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Abstract: Selection of effective agronomic and industrial parameters of oat cultivars is a decisive step in oat breeding programs for 
development of new oat and elite cultivars. In this study, a new approach was utilized to distinguish the most informative agronomic 
and industrial parameters that are most affected with fungicide application in oat cultivars. Four subsequent field experiments from 
2007 to 2010 were conducted in completely randomized block design (CRBD) with split plots. Total nine oat cultivars with or 
without fungicide application were evaluated for plant height, sieve yield, grain yield, lodging index, weight of hectoliter and  
de-hulling index. Soft independent modeling of class analogy (SIMCA) was conducted as one-class and multi-classes models to 
identify important variables that can be used to discriminate samples. Results showed that SIMCA was effective, and lodging index, 
de-hulling index, sieve yield, plant height and grain yield were most affected oat parameters. Therefore, SIMCA algorithm can be 
used to easily discriminate some agronomic and quality parameters of oats.  
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1. Introduction 

Soft independent modeling of class analogies 

(SIMCA) is a very useful technique for classifying 

high-dimensional observations, because it 

incorporates principal component analysis (PCA) for 

dimension reduction [1]. As PCA is applied to each 

group separately, SIMCA provides additional 

information on the different groups, such as the 

relevance of the different variables and measures of 

separation. In contrast with this approach, one can also 

apply PCA once to the full set of observations, and 

then continue the analysis by performing a 

classification rule for low-dimensional data [1]. PCA 
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is mainly used as an overall dimension reduction 

technique and hierarchical cluster analysis (HCA) tries 

to find groups containing similar objects. If 

additionally more information is wanted about the 

individual group structures, the SIMCA strategy is 

preferred. 

The general idea is to create a PCA model using 

data for samples/objects belonging to a class and 

classify new objects based on how good the model can 

fit them. The decision is made using two residual 

distances—Q (squared residual distance) and T2 (score 

distance) [2]. The classification performance is 

assessed using true/false positives and negatives, 

showing the ability of a classification model to 

recognize class members (sensitivity or true positive 

rate) and how good the model is for identifying 
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strangers (specificity or true negative rate) [2]. 

SIMCA has been used to discriminate adulterated and 

unadulterated Fourier transform infrared spectroscopy 

(FT-IR) minced meat samples [3], for screening 

Brazilian gasoline quality [4], for rapid and precise 

identification of herbal medicines [5, 6], for 

discrimination of wood pellet quality [7] and detection 

of insect infested tomatoes [8]. Implementations of 

these multivariate tools in classifying oat cultivars are 

scarce in the literature. 

White oats (Avena sativa L.) are important spring 

cereals [9]. They are fast growing and produce 

significant amount of fresh fodder within short period 

(60-70 d) with adequate nutritional value [10]. The 

identification of oat agronomic traits that meet the 

demand of farmers, industry quality and final 

consumers, and their incorporation into elite oat 

germplasm are crucial to the development of 

successful new oat cultivars.  

In Southern Brazil, due to the highly complex and 

diverse pathogen populations, severe epidemics occur 

every year [11]. Crown rust is a major oat disease, 

occurring yearly in all oat-producing regions in Brazil 

[11], and yield losses caused by the disease can reach 

50% [11, 12]. In addition, crown rust can reduce the 

grain quality, which negatively affects the 

industrialization and commercialization of oat grain 

[12]. The primary means of controlling crown rust 

have been through genetic resistance, although in most 

cases, resistance has been quickly overcome by the 

pathogen [13]. 

Triazole fungicides are one of the top 10 classes of 

current-use pesticides and have higher consumption as 

compared to other fungicides available worldwide 

[14]. Tebuconazole is one of a common triazole 

fungicide that has been extensively used in grains, 

vegetables, fruits and oats for the control of plant 

pathogenic fungi [15-17]. Additionally, the 

strobilurins are a new class of fungicidal compounds 

and among them is the recently introduced 

trifloxystrobin [18, 19] which has been also used in oat 

cultivars. It is a common practice in crop protection to 

apply multiple pesticide mixtures instead of individual 

pesticides. This form of pesticide application likely 

results in the combined effect in oat cultivars. In this 

research, the use of fungicides is explored using 

non-supervised multivariate analysis (PCA and HCA) 

and SIMCA techniques, aiming to find important 

variables that are most affected by fungicide 

application on oat cultivars and analyze the effect of 

fungicide application on agronomic and industrial 

quality parameters of oats. The results can be used to 

build fast models for discriminating new oat cultivars 

in breeding programs and other agricultural sectors. 

