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Abstract

Machine learning is increasingly applied to the discovery and rational design of
therapeutic peptides, offering powerful capabilities for functional prediction,
pharmacological profiling, and de novo sequence generation. However, the reliability
and generalizability of such approaches critically depend on the quality,
completeness, and interoperability of the datasets on which they are built. This
chapter provides a comprehensive overview of the computational strategies and best
practices for constructing peptide datasets suitable for machine learning applications.
We review widely used peptide repositories and examine strategies for data
extraction, preprocessing, and standardization, with emphasis on mitigating
annotation errors, redundancy, and incomplete metadata. Approaches for
redundancy reduction—including sequence homology clustering, structure-based
grouping, and embedding-driven similarity analysis—are compared in terms of their
impact on dataset diversity and downstream performance. We also discuss
challenges posed by scarce and imbalanced datasets, highlighting data-efficient
strategies such as transfer learning, positive-unlabeled learning, and contrastive
learning. The chapter concludes by outlining future directions, including the
development of a peptide-specific markup language, standardized reporting formats,
and widespread adoption of FAIR-compliant practices. By combining rigorous
preprocessing with interoperable data standards, the field can enable more robust,
interpretable, and transferable ML models, accelerating the discovery of safe and
effective therapeutic peptides.
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1. Introduction

Therapeutic peptides constitute a rapidly expanding class of bioactive molecules
distinguished by their high target specificity, low toxicity, and broad applicability in
biomedical, pharmaceutical, and industrial domains [1]. Their discovery and
optimization have been accelerated by advances in computational biology, the
emergence of large-scale curated peptide repositories, and the integration of machine
learning (ML) approaches capable of predicting functional, pharmacological, and
ADMET-related properties with increasing accuracy [2]. However, the performance,
reproducibility, and generalizability of such data-driven strategies are critically
dependent on the quality, completeness, and interoperability of the underlying datasets.

This chapter provides a detailed overview of the computational foundations
required to build predictive and generative models for therapeutic peptides, with a
strong emphasis on rigorous data curation, preprocessing, and compliance with FAIR
principles (Findable, Accessible, Interoperable, and Reusable). We examine common
issues in dataset construction—such as annotation errors, redundancy, inconsistent
metadata, and the scarcity of validated negative examples—and describe strategies to
address them through clustering, embedding-based similarity analysis, learning-
driven redundancy filters, and standardized data harmonization workflows.

Besides, we discuss the broader challenges of dataset interoperability, the impact
of inconsistent reporting practices, and the barriers posed by the lack of unified
quality control protocols. We propose future directions that include the
establishment of community-endorsed preprocessing guidelines, the development of
a machine-readable peptide markup language, and the adoption of standardized
reporting formats to facilitate large-scale data integration. By coupling FAIR-
compliant practices with robust preprocessing pipelines, the field can unlock the full
potential of ML-assisted peptide discovery, enabling more reliable, interpretable,
and impactful therapeutic peptide design.

2. Therapeutic peptides: Biological definitions, applications,
and translational challenges

Peptides are short chains of amino acids of length between 2 and 100 residues
with diverse secondary structure patterns [1]. Peptides participate in different
physiological processes, including hormone signaling, immune modulation, and
cellular communication [3]. Also, peptides play a significant role in biotechnology,
medicine, agriculture, and food preservation [4].

Peptides have demonstrated high selectivity and specificity for various molecular
targets [5]. The capability of peptides to bind specific cell surface receptors with high
affinity allows precise activation of intracellular pathways, reducing off-target effects
and adverse reactions compared to conventional small-molecule drugs [6]. Additional
properties of these molecules, like enhanced tissue penetration, low immunogenicity,
and biodegradability, positioned peptides as promising therapeutic agents [7].

Despite their numerous advantages, therapeutic peptides face several limitations
that hinder their clinical translation [8]. These molecules typically suffer from poor
oral bioavailability, rapid enzymatic degradation, limited membrane permeability,
and short systemic half-lives, often requiring parenteral administration [9]. Such
unfavorable pharmacokinetic properties can compromise both patient adherence
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and therapeutic efficacy [7]. To address these challenges, a range of strategies such as
peptide cyclization, PEGylation, lipidation, nanoparticle-based delivery systems,
and the integration of cell-penetrating motifs are being explored to improve stability
and prolong biological activity [10].

Advances in computational biology, high-throughput screening, and peptide
engineering have substantially accelerated both drug discovery and repurposing
efforts [11]. In recent years, ML-based strategies have been increasingly integrated
into conventional pipelines, enabling more efficient identification and optimization
of therapeutic peptides [12]. The following section provides an overview of key ML-
based strategies used to accelerate the discovery process and support the rational
design of peptides with desirable pharmacological properties.

3. Machine learning strategies for drug discovery and drug repurposing

Machine learning has emerged as a key component in the discovery, design, and
repurposing of therapeutic peptides, offering powerful tools to facilitate early-stage
screening, predict pharmacokinetic behavior, and generate novel bioactive
sequences. Using curated datasets and high-dimensional sequence embeddings, ML
strategies have significantly improved the efficiency, scalability, and precision of
traditional pipelines. This section provides an integrative overview of three key ML
applications, including functional and toxicity classification, prediction of
pharmacological and ADMET-related properties, and de novo peptide generation.
Figure 1 further summarizes the main ML-based strategies employed in the study of
therapeutic peptides.
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Figure 1.

Applications of machine learning in therapeutic peptide discovery and optimization. Machine learning has been
applied to four complementary strategies in the context of accelerating discovery and assisting rational design of
therapeutic peptides. First, functional classification models and adverse effect evaluation enable the discrimi-
nation of bioactive peptides from inactive or toxic sequences. Second, pharmacological property prediction
supports the assessment of potency, specificity, and therapeutic velevance. Third, ADMET profile estimation—
covering absorption, distribution, metabolism, excretion, and toxicity—facilitates early identification of candi-
dates with favorable pharmacokinetics and safety profiles. Finally, de novo design approaches using generative
algorithms to create novel peptide sequences, which can be iteratively refined using the preceding predictive
models.
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3.1 Functional classification and toxicity prediction

One of the most relevant applications of ML in peptide discovery involves the
classification of sequences based on their biological activity and safety profiles.
Functional classification models are trained to identify peptides with specific
therapeutic functions such as antimicrobial, anticancer, antidiabetic, or
antihypertensive activity by learning sequence-to-label relationships from
experimentally validated datasets [13]. These models not only accelerate candidate
prioritization but also reduce the dependence on time-consuming and resource-
intensive experimental assays [14].

