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ABSTRACT

Machine learning (ML) is transforming materials research, yet potential
for biopolymer discovery remains constrained by fragmented data and non-
standardized reporting. Biopolymers differ significantly from synthetic polymers,
requiring specialized approaches to represent their biosynthetic origins, hierar-
chical structures, and application-specific metrics. In this perspective, we iden-
tify three core challenges limiting biopolymer representation: information encod-
ing, data quality, and data sharing. Unlike prior reviews on polymer informatics,
this perspective explicitly focuses on biopolymer-specific challenges arising from
biosynthetic variability, hierarchical structure, and environmental sensitivity, and
outlines interoperable, ML-ready solutions tailored to these three key challenges.
Recommendations include the design and adoption of biopolymer-specific finger-
printing frameworks, the development of hybrid data extraction strategies, and
the expansion of Findable, Accessible, Interoperable, Reusable (FAIR)-compliant
repositories. We propose a robust foundation to define interoperable, high-quality
datasets that capture the full context of biopolymer materials. Standardized meta-
data, shared ontologies, and community-driven infrastructure will enable scalable,
reproducible workflows and accelerate the ML-driven development of biopoly-
mers.

1 INTRODUCTION

Machine learning (ML) is increasingly central to materials discovery, enabling scalable struc-
ture—property modeling, accelerated screening, and data-driven optimization across polymer sys-
tems |Himanen et al.| (2020); Mannodi-Kanakkithodi & Chan|(2021)); Lalonde et al.| (2025); |Artrith
et al. (2021)); Butler et al.|(2018)). While synthetic polymer informatics has advanced rapidly through
standardized representations, curated repositories, and ML-ready datasets, (Gurnani et al.| (2023);
Tran et al.| (2024)); [Phan et al.| (2024); [Toland et al.| (2023)) analogous progress for biopolymers
remains limited Kuenneth et al.| (2022)); Roumeli et al.| (2025); Malashin et al.| (2024). Biopoly-
mers are a chemically diverse group of biomolecules ranging in size from 3 to 14+ linear carbon
chains, to proteins with hundreds of amino acid residues and complex hierarchical structures, to
polysaccharide chains that can be thousands of sugar units in length. They may be produced biolog-
ically or from biological sources, with examples such as polyhydroxyalkanoates (PHAs), polylactic
acid (PLA), starch, silk, and chitin. These materials exhibit environmental sensitivity and process-
dependent variability that are poorly captured by existing polymer data frameworks [Fransen et al.
(2023)); Mateu-Sanz et al.| (2024); |Lin et al.| (2024)); Lim et al.[(2017). As a result, biopolymer data
are often fragmented, inconsistently encoded, and difficult to integrate into modern ML workflows.

In principle, ML-driven biopolymer discovery follows the same end-to-end pipeline used in other
materials domains, from data assembly and encoding to model training and validation (Figure 1| A)
McDonald et al.| (2023)); [Kerner et al.|(2021b); Gianti & Percec|(2022). In practice, however, dataset
preparation and standardization remain the dominant bottlenecks McDonald et al.| (2023)); Roumeli
et al.[(2025); [Kerner et al.| (2021b)); |Gianti & Percec| (2022). In this perspective, we identify three
core challenge areas that currently limit scalable ML for biopolymers from a materials perspective,
which we list here as information encoding, data quality, and data sharing. We then outline prac-
tical, community-oriented recommendations for each (Figure I| B). Rather than proposing a single
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solution, we focus on articulating where current approaches break down and where specific inter-
operable advances could enable ML-ready biopolymer datasets. Further technical discussions are
provided in the included Appendix.
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Figure 1: (A) An idealized ML/AI workflow for biopolymer materials, in which data from the
literature and repositories are annotated and aggregated into structured datasets. Standardized pre-
processing and information encoding creature input features for ML/AI models that in turn generate
predictions, classifications, and property evaluations. The resulting outputs can then be re-integrated
into future datasets, forming a cyclical data flow that promotes continuous improvement in data
quality and reproducibility. (B) Key barriers to this workflow, highlighting biopolymer-specific
challenges in information encoding, data quality, and data sharing.

