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Technologies offering economic, technical, and environmental advantages over conventional 
chemical products hold promise for replacing chemical pesticides and fertilizers. Due to the positive 
interactions between plant growth-promoting yeasts (PGPY) and plants, there has been significant 
focus on developing bioinputs derived from these microorganisms and their metabolites. However, 
to advance the development of more specific and effective bioinputs, while also ensuring the health 
of both producers and consumers, it is crucial to deepen our understanding of microorganism-plant 
interactions, plant responses to microbial presence, and the metabolic changes in plants following 
bioinput application. Mass spectrometry-based metabolomics offers valuable insights into the 
metabolite interactions between microorganisms and plants, proving essential for a comprehensive 
understanding of these processes. This review presents the current state of mass spectrometry-
based metabolomics, highlighting targeted and untargeted approaches, sample preparation, 
instrumentation, and data analysis methods, as well as their application in investigating the benefits 
of PGPY. The findings aim to provide insights that can aid in the development of commercial 
bioinputs. Despite substantial research published in scientific journals, only a limited number of 
yeast-based bioinputs have been commercialized in recent years, underscoring both the challenges 
and opportunities within this field.

Keywords: plant growth promoter, microorganisms, biotechnology, sustainable agriculture, 
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1. Introduction

Due to the negative impacts that agrochemicals have 
on human health and the environment, reducing the use 
of agrochemicals (synthetic pesticides, fertilizers and 
herbicides) has become a global necessity. Bioinputs 
have emerged as one of the main alternatives to the use 
of agrochemicals, replacing their use in agriculture in 
whole or in part.1 Bioinputs can be defined as the product, 
process or technology of plant, animal or microbial origin 
that positively interferes with the growth, development 

and response mechanism of plants.2 They can be produced 
from enzymes, plant or microbial extracts, microorganisms, 
invertebrates and secondary metabolites, aimed at 
biological control, plant nutrition and the relief of biotic 
and abiotic stresses.3

The first records of bioinputs were in 1950, with an 
initial study of nitrogen-fixing bacteria by researcher 
Johanna Döbereiner.4 As a result, biological fertilizers and 
fungicides for biological control, inoculants, biostimulants 
and solubilizers have emerged, contributing to the current 
growth dynamics of the sector.5 In Brazil, the use of 
bioinputs grew by 15% in the 2023/2024 harvest, compared 
to the previous harvest, reaching sales of R$ 5 billion. In the 
global market, the estimate is that the use of bioinputs will 
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grow between 13 and 14% by 2032, which corresponds to 
US$ 45 billion, a value three times higher than the current 
one.6

Currently, Brazil has 1456 bioinputs registered by 
the Ministry of Agriculture and Livestock (MAPA), 
of which 69.4% come from microorganisms.5 Several 
microorganisms can be used in the production of 
bioinputs.7-9 The use of yeasts as plant growth promoting 
yeasts (PGPY) has grown, with the main genera used 
being Candida spp. (15%), Rhodotorula spp. (14%), 
Cryptococcus spp. (13%) and Saccharomyces sp. (9%).10

Yeasts are eukaryotic and unicellular fungi, grouped 
in the phylum Ascomycetes or Basidiomycetes. They 
reproduce through budding or binary fission, and they do 
not form a fruiting body.11 Yeasts were firstly discovered as 
a fermentative agent in wine and beer and today they are 
widely used for the production of beverages, foods, organic 
acids, enzymes, proteins, lipids, pigments and others. 
Yeasts may form symbiotic or parasitic association with 
plants and animals or they can act as saprophytic agents, 
playing crucial ecological roles, such as bioremediation, 
microhabitat colonization, biodegradation of hydrocarbons, 
detoxification, and the production of metabolism 
by‑products.10,12,13

In the field of agriculture, yeasts have gained 
importance as plant growth promoting agents (PGP), 
called PGPY. They can provide phytohormones, enzymes 

and amino acids, promoting plant growth and biomass 
production, even under stress conditions.14 PGPY were 
studied mainly in samples of roots, shoots, fruits, and 
seeds of cultivars such as wheat, corn, rice, tomato, 
beans, alfalfa, grapes and pomegranate, beetroot.10 The 
main PGPY reported in the literature10 are Candida spp., 
Rhodotorula spp., Cryptococcus spp., Saccharomyces sp., 
Kluyveromyces sp., Meyerozyma sp., Torulaspora sp. and 
Pichia sp.

PGPY promotes plant growth through direct and 
indirect mechanisms. The direct mechanisms involve 
the production of phytohormones and stress controllers 
such as indole-3-acetic acid (IAA), auxins, cytokinins, 
gibberellins (GAs), abscisic acid (ABA), ethylene (ET), 
brassinosteroides (BRs), jasmonic acid (JA), salicylic 
acid (SA) and strigolactones (SLs).15-17 In addition, the 
direct mechanisms can induce iron sequestration through 
siderophores, solubilization of salts by chelation of silicon 
ions, biological nitrogen fixation, oxidation of sulfur to 
sulfates that are absorbed by plants and bioremediation.17-19 
On the other hand, indirect growth occurs by biological 
control of plant pathogens and diseases at a mechanistic 
level. In this case, the PGPY inhibits the growth of plant 
pathogens by secretion of cell wall degrading enzymes, 
competition for nutrients such as iron, inducing systemic 
resistance and producing volatile organic compounds 
(Figure 1).17,20

Figure 1. Growth mechanisms promoted by PGPY. Direct mechanisms involve the production of phytohormones and stress controllers, biological nitrogen 
fixation, phosphate solubilization, and iron sequestration via siderophores. Indirect growth mechanisms occur through biological control of pathogens 
through the production of cell wall degrading enzymes, and induction of systemic resistance.
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Yeasts-based bioinputs are considered sustainable 
technologies, presenting economic, technical, and 
environmental advantages compared to conventional 
chemical products. They are good allies of crops, providing 
better growth, development, and response mechanisms 
in the metabolism of plants, and can replace, totally or 
partially, chemical pesticides and fertilizers. Yeast-based 
products can modify the plant metabolism increasing 
plant growth, the number of leaves, leaf area, chlorophyll 
concentrations and biomass production, not only under 
normal conditions, but also under conditions of stress and 
the deleterious effect of drought.14,18 In addition, yeast-
based products can play an important role in soil health, 
fertility and nutrition, contributing to the sustainability 
of agricultural production and the implementation of a 
circular economy.

2. Beneficial Association of Yeasts and Plants

Yeasts are generally recognized as safe (GRAS) 
for use as plant growth promoting agents, and promote 
significant plant growth. One of their main characteristics 
is the (i) production of phytohormones, which is crucial 
in promoting plant growth and tolerance to biotic and 
abiotic stresses. Yeasts can facilitate the (ii) bioavailability 
of nutrients to plants by solubilizing phosphate necessary 
for (iii) plant growth and (iv) seed germination. Another 
important characteristic is the (v) biological control of 
pathogenic fungi, through competition with filamentous 
fungi, producing antifungal compounds or producing 
volatile organic compounds (VOCs).