Beyond bioactivity, the safety of candidate peptides is equally critical. Toxicity
prediction models are designed to detect adverse properties, such as hemolysis,
cytotoxicity, or allergenicity, which are the leading causes of late-stage weakening in
peptide-based therapeutics. Several computational tools, including ToxinPred3.0,
tAMPer, ToxIBTL, and ATSE [15, 16, 17, 18], have been developed using a range of
ML strategies, from support vector machines and ensemble models to deep learning
architectures like CNNs, BiLSTMs, and transformers. These models increasingly
incorporate both sequence and structural features and often benefit from ensemble
or multimodal integration to improve generalizability across peptide classes [19].

Advanced frameworks also address more specific safety criteria. For instance,
hemolytic activity and immunogenicity are now routinely predicted using
classifiers that combine traditional feature engineering with embeddings derived
from pretrained protein language models. These approaches facilitate early
toxicity filtering, supporting safer and more efficient peptide development
pipelines [20].

3.2 Predicting pharmacological properties and ADMET profiles

Following functional and safety evaluation, the next step in peptide development
involves assessing their pharmacokinetic and pharmacodynamic properties.
Pharmacokinetics and toxicity are typically summarized by the ADMET profile—
Absorption, Distribution, Metabolism, Excretion, and Toxicity [21]. These
parameters determine the systemic behavior of peptides, guiding formulation,
dosage, and route-of-administration decisions [22].

ML methods have proven effective in modeling physicochemical and
pharmacokinetic variables related to ADMET, including solubility, stability,
permeability, and half-life [23]. While early models have been developed based on
traditional classifiers such as random forests and SVMs, recent strategies
increasingly adopt deep learning architectures capable of multitask prediction [22].
Alternatively, attention-based models and transfer learning strategies have enabled
simultaneous prediction of multiple pharmacokinetic properties, improving both
accuracy and computational efficiency [14].

A major challenge in this field is the limited availability of peptide-specific
ADMET datasets [13]. Most predictive frameworks described in the literature—such
as PharmaBench [21]—are primarily curated for small molecules and exclude
peptides, largely due to fundamental structural and chemical differences [16]. To
bridge this gap, recent efforts have introduced peptide-oriented ADMET predictors
that combine physicochemical descriptors with sequence embeddings derived from
pre-trained protein language models, including ESM-2 and ProtT5 [14].
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Furthermore, emerging frameworks increasingly incorporate ADMET predictors
into multi-objective optimization workflows. In these scenarios, reinforcement
learning approaches are used to guide peptide design toward optimal
pharmacological profiles [24]. For example, tools now exist to predict the half-life of
peptides in digestive environments, model the stability of the blood, or estimate the
minimum inhibitory concentration in antimicrobial peptides. Nevertheless, the
success of these methods remains tightly linked to the availability of well-annotated
experimental data, which is still limited due to inconsistent assay formats and
incomplete metadata reporting.

3.3 De novo design and optimization via generative models

One of the most transformative developments in ML-assisted peptide research is
the application of generative models for the de novo design of therapeutic sequences
[1]. Unlike conventional strategies based on motif extraction or sequence alignment,
generative models enable exploration of vast, uncharted regions of sequence space,
facilitating the discovery of novel peptides with tailored biological and
pharmacokinetic properties [13].

Several architectures have been adapted for de novo design of therapeutic
peptides, including variational autoencoders (VAEs), generative adversarial
networks (GANs), and, more recently, diffusion models [25].

A key advancement in this area is the integration of protein language models such
as ProtBERT, ProtT5, and ESM-2 into the generative workflow [26]. These models
generate dense embeddings that capture both local sequence motifs and global
structural patterns, improving the biological plausibility of generated peptides [16].
ESM3, in particular, represents a new frontier in generative modeling. As a
multimodal model trained on billions of sequences and structures, ESM3 encodes
sequence, structure, and function in a shared latent space, enabling conditional
generation that responds to complex prompts and design constraints [27].

After generation, peptides typically experience a post-processing pipeline that
includes in silico screening for undesirable properties such as ambiguity, instability,
or predicted toxicity [22]. Filtering steps may involve rule-based exclusion, toxicity
classifiers, or property-based ranking functions. In more advanced workflows,
generated sequences are iteratively optimized using reinforcement learning or
genetic algorithms to refine functionality, enhance stability, or reduce
immunogenicity [13].

Despite the promise of the ML-based techniques, current generative frameworks
still face important limitations. Many available training datasets lack detailed
functional annotations, structural metadata, or pharmacokinetic labels, factors
essential for robust model training and reliable prediction[14]. As a result, the more
general applicability of generative peptide design will depend on continued efforts to
develop standardized, high-quality, and openly accessible peptide datasets.

4. Curated databases and specialized repositories for therapeutic peptide
research

Computational methods and the development of curated biological datasets have
supported the increase of peptide-based therapeutic compounds [28]. In this
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scenario, well-structured peptide databases are relevant for generating centralized
resources. These resources can include various peptide information, such as
functional annotation, pharmacological and physicochemical properties, ADMET
profiles, and sequence and structural properties of peptides [29]. Besides, these
resources contribute to multiple stages of the modern drug discovery pipelines,
including peptide screening, optimization, repurposing, and validation [30].

Traditional resources such as UniProt and the Protein Data Bank (PDB) are
critical for peptide research by providing standardized data [31, 32]. However, the
growing demand for peptide-centered data has led to the multiplication of
specialized repositories, many of which focus on particular biological functions,
therapeutic applications, or biochemical properties [33]. General-purpose databases
like PepBank and StraPep aggregate diverse peptide sequences, often derived from
text mining or literature curation, with limited therapeutic contextualization [34,
35]. In contrast, domain-specific repositories such as dbAMP, DBAASP, DRAMP,
CAMP, and LAMP contain specific information on antimicrobial peptides (AMPs),
including sources, mechanisms of action, resistance profiles, and optimization
strategies [36-40]. Additional resources such as InverPep, SATPdb, and APD3
provide structural annotations and experimentally validated AMP data [41-43].

Databases dedicated to functional classes of peptides have also emerged. AVPdb
and CancerPPD, for example, focus on antiviral and anticancer peptides,
respectively, usually providing structural motifs, activity values (e.g., ICsg), and
target pathways [44, 45]. Other examples include Hemolytik (hemolytic activity),
B3Pdb (blood-brain barrier penetration), Quorumpeps (quorum-sensing peptides),
and AntiAngioPred (antiangiogenic activity) [46-49]. These resources support
specific areas of therapeutic interest and are increasingly used to guide design
strategies in limited biomedical domains [33].