2 INFORMATION ENCODING

Biopolymers present encoding challenges distinct from synthetic polymers due to biosynthesis-
dependent variability, hierarchical organization, and sensitivity to processing and environmental
conditions [Bejagam et al.| (2022); |[Koller & Mukherjee| (2022); [Popa et al.| (2022); McAdam et al.
(2020). These factors complicate representation of structure, processing history, and application-
relevant measurements for ML. As a result, structurally distinct samples are often reduced to simpli-
fied representations, and critical contextual information is lost during dataset construction |Altamira-
Algarra et al.| (2025); |Anjum et al.| (2016); Sabapathy et al.| (2020); [Urtuvia et al.| (2014); Wang
et al.| (2024); [Surendran et al.| (2020); Utsunomia et al.| (2020); Knoop et al.|(2010; [2013). A key
limitation is the inconsistent treatment of context. Measured properties depend on biosynthesis con-
ditions, extraction methods, processing history, and application environments, yet these variables
are rarely encoded in standardized, machine-readable formats |Pilania et al.| (2019); Bejagam et al.
(2021)); [Fatriansyah et al.| (2024); Marti et al.| (2024); Tao et al.|(2021). Additionally, biopolymers
are often represented as molecular structures rather than materials, leading to fragmented reporting
of properties across text, tables, and figures. Without harmonized metadata, datasets from multiple
sources remain difficult to merge, compare, and reuse.

2.1 CONSEQUENCES FOR ML WORKFLOWS

Inadequate encoding limits model performance, interpretability, and generalization [Talaei-Khoei
& Motiwallal (2023)). Missing structural hierarchy and environmental context lead to incomplete
or noisy feature spaces, weakening structure-processing-property relationships and reducing trans-
ferability across datasets and applications. Specifically, biopolymer structural encoding is hin-
dered by organism-dependent biosynthesis and environmental sensitivity, which produce batch-to-
batch variability in monomer distribution, molecular-weight and dispersity profiles, stereochem-
istry/enantiomeric ratios, branching, crystallinity, and conformational states |[Kerner et al.| (2021b);
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Rickert & Lieleg| (2022)); |Schuster & Stadler| (1994); |Caputo et al.| (2022); Tang et al.| (2020). With-
out standardized encodings, datasets remain siloed and difficult to integrate into automated ML
pipelines. These inconsistencies also hinder data extraction. Although NLP methods are effective
on structured tables, they still face limitations, and performance degrades when key information is
implicit or embedded in figures or variable text formats Shetty et al. (2023); |Gupta et al.| (2024);
Alampara et al.[(2025); [Circi et al.[(2024). The resulting feature space is fragmented and noisy, lim-
iting downstream learning. Finally, modern representation-learning approaches, including GNNs
and self-supervised methods, depend on consistent schemas and identifiers. Without standardized
encodings, these methods cannot reliably connect raw data to ML-ready features.

2.2 RECOMMENDATIONS FOR STANDARDIZING INFORMATION ENCODING

Biopolymer-specific structural representations are needed to move beyond linear notations opti-
mized for synthetic polymers. Key priorities include:

* Hierarchical representations: Graph-based or multiscale encodings that capture
monomer identity, stereochemistry, molecular-weight distributions, and higher-order struc-
ture Kunchapu & Jablonkal (2025).

* Minimal extensions to existing systems: Add standardized tags to current polymer en-
codings rather than replacing them.

» Explicit contextual metadata: Standardize descriptors for biosynthesis, processing, and
application environments using controlled vocabularies and consistent units.

These steps enable interoperable, metadata-rich representations that link structure and context in ML
workflows (additional examples are provided in the Appendix). Furthermore, as a proof-of-concept,
a minimal encoding pipeline can be constructed by combining automated extraction with standard-
ized metadata mapping. For example, polyhydroxybutyrate (PHB) is a representative member of the
family of PHA biopolymers [Popa et al.| (2022)). Samples of PHB reported in the literature can be
processed using an NLP pipeline to extract molecular weight, dispersity, and degradation conditions
(e.g., temperature, enzyme concentration), followed by normalization into a controlled vocabulary
and unit-consistent schema. These features can then be represented as (i) tabular fingerprints for
classical ML and (ii) graph-based structures linking material identity, processing conditions, and
measured outputs. In this way, heterogeneous text and figure data can be transformed into interop-
erable, ML-ready representations using existing tools with minimal extensions.