2. Materials and Methods 

2.1 On Farm Experiments 

Subsequent on-farm experiments were conducted in 

Lages (Santa Catarina State, Southern Brazil), on an 

experimental research field of the Santa Catarina State 

University from 2007 to 2010, in completely 

randomized block design (CRBD) with split plots. A 

total of six plots was used, where in three plots, aerial 

fungicide application of a mixture of tebuconazole 

(triazole group) (150 g/ha) and trifloxystrobin 

(strobilurin group) (56 g/ha) was applied and other 

three plots without fungicide application. The 

fungicide treatment was carried out in the emergence 

of the earliest rust-leaf pustules on the most 

susceptible cultivar. The fungicide was applied in the 

dose of 0.75 L/ha in a volume of spray mixture of 200 

L/ha. All other agronomic practices, such as soil 

fertilization, weed and disease control, were 

performed following the Brazilian commission for oat 

research recommendations [20]. Each plot (useful area) 

consisted of five central lines of 5 m length spaced at 

0.2 m and 0.4 m between plots. The density used was 

of 300 seeds/m2. A mechanized harvest of the oat 

grains was done for subsequent laboratory analyses. A 

total of nine oat cultivars (ALBASUL, URS21, 

URS22, URS-GUAPA, UPF15, UPF16, UPF18, 

UFRGS14 and UFRGS19) were evaluated during four 
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subsequent years.  

2.2 Yield Components Analysis 

Yield attributes, such as plant stature (PS), grain 

yield, weight of 1,000 grains (Wg) and sieve yield 

(Sy > 2 mm) were evaluated at each experiment 

(2007-2010).  

2.2.1 PS (cm) 

PS of plants was evaluated at growth stage GS91 

(pre-harvest maturity) by measuring 10 pegged plants 

in a random points in each plot by the use of a ruler. 

The measurements were done from the soil surface 

until the apical spikelet located on the top of the 

panicle, and values were expressed as mean of 10 

plants according to Eq. (1): 
10

1

PS

PS (cm)
n

n  

n  

N
 






            (1) 

where, PS is the mean height of 10 plants; PSn is the 

individual plant height and N is the total number of 

plants evaluated in each plot (N = 10). 

2.2.2 Sy (%) 

Sy refers to the percentage of grains with transverse 

diameter greater than 2 mm. This was evaluated after 

harvest, by weighing a sample of 250 g and then 

submitted the sieve with regular stirring during 1 min, 

in a sieve of 40 cm × 30 cm dimensions, rectangular, 

containing holes (sieve) of 2 mm × 20 mm. This 

process was done twice. The result was expressed by 

the fraction between the grain weight retained on the 

sieve and the initial weight (250 g) as represented in 

Eq. (2): 

RGW
Sy (%) = 100

IGW
              (2) 

where, Sy is the sieve yield (> 2 mm), RGW is the 

retained grain weight in a sieve and IGW is the initial 

grain weight (250 g for this experiment). 

2.2.3 Yield (kg/ha)  

Grain yield was measured from each experimental 

plot (four central linear meters of each plot, spaced at 

0.2 m, in a useful area of 2.4 m2). The yield was then 

converted to hectare after weight correction using a 

standard moisture content of 13% according to Eq. 

(3): 

–100% RM %
WW ( )

100% 13%Grain yield (kg/ha)
2.4 10, 000

  

  





   (3) 

where, WW is wet weight (kg) and RM is the real 

weight moisture (%). 

2.2.4 Wg (g)  

A sample of 1,000 grains obtained from each 

experimental plot were electronically counted (Sanick 

ESC 2011) and weighted using a precision balance 

and expressed in grams (g). 

2.3 Quality Parameters 

Quality parameters of the grains independent of end 

use, such as lodging index (LI), weight of hectoliter 

(HW) (kg/100 L) and de-hulling index (DHI), were 

evaluated as described below:  

2.3.1 LI (%) 

LI was estimated visually and expressed as a 

percentage, taking into account the angle formed in 

the vertical position of the plant stem in relation to the 

ground. Area of 5 m2 was used for determination of LI. 

LI was calculated according to the methodology of 

Moes and Stobbe [21] and expressed as Eq. (4): 

LI (%) = 2I A  × ×          (4) 

where, LI is the lodging index (%); I is the degree of 

inclination of plants, ranging from 0 to 5, where 0 

represents absence of inclination (all plants in a 

vertical position), while 5 indicates that all plants are 

completely bedridden (horizontally); A represents the 

area with lodged plants, ranging from 0 to 10, where 0 

corresponds to the absence of lodged plants in the plot, 

and 10 all plants lodged.  