2.1. Production of phytohormones

Yeasts can produce some phytohormones that promote 
plant growth and increase plant productivity. One group 
of growth-regulating phytohormones is the auxins, which 
have an indole ring.10,21,22 The presence of auxins increases 
the absorption of water and nutrients suitable for plants, 
improves root formation and plant development.23-25 In 
addition, it plays an important role in seed germination, 
cell differentiation, stress resistance and photosynthesis.23 
IAA is the main plant growth promoter in the auxin family, 
known to stimulate rapid and long-term responses in 
plants, regulating various physiological and developmental 
processes and metabolite biosynthesis.26,27

Cytokinins are another group of phytohormones and 
promote plant growth through cell division and growth.20 
They also play an important role in seed germination, 
root elongation, nodule formation, flowering and vascular 
development.20,28,29 One of the most common cytokines is 

zeatin, which can be synthesized by some yeasts such as 
Sporobolomyces pararoseus, Metschnikowia pulcherrima 
and Aureobasidium pullulans.20

Other classes of phytohormones widely used are 
gibberellins, ethylene and abscisic acid.

Gibberellins help in general plant growth, acting 
in the promotion stages such as embryogenesis, seed 
germination, breaking dormancy, stem elongation, proper 
flowering, leaf/fruit senescence, leaf expansion, and fruit 
maturing.10,30,31 Recent studies31 demonstrate that yeasts 
such as Yarrowia lipolytica can synthesize gibberellic acids.

In addition to that, ET is essential for plant growth and 
development, fruit ripening and overcoming seed dormancy. 
However, when suffering any type of biotic and abiotic 
stress, ET is produced in high concentrations, suddenly 
inducing the death of the plant, it can inhibit plant growth 
and the development of roots after germination.30,32,33 Yeasts 
that have the enzyme 1-aminocyclopropane-1-carboxylic 
acid (ACCD) deaminase, degrade 1-aminocyclopropane-
1‑carboxylic acid (ACC), the immediate precursor of ET in 
higher plants.30,33 ACCD degrades ACC into α-ketobutyrate 
and ammonia (NH3), inducing plant tolerance to stress 
and salt.33

Finally, the ABA is involved in processes as seed 
dormancy, cell elongation, and flower induction.10,34 In 
addition, it can reduce the deleterious effects of water 
deficit and increase plant productivity. The yeast Yarrowia 
lipolytica synthesizes ABA, becoming a promoter host.34

2.2. Bioavailability of nutrients

In addition to producing phytohormones, yeasts make 
nutrients more available. The production of NH3 by yeast 
provides available nitrogen favoring plant growth.20,35 
Some yeasts have the ability to solubilize and mineralize 
insoluble phosphate, making phosphorus available in 
soluble form for the plant. This solubilization is done 
through the mediation of organic acids, which chelate 
mineral ions or decrease the pH to bring P into solution.35,36 
The acidification of microbial cells and their surrounding 
leads to the release of P-ions from the P-mineral by H+ 
substitution for calcium.37 Strains of Candida tropicalis 
and Lachancea  thermotolerans (Filippov) Kurtzman 
provided phosphorus through Ca3(PO4) solubilization.38 
Rhodotorula and Yarrowia lipolytica provide dissolved 
phosphorus through pH reduction and citric acid 
production, respectively.18,39 Similarly to phosphorus, yeasts 
convert the zinc that is available in soils in inorganic form 
to a soluble form available for assimilation by plants.10 
In the case of iron, the siderophores produced by yeast 
help transport insoluble ferric iron from the environment 
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for uptake by plants, increase plant metal tolerance, and 
decrease metal availability and toxicity.38

2.3. Plant and fruit growth

The application of yeasts in the rhizosphere or in the 
seeds is an efficient mechanism of microbial inoculation of 
the soil, being able to colonize the roots of the seedlings.35 
Nakayan et al.19 reported that Meyerozyma guilliermondii 
combined with a half dose of chemical fertilizer significantly 
improved the dry weight and nutrient uptake of maize and 
lettuce and the seed vigor index of maize and Chinese 
cabbage. Fernandez-San Millan et al.35 highlighted 
10 strains of yeast capable of increasing tobacco and lettuce 
growth, demonstrating that the effect of the yeast-plant 
interaction is not species-specific. In addition, the yeasts 
Debaryomyces hansenii, Lachancea thermotolerans and 
Saccharomyces cerevisiae promoted the development of 
maize seedlings, increasing the dry weight and chlorophyll 
content by 10%.35

2.4. Seed germination

Yeasts can stimulate and accelerate seed germination 
because they can penetrate the seed endosperm 
(endophytic microflora) isolating amylolytic enzymes and 
physiologically active substances.40 Furthermore, yeasts can 
quickly destroy the starch stock of seeds due to a release 
of extracellular amylase, which significantly increases 
the seed germination rate.40 Fedotov et al.40 reported 
that the use of yeasts Rhodotorula, Cystofilobasidium, 
Sporobolomyces, Metschnikowia, Saccharomyces, 
Aureobasidium, Debaryomyces, and Cryptococcus genera 
intensified the effect of seed stimulation and germination by 
more than 2-2.5 times, approximately from 11 to 31%. Yeast 
strains Rhodotorula, Mrakia and Naganishia increased seed 
germination percentage from day 3 to over 40% compared 
to 22% for uninoculated control seeds. In addition, these 
strains had an effect on seedling development, as the aerial 
part of the plant emerged earlier.41

2.5. Biological control

Plant diseases caused by pathogens are responsible 
for major crop losses worldwide, resulting in significant 
socioeconomic impact. Despite the reports, the effects 
of yeasts on crops and combating their pathogens are 
described in a more restricted way in relation to other 
microorganisms, such as bacteria and filamentous fungi. 
To apply yeasts as plant protection and biological control 
agents, it is necessary to understand the mechanisms 

underlying the biocontrol activity of yeasts.
Yeasts use multiple mechanisms, which can occur 

simultaneously, increasing the antagonistic function, such 
as: (i) competition for nutrients and space, (ii) production of 
toxins, (iii) production of lytic enzymes, (iv) production of 
VOCs, (v) mycoparasitism and (vi) induction of resistance 
in plants (Table S1 in the Supplementary Information (SI) 
section).

