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Agro-industrial wastes are suitable as cost-effective sources of various health-promoting molecules at significant

concentrations. lnvestigating new methods for converting them into high-value-added compounds is crucial for the

sustainable development goals. 
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1. Introduction

The agrifood industry generates substantial volumes of waste across various food processing stages . These residues

often exhibit slow degradability due to their composition, leading to accumulation and adverse environmental impacts .

Plant wastes, however, are still rich in organic acids, minerals, vitamins, and secondary metabolites with beneficial effects

on human health, and investigating new methods for converting them into high-value-added compounds is crucial for the

sustainable development goals. 

Various industrial sectors, such as food, nutraceuticals, pharmaceuticals, cosmetics, and agriculture, show a rising

interest in new plant-originated active compounds, encompassing fibers, lipids, carbohydrates, peptides, secondary

metabolites such as carotenoids, phenolics, and other multifunctional and bioactive components, as ingredients in

different products .

Advanced approaches for the extraction of bioactive compounds, among which biological processes, can substitute for

conventional chemical and solvent-based processes, and when the extraction parameters are optimized, biological

extraction procedures can guarantee efficiency in the recovery and quality of the final products, while ensuring a reduced

environmental impact . Biological strategies include enzymatic extraction and microbial fermentation; these

approaches provide numerous advantages over conventional methods in that they are more selective and have a milder

impact on the bioactive molecules, generating high-quality extracts with pronounced bioactivity, maximal titer, and minimal

toxicity .

Enzyme-assisted extraction (EAE) strategies ensure a controlled and effective process using enzymes to free compounds

from the plant matrix . Microbial fermentation strategies involve various microorganisms responsible for waste

transformation into valuable resources such as phenolics, oligosaccharides, flavonoids, phytosterols, and others . In

addition to optimizing resource use, these biological approaches are compliant with the increasing focus on ecologically

responsible and sustainable practices. Nonetheless, the efficiency of biological processes, such as enzymatic extraction

and microbial fermentation, requires extensive trial-and-error before performances can overtake those of traditional harsh

methodologies. This is due to the complex structure of the vegetable matrices, that varies in dependence of the chemical

structure and physical properties of the substrate. Therefore, maximal performances of biological methods require the

optimization of all parameters that can significantly affect enzyme activity or microbial fermentation, including the selection

of the suitable biological pre-treatment and treatment and, for each of them, the tuning of the process conditions, i.e.,

temperature, pH, substrate concentration, and ionic strength reaction time.

Artificial intelligence (AI) and machine learning tools (ML) are emerging as pivotal iterative tools in digitizing and

optimizing several interlinked processes. However, their application to the recovery of functional compounds from plant

waste is in its infancy . AI, combined with ML, can assist in identifying the optimal conditions for extraction processes by

analyzing the complex data derived from substrate types, enzyme/microbe characteristics, and the variable treatment

parameter’s options . The AI-guided optimization of bioprocesses for the recovery of functional compounds from plant

wastes leverages on the reliability of biological processes to maximize compound yield and titer while minimizing resource

wastage and environmental impacts. These approaches enable the real-time monitoring and adjustment of extraction

conditions, and the precise modelling and simulation of extraction procedures, enhancing understanding and efficiency.
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2. Plant Waste as a Source of Functional Compounds

Agro-industrial waste contains various bioactive compounds, many of which are relevant for use in the food, cosmetics,

and pharmaceutical industries and in plant protection products. These substances include bioactive peptides, phenolic

compounds, polysaccharides, and other molecules possessing unique biological and technological qualities, as

summarized in Table 1.

Table 1. Bioactive compounds, their sources, and their key properties and functions.

Compound Source Properties and Functions References

Bioactive Peptides Cakes, meals, and plant
by-products

Protein fragments (<20 amino acid residues)
with diverse impacts on body functions.

Antioxidant, antihypertensive, anti-inflammatory
activities, and immune-modulating functions.
When applied directly to food, they mitigate

oxidation reactions, resulting in a safer
alternative to synthetic antioxidants.

Velliquette et
al. 

Hemker et al.

Phenolic Compounds
Cereal bran, fruit and

vegetable waste, complex
carbohydrates

Antioxidant, antihypertensive, antimicrobial,
and anti-carcinogenic effects.

Widely used in the food industry to control lipid
oxidation and microbial growth.

Used in pharmaceutical and cosmetic
industries, including mouthwashes, eye creams,

and herbal cosmetics.
They enhance the shelf-life of food products.

Huang et al.