3 DATA QUALITY

Even with improved information encoding, ML for biopolymers remains constrained by data quality.
Here, data quality refers to the completeness, consistency, and reproducibility of encoded informa-
tion as it moves from raw experimental outputs to ML-ready datasets |Cencer et al.| (2022); Meyer
et al.[(2022). The primary challenge is fragmentation: key descriptors such as structure, process-
ing conditions, environmental exposure, and measured properties are rarely reported together and
are instead distributed across text, tables, figures, supplementary materials, and external databases
Ge et al.| (2025); Kong et al.| (2025). This fragmentation is further compounded by heterogeneous
terminology, inconsistent units, and variability in experimental protocols across studies.

Biopolymer data are also inherently multimodal, appearing in diverse formats including structured
tables, narrative text, and graphical representations Kerner et al.| (2021al); [Pengcheng Xu & Lu
(2023). Assembling ML-ready datasets therefore requires aggregation, normalization, and semantic
alignment across sources. However, standardized practices for capturing provenance, preprocess-
ing steps, and uncertainty are often lacking, limiting dataset transparency and reuse |Patel & Webb
(2024); (Corvi et al.| (2023)). In addition, many datasets omit critical documentation such as scaling
and normalization procedures, missing-data handling, and versioning of both data and code. These
gaps hinder reproducibility and reduce confidence in downstream applications.



Published as a conference paper at ICLR 2026

3.1 CONSEQUENCES FOR ML WORKFLOWS

Poor data quality directly impacts ML model performance and reliability. Fragmented and incon-
sistently normalized datasets introduce noise that obscures structure—processing—property relation-
ships, reducing predictive accuracy and limiting generalization across datasets. Multimodal incon-
sistencies further hinder automated data extraction and integration, often requiring manual interven-
tion that is difficult to standardize or reproduce. As a result, ML pipelines become less scalable and
more error-prone. Lack of provenance and preprocessing transparency introduces additional uncer-
tainty. Without clear documentation of normalization, unit conversion, or missing-data handling,
it becomes difficult to determine whether model performance reflects true material behavior or ar-
tifacts of data curation. Together, these limitations constrain reproducibility, impede cross-study
validation, and prevent effective aggregation of datasets at scale.

3.2 RECOMMENDATIONS FOR STANDARDIZING DATA QUALITY

Key priorities include:

* Hybrid human-LLM curation pipelines: Use LLMs to extract candidate entities, val-
ues, and relationships from literature, while domain experts validate ambiguous cases, re-
solve conflicting metadata, and enforce schema alignment Ramprasad et al.[(2025)); Duval
et al.[(2024). This approach enables scalable yet accurate normalization of fragmented data
sources.

* Multimodal data integration: Compile textual, visual, and computational data into uni-
fied, ML-compatible formats linked by shared sample identifiers, method descriptors, and
controlled vocabularies |[Fan et al.| (2024); |We1 et al.| (2024). This ensures that extracted
features remain interpretable and interoperable across datasets.

» Explicit separation of data types: Distinguish measured values from inferred, estimated,
or assumed quantities to prevent silent errors during dataset construction and downstream
ML tasks.

* Reproducibility and provenance tracking: Standardize documentation of preprocessing
steps, including unit conversions, normalization procedures, missing-data handling, and
dataset versioning, to enable auditability and reuse.

Further examples of existing workflows, validation strategies, and illustrative examples are provided
in the Appendix.

4 DATA SHARING

Effective data sharing is the final link connecting standardized encoding and high-quality curation
to reusable, ML-ready biopolymer datasets. In this context, data sharing refers not only to making
data accessible, but to publishing structured datasets in formats that support interoperability, long-
term reuse, and automated analysis. For biopolymers, two persistent challenges limit progress: frag-
mented repositories and inconsistent reporting practices. Relevant datasets are dispersed across jour-
nal supplements, institutional repositories, proprietary databases, and laboratory-specific archives,
often with limited alignment in schema, identifiers, or metadata.