2.3.2 HW (kg/100 L)  

HW was measured according to the Brazilian 

official wheat grain quality roles [22], using a 

hectoliter weight analyzer (Dalle-Molle, model T40EL, 
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0.25 L of capacity). Briefly, grain samples from each 

experimental plot were placed in the analyzer for 

volume determination and then weighed. HW was 

then expressed as Eq. (5): 

HW (kg/100 L) = Wv 0.4            (5) 

where, HW is the hectoliter weight; Wv represent the 

weight of the sample after volume determination in 

analyzer and 0.4 is a calibration coefficient of the 

equipment. 

2.3.3 DHI (%)  

A sample of 1,000 grains was weighed, de-hulled 

manually and then weighed again. DHI was expressed 

as in Eq. (6): 

Wg
DHI (%) 100

Wdh
           (6) 

where, DHI is the de-hulling index, Wg is the weight 

of 1,000 grains before de-hulling and Wdh is the 

weight of the sample after de-hulling. 

2.4 Statistics Analysis 

Data from four years were summarized and 

subjected to normality test, homogeneity of variance 

test and analysis of variance (ANOVA) using a split 

plot design. Tukey’s honest significant difference 

(HSD) (P < 0.05) was used to test if the differences 

are statistically significant. Non-supervised 

multivariate analysis (PCA and HCA) were firstly 

applied to the all dataset to observe similarities 

between the tested cultivars and find variables main 

related to the similarities. Secondly, SIMCA 

(one-class and multi class model classification) was 

applied to find the importance of each variable in each 

object and those mostly discriminating agronomic and 

quality characteristics of oats. All statistical analyses 

were done in R software [23].  

3. Results and Discussion 

3.1 ANOVA 

Results of ANOVA and multiple comparison tests 

(Tukey’s test, 5% of probability) of the four field 

experiments (2007-2010) showed the differences in 

fungicide application, regarding DHI, HW, PS, Wg 

and yield. Significant statistical differences in 

cultivars (P < 0.05) were only observed in PS and Wg 

parameters. PS was significantly higher in cultivars 

UPF18 and UPF15 and lower in ALBASUL cultivar. 

All other cultivars were similar (P < 0.005). The Wg 

was higher in UFRGS14 and lower in ALBASUL. 

Similarly as observed in PS, all other cultivars did not 

show significant statistical differences.  

It has previously been reported that cultivars have 

significant differences in PS [24, 25], and variations 

are due to genetic make-up and can also be affected by 

nitrogen [26]. The PS in this study ranged from 70 cm 

to 130 cm, and interestingly, the similar values have 

been reported by Brazilian research group [27]. 

Cultivar and growing season have also been reported 

to affect the PS [28, 29]. According to Brunava et al. 

[28], higher yield was found in plants with lower PS. 

PS can be affected by agronomic management 

practices, such as seeding rates, chemical seed 

treatments and foliar fungicide. In the research of 

Mourtzinis et al. [30], seeding rate and seed treatments 

did not show effect on oat yield, PS and LI, but foliar 

fungicide application was considered mainly if disease 

is expected and improved the grain yield [30, 31]. 

The Wg parameter ranged from 20 g to 50 g. 

Values in the similar range have been previously 

reported by Mourtzinis et al. [30] and Hisir et al. [32]. 

Higher values of Wg were correlated with dough 

periods, good processing quality and dependent of 

cultivar [28]. Siloriya et al. [33], Carvalho et al. [34] 

and Troup [35] also reported Wg values in the range 

of 36-39, 26-31 and 31-34 g, respectively. Breeders 

are constantly working towards a better plant ideotype, 

focusing on yield, disease resistance and grain quality 

[33]. 

Fungicide application significantly improved the 

DHI, HW, Wg, LI and yield of oat grains (P < 0.05, 

Tukey’s test). Follmann et al. [36] studied the genetic 

progress of oat cultivars with fungicide application 
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and reported an annual genetic progress in yield in 1% 

with fungicide and 0.08% without fungicide 

application. They reported that fungicide application 

is feasible method. Fungicide application also 

improved HW. As reported by Wychowaniec et al. 

