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ARTICLE INFO ABSTRACT

Keywords: Fungicide resistance and restrictions on conventional agrochemicals are increasing the need for sustainable crop-
Antifungal peptides protection strategies. Antifungal peptides (AFPs) are considered promising candidates due to their multiple
QSAR

mechanisms of action, biodegradability, and suitability for environmentally sustainable disease control. How-
ever, their application in agriculture remains limited by poor field stability, suboptimal delivery systems, high
production costs, and the lack of predictive models validated against phytopathogenic fungi. This review
collected and critically compared QSAR and machine learning (ML) studies published between 2015 and 2025,
focusing on their modeling strategies, predictive performance, limitations, and translational requirements for
antifungal peptide discovery in crop protection. The available literature remains dominated by Candida spp. and
broadly biomedical antifungal datasets, highlighting the translational gap between biomedical AFP prediction
and agricultural application. Eight representative studies were compared in terms of dataset size, endpoint,
descriptors, algorithms, target fungi, predictive performance, and validation approaches. Dataset size ranged
from 45 to 60 peptides in small congeneric series to large-scale collections containing up to 17,514 sequences.
Classification models generally reported validation or test accuracies of 0.86-0.96 and AUC values of 0.91-0.99,
whereas regression models showed more variable external or test performance, with R? values of approximately
0.50-0.87. The reviewed studies illustrate a diverse methodological landscape, from interpretable QSAR models
to ML classifiers and deep-learning pipelines based on protein-language-model sequence representation. Overall,
the principal barrier to agricultural translation is not algorithm availability, but the lack of curated plant-
pathogen-specific datasets, standardized agricultural endpoints, and external benchmarks incorporating field-
relevant traits such as protease resistance, UV stability, leaf-surface persistence, formulation compatibility,
phytotoxicity, and effects on beneficial microorganisms.

Machine learning
Protein language models
Biopesticides

Crop protection

1. Introduction limited number of major crop species that are persistently threatened by
a spectrum of phytopathogenic fungi. The agronomic and economic
1.1. Fungal diseases and the need for alternative crop-protection strategies burden of these diseases is staggering [1].

Recent analyses estimate that fungal pathogens destroy up to 23% of
Food security, as defined at the 2009 World Summit on Food Secu- global crop yields annually, a massive pre- and post-harvest loss that
rity, exists “when all people, at all times, have physical, social and significantly hinders the transformation of agricultural systems needed
economic access to sufficient, safe and nutritious food which meets their to meet future food demand [2,3]. This challenge is monumental, as the
dietary needs and food preferences for an active and healthy life.” global population is projected to exceed 10 billion between 2080 and

Achieving this security, however, depends on a fragile foundation: a 2100, driving continuously growing demand for food [4].
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Fungal pathogens are a primary driver of these yield declines,
responsible for an estimated 70-80% of all crop diseases [5], with an
annual economic toll exceeding $200 billion USD [6]. The severity of
this burden is crystallized in the devastation caused by specific diseases:
wheat rusts and Fusarium head blight continually threaten staple cereal
production [7], while powdery mildew diseases devastate a vast range of
high-value crops, from grapes to cucurbits. Pathogens such as Fusarium
spp., Botrytis cinerea, Magnaporthe oryzae, Alternaria spp., continue to
challenge disease management [8,9], while resistance to conventional
fungicides like sterol demethylation inhibitors (DMIs) and succinate
dehydrogenase inhibitors (SDHIs), is now widespread, with over 50% of
US and EU field isolates showing reduced sensitivity [10,11].

This crisis is intensified by stringent new regulations that restrict the
use of many existing agrochemicals, such as EU restrictions on triazoles
under Regulation EC 1107,/2009, alongside public backlash over envi-
ronmental toxicity [12]. Consequently, farmers are left with increas-
ingly few reliable tools.

These compounding challenges underscore the urgent need for
innovative alternative solutions, such as natural or synthetic peptide-
based compounds, which offer the potential to combine effective dis-
ease control with environmental compatibility.

1.2. Antifungal peptides (AFPs) as a sustainable solution for crop
protection

AFPs are attractive candidates for sustainable crop protection
because they combine target selectivity, biodegradability, and mecha-
nisms of action that differ from many conventional small-molecule
fungicides (Fig. 1) [13-19]. Recent studies have highlighted the rele-
vance of plant-derived antimicrobial peptides, including their mecha-
nisms of action, safety considerations, and potential integration into
crop-protection strategies [20].
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The activity of antifungal peptides can involve membrane disruption,
interference with fungal cell-wall components, intracellular targeting,
oxidative stress induction, and activation of plant defense pathways [16,
21-28]. These mechanisms are relevant to phytopathogenic fungi
because they intersect with conserved fungal structures and processes,
including membranes enriched in sterols and cell envelopes containing
chitin, B-glucans, and mannoproteins. Representative mechanisms and
experimentally validated examples are summarized in Table 1.

This mechanistic diversity provides a biological basis for the rational
design of peptide-based fungicides and supports their potential contri-
bution to resistance-management strategies. However, the same physi-
cochemical properties that make AFPs environmentally attractive also
create a formulation and delivery trade-off. Environmental biodegrad-
ability is desirable after application because it may reduce long-term
residue accumulation in soil, water, and harvested products; however,
premature degradation before the peptide reaches or persists at the
fungal target can reduce efficacy and require higher or more frequent
application rates. Therefore, agricultural AFP design must balance two
competing requirements: sufficient stability to remain active on plant
surfaces, in the rhizosphere, or during post-harvest storage, and sulffi-
cient degradability to avoid persistent environmental residues.
Furthermore, in crop-protection settings, peptide performance can be
affected by UV radiation, plant and microbial proteases, fluctuating
humidity and pH, adsorption to waxy cuticles, and formulation-
dependent delivery [15,29,30]. Therefore, agricultural AFP discovery
cannot rely only on intrinsic antifungal potency; it must also consider
environmental stability, persistence, delivery, phytotoxicity, and selec-
tivity toward beneficial plant-associated microorganisms [15,17,18].

Core Advantages of AFP
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Fig. 1. Core advantages of employing antifungal peptides (AFPs) in sustainable crop protection strategies.
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Table 1
Experimentally validated antifungal mechanisms supporting the rational design of fungicidal peptides for sustainable crop protection.
Mechanism of Action Description Representative Peptides Confirmed Targets/Pathogens  Key
References
Direct antifungal activity
Membrane Disruption Peptides bind to fungal membranes, form pores or Plant defensins, thionins, hevein-like Botrytis cinerea, Fusarium spp. [22-25]
cause lysis peptides
Cell Wall Biosynthesis Interference with chitin synthase or p-glucan Synthetic chitin-binding peptides Colletotrichum, Alternaria [24,26]
Inhibition synthase
Intracellular Targeting Peptides penetrate cells and inhibit DNA/RNA or Nuclear-localizing synthetic peptides Magnaporthe oryzae, Botrytis [27,28]
protein synthesis cinerea
Oxidative Stress Induction Triggers ROS accumulation leading to cellular Microbial-derived AFPs Fusarium, Rhizoctonia solani [26]
damage
Indirect antifungal activity
Host Immunomodulation Activates plant defense pathways Systemin, defensins Broad-spectrum fungal [27]
resistance

1.3. QSAR and machine learning applications in antifungal peptide
development

Antifungal peptide discovery uses complementary experimental and
computational strategies, including empirical peptide-library screening,
phage display, structural biology, molecular docking, and molecular
dynamics simulations. These methods address different stages of the
discovery pipeline. Empirical screening and phage display can identify
active or target-binding peptides, whereas structural and simulation-
based approaches can provide detailed mechanistic insight into pep-
tide conformation, membrane interaction, target engagement, and
candidate refinement. However, these approaches are experimentally or
computationally intensive and are not always suited to first-pass prior-
itization across large peptide sequence spaces. The present review fo-
cuses specifically on QSAR and ML workflows because they provide a
scalable framework for integrating peptide sequences, molecular de-
scriptors, activity annotations, and validation metrics to identify struc-
ture-activity patterns, screen virtual peptide libraries, and prioritize
candidates for subsequent experimental, structural, and formulation
studies [30-34].

