling broader MFA applications.

Dynamic MFA further requires long-term time series data to
capture the evolution of in-use stocks and delayed emissions*4l,
Such data have been largely absent from existing resources>¢. The
present dataset may fill this gap by spanning both historical
(1886-2024) and projected (2025-2060) periods. The dataset
includes annual (70.5%), quarterly (1.3%), and monthly (28.2%)
observations (Figure 3), supporting high-resolution temporal analy-
ses and scenario-based projections.

From a spatial perspective, prior MFA studies have predomi-
nantly focused on regional>9-52 or global scales3>4, largely due to
the scarcity of spatially resolved chemical data. The current dataset
provides multi-scale coverage, including global, regional (e.g., Asia),
national (e.g., Australia), subnational (e.g., Beijing), and company-
level (e.g., Mitsubishi Chemical Group) indicators (Figure 2). The
national-level data dominate the dataset, comprising 32,668 entries
from 73 countries. Notably, China, accounting for over 40% of the
global chemical consumption in 202355, has been substantially
underrepresented in earlier datasets. This study addresses this criti-
cal gap by incorporating 30,808 entries of Chinese economic indica-
tors across all nine indicators, thereby supplementing necessary
data for global material flow and risk assessments of plastic chemi-
cals.

To demonstrate practical applicability, the dataset was used to
conduct a dynamic MFA of polytetrafluoroethylene (PTFE) in China
from 2001 to 2025, as detailed in the SI (Supplementary Table S15
and S16). The results indicate steadily growing in-use stocks and
waste generation of PTFE, reaching 1.40 x 10° kg and 5.41 x 107 kg
in 2025, respectively. The emissions are dominated by the waste
disposal stage, with substantial releases of both micro- and macro-
plastics, primarily to soil. This case study illustrates how the dataset
enables integrated assessments of sources, flows, and sinks of plas-
tic chemicals.

The finest spatial resolution of the dataset is at the company level,
comprising 4,928 entries. The company-level indicators not only
support national aggregation but also enable the identification of
pollution hotspots and targeted mitigation strategies. Such granu-
larity is particularly relevant for policy design and corporate
accountability, especially for producers of environmentally prefer-
able chemicalsl€l. Transparent reporting at this scale may facilitate

informed decision-making and support sustainable industrial transi-
tions.

Finally, the dataset identifies 423 chemicals with production
volumes exceeding 1.00 x 106 kg-year~' at national, subnational, or
company levels, meeting the threshold for high-production-volume
(HPV) chemicalsl'2. Applying the criterion, 522 chemicals exceed
this limit in production capacity, 285 in consumption, and 265 in
trade volumes. Many of these high-volume substances fall into cate-
gories of regulatory priority®7:58], including PFASs, organometallic
compounds, and ortho-phthalates. These findings highlight the
necessity of incorporating consumption and trade data alongside
production figures in chemical risk assessments. The enriched
dataset presented herein may provide a robust foundation for such
comprehensive evaluations.

It should be noted that the economic indicators of chemicals,
including production and trade volumes, are inherently time-depen-
dent variables rather than fixed attributes. They continuously evolve
in response to market demand, regulatory interventions, technolog-
ical substitution, and broader socio-economic conditions. Conse-
quently, there is no single, temporally invariant value that can fully
represent real-world chemical production or usage. Even official
statistics, such as those reported through the EU-REACH registra-
tion system, are typically derived from periodic reporting, declara-
tions, or estimations, and therefore reflect institutionally bounded
snapshots rather than comprehensive or real-time market realities.

At the global scale, the chemical economic data are further char-
acterized by substantial sparsity and heterogeneity. Available infor-
mation is fragmented across regions, regulatory systems, and indus-
trial sectors, and is often collected for purposes unrelated to chemi-
cal risk assessment. Variations in reporting boundaries, statistical
methodologies, confidentiality constraints, and human reporting
practices introduce systematic inconsistencies among data sources.
Under these conditions, the primary methodological challenge is
not the recovery of an unattainable ground truth, but the integra-
tion and structuring of dispersed, low-resolution, and partially over-
lapping information.

The limitations of point estimates are illustrated by widely used
plastic chemicals such as dioctyl phthalate, for which reported
production and trade volumes have varied substantially over time.
These variations reflect shifting regulatory restrictions, regional
industrial demand, and broader economic fluctuations, highlighting
the need for approaches that emphasize coverage, comparability,
and trend identification rather than precise quantification.

Accordingly, the present study contributes an LLM-based data
mining framework that systematically consolidates heterogeneous
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and often unstructured economic indicator records into unified,
machine-readable datasets. The framework is reproducible, scalable,
and highly efficient, enabling levels of coverage and internal consis-
tency that would not be achievable through traditional manual liter-
ature reviews. While the resulting datasets do not resolve existing
gaps in environmental or health hazard information, they provide a
systematic basis for identifying representational imbalances, priori-
tizing substances for further investigation, and supporting down-
stream statistical or predictive modeling in data-poor chemical
domains.