[37], HW is a measure of the bulk density of the grain 

and is indicator of grain quality and millability. To 

ensure effective milling, HW should be above 50 

kg/100 L for oats, as consequence, grains with high 

HW commands a higher price per ton, but the 

measured value is a combination of grain 

characteristics, including friction, grain shape and 

polydispersity [36]. Similar values in HW were also 

reported in other literatures [30, 31, 34-38]. HW was 

claimed to be influenced by moisture during storage 

and nitrogen adubation [39, 40]. Emvula [41] reported 

that HW can be affected by plant stress, soil fertility 

and environmental conditions, i.e., anything that 

impacts the movement of nutrients to the kernel 

during grain filling. 

DHI is another important characteristic in oat grains. 

As reported by Peltonen-Sainio et al. [38] and Biel et 

al. [42], high hull content of oats limits use as on 

farm-feed. The oat hull is mainly fibre, hemicellulose, 

cellulose and lignin. There are low levels of protein, 

fats, starch and water-soluble carbohydrates. As a 

result, digestibility of oat hull is low. For these 

reasons, high hull content of oat groat is a major 

determinant of decreasing nutritional quality, which is 

important, if oat is used for feed. Reduction of the 

proportion of hulls in grains evidently results in 

marked increase in metabolized energy content when 

it is used in animal feed. DHI in this research ranged 

from 30% to 80%, similar with that reported by 

Carvalho et al. [34], but higher than that found by 

Peltonen-Sainio [38].  

LI in this research ranged from 0% to 80%. 

Lodging in small grains such as oat is a problem of 

considerable importance. Its effects on yield, HW, 

seed quality and other characteristics have been 

reported. The need for lodging resistant cultivars is 

becoming more urgent. Lodging was reported to be 

affected by environmental conditions attending the 

development of the plant as well as genetic make-up 

of the plant itself [43]. The effects of shade, 

temperature and soil fertility can be a consequence of 

great variations found in this research. Hancock and 

Smith [43] related lodging to water content of tillers, 

length and weight of internodes, nodding angles, culm 

diameter and wall thickness. Besides, the results in 

this study showed that fungicide application can 

ameliorate LI by reducing it. Lodging will always 

have a negative effect on yield. Yield losses in lodged 

crops come as a result of poor grain filling, head loss 

and bird damage [43]. Lodging alters the plant’s 

growth and development, affecting flowering and 

interfering with photosynthesis and carbohydrate 

movement within the plant. It can interfere with 

plant’s ability to extract nutrients and moisture from 

the soil, resulting in incomplete grain fill and smaller 

kernels. This can give yield losses of up to 40% 

depending on the severity and timing of the lodging 

[43]. In this sense of ideas, fungicide application can 

be an alternative to reduce lodging in oat plants. 

3.2 PCA and HCA 

When data were subjected to non-supervised 

multivariate statistical techniques (PCA and HCA), a 

clear separation of samples applied with fungicide and 

those without fungicide was found (Fig. 1). The total 

variance captured by the first two components (PCs) 

was 63.2%, being 43.7% and 19.5% for PC1 and PC2, 

respectively.  PC1 was highly influenced by HW and 

the yield of oat grains and PC2 by Sy and PS (Fig. 2). 

Those four variables mostly contributed to the data 

variability of PCA model, taking into account all 

dataset. The scores of PCA indicated that cultivars 

UPF18, UPF15 and UFRGS14 (with fungicide) and 

URS21, URS-GUAPA and UFRGS19 (without 

fungicide) highly contributed to the variability in PC1. 

PC2 was mostly influenced by URS22, ALBASUL 

(with fungicide) and UPF18, ALBASUL (without 
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fungicide).  

The HCA of the same dataset confirmed the sample 

clustering found by PCA (Fig. 3). The cophenetic 

correlation of sample clustering was 0.85. HCA 

performed a better classification of the samples, 

except for UFRGS14 (without fungicide) which 

showed similarity with those where fungicide was 

applied (Fig. 3). 

3.3 SIMCA 

Finally, after non-supervised data analysis on all 

dataset, SIMCA was performed. One-class model and 

multi-class model classification were done to find 

good model with good accuracy, sensitivity, 

specificity, orthogonal and score distances. SIMCA 

was performed in a first instance taking cultivars as 

factor or class matrix (nine classes) and then fungicide 

as class matrix (two classes—with and without 

fungicide). Results of SIMCA are summarized in the 

Table 1, where the performance of class model is 

tested.  