Furthermore, BioDADPep, AHTPDB, and related datasets report potency values
for peptides with antihypertensive, antidiabetic, and metabolic effects, with
implications for both clinical therapeutics and functional food development [50, 51].
In addition, pharmacokinetic properties are another area of focus. Databases and
tools such as PEPlife and PLifePred provide experimentally determined or
computationally predicted half-lives [52, 53].

Regulatory-oriented repositories like THPdb and PepTherDia catalogue peptide-
based drugs approved by agencies such as the FDA [54, 55]. These databases include
information on pharmacokinetics, mechanisms of action, clinical indications, and
administration routes, serving as reference points for drug repurposing,
benchmarking, and mechanistic studies [56].

Peptipedia v2.0 exemplifies a more recent generation of peptide knowledge bases
designed to aggregate, annotate, and organize peptide-related information from
multiple sources [28]. While extensive in scope—reporting over 3.9 million peptides
from more than 70 public databases and publications—its strength lies in the
integration of curated annotations covering sequence, structure (e.g., linear, cyclic,
disulfide-rich), biological function (e.g., antimicrobial, anticancer), and
physicochemical properties [57]. While Peptipedia represents a comprehensive tool
for peptide exploration, its performance, like that of other databases, depends on the
quality and consistency of its integrated sources [58].

The diversity of these resources reflects the increasing complexity of peptide-
based research and its applications in oncology, infectious disease, neurology, and
metabolic disorders [2]. As the field matures, the adoption of FAIR principles
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(Findable, Accessible, Interoperable, Reusable) becomes essential for ensuring data
quality, transparency, and reuse [59]. Many repositories now support programmatic
access, cross-database referencing, and machine-readable formats that enable their
integration into Al-based frameworks for predictive modeling, rational design, and
de novo peptide generation [60].

5. Strategies for data extraction and standardization

Building datasets for computational biology applications studying therapeutic
peptides requires access to trustworthy data repositories, the implementation of
well-documented data-extraction strategies, and the development of standardized
approaches [61]. In the context of therapeutic peptides, where data sources are
diverse, encompassing various data formats, different knowledge, and, in some
cases, unstructured scientific texts, the development of data extraction,
preprocessing, and data standardization is crucial for ensuring data quality,
reproducibility, and reusability [62]. An overview of these processes is illustrated in
Figure 2.

This section describes the most common strategies employed for data extraction
and dataset construction in the context of therapeutic peptides, with a primary focus
on data-driven applications based on ML-based approaches.

5.1 Extraction of peptide data from heterogeneous sources

Traditionally, extracting data has involved manually filtering through peptide
sequences and annotations from various public databases, such as UniProt and PDB, as
well as specialized peptide libraries [63]. These platforms typically allow users
to download data in structured formats, such as FASTA, XML, or CSV, which serve as
the building blocks for creating datasets [64]. However, while this manual approach
is common, it has its limitations in scalability, traceability, and error management.

To overcome these challenges, a more effective and reproducible method
involves using Application Programming Interfaces (APIs) [65]. APIs enable users to
access database content in a structured and programmable way, facilitating the
automation of complex queries, the retrieval of large-scale datasets, and the
integration of data collection into computational workflows [66].

When APIs are unavailable, web scraping offers a practical but limited alternative
[67]. Web scraping can be implemented by employing different tools, including
BeautifulSoup, Selenium, and Scrapy [68, 69, 70]. Web scraping proves helpful in
accessing older databases or pulling data from supplementary sources found in
online articles, showcasing the adaptability of researchers in handling various
challenges [71].

Another powerful yet often overlooked strategy is using natural language
processing and text mining to extract valuable data from scientific literature,
patents, or experimental reports [72]. Many relevant properties related to peptides,
such as activity measurements, pharmacokinetics, or structural changes, are often
presented in text rather than being available in databases [73]. Tools like PubTator,
BioBERT, and ScispaCy can automatically identify named entities, specific terms
found in the text, like peptide names or organisms, and extract relevant
numerical values (like ICs or half-life) alongside contextual information [74-76].
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Figure 2.

Integrated workflow for therapeutic peptide dataset construction and application. (A) illustrates various data
extraction strategies used to collect peptide-velated data from structured databases, research articles, and other
repositories. The extraction methods include manual cuvation, APIs, web scraping, and natural language
processing (NLP) and text mining techniques. (B) shows the subsequent standardization and harmonization
process, which ensures consistent formatting, ontology alignment, conflict resolution, and metadata annotation.
The resulting ready-to-use data supports downstream applications such as peptide classification, clustering,
design and optimization, and generative modeling.

The NLP-based method serves as a complement to common data mining-based
strategies, enabling researchers to uncover novel peptides that appear only in
original research articles as text or in tables and are not directly represented in
traditional databases [73].

Alternatively, hybrid approaches that combine automated data extraction with
expert curation are also relatively common, especially when dealing with noisy or
inconsistent data sources [77]. In this approach, computational pipelines handle the
initial data parsing, annotation, and filtering [78]. After this automated phase,
domain experts review the results and make any necessary corrections or additions
as needed [77]. These semi-automated curation processes are particularly valuable
for creating high-confidence datasets with comprehensive and accurate coverage
[79, 80].

Each data extraction strategy discussed presents a distinct trade-off between
scalability, precision, and accessibility. Manual extraction from public databases like
UniProt or PDB offers high interpretability and user control but suffers from limited
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scalability, susceptibility to human error, and challenges in reproducibility. In
contrast, APIs provide a structured and reproducible method for accessing large-
scale, up-to-date datasets programmatically, making them ideal for integrative
pipelines [65]. However, their availability is limited to well-maintained platforms,
and they require a certain level of technical expertise [81]. Web scraping emerges as
an alternative when APIs are missing, but it is inherently breakable, often sensitive
to website updates, and raises ethical and legal concerns regarding data use [68].
NLP-based methods unlock valuable information embedded in scientific literature
and patents—often absent from structured repositories—by enabling the automated
extraction of entities and experimental data [82]. However, the performance of NLP-
based approaches is highly dependent on model quality, training data, and the
complexity of natural language contexts [83]. Hybrid approaches that combine
automated parsing with expert curation provide a balance between efficiency and
accuracy [84]. Selecting the appropriate strategy depends on the nature of the
source, the scale of extraction, and the required level of data fidelity and
interoperability [85].