Building on the translational barriers introduced above, QSAR and
ML approaches are particularly relevant for agricultural AFP discovery
because they can support candidate prioritization beyond intrinsic
antifungal potency. In principle, predictive models may be used to
identify motifs associated with proteolytic susceptibility, prioritize
peptides with improved physicochemical profiles, and guide the selec-
tion of candidates for synthesis and validation [29-31]. Nevertheless,
these applications require appropriate datasets and endpoints.

In addition, production cost remains a critical barrier. The chemical
synthesis or recombinant expression of peptides is still generally more
expensive than the mass production of conventional small-molecule
fungicides [35]. ML-driven optimization and computational design
may help streamline the development pipeline, from de novo peptide
design to the prediction of candidate sequences with improved synthetic
accessibility, stability, or production feasibility [36,37]. For instance,
the integration of deep learning with cell-free protein synthesis has been
proposed as a time-, cost-, and labor-effective platform for rapid peptide
production and functional screening [38]. Similarly, computational
models may support the optimization of microbial or recombinant
production systems for naturally derived antifungal agents, including
lipopeptides and polyketides [21].

QSAR and ML workflows can also support delivery and formulation
development by relating peptide physicochemical properties to carrier
compatibility, solubility, stability, and release behavior. Computational
models can help prioritize candidates for encapsulation, adjuvant
combination, or formulation strategies intended to improve leaf adhe-
sion, cuticle interaction, and duration of activity [15,30]. This view is
consistent with recent analyses of enzymes, proteins, and peptides as
emerging biosolutions for crop production, which emphasize both their
potential and the practical challenges associated with stability,

formulation, delivery, and field deployment [39]. Thus, QSAR and ML
should be treated as a prioritization framework rather than a replace-
ment for experimental validation, structural analysis, or formulation
studies.

The aim of this review is not to introduce a new QSAR and ML
strategy or to report a newly trained predictive model. Instead, it pro-
vides a critical synthesis of current QSAR and ML approaches applied to
antifungal peptide discovery during the last ten years, with particular
attention to their relevance for agricultural and crop-protection appli-
cations. Specifically, the review compares published models in terms of
datasets, endpoints, descriptors, algorithms, validation strategies, and
target fungal species; identifies the current predominance of biomedical
datasets and Candida spp. centered validation, discussing the additional
requirements needed for agricultural translation, including plant-
pathogen-specific benchmarking, environmental stability, delivery,
phytotoxicity, and formulation compatibility. In this sense, the contri-
bution of the review lies in defining the translational gap and outlining a
structured roadmap for adapting existing computational peptide-design
strategies to plant fungal disease control.

1.4. Methodological framework for the literature review: search strategy
and study selection

This manuscript was designed as a critical narrative review with a
structured comparative analysis of QSAR and machine learning studies
relevant to antifungal peptide discovery. The literature search was
performed using PubMed, Scopus, and SciFinder Scholar as the primary
bibliographic databases. ResearchRabbit was used as a supplementary
citation-mapping tool to identify additional relevant studies and citation
networks. The last search update was conducted on May 17, 2026.

The search targeted studies published between 2015 and 2025
addressing QSAR, machine learning, deep learning, molecular de-
scriptors, or computational peptide-design strategies applied to anti-
fungal or antimicrobial peptide discovery. Search queries were
constructed using Boolean operators as follows: (“antifungal peptide”
OR “antimicrobial peptide” OR “fungicide” OR “antifungal” OR “pep-
tide”) AND (“QSAR” OR “quantitative structure-activity relationship”
OR “machine learning” OR “deep learning” OR “molecular descriptors”
OR “peptide design”).

Studies were included if they met the following criteria: (i) devel-
opment or application of QSAR, machine learning, or deep-learning
models for antifungal peptide prediction or design; (ii) use of peptide
descriptors, sequence-derived features, physicochemical and structural
descriptors, or protein-language-model embeddings for classification or
regression tasks involving antifungal and antimicrobial peptides; (iii)
reporting of performance metrics such as accuracy, AUC, MCC, F1-score,
R?, Qz, Rzpred, or external/test-set validation; or (iv) relevance to the
translational potential of peptide-based antifungal strategies for crop
protection.
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2. QSAR and machine learning: A decade accelerating the next
generation of antifungal peptides

The integration of quantitative structure-activity relationship
(QSAR) modeling with machine learning (ML) supports peptide-based
discovery by enabling scalable candidate prioritization before synthe-
sis and experimental testing [40,41]. QSAR modeling strategies can
accelerate antifungal peptide discovery by establishing a quantitative
relationship between peptide structural features and antifungal activity,
thereby supporting the rational design and optimization of candidates
with potential fungicidal properties. Platforms such as PepQSAR, for
example, have demonstrated the ability to screen thousands of peptide
sequences in silico, facilitating the identification of candidates with
desired biological properties [31]. Although the screening of libraries
exceeding 10° compounds remains challenging, continuous improve-
ments in ML computational resources are progressively increasing the
scale and efficiency of peptide prioritization workflows. These advances
highlight the growing role of ML as a predictive tool for accelerating AFP
discovery [42,43].

Beyond conventional QSAR approaches, the incorporation of deep-
learning and generative models has further expanded the possibilities
of computational peptide design by enabling the exploration of novel
sequence spaces beyond naturally occurring peptides. Generative ML
models can create de novo peptide candidates with tailored properties,
significantly expanding the chemical space beyond natural sequences
and accelerating discovery workflows [44,45]. Recent studies illustrate
this emerging trend. Li et al. (2024) developed the AMPd-Up platform,
which employed a recurrent neural network (RNN) to generate novel
peptide sequences, achieving a high rate of experimental confirmation
against bacterial targets [46]. Similarly, Wang et al. (2024) introduced
ProT-Diff, which combines a pretrained protein language model with a
diffusion model to generate candidate AMPs and AFPs, showing high
synthesis success and therapeutic efficacy in a mouse model [47]. Zer-
vou et al. (2024) used feedback generative adversarial networks
(FBGAN) to design peptides. Their model incorporates a feedback loop
from classifiers like ESM2 (Evolutionary Scale Modeling), which
improved accuracy and efficiency in generating promising antimicrobial
candidates [48].

One of the most recent examples illustrating the application of these
computational advances to antifungal peptide discovery is the Fung-AI
pipeline developed by Berman et al., this approach integrates genera-
tive adversarial network (GAN)-based sequence generation with in silico
classifiers for the de novo design and prioritization of antifungal pep-
tides. From approximately 10,000 generated sequences, selected

2. MOLECULAR
DESCRIPTOR
CALCULATION

1. PEPTIDE DATA
SET COLLECTION
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candidates exhibited mild in vitro activity against Fusarium graminearum
(a wheat pathogen of relevance to the agri-food industry) and Candida
albicans. This study provides a proof-of-principle for Al-driven anti-
fungal peptide discovery by combining sequence generation, computa-
tional filtering, experimental validation, and preliminary toxicity
assessment [49].