Interestingly, the ability of each model to recognize 

class members (sensitivity) was higher (1) for all 

models. Besides, the model of class URS-GUAPA 

was good in identifying strangers (higher specificity), 

and the model of class UFRGS19 showed lower 

quality in identifying strangers (Table 1). A detailed 

analysis of these two classes is presented in Figs. 4-7,  
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Fig. 1  Score plot of PC analysis of all dataset, showing the separation of samples with or without fungicide application.  
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Fig. 2  The squared loadings showing the variables that most contributed to data variability in PC1 and PC2, respectively.  
 

respectively. The model of URS-GUAPA was capable 

in identifying the true negative observation in the 

classification (Table 2). 

One class analysis of each model was capable in 

finding the important variables affected by the 

fungicide application in each oat cultivar and in a 

general manner. Yield, Sy and PS was highly affected 

in class ALBASUL, while Li, Sy, HW and DHI in 

classes UFRGS14, UFRGS19, UPF15 and UPF16. 

The variables most affected in the class UPF18 were 

Sy, Li, PS, yield and Wg. URS-GUAPA was affected 

regarding the HW, yield and Sy. For class URS21, the 

variables yield, Sy, PS and HW were affected. Finally, 

URS22 was affected in Sy, HW, yield and Li variables. 

In general, the application of fungicide influenced the 

LI, DHI, HW, Sy, PS and grain yield. Using 

Hotelling’s T2 and Q residual values, SIMCA 

algorithm effectively identified variables that are most 

affected by fungicide application and found similar 

cultivars. Such effectiveness has been previously 

reported by Mireei et al. [8] and Yang et al. [15] in 

their research with herbal medicines and infested 

tomatoes, respectively. The method provided a 

flexible modeling of oat dataset. T2 and Q residuals 

were useful indicators in the SIMCA models for 

evaluating differences between the samples. 
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Fig. 3  HCA dendrogram of all dataset with cophenetic correlation of 85% showing the sample clustering.  
These samples in red are with fungicide application and those in green (those with the number 1 after the name) without fungicide 
application.  
A sample mismatch can be also observed in the HCA. 
 

Table 1  Results of SIMCA multiple classes’ classification showing the performance of each class model.  

Class* Specificity Sensitivity MRP PC1 PC2 PC3 CV 

ALBASUL 0.1979167 1 0.7129630 44.60 24.71 19.99 89.30 

UFRGS14 0.1666667 1 0.7407407 36.81 29.38 19.23 85.42 

UFRGS19 0.0937500 1 0.8055556 39.07 25.92 20.25 85.24 

UPF15 0.1041667 1 0.7962963 39.84 30.36 15.50 85.70 

UPF16 0.2500000 1 0.6666667 39.54 27.69 15.69 82.92 

UPF18 0.1458333 1 0.7592593 35.73 31.16 17.25 84.14 

URS_GUAPA 0.4687500 1 0.4722222 42.52 26.68 16.82 86.02 

URS21 0.2395833 1 0.6759259 45.19 26.81 18.00 90.00 

URS22 0.1666667 1 0.7407407 42.80 23.29 16.32 82.41 

Total 0.2037037 1 0.7078189         

MRP: misclassified rate of prediction; PC: principal component; CV: cumulative variance. 
* Significance level at 0.01. 
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Table 2  Detailed analysis of the performance of one-class model of UFRGS19 and URS-GUAPA. 

Class TP FP TN FN 

UFRGS19     

Comp1 12 94 2 0 

Comp2 12 95 1 0 

Comp3 12 94 2 0 

URS-GUAPA     

Comp1 9 80 16 3 

Comp2 8 74 22 4 

Comp3 7 50 46 5 

TP: number of true positives; FP: number of false positives; FN: number of false negatives; TN: number of true negatives identified 
by each model. 
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Fig. 4  Detailed one-class model classification of SIMCA for cultivar URS-GUAPA, showing the scores of PCA, the modeling 
power of the variables, the residuals (Q and T2), the variance explained the first two components.  
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Fig. 5  The specificity, sensitivity, misclassified samples and the prediction performance of each component. 
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Fig. 6  Detailed one-class model classification of SIMCA for cultivar UFRGS19 showing the scores of PCA, the modeling 
power of the variables, the residuals (Q and T2), the variance explained the first two components.  
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Fig. 7  The specificity, sensitivity, misclassified samples and the prediction performance of each component.  
 

4. Conclusions 

In this study, the feasibility of using SIMCA 

analysis combined with PCA and HCA to find the 

informative agronomic and industrial parameters of 

fungicide applied oat cultivars was demonstrated. 