Although several mature platforms exist for synthetic polymers and general materials sci-
ence, |[Lalonde et al.| (2025); |Kuenneth et al.| (2022); |Gurnani et al.| (2023)) biopolymer-relevant
data—particularly application-specific metrics tied to environmental exposure or bioactivity—are
rarely captured in interoperable forms. Proprietary databases may contain valuable measurements,
but licensing restrictions and export limitations prevent their aggregation into open ML datasets.
At the same time, many biopolymer datasets appear only as supplementary files in heterogeneous
formats, lacking standardized metadata or persistent identifiers. Together, these factors impede dis-
coverability, integration, and reuse across the broader research community.
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4.1 CONSEQUENCES FOR ML WORKFLOWS

Disparate data sharing practices directly constrain the scale and diversity of datasets available for
ML. Fragmented repositories prevent aggregation across studies, limiting sample sizes and increas-
ing susceptibility to bias. Inconsistent reporting further complicates reuse: identical measurements
may be labeled differently, expressed in incompatible units, or stripped of critical context describing
processing or testing conditions. As a result, datasets that are technically “available” often require
extensive re-curation before they can be incorporated into ML pipelines, reducing efficiency and
increasing the risk of error. These limitations also undermine reproducibility and model transfer-
ability. Without persistent identifiers, versioning, and clear licensing, datasets cannot be reliably
cited, updated, or extended. ML models trained on such data may perform well in narrowly defined
settings but fail to generalize when applied to independently curated datasets.

4.2 RECOMMENDATIONS FOR STANDARDIZING DATA SHARING PRACTICES
Key priorities include:

* FAIR-compliant, extensible repositories: Expand or develop centralized data platforms
that support biopolymer-specific schemas while leveraging existing materials informatics
infrastructure [Zhu et al.| (2023). Extensions should include application-relevant metadata
and standardized identifiers.

* Federated data architectures: Enable interoperability across distributed datasets through
shared identifiers and metadata standards, allowing integration without requiring central-
ized data ownership.

¢ Incentives for data sharing: Promote adoption through dataset DOIs, citation credit, and
increased visibility for reusable datasets, ML-ready data, and aligning academic incentives
with open data practices.

* Inclusion of negative and partial results: Broaden reporting standards to include incom-
plete or negative outcomes, which are critical for reducing bias and improving generaliza-
tion in ML models.

In conclusion, to support near-term adoption, we propose a phased approach to standardization:

¢ Phase I (near-term): Define minimal metadata schemas and controlled vocabularies for
biosynthesis, processing, and testing conditions, along with unit normalization standards.
These extensions should be compatible with existing polymer representations and require
minimal overhead for data contributors.

* Phase II (mid-term): Develop and validate biopolymer-specific encoding frameworks,
including hierarchical or graph-based fingerprints, and establish hybrid human-LLM
pipelines for scalable data extraction and curation.

* Phase III (long-term): Integrate standardized encodings into FAIR-compliant, federated
repositories with persistent identifiers, enabling cross-dataset interoperability, benchmark-
ing, and automated ML workflows at scale.

This phased strategy prioritizes immediate interoperability while enabling progressive incorporation
of more expressive representations and infrastructure.

5 OUTLOOK

The effective application of ML to biopolymer materials depends less on algorithmic advances than
on the availability of interoperable, high-quality, and shareable data. Although biopolymers present
challenges due to biosynthetic variability, hierarchical structure, and environmental coupling, these
can be addressed through standardized encoding, structured metadata, and improved curation work-
flows. Establishing hybrid human-LLM pipelines and FAIR-aligned infrastructure will enable the
transformation of fragmented data into coherent, ML-ready datasets. Long-term success in this area
will require sustained interdisciplinary collaboration to develop shared standards bridge biology and
materials science through an enduring data infrastructure.
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A APPENDIX

A.l

A.l.1

ACTION ITEMS FOR STANDARDIZING INFORMATION ENCODING

1.