Collectively, these studies highlight the integration of QSAR and ML
approaches within a broader computational framework for antifungal
peptide discovery, as conceptually summarized in Fig. 2. This workflow
outlines the interconnected stages commonly applied in computational
AFP discovery, ranging from sequence representation and model
development to candidate prioritization and experimental validation. In
addition, QSAR and ML approaches for AFP discovery should adhere to
established best-practice guidelines, where model robustness, external
validation, applicability domain assessment, and transparent reporting
are essential requirements to ensure that computational predictions can
reliably support experimental prioritization [50].

As shown in Fig. 2, four key stages can be identified in the discovery
of antifungal peptides using QSAR and ML methodologies: (1) peptide
dataset collection; (2) molecular descriptor calculation; (3) model
development and validation; and (4) virtual screening and selection of
novel candidate peptides [33,50]. Among these, the initial and most
critical step is dataset construction (1), which involves the collection,
curation, and standardization of raw peptide data. Indeed, the predictive
performance of the entire workflow largely depends on the quality,
consistency, and representativeness of the training dataset, which may
include quantitative and/or qualitative annotations of antifungal ac-
tivity derived from peptide databases. For classification tasks, dataset
assembly should not rely exclusively on repositories enriched in known
active antimicrobial or antifungal peptides. Instead, active sequences
from databases such as DRAMP, APD3, CAMP, DBAASP, or StarPepDB
should be complemented by carefully selected inactive, weakly active,
or decoy sequences. Ideally, these peptides should be experimentally
validated and matched in terms of length and physicochemical property
distributions relative to the active set. When experimentally confirmed
inactive peptides are not available, non-AMP sequences or synthetic
decoys may be used; however, this approach introduces uncertainty, as
such sequences may reflect a lack of annotation rather than true inac-
tivity. Thus, a balanced and well-curated dataset is essential to enable
robust model training and to support the identification of meaningful
sequence-activity relationships underlying antifungal properties [51].

Building on this curated dataset, the next stage corresponds to
descriptor calculation (2), which constitutes the core of the QSAR
approach. This step establishes the quantitative link between peptide
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structure and antifungal activity by extracting chemical and structural
information. A variety of software tools can be employed to calculate
molecular descriptors, which fall into three main categories: (i) classical
2D and 3D molecular descriptors (e.g., physicochemical, topological);
(ii) sequence-based descriptors (e.g., amino acid composition); and (iii)
novel machine learning-derived embedding descriptors, which repre-
sent high-dimensional vectors capturing complex sequence, structural,
and functional patterns. This process of feature engineering transforms
raw peptide sequences into structured numerical representations suit-
able for downstream modeling.

Once the feature set is defined, the workflow proceeds to the model
development phase (3). This stage involves feature selection to identify
the most informative descriptors, followed by algorithm selection from a
range of machine learning techniques. The modeling toolkit includes
classical algorithms such as support vector machines (SVM), random
forest (RF), and linear regression, as well as more advanced deep
learning approaches, including artificial neural networks (ANN),
recurrent neural networks (RNN), and generative adversarial networks
(GANs), such as feedback GANs (FBGAN). Subsequently, model training
and validation are performed to ensure robustness and predictive per-
formance. The resulting models are rigorously evaluated using internal
and external validation strategies, including k-fold cross-validation,
leave-one-out cross-validation (LOOCV), or hold-out train/test splits.
Model performance is then quantified using metrics such as R2, accu-
racy, and AUC to ensure reliability prior to deployment [52,53].

Finally, the last phase involves the virtual screening of peptide
dataset to identify potential antifungal peptides candidates (4). This
selection is guided by information encoded in molecular descriptors and
ML-QSAR models, which provide interpretable insights through feature
importance analysis, highlighting the key peptide properties that drive
activity. The resulting prioritized candidates support the rational design
of stable, potent, and cost-effective peptides tailored for antifungal ap-
plications. By enabling sequence- and motif-level screening in a pre-
dictive framework, this approach accelerates discovery and facilitates
structure-informed optimization of next-generation AFPs [34].

2.1. Evolution of QSAR and ML in antifungal peptide discovery

As described in Section 1.4, a structured literature search was con-
ducted to identify and analyze studies published over the last decade
(2015-2025) that have applied QSAR and machine learning approaches
to antifungal peptide discovery. The selected studies are summarized in
Tables 2A and 2BA and 2B, each study is systematically characterized
according to key criteria, including bibliographic reference; dataset
composition used for model training and validation; modeling type
(classification or regression); predicted biological endpoints, such as
antifungal activity, minimum inhibitory concentration (MIC), half-
maximal inhibitory concentration (ICsg), pMIC, or pICsp; descriptor
type (e.g., classical QSAR descriptors, sequence-based features, or ma-
chine learning-derived embeddings); modeling algorithms (e.g., random
forest, support vector machine); performance metrics (e.g., R2, Qz);
validation strategy (e.g., cross-validation, external test sets); target
fungal species; and software used for descriptor calculation (e.g., RDKit,
Dragon).

By analyzing the studies reported in Tables 2A and 2BA and 2B, it is
evident that the application of QSAR modeling and machine learning to
antifungal peptide design has diversified substantially over the past
decade. This diversification is reflected in the coexistence of approaches
ranging from small, chemically constrained datasets combined with
interpretable linear QSAR models, and large-scale, multi-species data-
sets integrated with advanced machine learning and generative Al
pipelines. Accordingly, classical methodologies remain widely used and
are progressively complemented, rather than replaced at present, by ML-
and Al-based strategies.

From a methodological perspective, the field includes small QSAR
studies based on classical molecular descriptors, larger classification
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Table 2A
QSAR and machine learning studies on antifungal peptides (2015-2025): study
design, descriptors, algorithms, target species, and dataset structure.

N total (Train/Test/ Endpoint  Descriptors ~ Model Species Ref
Ext)
45 (34/-/11) pMIC Seq + 2D G/PLS  C. albicans  [54]"
60 (48/-/12) pICso 3D SPCR C. albicans  [55]
17514 (1556/430/ Class. Seq RF General [56]
15528) (AFP/ antifungal
Non-
AFP)
11550 (Class.); Class. + 2D SVC/ Candida [42]
1583-95-275-148 pMIC SVR Spp.
(Reg.)
149 (18/-/149) MIC (ug/  Seq + 2D PLSR  Candida [57]
mL) + Exp Spp.
BSI
2488 (1990/-/498) Class. Seq + 2D SVC, Multiple [58]
(AFP/ kNN, fungi®
Non- RF,
AFP) LR,
MLP,
Stack
294 Class. Seq + 2D SvC General [59]
antifungal
8258 (5506/1376/ Class. Emb (ESM-  BERT- Candida [60]
1376) (AFP/ 2) MLP spp.
Non-
AFP)

Abbreviations: MIC, minimum inhibitory concentration; pMIC, negative loga-
rithm of MIC; ICsp, half-maximal inhibitory concentration; pICso, negative log-
arithm of ICso; AFP, antifungal peptide; Seq, sequence-based descriptors; 2D,
traditional 2D QSAR descriptors; 3D, 3D QSAR descriptors; Emb, embedding
descriptors; RF, Random Forest; SVC, Support Vector Classifier; SVR, Support
Vector Regression; BSI, Broad-Spectrum Selectivity Index; PLSR, Partial Least
Squares Regression; SPCR, Principal Component Regression; MLP, Multilayer
Perceptron.