Carbohydrates:
Lignocellulose, β-glucans

Starch, oat bran, and other
cereal waste

Vital energy sources.
Starch has widespread industrial applications.
Lignocellulose (cellulose, hemicellulose, and

lignin) can be converted into high-value
products, contributing to waste reduction.

β-Glucans, found in cereal waste, have
scientifically proven health benefits with

cholesterol-lowering and immune-modulating
properties.

Lovegrove et
al. 

Fortunati et al.

Tosh et al. 

Lycopene
(Carotenoids)

Tomato and by-products
(skin and seeds)

Carrots

Natural pigment and antioxidant, suitable for
food coloration and cellular protection.

It prevents cellular components’ degradation,
including DNA.

β-Carotenoids are antioxidants and anti-
inflammatory.

Anarjan and
Jouyban 
Caseiro et al.

Poly-unsaturated fatty
acids (PUFAs): omega-3

and omega-6

Vegetable oils, nuts, and
their by-products Anti-inflammatory agents.

Dave and
Routray 

In the food industry, these bioactive compounds can be directly incorporated into conventional food, improving its

nutritional, sensory, and technological aspects. These improvements include gelatinization, foaming, emulsion stability,

and the capacity to hold on to water and oil . In addition, they might serve to create or modify films for use as intelligent

and bioactive food packaging . Moreover, these compounds can be used in designing functional foods,

nutraceuticals, or food supplements, that can be used for the prevention and treatment of several diseases. Overall,

bioactive compounds are associated with immune system protection, anti-inflammatory properties, decreased cell

oxidative damage, and a decreased risk of developing chronic diseases (Figure 1) .
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Figure 1. Overall process of plant waste valorization and recovery of functional compounds.

3. Conventional vs. Advanced Methods

The extraction of functional and nutraceutical compounds from plant waste can be achieved using various methods,

depending on the specific compounds and source materials. These approaches consist of conventional (traditional) and

advanced (sustainable) extraction methods (Table 2 and Figure 2).

Figure 2. Differences between conventional and sustainable bioactive compound recovery methods.

Table 2. Conventional vs. advanced extraction methods of target bioactive metabolites from agro-industrial waste.

Category Traditional Approaches Advanced Approaches Target Bioactive
Compounds References

Solvent
Extraction

Maceration Supercritical CO  Extraction
Phenolic compounds
from grape pomace
(resveratrol)

Carrasco-Sandoval
et al. 

Soxhlet Extraction Subcritical Water Extraction
using pressurized hot water

Flavonoids from citrus
peels (hesperidin)

Carrasco-Sandoval
et al. 

 

Hydro-distillation by steam Ionic Liquid Extraction
Volatile compounds such
as essential oils from
aromatic herbs

Hikal et al. 

Maceration
Graphene Oxide-Based
Extraction to adsorbs
compounds

Oligosaccharides from
fruit peels (inositol)

Ranjha et al. 
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Category Traditional Approaches Advanced Approaches Target Bioactive
Compounds References

Mechanical
Methods

Physical pressure Ultrasound-Assisted
Extraction

Essential oils from citrus
peels (limonene)

Chen et al. 

Grinding/Milling Pulsed Electric Field
Extraction

Antioxidants from fruit
peels (quercetin)

Kaleem et al. 

Shaking during
maceration to boost
extraction yield

Subcritical Water Extraction
Phenolic compounds
from various food
sources

Gbashi et al. ,
Beya et al.  and
Kathiman et al. 

Heat-Based
Methods

Heat Soxhlet Extraction by
combining heat with
solvents

Microwave-Assisted
Extraction (Heating)

Carotenoids from
vegetable waste
(lycopene)

Anton et al.  and
Vinatoru et al. 

 Steam Distillation Ohmic Heating Extraction
Volatile compounds
Capsaicinoids from
pepper waste (capsaicin)

Hikal et al. 

Chemical
Methods

Acid/Base Hydrolysis Enzyme-Assisted Extraction Peptides (antioxidant
peptides)

Costa et al.  and
Prokopov et al. 

Aqueous Two-Phase for
two immiscible liquids Ionic Liquid Extraction

Alkaloids from
agricultural waste
(caffeine)

Costa et al. 

Solid-Phase
Methods

Solid-Phase
Microextraction to absorbs
compounds

Molecularly Imprinted
Polymers (MIPs) for
selective binding.

Polysaccharides from
plant residues (β-
glucans)

Gbashi et al. ,
Beya et al.  and
Kathiman et al. 