EXPAND BIOPOLYMER SPECIFIC STRUCTURAL ENCODING SYSTEMS

Launch a structural ontology that links to, and does not duplicate, PRO, PDB, ChEBI,
and digitized resources such as the Polymer Handbook, which includes comprehensive
polymer physical property data |Brandrup et al.| (1999). Such digital resources could be
further curated as an ontology foundation for biopolymers with machine-readable fields for
stereochemistry, molecular-weight distributions, crystallinity, branching, and hierarchical
motifs.

. Develop and prototype representation frameworks that extend on SMILES. Publish a min-

imal specification with examples of commonly referenced biopolymers, such as standard
compositions of PLA, polyhydroxybutyrate (PHB) and other common PHAs, and cellulose
acetate.

. Provide open reference implementations (RDKit extensions + converters to graph objects)

so datasets can export unified structural fingerprints.

STANDARDIZE METADATA

. Build a biopolymer processing and environmental (application-specific) metadata library.

This library would be analogous to the MaterialsMine framework, or perhaps a more spe-
cific application of PolyDAT [Lin et al.|(2021]), in which every characterization on a relevant
species is annotated, but tailored to biological/environmental interactions. Additionally,
publish JSON/YAML schemas and controlled vocabularies |Lin et al.| (2021); |Zhao et al.
(2018).

. Provide standard extract/validate tooling that maps literature terms to the vocabulary. For

example, mapping “industrially compostable” to specific temperature/humidity/time pro-
files; and exports a useable format. As MaterialsMine does not currently have these entities,
expanding the capabilities of existing resources will be useful.

. Encode the standards above as a digital-twin schema to enable consistent collection, train-

ing, and cross-study validation; and align with FAIR standards.

APPLY NODE-BASED FRAMEWORKS & NLP METHODS FOR UNIFORM FEATURE
EXTRACTION AND EXPAND FINGERPRINTING LIBRARIES

. Develop an NLP pipeline that detects entities/values in text/tables/figure captions (“ASTM

D5338,” “55 °C,” “proteinase K, 2 U/mL”) and normalizes units via the metadata library.

. Train SSL/GNN models to learn embeddings, by which we mean vectorized, numerical

representations of structural and contextual information such as molecular graphs, process-
ing conditions, or environmental parameters, that capture relationships between similar
samples [Roumeli et al.[(2025)); [Patel & Webb| (2023)). These embeddings allow the model
to recognize patterns and semantic similarity even when explicit metadata are missing, im-
proving extraction recall by identifying related entities or conditions across partially labeled
datasets and making automated data extraction more complete and more accurate.

. Implement a human-in-the-loop pass to validate uncertain fields. Incorporate explicit notes

to separate limitations and highly uncertain values, such as ambiguous labels in visual data.
These fields will then be further annotated with a hybrid process incorporating a domain
expert.

A.2 ACTION ITEMS FOR STANDARDIZING DATA QUALITY

A2.1

1.

IMPLEMENT HYBRID LLM AND MANUAL CURATION TO NORMALIZE FRAGMENTED
DATA

Guidelines and benchmarks. Release small “gold-standard” corpora with full-text anno-
tations and clear instructions to calibrate tools and measure progress. Examples of these
standard datasets should be provided for several different biopolymers.
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2. Open curation playbooks. Provide templates for data conversion tables, vocabulary map-
pings, and normalization logs so different groups produce interoperable outputs.

A.2.2 COMPILE TEXT, VISUAL CONTEXTUAL DATA INTO ML-COMPATIBLE FORMATS

We also provide the following examples for data templates:

* From text. Extract, with a combination of manual and LLM/NLP workflows: polymer
identity; molecular-weight stats; biosynthetic source, extraction conditions; processing pa-
rameters; application testing environment; and measured outputs. Attach method IDs and
store with sample-level keys.

* From visuals. For example, from a degradation curve, deposit a table with sample_id,
method_id, time_ unit, time_value, mass_unit, mass_value, plus degradation environment
tags. For a Fourier Transform Infrared spectroscopy (FT-IR) peak table or differential
scanning calorimetry (DSC) trace, export peak positions/areas or tabulated arrays with in-
strument and calibration fields.