# Rows correspond to the same studies and reference order shown in Table 2B.

b Fungal species included: Candida, Aspergillus, Fusarium, Botrytis, Crypto-
coccus, Saccharomyces, Pichia, Batrachochytrium, Neurospora, Didymella,
Leptosphaeria, Phytophthora, Verticillium, Fulvia and Alternaria.

models relying on sequence- or physicochemical-based features, ap-
proaches incorporating protein-language-model embeddings, and fully
generative design pipelines. While small regression datasets typically
support interpretable, local structure-activity relationship analyses,
larger classification frameworks are more suitable for broad screening
and candidate prioritization. Thus, the coexistence of large-scale pre-
dictors and smaller interpretable models reflects the fragmentation and
specialization of the field, not a simple replacement of classical QSAR by
deep learning.

Considering that the robustness of any QSAR and ML model is
fundamentally determined by the quality and characteristics of its
training data, this aspect warrants careful analysis. Early QSAR studies
based on small datasets (N < 100), such as those by Borkar et al., and
Yousefinejad et al., were limited in scale but benefited from relatively
homogeneous peptide series and well-defined descriptor spaces [54,55].
Under these conditions, linear or semi-linear models can perform
effectively, as they primarily interpolate within a restricted chemical
domain rather than extrapolating across broad peptide diversity. This
contextualizes the strong external performance reported for the SPCR
model by Yousefinejad et al., which achieved a high R? test despite being
trained on only 60 peptides [55]. Importantly, such results should not be
interpreted as evidence that small datasets are inherently superior, but
rather as a consequence of carefully curated descriptor selection and a
constrained applicability domain that enables robust local modelling.
These approaches remain highly valuable for mechanistic interpretation
and lead optimization, although their generalizability beyond the orig-
inal peptide space is inherently limited.

A similar rationale applies to the study by Chang et al., where a
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Table 2B
QSAR and machine learning studies on antifungal peptides (2015-2025): pre-
dictive performance and validation strategy.

Metric type Performance Validation Ref

Regression R? = 0.85; Q% = 0.75; LOO, LSO, [54]°
RZpred = 0.50 bootstrap, Y-

scrambling; external
test

Regression R? = 0.97; Q%v = 0.82; CV, Y-scrambling; [55]
R’test = 0.87 external test

Classification  Train: ACC = 0.95, MCC = 0.91, 10-fold LSO CV; [56]
AUC = 0.99; Test: ACC = 0.94, external test
MCC = 0.88, AUC = 0.99;
External: ACC = 0.86,
MCC = 0.66, AUC = 0.91

Classification ACC = 0.89; MCC = 0.79; 10-fold CV [42]
AUC = 0.95

Regression R?train = 0.93-0.94; 10-fold CV [42]
R?val = 0.66-0.89

Regression R? = 0.734; prediction accuracy LOO; repeated 9-fold [57]
within one dilution = 78.2% Ccv

Classification  Train: ACC = 0.997, 5-fold CV; [58]
MCC = 0.995; Test: ACC ~ 0.88, independent test
MCC = 0.75, F1 ~ 0.88

Classification =~ Model 1: ACC = 0.88, Not specified [59]
MCC = 0.76; Model 2:
ACC = 0.90, MCC = 0.80

Classification  Validation: ACC = 0.89, Internal validation; [60]

MCC = 0.79; Test: ACC = 0.96,
MCC = 0.91

independent test

ACC, accuracy; MCC, Matthews correlation coefficient; AUC, area under the
receiver operating characteristic curve; F1, F1-score; CV, cross-validation; LOO,
leave-one-out cross-validation; LSO, leave-some-out or leave-subject-out vali-
dation, depending on the original study; R?, coefficient of determination; Q?,
cross-validated coefficient of determination; R2pred, predictive coefficient of
determination on an external set.

@ Rows correspond to the same studies and reference order shown in Table 2A.

relatively small dataset and a PLSR-based framework were employed not
as a regression to simpler methodologies, but as a deliberate modelling
choice aimed at deriving interpretable and quantitative structure-
activity relationships linking peptide features, antimicrobial activity,
and mammalian cytotoxicity [57].

By contrast, larger classification datasets, such as those used by
Zhang et al., Pinacho-Castellanos et al., Lobo et al., and Yin et al., enable
broader virtual screening and improved generalization across diverse
peptide sequences, with dataset sizes ranging from several thousand
peptides to more than 17,000 sequences depending on the study design
[42,56,58,60]. These models typically report strong predictive perfor-
mance, with validation or test accuracies ranging from approximately
0.86 to 0.96 and AUC values up to 0.99. However, such performance
does not scale linearly with dataset size. Once a sufficient data volume is
reached to train stable classifiers, further improvements appear to
depend more critically on data quality than on quantity, including
rigorous curation, redundancy reduction, reliable construction of
negative sets, endpoint consistency, and strict separation between
training and external validation data. This aspect is particularly relevant
in antimicrobial peptide modelling, where inactive sequences are
frequently inferred from the absence of annotation rather than experi-
mentally confirmed inactivity.

The comparison between classical QSAR descriptors and protein-
language-model embeddings further highlights a central methodolog-
ical trade-off between interpretability and representational power.
Classical 2D, 3D, physicochemical, and sequence-based descriptors
preserve a higher degree of chemical interpretability, enabling the
identification of properties such as hydrophobicity, charge distribution,
amphipathicity, molecular size, and spatial organization, which are
directly relevant for rational peptide optimization [54,55,57]. This is
evident in descriptor-based QSAR studies such as those by Borkar et al.
and Yousefinejad et al., where relatively small and chemically

Journal of Agriculture and Food Research 30 (2026) 103162

constrained peptide datasets enabled the extraction of interpretable
local structure-activity relationships [54,55]. Similarly, the PLS-based
framework reported by Chang et al. illustrates how experimentally
accessible physicochemical properties, including RP-HPLC retention
time, can be incorporated into transparent models aimed at optimizing
potency and selectivity within focused peptide series [57]. Such inter-
pretability is especially valuable for agricultural translation, where
model outputs must inform not only antifungal potency but also sta-
bility, phytotoxicity, solubility, persistence, and formulation compati-
bility. However, the requirements for broad virtual screening and de
novo peptide discovery differ from those of local QSAR optimization.
Larger and more heterogeneous datasets, such as those used by Zhang
et al. and Pinacho-Castellanos et al., support wider candidate prioriti-
zation but also shift the modelling objective from mechanistic expla-
nation toward classification performance and generalization across
diverse peptide spaces [42,56]. In this context, non-linear machine
learning algorithms and high-dimensional feature representations
become increasingly useful, although the resulting structure-activity
rules are less direct. Lobo et al. further illustrate that predictive per-
formance depends on the interaction between dataset structure, feature
representation, dimensionality reduction, and algorithm selection,
rather than on a universally superior modelling approach [58].
Protein-language-model embeddings and deep learning architectures,
exemplified by the ESM-derived representations and neural-network
classifiers used by Yin et al., extend this trend by capturing complex
and non-local sequence relationships that are difficult to encode through
predefined descriptors [60]. These methods are therefore highly prom-
ising for large-scale screening and generative peptide design, but their
reduced interpretability remains a major limitation when predictions
must be converted into explicit design rules for crop-protection
applications.