5.2 Standardization and harmonization of extracted data

Once the data has been collected and extracted, the next step is standardization.
This process aims to harmonize formats, terminologies, and data structures to
generate coherent, interoperable datasets compatible with downstream statistical
analyses and computational tools.

Standardization typically begins by aligning dataset fields with established
ontologies and controlled vocabularies, such as the Gene Ontology (GO), ChEBI, and
EDAM (86, 87]. Ontology mapping facilitates consistent functional annotation and
categorical characterization of biological entities using widely recognized semantic
frameworks [63].

Following ontology alignment, harmonization ensures coherence across multiple
ontologies and data types [88]. This step often involves converting entries into
standardized formats—such as CSV, TSV, JSON-LD, FASTA, or RDF—to support
interoperability and facilitate the integration with bioinformatics pipelines and
machine learning workflows [89]. These formats are widely supported by tools such
as OpenRefine, Biopython, and pandas, enabling efficient parsing, transformation,
and analysis of structured biological data [90, 91, 92].

Once the dataset is harmonized, further normalization steps are applied to unify
identifiers, descriptors, and sequence formats. Amino acid sequences are typically
encoded using IUPAC standards [93], while unique identifiers are cross-referenced
against curated databases [32, 94, 95]. However, due to inconsistencies and
incomplete coverage in existing databases, many sequences cannot be directly
mapped. In such cases, alignment tools like BLAST are used to identify
corresponding entries [96]. For datasets reporting physicochemical properties,
normalization also involves expressing values in consistent units and formats [97].
Properties such as pKa, isoelectric point, and hydrophobicity index should be
calculated using uniform algorithms to avoid discrepancies across datasets or
experimental conditions.

Integrating heterogeneous data sources frequently reveals redundant or
conflicting entries [98]. Addressing these inconsistencies requires deduplication
protocols based on sequence hashing, similarity thresholds, or prioritization rules
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informed by data provenance and validation status [99]. Curated records from peer-
reviewed literature or regulatory repositories are generally preferred over predictive
or inferred annotations [79].

Cross-referencing with additional resources is strongly recommended to enhance
the interpretability and biological value of peptide datasets. For example,
antimicrobial peptides can be linked to resistance mechanisms, pathogenic targets,
or clinical trial information [100]. Supplementary data from resources such as PDB
(structure), Reactome (biological pathways), or DrugBank (pharmacological data)
enrich the dataset and expand its applicability in systems biology and translational
research [101, 102].

The systematic annotation of metadata using standardized schemas such as
MIAPE, MIABE, or EnzymeML is also a relevant point on the annotation and
standardization of collected data [103, 104, 105]. Metadata should include details on
peptide synthesis protocols, assay conditions, the organism of origin, and the
therapeutic context. Such information is essential for ensuring reproducibility,
enabling comparative analyses, and supporting the generalizability of predictive
models [106].

In the context of therapeutic peptide discovery—where machine learning,
structural modeling, and rational design approaches depend critically on data
granularity and reliability—-rigorous curation is not merely a best practice; it is
a foundational requirement [78, 79, 106]. As datasets continue to expand in
volume and complexity, and as FAIR-compliance becomes a prerequisite for
reproducible science, these strategies will remain central to the development of
interoperable and impactful peptide-based solutions in biotechnology and
medicine [97].

5.3 Implementing FAIR principles in peptide data integration: Opportunities
and challenges

The FAIR principles (Findability, Accessibility, Interoperability, and Reusability)
are a set of guidelines to ensure the transparency and long-term usability of scientific
data [107] (see Figure 3). FAIR principles support the development of structured
and well-documented datasets. The FAIR principles are particularly relevant to
therapeutic peptide applications, given the high heterogeneity of the data and the
need for reproducibility [97].

Applying the FAIR principles to peptide datasets presents different challenges
and complexities [108]. For findability, the data must be richly annotated with
standardized metadata and indexed in searchable repositories using persistent
identifiers [107]. Resources such as Peptipedia or DRAMP, which expose metadata
and sequence data through indexed platforms, partially fulfill this requirement [38,
57]. Nevertheless, many peptide datasets remain isolated in supplementary files or
poorly annotated repositories [79].

Accessibility requires that data be made available through standardized protocols,
such as HTTPS or FTP, and ideally through APIs or SPARQL endpoints that enable
automated querying [109]. While many modern databases offer this level of access,
legacy datasets—especially those found in older literature—still pose significant
barriers [28]. Additionally, licensing restrictions and the absence of clear data usage
policies can limit the accessibility of curated peptide datasets, particularly those
generated in industrial or clinical environments [110].
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Im%?lemenmtion of FAIR principles in peptide data integration. The four core components of the FAIR frame-
work—Findability, Accessibility, Interoperability, and Reusability—ave discussed in the context of peptide-
velated datasets. Findability emphasizes the use of persistent identifiers, indexed repositories, and rich metadata
to ensure datasets can be efficiently located and referenced. Accessibility highlights the importance of standardized
protocols, clear licensing, and automated querying to promote controlled yet seamless data access. Interoperability
focuses on aligning datasets through shared ontologies, semantic frameworks, and harmonized molecular iden-
tifiers, enabling their integration across heterogeneous resources. Finally, Reusability underscores the role of
provenance metadata, standardized formats, and compliance with community standards such as MIAPE or
MIABE in facilitating reliable reuse across diverse computational pipelines and research contexts.

Ensuring interoperability requires aligning datasets with shared ontologies and
semantic frameworks to enable consistent interpretation and integration across
resources [111]. In the peptide domain, this may involve mapping sequences to
UniProt identifiers, referencing biochemical terms through ChEBI or EDAM
ontologies, and linking functional annotations to GO terms [107]. For example,
integrating a peptide dataset from a pharmacological repository with a structural
database such as the Protein Data Bank would require harmonizing molecular
identifiers and functional annotations to ensure that entries referring to the same
peptide are consistently recognized across both systems. Nevertheless, the domain-
specific nature of peptide bioactivity and structural diversity often complicates
ontology mapping, as many descriptors relevant to peptide engineering lack
standardized terms across biomedical vocabularies [112].

Reusability is maybe the most impactful yet challenging aspect to achieve [113]. It
involves providing well-described metadata, clear provenance, and standardized file
formats to allow seamless integration into different computational pipelines [114].
For example, peptide datasets expressed in TSV or JSON-LD formats and annotated
with MIAPE or MIABE descriptors are more likely to be adopted in external
projects [115].

