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Abstract: Biotic stress, which includes infection by pathogenic fungi, causes losses of wheat yield in
terms of quantity and quality. Ear Fusarium is caused by strains of F. graminearum and F. culmorum,
which can produce mycotoxins—deoxynivalenol (DON) and nivalenol (NIV). One of the wheat’s
defense mechanisms against stressors is the activation of biosynthesis pathways of antioxidant
compounds, including ferulic acid. The aim of the study was to conduct pilot studies on the basis of
which neural models were created that would examine the impact of the variety and weather conditions
on the concentration of ferulic acid, and link its content with the concentration of deoxynivalenol
and nivalenol. The plant material was 23 winter wheat genotypes with different Fusarium resistance.
The field experiment was conducted in 2011–2013 in Poland in three experimental combinations,
namely: with full chemical protection; without chemical protection, but infested with natural disease
(control); and in the absence of fungicidal protection, with artificial inoculation by genus Fusarium
fungi. As a result of the pilot studies, three neural models—FERUANN analytical models (ferulic acid
content), DONANN (deoxynivalenol content) and NIVANN (nivalenol content)—were produced.
Each model was based on 14 independent features, 12 of which were in the form of quantitative data,
and the other two were presented as qualitative data. The structure of the created models was based
on an artificial neural network (ANN) of the multilayer perceptron (MLP) with two hidden layers.
The sensitivity analysis of the neural network showed the two most important features determining
the concentration of ferulic acid, deoxynivalenol, and nivalenol in winter wheat seeds. These are the
experiment variant (VAR) and winter wheat variety (VOW).

Keywords: winter wheat; grain; artificial neural network; ferulic acid; deoxynivalenol; nivalenol;
MLP network; sensitivity analysis; precision agriculture; machine learning

1. Introduction

During the growing season, wheat is exposed to numerous biotic and abiotic stresses. The factors
causing abiotic stress are intense solar radiation, low or high temperature, excess or shortage of water,
strong winds, etc. Biotic stress includes pests or diseases [1,2]. The plant’s response to stress depends
on many factors, including the applied variety, age, and developmental stage of plant. Numerous
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developmental, morphological, and physiological adaptations enable the passive avoidance of stress.
The active interaction of the plant and stressor cause defense responses that prevent or tolerate changes.

One of the most important biogenic stressors is the infestation of crops by pathogenic fungi.
This results in crop losses, the level of which depends on the variety, meteorological conditions,
and cultivation technology. Potential losses can be minimized using appropriate agrotechnical
measures and fungicide protection [3]. The most effective method for limiting the effects of disease
infestation is the use of varieties containing resistance genes for individual diseases. In such cases,
during plant cultivation, the accumulation of various combinations of many genes are applied [4].

A completely different strategy should be adopted in the case of Fusarium, because of the
specificity of both the pathogen and the mechanism of pathogenesis. Resistance to Fusarium is a
quantitative trait, associated with the presence of many quantitative trait loci (QTL) [5–9]. Almost
every wheat chromosome has been identified with this type of QTL [10]. One of the most effective
R genes that fight Fusarium is Fhb1 from the Sumai 3 wheat variety. Unfortunately, this variety has
many unfavorable agronomic traits strongly linked to the Fhb1 gene. Growers are therefore looking
for other sources to fight this disease.

Pathogenic fungi cause not only quantitative, but also qualitative losses in the wheat yield as well as
a reduction in grain quality parameters (thousand grain weight, falling number, sedimentation number,
and total protein content) [11–16]. Quality losses are not only the result of the development of pathogen
mycelium, but also the effect of secondary metabolite production by fungi called mycotoxins. Fusarium
fungi, mainly F. culmorum and F. graminearum, produce deoxynivalenol (DON) and zearalenone, which
are highly toxic to humans and animals [17]. In 2005, the European Union introduced a standard
where the maximum allowable DON concentration was set at 1250 µg/kg of unprocessed wheat grain
(1.25 ppm (parts per million)).