Endpoint definition represents another critical determinant of model
utility. Regression approaches based on MIC, pMIC, ICs, or selectivity
indices provide quantitative resolution for potency optimization but
require highly consistent experimental protocols and are sensitive to
inter-laboratory variability [42,54,55,57]. In contrast, binary classifi-
cation frameworks are more scalable and effective for large-library
prioritization; however, they reduce biological activity to simplified
active-inactive labels, thereby losing information on potency gradients,
spectrum of activity, and dosage requirements [56,58-60]. This limi-
tation is particularly relevant for agricultural antifungal peptide (AFP)
discovery, where field performance cannot be inferred solely from in
vitro classification outcomes.

Validation strategy is also central to interpreting these reported
performances. Internal validation procedures, such as leave-one-out, k-
fold cross-validation, or bootstrap resampling, are useful for estimating
model stability within a defined dataset, but they do not necessarily
demonstrate generalizability beyond the original peptide space. In this
respect, external test sets, independent validation, similarity-reduced
splits, and applicability-domain assessment are more informative for
evaluating whether a model can support prospective candidate priori-
tization [50,54-60]. This distinction is particularly important for agri-
cultural AFP discovery, because models trained and validated mainly on
biomedical or Candida-centered datasets cannot be assumed to transfer
directly to phytopathogenic fungi or field-relevant endpoints without
plant-pathogen-specific external validation.

Taken together, the reviewed studies indicate that dataset size,
descriptor representation, and model complexity must be aligned with
the intended predictive objective. Small, interpretable QSAR models
remain valuable for local structure-activity exploration and lead opti-
mization, whereas larger ML classifiers are more appropriate for broad
screening and prioritization tasks. Protein-language-model and genera-
tive approaches further expand the chemical space accessible to
computational design but require rigorous external validation and
complementary interpretability frameworks. Accordingly, the most
effective strategy for agricultural AFP discovery is not the replacement
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of classical QSAR methodologies by deep learning, but their integration
within hybrid frameworks that combine interpretable descriptors,
robust validation strategies, applicability-domain assessment, and scal-
able ML architectures.

Importantly, the analysis of the literature reveals that the vast ma-
jority of existing studies (Tables 2A and 2BA and 2B) focus on antifungal
peptide discovery in biomedical or clinically oriented contexts. This
predominance highlights a translational gap rather than a methodo-
logical limitation, as QSAR and machine learning approaches are well
established but remain comparatively underexplored in agricultural and
agri-food applications. Only a limited number of studies explicitly
address antifungal peptide prediction in plant-pathogen or crop-
protection contexts, underscoring a significant opportunity for future
research. Extending these computational frameworks to agricultural
systems therefore represents a promising avenue to bridge this gap and
enable rational peptide design for plant disease control.

3. Data resources for QSAR and ML antifungal peptide model
development

Although QSAR and machine learning approaches for antifungal
peptide (AFP) discovery have been primarily driven by advances in al-
gorithms and molecular representations, their development critically
depends on parallel progress in data availability, quality, and curation.
In fact, dataset size, diversity, and reliability are key determinants of
model performance, generalizability, and applicability domain. Over
time, the field has evolved from small, manually curated datasets to
large-scale, publicly available peptide repositories. Consequently, a
clear understanding of the origin, composition, and intended use of the
databases employed for model training and validation is essential for
interpreting results, ensuring reproducibility, and enabling fair bench-
marking across studies.

Across the reviewed literature, several databases stand out as central
resources for constructing training datasets. DRAMP (Data Repository of
Antimicrobial Peptides), APD3 (Antimicrobial Peptide Database 3),
CAMP (Collection of Anti-Microbial Peptides), and DBAASP (Database
of Antimicrobial Activity and Structure of Peptides) are the most
frequently used sources of antimicrobial and antifungal peptides. These
databases are often combined to generate larger and more chemically

Journal of Agriculture and Food Research 30 (2026) 103162

diverse datasets, as summarized in Table 3.

This multi-source strategy, applied in studies such as those by Zhang
et al., Lobo et al., Medvedeva et al., and Yin et al., reflects the need to
maximize coverage of known active peptides while mitigating biases
inherent to individual repository curation policies [42,58-60]. Impor-
tantly, DRAMP and DBAASP not only provide peptide sequences but also
include experimentally derived quantitative activity data (e.g., MIC
values) and, in some cases, structural information, which makes them
particularly valuable for QSAR regression modelling.

In addition, StarPepDB has emerged as a widely used meta-database
that integrates experimentally annotated peptide information from
multiple primary sources, including UniProtKB, APD, and YADAMP [56,
60]. Studies such as those by Pinacho et al., and Yin et al., have used
StarPepDB as a central resource for dataset construction and model
evaluation. The specific role of each database across QSAR and ML
workflows is further detailed in Table 4, which highlights how different
data sources are combined depending on the modelling objective
(classification vs regression, antifungal vs general antimicrobial
prediction).

In contrast, earlier QSAR studies, such as those by Borkar et al., and
Yousefinejad et al., relied mainly on manually curated datasets extracted
from the scientific literature rather than large integrated repositories
[54,55]. Although more limited in size, this strategy allowed precise
control over data quality and composition, as well as direct linkage to
well-characterized experimental evidence. As a result, they were
particularly effective for deriving robust structure-activity relationships
within narrow chemical spaces, albeit with a more limited applicability
domain.

A particularly important aspect of dataset construction is the defi-
nition of negative or decoy sequences for classification tasks. In most
QSAR and ML studies (e.g., Yin et al., and Pinacho et al.), UniProt has
been used as the primary source of non-antimicrobial peptide sequences
(Tables 3 and 4) [56,60]. The extensive coverage and diversity of Uni-
Prot help reduce sampling bias in negative datasets, thereby improving
classifier robustness. In addition, UniProt underpins modern protein
language models, further reinforcing its importance in contemporary
peptide prediction pipelines.

However, integrating multiple databases also introduces non-trivial
curation challenges. Meta-databases such as StarPepDB increase

Table 3
Overview of antimicrobial peptide databases and their application in machine learning and QSAR studies.
Database Focus Key Features & Usage Context Relevance & Application in the Studies References
DRAMP (Data Repository Therapeutic and Used in multiple studies for building ML predictors. ~ High. A widely used curated source for assembling [42,
of Antimicrobial experimental AMPs Noted for extensive annotations and being a AMP datasets, although additional deduplication, 58-60]
Peptides) primary source for curated, high-quality data. annotation harmonization, and activity-label
verification are required before model training.
APD3 (Antimicrobial Natural and Frequently used in combination with DRAMP, High. Another core database used in multi-source [42,59,60]

Peptide Database 3) synthetic AMPs

DBAASP (Database of AMP activity and

CAMP, and DBAASP to build large, diverse datasets
for model training and virtual screening.
Explicitly mentioned for containing quantitative

consolidations to ensure dataset comprehensiveness
and reduce individual database bias.
High. Particularly valuable for QSAR-related work due [42,

Antimicrobial Activity structure activity data (e.g., MICs). Used in studies focusing to its structured activity data, which is crucial for 58-60]
and Structure of on structure-activity relationships. building quantitative models.
Peptides)
CAMP (Collection of Anti- Antimicrobial Consistently used as part of the “quartet” of core High. Its well-established and curated nature makes it a [42,59,60]
Microbial Peptides) Peptides databases (with DRAMP, APD3, DBAASP) for model  reliable source for assembling large-scale AMP
development and benchmarking. datasets.
UniProt (incl. Swiss-Prot) General protein The nearly universal source for non-AMP sequences  Critical (for a specific purpose). Indispensable for [42,56,60]
knowledgebase (negative controls) in machine learning studies. sourcing negative data and for next-generation model
Also the underlying data source for pre-trained development via protein Language Models (pLMs).
protein language models (ESM1b, ProtTrans).
StarPepDB AMPs (a meta- Described as a database compiled from other Medium/High. Efficient for initial data mining as it [56,60]
resource) primary sources (UniProtkKB, YADAMP, APD, etc.). aggregates several sources, but its derivative nature
Used as a comprehensive starting point for data means it may inherit biases.
collection.
Literature/Specialized Varies (e.g., specific ~ Used for manual curation of specific, well- Variable. High for specific, legacy data but not scalable ~ [54,55]

Compilations

peptide families)

characterized peptide sets. Allows for precise
control and connection to established experimental
work.

for large ML projects.
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Table 4
Role of databases and data sources used in QSAR and ML-based antifungal
peptide studies reported [42,54-60].