Despite the promise of FAIR integration, several challenges remain. First,
achieving full compliance requires coordinated efforts between data generators,
curators, and platform developers [108]. Manual curation remains critical for
ensuring data quality, especially when integrating bioactivity data from literature,
patents, or internal assays [116]. Also, standardization can introduce rigid
constraints that may obscure context-specific annotations.

11
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However, the benefits of applying FAIR principles to peptide datasets are
significant. They promote data transparency, enabling researchers to trace
annotations and decisions made during the curation process [117]. FAIR principles
also facilitate collaboration and data sharing across institutions and disciplines,
accelerating the discovery of peptides [118]. Besides, these principles enable the
integration of peptide data into machine learning models, which rely heavily on
standardized formats, annotated metadata, and consistent labeling to deliver
meaningful predictions [119].

Several initiatives are advancing the FAIRification of peptide-related data. For
example, integrating peptide datasets into BioSchemas or FAIRsharing registries
enables their metadata to be discoverable by search engines and interoperable with
other omics data sources [120, 121]. Tools like FAIR-Checker and OpenRefine
extensions have also been adapted to assist in validating and converting peptide
metadata into machine-readable formats [122].

6. Data quality and confidence in therapeutic peptide datasets:
Addressing annotation errors, redundancy, and reliability

The quality and reliability of peptide datasets play a central role in the
development of predictive models and computational strategies for therapeutic
peptide discovery. Several challenges can compromise model performance and
reproducibility. This section discusses key factors that affect data confidence. First,
we discuss common issues in dataset generation, including misannotations and a lack
of standard validation protocols. Next, we explore redundancy reduction strategies,
from sequence-based clustering to advanced learning-based filters. Finally, we
highlight the importance of building reliable negative datasets, a critical but often
overlooked component in supervised and semi-supervised machine learning tasks.
These subsections address essential aspects of data curation needed to ensure
trustworthy and high-quality peptide datasets.

6.1 Quality of the therapeutic peptide datasets and common challenges
in the dataset generation

The usability and success of computational models in therapeutic peptide
research are directly linked to the quality and reliability of the employed data [123].
High-quality peptide datasets are critical for model training, benchmarking, and
reproducibility [124]. However, ensuring trust and confidence in peptide data
remains a considerable challenge due to several factors, including annotation errors,
redundancy, missing or inconsistent metadata, and the variable provenance of
source information [125, 126].

A main problem in peptide datasets is annotation error, which can occur at
multiple levels [127]. For example, incorrect labeling of peptide activity can result
from manual curation mistakes, outdated classification criteria, or inconsistent
experimental conditions [128]. Similarly, structural annotations may differ
depending on the computational tool or experimental method employed [129].
These inconsistencies can propagate through databases, especially in aggregated
resources that pull data from multiple sources without strict harmonization
protocols [130].
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Redundancy is another frequent issue, particularly in datasets derived from
public repositories or those obtained through literature mining [125]. Identical or
highly similar peptide sequences may be present multiple times under different
identifiers or experimental contexts [131]. While some redundancy can be
beneficial—highlighting reproducibility or context-specific effects—uncontrolled
duplication inflates dataset size, introduces sampling biases, and may lead to
misleading performance evaluations in predictive modeling [132].

To assess and improve dataset reliability, several data quality indicators have
been proposed and can be applied to therapeutic peptide datasets, including i)
Completeness Score, ii) Annotation Consistency Index, iii) Redundancy Ratio, iv)
Provenance Traceability Score, and v) Reproducibility Potential [133].

Despite the relevance of these metrics, few peptide databases provide them
explicitly. As a result, users are often left to estimate data reliability based on indirect
signals, such as citation counts, the reputation of the source database, or coverage in
benchmark datasets [61, 134]. This lack of transparency can compromise confidence
in datasets, particularly in high-stakes applications such as therapeutic design or
toxicity prediction [23].

Another critical limitation is the lack of standardized validation protocols across
datasets. Peptide annotations, particularly those related to functional properties, are
often derived from heterogeneous experimental configurations [83]. The absence of
standardized thresholds or reference conditions can limit comparative analyses and
introduce noise into supervised learning tasks.

To mitigate these challenges and enhance trust in peptide data, several strategies
have been proposed. First, implementing multi-layered validation—where data
entries are corroborated through orthogonal sources (e.g., literature, experimental
evidence, structural models)——can reduce reliance on single-point annotations [135].
Second, transparent versioning and change logs in peptide databases allow users to
track updates and revisions, a critical factor when building reproducible pipelines
[136]. Finally, community curation initiatives, where domain experts collaboratively
validate and annotate data, offer a promising approach for improving annotation
quality and confidence [137]. An integrated summary of the most frequent data
quality issues, their corresponding indicators, and practical strategies to address
them is presented in Figure 4.

6.2 Redundancy reduction: From sequence clustering to learning-based filters

As peptide datasets grow in size and complexity, primarily through the
integration of data from heterogeneous sources, redundancy becomes a growing
challenge [132]. Redundant entries, typically duplicated or highly similar sequences,
can distort statistical distributions, introduce sampling bias, and compromise the
generalizability of machine learning models [99]. The redundancy problem in
supervised learning tasks is associated with repeated or near-identical entries. This
input data may inflate performance metrics due to unintentional data leakage
between training and test sets [138]. For these reasons, reducing redundancy is a
critical preprocessing step in building reliable peptide datasets [139]. Figure 5A
summarizes the current strategies to address redundancy reduction challenges.

One of the most common approaches to address this issue is sequence clustering
based on homology thresholds [99]. Tools like CD-HIT and MMseqs2 group
sequences based on predefined percentage identity (e.g., 90%, 80%, 70%), retaining
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Figure 4.

Factors affecting data confidence and strategies for improvement in therapeutic peptide datasets. Three intercon-
nected dimensions influencing the reliability of peptide datasets. Common problems include annotation errors—
such as mislabeling of activity or inconsistent structural assignments—rvedundancy from duplicate or near-identical
sequences, and lack of standardization in experimental conditions or metadata formats. Quality indicators, such as
completeness scove, annotation consistency index, redundancy ratio, provenance traceability score, and reprodu-
cibility potential, provide measurable criteria for assessing dataset veliability. Improvement strategies include
multi-layered validation using orthogonal evidence (e.g., literature, experimental vesults, and structural corro-
boration), transparent versioning and change logs, and community-driven curation efforts, all aimed at enhancing
trust and usability of therapeutic peptide data for computational and experimental applications.
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Figure 5.