In addition to genetic studies on wheat resistance to Fusarium, research has also been conducted
on the biochemical aspects of plant responses to a massive pathogen attack. Based on the literature
sources [18,19] and our own [20,21] research, it was found that antioxidative processes based on the
significantly increased biosynthesis of the low-molecular antioxidants of the plant have a significant
impact on pathogenesis, and constitute the first line of defense against pathogens. Based on the
concentration of the selected phenolic acids, including ferulic acid, it is possible to assess the degree of
disease risk at an early stage of pathogenesis [20,22]. Taking into account all of the current information
on the mechanism of wheat resistance to Fusarium [20,23,24], as well as the results of chemical analyzes
from three years of field experiments on wheat, it was decided to use modern methods of data
analysis to determine the relationship between the concentration of ferulic acid; the concentration of
deoxynivalenol and nivalenol (NIV), depending on weather conditions; and the infestation degree by
fungal diseases.

Recently, increasing interest in microbiological forecasting is being observed, which has been
mainly used for the examination of bacterial pathogens in the context of food. Modern computer
technologies are used in other interdisciplinary research areas. Many new methods, such as artificial
neural network (ANN), fuzzy logic, and genetic algorithms, which are part of artificial intelligence
methods, are being used for multidimensional data analysis. Recent years show that there has been
a significant increase in the use of nonlinear data modeling methods in agriculture. Particularly
important analysis results are observed when using artificial neural networks, the results of which are
often compared with classical statistical methods, e.g., multiple regression. As a result of the possibility
of learning and generalizing data, the use of ANN gives better results than statistical methods. Neural
modeling methods are used in classification, identification, and prediction, therefore, their potential is
significant for practical application in broadly understood agriculture [25–39].

One of the most interesting uses of ANN is crop yield prediction. Forecasting of winter rapeseed
and winter wheat yield has been applied in many works [40–45]. Because of the fact that plant yield is
affected by many factors, such as meteorological conditions, fertilization level, and soil cultivation
method, the use of modern data analysis techniques brings even more accurate results. In addition,



Agriculture 2020, 10, 127 3 of 12

because of the unique properties of data processing, ANN can simultaneously analyze empirical data
in a quantitative and qualitative form. Such data are not possible to achieve using classical statistical
methods, as they are usually limited only to the quantitative interpretation of the analyzed data.
Therefore, the purpose of the work is to conduct pilot studies on the basis of which neural models will
be produced that examine the impact of the variety and weather conditions on the concentration of
ferulic acid, and to link its content with the concentration of deoxynivalenol and nivalenol.

2. Materials and Methods

2.1. Site Location

The field experiment was conducted during the 2011–2013 growing seasons in Poland at the
Mikulice Breeding and Production Facility belonging to the Małopolska Plant Breeding Station
(50◦00′26.7′′ N 22◦26′25.2′′ E; Figure 1).
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The plant material was 23 winter wheat genotypes (Table S1) with different Fusarium wilt
resistance, as follows: 13 wheat lines obtained from Polish plant breeding companies; seven genotypes
from six European countries; and three from the Department of Genetics and Plant Breeding, the Poznań
University of Life Sciences [20]. The experiment had the following two factors: the first was the variant
of protection and the second was the wheat genotype. All of the wheat genotypes were sown onto
3 m2 plots in three replications in three different variants:

- full chemical crop protection (CH)—fungicides: Duet Ultra 497 SC (epoxyconazole, thiophanate
methyl) at a concentration of 0.6 l·ha−1, and Capalo 337.5 SE (fenpropimorph, epoxyconazole,
and metrafenone) at 2 l·ha−1;

- no chemical crop protection, natural infestation (K);
- no chemical crop protection, artificial inoculation with fungi from the genus Fusarium (I).