The number and types of chemicals for which economic informa-
tion can be extracted are necessarily constrained by the availability
of existing reports and records. In general, high-volume or widely
used commodity chemicals are better documented, whereas emerg-
ing or niche substances remain sparsely characterized. Rather than
obscuring this imbalance, the present framework explicitly reveals
and quantifies it. For plastic chemicals with remaining data gaps, the
structured datasets generated herein provide a foundation for
subsequent predictive modeling using machine learning
approaches®., In addition, integration with emerging data acquisi-
tion strategies, including automated sensing®, digital product
passports®l, and robotic sampling technologies®?, may progres-
sively improve data completeness and reduce uncertainty.

Overall, this study should be regarded as a methodological and
foundational data contribution rather than a source of definitive or
fully authoritative economic indicator data. The primary value of the
dataset lies in improving transparency, enabling scalability, and
systematically identifying data gaps in domains where perfect data
are intrinsically unattainable.

PthicochemicaI properties, environmental
behavior parameters, and PBT/PMT properties
The dataset includes 11 physicochemical properties relevant to plastic
chemicals, covering 9,768 substances (Supplementary Table S5). The
properties, including boiling point, melting point, vapor pressure,
water solubility, and Henry's law constant, are key determinants of
chemical fate, controlling volatilization, solubility, degradation, and
inter-media partitioning. As essential inputs for multimedia
environmental models“2466364, they underpin the simulation of
chemical distribution across the environment at multiple spatial scales.

In addition, 12 environmental behavior parameters were incorpo-
rated, covering 9,770 chemicals (Supplementary Tables S4 and S5).
Among the parameters, degradation half-lives and ready biodegrad-
ability are particularly relevant for regulatory screening, as they
directly inform persistence assessments under international frame-
works such as the Stockholm Convention on Persistent Organic
Pollutants(®]. The integration of these physicochemical and environ-
mental behavior parameters substantially enhances exposure
modeling and risk assessments, supporting regulatory intervention.

Using the dataset, 2,144 chemicals were identified as exhibiting
PBT properties and 3,951 as PMT substances (Supplementary Table
S5), including 4,542 compounds not previously classified within
these categories. The omission of these chemicals in earlier evalua-
tions may have led to an underestimation of plastic chemical risks.
For example, bis[4-(2-phenyl-2-propyl)phenyllamine, a widely used
plastic antioxidant, exhibits a log bioaccumulation factor of 5.98 in
aquatic organisms, exceeding the regulatory threshold of 3.70[],
Moreover, only 17.0% of its organic carbon was mineralized within
28 days®7l in the OECD-ready biodegradation tests®d, far below the
60% criterion!®d), indicating its poor biodegradability and a poten-
tial for environmental persistence. This compound has also been
associated with skin sensitization(®8! and mitochondrial membrane
potential disruption(®! (Supplementary Table S4).

Toxicity profiles

The current dataset compiles toxicity information for 4,551 plastic
chemicals across 67 endpoints spanning 18 major categories
(Supplementary Table S4). The endpoints encompass molecular-level
responses (e.g., estrogen receptor o agonism), cellular-level effects
(e.g., neurocytotoxicity), and organ-specific outcomes (e.g.
hepatotoxicity), thereby enabling characterization of chemical toxicity
across biological scales. Such endpoint diversity allows assessment of
chemical hazards under different biological and environmental
contexts and supports downstream applications in regulatory
screening and risk-oriented analyses.

The dataset includes both discrete and continuous toxicity
measurements, comprising 48 categorical toxicity endpoints and 19
continuous endpoints (Supplementary Table S4). This structure
provides a flexible data foundation for computational toxicology
applications, including the development of prediction models using
conventional machine learning approaches (e.g., random forests)70l
or deep learning architectures (e.g., graph neural networks)79, In
addition, the availability of multiple toxicity endpoints facilitates the
implementation of multi-task learning frameworks, which can lever-
age shared toxicological patterns across endpoints to enhance
model robustness and generalizability7'.72],

Beyond toxicity prediction, the dataset may also support data-
driven chemical design. The integrated toxicity profiles can be incor-
porated into generative Al approaches!’3-7%], such as generative
adversarial networksl73-73], to guide the exploration of molecular
structures with reduced toxicological potential, thereby informing
the development of safer chemical alternatives.

Inventory and regulatory scope

The dataset developed in this study mapped the inclusion status of
13,684 plastic chemicals across 111 chemical inventories and
regulatory lists (Supplementary Tables S6 and S7). These include 31
existing chemical substance inventories and 80 regulatory lists
targeting hazardous or restricted substances (Supplementary Table
S7), with broad coverage in regulation, geography, and chemicals
(Supplementary Table S6).

