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Ganoderma spp., which are essential decomposers of lignified plant materials, can affect trees in both wild

and cultivated settings. These fungi have garnered significant global interest owing to their potential to

combat several chronic, complicated, and infectious diseases. As technology progresses, researchers are

progressively employing artificial intelligence (AI) for studying various fungal strains. This novel approach

has the potential to accelerate the knowledge and application of Ganoderma spp. in the food industry.

The development of extensive Ganoderma databases has markedly expedited research on them by

enhancing access to information on bioactive components of Ganoderma and promoting collaboration

with the food sector. Progress in AI techniques and enhanced database quality have further advanced AI

applications in Ganoderma research. Techniques such as machine learning (ML) and deep learning

employing various methods, including support vector machines (SVMs), Bayesian networks, artificial

neural networks (ANNs), random forests (RFs), and convolutional neural networks (CNNs), are propelling

these advancements. Although AI possesses the capacity to transform Ganoderma research by tackling

significant difficulties, continuous investment in research, data dissemination, and interdisciplinary

collaboration are necessary. AI could facilitate the development of customized functional food products

by discerning patterns and correlations in customer data, resulting in more specific and accurate

solutions. Thus, the future of AI in Ganoderma research looks auspicious, presenting prospects for

ongoing advancement and innovation in this domain.
Sustainability spotlight

The study “Articial intelligence-driven innovation in Ganoderma spp.: potentialities of their bioactive compounds as functional foods” makes signicant
contributions to a number of important areas that are in line with the Sustainable Development Goals (SDGs) of the UN: this study addresses chronic diseases
and improves preventive healthcare through sustainable, natural remedies by investigating the potential of bioactive substances from Ganoderma spp. as
functional foods. The incorporation of articial intelligence into natural product research stimulates creativity and propels the creation of cutting-edge
instruments and techniques for environmentally friendly manufacturing in the nutraceutical and functional food sectors. Using AI to effectively extract and
use Ganoderma spp. components promotes sustainable and resource-efficient procedures, cutting down waste and promoting circular economy principles.
1. Introduction

Ganoderma P. Karst. (Ganodermataceae and Basidiomycota) is
a diverse genus of wood-decaying fungi, encompassing species
that induce white rot in the roots and lower trunks of trees from
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several plant groups. These fungi are crucial in the decompo-
sition of lignied plant matter, frequently impacting trees in
both natural and managed ecosystems. The laccate Ganoderma
species, characterized by their glossy or varnished appearance,
are signicant fungi that facilitate the disintegration of living
trees and decomposition of woody detritus.1 It is a commonly
utilized medicinal fungus recognized for its potential anti-
cancer and immunotherapeutic attributes, owing to its low
toxicity and efficacy in combination therapy. Nonetheless, the
precise molecular pathways remain inadequately delineated,
and numerous ndings are derived from in vitro research.2

Hence, future studies should concentrate on the interaction
between Ganoderma and clinical chemotherapeutic agents to
mitigate their adverse effects. Examining the principal bioactive
Sustainable Food Technol., 2025, 3, 759–775 | 759
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components, conducting in vivo pharmacokinetic studies, and
investigating the processes of immune regulation and interac-
tions are crucial for enhancing Ganoderma's clinical uses.3 Over
1000 healthy food products containing Ganoderma have
received certication from the Chinese government, indicating
its extensive utilization and acknowledged advantages. In
ancient recipes, G. lucidum is sometimes used with ginseng
(Panax ginseng) to prepare soups that are said to calm the
nerves, ease asthma, and improve the immune system.
Furthermore, it is combined with Sanqi (Panax notoginseng) to
create herbal Sanqi wine, purported to enhance blood circula-
tion and facilitate relaxation.4 Herbal wines containing G. luci-
dum, whether alone or in combination with other medicinal
herbs, are recognized for their possible anti-aging properties
and capacity to promote bodily equilibrium. Tea prepared with
G. lucidum, whether used independently or in conjunction with
other herbs, is esteemed for its contribution to immune support
and the preservation of overall health equilibrium.5

As illustrated in Table 1, Ganoderma spp. play various roles,
extending beyond medicinal uses to include important indus-
trial applications. Notwithstanding its acknowledged pharma-
cological benets and widespread use as a functional food, the
specic mechanisms of Ganoderma's active components and
the regulations governing their compatibility with other ingre-
dients remain little understood. Nevertheless, a contemporary
scientic foundation for understanding the mechanisms of its
active components and the rule of compatibility remains
inadequate.

The extraction of polysaccharides and other active compo-
nents from the woody and intricately textured fruiting bodies of
Ganoderma spp. continues to be a signicant challenge, despite
the high efficiency achieved with other edible and therapeutic
mushrooms.30 Several state-of-the-art techniques including
subcritical water extraction, ultrasound-assisted extraction,
microwave-assisted extraction, and enzyme-assisted extraction
have been employed to increase the effectiveness of extracting
bioactive components. These methods aim to improve agricul-
tural precision and efficiency in conjunction with cross-industry
technologies such as the IoT.31 Maximizing therapeutic benets
is fundamentally contingent upon the bioaccessibility of
Ganoderma spp., the percentage of compounds that stay intact
during gastrointestinal transit, the fraction absorbed by
epithelial cells, and their stability following processing and
storage.32 Innovative delivery methods such as nano-
encapsulation have emerged as an effective approach to
enhance the therapeutic efficacy of polyphenols in functional
food. It may signicantly enhance the stability of these
biomolecules in gastrointestinal environments and promote
their absorption by protecting them from degradation.33 More-
over, the integration of bioinformatics with AI-driven predictive
models has the potential to improve the design of these delivery
systems, thereby ensuring that bioactive molecules effectively
reach their intended targets.34 In addition to predicting their
metabolic pathways and potential interactions in vivo, AI may
assist in the discovery of novel bioactives with optimal physi-
cochemical properties for absorption. This capability aligns
with the evolving healthcare paradigm that prioritizes AI-based
760 | Sustainable Food Technol., 2025, 3, 759–775
preventive nutrition. Finding potential functional food ingre-
dients with enhanced bioactivity and safety features has been
made easier by the quick screening of huge chemical libraries
using AI algorithms.35 This synergy enhances efficiency, accu-
racy, and automation across several processes including food
production, distribution, and waste management. Blockchain
technology ensures food safety and authenticity through
unparalleled transparency in supply chains, hence guaran-
teeing these attributes; AI-driven predictive analytics facilitate
resource efficiency and waste reduction.36 Incorporating AI in
the exploration and development of functional food compo-
nents would facilitate the creation of tailored nutritional solu-
tions that enhance bioavailability while addressing unmet
consumer demands in a safe, sustainable, and cost-effective
manner.37