Overview of redundancy reduction approaches and negative dataset construction strategies for therapeutic
peptide machine learning workflows. (A) A summary of vedundancy reduction methods, including sequence-
based clustering, structure-based clustering, feature/embedding-based clustering, and learning-based filtering.
(B) Strategies for generating negative datasets, ranging from heuristic and similarity filtering to the use of
experimentally validated non-active sequences, synthetic negatives, and physicochemical or structural dissim-
ilarity filters. A bidirvectional arrow connecting both panels highlights their integration as a critical step for
building vobust and generalizable ML models in therapeutic peptide discovery.
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a single representative from each cluster [140, 141]. These methods use heuristics or
greedy algorithms and are valued for their speed and ease of use, making them a
staple in large-scale curation pipelines [142]. However, this type of clustering has
notable limitations: it relies solely on primary sequence similarity and may overlook
important functional or structural relationships [143]. Moreover, overly strict
identity thresholds can remove biologically meaningful variants, reducing the overall
diversity of the dataset and potentially weakening downstream analyses.

To address these limitations, structure-based clustering approaches have been
proposed [144]. These methods take into account higher-order features such as
predicted secondary structures, solvent accessibility, or 3D conformations, often
using tools like AlphaFold2 or ESMFold [145, 146]. Clustering based on structural
fingerprints or spatial embeddings can provide a more biologically meaningful
grouping, particularly when a peptide’s activity depends more on its tridimensional
configuration than on its sequence [147]. Nevertheless, this approach is
computationally expensive and heavily dependent on the accuracy of structural
predictions [148]. For short or disordered peptides, the confidence of these
predictions tends to be low, which introduces further uncertainty [149].

A more flexible approach involves feature-based clustering, where peptides are
encoded using physicochemical descriptors, sequence-derived features (e.g.,
hydrophobicity, charge, or molecular weight), or learned representations
(embeddings) from protein language models such as ProtT5 or ESM [150, 151].
Embeddings offer a richer, multidimensional view of the data and can be clustered
using unsupervised learning algorithms like k-means, DBSCAN, or hierarchical
clustering [152, 153, 154]. This approach allows the grouping of peptides based on
latent similarity patterns that may not be apparent at the sequence level [144].
Moreover, it supports modular integration of multiple data types—such as activity
labels, structural motifs, and functional annotations—into the clustering process
[155]. However, feature-based clustering is sensitive to the choice of representation,
distance metric, and clustering algorithm, which can lead to variable outcomes and
requires careful validation [156].

More recently, learning-based filtering strategies have emerged. Instead of
treating redundancy as a static similarity problem, these approaches consider it a
dynamic decision task [157]. In this approach, deep learning models or contrastive
learning methods are used to detect and filter out redundant or low-information
sequences based on their contribution to model generalization or prediction
confidence. For instance, peptides that produce indistinguishable latent embeddings
or fail to alter decision boundaries in classifier models may be flagged as redundant
[158]. These strategies are especially useful in high-dimensional and multi-label
contexts, where redundancy may not be obvious at the raw sequence level [159].
However, the main disadvantage is that they can be computationally intensive and
may lack interpretability unless supported by robust exploratory tools [160].

Across all these methods, there is a clear trade-off between interpretability,
scalability, and representational depth. Sequence identity clustering is fast and
intuitive but exhibits problems in its approximation of functional similarity [143,
148]. Structure-based methods provide biological insights but are limited by their
prediction accuracy and resource requirements [144]. Feature and embedding-based
clustering strike a balance between complexity and flexibility, but require rigorous
validation [161]. Learning-based filters introduce adaptive, task-specific redundancy
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reduction, but may lack reproducibility and interpretability if not supported by
robust explanatory mechanisms [162].

In practice, hybrid strategies often yield the most reliable results. For instance, an
initial round of homology clustering can be used to reduce obvious duplication,
followed by feature-based or learning-guided refinement to address latent
redundancies. Additionally, filtering steps can incorporate domain-specific
constraints, such as preserving representatives across taxonomic groups or
therapeutic categories, that can serve to maintain functional variability while still
ensuring data quality [163].

6.3 An additional task toward building datasets for machine learning
applications: working with negative examples

High-quality negative datasets represent a critical, yet often overlooked,
component in the development of robust data-driven models for bioactive peptide
prediction. While the importance of well-annotated positive examples has been
widely acknowledged, the scarcity of reliable negative counterparts—particularly for
non-antimicrobial peptides—remains a significant limitation [164]. This challenge is
compounded by the fact that few efforts have focused on the systematic collection
and annotation of peptides lacking antimicrobial activity [37, 61] (see Figure 5B).

In other domains of molecular biology, such as microRNA classification or
protein—protein interaction prediction, strategies like one-class classification and
positive-unlabeled (PU) learning have been employed to address similar challenges
[61, 165, 166]. The former relies exclusively on positive data for training, while the
latter utilizes unlabeled data in place of explicitly negative examples. However, until
recently, such approaches were rarely applied to the classification of antimicrobial
peptides (AMPs), where the most prevalent strategy for assembling negative
datasets has involved sampling from general-purpose peptide databases like UniProt
[167, 168]. At its core, this sampling-based approach typically involves two main
steps. First, extracting all peptide sequences within a predefined length range, then
removing sequences annotated as antimicrobial or with related functional terms.

To ensure the resulting dataset’s validity, further refinement is essential. First,
duplicate sequences must be removed by comparing the negative dataset to the
positive one. Second, redundancy should be reduced, most commonly using CD-HIT
at a 40% sequence identity threshold [169, 170]. Third, class balance must be
maintained, generally by downsampling the larger class—typically the negative set—
to match the size of the smaller one. In some cases, sequences containing non-
canonical or chemically modified residues are excluded, depending on the research
objective.

While this heuristic method yields workable negative datasets, it is not without
important challenges. The absence of standardized, universally accepted exclusion
criteria introduces uncertainty into the model’s generalizability, especially when
applied to novel datasets [134, 164]. Moreover, the lack of benchmark AMP datasets
further complicates the assessment of model performance and reproducibility.

The reliability of annotation-based filtering is also limited by the incompleteness
and potential ambiguity of database annotations, which may lead to false negatives
or introduce bias against well-annotated taxonomic or functional groups [171].