Yeasts can act as biocontrol agents, biofungicide, 
bioinsecticide or bioherbicide and strengthen plant cell 
defense to prevent entry of pathogens. In addition, yeasts 
activate plant defense mechanisms, which produce 
compounds that reduce stress to environmental factors such 
as salinity, high temperature, drought, and metal toxicity.17,42 
As yeasts grow faster than fungi, they reduce nutrient 
availability for pathogenic fungi and quickly colonize plant 
niches.43 The production of VOCs such as alcohols, esters, 
aldehydes, ketones and lactones increases disease resistance 
and tolerance to abiotic stress. Toxins produced by yeast are 
capable of killing or inhibiting sensitive fungi, damaging 
the cell wall and cell membrane triggering apoptosis and 
inhibition of beta-glucan synthesis.10

Some examples are Wickerhamomyces anomalus yeasts, 
that significantly reduces the natural deterioration of the 
pear without causing any adverse change in the quality of the 
post-harvest pear fruit.44 On the other hand, Hanseniaspora 
uvarum demonstrated efficiency in attracting and killing 
Drosophila suzukii present in grape plants.45 The yeast 
Torulaspora globosa has antifungal action against the 
phytopathogenic fungus, Colletotrichum  sublineolum 
and Colletotrichum graminicola, the causative agent of 
anthracnose in sorghum and maize, respectively.46

There are opportunities to use bioinputs in the 
development for food security. However, there are just a few 
insecticides or herbicides yeast-based products available 
in the market. Information about plant/yeast interaction is 
still limited in terms of predicting and understanding the 
overall interaction relative to a sustainable environment. 
Yeast effects are influenced by species and genotype, 
inoculation methods, abiotic factors, soil type, fertilizer 
application, and the identification of VOCs, their functions 
and the roles played in the signaling system are crucial in 
the study of plant/yeast interactions.

A fact is the chemical mechanisms involved in  
PGPY/plant interactions, including those mediated 
by plant roots and the microbiome, have been little 
investigated. Understanding the characteristics of yeasts 
that promote plant growth and their interactions with plants 
is fundamental to the success of their application in the 
field. The use of mass spectrometry-based metabolomics 
has been expanding to overcome this gap.
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3. Mass Spectrometry-Based Metabolomics 
Applied to PGPY

Metabolomics is an approach that studies the end 
products of cellular regulatory processes, commonly known 
as metabolites. Metabolites are small molecules (< 1500 Da) 
that provide a view of the state of a biological system at a 
specified moment, demonstrating how genotypic diversity 
affects phenotypic variation in plants and organisms.47,48 
Metabolomics detect compounds in a sample and their 
concentrations, being a snapshot of the organism studied.49 
There are two strategies in metabolomics: (i) targeted and 
(ii) untargeted analysis. Targeted metabolomics is restricted 
to identifying and quantifying one or a group of pre‑defined 
metabolites of a particular metabolic pathway.48,50 It is used 
to identify and quantify specific metabolites of interest.51,52 
In addition, it is useful for the study of a genetic alteration, 
e.g., intracellular metabolites, metabolites secreted to 
the extracellular, nutrient usually absorbed by the cell 
and components not absorbed by the cell, but possibly 
transformed by extracellular enzymes.53 Metabolic profiling 
constitutes an analytical approach employed for the 
identification and quantification of specific metabolites or 
metabolic classes, enabling the characterization of plant 
metabolic diversity and the discrimination of stress- or 
treatment-induced alterations.54,55 Untargeted metabolomics 
evaluates all measurable metabolites in a biological sample. 
It is an approach that focuses on annotating as many known 
and unknown compounds as possible in a sample.56 The 
data are typically used for relative quantification between 

sample groups, which can then be validated with targeted 
analyses.56 The metabolic untargeted is subdivided into 
(i) fingerprint analysis (a large numbers of intracellular 
metabolites is observed); and (ii) footprinting analysis 
(known as metabolomic footprint, analyzes the profile 
of extracellular metabolites or the “exome”) (Figure 2).53

Metabolic fingerprinting is an approach that provides 
scanning of a large number of intracellular metabolites, 
allowing comparison of the composition, interaction 
and changes of metabolite fingerprints.57,58 Metabolic 
footprinting provides information on the extracellular 
metabolites present in the sample.57,59 Biotransformation 
of substrate components is a part of the footprint.53 In both 
cases, the extracellular or intracellular metabolite profile 
is constrained by experimental parameters, including 
extraction and chemical properties of the extraction solvent. 
In addition, the characterization of the metabolite profile 
can be influenced by the instrumentation used to identify 
and/or quantify the compounds of interest.

To elucidate bioactive metabolites, numerous factors 
must be considered for a reliable analysis. Factors such 
as biological and technical replicates must be taken 
into account in metabolomics analyses, because they 
can measure any source of biological fluctuation in data 
collected, limiting false acquisition disparities.60 Biological 
replicates are measurements of biologically distinct 
samples, which represent random biological variation. 
In order to have the smallest variation of the biological 
system, a minimum of triplicate (n = 3) biological sampling 
is proposed with n = 5 preferred.61,62 Quality control (QC) 

Figure 2. Metabolomics approaches: metabolic profiling, metabolic footprinting and metabolic fingerprinting.
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samples are typically (i) pooled QC obtained by mixing 
small aliquots of each (or a few) biological samples to be 
studied, or (ii) commercially available QC samples with 
representative composition. With respect to the frequency of 
QC sample injections, 3-25 injections of samples between 
each QC injection were reported.63 It is recommended 
that the reference sample is similar to the real samples of 
interest in complexity and composition.64 Additionally, 
authentic commercially available standards can be added 
to the series of measurements to compare retention times 
for metabolite annotation.64 A suitable experimental design 
for metabolomics investigations also includes analytical 
replicates, blanks, negative and positive controls to infer 
analytical and biological variations and assess data quality.65

Technical replicates, on the other hand, are repeated 
measurements of samples processed using the same protocol 
to address equipment variations and human errors on the 
sample preparation.60 In the laboratory, where variability 
is highly controlled, at least three replicates are required. 

In metabolomics studies, a clear and robust experimental 
design is essential. Furthermore, at all stages of this study, 
it is crucial to follow predefined criteria throughout the 
experimental workflow, from material collection and 
storage, which precede sample preparation, to metabolite 
processing and annotation. The workflow will depend on 
the chosen metabolomics approach (targeted or untargeted). 

Here, we will discuss the workflow for the untargeted 
metabolomics approach.

The main steps in mass spectrometry-based 
metabolomics untargeted approach include sample 
preparation, analytical techniques, data analysis and 
metabolite annotation. They are summarized in Figure 3, 
and they will be discussed below in detail.

3.1. Sample preparation

Sample collection and preparation is a fundamental 
step for the metabolomics analysis since the extract of the 
biological sample should reflect the original material.67 For 
the sample preparation, some steps should be evaluated, 
such as the culture of the microorganism to obtain the 
metabolites, the sample collected, and the extraction of 
metabolites that will be analyzed.