Database(s) Used Role in the Study Reference

Literature Training & Testing: This study did notusea  [54]
public database. The dataset of protegrin

peptides was a compilation of sequences and
activities from numerous experimental

studies.

Training & Testing: This study did notusea  [55]
public database. The dataset of 60 synthetic
hexapeptides and their experimental

activities against C. albicans, MRSA, MRSE,

and E. coli was taken directly from a single

research paper (Sharma et al., 2010).

Training: The primary source for building [56]
all training, test, and external validation sets.

The study explicitly uses the “largest
experimentally validated nonredundant

peptide data set reported to date,” which isa
compiled database called StarPepDB.
Evaluation/Benchmarking: For

comparison, the study uses peptides from the
training sets of 13 other predictors (like

ClassAMP, iAMP-2L, AntiFP, CAMPR3, etc.)

to create unbiased benchmarking datasets.

StarPepDB

Various, via
benchmarking

DBAASP, APD3, Training: Used to compile Data set 1 (for [42]
DRAMP, CAMP classification) and Data set 2 (for activity
prediction).
UniProt Screening: A library of over 3 million
Knowledgebase peptides was collected from UniProt to serve
as the initial pool for virtual screening.
DBAASP Training: The entire dataset for trainingand  [58]
testing the AFP prediction models was
sourced exclusively from DBAASP, based on
quantitative MIC values.
DBAASP Training: Used to curate the dataset of [59]

peptides with confirmed single-action or
triple-action activity, relying on its
quantitative MIC/IC data.
Training/Design: Used to analyze 1237 [60]
anti-Candida peptides to establish
“dominant amino acids” and
physicochemical property thresholds for
generating candidate peptides.
Screening: Used to filter out generated
peptides with high similarity to known
sequences, ensuring novelty.

DRAMP & APD3

BLAST

dataset coverage but may also propagate redundancy, duplicated en-
tries, inconsistent annotations, and biases inherited from their source
databases. Therefore, rigorous preprocessing steps - such as sequence
deduplication, homology reduction, harmonization of activity labels,
and explicit tracking of data provenance - are essential prior to model
training. Similarly, while UniProt is widely used to generate negative
datasets, this approach is not without limitations, as some sequences
labeled as negatives may simply lack experimental antifungal evidence
rather than being truly inactive, introducing potential false negatives.
This issue is particularly relevant in antifungal peptide prediction,
where experimentally validated inactive peptides remain scarce. Best
practices therefore include the use of non-redundant datasets, similarity
thresholding between training and test sets, exclusion of poorly anno-
tated sequences, construction of decoy sets matched in length and
physicochemical properties, and, whenever possible, external validation
using experimentally confirmed active and inactive peptides against
defined fungal targets.

Overall, the evidence across the reviewed studies suggests that no
single database is inherently sufficient or limiting. Instead, predictive
performance and generalizability depend on the strategic integration of
multiple data sources, appropriate curation pipelines, and the alignment
between dataset design and modelling objectives. Notably, variability in
predictive performance across studies using similar databases indicates
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that limitations often arise not from data origin, but from model design
choices, descriptor quality, and validation strategies Tables 2A, 2B, 3,
and 4

A comparative analysis of the reviewed studies (Tables 2A, 2B, 3, and
4) reveals consistent patterns in data sourcing and model performance.
Quantitative QSAR models of antifungal activity typically rely on
literature-derived datasets and public repositories such as DRAMP,
APD3, CAMP, UniProt, and DBAASP. Interestingly, the model developed
by Yousefinejad et al., achieved strong generalization performance
despite being trained on a relatively small manually curated dataset
[55], highlighting the continued relevance of carefully designed tradi-
tional QSAR approaches. In contrast, classification models generally
follow two main strategies: one integrates UniProt and StarPepDB (as in
Pinacho-Castellanos et al. and Yin et al., the latter also incorporating
additional sources), achieving high discriminative performance on
external datasets [56,60]; the other combines DRAMP and DBAASP with
complementary databases, as reported by Lobo et al., Medvedeva et al.,
and Yin et al., also yielding robust classification results [58-60].

Nevertheless, the suitability of a database cannot be evaluated solely
based on downstream predictive performance. In practice, both data
quality and model design jointly determine outcomes, and different
combinations of databases and modelling strategies can yield models
ranging from moderate to high discriminative power.

Finally, a key limitation of currently available peptide resources is
their incomplete coverage of plant-pathogenic fungi, the lack of stan-
dardized quantitative activity measurements under agriculturally rele-
vant conditions, and heterogeneous annotation standards. Although
DRAMP, APD3, DBAASP, CAMP, StarPepDB, and related resources
provide a solid foundation for AFP modelling (see Tables 3 and 4), these
limitations highlight the need for dedicated, standardized datasets spe-
cifically designed for plant-pathogen antifungal peptide research to
support reliable QSAR and ML applications in crop protection.

4. Future perspectives and challenges in QSAR and ML-driven
antifungal peptide discovery for crop protection

The reviewed literature highlights a pronounced translational gap
between antifungal peptide prediction pipelines developed in biomed-
ical research and their potential application in crop protection and the
agro-food sector. To date, most QSAR and ML models have been trained
and validated predominantly using datasets derived from clinically
relevant fungal pathogens, particularly Candida spp. This biomedical
orientation has driven substantial methodological progress; however,
the reviewed literature shows limited systematic exploration of plant-
pathogen systems and, consequently, limited development of AFPs
tailored to agricultural applications.

A critical observation is that most QSAR and ML developments in
antifungal peptide discovery over the past decade have focused on
antimicrobial peptides targeting human pathogens [61-63]. This pre-
dominance does not reflect an intrinsic limitation of the computational
methodologies, but rather the absence of systematic cross-domain vali-
dation under plant-pathogen-specific conditions. Accordingly, the cur-
rent gap should be interpreted not as evidence of poor transferability,
but as an underexplored opportunity to extend established computa-
tional frameworks toward agro-food applications.

From a mechanistic standpoint, such transferability is supported by
significant biological conservation between human- and plant-
pathogenic fungi. Both systems share key structural components,
including chitin-rich cell walls, p-glucans, mannoproteins, and mem-
brane sterols. Consistently, antifungal peptides often act through
conserved mechanisms such as membrane permeabilization, cell-wall
disruption, intracellular targeting, induction of oxidative stress, and
modulation of host defense responses [20,22-28]. These shared features
provide a solid conceptual foundation for leveraging QSAR and ML
models originally developed in clinical contexts for agricultural
applications.
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However, the transition toward crop protection introduces important
context-dependent constraints. In contrast to controlled clinical envi-
ronments, plant-associated ecosystems are highly heterogeneous and
dynamic, encompassing the phyllosphere, rhizosphere, fruit surfaces,
and post-harvest storage systems. In these environments, peptide per-
formance is strongly modulated by abiotic and biotic factors, including
ultraviolet radiation, temperature and humidity fluctuations, pH vari-
ability, proteolytic degradation, adsorption to plant cuticular waxes, and
formulation-dependent delivery effects [20,39].