Solid-Phase Extraction for
compound adsorption

Graphene Oxide-Based
Extraction for compound
adsorption

Oligosaccharides from
fruit peels (inositol)

Ranjha et al. 

Other
Methods

Steam Distillation and
condensation

Supercritical Fluid
Extraction (SFE)

Essential oils from
various plant sources

Hikal et al.  and
Kainat et al. 

Pressurized Liquid
Extraction (PLE) or
Accelerated Solvent
Extraction (ASE)
Combines solvent, high
pressure, and temperature

Enzyme-Assisted Extraction Proteins and enzymes
from agricultural waste

Costa et al. 

Liquid–liquid extraction
Separation of immiscible
liquids

Instant Controlled Pressure
Drop Technology for auto-
vaporization and organic
product development

Heat-sensitive food
granule powder
extraction

Kainat et al. 

Solid-Phase
Microextraction Enzyme-Assisted Extraction Active compounds from

plant matter

Yang et al.  and
Reshmitha et al.

Pressurized Liquid
Extraction Supercritical Fluids

Replacing organic
solvents in various
procedures

Kainat et al. 
and Begić et al. 

Several factors, including the prolonged extraction times, heavy reliance on hazardous solvents, and energy- and labor-

intensive processes that affect solvent extraction methods’ repeatability and scalability, make conventional extraction

techniques expensive, non-sustainable, and frequently unreliable. Conversely, advanced green extraction technologies

are emerging that aim at maximizing the recovery of bioactive compounds while enhancing sustainability and efficiency

thanks to rapid extraction rates, a reduced use of solvents, and low-energy demanding processes . However, despite

the reliance and efficiency of green and eco-friendly extraction methods, some of them still require further improvements

and adjustments . In fact, the inconsistency in the agricultural waste composition and physicochemical properties

requires a substrate-driven tailoring of the enzymatic activities or microbial treatments and their associated process

parameters, such as temperature, pH, substrate concentration, and reaction time.

4. Biological Methods

In the effort to extract valuable molecules from agricultural waste outputs, researchers have investigated both biological

and non-biological methods. Conventional non-biological techniques depend on mechanical procedures like maceration

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[25]

[34]

[35]

[34]

[29]

[30]

[31]

[26]

[25]

[36]

[34]

[36]

[37]

[38]

[36]

[39]

[40]

[41]



and distillation, solvents, and thermal factors, while novel non-biological techniques use supercritical fluids, eutectic

solvents, and ionic liquids. These methods’ shortcomings include low selectivity and specificity as well as the possibility of

destroying thermo- or otherwise labile substances. Moreover, the complex cell walls in plant matrices may greatly hinder

extraction efficiencies. To overcome this issue, various biomass pre-treatments have been developed, including physical,

chemical, and physicochemical treatments, to overcome cell wall recalcitrance. Biological methods, applied as pre-

treatments before extraction, are based on the exploitation of microbes or enzymes thereof to hydrolyze cell walls, thereby

increasing permeability and compound recovery, which is, however, highly dependent on the characteristics of the

agricultural waste material .

4.1. Microorganism-Driven Recovery of Bioactive Compounds

Numerous microorganisms, including both naturally occurring and genetically modified bacteria, yeasts, and filamentous

fungi, have been used in fermentation processes that allowed the release of various bioactive chemicals from agro-

industrial waste, including phenolic compounds, prebiotic oligomers, and β-glucan (Table 3). However, microbial

fermentation can also be the source of valuable bioactive compounds, as in the case of carotenoids produced by several

types of microorganisms in a process defined as bioconversion . Microbial fermentation processes can be

subdivided into two main types: solid-state fermentation (SSF) and submerged fermentation (SmF); the choice between

the two mainly depends on the type of microorganism in use, on the target compound, and on the vegetable matrix in

which it is contained . In SmF, microorganisms are cultivated in a liquid medium in which the target compounds are

released and subsequently collected using a separation process. The main drawback of SmF is represented by the

dilution of the target products in the growth medium. However, SmF provides the operator with a perfect control over the

fermentation conditions, and is ideally suited for microorganisms that have high moisture requirements . In contrast,

SSF exploits low free-water, solid substrates to grow microorganisms. The target compounds are released in the solid

matrix and subsequently separated and extracted. The advantage of this approach includes the obtainment of more

concentrated bioactive compounds, decreased wastewater generation, and high volumetric productivity. Both fermentation

conditions require parameter optimization, which can be obtained through response surface methodology or one-factor-at-

a-time approaches .