Sample collection must ensure that the biological 
system sample is representative. When analyzing 
intracellular metabolism, the metabolism must be rapidly 
inhibited during sample collection to avoid metabolic 
turnover. This process is called quenching and is usually 
achieved by a rapid change in temperature.68 For quenching, 
the most commonly used methods are cold methanol, liquid 
nitrogen, perchloric acid and acid/alkali.53 Each one has 
advantages and disadvantages, as explained below.

Figure 3. The workflow of metabolomics untargeted approach applied to bioinputs based on plant growth promoting yeasts. First, the sample preparation 
is required, and this step includes metabolites production and extraction with appropriate methods and solvents (step 1). Second, analytical techniques 
can be used based on research design and interests of it (step 2). Third, data are processed and analyzed to visualize the results (step 3). And finally, the 
metabolites are annotated and targeted new perspectives to industrial application or studies (step 4). For the targeted metabolomics approach, not covered 
in this workflow, other steps must be incorporated or waived. This figure was created with bioRender.66
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Quenching step using cold methanol allows the 
separation of intra and extracellular metabolites and is 
applicable to different microorganisms.53 The disadvantages 
of this method are the difficulty in reproducing sample 
size, methanol water ration must be seriously controlled to 
avoid cell leakage and the need for technical adaptations 
for short time-scales.53

Liquid nitrogen quenching reduces the sample 
temperature to −196 °C and allows rapid, repeated sampling 
over short periods of time, however, it is not possible 
to separate intracellular and extracellular metabolites.53 
Inactivation of metabolism with perchloric acid is a 
procedure that allows inactivation of metabolism in fraction 
of seconds and analysis of nucleotides and amides, however, 
not all metabolites are stable at low pH and in the separation 
between extra- and intracellular compounds.53 Also, the  
acid/alkali method is efficient for extraction of amines, 
amides present in the sample, but several metabolites are 
not stable in extreme pH and oxidative/reductive media.53 
Sample collection and tempering are sample pre-processing 
steps.

Most metabolites require an extraction step for further 
analysis. Therefore, an ideal extraction protocol must 
extract the largest possible number of metabolites and not 
be destructive or modify the molecules by chemical or 
physical means in simple or complex samples.69 Due to 
the high diversity of physical and chemical characteristics 
(e.g., polarity, charged state, and acidity or basicity) of 
metabolites in biological samples, the solute-solvent 
interactions, dissociation of the solute, the matrix effect, 
molecular weight, and solvent solubility must all be 
considered when choosing the extraction solvent.53,70,71 
In addition, the composition and polarity of the solvent, 
as well as the temperature and the period of extraction 
should be optimized because of the differences in chemical 
behavior, structure, and concentration of metabolites.67 
Liquid‑liquid extraction is the most commonly used 
method.72 Metabolites are separated based on their 
differential solubilities in immiscible solvents, thus 
leading to partitioning. The choice of solvent depends on 
the polarity of the metabolites. Polar metabolites, such 
as amino acids, sugars, sugar phosphates, nucleotides, 
and polyamines, can be extracted with polar solvents.72 
The most commonly used polar solvents are water (H2O), 
methanol (CH4O), ethanol (C2H6O), acetonitrile (C2H3N), 
isopropanol  (C3H8O), and acetone  (C3H6O).72 Nonpolar 
metabolites, such as lipids, fatty acids, ceramides, hormones, 
and cholesterol, can be extracted in chloroform (CHCl3), 
methyl tert-butyl ether (MTBE, C5H12O), hexane (C6H14), 
and dichloromethane (CH2Cl2).72

Biphasic liquid-liquid extraction is the most widely used 

approach for partitioning polar and nonpolar metabolites 
in metabolomics workflows. It is obtained by combining a 
polar aqueous phase with a nonpolar organic solvent, such 
as methanol and chloroform (MeOH/CHCl3), methanol, 
chloroform, and water (MeOH/CHCl3/H2O), acetone and 
water (CH5COCH2/H2O), methanol, isopropanol, and water 
(MeOH/IPA/H2O).72 Adjustments to the MeOH:CHCl3 ratio 
(e.g., 1:1, 2:1, or 3:1) allow modulating the partitioning 
between lipids and polar metabolites; for highly polar 
compositions, pure methanol or strongly methanolic ratios 
(e.g., 9:1 MeOH:CHCl3) are used.72,73

Manipulating the pH of the aqueous phase represents 
a powerful strategy for enriching or displacing specific 
classes of metabolites through acid-base mismatch, 
although extraction is typically performed at neutral pH.72

The choice of the best extraction method should be 
guided by the physicochemical diversity of the analytes 
and the metabolomic strategy (targeted or untargeted), as 
well as empirical validation of recovery and reproducibility.

3.2. Analytical techniques

Sophisticated analytical resources are required to detect 
all the extracted metabolites, which vary considerably in 
concentration as well as in their physical and chemical 
properties.50 The choice of the analytical technology 
depends on the objectives of the study and is a compromise 
between the sensitivity, selectivity, and speed of the 
analysis.70

Mass spectrometry (MS) is one of the fundamental 
techniques for analyzing a wide range of compounds, from 
small to high molecules, such as proteins.74 MS offers high 
sensitivity, resolution, and robustness. It provides chemical 
information related to the structure of the chemical 
compound, such as mass, isotopic distribution pattern, and 
ionic fragmentation for structural elucidation based on the 
molecular mass/charge ratio of the ion (m/z).70

MS methods are based on analysis of the biological 
samples by direct injection/infusion or after a 
chromatographic separation, such as GC-MS (gas 
chromatography-mass spectrometry), and LC-MS (liquid 
chromatography-mass spectrometry). In direct infusion 
mass spectrometry (DIMS), the sample moves directly 
into the source of the mass spectrometer without previous 
separation,75 and samples are injected directly into the 
syringe pump MS.76 DIMS allows acquisition of the MS 
in a few minutes, demonstrating analytical repeatability, 
as well as comparable classification and prediction 
capabilities.76,77 In addition, in the DIMS approach there 
is a greater possibility of ion suppression, differentiation 
of isobars and mass spectra complexity.
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The combination of chromatography with MS is used 
for the precise quantification of chromatographic peaks, 
the separation of isobaric and/or isomeric compounds and 
the remarkable reduction of so-called matrix effects.77 
However, the analysis time increases significantly, when 
compared to analyses performed in DIMS. Biological 
samples are complex; therefore, the coupling of separation 
techniques is needed to reduce analytical interferences, such 
as ion suppression, overlapping peaks and matrix effects.78 
Ion suppression occurs when more easily ionizable species 
mask the presence of less ionizable ones.78 Ion suppression 
has deleterious effects on both electrospray ionization (ESI) 
and atmospheric pressure chemical ionization (APCI), 
further impacting ESI.79 The matrix effects, on the other 
hand, are caused by co-elution of matrix components on 
the ionization of the target analyte.80 This effect changes 
the ionization of target analytes and the chromatographic 
response, leading to a reduction or increase in the sensitivity 
of the analysis.80 The high concentration of interfering 
compounds reduces the ability of the analyte to reach the 
gas phase due to the high viscosity and surface tension of 
the droplets produced at the ESI interface.80 In addition, 
interfering substances can neutralize analyte ions or affect 
the stability of the produced ions.81