Alternative strategies have emerged to address these limitations. Functional
descriptors such as minimum inhibitory concentration or half-maximal inhibitory
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concentration can be used to more precisely identify inactive peptides [172, 173],
particularly when species- or strain-specific, experimentally validated values are
available. Such information can be found in domain-specific databases like APD,
DBAASP, DRAMP, CAMP, dbAMP, AmPep, AVPdb, BioPep-UWM, ParaPep, and
PlantPepDB [62, 64, 174]. When the objective is to predict a specific bioactivity (e.g.,
antiparasitic), negative datasets may be constructed using peptides with unrelated
but known activities (e.g., antiviral or anticancer), assuming functional exclusivity
in the learning task [175, 176].

Another refinement strategy involves sequence similarity filtering using tools
such as BLAST, where sequences closely related to known AMPs (based on an e-
value threshold) are removed from the negative dataset [177]. Specific databases
already include experimentally validated non-AMP sequences, which can serve as a
valuable source of high-confidence negative examples [37].

More recent strategies have also been explored. These include training on
unlabeled data through contrastive learning or other semi-supervised deep learning
techniques [165, 166, 178, 179], as well as generating synthetic negative samples
either by random sequence generation or by introducing mutations into known
AMPs [178, 180, 181]. Additionally, some studies propose selecting negative samples
based on physicochemical or structural dissimilarity to known AMPs, using features
such as charge, hydrophobicity, or secondary structure propensity [182].

To mitigate biases and improve robustness, one promising approach involves
building multiple negative datasets using different strategies and training
independent models on each. These models can then be evaluated on an external
benchmark dataset to assess generalizability and consensus predictions [61, 183].

Given the absence of a universally accepted standard for negative dataset
construction, researchers must make careful decisions based on the quality of
available data, the computational resources at hand, and the specific goals of the
predictive model.

7. Data integration for machine learning applications: Traditional
data-driven pipelines and demonstrative examples

The integration of therapeutic peptide data into machine learning frameworks
depends on well-structured pipelines that ensure both methodological rigor and
biological relevance. This section presents a comprehensive overview of traditional
data-driven strategies commonly employed to develop predictive models, outlining
each stage—from data collection and preprocessing to model training, evaluation,
and deployment. We also discuss strategies tailored to low-data (Low-N) scenarios,
highlighting the role of transfer learning in enhancing model performance when data
is scarce.

7.1 Traditional strategies to develop predictive models using machine learning
strategies

Traditional data-driven machine learning approaches applied to the study of
therapeutic peptides can be grouped into four main categories: classification,
regression, clustering, and generative modeling [1]. Regardless of the specific task,
these workflows share a series of core stages, including dataset collection and
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curation, numerical encoding of peptide sequences, model training using suitable
algorithms, performance evaluation with task-appropriate metrics, and the
application of the trained model to predict, cluster, or generate peptide sequences
with desired properties [124].

The process begins with the collection and cleaning of peptide sequences [184]. As
discussed previously, this involves removing duplicates, incomplete entries, or
inconsistencies to ensure the quality and reliability of the data [185]. For supervised
learning, as in classification and regression, the dataset must include the relevant labels
or target values, while in unsupervised clustering and generative modeling, the emphasis
lies in capturing the diversity and representativeness of the peptide space [186].

Once curated, peptide sequences are transformed into numerical representations
suitable for computational processing. Encoding strategies range from traditional
approaches, such as one-hot encoding and physicochemical descriptors, to more
advanced embeddings derived from pre-trained protein language models. In
clustering and generative modeling tasks, embeddings or latent representations are
especially important, as they capture structural, functional, or compositional
patterns within the sequence space [187].

The encoded dataset is typically split into training, validation, and testing subsets,
often in ratios such as 70:20:10 or 80:20 [184]. In low-data regimes, cross-validation
techniques are employed to mitigate overfitting and enhance generalizability. While
supervised tasks use these partitions directly for model assessment, clustering
models rely on internal or external validation metrics, and generative models are
frequently trained on the complete dataset, reserving a portion for evaluating
novelty, diversity, and validity of the generated sequences [188].

Model training depends on the learning paradigm. Classification models, used for
tasks such as activity prediction or functional annotation, may rely on ensemble
algorithms, kernel-based methods, or deep learning architectures, while regression
models, designed to predict continuous properties such as solubility or binding
affinity, often employ linear regression variants, boosting-based regressors, or deep
neural networks adapted for regression tasks [189]. Clustering approaches group
peptides according to similarity in their feature space, applying algorithms such as
centroid-based, density-based, or hierarchical methods, often in combination with
dimensionality reduction techniques to improve interpretability. Generative
modeling focuses on learning the distribution of peptide sequences to produce new
candidates, employing architectures such as variational autoencoders, generative
adversarial networks, or autoregressive models [190].

Performance evaluation also varies with the task. Classification models are
typically assessed through accuracy, precision, recall, F1-score, Matthews
correlation coefficient, and curve-based metrics such as ROC-AUC or PR-AUC
[184]. Regression models are evaluated using correlation measures like Pearson or
Spearman coefficients, error-based metrics such as mean absolute error and root
mean squared error, and determination coefficients [191]. Clustering evaluation
relies on internal metrics such as the Silhouette score, Davies—-Bouldin index, or
Calinski-Harabasz index, and when reference labels are available, on external
metrics such as the Adjusted Rand Index or Normalized Mutual Information
[192]. Generative models are judged by their validity, uniqueness, and novelty,
alongside domain-specific evaluations, which may include the predicted
biological activity of generated sequences or the similarity of their property
distributions to reference datasets.
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Hyperparameter optimization is common across all paradigms and can be
performed through exhaustive search, evolutionary strategies, or Bayesian
optimization [124]. In generative modeling, additional tuning often balances the
exploration of sequence space with the targeted optimization of specific properties,
sometimes integrating reinforcement learning strategies. The independent test set,
or an equivalent held-out evaluation, provides the final performance benchmark. In
clustering and generative tasks, this may be complemented by downstream task
performance or case studies to illustrate the model’s practical relevance. Once
validated, models can be deployed in a wide range of applications, including peptide
screening, drug discovery, rational design of therapeutic candidates, unsupervised
exploration of peptide diversity, and de novo generation of optimized
sequences [184].

7.2 Working under low-N regimes, transfer learning strategies to develop
functional classification models

Functional classification of therapeutic peptides presents significant challenges
due to the need for high-quality annotations, diverse sequence representations, and
robust machine learning frameworks. However, most available datasets are small,
noisy, and imbalanced. These are classic examples of low-N scenarios, where only a
limited number of labeled examples are available for training [193]. This scarcity of
data undermines the assumptions of traditional supervised learning, which typically
relies on large, well-balanced datasets to achieve reliable generalization [194].