Fungicide application in oat cultivars affected the LI, 

HW, Sy, PS and grain yield, which are important 

parameters in several breeding and agricultural 

programs. SIMCA algorithm can be used to easily 

discriminate important variables in many other 

programs. 

Acknowledgments 

Technical assistance of under-graduated students of 

Laboratory of Crop Plants, Department of Agronomy, 

Santa Catarina State University is to be acknowledged. 

Also thank CAPES-Brazil/CNPq-Brazil for providing 

fellowships and the programs PROAP/CAPES, 

PROMOP/UDESC and FAPESC for financial 

assistance. 

References 

[1] Hubert, M., Rousseeuw, P. J., and Branden, K. V. 2005. 
“ROBPCA: A New Approach to Robust Principal 



Discriminating Important Agronomic and Industrial Parameters of White Oat Cultivars  
Treated with Fungicide Based on SIMCA Algorithm 

  

98

Component Analysis.” Technometrics 47 (1): 64-79. 
[2] Kucheryavskiy, S. 2017. “Simca: SIMCA One-Class 

Classification.” Accessed May 19, 2017. 
https://www.rdocumentation.org/packages/mdatools/versi
ons/0.8.2/topics/simca. 

[3] Meza-Márquez, O. G., Gallardo-Velázquez, T., and 
Osorio-Revilla, G. 2010. “Application of Mid-infrared 
Spectroscopy with Multivariate Analysis and Soft 
Independent Modeling of Class Analogies (SIMCA) for 
the Detection of Adulterants in Minced Beef.” Meat 
Science 86 (2): 511-9. 

[4] Flumignan, D. L., Tininis, A. G., Ferreira, F., and De 
Oliveira, J. E. 2007. “Screening Brazilian C Gasoline 
Quality: Application of the SIMCA Chemometric 
Method to Gas Chromatographic Data.” Analytica 
Chimica Acta 595 (1-2): 128-35. 

[5] Yang, D. B., Wang, N., Yan, X. J., Shi, J., Zhang, M., 
Wang, Z. Y., and Yuan, H. Z. 2014. “Microencapsulation 
of Seed-Coating Tebuconazole and Its Effects on 
Physiology and Biochemistry of Maize Seedlings.” 
Colloids and Surfaces B: Biointerfaces 114: 241-6. 

[6] Xu, C., Jia, X., Xu, R., Wang, Y., Zhou, Q., and Sun, S. 
2013. “Rapid Discrimination of Herba Cistanches by 
Multi-step Infrared Macro-fingerprinting Combined with 
Soft Independent Modeling of Class Analogy (SIMCA).” 
Spectrochimica Acta A: Molecular and Biomolecular 
Spectroscopy 114: 421-31. 

[7] Sgarbossa, A., Costa, C., Menesatti, P., Antonucci, F., 
Pallottino, F., Zanetti, M., Grigolato, S., and Cavalli, R. 
2015. “A Multivariate SIMCA Index as Discriminant in 
Wood Pellet Quality Assessment.” Renewable Energy 76: 
258-63. 

[8] Mireei, S., Amini-Pozveh, S., and Nazeri, M. 2017. 
“Selecting Optimal Wavelengths for Detection of Insect 
Infested Tomatoes Based on SIMCA-Aided CFS 
Algorithm.” Postharvest Biology and Technology 123: 
22-32. 

[9] Sánchez-Martín, J., Rubiales, D., Flores, F., Emeran, A., 
Shtaya, M., Sillero, J., Allagui, M., and Prats, E. 2014. 
“Adaptation of Oat (Avena sativa) Cultivars to Autumn 
Sowings in Mediterranean Environments.” Field Crops 
Research 156: 111-22. 

[10] Suttie, J. M., and Reynolds, S. G., eds. 2004. Fodder 
Oats: A World Overview. Rome: Food and Agriculture 
Organization of the United Nations. 

[11] Figueiró, A. A., Reese, N., Gonzalez-Hernandez, J. L., 
Pacheco, M. T., Martinelli, J. A., Federizzi, L. C., and 
Delatorre, C. A. 2015. “Reactive Oxygen Species Are 
Not Increased in Resistant Oat Genotypes Challenged by 
Crown Rust Isolates.” J. Phytopath. 163 (10): 795-806. 

[12] Zambonato, F., Federizzi, L. C., Pacheco, M. T., Arruda, 
M., and Martinelli, J. A. 2012. “Phenotypic and Genetic 

Characterization of Partial Resistance to Crown Rust in 
Avena sativa L..” Crop Breeding and Applied 
Biotechnology 12 (4): 261-8. 