No fungicides were applied to the experimental plots of K and I.
The genotypes were sown on 29 September 2010, 27 September 2011, and 28 September 2012, and

harvested on 5 August 2011, 2 August 2012, and 7 August 2013.
The inoculum used in the inoculation was produced from three isolates obtained from

F. graminearum and three isolates obtained from F. culmorum.
After the appearance of first symptoms, the severity of the Fusarium wilt was assessed. The disease

index (DI) was calculated from the following formula [46,47]:

DI =
number of infected plants

total number of plants
× 100 (1)
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The average monthly temperatures and monthly precipitation, measured according to the (World
Meteorological Organization) WMO guidelines for the years 2011–2013, were obtained from a Vantage
Vue 6357 UE 9 meteorological station (Davis Instruments) located approximately 400 m from the
experimental field (Table S2).

After harvest, the plant height was measured and chemical analyzes were carried out (Table 1).

Table 1. Data structure in the neural models.

Symbol Unit of Measure Variable Name The Scope of Data

Quantitative data

P1-3 mm Sum of precipitation from 1 January to 31 March 90–102
T1-3

◦

C Average air temperature from 1 January to 31 March −1.6–−1.1
P4 mm Sum of precipitation from 1 April to 30 April 25–29
T4

◦

C Average air temperature from January 1 April to 30 April 9.9–10
P5 mm Sum of precipitation from 1 May to 31 May 4–70
T5

◦

C Average air temperature from 1 May to 31 May 15.6–16
P6 mm Sum of precipitation from 1 June to 31 June 102–103
T6

◦

C Average air temperature from 1 June to 31 June 18.3–18.7
P7 mm Sum of precipitation from 1 July to 31 July 33–58
T7

◦

C Average air temperature from 1 July to 31 July 19.5–21.4
WH cm Wheat height 67–122
DI % Disease index 0–95

Qualitative data

VAR word Experimental variant
Inoculation
Protection

Control

VOW word Variety of wheat

MUSZELKA
SMH 8489
KBP 08.17
ARKADIA
STH 9011

NAD 08104
STH 9035

AND 394/07
BAMBERKA

SMH 8540
KBP 08.8

SVPC 87185
CHD 7143/04

82/2011
TARKUS
91/2011

PRAAG 8
20816

83/2011
FREGATA

ERTUS
20818

UNG 136.6.1.1.

VAR: experiment variant; VOW: winter wheat variety. FERUANN analytical models (ferulic acid content), DONANN
(deoxynivalenol content) and NIVANN (nivalenol content).

2.2. Determination of Ferulic Acid

The ferulic acid in the samples was analyzed after alkaline and acidic hydrolysis [20]. Analysis
was performed using an Aquity H class (Ultra Performance Liquid Chromatography) UPLC
system equipped with a Waters Acquity PDA detector (Waters Corporation, Parsippany, NJ, USA).
Chromatographic separation was performed on an Acquity UPLC® BEH C18 column (100 mm ×
2.1 mm, particle size 1.7 µm; Waters CorporationWaters, Dublin, Ireland). The elution was done
with a gradient using the following mobile phase composition: (A) acetonitryl with 0.1% formic acid
and (B) 1% aqueous formic acid mixture (pH = 2). The concentrations of phenolic compounds were
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determined using an internal standard at wavelengths of λ = 320 nm and 280 nm. Compounds were
identified based on a comparison of the retention time of the analyzed peak with the retention time of
the standard, and by adding a specific amount of the standard to the analyzed samples. The detection
level was 1 µg/g. The retention time for ferulic acid was 17.50 min.

2.3. Determination of Trichothecenes

The grain samples were analyzed for the presence of trichothecenes, according to
Perkowski et al. [48]. The trichothecenes of group B (DON and NIV) were analyzed as TMS
(trimethylsilylsilyl ethers) derivatives. The analyses were run on a gas chromatograph (Hewlett
Packard GC 6890) hyphenated to a mass spectrometer (Hewlett Packard 5972 A, Waldbronn, Germany),
using an HP-5MS, 0.25 mm × 30 m capillary column. Quantitative analysis was performed in the
single ion monitored mode (SIM) using the following ions for the detection of DON, 103 and 512,
and NIV, 191. Qualitative analysis was performed in the SCAN mode (100–700 amu).