The number of metabolites that can be annotated and 
the group of metabolites (polar, lipids, organic acid, etc.) 
vary according to the chromatographic technique used.62 
The most commonly used experimental methods are 
GC‑MS and LC-MS.78,82 GC-MS-based metabolomics 
is ideal for identifying and quantitating small-molecule 
metabolites  (<  650 Da), including volatile organic 
compounds, lipids, derived primary metabolites and 
molecules small acids, alcohols, hydroxyl acids, amino 
acids, sugars, fatty acids, sterols, catecholamines, drugs, 
and toxins.83,84

As most primary metabolites have higher boiling points 
(e.g., lactate, pyruvate, malic acid, glucose, palmitate, 
or similar metabolites), a GC-MS analysis requires a 
sample derivatization step to create volatile compounds. 
Derivatization improves volatility, thermal stability, 
detector sensitivity and response, and degradation of 
molecules at high temperatures.62 GC-MS can separate 
and quantify volatile metabolites, including organic 
residues, most amino acids, sugars, sugar alcohols, aromatic 
amines and fatty acids.83 On the other hand, polar and 
non-polar compounds, non-volatile metabolites and large 
or thermolabile compounds are usually analyzed using 
LC-MS.62,83

LC-MS methods have high resolving power, sensitivity, 
and specificity and provide a reproducible analysis of a wide 
range of metabolite classes.85 The sample preparation is 

simple and well established by the literature,86 and it applies 
to complex mixtures, polar and non-polar compounds. 
No derivatization of the sample is required. On the other 
hand, the matrix effects and formation of multiple adducts 
can increase the difficulty of the interpretation. Moreover, 
information on fragmentation is required for a more 
comprehensive understanding of the investigated structures 
of the compound.82

The development of ultra-performance liquid 
chromatography coupled to mass spectrometry (UPLC-MS) 
provided better chromatographic resolution, sensitivity, 
and shorter acquisition time.87 The efficiency and speed 
of UPLC separation are due to smaller particles (below 
2  μm) and higher pressure (12,000 to 15,000 psi).88 
Reverse-phase chromatography is used to separate nonpolar 
or mildly polar molecules.89 Hydrophilic interaction 
chromatography  (HILIC) is the choice for strong polar 
metabolites.90 A concise review of separation techniques 
for MS-based metabolomics can be assessed at the works 
of Allen and McWhinney91 and Ovbude et al.92

In MS, samples are ionized, separated according to the 
m/z of the compounds. In addition, mass spectrometers can 
also fragment them to elucidate their chemical structure 
more accurately (tandem mass spectrometry).93 Tandem 
mass spectrometry (MS/MS) is composed of several 
processes: (i) ionization of sample molecules, (ii) mass 
selection of parent ions, (iii) fragmentation (iv) detection 
of daughter ions.94

Most tandem mass spectrometry applications have been 
performed with triple quadrupole, ion trap quadrupole 
mass spectrometers (ITMS) and quadrupole time-of-
flight (Q-TOF).

Once the sample is separated by chromatography, it 
passes through a quadrupole that separates and breaks 
down selected ions (precursor ions).95 In addition, they 
use low collision energy to obtain structural molecular 
ion information.60 After fragmentation of the precursor 
ion (MS2), the mass spectra are produced.95 In this step, it 
uses high collision energy to obtain fragment ions.62

In triple quadrupole mass spectrometers, a continuous 
beam of ions passes through the instrument. The 
mass selection and fragmentation by collision induced 
dissociation (CID) of the precursor ions occur in different 
regions of the instrument (Q1 and Q2, respectively). The 
mass analysis of the product ions occurs by the second 
mass analyzer (Q3).96 The quadrupoles Q1 and Q2 are 
independent of time and quadrupole Q3 is the only time-
dependent function.96 In ITMS, being tandem-in-time, 
pulses of precursor ions are generated and the precursor 
ions are selected. Through time-series or scan functions, 
CID and product ion mass analysis can be obtained.94
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Q-TOF-MS has a quadrupole coupled to a time-of-
flight mass analyzer. After leaving the quadrupole, all ions 
acquired with the same kinetic energy are reaccelerated 
and enter the flight tube.91 The lighter ions, as they arrive 
at the detector first, they will have a shorter flight time 
than the heavier ions.91 The dispersion of kinetic energy 
and the spatial propagation of ions that have the same 
m/z can be corrected by reflectron device.96 Two types of 
acquisition can be acquired in Q-TOF. The first mode (MS) 
provides an accurate mass scan of the fragmented precursor 
ion. The second mode (MS/MS) provides simultaneous 
fragmentation of precursor and product ions.96

Additionally, there are some other interesting 
techniques which can be applied in metabolomics 
workflows, e.g., mass spectrometry imaging (MSI, 
also called IMS: imaging mass spectrometry). MSI is 
a powerful tool that investigates the spatial distribution 
of molecules, without labeling, using MALDI (matrix-
assisted laser desorption/ionization), DESI (desorption 
electrospray ionization), or SIMS (secondary ion mass 
spectrometry) methods for ionization of molecules.97,98 
MSI is able to visualize compounds that are secreted, which 
can be helpful in the elucidation of the action mode of one 
compound and their relationship with the biological mode. 
This technique provides complementary information 
about localization and distribution of molecules, which 
can be important to integrate OMICs tools.99 Although 
this tool is interesting for better visualization of data that 
require spatial distribution information, some challenges 
of MSI need to be implemented for greater use. Among 
the challenges of MSI are sample preparation and 
identification of compounds.98

3.3. Data analysis

Both untargeted and targeted metabolomics generate 
large datasets with distinct characteristics. The untargeted 
approach seeks to detect all measurable metabolites. The 
targeted approach is limited to a predefined set, with data 
volume depending on the number of metabolites analyzed 
and the degree of replication. The manual data analysis 
could easily lead to errors, so pattern recognition requires 
statistical treatment. After the samples are analyzed, the raw 
data needs to be processed and summarized in a data matrix.