The application of AI has emerged since AI technology has
markedly enhanced the reliability and accuracy of diagnosis,
target screening, and novel food product development. AI is
changing the food business by tackling important issues like
lowering food waste, making the supply chain more efficient,
and improving the delivery, logistics, and safety of food. To
make sure that food safety rules are followed, AI makes the
supply chain more open by keeping an eye on processes and
making things better, like predicting prices, production,
inventory control, and transportation. It also improves the
customer experience by making suggestions that are more
relevant to them, answering questions with chatbots, and
making pricing methods more efficient. AI also helps with
predicting demands, nding the best delivery routes, and
judging the success of suppliers. Tracking shelf life and
analyzing consumption trends help cut down on waste. These
new ideas make sure that processes run smoothly, products are
of high quality, and customers are satised.38

In the realm of food biotechnology, articial intelligence is
rapidly emerging as an essential tool for understanding the
various applications of AI within the food industry. Articial
intelligence signicantly aids in the development of new skills,
products, and services while enhancing the processing speed
and accuracy. AI uses a variety of techniques for machine
learning and deep learning, including support vector machines
(SVMs), Bayesian networks, articial neural networks (ANNs),
random forests (RFs), and convolutional neural networks
(CNNs).39 Furthermore, AI has signicantly contributed to the
development of innovative methodologies for discovering and
producing industrial enzymes, including those utilized in food
applications.40 Screening and detection of the natural bioactives
present in Ganoderma spp. have not yet been established,
creating challenges in maintaining consistency and reliability.
This review highlights how these technologies might improve
the accuracy, efficiency, and scalability of bioactive chemical
discovery, specically for applications in the food business. It
also assesses advanced AI techniques such as predictive
analytics and simulation models to enhance fermentation
processes, enzyme synthesis, and product standardization. This
article reconciles established methods with growing AI capa-
bilities, addressing existing limits and fostering a more
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Overview of Ganoderma spp.: characterization, cultivation, applications, and industrial significance

Field Key area Description Methods/techniques
Commercial
importance

Challenges/
limitations References

Taxonomy &
identication

Morphological and
molecular
classication

Specied according
to fruiting body form,
spore morphology,
and DNA markers
(ITS, LSU rDNA)

Light microscopy,
SEM, ITS sequencing

Ensures accurate
species identication
for pharmaceutical
and industrial uses

Morphological
resemblance leads to
taxonomic confusion;
molecular methods
are expensive

6 and 7

Phytochemistry Bioactive compound
proling

Polymeric in nature,
contains
polysaccharides,
triterpenoids,
proteins, phenolics,
sterols, and
avonoids

HPLC, GC-MS, FTIR,
NMR spectroscopy

Pharmaceutical,
nutraceutical, and
cosmetic formulation
basis

The problem of
standardization,
which is based on
differences in
cultivation
conditions

8

Biochemical activity
analysis

Ganoderic acids, b-
glucans, and proteins
possess antioxidant,
anti-inammatory,
and
immunomodulatory
activities

LC-MS, ELISA, UV-vis
spectrophotometry

Facilitates functional
food and drug
development

Species and
cultivation method
variation in bioactive
content

9 and 10

Cultivation &
processing

Growth, & production Raised on solid (logs,
sawdust) or liquid
(submerged) culture
to increase bioactive
compound yield

Spawn inoculation,
bioreactors

Industrial-scale
commercial growth
for mushroom and
extract manufacture

Requires controlled
environment, risks of
contamination

11

Extraction, &
purication

Hot water, ethanol, or
supercritical CO2 are
used for the
extraction of
bioactive compounds

Soxhlet extraction,
ultrasonic-assisted
extraction (UAE)

Pharmaceuticals and
nutraceutical-grade
extracts

Extraction efficiency
is variable;
bioavailability issues

12 and 13

Standardization and
formulation

Standardized extracts
are produced as
capsules, tablets, and
functional foods

Pharmacopoeia
standards, HPLC
ngerprinting

Ensures constancy
and efficiency in
medicinal usage

Regulatory
challenges; bioactive
composition variance

14 and 15

Biomedical &
therapeutic
applications

Pharmaceutical use Applied in
immunomodulation,
anticancer,
hepatoprotection,
and neuroprotection

Preclinical and
clinical trials

Possible alternative
medicine;
incorporated into
contemporary drug
formulations

Few large-scale
clinical trials; FDA/
EMA approval
requirements

16 and 17

Functional foods and
nutraceuticals

Added to teas, coffee,
and wellness dietary
supplements

Spray drying,
encapsulation

Growing market in
the functional food
business

Consumer cynicism;
avor and solubility
concerns

18 and 19

Biotechnology &
environmental
applications

Enzyme production,
& bioremediation

Yields laccase, and
peroxidase,
contributes to
bioremediation of
contaminants

Fermentation, solid-
state cultivation

Used for waste
treatment and green
industrial operations

High production
cost; requires
optimization for
industrial application

20–22

Nanotechnology Nano formulations Ganoderma-derived
nanoparticles used
for drug delivery,
antimicrobial
coatings, and
functional materials

Green synthesis of
nanoparticles,
surface modication
techniques

Emerging
applications in
medicine, food safety
and material science

Need for large-scale
validation; stability
and regulatory
concerns

23 and 24

Biosensor technology Ganoderma-based
biosensors

Bioactive compounds
from Ganoderma used
in uorescence-based
biosensor for
detecting toxins,
heavy metals, and
pathogens

DNA based
biosensor,
uorescence-based
detection

Potential for real-
time monitoring in
healthcare, and
environmental
analysis

Stability,
reproducibility, and
integration into
commercial devices
remain challenges

25 and 26

© 2025 The Author(s). Published by the Royal Society of Chemistry Sustainable Food Technol., 2025, 3, 759–775 | 761
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Table 1 (Contd. )

Field Key area Description Methods/techniques
Commercial
importance

Challenges/
limitations References

Role of AI in
Ganoderma

AI-driven
identication & drug
discovery

Machine learning
(ML) and deep
learning (DL) used to
predict bioactive
compounds, optimize
cultivation, and
automate species
identication

AI-based molecular
docking, image
recognition, neural
networks

Accelerates drug
discovery, improves
yield prediction, and
ensures precise
quality control

Requires large
datasets,
computational
resources, and
validation of AI-
generated results

27–29
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sustainable and innovative application of Ganoderma in the
food industry.
2. Predicting bioactivity of
Ganoderma spp. by leveraging AI for
the food industry
2.1. Classical bioinformatics-driven methods with
integrated AI

Bioinformatics-based approaches play a central role in
screening the applications of bioactive compounds from fungi
(S. Singh et al., 2024).41 They serve important applications for
food safety, preservation, and functional properties, with the
screening of bioactive compounds extracted from fungi through
computational approaches such as genome mining, molecular
docking, and machine learning algorithms, leading to the
identication, prediction, and validation of bioactive
compounds with potential therapeutic or functional proper-
ties.42,43 Table 2 provides a comprehensive illustration of the
computational algorithms used in Ganoderma research,
including detailed descriptions and their specic applications.