[13] Graichen, F. A. S., Martinelli, J. A., De Lima Wesp, C., 
Federizzi, L. C., and Chaves, M. S. 2011. 
“Epidemiological and Histological Components of Crown 
Rust Resistance in Oat Genotypes.” European Journal of 
Plant Pathology 131 (3): 497-510. 

[14] Zhou, J., Zhang, J., Li, F., and Liu, J. 2016. “Triazole 
Fungicide Tebuconazole Disrupts Human Placental 
Trophoblast Cell Functions.” Journal of Hazardous 
Materials 308: 294-302. 

[15] Yang, I. C., Tsai, C. Y., Hsieh, K. W., Ouyang, F., Martin 
Lo, Y. M., and Chen, S. M. 2013. “Integration of SIMCA 
and Near-Infrared Spectroscopy for Rapid and Precise 
Identification of Herbal Medicines.” Journal of Food and 
Drug Analysis 21 (3): 268-78. 

[16] Marín, P., De Ory, A., Cruz, A., Magan, N., and 
González-Jaén, M. T. 2013. “Potential Effects of 
Environmental Conditions on the Efficiency of the 
Antifungal Tebuconazole Controlling Fusarium 
verticillioides and Fusarium proliferatum Growth Rate 
and Fumonisin Biosynthesis.” Int. J. Food Microbiol. 165 
(3): 251-8. 

[17] Patyal, S. K., Sharma, I. D., Chandel, R. S., and Dubey, J. 
K. 2013. “Dissipation Kinetics of Trifloxystrobin and 
Tebuconazole on Apple (Malus domestica) and Soil—A 
Multi Location Study from North Western Himalayan 
Region.” Chemosphere 92 (8): 949-54. 

[18] Reuveni, M. 2000. “Efficacy of Trifloxystrobin (Flint), a 
New Strobilurin Fungicide, in Controlling Powdery 
Mildews on Apple, Mango and Nectarine, and Rust on 
Prune Trees.” Crop Protection 19 (5): 335-41. 

[19] Diamantopoulou, P., Philippoussis, A., Kastanias, M., 
Flouri, F., and Chrysayi-Tokousbalides, M. 2006. “Effect 
of Famoxadone, Tebuconazole and Trifloxystrobin on 
Agaricus bisporus Productivity and Quality.” Scientia 
Horticulturae 109 (2): 190-5. 

[20] Brazilian Oat Research Commission. 2006. Technical 
Indications for Oat Culture. Guarapuava: Brazilian Oat 
Research Commission, 82. 

[21] Moes, J., and Stobbe, E. H. 1991. “Barley Treated with 
Ethephon: I. Yield Components and Net Grain Yield.” 
Agronomy Journal 83 (1): 86-90. 

[22] Brazil Ministry of Agriculture, Livestock and Supply. 
2010. “Normative Role No. 38.” Accessed November 30, 
2010. http://www.codapar.pr.gov.br/arquivos/File/pdf/ 
TrigoInstrucaoNormativa3810.pdf.  

[23] R Core Team. 2017. R: A Language and Environment for 
Statistical Computing. Vienna, Austria: R Foundation for 
Statistical Computing. 

[24] Lodhi, M. Y., Marghazani, I. B., Hamayun, K., and Marri, 



Discriminating Important Agronomic and Industrial Parameters of White Oat Cultivars  
Treated with Fungicide Based on SIMCA Algorithm 

  

99

M. J. 2009. “Comparative Performance Study of 
Different Oat Varieties under Agro-climatic Conditions 
of Sibi.” J. Anim. Plant Sci. 19 (1): 34-6. 

[25] Iannucci, A., Codianni, P., and Cattivelli, L. 2011. 
“Evaluation of Genotype Diversity in Oat Germplasm 
and Definition of Ideotypes Adapted to the Mediterranean 
Environment.” International Journal of Agronomy. 
doi:10.1155/2011/870925. 

[26] Bilal, M., Ayub, M., Tariq, M., Tahir, M., and Nadeem, 
M. 2017. “Dry Matter Yield and Forage Quality Traits of 
Oat (Avena sativa L.) under Integrative Use of Microbial 
and Synthetic Source of Nitrogen.” J. Saudi Soc. Agri. Sci. 
16 (3): 236-41. 

[27] Matiello, R., Sereno, M., Barbosa Neto, J., Carvalho, F., 
Pacheco, M., Pegoraro, D., and Taderka, I. 1999. 
“Characterization for Plant Height and Flowering Date in 
the Biological Species Oat.” Pesq. Agropec. Bras. 34 (8): 
1393-8. 