There is a dichotomy between results simplification 
for the final user appreciation and deep data exploration 
to avoid missing critical information in data analysis. 
Chemometrics can organize and build visual patterns 
for an easier understanding of a large multivariate data 
analysis from complex data sets through clustering or 
group segregation.52

Data handling and preprocessing are the pillars 
for robust and reliable metabolomics data before the 
proper analysis, providing accessible information about 
retention time, m/z values, and ion intensities extracted 
from the original data obtained from the instruments. 
Preprocessing is based on spectrum normalization 
and scaling, spectra clustering, precursor charge 
determination, spectrum denoising, and spectrum quality 
assessment. There are many open-source programs that 
offer data handling and preprocessing, which varies in 
terms of programming knowledge. XCMS, for example, 
can be used as an R software package demanding a 
moderate programming level or can be used in its website 
interface  (XCMSOnline),100 requiring no programming 
knowledge for data preprocessing.101

Principal component analysis (PCA) is the most used 
non-supervised chemometric method, where groups are 
segregated based only on their inherent differences. The 
PCA results in a two or three components graphic model 
with little lost information, and the projection of the 
variables responsible for the group segregation is evaluated 
as potential biomarkers.102 Other non-supervised methods 
such as hierarchical clustering, heatmap, and network 
analysis can be successfully applied to metabolomics 
studies.

In the supervised field, partial least square discriminant 
analysis (PLS-DA) is usually the best choice. A classification 
model is built based on previously labeled samples, 
optimizing the group segregation by the rotation of the 
component in search of the maximum separation.103 
PLS-DA uses a PLS regression and indicates the most 
important variables through a VIP (variable importance 
in projection) value that can be evaluated as compounds 
of interest. Since it is a classification model, it requires 
a model validation that can be achieved through a cross, 
internal or external validation. PLS components are built 
by finding a proper compromise between two purposes: 
describing the explanatory variables and predicting the 
response ones. A PLS-based classification should benefit 
from such a property in the direction of building typologies 
with an intrinsic prediction power.

Looking towards the “multi-omics age”, the metabolic 
pathway activity and analysis are potent tools used after 
the data processing and must be addressed. Data processing 
techniques, such as the mummichog algorithm, which is 
based on over-representation analysis (ORA), predicts the 
enriched pathway activity, comparing the significant peaks 
based on statistical importance and mapping metabolites 
in their respective biological pathway.104

Same as in preprocessing, many software and website-
based programs are used in multivariate statistical analysis, 
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each one with particular features and applications. 
Metaboanalyst 6105 fits the description as an R-based 
friendly interface for metabolomics data analysis.106 Data 
matrices can be imported, and prior to the multivariate 
analysis, variables are submitted to normalization and 
scaling. In a few steps, general statistics, biomarker 
analysis, two-factor/time-series analysis, and power 
analysis are achieved through PCA, PLS-DA, oPLS-DA 
(orthogonal partial least squares discriminant analysis), 
heatmaps, k-means clustering, random forest, and support 
vector machine, the most used methods for metabolomics 
analysis. The PLS-DA model is widely used because it 
is suitable as a variable selector and classifier when the 
underlying model is known or plausibly estimable. In the 
absence of this information, it is recommended to rely 
strictly on the cross-validation error and exercise extreme 
caution when interpreting or extrapolating results.82,107,108

In summary, data preprocessing and processing methods 
must be wisely chosen for a correct data interpretation 
that can lead to the biological understanding of the 
study. Preprocessing must eliminate or at least diminish 
the technical and analytical errors derived from sample 
preparation and equipment drifts using data normalization 
and scaling. Moreover, the processing is usually based on 
the interpretation demand, whether group segregation, 
cluster visualization, or model classification.

3.4. Metabolite annotation

Compound elucidation is an essential step in 
metabolomics since it leads to a biological meaning 
through metabolic pathway visualization. The chemical 
and physical diversity of metabolites makes it difficult to 
identify them based on MS data. Information about the 
differentially expressed compounds can be extracted on 
loadings graphs (PCA), VIP scores (PLS-DA), and based on 
ROC (receiver operating characteristic) curves or heatmaps 
in the multivariate analysis. Identifying interest compounds 
is considered a bottleneck in untargeted metabolomics due 
to the great amount of known and elucidated metabolites 
(200,000+). Metabolic elucidation is usually performed 
through exact mass and isotope patterns (on high-resolution 
equipment), fragmentation patterns, metabolic databases, 
and literature comparison. Those techniques are not 
mutually excluded and can be used together for a more 
accurate metabolic elucidation.

At untargeted analyses, it is important to know the 
retention time and mass of metabolites of interest. Exact 
mass identification follows a logic where the molecular 
formula is generated and compared to metabolic databases 
based on the isotope pattern and the detected mass. The 

high-resolution power of state-of-art equipment usually 
generates a list of molecular formulas and their respective 
metabolites. Therefore, it must be carefully analyzed to 
prevent erroneous interpretation.

Fragmentation patterns uses m/z and intensity values 
of fragment ions, retention time, neutral loss, and possible 
known rearrangements to elucidate metabolites, comparing 
the raw information with validated databases, such as 
Metlin,109 MassBank,110 and Metfrag.111 First, the m/z value 
of a molecular ion of interest is searched in a database. 
Then, the MS/MS spectra and retention times of the 
authentic compounds are compared with the molecules of 
interest in the sample and the identities of the molecules 
can be confirmed.62

Metfrag111 compares measured peaks with known 
fragments in candidate databases Kyoto Encyclopedia 
of Genes and Genomes (KEGG),112 PubChem,113 
ChemSpider114 to find metabolic matches. The results 
are ranked based on the fragment mass error and the 
number of explained peaks, with information about 
the fragment structures and a link to the database for 
a complete biological interpretation. Candidates are 
fragmented using a binding dissociation approach and 
these fragments are compared to the product ions in the 
measured mass spectrum to determine which candidates 
best explain the measured data.99 The relationship between 
m/z, intensity and bond dissociation energy (BDE) of the 
combined peaks gives the candidate score, while a limited 
number of neutral loss rules (5 in total) are responsible 
for rearrangements.111,115

Metfrag is a software that uses in silico fragmentation 
approach. This method is used for annotation of unknown 
molecules, where there is no reference spectrum for 
database matching.104,106 In silico fragmentation software 
compares the experimental spectra with a selection of 
fragments generated in silico and stored in molecular 
structure databases.116,117

Feature-based molecular networking (FBMN) is 
another promising strategy for metabolite annotation 
and discovery in untargeted liquid chromatography-
tandem mass spectrometry (LC-MS/MS) data. In FBMN 
analysis, LC-MS/MS spectra datasets are initially 
preprocessed with feature detection and alignment tools, 
such as MZMINE118,119 or XCMS.120,121 The obtained 
consensus spectra can be, for example, extracted and 
uploaded to the Global Natural Products Social Molecular 
Network (GNPS)122 web‑platform for network assemblage 
and metabolite annotation by searching against the 
public GNPS crowdsourced MS/MS spectral libraries.123 
Results are usually visualized with Cytoscape124 or 
MATLAB125 software. Based on MS/MS fragmentation 
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pattern similarities, the detected features are organized 
in a molecular network, in which structurally related 
compounds are clustered together. Each node of the 
network represents a molecular feature, whereas the edges 
(connections) represent the degree of MS/MS fragment 
similarity between the features, calculated by “cosine 
scores”.