2.4. The Method of Constructing Neural Models

For the construction of three FERUANN analytical models (ferulic acid content), DONANN
(deoxynivalenol content), and NIVANN (nivalenol content), artificial neural networks were applied
using an Automatic Network Designer (AND) from Statistica v7.1 (StatSoft Inc., Tulsa, OK, USA).
Each model was the result of learning 10,000 networks, one of which was selected for further analysis.
For creation of the models, 138 data were used, and were divided into three sets, namely: learning,
validation, and test. The structure of sets was divided into appropriately 70%:15%:15%. (96:21:21 cases
for each set). Based on previous research [40–44], MLP (multilayer perceptron) topology networks with
two hidden layers were selected for the analysis. This type of network is mainly used for regression or
classification data analysis. Because of the use of AND, the assessment parameters for each neural
model were adopted based on the following indicators: standard deviation, mean error, error deviation,
mean absolute error, quotient deviations, and correlation. The best neural model was selected based
on the highest correlation value and the lowest mean absolute error value. After selecting one neural
model for each variant, a sensitivity analysis of the neural network was performed. This analysis
determines the value of each independent variable (network input) in the FERUANN, DONANN,
and NIVANN models produced. To determine the extent of the independent variable, the “error
quotient” indicator was used. This indicator describes the ratio of error to error obtained using all
of the independent features. This means that the greater the value, the greater the importance of the
feature. If the value of the error quotient was less than 1, a given variable could be removed from
the model to improve its quality. However, this is not mandatory. The indicator of the error ratio is
“rank”, which indicates the order of variables through a decreasing error value—rank 1 for a specific
independent variable is of greatest importance for the network.

3. Results

As a result of the analyzes, three independent neural models, FERUANN, DONANN,
and NIVANN, were created. Each model was based on 14 independent variables, 12 of which
were in the form of quantitative data, and the other 2 were presented as qualitative data (Table 1).
The structure of the generated models was based on the multi-layer perceptron (MLP) ANN type with
two hidden layers. The FERUANN model had nine neurons in the first hidden layer and six neurons in
the second hidden layer. Accordingly, the DONANN model had 13 and 7 neurons, and the NIVANN
model 13 and 4 neurons (Figure 2).



Agriculture 2020, 10, 127 6 of 12
Agriculture 2020, 10, x FOR PEER REVIEW 6 of 12 

 

 
Figure 2. General diagram of the network, divided into hidden and input layers, and one output. 
FERUANN: ferulic acid content; NIVANN: nivalenol content; DONANN: deoxynivalenol content; 

The best network fit for each model was selected from 10,000 networks, based on the best 
qualitative indicators. In the FERUANN model, the correlation coefficient was 0.9887, while in the 
DONANN model, the correlation coefficient was 0.9919. The last NIVANN model had a slightly 
lower correlation coefficient of 0.8106, however, it was still at an acceptable level (Table 2). 

Table 2. The quality and structure of the neural models produced. 

 FERUANN DONANN NIVANN 

Neural network structure 
MLP 

14:38-9-6-1:1 
MLP 

14:38-13-7-1:1 
MLP 

14:38-13-4-1:1 
Learning error 0.0210 0.0175 0.0244 

Validation error 0.0349 0.0308 0.0301 
Test error 0.0492 0.0356 0.2288 

Mean 1646.79 2.9708 0.0705 
Standard deviation 1034.54 4.2031 0.1146 

Average error 12.84 0.0541 --0.0076 
Deviation error 156.89 0.5336 0.0672 

Mean Absolute error 114.34 0.3705 0.0220 
Quotient deviations 0.1516 0.1269 0.5861 

Correlation 0.9887 0.9919 0.8106 
FERUANN: ferulic acid content; DONANN: deoxynivalenol content; NIVANN: nivalenol content; 
MLP: multilayer perceptron. 