Table 3. Microbial fermentation-driven bioactive compound recovery from agro-industrial waste.

Bioactive
Compound Substrate Microorganism

Fermentation
Process References

Phenolic
Compounds

Black rice bran Aspergillus awamori and Aspergillus
oryzae SSF Shin et al. 

Apple peels Aspergillus spp. (A. niger ZDM2 and A.
tubingensis ZDM1) SSF Gulsunoglu et al.

Cauliflower Bacillus subtilis SmF Doria et al. 

Prebiotic
Oligomers

Brewer’s spent
grain

Trichoderma reesei
B. subtilis (engineered strain) SmF

Amorim et al. 

Pectin Citrus peel
waste

Pichia pastoris
(engineered strain) SmF Yang et al. 

β-Glucan

Sugarcane straw Lasiodiplodia Theobromae CCT 3966 SmF
Abdeshahian et
al. 

Soybean
molasses Lasiodiplodia theobromae MMPI SmF Acosta et al. 

 SmF: Submerged fermentation; SSF: Solid-state fermentation.

4.2. Microbial Enzymes

Microbial enzymes, including proteases, lipases, and several types of carbohydrases, play a pivotal role in recovering

bioactive compounds. As already pointed out, when they are produced through the fermentation of agro-industrial wastes,

they offer an economic advantage over synthetic or commercial enzymes, in particular when crude extracts obtained from

such microbial factories are directly used as a source of enzymes; the inclusion of purification steps might, in fact, affect

the economic viability of the process. For instance, Zanutto-Elgui et al.  used partially purified proteases produced by

Aspergillus spp. through the SSF of wheat bran to derive bioactive peptides from bovine and goat milk; conversely, Doria

et al.  explored the use of crude culture broth of wild-type and engineered Bacillus subtilis, overexpressing cellulases
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and xylanases, to recover phenolic compounds from cauliflower, identifying a positive correlation between the amount of

Bacillus-originated cellulolytic enzymes in the culture broth and the bioactive compound yield. Thus, pre-treatment with

culture broth is an effective and sustainable method for extracting bioactives from waste material.

4.3. Enzyme-Assisted Extraction (EAE)

EAE stands as an innovative approach to the recovery of various biomolecules. This technique involves the incorporation

of cell wall-degrading or -weakening enzymes into the extraction medium, allowing the solvent to efficiently reach and

extract the active constituents . EAE methods offer an environmentally friendly means to facilitate the release of

bioactive elements from agro-industrial waste materials, and wide adaptability as effective pre-treatment strategies,

presenting several advantages over conventional pre-treatment techniques. Degradative enzymes can be seamlessly

integrated with various downstream extraction techniques resulting in cleaner and more sustainable extraction processes.

The combination of multiple approaches offers numerous advantages, such as improved product quality, reduced

manufacturing costs, decreased solvent usage, and enhanced extraction yields . Hydrolytic enzymes, whether in free

or immobilized forms, can encompass a diverse range, including hemicellulases (endoxylanases and β-xylosidases),

cellulases (endoglucanases, cellobiohydrolases, and β-glucosidases), and pectinases (polygalacturonases and

pectinesterases), each playing an indispensable role in EAE. Proteases, amylases, lipases, and other hydrolyzing

enzymes may also help to release valuable and scarce secondary metabolites from cellular constituents . However, as

often happens with biological tools, various operating variables, such as pH, temperature, substrate and enzyme

concentrations, solid/liquid ratio, substrate particle size, and reaction duration, can influence the effectiveness of

enzymatic activity .

A significant benefit of employing enzymes in industrial extraction is that they can be considered catalysts and be

immobilized on solid supports to be recovered after use. Enzyme immobilization is a cost-effective strategy in large-scale

applications; it allows enzymes to be employed in multiple cycles, while maintaining their catalytic activity and selectivity,

reducing costs, and encouraging the recyclable use of the biological materials . Magnetic nanoparticles as potential

carriers for enzyme immobilization open up exciting prospects for enzyme-based extraction technologies. Moreover, the

abundant supply of agro-industrial waste can be harnessed as microbial feedstock for enzyme production, thereby

enhancing the cost-effectiveness of EAE.

5. Artificial Intelligence for the Digitization of Extraction Processes

5.1. Integration of AI/ML in the Recovery Process

Artificial intelligence (AI) can be integral to enhancing the efficiency and quality of the extraction process, making

significant contributions across three key stages of application: pre-extraction, during extraction, and post extraction

(Figure 3).