Molecular networking allows not only to identify 
previously known compounds in a sample by comparing 
with databases (i.e., dereplication) but also to discover 
novel structural analogs that are clustered with known 
compounds. FBMN has been increasingly applied for data 
visualization and annotation of untargeted metabolomics 
data. Cumulative data input into the GNPS database is 
expected to increase the elucidation of the novel microbial 
metabolite by this approach.126 Since the molecular network 
uses MS2 data and only qualitative information about the 
experiment is provided, some limitations such as low 
signal-to-noise ratio, insufficient analyte separation, and 
isomer separation may be crucial. In this sense, annotations 
of unknown molecules can be confirmed with an authentic 
chemical standard or by using a complementary technique, 
as nuclear magnetic resonance (NMR).127

New bio/chemoinformatic tools that connect genomic 
and metabolomic data are also promising technologies that 
can expedite new microbial compounds. The Genomes-
to-Natural Products (GNP) platform,128 for example, 
uses a genome-guided approach to predict the chemical 
structure of hypothetical secondary metabolites. The 
predicted compounds are then fragmented in silico and 
matched with real LC-MS/MS chromatograms of crude 
microbial extracts, enabling their identification.129 The 
inverse is also possible with tools such as the generalized 
retro-biosynthetic assembly prediction engine (GRAPE). 
The gene clusters responsible for synthesizing known 
polyketides and non-ribosomal peptides with yet unknown 
biosynthetic origin can be predicted based on the detailed 
chemical structure of these compounds.130 However, 
these two platforms are limited to bacterial data, and 
their expansion to include fungal genomes is expected to 
drive the discovery of new fungal metabolites and their 
corresponding biosynthetic pathways.

4. Investigation of Metabolism of PGPY Using 
Mass Spectrometry-Based Metabolomics

The use of beneficial microorganisms as bioinputs 
is an effective tool for controlling plant diseases in 
agriculture, making crop management practices safer.131,132 
Multiple biological controls are available, however, a 
better understanding of the interaction between plants, 

environmental and pathogens is needed to define the 
best bioproduct to face each plant pathogen. In this way, 
metabolomic studies can be useful for comprehending 
metabolic changes of infected plants, helping to define 
a better strategy. Furthermore, metabolomic techniques 
can provide evidence about disease resistance metabolites 
through the study of the affected metabolic pathways.133

Plant metabolic changes induced by infection 
of fi lamentous fungi can be seen through the 
reduction (suppression or downregulation), or even an 
increase (upregulation) of some concentration of the 
metabolite. Unveiling changes in plant metabolism 
in response to the plant-pathogen interactions by 
omics integration can be very helpful. An example 
is observed in experiments involving soybean types 
(resistance and susceptible) against Phytophthora sojae 
infection. In this case, transcriptomic  (RNA-seq) and 
metabolomics (GC‑MS) analysis suggested that many 
sugars (melezitose, levoglucosan, erythrose, trehalose, 
isomaltose, and 1-kestose), amino acids (tyramine, 
saccharopine, N-formyl-L-methionine, N‑α‑acetyl-
L‑ornithine, phenylacetaldehyde indole-3-acetamide, 
4-hydroxybenzoic acid, trans‑4‑hydroxy-L-proline, treo-
beta hydroxy aspartate and S-carboxymethylcysteine), and 
secondary metabolites (mannitol, octanal, hypoxanthine 
and daidzein) play a defensive role against the pathogen.133 
Through identification of up and down regulated 
compounds it is still possible to identify the affected 
metabolic pathway, which in this case were related to 
primary metabolites (sugars, organics acids, and amino 
acids), and also secondary ones.133

Primary and secondary metabolic pathways are usually 
affected by filamentous fungi infections. The metabolic 
response of maize genotypes (Zea mays L.) infected 
with Peronosclerospora sorghi showed that the pathogen 
substantially alters the metabolic profile of the plant, 
including significant changes in pathways of some sugars, 
amino acids and phenylpropanoids.134

Another example can be seen in Zingiber zerumbet 
rhizomes after Pythium myriotylum infection. In this 
case, the pathogen altered the relative amount of the 
sesquiterpenoid zerumbone (ZER) and its precursor 
α-caryophyllene (humulene) in the plant.135,136 ZER, the 
monocyclic sesquiterpene compound, has been shown to 
have antiproliferative activity, anticancer, antinociceptive, 
antioxidant and anti-inflammatory, promoting apoptosis 
of tumor cells.130

Furthermore, the omics studies can be focused on 
the study of enzymes and metabolites responsible for 
pathogenicity. For example, the hydroxycinnamic acid 
amide metabolites are known to be involved in abiotic and 
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biotic stress tolerance and can give resistance to disease in 
cocoa (Theobroma cacao L., chocolate tree).137

The untargeted metabolomics was used to point 
out contrasting levels of susceptibility of T. cacao 
to Phytophthora spp., using LC-MS/MS.137 Other 
proteomics and metabolomics (LC-MS) studies showed 
that P. cinnamoni pathogenicity access the plant stem after 
reprogramming of the plant proteome and accumulation of 
the stress-related hormones SA and JA.138 This alteration 
in phytohormones as a pathogenicity mechanism was also 
annotation by targeted and untargeted metabolomics in 
Phytophthora capsica.139

In addition to using metabolomics to assess changes 
in metabolites levels in plants, they can also be used 
for developing alternatives against phytopathogens. 
Therefore, following the metabolomics studies, strains can 
be applied as bioinputs in plants infected by filamentous 
pathogens. Whether for the understanding of altered 
metabolites, pathogenicity, or the pathogen control way 
during plant-pathogen interaction, metabolomic studies 
stand out due to the extensive information they can provide 
(Figure 4).

In vitro analysis and in vivo assays performed for 

tomato, grape and apple fruits allowed the annotation 
of 35  metabolites secreted by strains of the yeast 
Metschnikowia pulcherrima, of which three compounds, 
namely acid 3-amino-5-methylhexanoic acid, biphenyl-
2,3-diol and sinapaldehyde, were efficient in inhibiting 
Botrytis cinerea infection, the last one being the most 
active compound (reducing up to 90-100% of B. cinerea 
infection on tomatoes and apples).35 Furthermore, 
the first two metabolites protected tomatoes against 
Alternaria alternata infection. Other metabolites secreted 
by the yeast M. pulcherrima have been identified with 
possible biotechnological applications, such as piperidine 
and protoemetine (alkaloids), p-coumaroyl quinic 
acid (phenylpropanoid), β-rhodomycin (antibiotic), 
hexadecanedioic acid (long-chain fatty acid) or taurocholic 
acid (bile acid).139 Both identifications were made by 
UPLC-MS/MS.