In the next step, sensitivity analysis of the generated FERUANN, DONANN, and NIVANN 
neural models was performed (Table 3). As a result, the independent variables that had the greatest 
impact on the concentration of ferulic acid, deoxynivalenol, and nivalenol were identified. In the 
FERUANN model, the largest error quotient was achieved by experiment variant (VAR), which 
amounted to 7.0823. Another feature in this model was winter wheat variety (VOW), which reached 
a much lower level of just 3.1471. Other independent variables in this model have reached values 
slightly higher than 1, which indicates z low impact on the ferulic acid content, but they should be 

Figure 2. General diagram of the network, divided into hidden and input layers, and one output.
FERUANN: ferulic acid content; NIVANN: nivalenol content; DONANN: deoxynivalenol content.

The best network fit for each model was selected from 10,000 networks, based on the best
qualitative indicators. In the FERUANN model, the correlation coefficient was 0.9887, while in the
DONANN model, the correlation coefficient was 0.9919. The last NIVANN model had a slightly lower
correlation coefficient of 0.8106, however, it was still at an acceptable level (Table 2).

Table 2. The quality and structure of the neural models produced.

FERUANN DONANN NIVANN

Neural Network Structure MLP
14:38-9-6-1:1

MLP
14:38-13-7-1:1

MLP
14:38-13-4-1:1

Learning error 0.0210 0.0175 0.0244
Validation error 0.0349 0.0308 0.0301

Test error 0.0492 0.0356 0.2288
Mean 1646.79 2.9708 0.0705

Standard deviation 1034.54 4.2031 0.1146
Average error 12.84 0.0541 0.0076

Deviation error 156.89 0.5336 0.0672
Mean Absolute error 114.34 0.3705 0.0220
Quotient deviations 0.1516 0.1269 0.5861

Correlation 0.9887 0.9919 0.8106

FERUANN: ferulic acid content; DONANN: deoxynivalenol content; NIVANN: nivalenol content; MLP:
multilayer perceptron.

In the next step, sensitivity analysis of the generated FERUANN, DONANN, and NIVANN neural
models was performed (Table 3). As a result, the independent variables that had the greatest impact
on the concentration of ferulic acid, deoxynivalenol, and nivalenol were identified. In the FERUANN
model, the largest error quotient was achieved by experiment variant (VAR), which amounted to
7.0823. Another feature in this model was winter wheat variety (VOW), which reached a much lower
level of just 3.1471. Other independent variables in this model have reached values slightly higher
than 1, which indicates z low impact on the ferulic acid content, but they should be left in the model.
The situation is slightly different with the DONANN model. As before, the independent variables VAR
and WOV achieved the highest values 1.3778 and 1.1069, respectively, but the other five independent
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features (T1-3, P6, T7, WH, and DI) achieved an error quotient smaller than 1. In view of the above,
these features can be removed from the model, as their impact on the final result of the analysis is scant.
The NIVANN model pointed out the two most important independent qualitative variables—VOW
and VAR—whose error quotients were 1.6315 and 1.4793, respectively. Other independent variables,
as in the FERUANN model, have reached an error quotient above 1. This means that they should be
left in the model. All of the sensitivity analysis results of neural networks are presented in Table 3.

Table 3. Sensitivity analysis of neural networks.