Grienke et al.59 used computational approaches to predict
bioactive compounds from G. lucidum for functional foods and
nutraceuticals. From 279 Ganoderma constituents, the
researchers established a database holding chemical structures
and biological activities and performed in silico screening to
make a simulation of the interaction between the above-
mentioned compounds and biological targets related to viral
infections and metabolic syndrome. They assessed how such
compounds would bind to specic targets using 3D pharma-
cophore modeling, identifying key molecular interaction
features. The researchers also applied 3D molecular docking in
the prediction of the binding affinity between bioactive
compounds and their targets; this is one of the most critical
tools in bioinformatics for the prediction of molecular inter-
action using genome mining techniques, encompassing the
screening of fungal genomes for BGCs or biosynthetic gene
clusters that encode the manufacturing of bioactive secondary
metabolites.60 Low-yielding NRPs (nonribosomal peptides) were
heterologously expressed using systems to transfer them into
other microbial hosts and enhance the production of useful
compounds for food preservation and health-promoting
762 | Sustainable Food Technol., 2025, 3, 759–775
ingredients. Another study by Cao et al.61 used bioinformatics
enzyme modeling to predict enzymes responsible for the
biosynthesis of the terpenic compound g-cadinene. The focus
was on the identication and modeling of terpene synthases,
particularly g-cadinene enzymes, of G. lucidum and G. sinensis.
The researchers used bioinformatics tools to predict and
experimentally validate three g-cadinene enzymes. They gener-
ated an initial enzyme model, model 1, based on conserved
amino motifs and further utilized this model to screen 67
homologous sequences from the NCBI database to ne-tune the
model to model 2. However, the bioinformatics analysis
conrmed that conserved regions in both models were highly
similar, and ve sequences were experimentally veried as g-
cadinene enzymes. This approach was also applied to other
enzymes, such as D6-protoilludene from fungi and (−)-a-bisa-
bolol from plants.62

Similarly, Schuller et al.63 utilized genome mining in
combination with CRISPR-Cas9 genome editing to activate
silent biosynthetic gene clusters in fungi. They used CRISPR-
Cas9 to manipulate fungal genomes for the production of
bioactive compounds that were not previously expressed, thus
discovering new metabolites with practical relevance in food
safety. Additionally, Yilmaz et al.64 developed the FunARTS tool,
a bioinformatics tool that uses gene-guided screening for
identifying fungal secondary metabolite gene clusters (BGCs)
with bioactive potential. The FunARTS tool employs machine
learning algorithms to predict and prioritize bioactive
compounds, helping researchers focus on the most promising
compounds for food industry applications, with an accuracy
rate of 88%. Hautbergue et al.65 have integrated multi-omics
approaches combining genome mining with metabolomics
and CRISPR-Cas9 technologies to explore the full metabolic
potential of fungi. Through integration, the novel bioactive
compounds can be proled by the entire set of metabolites
produced under certain conditions, and this is important for
discovering substances that are relevant to the process of
enhancing food quality.

Shah et al.66 used mass spectrometry and molecular docking
in the study of the bioactive compounds of Aspergillus cuum for
their different anti-bacterial, anti-inammatory, and antioxi-
dant activities. For the mass spectrometry analysis, detailed
molecular structures emerged; hence, molecular docking was
conducted for the prediction of the binding affinity of the
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Illustration of computational algorithms used in Ganoderma research: detailed description and special applications

Algorithm type Algorithm name Description
Specic application in
Ganoderma research Suggested visualization References

Network
pharmacology

Random walk with restart
(RWR)

A probabilistic approach
that assists in the
identication of potential
drug–target interactions by
spreading information in
a biological network

Applied to rank bioactive
compounds in Ganoderma
spp. for therapy

Network graph (Cytoscape) 44 and 45

Topological analysis
(degree, betweenness,
closeness, etc.)

Analyses the signicance of
genes/proteins considering
connectivity in a biological
network

Distinguishes the major
hub genes in Ganoderma-
mediated disease pathways
(e.g., inammation, cancer)

Protein–protein interaction
(PPI) network visualization
(STRING, Cytoscape)

46 and 47

Machine learning Support vector machine
(SVM)

A supervised machine
learning model classifying
compounds based on
molecular and
pharmacological features

Utilized for the prediction
of drug–target interactions
and the classication of
Ganoderma triterpenoids
and polysaccharides

Classication plots
(Python, R)

46 and 48

Random forest (RF) An ensemble learning
algorithm based on
decision trees for
classication and
regression tasks

Screening candidate
bioactive compounds from
Ganoderma species for
certain diseases

Decision tree diagram 49 and 50

Molecular docking AutoDock, AutoDock Vina Computational programs
that forecast how small
molecules interact with
target proteins, their
binding affinity

Screens binding
interactions of Ganoderma
bioactive with disease
proteins such as NF-kB and
VEGFR

Docking pose visualization
(PyMOL, Chimera)

51 and 52

Molecular
dynamics (MD)

GROMACS, AMBER Represents the physical
motions of molecules to
predict binding stability in
a biological setting

Examines stability of
Ganoderma bioactive in
receptor binding sites at
physiological conditions

RMSD, RMSF, and
hydrogen bonding plots

53 and 54

Pharmacokinetics &
ADME

SwissADME, pkCSM Forecasts drug absorption,
distribution, metabolism,
and excretion (ADME)
characteristics, as well as
toxicity

Assesses the bioavailability
and drug-likeness of
Ganoderma metabolites for
oral drugs

Radar plots, box plots 55 and 56

Pathway
enrichment
analysis

Gene ontology (GO), KEGG
pathway

Identies biological
processes and pathways
associated with specic
genes and compounds

Enables comprehension of
mechanisms of Ganoderma
bioactive compounds in
cancer, neuroprotection,
and immunomodulation

KEGG pathway maps,
functional enrichment
charts

57 and 58
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compounds to various biological targets, thus validating their
therapeutic potential in food safety applications. Kaliaperumal
et al.67 utilized HPLC and NMR spectroscopy for the identica-
tion and structural characterization of secondary metabolites
produced by Penicillium verruculosum. By using these tech-
niques, such as detailed determination of the chemical struc-
ture of the metabolites, their interaction with biological targets
was predicted by molecular docking. The authors conrmed
that the anticancer activity of the metabolites opens potential
avenues for functional food applications. Together, these
studies underscore a wide range of applications for
bioinformatics-based approaches in the food sector and espe-
cially in quality evaluation. Applied mass spectrometry
combined with bioinformatics spectral library searches to
screen and characterize fungal extracts for bioactive peptides.
High-resolution mass spectrometry can analyze the structure of
peprides in details, while bioinformatics tools can facilitate
predictions of potential biological activities such as
© 2025 The Author(s). Published by the Royal Society of Chemistry
antimicrobial properties, hence greatly used in food preserva-
tion.68 Genome mining, molecular docking, and machine
learning tools enable the identication of bioactive compounds
that can be used in food preservation, avor enhancement, and
functional food development. These methods also have
considerable signicance in the discovery of natural preserva-
tives, antimicrobial agents, antioxidants, and other bioactive
compounds that advance improving nutritional value, safety,
and food quality overall.69 For instance, several bioactive
chemicals with potential uses in food preservation and health
promotion have been identied as a result of genomemining of
Ganoderma spp. which is illustrated in Fig. 1. Furthermore,
these computational approaches provide an efficient and scal-
able way to evaluate fungal metabolites for application in food
development, supporting the creation of safer, healthier, and
more sustainable food products. It has been demonstrated that
these substances, which include polysaccharides and triterpe-
noids, have anti-inammatory, anti-cancer, and antioxidant
Sustainable Food Technol., 2025, 3, 759–775 | 763
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Fig. 1 AI-driven approaches for predicting bioactives in natural products.
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qualities. Researchers can create focused interventions to
enhance food safety and human health by comprehending the
molecular mechanisms underlying these impacts.