[28] Brunava, L., Jansone, Z., and Alsiņa, I. 2015. “Grain 
Yield and Its Forming Parameters Variations of Oat 
Cultivars.” Acta Biol. Univ. Daugavp. 15 (2): 251-7. 

[29] Decker, E. A., Rose, D. J., and Stewart, D. 2014. 
“Processing of Oats and the Impact of Processing 
Operations on Nutrition and Health Benefits.” Br. J. Nutr. 
112 (2): 58-64. 

[30] Mourtzinis, S., Conley, S. P., and Gaska, J. M. 2015. 
“Agronomic Management and Fungicide Effects on Oat 
Yield and Quality in Wisconsin.” Crop Science 55 (3): 
1290-4. 

[31] Oliveira, A., Carvalho, F., Maia, L., Silva, J., Hawerroth, 
M., Nornberg, R., Schmidt, D., Hartwig, I., and Benin, G. 
2012. “FAEM Chiarasul: New White Oat Cultivar with 
High Yield and Grain-Processing Quality.” Crop 
Breeding and Applied Biotechnology 12 (4): 289-92. 

[32] Hisir, Y., Kara, R., and Dokuyucu, T. 2012. “Evaluation 
of Oat (Avena sativa L.) Genotypes for Grain Yield and 
Physiological Traits.” Agriculture 99 (1): 55-60. 

[33] Siloriya, P. N., Rathi, G. S., and Meena, V. D. 2014. 
“Relative Performance of Oat (Avena sativa L.) Varieties 
for Their Growth and Seed Yield.” African J. Agri. Res. 9 
(3): 425-31. 

[34] Carvalho, F., Oliveira, A., Valério, I., Benin, G., Schmidt, 
D., Hartwig, I., Ribeiro, G., and Silveira, G. 2009. 
“Barbarasul: A High-Yielding and Lodging-Resistant 
White Oat Cultivar.” Crop Breeding and Applied 
Biotechnology 9 (1): 96-9. 

[35] Troup, G. 2017. “Oats—Variety Selection: Part 2, 
Quality.” Department of Agriculture and Food. Accessed 
June 21, 2017. https://www.agric.wa.gov.au/oats/oats- 
variety-selection?page=0%2C1. 

[36] Follmann, D. N., Cargnelutti Filho, A., Lúcio, A. D., De 
Souza, V. Q., Caraffa, M., and Wartha, C. A. 2016. 
“Genetic Progress in Oat Associated with Fungicide Use 
in Rio Grande do Sul, Brazil.” Genetics and Molecular 
Research 15 (4): 1-12.  

[37] Wychowaniec, J., Griffiths, I., Gay, A., and Mughal, A. 
2013. “Compaction of Cereal Grain.” Philosophical 
Magazine 93 (31-33): 4151-8. 

[38] Peltonen-Sainio, P., Kontturi, M., and Rajala, A. 2004. 
“Impact Dehulling Oat Grain to Improve Quality of 
On-farm Produced Feed: Hullability and Associated 
Changes in Nutritive Value and Energy Content.” 
Agriculture and Food Science 13: 18-28. 

[39] Gutkoski, L. C., Simioni, D., De Oliveira, M., Meneghetti, 
V. L., Oliveira, L. C., and Elias, M. C. 2006. “Drying and 
Storage Conditions in White Oat Grains Quality.” In 
Proceedings of the 9th International Working Conference 
on Stored Product Protection, 78-84. 

[40] Kolchinski, E., and Schuch, L. 2003. “Grain Quality 
Parameters and Seeds Quality in Oat in Relation to 
Nitrogen Fertilization Availability.” Ciência Rural 33 (3): 
587-9. (in Portuguese) 

[41] Emvula, S. 2012. “Assessment of Hectolitre Mass (HLM) 
Equipment and HLM Measurements of Oats.” Master 
thesis, Food Science, Stellenbosch University. 

[42] Biel, W., Jacyno, E., and Kawęcka, M. 2014. “Chemical 
Composition of Hulled, Dehulled and Naked Oat Grains.” 
South African Journal of Animal Science 44 (2): 189-97. 

[43] Hancock, N. I., and Smith, E. L. 1963. “Lodging in Small 
Grains.” Bulletins 288, University of Tennessee 
Agricultural Experiment Station. Accessed May, 1963. 
http://trace.tennessee.edu/utk_agbulletin/288.  

 
 