Variable

Model

FERUANN DONANN NIVANN

Quotient Rank Quotient Rank Quotient Rank

P1-3 1.5973 4 1.0917 3 1.1436 7
T1-3 1.1977 9 0.9860 13 1.0629 11
P4 1.3120 7 1.0347 7 1.2597 4
T4 1.0780 11 1.0477 6 1.1246 8
P5 1.0027 14 1.0754 4 1.3281 3
T5 1.2976 8 1.0731 5 1.0381 12
P6 1.3718 5 0.9784 14 1.0977 9
T6 1.6332 3 1.0335 8 1.1894 6
P7 1.1242 10 1.0122 9 1.2163 5
T7 1.5276 5 0.9930 12 1.0853 10

WH 1.0355 12 0.9963 11 1.0025 14
DI 1.0163 13 0.9979 10 1.0292 13

VAR 7.0823 1 1.3778 1 1.4793 2
VOW 3.1471 2 1.1069 2 1.6315 1

FERUANN: ferulic acid content; DONANN: deoxynivalenol content; NIVANN: nivalenol content; WH: DI: VAR:
experiment variant; VOW: winter wheat variety.

4. Discussion

One may find many relationships in the literature between genotype resistance and the resulting
Fusarium wilt infestation, and the level of mycotoxin contamination [49]. Most often, ear Fusarium
wilt is caused by F. graminearum and F. culmorum, which can produce mycotoxins from the group
of trichothecenes, including DON and NIV. The production of toxins by individual strains of fungi
depends on many factors, which include, first of all, the pathogen–plant interaction or the prevailing
climatic conditions. The degree of ear infestation observed in the field is the result of the resistance of
types I and II of the genotype. Type I is the resistance of the plant to the infection itself, and type II is
resistance against spreading the pathogen in the ear [50].

Miedaner et al. [49] observed a significant effect of genotypic variability on DON accumulation
in wheat. The most resistant varieties significantly affected DON production in the Mesterházy [51]
experiment. In the most resistant varieties, a very low toxin contamination of grain was
observed, despite the high toxin production by pathogenic fungi. Similarly, in the experiments
by Miedaner et al. [49] and Paul et al. [3], the most resistant varieties accumulated less DON. In our
own research, 23 wheat genotypes were used. The lines obtained from Polish breeding companies,
according to the breeders, were characterized by varied resistance to Fusarium and other fungal
diseases. Three winter wheat lines brought from the Department of Genetics and Plant Breeding
of the Poznań University of Life Sciences were characterized by a high resistance to both mildew
and Fusarium. These lines come from crossing English and French half-dwarf forms with leading
Polish varieties. The remaining seven genotypes were varieties and lines from six European countries
(Germany, the Czech Republic, Austria, the Netherlands, Hungary, and Sweden), which were used as
sources of resistance to Fusarium. The current independent observations indicate a significant role of
the variety in shaping the quantitative profile of the analyzed toxins. In the built neural models of
DONANN and NIVANN, the error quotient for the variety reached a value of 1.1 in DON production,
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and 1.63 in the production of NIV. In turn, high correlations between field infestation and DON content
in the grain were observed by Miedaner et al. [52] and Mesterházy [51]. The content of DON and NIV
has been presented in detail in the publication Stuper-Szablewska et al. [21]. The content of DON was
not dependent on the index disease calculated on the basis of the field observations. Index disease also
had a very low significance in cases of NIV accumulation (13th position in the constructed NIVANN
neural model). Potential differences are probably as a result of the large race diversity of pathogens,
genotypes used, and environmental conditions [49].

The results of the studies on the effect of fungicides as a research factor on the extent of Fusarium
infestation and the content of DON are not unambiguous, this may result from the use of fungicides
containing various active substances, different doses and terms of application, diversity of pathogens
attacking the plant, differences between varieties, and various weather conditions [53]. In the studies
of Homdork et al. [54], the use of triazole fungicide lowered the concentration of DON in grain after
inoculation compared with the control group. In turn, the use of fungicide in conditions of natural
infestation did not have a significant impact on the level of DON and NIV reduction in the grain [55].
In studies conducted at various locations in the USA regarding the effect of tebuconazole on the content
of DON, Paul et al. [3] found that the use of fungicide was more effective in reducing Fusarium wilt
infestation in comparison with the level of DON reduction. Independent research found a significant
impact of the experimental combination on the concentration of DON and NIV. The presence of a
fungicide during a pathogen attack is an additional stressor for both plants and the pathogen itself.
The use of chemical plant protection limits the development of the pathogen, which in response
increases mycotoxin biosynthesis.