In this context, transfer learning and other data-efficient strategies have emerged
as powerful solutions. Among the most promising tools are protein language models
(PLMs), which are trained on massive collections of unlabeled protein sequences.
These models generate embeddings that capture biochemical, structural, and
evolutionary information [195], providing a strong foundation for downstream
classification tasks when labeled data is limited [196].

PLMs can be used as fixed feature extractors or fine-tuned on domain-specific
datasets. In both cases, they offer substantial improvements in predictive
performance under data-constrained settings [197]. Their ability to transfer learned
biological knowledge from large corpora to specific peptide tasks makes them
particularly valuable in therapeutic discovery pipelines.

Positive-unlabeled (PU) learning is another critical approach, especially relevant
when only positive samples are available and the negative class is undefined or
unlabeled [198]. PU learning allows classifiers to be trained in the presence of
incomplete labels while maintaining strong generalization capabilities [199].

Complementing these methods, contrastive learning techniques help refine the
quality of representations. These approaches train models to maximize the similarity
between related peptides and distinguish them from unrelated ones. As a result,
contrastive learning improves the discriminative power of the model even when
supervision is weak or noisy [200, 201].

Together, these strategies form a flexible and effective framework for functional
peptide classification in settings where labeled data is scarce. By combining
pretrained embeddings from PLMs with weak supervision and representation learning
objectives, researchers can build predictive models that are accurate, interpretable,
and scalable. These advances not only address the limitations of low-N datasets but also
accelerate the identification and prioritization of peptides with therapeutic potential.
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8. Open problems, limitations, and perspectives for peptide data
integration

Despite the increasing availability of peptide-related data and the expansion of
computational tools for their analysis, significant challenges persist that limit the full
potential of data-driven strategies in therapeutic peptide research. One of the most
critical issues is the inconsistency and heterogeneity in how peptide data are
reported, annotated, and structured across databases. These discrepancies emerge
from the diverse origins of the data and manifest as variable nomenclature,
inconsistent functional labels, and missing metadata. As a result, dataset integration
becomes a non-trivial task, often requiring extensive manual curation and
harmonization efforts that can introduce subjectivity and further
inconsistencies [202].

Annotation errors and uncontrolled redundancy are additional barriers that
undermine confidence in peptide datasets. Mislabeling of functional activities,
discrepancies in structural annotations due to conflicting experimental evidence or
prediction tools, and duplication of sequences across repositories compromise data
quality. These issues can propagate undetected through aggregated databases,
inflating dataset size and introducing hidden biases. Particularly in supervised
learning contexts, redundancy can lead to data leakage between training and
testing partitions, producing overoptimistic performance estimates and models
that fail to generalize. The lack of standardized criteria for quality control and
validation exacerbates this situation, leaving researchers to rely on ad hoc
heuristics or database reputation rather than objective, traceable quality
indicators [203].

These data quality problems directly impact the development of predictive
models. Many of the challenges encountered during training, including model
overfitting, poor generalizability, and lack of reproducibility, can often be traced
back to issues in dataset construction. Inaccurate or noisy annotations weaken the
signal that machine learning models are designed to capture, while poor class balance
and ambiguous negative sets limit the interpretability of evaluation metrics.
Although advanced strategies such as transfer learning and contrastive learning offer
partial relief in low-data regimes, their effectiveness still hinges on the availability of
reliable and representative training data [19].

To address these problems and strengthen the foundations of data-driven peptide
research, several directions for future work are urgently needed. First, the
development of a standardized markup language for peptides that enables
structured, interoperable, and machine-readable annotation of peptide data,
including sequence, structure, activity, context, and experimental provenance. Such
a format would greatly facilitate integration across databases, promote transparency,
and streamline the creation of curated datasets for machine learning applications.

Second, aligning peptide datasets with FAIR principles (Findable, Accessible,
Interoperable, Reusable) should become a priority across the community. This
includes not only technical implementations (e.g., metadata schemas, persistent
identifiers, APIs) but also community-endorsed standards for data submission,
versioning, and validation. Building centralized peptide registries with traceable
annotations and transparent update logs would further enhance reproducibility
and trust [204].
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Third, the development of a formalized guideline of best practices for dataset
construction and integration in peptide-focused machine learning studies. This
guideline should encompass recommendations for data preprocessing, annotation
validation, redundancy reduction, negative dataset generation, and evaluation
protocols. Ideally, it would be supported by a consortium of domain experts,
database curators, and computational method developers, ensuring that it reflects
both practical needs and technical feasibility [205].

Promoting interdisciplinary collaborations will be key to addressing these
challenges. The construction of high-quality datasets requires joint efforts from
experimentalists, computational biologists, and data scientists. Initiatives that
promote collaborative data curation, community-driven benchmarking, and open
sharing of intermediate datasets will accelerate progress and contribute to the
development of more robust, generalizable, and interpretable predictive models for
therapeutic peptides [206].

9. Conclusions

The rapid integration of machine learning into therapeutic peptide research has
emphasized the central importance of high-quality, well-preprocessed, and
interoperable datasets. As demonstrated throughout this chapter, the reliability,
reproducibility, and generalizability of predictive and generative models are
determined not only by algorithmic innovation but also by the integrity and
representational depth of the data that form their foundation. Rigorous
preprocessing, including systematic extraction, standardization, and redundancy
reduction, is therefore essential for building trustworthy computational pipelines.

Adopting the FAIR principles offers a practical and widely applicable framework
for addressing persistent challenges such as inconsistent annotation, heterogeneous
formats, and incomplete metadata. FAIR-compliant datasets facilitate integration
across diverse sources, enable transparent benchmarking, and support reproducible
workflows. In the context of therapeutic peptides, where data heterogeneity is the
norm, such practices are indispensable for scaling ML applications with confidence.

Realizing this vision will require community-wide commitment to shared
standards. Establishing unified protocols for preprocessing, annotation validation,
and redundancy reduction—together with standardized reporting formats and a
machine-readable peptide markup language—will ensure interoperability,
transparency, and long-term usability. Centralized, versioned repositories with
traceable provenance and open programmatic access will further enable
collaborative curation and integrative modeling.

Investing in these infrastructures today will define the reliability, interpretability,
and translational impact of tomorrow’s ML-driven peptide discovery. By combining
FAIR-compliant data practices with rigorous preprocessing pipelines, the field can
advance toward robust, transferable, and transparent computational models,
accelerating the design of safe and effective therapeutic peptides.
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