2.2. AI-driven methods for the food industry

In recent years, the food industry has experienced a revolution
toward using advanced technologies, especially articial intel-
ligence (AI), for screening and detection of natural compo-
nents.70 The integration of AI with tools of genomics,
proteomics, and metabolomics has revolutionized the identi-
cation and characterization of molecules responsible for the
quality and authenticity of natural products.71 The production
of biosynthetic gene clusters (BGCs) and data mining processes
have emerged as critical requirements to identify genes that are
related to secondary metabolism, while SVM and ANN, pattern
recognition strategies driven by AI, play signicant roles in
discovering metabolic pathways and modules.72 New method-
ologies for predicting the production of metabolites have led to
innovations that further open the elds of medicine and
industry to more applications. The tools based on AI, which
include deep learning and next-generation sequencing, come in
handy in processing large datasets, like mass spectrometry
spectra, to improve the prediction and classication of natural
products. These innovations are improving quality control in
the food industry and help ensure the safety of consumers,
764 | Sustainable Food Technol., 2025, 3, 759–775
besides leading to better production processes.73 In recent
years, food quality and safety have garnered increased attention
due to rising food consumption and heightened consumer
knowledge of food quality assurances. Detection and analysis
techniques for volatile organic compounds (VOCs) are effective
instruments for evaluating food product quality, owing to their
non-destructive, environmentally friendly, continuous, and
real-time monitoring advantages.74,75 ML-supported electronic
nose, colorimetric sensor array (CSA), and gas chromatography
(GC) hyphened techniques (e.g., GC-MS and GC-IMS) are
becoming a hot research area in food sciences.76

Machine learning and an electronic nose, or “e-nose,” can be
used to anticipate the scents of beer. Following the detection of
volatile compounds by nine gas sensors, two ANN models were
created: one to forecast the intensity of ten sensory descriptors
from trained panellists, and another to forecast the concentra-
tion of seventeen volatile compounds from GC-MS. By providing
the beer industry with a quick, easy, and affordable way to
predict aromas and perform quality control in real time, this
approach increases the production efficiency and consistency.77

Moreover, some other researchers have developed a tool for
rapid avor characterization and quality evaluation of fer-
mented bean curd by combining traditional analysis methods
with sensor technology and algorithms. Employing HS-SPME-
GC/MS and quantitative descriptive analysis (QDA),
© 2025 The Author(s). Published by the Royal Society of Chemistry
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researchers discerned 63 volatile chemicals, with 13 principal
components distinctly differentiating the samples. A cost-
effective CSA was subsequently constructed using these chem-
icals. Integrating this system with powerful machine learning
methods, including linear discriminant analysis (LDA), ach-
ieved an astounding accuracy of 97.22% in differentiating avor
proles. The results indicate that integrating CSA with AI
methodologies offers an effective and cost-efficient approach
for food avor proling and quality assurance.78 Integrating AI
with conventional quantitative approaches will facilitate the
accurate identication of essential chemicals in Ganoderma
spp. samples, hence increasing comprehensive proling and
quality assurance processes (Fig. 2). This integration guarantees
enhanced accuracy, efficiency, and scalability in the analysis of
intricate biological samples.
2.3. Leveraging machine learning in Ganoderma spp.

ML algorithms have become vastly important in predicting
compound bioactivity, especially within those of natural origin.
More or less, they are categorized into the forms of supervised
and unsupervised methods.72 This kind uses labeled datasets
for outcome prediction. In unsupervised learning, patterns and
structures are identied in unlabelled data. Both are crucial
tools when used to gauge bioactivity by chemical properties and
Fig. 2 Applications of Ganoderma spp. in food industry using AI.

© 2025 The Author(s). Published by the Royal Society of Chemistry
biological effects.79 Zongur et al.80 proved the efficiency of
support vector machines (SVM) and random forests (RF) in
predicting the antifungal activity of extracts of Viburnum
opulus L. against Fusarium strains. The SVM is a supervised
learning algorithm that classies data, nding the optimum
hyperplane that separates the different classes, whereas RF
utilizes an ensemble method to create multiple decision trees
and aggregate those for more robust predictions. The given
algorithms managed to score accuracy levels of 92.6%, thus
proving the potential for the identication of bioactive
compounds via ML. This study showed how ML can predict
bioactivity at a low error rate, which is so important for the
development of natural antifungal agents. This was com-
plemented by Rielding et al.81 for predicting the bioactivity of
fungal secondary metabolites (SMs) obtained from BGCs using
ML. They showed that the accuracy of the model was between
51% and 68%, thereby showing some difficulties in working
with smaller datasets. This accuracy level emphasizes the
necessity of further developing datasets to better predict
bioactivity screening.

Building on the results above, Yang et al.82 utilized molecular
docking in conjunction with ML for the prediction of anti-
tumor activity of compounds derived from G. lucidum. Molec-
ular docking is essentially a simulation of interactions between
Sustainable Food Technol., 2025, 3, 759–775 | 765
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molecules: drug candidates and their biological target proteins
and can be used to predict binding affinity and activity. They
established an accuracy of 86% in the study; clearly, the inte-
gration of molecular docking with machine learning facilitates
the streamlined identication of anti-tumor compounds,
prioritizing them for experimental validation. In addition, Ni
et al.83 prepared a model for the quantitative determination of
polysaccharides and moisture in G. lucidum samples using NIR
direct scanning with no destruction of the products and no
crushing need of the samples. It utilizes the LSSVM algorithm
as a machine learning approach to augment the model accu-
racy; the latter was further optimized using the ALO algorithm.
The models of polysaccharides and moisture have good
prediction efficiency, with Rp values of 0.9218 and 0.9581,
respectively, indicating strong reliability to be used in the
preliminary screening and process control. This methodology
can conduct a speedy, non-destructive on-site quality test on
natural products, which would provide important convenience
for producers and consumers.