Genetically determined plant resistance to Fusarium can be modified by humidity and air
temperature. In the conducted neural network sensitivity analysis, weather conditions from early
January to the end of the vegetation period had an impact on the level of mycotoxins and ferulic acid.
Only winter temperature (T1-3), end of vegetation period in July (T7), and rainfall from June (P6)
affected the content of DON in the conducted experiment.

Field tests aimed at demonstrating the relationship between the level of pathogens, mycotoxins,
and weather conditions are very difficult, because of the inability to prepare an experiment in which
only one factor will change. In view of the above, literature data on the subject are very divergent, e.g.,
Miedaner et al. [49] could not relate weather conditions with the content of DON and NIV.

However, some authors suggest that some morphological features are important during Fusarium
infection [56]. Their occurrence protects plants against necroses to which the pathogen may lead.
Snijders [57] believed that on the one hand, tall plants tend to have a lower level of natural infection by
Fusarium; on the other, many semi-dwarf plants with increased resistance to Fusarium can be selected.
Probably, which is confirmed by our own research, the genotype of the plant itself is more important
than its height. In the sensitivity analysis of neural models, the content of DON was not dependent on
the height of the plants, and its impact on the NIV content was very small.

One of the most important defense mechanisms of wheat against stressors of various etiologies is
the activation of the biosynthesis pathways of antioxidant compounds. One may find verification in
literature sources, which has also been confirmed by our own research, that ferulic acid is one of the
main compounds actively participating in the plant’s immune mechanisms [58].

In the study [58], the profiles of bound phenolic acids were similar in all of the wheat genotypes
analyzed, and ferulic acid accounted for 72% to 85% of all acids. The authors observed a strong
genotypic diversification in the ferulic acid content in the analyzed winter wheat genotypes, ranging
from 181 to 742 mg/kg. In the research by Hernández et al. [59], the ferulic acid content ranged from
439 mg/kg (Raposo variety) to 1450 mg/kg (Colorado variety). The influence of the variety on the
ferulic acid content is confirmed by numerous studies; however, differences in the examined content of
this acid are observed [60–62]. Stuper-Szablewska et al. [21] showed that the average content of ferulic
acid under control conditions was 844 mg/kg, 780 mg/kg, and 771 mg/kg in the years of the study.
After inoculation, these values increased to 2248 mg/kg, 2574 mg/kg, and 3145 mg/kg, respectively [21].
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The large range of variability of ferulic acid content in wheat varieties is also caused by the
impact of environmental conditions and the interaction of the genotype with the environment [63].
An additional factor affecting the content of this acid is the occurrence of infection [21,64].

5. Conclusions

The harmful effect of mycotoxins imposes actions aimed at their minimization in raw materials
and products intended for humans and animals. The most effective preventive action is limiting
their formation in the field, by the cultivation of resistant genotypes. In the constructed FERUANN,
DONANN, and NIVANN neural models, variety was a factor that significantly affected the content
of ferulic acid, deoxynivalenol, and nivalenol in winter wheat seeds. This confirms the significant
role of growing new varieties. Resistance breeding is carried out in many countries, and despite the
difficulties, numerous resistant varieties are available, characterized by slower and the subsequent
development of symptoms of Fusarium compared with sensitive varieties. As part of the pilot study
discussed in this work, inoculation and fungicide spraying were treated as stressors. Both of these
factors activate nonenzymatic resistance mechanisms, including phenolic acid biosynthesis. As a
result, it was observed in our independent research in the FERUANN neural model that the applied
experimental variant determined the ferulic acid content to the greatest extent. The variety feature also
had a significant impact on the presence of ferulic acid.

The results of the conducted research using artificial neural networks indicate the possibility
of the practical application of neural modeling methods to analyze the concentration of ferulic acid,
deoxynivalenol, and nivalenol in winter wheat grain.
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