Consequently, antifungal peptide design for agricultural applications
must extend beyond intrinsic antifungal potency and incorporate agro-
relevant performance attributes, including environmental stability,
persistence, delivery efficiency, phytotoxicity, and selectivity toward
beneficial plant-associated microbiota [20,39]. In this regard, existing
QSAR and ML pipelines and peptide-design strategies derived from
biomedical research constitute a robust foundation that can be system-
atically adapted to the specific constraints of plant-pathogen systems
[36,42].

Importantly, this observation should not be interpreted as a limita-
tion of the methodology itself, but rather as an underexploited oppor-
tunity to extend established computational frameworks toward agro-
food-relevant antifungal discovery. Indeed, the transferability of QSAR
and ML approaches is supported by mechanistic commonalities between
fungal systems; however, their application in agriculture requires care-
ful consideration of additional biological, environmental, and
formulation-related constraints that are absent or less prominent in
clinical settings [20,39].

For crop-protection-oriented applications, model development
should explicitly integrate plant-pathogen relevance and agro-
environmental descriptors. This includes not only bioactivity against
phytopathogens but also environmental and formulation-related prop-
erties that govern field performance. Unlike clinical settings, plant-
associated environments are subject to complex and fluctuating condi-
tions that significantly influence peptide stability and efficacy. There-
fore, predictive frameworks must move beyond intrinsic activity and
incorporate variables governing real-world applicability, including sta-
bility, delivery, persistence, and safety under plant-associated condi-
tions [36,39,42].

From a validation perspective, current QSAR and ML workflows
require more stringent and domain-specific evaluation protocols.
External validation sets should be enriched with agriculturally relevant
phytopathogens, such as Botrytis cinerea, Fusarium graminearum, Mag-
naporthe oryzae, Alternaria spp., and Podosphaera xanthii. Experimental
studies on antifungal peptides active against plant-pathogenic fungi,
such as the peptide P852 against Fusarium oxysporum, illustrate the
relevance of validating AFP candidates directly in plant-pathogen sys-
tems [64]. Moreover, computational predictions should be com-
plemented by hierarchical experimental validation strategies that
progressively approximate field conditions, ranging from in vitro assays
to plant tissue systems, detached-leaf assays, greenhouse trials, and
formulation-based evaluations. Such multi-level validation frameworks
are essential to assess whether predicted AFPs retain their activity,
stability, and functional performance under realistic agricultural con-
ditions [39,64].

Overall, while existing QSAR and ML frameworks and biomedical
peptide-design paradigms provide a robust and well-established meth-
odological foundation, their translation to agriculture remains limited.
This review therefore identifies a clear and timely opportunity to adapt
these computational strategies toward the systematic discovery of
antifungal peptides for crop protection and agro-food applications,
supported by domain-specific datasets, agro-oriented descriptors, and
standardized validation pipelines tailored to plant-pathogen
interactions.
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4.1. Curating plant-pathogen specific datasets: The cornerstone of
predictive power

The performance of any QSAR and ML model is fundamentally
constrained by the quality, consistency, and representativeness of the
data on which it is trained [50,51]. As highlighted in Table 4, current
models rely heavily on databases such as DRAMP, APD3, CAMP, Star-
PepDB, UniProt, and DBAASP, which have been extensively used for
antimicrobial and antifungal peptide prediction but were not specif-
ically developed to capture plant-pathogen-specific endpoints or
field-relevant crop-protection conditions [42,56,58,60]. Accordingly,
although these resources provide a valuable foundation for AFP
modelling, they offer limited standardized representation of agricul-
turally relevant phytopathogenic fungi, including Botrytis cinerea,
Fusarium graminearum, Magnaporthe oryzae, Alternaria spp., and Podos-
phaera xanthii [7-9,20,39]. The first and most critical step toward
bridging this gap is therefore the systematic curation of high-quality,
plant-pathogen-specific peptide interaction datasets.

This effort must go beyond simple sequence aggregation. Future
datasets should be meticulously annotated with quantitative activity
data, such as MIC, ICs, percentage inhibition of mycelial growth, or
inhibition of spore germination, against defined panels of phytopatho-
genic fungi and measured under standardized conditions to minimize
inter-laboratory variability [42,50,51]. Crucially, these datasets must be
carefully balanced, including not only active peptides but also
well-defined inactive or weakly active decoy sequences. This is essential
for training robust classifiers capable of distinguishing true antifungal
activity from non-functional peptides and for avoiding biases derived
from negative sets based only on missing annotations [50,51,56,60].
Furthermore, these resources should be made publicly available to foster
community-wide benchmarking and accelerate the development of
next-generation QSAR and ML models specifically tailored for agro-
chemical and crop-protection applications, an approach that has proven
foundational in biomedical peptide research [50,56].

As a concrete example, the community could develop a curated
benchmark dataset focused on peptide activity against a defined panel of
major phytopathogenic fungi, such as Botrytis cinerea, Fusarium grami-
nearum, Magnaporthe oryzae, Alternaria spp., and Podosphaera xanthii
[7-9]. Such a dataset should include standardized quantitative end-
points, including MIC, ICs, or percentage inhibition of mycelial growth
or spore germination, measured under harmonized experimental con-
ditions. Ideally, it should also incorporate inactive or weakly active
peptides, as well as relevant molecular and biophysical descriptors,
including peptide length, net charge, hydrophobicity, predicted sec-
ondary structure, and protease susceptibility [29,30,50,51]. Addition-
ally, when available, agro-relevant properties such as phytotoxicity,
formulation compatibility, leaf-surface retention, and environmental
stability should be included [20,39]. A benchmark of this type would
enable direct comparison of descriptor sets, machine learning algo-
rithms, applicability domains, and external predictive performance in a
plant-pathogen-specific context [50,56].

4.2. Developing standardized QSAR and ML frameworks for agricultural
relevance

The creation of specialized datasets must be accompanied by the
development of robust and rigorously validated QSAR and ML frame-
works for agriculturally relevant targets. The architectural diversity seen
in Tables 2A and 2BA and 2B, from interpretable PLS models [57] to
complex pLM-based classifiers [60], provides a rich toolkit, but its
application to plant pathogens is currently nascent.

Future research should systematically assess the relative perfor-
mance and transferability of different algorithmic families, descriptor
spaces, and validation strategies for predicting antifungal activity
against phytopathogens exhibiting diverse cell wall architectures and
infection strategies. In particular, it remains unclear whether low-



R. Zanni et al.

complexity, interpretable models based on physicochemical descriptors
(e.g., hydrophobicity, charge, and amphipathicity) are sufficient to
capture broad-spectrum antifungal activity, or whether deep learning
approaches are required to resolve higher-order sequence-structur-
e-activity relationships, especially for host-adapted and species-specific
fungal interactions.

Within this framework, the establishment of community-accepted
benchmark datasets, standardized evaluation protocols, and harmo-
nized performance metrics for plant-pathogen models is essential. Such
frameworks would enable direct and reproducible comparison across
modelling strategies, facilitate objective assessment of model general-
izability, and ultimately support a more rational and evidence-driven
selection of QSAR and ML approaches for antifungal peptide discovery
in agricultural systems.