Riahi84 used supervised machine-learning techniques to
optimize the hot water extraction process of polysaccharides
from G. lucidum. This study applied the supervised learning
technique to ne-tune the extraction parameters, resulting in
a 10% increase in yield and a 20% improvement in the bioac-
tivity of the extracted polysaccharides, hence bringing to view
how ML can enhance traditional bioprocesses. Abrantes-
Coutinho et al.85 pursued another route to couple electro-
chemical data with machine learning for glucose biosensing
using G. applanatum lectin. Electrochemical sensors measure
changes in current or voltage resulting from chemical reactions,
and when integrated with ML models, they can detect specic
analytes such as glucose with high accuracy. Their investigation
led to a detection rate of 94%, proving that ML-based
improvement in sensor designs boosts the accuracy of detect-
ing glucose to be applied towards medical diagnosis.

Similarly, Zhu et al.86 utilized Fourier-transform infrared
(FTIR) spectroscopy in combination with machine learning to
distinguish between G. lucidum and G. sinense. FTIR spectros-
copy determines the absorption of infrared light by molecular
vibrations, giving each compound a unique spectral signature.
They obtained an excellent classication accuracy of 99%,
which therefore further indicates that the use of ML can be
feasible in species identication and quality control in the
pharmaceutical industry. Qiao et al.87 used an electronic nose
(E-nose), combining it with FTIR spectroscopy and SVM, to
distinguish pure from adulterated G. lucidum spore powder.
SVM is an algorithm for training machine learning classiers
between classes. The authors were able to establish 95% accu-
racy in pure versus adulterated samples through such authen-
tication, offering a fast yet reliable method for the
determination of product authenticity. Chen et al.88 showed
how GA and ANN are used to optimize extraction procedures in
biotechnological applications. It employed GA, an optimization
technique based on natural selection, in combination with
ANN, a machine learning technique that simulates biological
neural networks in terms of processing information, for the
prediction and optimization of bioactive polysaccharides
766 | Sustainable Food Technol., 2025, 3, 759–775
extracted from Bletilla striata. The optimization process resul-
ted in a 16% increase in extraction efficiency, highlighting the
ability of ML techniques to ne-tune extraction protocols.
Similarly, Jandoust et al.89 used ANN to predict the production
of bioactive compounds in Momordica charantia in response to
elicitors. Their model achieved 87% accuracy in predicting
metabolite production, demonstrating how ANN can help
optimize biotechnological processes for the production of
valuable bioactive compounds. Another application of ANN was
done by a team of researchers with ANN and SVM, which were
used to predict alginate lyase yield from Cunninghamella echi-
nulata. The optimized production conditions through ANN and
SVM led to an increase in enzyme yield by 14%, thereby
demonstrating the ability of these machine learning models to
optimize processes in biotechnology.90 The authors further
demonstrated ML's potential in predicting antimicrobial prop-
erties using ANN to predict the extract of mushrooms. Their
model identied key compounds that effectively inhibited
bacterial biolm formation with 76% accuracy and highlighted
how ML can guide the discovery of new antimicrobial agents.91

The application of new advanced computational techniques
andMLmethods to the identication and screening of bioactive
compounds in the food industries has substantially progressed
over the last few years. This process is not only faster but also
better for the reliability and efficiency of identifying potentially
bioactive molecules.

For example, Zhang et al.92 developed an all-inclusive in silico
protocol for screening antifungal peptides that enabled the
identication of peptides active against Candida albicans,
Candida krusei, Cryptococcus neoformans, and Candida para-
psilosis. Their strong classication models yielded clear accu-
racy, with AUCs reaching 0.99, and allowed screening of more
than three million peptide library sequences to identify three
candidates with high antifungal indices. This computational
approach provides a fast and efficient alternative to the tradi-
tional in vitro screening methods, hence minimizing laboratory
work. Correspondingly, Walker et al.93 developed an ML bio-
informatics approach to predict the biological activities (anti-
bacterial, antifungal, or antitumor) of natural products isolated
from BGCs. Their classiers, which achieved 57–79% accuracy,
performed especially well in predicting antibacterial activity,
although antifungal predictions were less efficient due to sparse
data. Structural features of natural products associated with
biological activity, as identied in this study, have proved
valuable in the analysis of the key molecular features critical to
drug discovery.

Kim et al.94 investigated Natura Predicta™, a tool that uses
natural language processing (NLP) for predicting and analyzing
the bioactivity of botanical ingredients in Health Functioning
Foods (HFF). They indicated similarities in strong bioactivity
between several traditional herbal ingredients such as Camellia
sinensis, G. lucidum, and Citrus sinensis, opening them to further
research with HFF. However, the study highlighted some chal-
lenges, such as the dependency on PubMed for the data and
polymorphism in nomenclature in botanical terms. Sun et al.95

developed QSAR models to predict nephrotoxicity in TCMs,
using ANN and SVM. The natural product models showed the
© 2025 The Author(s). Published by the Royal Society of Chemistry
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best results and high accuracy in predicting nephrotoxic
ingredients by ANN (96.7%) and SVM (93.3%), meaning that it
holds great promise in screening the toxic ingredients in TCMs.

Finally, Liu et al.96 used SERS combined with machine
learning algorithms for the differentiation of wild and culti-
vated medicinal fungus Ophiocordyceps sinensis. Through opti-
mized SVM models to analyze the SERS spectra, they obtained
an impressive accuracy of 98.95%, thereby conrming the
usability of this method for quality control and origin identi-
cation. This approach offers a high-speed and efficient tool for
the authentication of medicinal raw materials such as O.
sinensis. These studies collectively demonstrate the potential
power of computationally based techniques, machine learning,
and spectroscopy in the screening of active compounds for their
accelerating roles in the discovery and development of func-
tional bioactive ingredients in food and pharmaceutical
industries.

These techniques would optimize bioactive compound
identication, extraction, and production from natural sources,
enhancing food quality, safety, and nutritional value. This
method, which combines SERS with ML, has a huge amount of
promise for identifying and verifying different Ganoderma spp.
Researchers will be able to properly tell the difference between
different species of these fungi by looking at their unique
spectral signatures. This method could change the way quality
control and standardization are done for Ganoderma-based
goods, making sure that people get real, effective supplements.
ML algorithms predict bioactivity, enhance yield efficiency, and
ensure raw material authenticity. Thus, by streamlining
production processes, eliminating waste, and improving quality
control, these technological developments provide more
sustainable cost-effective solutions for the food industry and
the opportunity to create healthier and innovative foods.
2.4. Deep learning approaches in Ganoderma spp.