The regulatory lists span multiple governance levels, including
international (e.g., IARC Monographs on the Identification of
Carcinogenic Hazards to Humans)’®), regional (e.g, EU Prior
Informed Consent Regulation Annex | Banned Chemicals)’7), and
national or subnational regulations”8791, The national-level regula-
tions dominate the dataset, accounting for 63 lists across four conti-
nents, such as China in Asia (54 lists), France in Europe (5 lists), the
United States in North America (3 lists), and New Zealand in Ocea-
nia (1 list).

Overall, 9,301 plastic chemicals are included in at least one regula-
tory list. Regulatory intensity varies widely across jurisdictions, with
the "New Zealand Inventory of Chemicals" 8% containing the largest
number of hazardous plastic chemicals (7,621), whereas "Indonesia's
List of Hazardous and Toxic Substances" B' includes only 144.
Among the regulated substances, PFASs constitute the most heav-
ily regulated category (440 chemicals), followed by organometallic
compounds (365 chemicals) and azo dyes (89 chemicals). For
instance, perfluoroalkyltriethoxysilane is fully prohibited in Europe
and subject to restrictions in several Asian countries, yet remains
unregulated in many regions where it is still widely used in packag-
ing, textiles, and architectural materials. This disparity illustrates the
lack of international harmonization in plastic chemical regulation,
which poses challenges under the increasingly globalized produc-
tion and trade systems.

In contrast, 7,024 plastic chemicals are not listed on any regula-
tory inventory. Among these, 1,958 exhibit PBT or PMT properties.
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Notably, six unregulated toxic chemicals exceed the HPV threshold
of 1.00 x 10% kg-year-'['2, One example is cis-1,2,3,6-tetrahydroph-
thalic anhydride, a widely used epoxy resin curing agent and plasti-
cizer with documented respiratory toxicity and corrosive
effectsl®882], Despite an annual production volume of up to 5.1 x 10°
kg-year-! in China, this chemical is not included in any national or
international regulatory list, representing a significant regulatory
blind spot.

At present, only one regulatory framework, the "EU Regulation
10/2011: Authorized Substances for Plastic Food Contact Materials",
is specifically designed for plastic-related chemical control. This
limited sector-specific coverage underscores the need for a dedi-
cated priority control list for plastic chemicals to support sustain-
able development of the plastics industry.

Finally, the dataset enables scenario-based modeling of regula-
tory interventions and their impacts on chemical flows through
human and environmental systems. Continued dynamic monitor-
ing of regulatory developments is essential. Strengthened interna-
tional cooperation and data sharing will be critical for closing regu-
latory gaps and reducing risks associated with plastic chemical
pollution.

Conclusion

This study introduces a multimodal LLM-based framework for large-
scale chemical information extraction, enabling accurate retrieval of
economic indicators for plastic chemicals from unstructured images
and literature. The framework achieves a mean F; score of 92.8% (95%
confidence interval: 89.9-95.6%) and ensures full reproducibility
through open data and code. By integrating manual literature retrieval
and computational modeling, the resulting dataset also covers
physicochemical properties, toxicity, environmental behavior, and
regulatory information, supporting comprehensive chemical risk
assessment and sustainable transformation of the plastics industry.
Given that more than 350,000 chemicals and mixtures are estimated to
be in commercial use worldwide!®?, with limited information available
for many of them, the workflow proposed here offers a scalable
approach to closing the critical data gaps. In the longer term, Al agent-
based systems could automate the full pipeline, from data acquisition
and extraction to analysis and reporting, substantially reducing manual
effort and enabling the construction of comprehensive chemical
information infrastructures across industrial sectors.

Despite these advances, several limitations remain. Economic
indicators are not uniformly available across chemicals, time peri-
ods, or regions, largely due to incomplete statistical reporting,
particularly in non-OECD countries and at company-specific levels.
Addressing these gaps will require strengthened chemical gover-
nance frameworks that mandate transparent disclosure of produc-
tion capacities and volumes.

The trade-related data are also comparatively limited. A major
constraint arises from the coarse resolution of the Harmonized
System (HS) codes used in international trade databases, such as UN
Comtradel®¥, which often rely on 4- or 6-digit classifications that
cannot uniquely identify individual chemicals. This lack of specificity
hampers the tracing of cross-border chemical flows and the assess-
ment of their contributions to transboundary environmental pollu-
tion. Enhancing the granularity and transparency of chemical identi-
fiers in global trade statistics is therefore critical for advancing inter-
national chemical monitoring and policy analysis.

The current dataset should be regarded as a baseline rather than
a ceiling. Continued progress in non-targeted analytical techniques
is expected to substantially expand the recognized chemical space

associated with plastics. Moreover, as the dataset is primarily
derived from Chinese- and English-language sources, its global
representativeness would benefit from the systematic inclusion of
multilingual literature and regulatory documents.
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