Figure 3. AI algorithm implementation for extraction (bio)process digitization (created with Biorender.com).

Pre-extraction stage: AI-based process design is a crucial component at this stage. Artificial intelligence models

examine and screen historical data to determine the optimal solvent type, concentration, and temperature for a specific

plant waste, microbe, enzyme, and target molecule. This analysis results in a customized extraction plan that
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(a)

(b)

maximizes yield and quality, establishing the conditions for a more efficient process . Moreover, predictive modeling

can anticipate the yield and titer of the extracted compounds by combining historical data and real-time sensor data 

.

During the extraction process: At this phase, AI models can handle enormous amounts of data and assist in real-time

monitoring and process control. Sensors continuously monitor critical parameters like pressure, temperature, and

solvent flow rate , while AI algorithms examine real-time data and autonomously adjust conditions to maintain

efficiency and consistency , correcting deviations from expected patterns . A related area of potential

application for AI models is continuous and adaptive optimization. Here, the algorithm learns from new data, identifying

patterns and suggesting process refinements and efficiency enhancements in the extraction process . Finally,

machine learning methods can be used in large-scale extraction/production plants in processes of predictive

maintenance of equipment, limiting downtime and ensuring continuous output .

Post-extraction stage: AI can help to interpret extraction data and assist in decision-making for additional processing,

purification, and quality control processes at the final phase of bioactive molecule recovery, providing data-driven
decision support and processing . Moreover, AI models may assist in quality control and regulatory compliance.

They ensure that the final compound satisfies safety, quality, or regulatory requirements and reduce the need for

manual examinations .

5.2. Standard Workflow of Machine Learning

Among the various AI approaches, machine learning (ML) methods have been increasingly used in food processing and

bioactive compound extraction . They can treat non-linearly coupled complex data, perform modelling, and generate

the classification, prediction, or optimization of different responses .

ML algorithms tune the model’s internal parameters so that it fits a training dataset (learning phase), and when the training

is over, the model can be used to generate accurate predictions on fresh input data (prediction phase) . While there

is a wealth of ML models, each with its rather complicated details and preferred application domains, their integration

entails a general and standardized workflow which deserves a brief description (Figure 4).

Figure 4. Digitized extraction (bio)process development and manufacturing using machine learning (created with

Biorender.com).

The main workflow tasks are as follows:

Data collection

It involves extracting relevant and representative data to train, validate, and test the model. In case of bioactive extraction

processes, these data must be obtained through extensive experimental measurements.

Data preprocessing
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(c)

(d)

(e)

(f)

It consists in cleaning and preprocessing the data, possibly handling missing values, dealing with outliers, scaling values,

encoding categorical variables, and, above all, reducing the dataset while retaining its essential information (dimension

reduction).

Data splitting

This step consists in partitioning the data into training (70%), validation (15%), and testing (15%) sets, the first used in the

learning phase, the second to tune and confirm the model, and the third to verify its performance.

Model selection

The selection of the right model, which depends on the specific task it is designed to solve, is a key point in the process.

Model selection is often a matter of trial and error, and sometimes hybrid approaches (mixing statistical and AI models)

must be adopted. For instance, an ANN model was used to optimize the extraction of catechins from green tea leaves .

Model development and optimization

This is the step in which the model is trained, usually in several iterative runs. The effectiveness of the training and the

quality of the ML model depend, apart from the training dataset, on the right values of its control parameters (called

hyperparameters in this domain), which are set before the training phase and whose fine-tuning is pivotal for optimal

model performance . The correct choice of hyperparameters helps to avoid overfitting, a common disease of ML,

yielding models so perfectly fit to the training set that do not generalize to other inputs.

Model Evaluation

Evaluation involves model validation and test, which are similar but distinct activities. The first, sometimes considered

optional, aims at selecting a model (and its hyperparameters) among several possible choices, assessing its

performances on a validation dataset; the second, mandatory, verifies the quality of the model against a test dataset.

In conclusion, the integration of AI into biomass-refining plants is essential for enhancing economic return and operating

conditions, boosting the attractiveness of AI in industrial settings. Automation and AI tools can, in fact, accelerate large-

scale bioactive compound production and extraction. 

However, currently, the integration of AI to the recovery process is still challenging. Even when AI promises to significantly

increase control, quality, and efficiency throughout the extraction process, a smooth and successful integration into the

plant waste recovery process depends on finding innovative solutions to overcome these limitations. Collaboration with

domain specialists is essential to successfully manage the intrinsic complexities.
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