Deep learning techniques have transformed the detection of
bioactive compounds, particularly in fungi and mushrooms,
with wide-ranging applications in food safety, quality control,
and identication of bioactive compounds. These AI-based
models, especially CNN-based ones, have gained maximum
usage in terms of improving identication, classication, and
prediction accuracy in the food industry, presenting an appli-
cation that aims to prevent poisoning from toxic fungi using
articial intelligence technology, more particularly CNNs and
transfer learning.97 CNNs are composed of stacks, developed to
handle visual data, meaning that they typically contain con-
volutional layers, pooling layers, and fully connected layers,
while transfer learning is a technique wherein a pre-trained
model on one task is ne-tuned for a new, related task. This
method uses the knowledge gained on one dataset to apply it to
another; it's particularly useful when the amount of data for
training a model from scratch is limited. It is widely used in
applications such as image recognition and drug discovery.
The application, developed using Flutter, allows the photo-
graphing of fungi, which are then processed by a deep learning
model built upon the Efficient NetV2 CNN architecture. With
© 2025 The Author(s). Published by the Royal Society of Chemistry
a classication accuracy of 97%, the model allows users to
identify whether fungi are poisonous or non-poisonous. This
AI-driven approach signicantly reduces the risk of poisoning
due to misidentication, demonstrating the potential for deep
learning in enhancing public safety in food consumption.
Similarly, AI is used for classifying fungal–fungal interactions,
particularly for biocontrol fungi. Using deep learning
networks, like DenseNet121, a type of CNN whereby each layer
is connected to every other layer in a dense block. The study
achieved 95% accuracy in classifying interactions between
plant pathogens, such as Fusarium graminearum, and fungal
strains. This enhanced the consistency and efficiency of the
models that analyzed fungal interactions, eradicating subjec-
tive visual observations characteristic of the more traditional
methods.98

Additionally, this technology can be used for sustainable
agriculture, as it could be applied in screening the biocontrol
agent. Another promising development was mentioned by
Korshunova et al.,99 in which molecular generation was opti-
mized using generative neural networks and reinforcement
learning. Generative neural networks are models that can be
trained to generate new instances of data that closely mimic
a certain training dataset, and reinforcement learning is a style
of machine learning, where an agent learns to make decisions
by interacting with an environment. This study focuses on the
optimization of the bioactivity of protein targets through the
use of transfer learning, experience replay, and real-time
shaping rewards for AI-generated molecules. The developed
method has been validated experimentally, which shows a hit
rate of 27% for compounds with activity against the pharma-
cological target. This approach describes how AI can mimic the
decision-making process of medicinal chemists, thus putting
forward new chemical entities for drug discovery. Posansee
et al.100 discovered AI-assisted methodologies for determining
mTOR inhibitors from fungi. By applying the deep learning
models based on PCA and structural methods, the researchers
detected a trihydroxy sterol from Lentinus polychrous Lev. as
a potential mTOR inhibitor. By integrating virtual screening
with molecular docking, the study veried the role of steroid
cores in the inhibition of mTOR, therefore bestowing impor-
tance to the AI-surveyed method in drug discovery, especially
within the food and pharmaceutical sectors.

Dong et al.101 used deep learning to determine the content of
polysaccharides in Lentinula edodes, using NIR spectroscopy.
Based on comparisons between models, such as siPLS and 1D-
CNN, this work demonstrated how 1D-CNN models surpassed
others with an accuracy of 95.50%. This development opens
new avenues for the food industry, mainly for the quality control
and nutritional grading of edible mushrooms, with products
consistently meeting market standards. Authors also utilized
FT-NIR spectroscopy and deep learning, specically a particular
type of deep neural network known as residual neural networks
(ResNet) to identify various species of bolete mushrooms.
ResNet improves training deep networks by using residual
connections, through which networks learn more quickly and
faster. The results show a 100% accuracy with the potential of
improving species identication through the application of
Sustainable Food Technol., 2025, 3, 759–775 | 767
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deep learning techniques. Wang et al.102 developed a deep
learning-based method to determine the shelf life of Phlebopus
portentosus, a type of porcini mushroom, using Fourier Trans-
form Near-Infrared (FT-NIR) spectroscopy. The method,
combined with machine learning and two-dimensional corre-
lation spectroscopy (2DCOS), demonstrated high accuracy and
non-destructive rapid results in determining freshness levels.
This approach could signicantly enhance food safety and
reduce food waste by providing fast and reliable freshness
analysis for mushrooms in the food industry.103 Authors har-
nessed deep learning approaches, especially CNNs, for the
identication of edible mushroom species and assessment of
their quality. Exploiting spectral data from FTIR or MIR spectra
and 2DCOS, it obtained an accuracy of up to 99.76% in species
identication and geographic origin determination. These
methods including ANN help in the detection of physical
damage via NIR spectra and are non-destructive and fast and
reliable tools for mushroom industry quality control and
traceability.104

Fungal contamination was assessed in rapeseed by imple-
menting CNN, MLPN, and RBFN for mold identication. The
results showed that the best performance, with only 14% clas-
sication error, was obtained using CNN; its accuracy was
higher than other networks. This deep learning method might
prove to be a good way of providing efficient detection of crop's
fungal contamination that may lead to enhanced food safety.105

Li et al.106 proposed a deep learning model that integrated CNN
and Bi-LSTM (Bi-LSTM is a variant of RNN that reads input in
both forward and backward directions. Therefore, it tries to
capture the context from information that can be provided by
both past and future knowledge for tasks like sequential data,
such as peptide classication or bioactivity prediction from
protein sequences) for bioactive peptide classication from
protein sequences. Using stacked architecture enhanced the
model's predictive performance and revealed the distribution of
amino acids among different types of peptides. Such a method
is useful in nding new bioactive peptides, which have food
industry applications specically in generating functional foods
with health benets. Collectively, these studies point out the
revolutionary capabilities of AI in the food industry primarily in
food safety, quality control, and bioactive compound discovery.
These AI models, making use of techniques such as CNNs,
reinforcement learning, and transfer learning, would be able to
analyze huge volumes of data autonomously, discover
compounds, and provide precision and efficiency in the evalu-
ation of food quality. The future of Ganoderma research and
manufacturing holds enormous promise as it embraces AI-
driven technology. These advancements will not only improve
the quality and efficacy of Ganoderma-based products but also
pave the way for the development of novel medicines and
functional foods. Food processing and product development
are integrated with these technologies to enhance more
sustainable, safer, and higher-quality food products for the
benet of consumers and industries all over the world. Other AI-
driven approaches in various fungal species with their bio-
functional activities are illustrated in Table 3.
768 | Sustainable Food Technol., 2025, 3, 759–775
3. Integrating AI to revolutionize
Ganoderma food production