4.3. Integrating generative modeling with QSAR screening for rapid
candidate prioritization

Future antifungal peptide (AFP) discovery should extend beyond the
prediction of known active sequences toward the design of candidates
optimized for defined biological and physicochemical requirements.
Recent advances in generative modeling, including AMPd-Up, ProT-Diff,
Fung-Al, and FBGAN-based architectures, illustrate the capacity of deep
learning frameworks to explore the peptide sequence space and generate
novel antimicrobial and antifungal candidates [46-49].

A transformative direction for the coming decade is the tight inte-
gration of generative models with QSAR-based screening into a unified,
multi-stage discovery pipeline. In this paradigm, generative algorithms
trained on plant-pathogen-relevant datasets would be used to produce
large virtual libraries of de novo peptide sequences. These libraries
would then be subjected to rapid, high-throughput QSAR filtering to
prioritize candidates with high predicted antifungal activity, following
the broader logic of QSAR-guided peptide prioritization and virtual
screening [34,42,50].

Subsequently, top-ranked sequences could be refined through sec-
ondary in silico screening layers aimed at predicting key developability
and agro-relevant properties, including low toxicity, improved solubil-
ity, and enhanced protease stability [29,30,39]. This hierarchical pri-
oritization framework would enable the identification of compact,
high-confidence candidate sets for experimental validation.

Under this framework, the iterative coupling of computational gen-
eration, QSAR-based filtering, and experimental feedback has the po-
tential to accelerate the discovery cycle and enable the rational design of
crop-specific biofungicides tailored to defined plant diseases [39,
46-50].

4.4. Incorporating field-relevant traits into multi-objective design

As outlined above, a fundamental distinction between biomedical
and agricultural peptide design lies in the nature of the target environ-
ment. In therapeutic applications, peptides are typically optimized for
potency, biological stability, delivery, and reduced cytotoxicity toward
mammalian cells [30,34,57]. By contrast, in crop protection, antifungal
peptides must retain functionality on plant surfaces, where they are
exposed to highly variable and stress-intensive conditions, including
ultraviolet radiation, rainfall, temperature and humidity fluctuations,
endogenous and microbial proteases, and interactions with the hydro-
phobic plant cuticle [20,29,30,39].

This requirement should not be interpreted as a simple maximization
of peptide stability, but rather as the optimization of a controlled per-
sistence-degradation trade-off, whereby AFPs remain active for a suf-
ficient time to suppress pathogen development while subsequently
undergoing environmentally benign degradation to minimize accumu-
lation and off-target effects [20,30,39].

Accordingly, next-generation QSAR and ML frameworks should
transition from single-objective activity prediction toward multi-
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objective optimization paradigms explicitly tailored to agricultural
deployment. Beyond antifungal potency against relevant phytopatho-
gens, predictive models should incorporate key field-relevant de-
scriptors and endpoints, including protease resistance, UV stability,
aqueous solubility, leaf-surface retention, cuticle permeability, formu-
lation compatibility, and phytotoxicity [29,30,39,50]. These parameters
are essential to ensure that candidate peptides are not only active under
in vitro conditions but also functionally viable under realistic crop
environments.

To achieve this, future modelling strategies should integrate inter-
pretable physicochemical descriptors with learned sequence represen-
tations, including embedding-based features, enabling simultaneous
optimization across biological activity, stability, delivery efficiency, and
safety constraints [34,50,58,60]. However, the absence of harmonized
descriptor frameworks and standardized agricultural benchmarking
datasets currently limits cross-study comparability and model general-
izability, highlighting the need for curated resources specifically
designed for crop-protection-oriented peptide engineering [50,56].

At present, most AFP prediction systems remain largely restricted to
binary classification, such as active/inactive prediction, or potency
estimation under controlled laboratory conditions, such as MIC or pMIC
prediction [42,56,58,60]. Critical field-relevant properties, including
environmental degradation kinetics, residual activity after UV exposure,
rainfastness, surface adhesion, cuticular transport, and compatibility
with encapsulation or adjuvant systems, are rarely incorporated into
model training or validation. Consequently, the development of future
agricultural AFP datasets should systematically include these experi-
mentally measurable endpoints, enabling QSAR and ML frameworks to
evolve from purely bioactivity predictors into decision-support tools for
the rational design of deployable crop-protection agents [39,50,56].

5. Conclusions

QSAR and machine learning approaches have significantly advanced
the field of antifungal peptide discovery; however, their direct trans-
lation into crop protection applications remains limited. The body of
evidence reviewed in this work indicates that current predictive
frameworks are largely rooted in biomedical data, predominantly
focused on Candida spp., and typically validated using endpoints that
capture intrinsic antifungal potency under simplified in vitro conditions.
As a result, the extension of these models to agricultural contexts cannot
be considered straightforward, but rather requires explicit adaptation
and validation within plant-pathogen-specific systems.

In this sense, the main limitation is not the methodological maturity
of QSAR and ML itself, but the mismatch between the data and valida-
tion paradigms used in biomedical research and the requirements of
agricultural deployment. Accordingly, antifungal peptide design for
crop protection should not rely on a direct transfer of clinical models,
but instead on frameworks specifically trained and validated under agro-
relevant biological and environmental conditions.

Future developments should therefore focus on the establishment of
curated benchmark datasets and robust predictive pipelines explicitly
designed for crop-protection purposes. In particular, next-generation
QSAR and ML strategies should move toward multi-objective optimi-
zation frameworks that simultaneously integrate antifungal activity
with key functional and deployment-related properties. These should
include, among others, activity against relevant phytopathogens such as
Botrytis cinerea, Fusarium spp., Magnaporthe oryzae, Alternaria spp., and
Podosphaera xanthii, as well as coverage across diverse fungal taxa with
distinct infection strategies.

Equally important are environmental and formulation-related con-
straints that ultimately determine field performance. These include
protease resistance, UV stability, pH tolerance, and sustained activity
under fluctuating plant-associated conditions, together with solubility,
formulation compatibility, leaf-surface retention, rainfastness, and in-
teractions with the plant cuticle. In addition, safety considerations such
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as low phytotoxicity and minimal impact on beneficial plant-associated
microbiota must be incorporated as explicit optimization criteria.
Finally, practical feasibility in terms of synthesis routes, recombinant
expression, and scalable production processes should also be considered
to ensure translational relevance.

QSAR and ML methodologies already constitute a highly promising
and powerful framework for accelerating the discovery and develop-
ment of antifungal peptides in crop protection. Their value lies in
providing a rational, data-driven prioritization strategy whose predic-
tive performance is expected to substantially improve as models are
trained and validated with domain-specific, agriculturally relevant
datasets, descriptors, and standardized evaluation schemes. Realizing
this potential will require a stronger convergence between computa-
tional peptide design, plant pathology, formulation science, and exper-
imental validation under real crop-production conditions.

Importantly, rather than representing a limitation, the current state
of the field should be regarded as a significant opportunity for innova-
tion and technological expansion. QSAR and ML approaches offer a
unique and still underexploited route for translating antifungal peptide
discovery into next-generation biofungicide development. In this sense,
these methodologies provide a robust conceptual and computational
foundation that, once adapted to agricultural endpoints, could enable
efficient exploration of peptide chemical space, rational prioritization of
candidates, and significantly accelerated development pipelines for
sustainable crop protection.
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