Non-rhizobial endophytic yeasts, Candida glabrata and 
Candida tropicalis, when interacting with Rhizobium, were 
associated with the promotion of plant growth, producing 
IAA, ACC deaminase, siderophore, NH3 and polyamine, 
nodulation and symbiosis in urdbean (Vigna mungo L.).140 
The yeasts were isolated from urdbean root nodules and 

Figure 4. Possibilities of metabolomics approaches in research involving bioinputs based on plant growth promoting yeasts. Bioinputs based on yeast, such 
as Debaryomyces hansenii and Saccharomyces cerevisiae, can be directly employed as through the direct application of spores, mycelia, or cell suspensions 
to the soil, seeds, or leaves. Alternatively, bioactive metabolites, e.g., phytohormones and polysaccharides, can be extracted and then applied to the plant 
or soil in a process that does not rely on the direct interaction between live organisms and the plant. When microorganisms are employed as bioinputs, the 
metabolomics approach can be explored, for example, to investigate the plant-microbe chemical communication and the metabolic responses each organism 
exerts on its symbiont partner. In the scenario where metabolites (and not living microorganisms), metabolomics can be applied to unravel the main plant 
metabolic responses exerted by the microbial metabolites, as well as to identify bioactive metabolites in a complex microbial extract that are responsible 
for biocontrol activity or to investigate the biosynthetic pathways involved in the production of such bioactive metabolite.
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their soluble and volatile metabolites involved during 
interactions were traced. The volatile profile was obtained 
by using a GC-MS platform customized with thermal 
desorber (TD). A total of 45 volatile organic compounds 
were annotated, including sulfonyls, organic trisulfides, fatty 
acyls, organic disulfides, alkanes, organooxygenic acids, 
phenols, benzene derivatives, diazinans, carboxylic acids 
and derivatives, dialkyl sulfides, alkanes, methoxybenzenes 
and benzophenones.140

Besides metabolomics may be useful for the study of 
plant-pathogen interactions, it is important to understand 
how this study should be done and how each step should 
be conducted to obtain a result consistent with the research 
objective.141 The next section will deeply guide through all 
the steps in order to perform a mass spectrometry-based 
metabolomics analysis.

5. Challenges and Possible Advances of Plant 
Growth-Promoting Yeasts

The use of PGPY has been an area of great interest, as 
they are able to increase agricultural productivity directly 
and indirectly, contributing to soil bioremediation and the 
knowledge of these processes can lead to environmentally 
correct agricultural practices. The intrinsic characteristics 
of PGPY make them promising candidates in agricultural 
practices, promoting plant growth, providing protection 
against pathogens, reducing biotic and abiotic stress and 
favoring plant nutrition.

There is a huge discrepancy between the multitude of 
“biocontrol yeasts” described in scientific publications and 
the few yeast-based bioinputs that are commercialized. 
Commercial yeast-based biofertilizers include formulations 
containing bacteria and yeasts such as C. tropicalis and 
S. cerevisiae. Commercial biofungicides include products 
based on Bacillus subtilis strains, M. pulcherrima, 
Monilinia fructicola, Candida oleophila, A. pullulans, 
Candida sake, and C. albidus. For our knowledge, there 
is no yeast-based insecticide and herbicide commercially 
available.

The development of yeast-based bioinputs and bioinputs 
depends on several factors related to science, industry and 
legislation, and all of them must be together. Thus, exploring 
the bioinputs potential is a promising technique, although 
there is a need to investigate in detail the mechanisms of 
action by which PGPY achieves benefits in plants, the 
metabolic pathways and genes involved in the underlying 
mechanisms and plant/pathogen interactions. In addition, 
the search for new PGPY in varied ecosystems such as 
marine environments, soils and rhizosphere/phyllosphere 
of plants is essential.

Studies in induced resistance and chemical 
communication of roots with soil microorganisms 
can be done using advanced techniques, such as mass 
spectrometry-based metabolomics. With the rapid 
development of analytical techniques, significant advances 
in metabolomics research have been made to determine 
the interactions between phytopathogenic fungi and their 
hosts, fungal infection mechanisms and plant defense 
mechanisms. Such information can be useful for crop 
improvement, finding new resistant genes and targets for 
the development of fungicides. But there are still major 
challenges for metabolomics research in yeast.

A major  chal lenge in metabolomics is  the 
standardization of metabolomics workflows applied 
to bioinputs based on plant growth promoting yeasts 
(sample preparation, analytical techniques, data analysis, 
metabolite annotation, metabolite quenching and 
extraction). This standardization allows the construction 
of an integrative, efficient and reproducible workflow. 
The complexity of biological samples requires attention 
to analytical techniques regarding sensitivity, dynamic 
range, resolution and yields. Sample preparation is a 
crucial step. The success of this step guarantees a better 
metabolic impression of the sample. The analytical 
methodology must be carefully selected. Furthermore, 
the annotation of metabolites obtained represents a 
major bottleneck in metabolic analysis. Thousands of 
metabolites can be annotated in a mass spectrum and 
false metabolite annotations can occur due to isotopes 
and adducts. Furthermore, for a more comprehensive 
understanding of the structure of the compound, MS/MS  
information is essential. The information contained in 
this review will greatly support the standardization of 
metabolomics workflows.

Recently, the integration of multi-omics, such as 
genomic, transcriptomic, proteomic, and metabolomic 
data, allows us to identify new metabolites, metabolic 
pathways and investigate plant-pathogen interactions. The 
discovery of relevant biomarkers can be done through the 
combination of gene expression and regulation and protein 
synthesis and expression, contributing to biological 
research and agricultural applications, in addition to 
studies for future genetic modifications that favor the 
formation of VOCs.

In addition, it requires extensive research for industrial-
scale development as a future perspective and its application 
in the field. It is necessary to improve the regulatory 
process around the production and commercialization 
of yeast-based products and their registration and testing 
must be done to make it more reliable. Studies must be 
done on concentration of yeast extracts, formulation 
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and applied dose. It is very important to identify that 
yeast-based bioinputs are safe to use and there is no risk 
associated with them, i.e., they are not human pathogens. 
In addition, quality and biosafety criteria for bioinputs, 
incentives and investments in research and innovation in 
plants highly responsive to bioinputs and the availability of 
new technologies covering new cultures, microorganisms, 
molecules and products must be established.
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