Food has been the most direct source of life support and
energy accumulation for humans since the beginning of time
when body tissues were formed. Technology, engineering,
microbiology, physics, chemistry, biochemistry, and sensory
evaluation are all included in the multidisciplinary subject of
food science.120 In today's world, AI has an impact on food
production by copying how humans think, learn, and store
knowledge.121,122 AI helps a lot in the current food processing
cycle, making it easier to sort, analyze, and package food.
When people eat the food, AI works well to check how happy
customers, are and to handle issues with getting food where it
needs to go, farmers in all areas of farming have started to use
AI-based tools to analyze their work.123 Numerous researchers
use neural networks to predict agricultural production. AI, ML,
and DL signicantly inuence various contemporary agricul-
tural challenges, particularly those associated with climate
change. These sophisticated computer algorithms facilitate
the selection and categorization of agricultural goods
depending on variables such as soil composition. They
enhance agriculture by monitoring crops, analyzing soil, and
managing water resources.124 In modern times, AI contributes
to ensuring food safety and quality from production to
consumption, addressing concerns related to climate change.
AI utilizes predictive models to identify prospective dietary
dangers, rendering it an invaluable instrument for managing
future uncertainties.125

The implementation of AI, data analytics, and intelligent
processes in manufacturing, production, and operations has
several challenges and managerial implications. Various
impediments may emerge, including the identication of
requisite skills and abilities for people, the adoption of appli-
cations, and the management of diverse productivity and
performance challenges. Numerous potential and associated
obstacles exist for the supported supply management duties.
Consequently, the study needs to bolster operations by advo-
cating for AI methodologies that enhance intelligent processes
throughout diverse industrial sectors, while also anticipating
potential hazards and vulnerabilities.126,127 The dynamic
conditions that currently exist are pressuring food production
enterprises to consistently innovate new goods. As a result,
signicant efforts have been made over the past ten years to
pinpoint the variables that inuence the effectiveness of new
product development initiatives.128 The research indicates that
a signicant portion of the food industry's prior efforts in the
creation of new products have been lost due to product failure.
According to reports, new food products fail 70–80% of the
time.129 AI is integrated into every stage of the food production
cycle, encompassing sorting, analysis, and packing. Further-
more, it is advantageous to examine consumer happiness with
challenges within the food supply chain and distribution during
the consuming phase.130

Food processing facilities employ environmental monitoring
methods to identify contamination and conrm the efficacy of
© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 3 AI-driven approaches used in various fungal species

Fungal species Bioactive compound AI technique used Bio-functional activities References

Ganoderma lucidum Polysaccharides, triterpenes Metabolomics analysis ACE inhibitory antitumor
and antioxidant properties

107

Cordyceps militaris Cordycepin, polysaccharides Machine learning models Immunomodulation,
antioxidant, and ACE
inhibitory

108 and 109

Lentinula edodes Eritadenine, polysaccharides QSAR models Anti-inammatory and
antidiabetic

110

Hericium erinaceus Erinacines, hericenones AI-driven pathway analysis Identication of
neuroprotective and
antioxidant bioactive
pathway

111

Agaricus bisporus b-Glucan, phenolic
compound

Chemometric analysis Antitumor, antioxidant, and
immunomodulatory

112

Inonotus obliquus Betulinic acid,
polysaccharides

Spectrometric analysis with
AI

Prediction of anti-
inammatory potential

113

Coprinus comatus Polysaccharide, protein Deep learning and machine
learning for metabolite
prediction

Optimizing compounds for
antidiabetic effects

114

Aspergillus oryzae Polyphenols, kojic acid AI-driven quality control
system

Antidiabetic and anticancer 115 and 116

Rhizopus oryzae Fumaric acid AI-driven process
optimization

Antioxidant 117

Neurospora crassa Carotenoids, polyketides Machine learning for
pathway prediction

Antifungal 118 and 119
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control measures. To simulate sampling tactics and corrective
measures, recent studies have created agent-based models of
Listeria contamination in food facilities.131 Model performance
and decision support can be enhanced by combining machine
learning with agent-based modeling.132 In order to extend food
shelf life with AI models, Fig. 3 demonstrates how ML algo-
rithms and predictive modelling optimize storage conditions,
detect spoilage, and enhance food quality monitoring.

Popular approaches that have been used in the food sectors
include expert systems, fuzzy logic, ANN, adaptive neuro-fuzzy
inference systems (ANFIS), and ML. The application of AI in
the food business has been growing over the past few decades
due to its many benets. AI is transforming the way food is
produced from Ganoderma spp., making the process of culti-
vation and extraction more efficient and optimizing product
development. AI controls the environment in such a way that
the Ganoderma is cultured uniformly and efficiently, enhancing
the production of bioactive triterpenoids. Additionally, AI
enhances sustainability by facilitating improved agricultural
practices with efficient, optimized resource utilization, and
minimized environmental impact.133 It is also very important in
enhancing yield, nutritional absorption, and synthesis of
benecial substances during the cultivation of Ganoderma. It
ensures quality control and process optimization through
machine learning and data analytics in the growth of fungi and
manufacturing bio-composites during maintenance, which are
consistent and have a lower ecological footprint. In addition, AI
facilitates the development of mycelium-bound bio-composites
made from lignocellulosic substrates by optimizing various
stages of the production process.134 Ongoing research continues
to explore AI's potential in scaling up and advancing Ganoderma
© 2025 The Author(s). Published by the Royal Society of Chemistry
food production, offering a promising future for both sustain-
ability and innovation in this eld. Ongoing research continues
to highlight AI's potential in scaling and advancing Ganoderma-
based food production.

While the implementation of AI in Ganoderma spp. research
and other biotechnology domains may be expensive, certain
methods can be employed to effectively manage these expen-
ditures. One approach is to employ cloud-based AI solutions
offered by companies such as Google Cloud AI, AWS SageMaker,
and Microso Azure AI, which provide scalable, pay-as-you-go
alternatives, thereby eliminating the necessity for substantial
upfront infrastructure investments. Additionally, open-source
AI frameworks such as TensorFLow, PyTorch, and Scikit-learn
may signicantly reduce soware license costs by providing
robust tools for bioinformatics analysis.135 Moreover, pre-
trained AI models and transfer learning are suitable for tasks
such as species identication, since they mitigate computing
demands. Efficient data management techniques such as
dimensionality reduction and feature selection minimize
redundant computations, thereby saving resources.136 Distrib-
uted computing and crowdsourcing offer economical solutions
for data processing and annotation; also, obtaining government
grants and funding from organizations such as the National
Institutes of Health (NIH) and National Science Foundation
(NSF) helps alleviate budgetary burdens. Furthermore,
employing energy-efficient algorithms and enhancing AI
models would contribute to reducing costs and energy
consumption. Integrating these technologies will allow
resource-constrained universities to more effectively and sus-
tainably incorporate AI into Ganoderma research.
Sustainable Food Technol., 2025, 3, 759–775 | 769
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Fig. 3 AI mechanism and models supporting extension of food shelf-life.
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4. Challenges, limitations and future
prospects