* From computation. Molecular dynamics (MD) and density functional theory (DFT) outputs
should be stored with simulation provenance (force field or functional, timestep, temper-
ature, box size) mapped to controlled fields so they can be compared with experimental
analogs.

Existing resources such as Polymer Genome illustrate this practice for conventional polymers by in-
tegrating structure, synthesis, and testing metadata under unified schemas |[Kim et al.| (2018). In
particular, Polymer Genome encodes polymers using chemically informed descriptors—ranging
from atomistic and topological to electronic features—and maps these to application-specific metrics
through supervised ML models |Kim et al.|(2018)).

Building on these frameworks, biopolymer data systems should be designed to capture not only
structural, synthesis, and property information, but also the diverse application-specific metrics by
which biopolymers are evaluated.

This paradigm can be further supported by advances in broader materials data infrastructure. For
example, LeMaterial organizes inorganic materials data into curated datasets by standardizing repre-
sentations across sources and linking entries through unique material identifiers [Duval et al.| (2024).
Complementary cheminformatics tools such as RDKit, listed in[Table I} provide extensible founda-
tions that can be adapted to support biopolymer-specific representations.

We further suggest the following next steps to demonstrate effective application of these existing
resources:

1. Provide two export forms: (i) normalized tabular fingerprints, ready for classical ML; and
(i1) graph objects for GNNs where nodes represent materials/process/measurement events
and edges encode relationships. Both must reference the same ontology IDs to ensure
one-to-one mapping between table columns and graph attributes.

2. Integrate with open cheminformatics libraries, such as an extended RDXKit, for featurization
and with repositories that already implement FAIR principles.
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Table 1: An Overview of Existing Cheminformatics Packages. These packages for encoding
biopolymers are available as resources to improve data quality.

PACKAGE DESCRIPTION

Scikit-learn General ML Toolkit: All-purpose feature extraction,
dimensionality reduction, extensive analysis of descrip-
tors from other libraries [Pedregosa et al.|(2011)

RDK:it: Open-source cheminformatics ~ Small-Molecule Focus
2D Structural: Molecular weight, LogP, polar surface
area, number of rotatable bonds
3D Structural: Molecular shape, conformation-
dependent properties, connectivity indices Fingerprint-
ing: Monomer analysis, Morgan fingerprints, MACCS
keys, path-based identifiers RN3| (2024

Matminer General Materials Science
Elemental properties: Atomic radii, electronegativity
3D Structural: Crystal structure embedding and crys-
tallinity
Fingerprinting: Chemical formulas, atomic mass, va-
lence, oxidization states [Jain| (2015)

DeepChem Deep Learning for Molecules
Graph-based representations: Convolutional network
modeling of polymer chains Fingerprinting: Extended-
connectivity, SMILES, monomer analysis [Ramsundar|
(2018} 2024)

TensorMol-0.1 Quantum Chemistry ML
Graph-based representations: Neural network mod-
eling of polymer chains and molecules
Interatomic: atomic environment vectors, electronic
structure, quantum chemistry |Yao et al.|(2018)

Polymer Structure Predictor (PSP) Polymer Informatics
Property Data: Glass transition temperature, melting
temperature
3D Structural: Degree of polymerization, branching
factor
Fingerprinting: Monomer analysis, SMILES, InCHI
Sahu et al.| (2022)

Biopython Other Biopolymers (DNA, proteins, peptides)
Sequence: Nucleotides, codons
2D and 3D Structural: Molecular weight, secondary
structure, isoelectric point, hydrophobicity, polarity
Cock et al.|(2009)

BIGSMILES Polymer Representation
Line notation: Extension of SMILES designed to rep-
resent stochastic polymer structures, repeating units,
and macromolecular architectures for polymer infor-
matics|Lin et al.|(2019)

PyTorch Geometric Graph-based Deep Learning
Graph neural networks: PyTorch-based library for
building and training GNN models on molecular and
materials graphs for structure—property prediction [Fey
& Lenssen| (2019)
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