Predictive modeling in species distributionmodeling (SDM) has
improved greatly with AI, using improved machine learning
techniques in the context of G. lucidum. This technique incor-
porates comprehensive environmental predictions and uses
multiple algorithms to give a holistic output analysis of the
species distribution. Through this, scientists can best identify
the ecological niche of G. lucidum and predict its potential
distribution in varying climates.137 In addition, AI is also
important in genomic and transcriptomic studies, which
analyze large data sets to determine key genes that play
770 | Sustainable Food Technol., 2025, 3, 759–775
important roles in critical biological pathways. This makes it
possible to gain deeper insights into the pathogenesis, biosyn-
thesis of bioactive compounds, and cellular development of
Ganoderma spp.138 Moreover, AI-powered detection and identi-
cation methods such as sensors based on sub-20 nm gold
electrodes have shown excellent sensitivity in identifying
specic Ganoderma species. These sensors allow accurate
discrimination of biomolecules, a key capability for identifying
the most virulent strains. In biotechnology, AI speeds up the
identication of potential uses of Ganoderma, such as enzyme
production, bioremediation, and bioactive compound extrac-
tion, thus promoting advancement in both the industrial and
pharmaceutical industries. Despite these advantages, AI-based
approaches present several signicant challenges.139 One of
© 2025 The Author(s). Published by the Royal Society of Chemistry
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the main limitations is the data-hungry and complex nature of
AI models, especially in genomic analysis and ecological niche
modeling. Models are highly dependent on large, high-quality
datasets to make reliable predictions, and the lack of
complete data can hinder their development and validation.140

Furthermore, hybrid AI systems that combine mechanical and
cybernetic models use heuristic designs, i.e., their optimal
setups are not always clearly dened, which can hinder their
effectiveness. Another concern is the interpretability of AI
models, especially deep learning and neural networks, which
tend to be “black boxes.” Their lack of transparency makes
model predictions difficult to interpret, potentially restricting
their use in biological studies.141 Additionally, the use of AI
technologies requires a signicant amount of computational
capacity and technical skills, serving as a tremendous barrier
for smaller research teams or less endowed institutions. These
may discourage the global spread and acceptance of AI among
Ganoderma studies, despite its revolutionary role.

The regulatory concerns of Ganoderma spp. products
primarily focus on ensuring their quality, safety, and efficacy.
Primary issues are the standardization of bioactive compounds,
since discrepancies in manufacturing and processing may
result in variations in active component concentrations, there-
fore affecting consumer safety and product reliability.142 More-
over, precise labelling is crucial, since mislabelling or
insufficient transparency about ingredients and strength may
deceive consumers and jeopardize their health. Ensuring
product quality relies on compliance with Good Manufacturing
Practices (GMP), prompting regulatory agencies to emphasize
adherence to these standards.143

Although GMP is necessary but pre-market is not, manu-
facturers are nonetheless responsible for product integrity since
Ganoderma products are regulated by the Food and Drug
Administration (FDA) in the US as dietary supplements.
However, regulations in the European Union and other Asian
countries, such as China, are occasionally more stringent and
require clinical data to support health claims and establish
technical specications for Ganoderma products.144 The incor-
poration of Ganoderma spp. into mainstream healthcare is
made possible by translational efforts to bridge traditional uses
and modern therapeutic applications, standardizing extraction
techniques to guarantee consistent levels of bioactive
compounds, conducting clinical trials, and using evidence-
based research to validate health claims.145

The integration of articial intelligence in the food industry
brings forth both challenges and future directions. AI has the
potential to completely transform the food sector, particularly
in terms of maximizing the sustainability, safety, and quality of
Ganoderma species utilized in functional foods and pharma-
ceuticals. Complex data from electronic noses and GC-MS may
be precisely analyzed thanks to advanced ML techniques such
as SVM and deep learning. This opens up new health advan-
tages and treatment possibilities by enabling quick, high-
accuracy screening of bioactive substances, such as terpenoids
and polysaccharides, in Ganoderma spp., namely G. lucidum and
G. boninense. To increase the yields and improve the synthesis
of bioactive compounds, AI-driven prediction models may
© 2025 The Author(s). Published by the Royal Society of Chemistry
optimize growth conditions by examining variables such as
temperature, humidity, and soil health. AI is also used in
precision farming to track crop health and predict the best
times to harvest, guaranteeing optimal quality for food and
medicine applications. AI can also improve food safety by
putting in place real-time quality control systems that identify
contamination or rotting threats early on, guaranteeing the
lifespan and safety of goods made from Ganoderma. Forward-
thinking enterprises, such as Swiss Agrotech company
Gayama, best represent the future of AI in agriculture. Gayama
uses hyperspectral imagery and AI analysis to advance resource
management, insect identication, and agricultural yield
prediction, giving farmers the insights they need to boost
productivity and sustainability.146,147 As AI continues to evolve,
its integration into food systems, especially in the context of
Ganoderma, promises not only improved health outcomes but
also a more efficient, resilient, and sustainable food industry.

A key challenge for AI in food systems is ensuring reliable
and robust data, as AI relies on accurate datasets for effective
predictions and recommendations. Data security, privacy, and
addressing biases in AI models are critical issues that must be
addressed to prevent discriminatory outcomes. Promoting
fairness and inclusivity, alongside transparency, accountability,
and responsible AI usage, is essential to build consumer and
stakeholder trust. Regulatory frameworks should be developed
to uphold ethical standards.148 Looking ahead, AI's potential in
the food sector is promising, with advancements in machine
learning, natural language processing, and computer vision, as
well as increased IoT and sensor integration, enabling real-time
monitoring and addressing global challenges like sustainability
and food security.149,150

5. Conclusion

The potential of food biotechnology and pharmaceutical
applications is particularly promising, especially concerning
functional foods and therapeutic treatments. Ganoderma P.
Karst., a medicinal mushroom, has been utilized for centuries
as an anticancer and immunopotentiating agent, although the
molecular mechanisms underlying its bioactivity remain
unclear. Future research would maximize potential by identi-
fying such pathways and examining the interaction of Gano-
derma with other pharmaceuticals. AI signicantly transforms
the food business by optimizing production processes and
improving the quality and safety control of food products.
Utilizing advanced ML, it can interpret complex data sets from
electronic noses or gas chromatography sources, hence facili-
tating the discovery of bioactive compounds inside Ganoderma.
AI models can forecast growth circumstances, thus facilitating
the production of more efficient quantities and superior yields
of Ganoderma useful substances. Notwithstanding these
advancements, signicant obstacles persist in integrating AI
into food systems. Challenges include data accuracy and
quality, security, and the potential for bias in AI model devel-
opment. To cultivate trust between consumers and AI, industry
stakeholders must address regulatory concerns that are essen-
tial for fostering transparency and accountability through
Sustainable Food Technol., 2025, 3, 759–775 | 771
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ethical AI usage rules. These holds promise for the future as it
may enhance sustainability and efficiency in food production,
especially for the cultivation and utilization of Ganoderma.
Advancements in technology suggest that AI could signicantly
inuence global challenges, including food security and envi-
ronmental sustainability, by fostering a more resilient and
inventive agricultural business.
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